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Abstract—Unconstrained human hand motions consisting
grasp motion and in-hand manipulation lead to a fundamental
challenge that many algorithms have to face in both theoretical
and practical development, mainly due to the complexity and
dexterity of the human hand. In this paper, fuzzy active curve axis
Gaussian Mixture Model (FAcaGMM) is proposed by introducing
a weighting exponent on the fuzzy membership into active curve
axis Gaussian Mixture Models (AcaGMM) to improve its conver-
gence efficiency, and then FAcaGMM is used to recognize human
hand motions. In addition, a comparative study of recognition
methods including FAcaGMM, Time Clustering (TC), Empirical
Copula (EC), GMM and HMM is presented to recognize human
hand metions including both grasps and in-hand manipulations
from different subjects with varying training samples.

Keywords—Motion Recognition; Gaussian Mixture Models; Ac-
tive Curve Axis Gaussian Mixture Models; Fuzzy Active Curve Axis
Gaussian Mixture Models

I. INTRODUCTION

Human-robot skill transfer is of great importance in or-
der to develop advanced multifingered manipulation planning
and control systems. Learning from human hand motions
is preferred for human-robot skill transfer in that, unlike
teleoperation-related methods, it provides non-contact skill
transfer from human motions to robot motions by a paradigm
that can endow artifacts with the ability for skill growth and
life-long adaptation without detailed programming [1].

During the learning process, hand motion recognition is still
an open problem due to the complexity and dexterity of the
human hand, though it had been investigated in the past two
decades. The attractiveness of applying neural network could
be due to the nonlinearity of the network. Neural network
approaches demonstrated its powerful grasp recognition in
Glove-Talk project [2], [3]. Sato et al. [4] identified predeter-
mined gestures in a fast and robust manner by using a neural
network which has been properly trained beforehand. Support
vector machine (SVM) was employed by Zoellner et al [5]
to classify dynamic grasps in the framework of Programming
by Demonstration. In addition, David et al. [6] used a com-
bination of discriminative (SVM, conditional random fields)
and generative approaches, Hidden Markov Model (HMMs),
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for the modeling and recognition of actions through motor
primitives. However, the choice of the SVM kernel function
has a significant effect on its performance and the best choice
is application dependent. Natal et al [7] and Bedregal et al
[8] developed fuzzy rule-based methods for the recognition of
hand gestures, however the methods are highly dependent on
a detailed previous analysis of the recognized gesture features
with manual transfer involved. Note that Heumer et al [9]
attempted to provide a performance criteria for hand grasp
classification including 28 algorithms provided by Weka data
mining software package. However these algorithms usually
require more parameters such as finger angular speed instead
of position trajectories only, they have also paid less attention
to the context of intelligent robotics, for instance, real-time
recognition requirement.

In addition, state of the art in human hand motion recogni-
tion can be represented by Gaussian Mixture Model (GMMs),
HMM and their variants, since they are very rich in mathemat-
ical structure and hence their theoretical basis can be adopted
for a wide range of applications. Calinon and Billard [10]
proposed an approach to teach incrementally human gestures to
a humanoid robot, which consists of projecting the movement
data in a latent space and encoding the resulting signals in a
GMM. Kaustubh et al. [11] used GMMs to classify one-handed
gestures based on ultrasonic sensors, and the experiment
showed simplified one-handed gestures can be recognized with
a high accuracy. On the other hand, in [12], the moving hand is
tracked and analyzed by Fourier descriptor (FD) from image
sequences, and then the feature vector consisting the spatial
and temporal features is processed by HMMs for recognition
of the hand gesture. Bernardin et al. [13] presented a method
using HMMs to recognize continuously executed sequences
of grasping gestures. Both finger-joint angles and information
about contact surfaces, captured by a data glove and tactile
sensors, are used. By using the Kamakura taxonomy, most of
all grasps used by humans in everyday life can be classified,
increasing the system’s application domain to general manipu-
lation tasks. For 12 grasp classes, and with very little training
data, a recognition accuracy of up to 89% for a single-user



system and 95% for a multiple-user system could be reached.
Ju et al [14] compared Time Clustering (TC) with HMMs
and GMMs on the recognition rate of 13 types of different
grasps. Just et al. [15] provided an empirical comparison of two
state-of-the-art techniques, HMMSs and Input/Output HMMs,
for temporal event modeling combined with specific features
on two different datasets.

