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Abstract This paper presents a methodology for

estimating the motion of a character’s fingers based on

the use of motion features provided by a virtual

character’s hand. In the presented methodology,

firstly, the motion data is segmented into discrete

phases. Then, a number of motion features are

computed for each motion segment of a character’s

hand. The motion features are pre-processed using

restricted Boltzmann machines, and by using the

different variations of semantically similar finger

gestures in a support vector machine learning mech-

anism, the optimal weights for each feature assigned to

a metric are computed. The advantages of the

presented methodology in comparison to previous

solutions are the following: First, we automate the

computation of optimal weights that are assigned to

each motion feature counted in our metric. Second, the

presented methodology achieves an increase (about

17%) in correctly estimated finger gestures in com-

parison to a previous method.

Keywords Finger motion � Motion estimation �
Character animation � Motion features � Features pre-

processing � Metric learning

1 Introduction

In character animation research, a variety of method-

ologies have been proposed to synthesize the motion

of a virtual character as naturally as possible. How-

ever, the realism of the character’s motion is not only

related to its general representation (i.e., the full-body

motion of a character), but it also depends on the

details that appear on the character’s body. For

instance, facial expressions and finger motion enhance

the appearance of a motion sequence. The aforemen-

tioned notations have been expressed in various

perceptual evaluation studies, such as [1–4].

If highly realistic motion data is required, the

motion of the fingers should be captured simultane-

ously with the full-body motion of a performer. With

motion capture systems, it is too difficult to capture the

full-body motion of an actor while also capturing

facial expressions and finger gesture details. This is

especially true when the actor that is captured

performs locomotion tasks (i.e., moving within the

capturing area space). For that reason, three basic
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methodologies could be used to add such details onto

the character’s body. First, by using key-frame

techniques, it is possible to animate the motion of

the fingers. Second, a reduced number of markers that

are placed on the performer’s hand could be captured

and then, by using motion reconstruction techniques

[5, 6], the motion of the fingers could be reconstructed

[4, 7–9]. Finally, by capturing collections of finger

gestures along with the motion of a performer’s hand

(with the actor remaining static), it is possible to

estimate the finger gestures using parameters provided

by the character’s hand, as shown in [10, 11]. The

advantage of the last technique is mainly its ability to

estimate and consequently synthesize the required

details automatically, without the need to animate

such details using key-frame techniques. Hence,

considering that ten or more characters may evolve

in a film or videogame, example-based techniques

could speed up the synthesis of such details.

Considering the aforementioned difficulties with

capturing the motion of a character’s fingers and the

time-consuming process of animating finger gestures,

this paper presents a methodology for estimating

finger motion by using as parameters a variety of

motion features associated with sample finger gestures

contained in a database. In the presented method, a

number of motion features computed by a character’s

hand are considered. The motion features are pre-

processed using restricted Boltzmann machines

(RBMs). RBM pre-processing performs a transforma-

tion of the feature space based on an unsupervised

learning step. The aforementioned unsupervised train-

ing does not optimize the similarity between features,

since the similarity ground truth is not included.

However, RBMs help to transform the feature space in

such a way that machine learning is benefited. Thus,

by transforming the feature space in a suitable repre-

sentation, a better adaptation of the model is achieved

when the similarity ground truth data is entered.

In the presented methodology, the weighted Eucli-

dean distance is used to model the inverse similarity of

two segments. The optimization of the function is

achieved by using a Support Vector Machine (SVM) to

adapt weighted distances based on sample variations of

semantically similar finger gestures. To compute the

required optimal weights, the finger gesture dataset

provided in [12] was used. The ‘‘large dataset’’ consists

of eight different gesture types with eight different

variations for each gesture. Generally, this dataset is ideal

for cross-validations. This dataset has an additional

important role: since there are variations of similar

gestures, it is possible to use these repetitions to

determine the optimal weights automatically.

To illustrate the efficiency of the presented

methodology, upon having computed the optimal

weights by using the large dataset, the same weights

were applied to estimate the motion of a character’s

finger by using different datasets provided in [12].

These datasets contain freeform motions, instructing

directions, and conversation-related and debate-re-

lated finger gestures. Finally, it should be noted that all

the aforementioned datasets provide the full-body

motion of a character that includes finger motion.

