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Abstract Hand gesture can express rich information. However, existing hand shape
recognition methods have several problems. In order to utilize hand gesture in a
home automation, we have focused on ”wrist contour” , and have developed a wrist-
watch-type device that measures wrist contour using photo reflector arrays. In this
paper, we try on two challenges: the first is improvement of the hand shape recog-
nition performance, and the second is making clear the effect of personal difference
and finding a key to overcome the difference. We collect wrist contour data from
28 subjects and conduct two kinds of experiments. As for the first challenge, three
different feature types are compared. The experimental results extract several impor-
tant contour statistics and the classification rate itself is also improved by introduc-
ing multiple subjects’ data for training. As for the second challenge, we compose
a resemblance matrix to evaluate resemblance among subjects. The results indicate
that training data selection is important to improve the classification performance,
especially when we don’t have time to collect enough training data for a new user.

1 Introduction

Gesture recognition is getting more popular for home use. Popular gesture devices
such as Microsoft Kinect(R) use body movement (i.e. arm movements) as an input.
They are specialized in recognition of large body movements, that means they are
not good at monitoring small body movements (e.g. hand motion) because of the
resolution and accuracy limitations. Even though hand shape can express rich in-
formation with small movements, lack of concise hand shape recognition method
prevents us from utilizing the beneficial information[8].
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Therefore, we propose a novel method that realizes hand shape recognition with
only a wrist-watch-type device. Such recognition method enables us to realize many
applications: remote control of home electronics, gaming interface and so on (Fig.
1).
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Fig. 1 Application images: Hand gesture control of displays and recognition of ball grip
in baseball game.

1.1 Hand shape recognition methods

There are three major hand shape recognition methods.

1. Data glove [1][2]: A user attaches a glove-type device with bend sensors at each
finger joint. This method realizes high recognition performance, but the glove
restricts hand movements and attaching a glove is a little troublesome for daily
activities.

2. Camera vision [3][7][6]: This system recognizes hand shapes using image pro-
cessing. If a camera acquires an image from appropriate direction, it exerts high
performance, but it highly depends on the relative position and direction of user’s
hand and the camera.

3. Electromyogram (EMG) [9][11]: With signals from electrode attached to user’s
arm, it detects myoelectric potential and estimates hand movements. EMG sen-
sor can realize a wearable system. Hence, it does not restrict user position and
direction. However, it needs many initial configuration and calibration processes
to realize sufficient performance: a user has to clean up his or her skin, the sensor
is very naive to attached point, and a recognition system needs a lot of calibration
data.

When introducing a hand gesture recognition device into a home, these methods
have three problems: influence on activity, complex initial configuration, and insuf-
ficient recognition performance.

To overcome these problems, we focus on “wrist contour” We designate a wrist
cross-section contour as a wrist contour. The wrist contour has various shapes be-
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cause finger movements are induced by activities of tendons and muscles near the
wrist as shown in Fig. 2.

As a similar approach, Rekimoto[10] developed a wrist-watch-type device with
capacitive sensors measuring wrist surface in three points, and recognized two hand
shapes (grasping and pointing). In our previous work[5], we developed a wrist-
watch-type device (Fig. 3) with two array of 75 photo reflectors, and conducted
hand shape classification experiments. The performance of eight hand shapes’ clas-
sification was 73.2% (training data include subject’s own data), or 47.8% (training
data exclude subject’s own data). The value is not sufficient for practical use, espe-
cially personal difference is the bottom neck of the performance.

Wrist contourWrist cross sectionHand shape
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Fig. 2 Principle of wrist contour variation with hand shape. Fig. 3 The wrist-watch-type device.

1.2 Challenges

In this paper, we try on two challenges: the first is improvement of classification
performance, and the second is making clear the effect of personal difference and
finding a key to overcome the difference.

As for the first challenge, the wrist contour data differ slightly in attached con-
ditions even in the same subject. Besides, even if the measuring device is almost
appressed to the wrist, slippage (moving in a radial or circumferential direction)
may occur. Therefore, we need to investigate a robust normalizing procedure that
can extract stable characteristics and need to design more solid feature extraction
process.

Regarding the second challenge, we want to utilize other subjects’ data that is
acquired previously, and this approach can release a new user from collecting nu-
merous training data.
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2 Approaches for Efficient Utilization of Wrist Contour Data

In order to measure wrist contour precisely, we developed a wrist contour measur-
ing device. From the data collected with the device, features are extracted for hand
shape classification methods. The key elements for our approach are described in
this section.

2.1 Wrist Contour Measuring Device

The device consists of two parts: the wrist-watch-type measurement part, and the
battery and control part (Fig. 4). The measurement part has a measurement band; a
flexible band with photo reflectors (infrared-light distance sensors). The band can
measure distances between the band and surface of the wrist using photo reflector
arrays. The band has two arrays and each array has 75 photo reflectors. With a
wireless module mounted in battery and control part, the device communicates with
PC wirelessly.