Gaussian Model is confined to normal distributed clusters,
so that more Gaussian components are needed for approximat-
ing the data with curve manifolds[16], [17]. In order to solve
this problem, Active curve axis Gaussian Model (AcaGM),
proposed by Baibo[18], is a new non-linear probability model
imagined as Gaussian Model being bent at the first principal
axis. Inspired from the mechanism of Fuzzy C-means (FCM)
[19], in this paper, we firstly introduce a weighting exponent
on the fuzzy membership into active curve axis Gaussian
Mixiture Model (AcaGMM) in order to improve the efficiency
of convergence and then use the proposed fuzzy active curve
axis Gaussian Mixture Model (FAcaGMM) to recognize the
human hand motions. In addition, a comparative study of
recognition methods including FAcaGMM, Time Clustering
(TC), Empirical Copula (EC), GMM and HMM is presented.
This paper is organized as follows: Section II revisits the
mechanism of AcaGMM. Section III proposes the FAcaGMM
with an improved convergence speed. Section IV proposes the
algorithm to recognize hand motions using FAcaGMM. The
comparative experiments are presented in section V. Finally
the paper is concluded with remarks and future work.

II. ACTIVE CURVE AXIS GAUSSIAN MODEL

Let X = {x1, -, 2, } be a d-dimensional observed dataset
of n vectors. The distribution of X" is based on one Gaussian or
bent Gaussian. First, the samples are mapped to the coordinate
system determined by PCA:

=Qx(z;—=T) ey

where T and Q denote the translation vector and rotation matrix
of PCA individually. Let ) = {y1, -+ ,yn} be the transferred
coordinates of X by PCA. The d dimensions of ) are then
denoted as v = [vy,--- ,vq]T.

Then least-squares fitting method [20] is used to fit the
coordinates [vl,vg]T, which are in )’s principal plane, with
the standard curve which is defined as

@)

The quadratic term coefficient a indicates the bend degree of
the curve. The bigger a is, the more the principal axis bends.
b is the offset of the curve. The principal axis is bent to be
y = ax? + b and the Gaussian model with the bent axis is
AcaGM. An example of AcaGM is given on the left of Fig. 1.

The projective points of one sample can be thought as
the points on the principal axis who have the local minimal
distances with the sample. The distances between sample and
points along the principal axis have zero derivatives at the
sample’s projective points. Given any sample [v14, vo;]7 which

y=azr’+b
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Fig. 1. AcaGM(left) and projection points on the principal curve axis(right).

is the transferred coordinates from x;, its distance to a point

2 = [21, 22]T on the standard curve satisfies

d? = (vie — 21)% + (var — 22)?

Using the Lagrange method, the partial derivatives to z; and

2z of d> — (22 — az? — b) are equal to zero,
(z1 —v1) — Aaz1 =0
2(2’2 — Ugt) —A=0

Eliminate ),

3)

21 — U1t = 2az1 (22 — Vat)

with the standard curve equation zo = az%—l—b, we can solve all
the real roots of this equation, which are the projective points
of sample [v1¢, vo¢]. In the principal plane, one point may have
several projection points on the principal curve axis, because
bending the principal axis may cause one point locates in
several different normal directions of the curve axis as shown
on the right of Fig. 1. Supposing 2z = [z1, 22;]7 is the jth
projective point of the sample [v1¢, v2:], the arc length of z is
formulated as

(215,22;)
lj(vig) = /(0 \/(dzlj)2 + (dz25)?

:b)

z 1s on the standard curve, so it satisfies z9 = azf +b. So we

have
Li(v) = Z1J1/1—|—4a2z17
—i—ﬁ In (2|a|zlj W1+ 4a2zfj)

The distance between the sample [v1¢, vzt]T
point z is

Li(var) = \/('Ult — 215)% + (var — 225)? (5)

Then the probability density function of point z; is the sum
probability of its projective points:

“

and its projective

exp(—13(vst)/255) exp(—v2, /25,)
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Where the parameter set = (u, %, C,Q,T); C denotes the
control parameters of a standard curve f : y = az? + b; J; is
the number of the projective points of sample ;.
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III. Fuzzy ACTIVE CURVE AXIS GAUSSIAN MIXTURE
MODELS