In summary, the advantages of the proposed

solution are the following. It:

– proposes the use of a number of character’s hand

motion features that can be computed;

– shows that RBM pre-processing enhances the

estimation rate;

– automates the weight optimization of a metric

(compared to [10]) by using the SVM.

The remainder of this paper is organized as follows:

Sect. 2 outlines related work on finger animation

techniques. Sect. 3 covers motion data pre-processing.

The finger motion estimation methodology is pre-

sented in Sect. 4. Implementation details are given in

Sect. 5. The evaluations of the proposed methodology

are presented in Sect. 6. Finally, conclusions are

drawn and potential future work is discussed is Sect. 7.

2 Related Work

In previous years, a number of different approaches

have been proposed to synthesize finger motion

sequences by simplifying the rules of the motion

synthesis process. A comprehensive article describing

the majority of finger animation techniques that have

been developed over the years can be found in [13, 14].

Among previously published work, methods that

automatically synthesize hand motions, known as

‘‘hand-over animation’’ have already been proposed.

The hand-over animation process relies on the ability

to add finger and hand motion capture data to the pre-

existing full-body motion capture data. Hence, solu-

tions such as those proposed by Kang et al. [7],
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Wheatland et al. [8], and Mousas et al. [9] are

responsible for adding the required motions of the

character’s hand even when a reduced number of

markers are used for the motion estimation process.

Other methodologies have introduced the automatic

addition of valid character finger motion. In Jin and

Hahn [15], the pose space distance from the character’s

motion capture data is analyzed and a stepwise

searching algorithm is used to find the key poses to

synthesize the hand motion. Jörg et al. [10] proposed

another interesting solution for finger motion synthe-

sis. This approach is based on the ability to synthesize a

character’s finger motions by assigning weight vari-

ables to the wrist’s position and orientation, which are

used as the input parameters to search the segment that

best matches the character’s gesture. Even though this

solution provides the ability to synthesize perceptually

valid finger motions, the basic disadvantage lies in the

capability to estimate all the required motions cor-

rectly. This is due to the fact that their system uses only

spatial information provided by the character’s wrist.

The aforementioned methodology was extended by

Bitan et al. [16] to handle additional constraints, such

as interaction between objects or other virtual charac-

ters as well as by Mousas and Anagnostopoulos [17]

that implemented a real-time prediction algorithm

using hidden Markov models. Another data-driven

solution for synthesizing a character’s finger motion

was proposed by Majkowska et al. [18]. In this

methodology, finger motion and body motion are

captured separately in a pre-processing stage. Then,

during the composition process, these motion

sequences are assembled using spatial and temporal

alignment methodologies, and the motion correlation

is found. In general, this technique takes advantage of

motion transplantation techniques [19–21]. These

methods have been previously used to combine

different body parts’ motions with a new motion

sequence in an attempt to maintain a natural final

generated motion.

There are a number of methods for synthesizing a

character’s hand motion that are constrained to

specific tasks. This is due to the difficulty of predicting

a valid human finger motion. Even when using a

whole-body motion, it is difficult to predict the exact

actions of the hand, which are highly dependent on the

fingers. Hence, other solutions, such as the one

proposed by Ye and Liu [22], are responsible for

generating the motion of the finger based on wrist

movements and the handled object’s specified motion

constraints. Specific manipulation strategies are

assigned to the fingers, while the character’s wrists

are used to predict the evolution of a specified action.

Similar methods for synthesizing finger-object inter-

actions by using physics-related and kinematics-

related solutions have also been presented in [23]

and [24]. Moreover, data-driven solutions for hand-

object interactions have also been proposed, such as

the methodology presented in [25].

Furthermore, finger motion synthesis techniques

when virtual characters interact with musical instru-

ments have also been proposed. One of the most recent

approaches proposed by Zhu et al. [26] assigns a

specific action to the fingers in conjunction with the

ability to execute information from a MIDI input and

from predefined parameters of a piano performance.

Their system generates a valid motion sequence for the

virtual character, where the fingers play an active role

in the motion synthesis process. Similarly, the solution

proposed by ElKoura and Singh [27] generates finger

motion for specific tasks, such as playing musical

instruments.