The basic specifications are as follows. Please refer to our previous work [5] for
the details of the device.

• Measurement area: ∼185mm
• Measurement pitch: 2.5mm
• Distance resolution: 0.1mm (∼3.5mm range)
• Sampling rate: 10Hz

2.2 Feature Extraction Process

Wrist contour raw data examples are shown in the upper side of Fig. 5. There are
small difference among the raw data of hand classes, therefore feature extraction
process is essential. We prepare two potential feature types.

One feature type is “normalized contour data”. Because each muscle and tendon
is different in thickness, each sensor element has different variation range of dis-
tance. The process samples the maximum and minimum distance for each sensor
element, and normalizes distance data into 0 to 1 (Fig. 5). With this process, small
variations can be emphasized. On the other hand, the slippage of the band might be
great noise.

Another feature type is “contour statistics”. They are statistics from wrist contour
distance data, such as sum of distances, maximum distance, histograms and so on
(Fig. 6). Each statistics are normalized by calibration data (wrist contour data of
Fist and Open hand). With this approach, we try to overcome slippage or personal
differences.
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Fig. 4 Composition of wrist contour measuring device. The measurement part is connected to the
battery and control part by a wire. The Fixing band assists the attachment of the measurement band
and reduces slippage.
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2.3 Classification Method

As classification methods, k-Nearest Neighbor (k-NN) method and AdaBoost method
are used.

In k-NN method, the test data is labeled by votes of k nearest samples. All Eu-
clidean distances between the test sample and training samples in the feature space
are calculated, and nearest k training samples have right to vote.

AdaBoost is a kind of boosting method, which makes some weak learners (in
our implementation, decision stumps) [4]. The test data is labeled by weak learners’
weighted votes. Weights on weak learners are tuned to fit to training data in the
training process.

2.4 Personal Resemblance

Resemblance among subjects is the main topic to be investigated. That is because
when other subjects’ data are used as training data, the recognition performance
differs drastically according to the combination of test subject and training subjects.
We try to observe the resemblance among subjects by examining the relationships
between classification performance and combination of subjects.

3 Experiments

We collected wrist contour data from 28 subjects. With the data, two kinds of hand
shape classification experiments are conducted: (1) Comparison of two feature types
using three training data groups, and (2) Evaluation of resemblance among subjects.

3.1 Wrist Contour Data Collection

We collected wrist contour data from 28 subjects, male and female of 20’s to 50’s.
The arm posture and wrist pronation is fixed as shown in Fig. 7 because a wrist
contour varies with wrist pronation. Data collecting procedure is as follows:

Step 1 The measurement part is attached on the wrist in rough alignment.
Step 2 A display shows a hand shape illustration to the subject, and the subject

imitates the hand shape, and then wrist contour data is recorded.
Step 3 After recording wrist contour data of all six hand shapes (one set, shown

in Fig. 8), the measuring device is taken off.
Step 4 Repeat Step 1∼3 six times for each subject.
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Finally, 1008 wrist contour data were collected; 28 subjects × 6 wrist contour data
sets × 6 hand shapes. Examples of wrist contour raw data are shown in Fig. 9.

Fig. 7 The posture
when collecting wrist
data.

Fist
(FI)(FI)

One finger
(1F)(1F)

Two fingers
(2F)(2F)

Open hand
(OH)(OH)

Thumbs up
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Little finger
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Fig. 8 Hand shape images
of six hand classes
(one set).
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Fig. 9 Wrist contour raw data of 28 subjects.
(One data per subject. Hand shape: One finger)

3.2 Classification Experiment (1)
Comparison of Two Feature Types

In order to examine robustness of the described feature extraction processes, two
types and one derived type of features are compared.

3.2.1 Setup of Classification Experiment (1)

Feature types to be compared are as follows.

A. Normalized contour data 45 dimensions: each contour data are linearly con-
verted to the smallest wrist contour size.

B. Contour statistics 92 dimensions
C. Selected contour statistics 5 dimensions: This feature type is derived from fea-

ture type B. When classifying from contour statistics using k-NN method, useful
features might be hidden by other less useful features. Also, when classifying
using AdaBoost, large number of features might cause over-fitting. Therefore we
conduct another experiment of using only five contour statistics that have large
separation metrics. The separation metrics is calculated as between-class vari-
ance divided by in-class variance.

Two classification methods are used: k-NN method and AdaBoost method. When
using AdaBoost, the system produces six one-versus-the-rest classifiers and an out-
put class is determined by maximum output value in six classifiers.