For a faster convergence speed of AcaGMMs, based on the
dissimilarity function in Fuzzy C-means [21], a dissimilarity
function for FAcaGMMs is defined as:

o 1
" Oéipi(xt|9i)

(N

where «; is the weight of ith component; p;(z:|6;) is from
equation 0,

Compared to the standard dissimilarity function in Fuzzy C-
means, the dissimilarity function defined by equation 7 consists
of not only the distance but also the covariance and mixture
weights, and it is in direct ratio with the exponent of the
distance. The objective function is extended from Fuzzy C-
means objective function as:

n k
T (U, X, 1, 2) = 37 3 (ujpdiy) ®)
t=1:=1

Minimizing J,, is performed by the same u;; operations of
FCM using

—1
k
j=1

?ew — t=1 (10)

The parameters of curve axis (a;,b;) in C; can be achieved by
(Cpew Trew Qrew) = LSFM(PCA(X])) (1D

where
/
X! = [wil, s

3

7win] - [xlul" 7x’ﬂ] (12)

PCA() is principal component analysis function for estimat-
ing the translation matrix 77**“ and rotation matrix U**".
LSFM() is least-squares fitting method for estimating control
parameters C*** = (a,c) which shapes the curve axis with
standard curve y = ax? + b; The centers and covariances can
be computed through equations 13-15.
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Where ¥;3_g) is the covariance in the d — 3 dimension space
orthogonal to the principal plane.

With new centers and covariances, the log-likelihood ex-
pression is given by:

loa(£(61)) = 1o ( 1 p(ai))
n k - (16)
= t; log <Z Oéipi(ilfth'))

i=1

where p;(x+|6;) is from equation 6.
The EM algorithm of FAcaGMMs is provided in algorithm
1 where d;; is obtained from equation 7.

Algorithm 1 EM algorithm of FAcaGMMs.

Require: Fix k, m and ¢ {k is the number of components
2 < k < n; m is the degree of fuzziness m > 1; ¢ is a
small preset real positive number}.

1: U <« fem(data, k) {Use FCM to generate matrix U
satisfying equation 9}

2: repeat

3: forall i suchthat 1 <7<k do

4: a®® — equation10 {Compute the k fuzzy mixture
weights " using equation 10}

5: a; < equationll

6: {Crew Trew Qrev} — equationll {Compute the

k fuzzy control parameters of standard curve, trans-
lation and rotation matrices using equation 11 }
7: pe? — equationl13 {Compute the k fuzzy centers
using equation 13}
8: Xrew — equationsld — 15 {Compute the k fuzzy
covariance matrices using equations 14-15 }
9:  end for
10 U™ — equation9 {Upgrade the fuzzy membership
using equation 9 }
11:  log(L(O]X))™" «— equationl6 {Compute the log-
likelihood using equation 16}
12: until W —1 < threshold {Stop if the relative
difference of the log-likelihood between two adjacent
iterations is blow the preset threshold}

An example of the comparison of AcaGMMs with fuzzy
AcaGMMs in terms of the convergence speed could be seen
in Fig. 2, where the overall fitnesses of these two methods are
almost similar while fuzzy AcaGMMs need much less iter-
ations. For more details about the convergence comparisons,
please refer to our previous papers [22], [19].

IV. RECOGNITION VIA FACAGMM

The algorithm of equation 17 and equation 18 is constructed
to recognize the testing motions. Supposing there are a at-
tributes in the human hand motion dataset. The dissimilarity
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Fig. 2. A comparison of Convergence processes of AcaGMM (first row) and
FAcaGMM (second row). t is the number of iterations

of the testing motion and the trained model of FAcaGMM is
defined as
Dis =1 %" AvgDis® (17)
k=1
where k is the number of the attributes; Angis(k) is the
average distance of the k'" attribute and is calculated by

AvgDis®)
Cnum(

2.

i=1

k)

18
|(Tmotion®) (t;) — Center® (i))| (1%

__ 1
Cnum(®)

where C'num is the number of the Gaussian components which
is set before applying EM algorithm; ¢+ = 1, ..., Cnum is the
index of the Gaussian components; ¢; is the time pint of i*"
Gaussian component; T'motion(t;) is the angle value or finger
tip position of the testing hand motion at ¢;; Center (i) is the
it" model center. The corresponding motion points at the time
t; are identified according to the time points of the model
centers, and then the average distances between the centers and
these points which are in the same time as these FAcaGMM'’s
centers along the dash line are calculated, as shown in the Fig
3. It calculates the average distance between testing motions
and FAcaGMM centers. The testing sample is recognized as
the corresponding grasp class with the minimum dissimilarity.

