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Determining a Number of Training Data for Gesture Recognition
Considering Decay in Gesture Movements

Kazuya Murao∗1, Gaku Yoshida∗2, Tsutomu Terada∗2 ∗3 and Masahiko Tsukamoto∗2

Abstract – Mobile phones and video game controllers using gesture recognition tech-
nologies enable easy and intuitive operations, such as those in drawing objects. Gesture
recognition systems generally require several samples of training data before recognition
takes place. However, recognition accuracy deteriorates as time passes since the trajec-
tory of the gestures changes due to fatigue or forgetfulness. We investigated the change in
gestures and found that the first several samples of gestures were not suitable for train-
ing data. Therefore, we propose two methods of finding appropriate data for training
for long-term use. We confirmed that the proposed methods found better training data
than the conventional method from the viewpoints of the number of data collected and
recognition accuracy.
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1. Introduction

Downsizing of computers has led to mobile and

wearable computing that has recently attracted a

great deal of attention. In particular, accelerome-

ters are installed in most current devices, such as

the iPhones and Android-powered devices, and the

video game controllers for Wii or PS3, which enable

easy and intuitive operations. In addition, life logs

can be enriched by recording gesture movements in

daily life with wearable sensors.

Gesture recognition systems generally have to be

trained with users’ gesture data before use, and rec-

ognize unknown gestures by comparing them with

the training data. The simplest and most common

way to train the systems is to use a few samples of

gesture data before using the systems for the first

time. Recognition accuracy, however, could deterio-

rate since the gestures to be recognized change due to

user conditions, such as forgetfulness of the original

gestures and day-to-day fatigue. As far as we know,

no effective methods on training considering change

in future gesture motions have yet been reported.

Someone may think that employing robust gestures

for decay with time solves the problem, however it is

hard to find such gestures since uncomplicated ges-

tures are not simply robust for decay. Even if robust
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gestures were found, application developers cannot

chose gestures as they like in many cases, such as

actuating characters in video game and detecting ac-

tions in daily life, therefore decay in movement has

to be considered for any kinds of gestures.

We investigated the change in gesture motions by

repeating specific gestures 200 times a day for seven

days, and confirmed that the first several samples

were not suitable for training data which is com-

monly used in the conventional methods, since ges-

ture motions changed by repetition. Therefore, we

propose two methods of finding training data con-

sidering changes in future gesture motions. We con-

firmed that the proposed methods found training

data in an early stage of data collection that were

robust to temporal changes.

This paper is organized as follows. Section 2 in-

troduces related work. Section 3 describes a pre-

liminary experiment that we conducted to evaluate

what effect would have on gesture motions. Section 4

presents our proposed methods. The experiment we

conducted to evaluate the accuracy of our methods

are described in Section 5. The summary and future

work are mentioned in Section 6.

2. Related work

Many studies on gesture recognition using ac-

celerometers have been reported. Murao et al. [1 ]

evaluated recognition accuracy for 27 kinds of ges-

tures with nine accelerometers and nine gyroscopes

on a board and demonstrated the differences in
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recognition accuracy by changing the number, po-

sitions, and kinds of sensors and the number and

kinds of gestures. Agrawl et al. [2 ] proposed a sys-

tem that recognized the alphabet written in the air

with a cell phone. Acceleration data were converted

to spatial motion. They achieved 83% recognition

accuracy by adhering to some restrictions. Cham-

bers et al. [3 ] proposed a video annotation method by

gesture recognition using one accelerometer mounted

on wrist since video annotation is difficult only from

analyzing video. They use Hidden Markov Model

(HMM) [4 ] for recognition, resulting in only one mis-

take for 30 trials of three Kung-Fu martial art move-

ments; Cuts, Elbow, and Punch. The system pro-

posed by Junker et al. [5 ] recognizes ten daily short

actions, such as pushing a button and drinking, and

achieves approximately 80% precision and recall. In-

novative point of this study is that it partitions the

stream of sensor into several segments that repre-

sent atomic human movement by using the sliding-

window and bottom-up (SWAB) algorithm [6 ]. The

training data in these studies were collected before

recognition without taking changes in gesture mo-

tions caused by user conditions into consideration.