Therefore, the number of combinations of feature types and classification meth-
ods are 3 × 2 = 6.
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As for training data, three groups are prepared.

Group 1 Subject’s own data 5 sets.
Group 2 Subject’s own data 5 sets and other subjects’ 27×6 sets.
Group 3 Other subjects’ 27×6 sets.

The classification performance is evaluated by classification rate (number of cor-
rectly classified samples / number of inputted samples ×100 [%]).

3.2.2 Result of Classification Experiment (1)

Result of classification experiment (1) is shown in Fig. 10. The table explains the
result in each training data groups. As expected, the combination of feature type B
and k-NN method exerts low score in all groups.

In group 1 (the subject’s own data), feature type A exerts higher performance
in classification rate than feature type B and C. Incidentally, results of experiments
using AdaBoost (especially feature type A and B) exert lower performance. This is
because there are not enough training data and that causes over-fitting. In group 2
(the subject’s own data and other subjects’ data), no remarkable difference among
three feature types is observed. In group 3 (other subjects’ data), feature type B and
C exert better performance than feature type A.

Tbl. 1 shows the confusion matrix of one experiment (B. Statistics + AdaBoost).
Most hand shapes are correctly classified on some level, however, confusions among
some similar classes (e.g. 1F and LF) are observable.
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Fig. 10 Result of classification experiment (1).

Table 1 Confusion matrix of
B. Statistics + AdaBoost.
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The insights from the results are as follows. First, useful features are different
according to training data group. For instance, when using subject’s own data as
training data, the combination of feature type A (normalized contour data) and k-
NN classification method exerted relatively high performance of 90.1% classifica-
tion rate. On the other hand, when using other subjects’ data as training data, the
performance is improved using feature type B (contour statistics); classification rate
is 77.9% using AdaBoost. Second, the weights of AdaBoost weak learners indicates
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that sum of distances, maximum monotone increasing value and sum of differences
of histogram are useful contour statistics.

As a result, it can be said the performance is improved: with subject’s own data,
90.1% in classification of six hand shapes is thought to be enough for use. However,
the classification rate of 77.9% with other subjects’ data is not enough for practical
use, so we should consider how to use other subjects’ data more efficiently.

3.3 Classification Experiment (2)
Evaluation of Resemblance among Subjects

In order to examine resemblance in wrist contours among subjects, classification
experiment is conducted in one-on-one combinations of training and test data.

3.3.1 Setup of Classification Experiment (2)

Classification rates are used for evaluation of resemblance among subjects. We con-
figure the resemblance evaluation matrix (28 subjects × 28 subjects). To make the
matrix, all combination (28×27) classification experiments are conducted. For each
experiment, training data only include one subject data. An element (S1, S2) of
the resemblance evaluation matrix is classification rate when using S1’s data as test
data, and S2’s data as training data.

Two feature types (A and C) are used and k-NN method is used as classification
method. This is because when classifying with AdaBoost, learners are over-fitted to
small number of training data.

3.3.2 Result of Classification Experiment (2)

One result of classification experiment (2) is shown in Tbl. 2; the result of the ex-
periment using feature type C (selected contour statistics). The row represents the
test subject and the column represents the training subject. For example, when the
test subject is subject 3 and the training subject is subject 9, the classification rate is
80.6% (the green box).

The average classification rate of all experiments is 59.8%. The rate of more than
80% elements is 11.2% (85/756), and the rate of less than 40% elements is 12.8%
(97/756).

Meanwhile, the result of experiment using feature A is as follows: the average
classification rate of all experiments is 54.3%, the rate of more than 80% elements
is 5.6% (42/756), and the rate of less than 40% elements is 20.2% (153/756). In
addition, each element of the resemblance evaluation matrixes is far different from
the one of the result using feature C.
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Table 2 Resemblance evaluation matrix (using feature C).

Each element represents classification rate [%].
Elements more than 80%,            Elements less than 40%.