Fig. 3.  An example of FAcaGMMs based in-hand manipulation motion
recognition

V. EXPERIMENT

In order to evaluate the proposed algorithms, a comparative
study is constructed by comparing FAcaGMM with TC, EC,
GMM and HMM [14], [23]. TC is a fuzzy time-modeling ap-
proach based on fuzzy clustering and Takagi-Sugeno modeling
with numerical value as output, and its details can be seen
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in our previous paper [14]. EC was introduced to recognize
human hand motions for the first time using the proposed mo-
tion template and matching algorithm in [23]. The experiments
are implemented under two scenarios a) training with various
samples from single subject; b) training with various samples
from multiple subjects. In this study, two datasets, 13 grasps
and 10 in-hand manipulations, are employed.

A. Experiment Set-up

A fully instrumented data glove, CyberGlove from Immer-
sion Corporation, has been employed to measure the finger
joint angles during the hand movement. It can accurately
transform hand and finger motions into real-time digital joint
angle data by proprietary resistive bend-sensing technology.
The sampling frequency of CyberGlove system in our exper-
iments was set to 100Hz without any filter. The joint angles
are measured by 22 bend sensors, which include three flexion
sensors per finger, four abduction sensors, a palm-arch sensor,
and sensors to measure flexion and abduction. Each sensor
is extremely thin and flexible and is virtually undetectable in
the lightweight elastic glove. CyberGlove is calibrated through
the software from the company, and displayed by VirtualHand
Studio software which converts the data into a graphical hand
mirroring the subtle movements of the physical hand.

1. Big ball 2. Book 3. Precision cup

B

6. Small cylinder7. CD container 8. String

10. Pen 2

G

» &
4. Big cylinder 5. Cup handle

11. Cuboid

9. Pen 1

12. Small ball  13. Spoon

Fig. 4. Selected grasping tasks

Six (2 female, 4 male) healthy right-handed subjects vol-
unteered for the study, their ages range from 23 to 35 with
the average is 29.5 years. All subjects were trained to ma-
nipulate different objects, each grasp or in-hand manipulation
is repeated 20 times for every subject. Both grasps and
in-hand manipulation are considered in the study of object
manipulation.

1) Grasp: According to the human hand grasp taxon-
omy [24], hand grasps are classified into 6 atomic differ-
ent types, for instance, power grasps, precision grasps, and
circular/prismatic grasps, etc. We selected 13 different grasp
gestures as shown in Fig. 4 to test the algorithm recognition
ability. Cup has been selected three times respectively in
motions 3, 4 and 5 with different strategies. In motion 3,
only three fingers are used to precisely contact the cup top;
in motion 4, five fingers are laterally attached to the cup and
cup handle is grasped with three fingers in motion 5.

2) In-hand Manipulation: The other dataset is for in-hand
manipulation, which is much more complex than simple grasp



TABLE I
10 TYPES OF IN-HAND MANIPULATIONS

Open a mobile phone and then close it.

Screw to open a small bottle using only thumb, index finger
and middle finger.

Pick up a coin and move it from the fingertip to the palm
Remove the pencil from back to front for writing, as shown
in figure 5: (a) pencil walking

Pick up a pencil and simply rotate to write, as show in figure
5:(c) simple rotation

Pick up a pencil and complexly rotate to write, as show in
figure 5:(d) complex rotation

Screw to open a big bottle using all five fingers

Roll a small cylinder

Pick up a scissor and cut paper

Pencil flips, as shown in figure 5:(b) pencil flips

(b) Pencil flips

(d) Complex Rotation

(c) Simple Rotation

Fig. 5. Four examples of pencil in-hand manipulation

motion and associated with the most complex human motor
skills. It’s the ability to change the position/orientation or
adjust an object within one hand. Ten types of manipulations
are recorded also by Cyberglove as listed in table I, and a few
examples are shown in Fig. 5.