In contrast to these studies, Liu et al. [7 ] focused

on changes in daily gesture motions. They recog-

nized eight kinds of gestures including those in draw-

ing a line or a circle (recommended by Nokia Re-

search Institute), with a 3-axis accelerometer. They

captured more than 4,000 samples for eight sub-

jects over a long period, using dynamic time-warping

(DTW) [8 ] as a recognition algorithm. An accuracy

of 98.6% was achieved by successively renewing the

training data. However, a ground truth was required

when renewing the training data, which did not fun-

damentally solve the problem. In addition, it was

not clear whether the system was effective against

changes in gesture motions throughout the day since

training data were renewed once a day. Rabiner

et al. [10 ] proposed an speaker-independent speech

recognition with DTW. This method conducts clus-

tering for training data and creates a set of word

reference templates for each word by grouping the

replications of each word into a suitable set of clus-

ters. This method is off-line approach which is con-

ducted after all the training data have been collected.

In the contrary, our approach is on-line which finds

training data for the future data as one training data

sample comes.

Motion sensor based approaches and image sensor

based approaches are better to recognize gestures in

the environment where camera can be installed and

used. Since we assume that gesture recognition is

used anywhere including outdoor, it is hard to in-

stall image sensor to the environment and user body

in order to capture user gestures. Therefore, we em-

ployed accelerometer-based approach.

Yao et al. [11 ] proposed a method of personalizing

gesture recognition models. This method learns a

portfolio of classifiers on the training data such that

at least one classifier is well-suited to any given user.

At run time, personalization data is used to evaluate

all classifiers in the portfolio and to select the best

for the target user. They tested the method with im-

age data recorded by the Microsoft Kinect, however

the method is so general that it can deal with any

kind of sensor data. This method personalizes mod-

els based on the similarity of profile such as height

and age, therefore decay of movement within indi-

vidual cannot be considered since how the gestures

decay is not known nor modelled beforehand. We

propose a method to find the convergence point of

gestures at run time. Training data obtained through

our method with their personalization method would

personalize model considering difference between in-

dividuals and decay with time.

3. Preliminary experiment

We conducted a preliminary experiment to inves-

tigate the change in gesture motions over a long pe-

riod.

3. 1 Setup and procedure

Data on two kinds of gestures: throwing a ball and

drawing a star in the air, were captured continuously

200 times in 3-second intervals for seven days for five

male subjects 22–23 years old who had a 3-axis ac-

celerometer attached to their wrist. The reason for

this setup was that gesture motions would change as

they were repeated many times and the days pass.

The trajectory of throwing a ball gesture is a pitching

a ball and the trajectory of drawing a star gesture is

five-stroke lines starting from top to bottom left. To

reduce errors due to individual interpretation, the

instructions were not given verbally. Instead, one

of the authors demonstrated the actual movement

of each gesture. The subjects were asked to remain
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stationary between each gesture to separate the data

into gesture and non-gesture with ease. A lot of

studies on gesture segmentation have been done thus

far. Real-time stream monitoring algorithm has been

proposed [12 ]. We also have proposed gesture spot-

ting algorithm while periodic activity such as wal-

ing or running by calculating auto-correlation func-

tion [13 ]. However, gesture segmentation is an inde-

pendent topic of gesture recognition and has gener-

ally been done by pushing button or standing still in

studies on gesture recognition. Therefore, we asked

the subject to remain stationary between each ges-

ture in order to obtain correct data samples for in-

vestigation.

The change in gesture motions was investigated

with the following procedure. First, 200 sequences

for seven days for each gesture Xi,j were collected,

where i is an index of the sequences on a day (1 <=
i <= 200) and j is a day (1 <= j <= 7). Then, the dis-

tances between training data Xi,1 and testing data

Xi′,j′ were calculated with a dynamic time-warping

(DTW) algorithm and averaged for 1 <= i′ <= 200

Di,j′ =
1

200

200∑
i′=1

DTW (Xi,1, Xi′,j′), (1)

iterating for 1 <= i <= 200 and for 1 <= j′ <= 7.

The function DTW (X,Y ) denotes DTW distance

between gesture sequences X and Y . The value of

D shows the average distance of 200 test data when

one sample of data on the first day is used for train-

ing. Small D means that the training data is similar

to the test data and is discriminative for the future

data. The detailed algorithm of DTW is explained

in the next.