Alternatively, physics-based approaches have been

used to generate finger motions, particularly for

manipulation tasks, such as the solutions proposed by

Liu [28], Pollard and Zordan [29], Andrews and Kry

[30], and Kyota and Saito [31]. Other works use sensors

to measure forces [32] in an attempt to generate the

correct finger motion. In addition, Neff and Seidel [33]

derived synthesized human hand motions by using

relaxed hand shapes and physics-based parameters

retrieved from video recordings. Another interesting

solution for animating detailed and anatomically valid

hand and finger motion was proposed by Tsang et al.

[34]. The main disadvantage of all previously men-

tioned solutions is the computation cost that is required

to generate the desired motion of the fingers. Finally,

Zhao et al. [35] proposed a physics-based motion

control system for real-time synthesis of human

grasping. Once given an object to be grasped, their

system automatically computes physics-based motion

control that advances the simulation in order to achieve

realistic manipulation of the object.

Lastly, as shown in Jörg et al. [10], information

provided by the wrist (position and orientation) could

be useful to the data-driven finger motion prediction

process. In the presented solution, a weighted distance

metric is enhanced by a variety of motion features of a
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character’s hand. It is shown that by pre-processing the

motion features, it is possible to enhance the estima-

tion rate of the metric. Finally, compared to Jörg et al.

[10], the optimization of the distance function is

performed automatically by SVM. These are the basic

advantages of the proposed approach comparing to the

solution proposed by Jörg et al. [10], which is the

closest to the presented one.

3 Pre-Processing Motion Data

In the following three sub-sections, we present the

motion segmentation method that is used, the collec-

tion of motion features that are computed for each

motion segment, and finally the labeling process of

motion segments.

3.1 Motion Segmentation

A gesture is divided into different phases, according to

McNeil [36] and Kendon [37], which are: the prepa-

ration, in which the arm moves away from its rest

position, the pre-stoke hold, the stroke, the post-stoke

hold, and the retraction, where the arm moves back

into the resting position. As mentioned in [10], it is not

possible to identify all these phases. Hence, they

adopted a simple motion segmentation process, which

uses the speed of the wrist as a parameter in order to

split the motion data into two phases: the motion phase

that contains high-speed sequences, and the hold phase

that contains low-speed motions.

In this paper, we consider segmenting the motion

data into additional phases (compared to [10] and

[38]), which will be able to describe the distance and

speed phases of the character’s wrist simultaneously.

The proposed segmentation process splits the motion

data based on the maximum and minimum speed as

well as on the maximum and minimum distance,

which results in five phases. Specifically, it is calcu-

lated that each segment is characterized by its speed

phases (increase, decrease, static) as well as by its

wrist position phases (increase, decrease, static).

Given a motion segment si that is represented by the

distance (d1; . . .; dN) and the speed (u1; . . .; uN) of the

wrist, where N denotes the total number of frames of

the segment si, our segmentation method retrieves

segments that are categorized into the following five

phases:

– P1: the distance and the speed of the wrist increase

simultaneously (d1\dN , u1\uN),

– P2: the distance of the wrist increases and the

speed of the wrist decreases (d1\dN , u1 [ uN),

– P3: the distance and the speed of the wrist remain

static (d1 � dN , u1 � uN),

– P4: the distance of the wrist decreases and the

speed of the wrist increases (d1 [ dN , u1\uN),

and

– P5: the distance and the speed of the wrist decrease

simultaneously (d1 [ dN , u1 [ uN).

A simple graph that illustrates the segmentation

process used in the presented methodology is shown

in Fig. 1. It should be noted that these five phases

describe the ideal segmentation of a single gesture. It

should further be noted that when dealing with

freeform gestures (such as those included in the

direction or in the conversation dataset provided in

[12]), some of the phases might not appear very often.

3.2 Collecting Motion Features

Human motion can be characterized by its features.

These features are responsible for describing the

motion in either a spatial or a temporal manner.

Generally, a variety of motion features can be

computed through different body parts to analyze

human motion and to estimate motion similarities. A

variety of either spatial or temporal or spatiotemporal

motion features have been used for the activity

recognition process, as they have been examined in a

variety of motion similarity solutions [39–41]. Addi-

tionally, even though a number of motion features for

Fig. 1 The segmentation process used in the presented

methodology. As we can see, it is possible to distinguish the

five phases of the finger gestures. The red line indicates the

speed of the wrist and the blue line indicates the distance of the

wrist. (Color figure online)
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gesture recognition have been proposed in the past,

such as [42] and [43], less attention has been given to

collecting motion features that could make it feasible

to associate the motion of the hand with finger

gestures.