B. Experiment 1- Training with Various Samples from Single
Subject

0.6

0.4

Recognition rate

0.2 EC
TC
FAcaGMM
HMM

GMM

80 90

x

10 20 30 40 50 60 70
Percents of data for training(%)

Fig. 6. Recognition results with various training percentages from single
subject on grasp dataset

An empirical study was designed to evaluate sensitivity of
these five methods in terms of change of the rate of training
samples for the single subject. There are 13 grasp models
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Fig. 7. Recognition results with various training percentages from single
subject on in-hand manipulation dataset

and 10 in-hand manipulation models for each single subject,
where each subject repeated 20 times for each motion. Each
model of any subject is trained with various percentage of the
data ranging from 5% to 95% from the same subject. The
trained model is used to test other unused data from the same
subject. The experimental results with various percentage of
training data are illustrated in Fig. 6 and Fig. 7 for the two
datasets. It finds that the performance of these five methods
are all improved with the increase of the training datasets
and their accuracies stabilize with more than 30% training
data. The recognition rate of HMM improves from 0% to
more than 90% when training data increase from 5 to 30
percentages and it reaches as high as that of EC with more
than one third training data. Compared with GMM, FAcaGMM
achieves a better result with all the various sample rates.
TC stays in the middle of EC and FAcaGMM, EC presents
the best overall performance among the five methods. The
results demonstrate that the variation of the training samples
does substantially affect performance of these methods. The
increase of the training data can result in about 90, 30, 30, 20
and 10 percent increases of the recognition rates for HMM,
GMM, FAcaGMM, TC, EC. It presents that HMM is sensitive
to the varying training data more than any of the other four
methods.

C. Experiment 2- Training with Various Samples from Multiple
Subjects

Similarly an experiment was conducted to evaluate the
effects of different training rates on the classifiers’ performance
for multiple subjects. Regarding to experiment 2, there are 13
grasp models and 10 in-hand manipulation models for all the
six subjects. Each model was trained by the mixed samples
from all six subjects. Each subject contributes the same amount
of samples to the training data. All the other samples which
are not included in the training data are used to evaluate the
models trained by multiple subjects’ samples. The percentage
of the training data ranges from 5% to 95%

The experimental results are provided in Figs. 8 and 9 for
grasp and in-hand manipulation datasets respectively. HMM
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Fig. 8. Recognition results with various training percentages from multiple
subjects on grasp dataset
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Fig. 9. Recognition results with various training percentages from multiple
subjects on in-hand manipulation dataset

achieves an improvement of the recognition rate from less
than 50% to 90% in terms of usage of the training samples.
Different from the previous experiment results, there are no
significant changes of recognition rates for the other methods
with varying training samples. It is confirmed that HMM is the
most sensitive method responding to varying training samples.
HMM can achieve the highest accuracy with more than 40
percent training samples, but the proposed FAcaGMM, like
EC and TC, outperforms HMM and GMM when the training
samples are less than one fifth due to the insensitiveness
to the varying percentage of the training data. FAcaGMM’s
performance is consistently better than GMM’s thanks to the
non-linear characteristic, and the Gaussian Mixture Regression
(GMR) could be potentially used to generate the desired
trajectory.Though TC and EC have higher recognition rate
than FAcaGMM, TC is limited to the motion planning directly
transfered from recognition results which are numerical values
[14], and it is hard to generate desired trajectory from the
dependence structure for EC [23]. FAcaGMM provides an
effective solution to the applications which require abstracted
patterns to store the motion features, and require an approach
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to generate the desired trajectory from these features.

VI. CONCLUSIONS

In this paper, we have proposed a novel FAcaGMM with
a fast convergence speed, which is used to recognize human
hand motions. A comparative study covering different subjects
and different training samples has been conducted to compare
the methods including FAcaGMM, TC, EC, GMM and HMM.
Two datasets consisting of 13 different types of grasps and
10 in-hand manipulations have been employed for the algo-
rithm evaluation. Experiment results have demonstrated that
FAcaGMM consistently outperforms GMM in terms of the
recognition rate because it is a component-based modeling
method having the capability of modeling datasets with curve
manifolds. FAcaGMM, like TC and EC, is insensitive to the
varying training samples to certain extent, which means that
it has advantages over practical applications, especially when
requiring a fast training model process or lacking sufficient
training datasets. Its performance substantially depends on the
number of Gaussian components. It utilizes abstracted patterns
to store the motion features, and the desired trajectory can be
generated from these features. In the future work, the proposed
algorithms will be applied to applications such as EMG based
human motion recognition for prosthetic hands and human-
robot skill transfer.
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