The accelerometer used was a wireless 3-axis ac-

celerometer, made by Wireless Technologies Inc. [9 ].

The sampling frequency was 50 Hz.

3. 2 Dynamic time-warping algorithm

Time-series data has been used in various fields

such as science, medicine, economics, and engineer-

ing. Calculation of similarity between time-series

data is required in order to perform data-mining.

A simple approach to measure similarity is to use

the Euclidean distance, but the results are suscepti-

ble to temporal distortion, and the number of sam-

ples in two data sequences must be equal. A better

approach is to use dynamic time-warping (DTW).

The DTW algorithm can be used to calculate the

temporal non-linear elastic distance between two se-

quences, which may vary in time, and the number of

both samples need not be equal. For example, it can

be used to find the similarity for draw a circle in the

air when the rotating speeds differed.

Hidden Markov Model (HMM) [4 ] is also famous

for a method to treat time-series data and some

studies use HMM to recognize gestures. However,

as claimed in the literature [7 ], HMM requires large

amount of training data to be effective. For person-

alized gesture recognition using accelerometer, it is

hard to collect large amount of training data, and we

aim to reduce the number of training data. DTW

is the mainstream in this field, therefore we adopt

DTW in this paper.

In recognition systems for walking or standing ac-

tivities, SVM or decision tree are commonly used

after extracting feature values such as mean, vari-

ance, and FFT coefficient. However, converting raw

data to feature values misses information on time

and deteriorates gesture recognition accuracy. Ges-

tures are generally recognized with time-series data

and It is hard to find feature values that have both

discriminability and robustness for decay with time,

therefore we calculate similarity of time-series data

in this paper.

The algorithm works as follows. For the sake of

simplicity, we assume there is data for one axis.

Testing data X = (x1, · · · , xm) and training data

Y = (y1, · · · , yn), with length m and n, respectively,

are compared, an m×n matrix d is defined: d(i, j) =

|xi − yj |. Next, warping path W = (w1, · · · , wk),

which is a path of pairs of indices of X and Y , is

found. W meets three conditions.

• Boundary

w1 = (1, 1), wk = (m,n)

• Seriality

wk = (a, b), wk−1 = (a′, b′)

⇒ a− a′ <= 1 ∧ b− b′ <= 1

• Monotony

wk = (a, b), wk−1 = (a′, b′)

⇒ a− a′ >= 0 ∧ b− b′ >= 0

To find the path with the lowest cost that meets these

conditions, the following steps are applied.

1. Initialization

dtw(0, 0) = 0

dtw(i, 0) = ∞ for i = 1, · · · ,m
dtw(0, j) = ∞ for j = 1, · · · , n
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2. Calculation

Do for i = 1 to m

Do for j = 1 to n

dtw(i, j) = d(i, j)+

min


dtw(i− 1, j − 1)

dtw(i− 1, j )

dtw(i , j − 1)

3. Output

Return dtw(m,n)/n

The obtained cost dtw(m,n)/n is DTW (X,Y ) in

Eqn. 1. The returned dtw(m,n) is divided by n since

DTW distance increases with the length of the train-

ing data. The system recognizes gestures on the basis

of the training data. The distances for all the train-

ing data are calculated, and the training data with

the shortest distance is identified. A gesture labelled

with the training data is then output. DTW algo-

rithm can be used for multiple axes of accelerometers

and gyroscopes. The DTW calculation is carried out

for three axes by utilizing d(i, j) =
∑

axis |xi − yj |.
3. 3 Results

The results for the throwing a ball and drawing a

star in the air gestures for a subject are plotted in

Figures 1 and 2. The vertical axis indicates the av-

erage DTW distance obtained with Eqn. 1 and the

horizontal axis indicates an index of the sequence for

the training data, i in Eqn. 1.

For example, the line “day 2” in Figure 1 indicates

the average DTW distances between the 200-sample

data on the second day and the ith data on the first

day Di,2, and i corresponds to the horizontal axis for

the throwing a ball gesture. The distance between

the same data was neglected in the calculations for

day 1. The large value for the DTW distance indi-

cates that the data at the point are different to the

200-sample data and that these are not suitable for

training data. Moreover, the large fluctuations on

the line indicates that the data around the point are

not stable and that their quality varies vastly from

point to point.