According to [10], the parameters that are provided

by the local position and orientation of the character’s

wrist can be quite beneficial for the finger motion

estimation process. As it is also shown in the

aforementioned work, information about a gesture

could also be given by using the position and rotation

of both the shoulder and the elbow. However, a gesture

is not only related to the aforementioned two features.

Thus, we tried to collect a variety of motion features

provided by a character’s hand that could be associ-

ated with the motion of the fingers. The collected

motion features, which were used in the presented

methodology, are illustrated in Table 1. It should be

noted that all these features are computed with respect

to the character’s root position, orientation, velocity,

and acceleration.

3.3 Labeling Segments

Once the motion data is segmented, each of the motion

segments is labeled. The labeling process is quite

important since it automates the model training

process. With the labeling process, the system auto-

matically determines semantically similar segments in

order to pre-process their features. Moreover, accord-

ing to the labeling process, the system is able to search

segments that belong to specific phases. A segment si
of a gesture is labeled according to its gesture type, t

(i.e., attention, big, ds, ok, pp, small, turn, wipe), as

well as according to its phase, p (i.e., any of the five

phases presented in Sect. 3). Thus, a single segment of

a gesture is represented as st;p.

4 Similarity Learning

This section presents the methodology used to train

our system the motion feature similarities, such as

estimating the most valid finger motion. First, we

briefly introduce the RBM that is used to pre-process

the computed motion features. Next, the similarity

model and the model training procedure are explained.

Finally, an optimization of the metric using SVM is

presented.

4.1 RBM Feature Space Transformation

As mentioned, RBMs were used to pre-process the

motion features, such as allowing the system to learn

the similarity of motion segments efficiently. An RBM

netword [44] is a two-layer system of connections

between visible and hidden layers. The RBM is

represented by the weights W ¼ wi;j with size n� m

that are associated with the connection between

hidden hj and visible vi units, as well as bias weights

ai and bj for the visible and the hidden units,

respectively. Given these, the energy of a configura-

tion E(v, h) is defined as:

Eðv; hÞ ¼ �
X

ij

viwijhj �
X

i

viwi �
X

ij

bihj ð1Þ

Table 1 The collected motion features that were used in the

presented methodology in order to estimate the motion of a

character’s fingers

Features fi

Spatial distance of wrist’s trajectory f1

Spatial distance of elbow’s trajectory f2

Spatial distance of shoulder’s trajectory f3

Orientation distance of wrist trajectory f4

Orientation distance of elbow trajectory f5

Orientation distance of shoulder trajectory f6

Average rotation of wrist f7

Average rotation of elbow f8

Average rotation of shoulder f9

Wrist mean velocity f10

Wrist velocity distance f11

Wrist mean acceleration f12

Wrist acceleration distance f13

Wrist mean angular velocity f14

Wrist angular velocity distance f15

Wrist mean angular acceleration f16

Wrist angular acceleration distance f17

Wrist spatial extent f18

Wrist orientation extent f19

Mean wrist trajectory curvature f20

Wrist trajectory curvature distance f21

Wrist mean height f22

Wrist height distance f23

Square of above features f24 � f46

Exponential of above features f47 � f69
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to represent the joint distribution:

Pðv; hÞ ¼ 1

Z
e�Eðv;hÞ ð2Þ

where Z denotes the partition function and is repre-

sented by:

Z ¼
X

v;h

e�Eðv;hÞ
ð3Þ

where in the above equations v and h denote the states

of the visible and hidden layer, respectively. A simple

example that illustrates the RBM network is shown in

Fig. 2.

In an RBM network, the units that correspond to

each layer are characterized by their independence

from one another. A state of a hidden unit is only

dependent on the state of a visible unit and vice versa.

The visible and hidden units are represented by the

following probabilities:

Pðhj ¼ 1jvÞ ¼r
X

i

viwij þ bj

 !
ð4Þ

Pðvj ¼ 1jhÞ ¼r
X

j

hiwij þ aj

 !
ð5Þ

where

rðxÞ ¼ 1

1 þ e�x
ð6Þ

denotes the logistic sigmoid function.

In an unsupervised RBM training process, it is

required to minimize its log-likelihood ‘̂ when a set of

independent and identically distributed (i.i.d.) samples

V ¼ fv1; . . .; vng are given, such as:

‘̂ ¼ 1

N
lnðLðhjVÞÞ ¼ 1

N

X

k

lnPðvkjhÞ ð7Þ

with h ¼ fW ; a; bg.

The minimization of log-likelihood can be achieved

by using gradient ascent optimization techniques. By

computing the partition function Z, it is possible to

estimate the exact gradient from the log-likelihood.

The gradient ascent requires an expectation of data,

which is sampled from the model as:

wij ¼ wij þ gðhvipðhjjvÞi0 � hvihji1Þ ð8Þ

where h�i0 denotes the average of the data’s distribu-

tion, and h�i1 denotes the average with respect to the

distribution from the model, and g denotes the learning

rate.

Generally, Markov Chain Monte Carlo methods

[45] could solve this problem by sampling the state of

the model. This methodology is relatively slow: as it is

unstable, this model needs to follow an unsupervised

pre-sampling process before generating valid samples.

This difficulty can be overcome by using the Con-

trastive Divergence algorithm [46]. This method

shows that even with a small number of pre-sampling

steps (e.g., with only one step), the learning step

minimizes the divergence between the data’s and the

model’s distributions. Hence, according to Eq. 8, the

minimization is performed as follows:

wij ¼ wij þ gðhvihji0 � hvihjinÞ ð9Þ

Based on the aforementioned process, when a visible

layer is set to its initial feature values, the hidden layer

stands for a non-linear transformed feature space.

Taking advantage of this, the finger gestures are

estimated based on a similarity learning method

presented in the following sub-sections. Finally, it

should be noted that as a hyper-parameter, the hidden

layer’s units define the dimensionality of the new

feature space.

4.2 Similarity Model

In the presented methodology, the computed similarity

model is based on a weighted Euclidean metric similar

to the one proposed in [10]. The presented metric uses

a variety of features as well as automatic optimization.

Thus, in contrast to [10], the proposed method

automates the similarity learning process. TheFig. 2 The restricted Boltzmann machine network
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weighted distance of two motion segments is used as

the inverse indicator for those segments. As men-

tioned, each motion segment is labeled according to its

type and phase. This allows the system to search

specific gesture types as well as specific gesture

phases. In our method, we define the distance between

two feature vectors x; y 2 RN as:

dðx; yÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX

aidi

q
where di ¼ ðxi � yiÞ2 ð10Þ

Specifically, di computes the distances between the

features. At each distance ðxi � yiÞ2
, a weight ai is

assigned. It should be noted that d(x, y) only qualifies

as a metric if and only ai [ 08i. The aforementioned

metric is quite suitable for computing the similarity

between features. However, it lacks properties such as

non-negativity and identity of points with distance

equal to zero. It should be noted that Stober and

Nrnberger [47] showed that by using a specific

function to compute the distances d, which is possible

only if the interpretation of a xi in the feature vector is

clearly defined, the results and the stability of the

model could be improved.

4.3 Model Training

To train the model based on similarity from the input

data, we used the gesture dataset (eight gesture types

� eight repetitions). As mentioned, during the pre-

processing of the motion data, each segment is labeled

by its phase as well as by its gesture type. The labeling

process is quite important, since it allows the system to

automatically estimate the weights ai as presented in

Eq. 10. In order to fulfill the similarity constraints of

the labeling process, the weights ai are predicted from

the gesture dataset.

Eight variations are responsible for describing a

single gesture type. For simplicity’s sake, in the

remainder of the paper, we denote a reference motion

segment that belongs to a specific gesture type and

specific phase as r, any other motion segment that

belongs to the same gesture type and phase as f, and the

remainder of motion segments that belong to the same

phase provided by different gesture types as g.

Given a constraint h(r, f, g), the system determines

whether segment r should be more similar to segment

f than to any other segment g by:

hðr; f ; gÞ ¼
true if phase and type of r is similar

to phase and type of f

false otherwise

8
><

>:

The aforementioned constraint provides the ability to

compute the optimal weights for each feature of a

gesture.

Given the distance computed with Eq. 10, it is

possible to presume constraints in the similarity

model. The aforementioned Boolean function is

indirectly optimized by the weighted sum of differ-

ences between distances over the training samples.