3. 4 Discussion

From the results, the line graphs were catego-

rized into two types: unvaried lines and decreasing

lines. Figures 1 and 2 show examples of decreas-

ing line and unvaried line, respectively. The DTW

distances at the beginning of both lines are larger

than those in the latter half, indicating that gestures
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Fig. 2 Average DTW distance for drawing a
star gesture for subject 1.

had changed through the experiment and that dis-

tances were larger when using the first few samples

as training data as conventional method does. Even-

tually, the distance increases in relation to the other

gestures, which leads to misrecognition. Moreover,

the DTW distance converged as the number of tri-

als increased, as shown in Figure 1. This is because

the form of the subject’s gestures stabilized since the

subject had become accustomed to the gestures or

gesture forms that varied with those that had less

fatigue. Most of the results for the drawing a star

in the air gesture were unvaried lines, as shown in

Figure 2. This is because drawing a star gesture is

performed on a two-dimensional plane; therefore, the

forms are stabilized due to small degree of freedom.

The fluctuations in the lines in Figures 1 and 2 de-

creased as the index of training data increased, indi-

cating the gesture motions were stabilized.

From the results, we assume that the distance con-

verged and its fluctuation decreased at the best point

of the data for the training. Accurate training data

could be obtained by stopping data collection on the

point where the line of the distance converges and

stabilizes for decreasing lines and by stopping data
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collection in the early phases for unvaried lines.

We calculated the recognition accuracy to conduct

further investigations to see the effect of change on

gesture motions. The subjects performed eight kinds

of gestures that could be performed in video games

and daily life to execute a command: drawing a cir-

cle, drawing a triangle, drawing a square, punching,

chopping, slapping, drawing a horizontal line, and

drawing a vertical line ten times each. These data

and the data for the throwing a ball and drawing

a star gestures for the first ten sequences of 200

sequences on the first day were used for training.

Recognition took place for the 200 sequences for the

throwing a ball and drawing a star gestures as follows.

The DTW distances between testing data to be rec-

ognized and all the training data were calculated and

data whose DTW distance is the shortest overall be-

comes a result. Tables 1 and 2 show the recognition

results for the throwing a ball and drawing a star ges-

tures, respectively, for 1,000 samples (200 samples ×
5 subjects) per day. The rows indicate the number

of outputs for the gestures.

The recognition accuracy for the throwing a ball

gesture was over 99.7%. The recognition accuracy for

the drawing a star gesture on the first day was 99.8%,

while the recognition accuracy dropped to 78.9% on

the seventh day. These results indicate that retaining

the first few samples for training causes misrecogni-

tion as the conventional method does, which dete-

riorates interface usability or system accuracy using

gesture recognition technology.

4. Proposed method

The results from the preliminary experiment clar-

ified that the point where the average distance and

its variance were the smallest was the most appropri-

ate for training data. However, it is not possible to

find the optimum point without future data. Though

the quality of training data improves as the number

of training data collected increases, the speed of im-

provement in quality would slow at a certain point.

We propose two methods of finding the appropriate

point for training data in real time by stopping col-

lecting data when the training data are stabilized.

4. 1 Proposed method 1

We confirmed that the point at which average

DTW distance and its variance were the smallest is

the most appropriate for training data. First, this

method collects gesture data n times, then calculates

the average µn and variance σn of DTW distances

between gesture data Xn−T and the latest T-sample

gesture data Xn−T+i for 1 <= i <= T as follows.

µn =
1

T

T∑
i=1

DTW (Xn−T , Xn−T+i) (2)

σn =
1

T

√√√√ T∑
i=1

{DTW (Xn−T , xn−T+i)− µn}2 (3)

The system determines that the gesture motion

has converged and stops collecting training data

when both µn and σn satisfy four conditions.

• µn < µ0

• σn < σ0

• µn−i < µn × (1 + α) for i = 1, · · · , l
• σn−i < σn × (1 + α) for i = 1 · · · , l
We set α = 0.01, T = 10, and l = 9, and the pro-

posed method 1 requires at least 20 gesture samples

since 10 samples are used for calculating the average

and variance and 10 samples are used for accessing

the four conditions. These values were determined

from our pilot study.