This is achieved by:

hðr; f ; gÞ ¼
X

i

aiðdiðr; gÞ � diðr; f ÞÞ[ 0 ð11Þ

We assume that the training data is represented as D ¼
fdkjk ¼ 1; . . .;Mg and dk ¼ frk; fk; gkjhðrk; fk; gkÞ ¼
trueg, where frk; fk; gkg 2 RN represent the feature

vectors. Given a set of D, a weight vector a 2 RN must

be found that maximizes the following function:

f ðaÞ ¼ 1

M

XM

k

X

i

aiðdiðr; gÞ � diðr; f ÞÞ ð12Þ

Generally, the function f(a) in Eq. 12 is linear. This

means that its optimal may be found at large values of

a without applying constraints. In the presented

method, we used the SVM method to compute the

optimal weights as presented in the following sub-

section.

4.4 Metric Learning with SVM

To compute the optimal weights, we used the SVM for

distance metric learning as introduced by Schultz and

Joachims [48]. In the presented methodology, to learn

a weighted distance measure with SVMs, the classifier

is optimized to produce a vector of weights that fulfills

the distance constraints. Here, for each constraint

h(r, f, g), a feature distance difference vector dðr;f ;gÞ 2
RN is constructed where:

dðr;f ;gÞi ¼ diðr; gÞ � diðr; f Þ

¼ ðri � giÞ2 � ðri � fiÞ2
ð13Þ
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The optimization process is performed as follows:

min
a;n

GðaÞ ¼ 1

2
aTaþ c

X

ðr;f ;gÞ
nðr;f ;gÞ ð14Þ

subject to:

8ðr; f ; gÞ aTdðr;f ;gÞ [ 1 � nðr;f ;gÞ

nðr;f ;gÞ � 0

ai � 0

where c determines a trade-off between regularization

and the enforcement of constraints. The slack vari-

ables nðsp;t
i
;sp;t
j
;sp;t
D
Þ allow for some constraints to be

violated while adding a penalty value to the optimiza-

tion result.

5 Implementation

The presented methodology was implemented in the

MATLAB 2014b release by using the MATRBM

Library provided in [49] and the SVM-Light [50]. By

using the gesture dataset, the system requires only a few

seconds to compute the optimal weights for each

segment phase. Given a new motion sequence that does

not include the motion of the fingers (with regard to the

finger gesture estimation process), the system first

segments the motion data as presented in Sect. 3.1.

Then, for each motion segment, the motion features that

describe each segment are computed and assigned to a

feature vector. Given the phase of the input motion

segment that is retrieved according to the phase

segmentation constraints and by using the computed

optimal weights for a given phase, the system thor-

oughly searches all segments contained in our dataset

according to Eq. 10 and retrieves the motion segment

that is characterized by the minimum d(x, y) score. This

motion is then applied to the character’s fingers. Finally,

since the synthesis of a continuous motion sequence is

required, the estimated segments are synthesized using

the standard motion graph [51] methodology.

6 Evaluations and Results

This section presents the evaluations that were con-

ducted, along with the associated results. For the

evaluation process, the ‘‘large dataset’’ that contains

eight gesture types, each with eight repetitions, was

used.

6.1 RBM Feature Pre-processing

In this sub-section, we evaluate how the estimation

rate when pre-processing the motion features is

affected by the use of RBM-based transformation.

This evaluation process is divided into a variety of

steps. In the first step, the parameters of the RBM are

explored. In the second step, combinations between

parameters are evaluated using a grid search of the

selected values. Then, the estimation rate of each

tested model is used to set its parameters for the final

evaluation. The tested and chosen values that were

selected are shown in Table 2. It should be noted that

using training accuracy for the model selection

process is very challenging. For that reason, strict

regularization for training a model should be carefully

applied.

Figure 3 shows the performances of the learning

algorithms with respect to the number of hidden units

in the RBM pre-processing. For this evaluation

process, the configurations of the RBM were assigned

to the chosen values presented in Table 2, except for

the number of hidden units where its values are tested.

As we can see in Fig. 3, the method achieves its

highest estimation rate when 750 hidden units are

used. The estimation rate at 50 units is very low. It

reaches a rate equal to 72%. Similarly for the 100

units, it reaches a rate equal to 75.5%. Using 750

hidden values, the performance of the method reaches

97%.

6.2 Ground-Truth Estimation Rate

In order to understand the efficiency of the presented

methodology, the leave-one-out cross-validation

method was used. For the validation process, we

computed the correct estimation rate by either using

the RBM pre-processing step or not. It should be noted

that the gesture dataset was used for the validation

process, since it contains repetitions of similar gesture

types. By keeping a motion segment out of the

database, the system was trained with the rest of the

motion segments. Then, by using the excluded motion

segment, the gesture type was estimated. The class
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confusion matrix (Fig. 4) represents the results that

were obtained from the evaluation process. On

average, by using the eight different gesture types,

the presented methodology achieves a correct estima-

tion rate of 97% when motion features are pre-

processed using the RBM and 88% when the RBM

was not used to pre-process the motion features.

Examples of correctly estimated gestures are shown in

Fig. 5.

According to the results obtained from this evalu-

ation process, the following should be mentioned. The

presented methodology is able to estimate the finger

gesture at a high rate of accuracy when using the pre-

processing step. The estimation rate is increased by

9% when pre-processing the motion features. When

comparing the estimation rate with the one resulting

from the methodology proposed by Jörg et al. [10], it

should be noted that by pre-processing the motion

features with RBM, the presented approach provides

better results. There is a 17% increase when the

motion features are pre-processed using RBM. Gen-

erally, in [10], the optimization is performed manually

and the metric uses only two (position and orientation

of the wrist) features. We assume that this is the basic

disadvantage of such a solution.

6.3 Additional Examples

The presented methodology is able to compute the

optimal weights by analyzing the features of motion

segments that belong to a similar gesture type and

phase. By using the computed optimal weights

provided by the gesture dataset, the presented method-

ology must be able to provide reasonable results when

different datasets are used. For this reason, the

computed optimal weights were applied to different

Table 2 Tested and chosen

values that were used for

the RBM grid search

The chosen values were

used in the final

experiments

Parameters Hiden values Chosen values

Number of hidden units (hidNum) 50, 100, 250, 500, 750, 1000, 1500, 2000 750

Learning rate (lrate1) 0.02, 0.05, 0.1, 0.25, 0.5 0.05

Learning rate (lrate2) 0.02, 0.05, 0.1, 0.25, 0.5 0.1

Momentum 0.05, 0.1, 0.25 0.1

Cost 0.00002, 0.00005, 0.0001, 0.001 0.01 0.00002

Fig. 3 Performance of the

methodology with different

values of RBM hidden units

Fig. 4 The class confusion matrix shows the estimation rate

resulting from the presented methodology. The estimation rate

without the RBM feature pre-processing step is shown within

parentheses
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datasets. The resulting motion sequences are presented

in the accompanying video. Moreover, Fig. 6 illus-

trates sample gestures synthesized using different

datasets (Fig. 7).

7 Conclusions and Future Work

In this paper, a methodology for estimating and

synthesizing the motion of a character’s fingers

Fig. 5 Examples of correctly estimated finger gestures. The

input gesture that was used as a reference is on the upper row

and the estimated gesture based on the proposed methodology is

on the lower row. From left to right attention, big, doubt shrug,

OK, palm presentation, small, turn, and wipe

Fig. 6 The ground truth

data (upper row) and

estimated finger gestures

with the presented

methodology (lower row)

synthesized with the debate

dataset

Fig. 7 The ground truth

data (upper row) and

estimated finger gestures

with the presented

methodology (lower row)

synthesized with the

directions dataset
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through learning motion features was presented.

Firstly, a number of motion features from a character’s

hand are computed and then assigned to a feature

vector. In this paper, we proposed a two-step process.

In the first step, the motion features are pre-processed

using RBM, and in the second step, we used SVM to

optimize a distance function. The experiments pre-

sented have shown that RBM feature transformation

improves the results of similarity learning.

By comparing the presented methodology to a

previous solution, we find that a better estimation rate

can be achieved. The finger motion estimation process

remains a challenge for us. The current training

process was performed using a small dataset. In our

future work, we would like to extend the dataset used

by adding more gesture types, as well as to explore

alternative deep learning techniques to predict finger

motion. Additionally, the exploration of motion fea-

tures is an open challenge for us. We would also like to

compare the presented set of features with different

feature sets that have been used for full-body motion

classification, such as by using Laban Motion Analysis

(LMA) [52] features to associate the body emotion

with the finger motion. Finally, correlation analysis

between finger and hand motion can also provide

results that would be used later to understand the

relation between the motion of the hand and the

motion of the fingers, which is an additional direction

that we would like to investigate in our future work.
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