This method stops collecting training data around

the point where gesture motions are stabilized and

similar each other.

4. 2 Proposed method 2

From the preliminary experiment, we confirmed

that gesture motions were diverse in the first few

samples and were going to remain unvaried as ges-

tures were repeated. We assumed that gesture mo-

tions were meant to be stable and outlying motions

barely appeared when the distances between the first

few samples and the current sample were continu-

ously close.

The algorithm is as follows. When the user

collected gesture data n times, this method cal-

culates the DTW distances between gesture data

Xn−T ′+i (0 <= i <= T ′) and the first T ′-sample ges-

ture data Xj for 1 <= i <= T ′ and finds the smallest

distance among them

distn−T ′+i =
T ′

min
j=1

DTW (Xn−T ′+i, Xj), (4)

then average µ′
n of distn−T ′+i for 1 <= i <= T ′ is cal-

culated.

µ′
n =

1

T

T ′∑
i=1

distn−T ′+i (5)
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Table 1 Recognition results for throwing a ball gesture.

Day Throw Star Circle Triangle Square Punch Chop Slap Vertical Horizontal Accuracy

1 999 0 0 0 0 0 0 1 0 0 0.999
2 960 0 0 0 0 0 0 40 0 0 0.960
3 951 0 0 0 0 18 0 31 0 0 0.951
4 966 0 0 0 0 8 0 25 1 0 0.966
5 984 0 0 0 0 3 0 13 0 0 0.984
6 984 0 0 0 0 6 0 10 0 0 0.984
7 856 0 0 0 0 0 18 125 1 0 0.856

Table 2 Recognition results for drawing a star gesture.

Day Throw Star Circle Triangle Square Punch Chop Slap Vertical Horizontal Accuracy

1 0 999 0 1 0 0 0 0 0 0 0.999
2 0 1000 0 0 0 0 0 0 0 0 1.000
3 0 991 0 9 0 0 0 0 0 0 0.991
4 0 997 0 3 0 0 0 0 0 0 0.997
5 0 1000 0 0 0 0 0 0 0 0 1.000
6 0 1000 0 0 0 0 0 0 0 0 1.000
7 0 848 0 152 0 0 0 0 0 0 0.848

The system stops collecting data for training when

µ′
n meets the following condition.

• |µ′
n−i − µ′

n| < µ′
n × β for i = 1, · · · , l′

We set β = 0.1, T ′ = 5, and l′ = 4, and the pro-

posed method 2 requires at least 10 gesture samples

since five samples are used for calculating the aver-

age and five samples are used for determining the

condition above. These values were determined from

our pilot study.

This method stops collecting data around the

point where gesture motions are stabilized in the

range of the values of the first few samples, resulting

in excluding outlying values.

5. Evaluation

5. 1 Environment

We calculated the DTW distance between the 200-

sample data for throwing a ball and drawing a star

gestures captured in the preliminary experiment and

the training data obtained with two proposed meth-

ods and three comparison methods to evaluate the

effectiveness of our proposed methods: Comparison

method 1 uses the first five samples on the first day

for training, which is the most simple way commonly

used in the conventional method and requires the

least number of training data, therefore it would

perform worst of all. Comparison method 2 uses

the data at the optimum point for training which

can be obtained after 200 samples had been cap-

tured. Comparison method 2 finds the optimum

point by calculating the average DTW distance be-

tween nth data and 200-sample data Dcomp2,n =
1

200

∑200
i=1 DTW (Xn, Xi). Then the point where

Dcomp2,n becomes less than 110% of Dcomp2,200 at

the first time is obtained as an optimum point. Com-

parison method 2 is the baseline method since it uses

all the data. Comparison method 3 uses the the first

five samples for training and updates the training

data every day, which would perform well but forces

tasks on the users.

5. 2 Results

Tables 3 and 4 list the average DTW distance for

throwing a ball and drawing a star gestures for the

proposed methods denoted by P1 and P2 and the

comparison methods denoted by C1, C2, and C3.

The values in the top line for each subject indi-

cate the number of training data obtained until each

method stopped collecting data. The number of data

for C1 is five for all the subjects since it uses the first

five samples on the first day. The number of data for

C3 is also five since it uses the first five samples on

each day.

Seeing the results for each subject for throwing a

ball gesture, for subjects 1, 2, and 5, the DTW dis-

tance for P1 was larger than that for C2, while the

number of data collected is smaller. For subject 3

and 4, P2 stopped collecting data after the point ob-

tained with C2, therefore the distance for P2 was

smaller than that of C2. For the results of drawing

a star gesture, the distance of P1 for subjects 2 and

5 were larger than those for C2. The results for sub-

jects 1, 3, and 4 for P1 were comparable to those for

the C2. The distance for P2 for throwing a ball ges-

ture was larger than that for C2 for subjects 1, 2, 4,

and 5. For subject 3, the distance for P2 was smaller
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than that for C2 since P2 collected large number of

samples than C2. For the results of drawing a star

gesture, the distance for all the subjects for P2 was

larger than that for C2. For all the subjects, the

distances for C3 are equivalent to that for both P1

and P2 on the first few days, while the distances for

C3 take advantage over both P1 and P2 since C3

updates training data daily.

Comparing the proposed methods (P1 and P2)

and the comparison methods (C1, C2, and C3), the

DTW distances for P1 and P2 were smaller than that

for C1. However, the distances for P1 and P2 were

larger than that for C2 and C3 in some cases. This is

because the proposed methods accidentally stopped

collecting data at the point where the data were con-

tinuously stable but had not converged. Moreover,

the DTW distances for P1 and P2 get larger as day

passes, while the distance for C3 is kept small, which

means that updating the training data every day im-

proves accuracy.

Comparing P1 and P2, the distance for P2 was

equal to or larger than that for P1, while the num-

ber of training data collected was smaller. This is

because similar forms of the gesture continuously ap-

peared before real convergence; therefore, the system

failed to collect data that appeared in the subsequent

processes. P2 was able to reduce the number of train-

ing data collected compared with P1, however we

have to consider the case where gesture changes with

multiple convergence points.

At last, we calculated the recognition accuracy for

throwing a ball gesture and drawing a star gesture

with the training data found by P1 and P2. Ten sam-

ples including and before the found point were used

for training. For drawing a circle, drawing a trian-

gle, drawing a square, punching, chopping, slapping,

drawing a horizontal line, and drawing a vertical line

gestures, the first ten samples of 200 sequences on

the first day were used for training. Recognition

took place for the 200 sequences for the throwing a

ball and drawing a star gestures as follows. Tables 5

through 8 show the recognition results for the throw-

ing a ball and drawing a star gestures with P1 and

P2 for 1,000 samples (200 samples × 5 subjects) per

day. The rows indicate the number of outputs for

the gestures.

Comparing the results for P1 and P2, P1 and P2

showed higher accuracy for throwing a ball gesture

Table 3 Average DTW distance and number
of data collected for throwing a ball
gesture.

Subject P1 P2 C1 C2 C3

1

# of data 48 20 5 158 5∗

Day 2 737 750 685 414 425
Day 3 802 890 776 474 465
Day 4 838 848 792 521 382
Day 5 852 872 841 487 434
Day 6 866 903 815 498 379
Day 7 1070 1106 1045 715 394

2

# of data 41 15 5 112 5∗

Day 2 907 1024 1155 776 991
Day 3 1080 1053 1192 1204 758
Day 4 970 997 1083 1293 969
Day 5 1033 961 1063 1098 821
Day 6 1337 950 1011 1090 714
Day 7 1354 926 1012 996 703

3

# of data 123 165 5 68 5∗

Day 2 550 756 573 678 449
Day 3 558 590 697 636 533
Day 4 514 632 660 715 510
Day 5 656 607 669 719 507
Day 6 648 593 740 841 587
Day 7 680 643 814 900 561

4

# of data 96 21 5 87 5∗

Day 2 720 845 917 773 795
Day 3 731 846 957 859 585
Day 4 799 843 928 793 558
Day 5 851 920 1074 855 713
Day 6 873 950 1012 857 492
Day 7 842 915 1029 888 523

5

# of data 58 13 5 122 5∗

Day 2 754 706 908 814 734
Day 3 699 802 972 763 651
Day 4 718 873 1066 882 874
Day 5 886 849 1062 801 765
Day 6 883 887 1129 1005 911
Day 7 806 896 1132 840 786

* First five samples per day.

from day 2 to day 5, while P2 showed higher accu-

racy than P1 for day 6 and day 7, which accords with

the result of distance calculation in Table 3. For the

results of drawing a star gesture, P1 is slightly bet-

ter than P2 due to the bad training data of subject

5 which showed larger DTW distance as shown in

Table 4. Comparing the results of C1 shown in Ta-

ble 1 and 2, the proposed methods show equivalent

accuracies until day 6. However, the accuracy for

the comparison method vastly drops on the day 7,

while the proposed methods maintain high degree of

accuracy.

5. 3 Summary

Summarizing the results, both P1 and P2 per-

formed well. There is a trade-off between the quality

of training data and the number of samples collected.

The quality of training data for P1 was slightly bet-



The Transactions of Human Interface Society Vol.17, No.2, 2015

Table 5 Recognition results for throwing a ball gesture with proposed method
1.

Day Throw Star Circle Triangle Square Punch Chop Slap Vertical Horizontal Accuracy

2 997 0 0 0 0 0 0 3 0 0 0.997
3 977 0 0 0 0 18 0 5 0 0 0.977
4 985 0 0 0 0 12 0 3 0 0 0.985
5 964 0 0 0 0 9 0 27 0 0 0.964
6 889 0 0 0 0 101 0 10 0 0 0.889
7 804 0 0 0 0 37 20 138 1 0 0.804

Table 6 Recognition results for drawing a star gesture with proposed method
1.

Day Throw Star Circle Triangle Square Punch Chop Slap Vertical Horizontal Accuracy

2 0 1000 0 0 0 0 0 0 0 0 1.000
3 0 1000 0 0 0 0 0 0 0 0 1.000
4 0 1000 0 0 0 0 0 0 0 0 1.000
5 0 1000 0 0 0 0 0 0 0 0 1.000
6 0 1000 0 0 0 0 0 0 0 0 1.000
7 0 985 0 15 0 0 0 0 0 0 0.985

Table 7 Recognition results for throwing a ball gesture with proposed method
2.

Day Throw Star Circle Triangle Square Punch Chop Slap Vertical Horizontal Accuracy

2 996 0 0 0 0 0 0 4 0 0 0.996
3 988 0 0 0 0 10 0 2 0 0 0.988
4 987 0 0 0 0 9 0 4 0 0 0.987
5 995 0 0 0 0 1 0 4 0 0 0.995
6 997 0 0 0 0 2 0 1 0 0 0.997
7 903 0 0 0 0 0 7 90 0 0 0.903

Table 8 Recognition results for drawing a star gesture with proposed method
2.

Day Throw Star Circle Triangle Square Punch Chop Slap Vertical Horizontal Accuracy

2 0 1000 0 0 0 0 0 0 0 0 1.000
3 0 936 0 64 0 0 0 0 0 0 0.936
4 0 944 0 56 0 0 0 0 0 0 0.944
5 0 999 0 1 0 0 0 0 0 0 0.999
6 0 996 0 4 0 0 0 0 0 0 0.996
7 0 998 0 2 0 0 0 0 0 0 0.998

ter than that for P2, while the data for the P2 was

collected more rapidly than those for P1, however

the performance depends on the user and gesture;

therefore, it would be better to use both methods

simultaneously and use the data point found first.

Gesture movement that has changed due to fatigue

or forgetfulness may become similar to another ges-

ture, e.g. distorted triangle assimilates circle. Both

conventional method and the proposed methods can-

not work well for the case. In case of incompatibility

of gestures, gesture to be recognized or design of the

application should be changed.

6. Conclusion

We proposed methods of finding appropriate

points for training data by calculating the DTW

distance between collected data in real time. Our

method found training data that performs as well

as the method using all data including future data,

while the number of samples collected could be re-

duced. We plan to evaluate other kinds of gestures

and conduct further investigations into the effect of

fatigue and forgetfulness in future work.
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