11 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28
1 55.6 41.7 36.1 50.0 50.0 52.8 58.3 50.0 50.0 30.6 38.9 55.6 47.2 47.2 50.0 58.3 41.7 44.4 58.3 58.3 55.6 44.4 41.7 41.7 41.7 58.3 50.0
2 38.9 66.7 80.6 83.3 72.2 72.2 38.9 77.8 83.3 72.2 63.9 52.8 66.7 66.7 38.9 80.6 66.7 69.4 58.3 38.9 83.3 72.2 83.3 38.9 58.3 33.3 83.3
3 47.2 66.7 61.1 77.8 72.2 66.7 27.8 80.6 69.4 77.8 61.1 55.6 77.8 63.9 50.0 66.7 69.4 63.9 69.4 30.6 66.7 80.6 77.8 55.6 75.0 30.6 75.0
4 33.3 83.3 77.8 83.3 86.1 77.8 41.7 72.2 80.6 80.6 55.6 58.3 69.4 61.1 58.3 86.1 52.8 88.9 61.1 50.0 86.1 63.9 83.3 44.4 77.8 50.0 80.6
5 33.3 83.3 77.8 88.9 75.0 80.6 52.8 83.3 77.8 80.6 58.3 61.1 72.2 66.7 58.3 77.8 75.0 80.6 66.7 41.7 86.1 75.0 86.1 44.4 83.3 33.3 83.3
6 33.3 75.0 91.7 63.9 83.3 75.0 38.9 80.6 66.7 77.8 55.6 55.6 83.3 63.9 61.1 69.4 66.7 72.2 69.4 36.1 77.8 77.8 83.3 52.8 75.0 33.3 66.7
7 30.6 58.3 69.4 63.9 72.2 72.2 44.4 58.3 75.0 77.8 44.4 58.3 75.0 52.8 44.4 55.6 61.1 80.6 58.3 33.3 88.9 91.7 86.1 66.7 75.0 33.3 83.3
8 75.0 66.7 44.4 50.0 63.9 47.2 63.9 50.0 55.6 44.4 36.1 69.4 61.1 61.1 72.2 58.3 66.7 41.7 55.6 72.2 50.0 36.1 41.7 55.6 55.6 58.3 58.3
9 47.2 80.6 66.7 58.3 80.6 55.6 52.8 41.7 63.9 55.6 47.2 55.6 58.3 61.1 47.2 55.6 63.9 61.1 66.7 44.4 63.9 63.9 61.1 44.4 61.1 36.1 61.1

10 22.2 72.2 63.9 69.4 69.4 77.8 69.4 25.0 58.3 69.4 63.9 38.9 58.3 47.2 22.2 63.9 44.4 52.8 55.6 16.7 75.0 69.4 72.2 30.6 66.7 19.4 83.3
11 38.9 63.9 69.4 52.8 63.9 61.1 69.4 41.7 69.4 50.0 38.9 63.9 63.9 52.8 52.8 44.4 61.1 75.0 47.2 41.7 69.4 72.2 66.7 61.1 69.4 47.2 72.2
12 36.1 80.6 63.9 55.6 69.4 66.7 58.3 27.8 69.4 66.7 72.2 44.4 50.0 63.9 41.7 83.3 55.6 44.4 47.2 36.1 80.6 38.9 66.7 47.2 63.9 30.6 80.6
13 55.6 52.8 61.1 52.8 55.6 55.6 61.1 72.2 66.7 50.0 63.9 38.9 52.8 47.2 77.8 58.3 63.9 63.9 50.0 63.9 63.9 55.6 58.3 63.9 77.8 55.6 77.8
14 36.1 63.9 86.1 55.6 72.2 75.0 69.4 58.3 75.0 58.3 69.4 47.2 75.0 63.9 69.4 55.6 75.0 72.2 66.7 44.4 63.9 75.0 69.4 61.1 66.7 44.4 69.4
15 22.2 50.0 44.4 33.3 36.1 52.8 44.4 16.7 55.6 47.2 36.1 52.8 19.4 38.9 16.7 47.2 33.3 36.1 38.9 16.7 33.3 41.7 36.1 22.2 30.6 16.7 44.4
16 58.3 63.9 61.1 58.3 63.9 75.0 63.9 75.0 72.2 61.1 77.8 30.6 83.3 66.7 50.0 66.7 63.9 77.8 63.9 75.0 69.4 69.4 58.3 63.9 69.4 66.7 66.7
17 36.1 91.7 66.7 91.7 86.1 72.2 66.7 36.1 75.0 83.3 63.9 72.2 50.0 63.9 61.1 50.0 66.7 50.0 72.2 44.4 86.1 69.4 83.3 52.8 69.4 38.9 75.0
18 38.9 61.1 69.4 44.4 86.1 44.4 75.0 61.1 69.4 44.4 58.3 36.1 66.7 77.8 58.3 66.7 50.0 52.8 69.4 50.0 41.7 66.7 58.3 58.3 75.0 36.1 58.3
19 36.1 66.7 63.9 52.8 69.4 61.1 61.1 30.6 63.9 61.1 77.8 41.7 41.7 69.4 50.0 44.4 58.3 58.3 52.8 25.0 72.2 72.2 69.4 55.6 66.7 27.8 75.0
20 47.2 80.6 83.3 61.1 72.2 75.0 63.9 50.0 75.0 69.4 58.3 61.1 66.7 69.4 55.6 75.0 69.4 72.2 61.1 41.7 66.7 72.2 63.9 38.9 69.4 38.9 75.0
21 66.7 52.8 50.0 44.4 55.6 47.2 52.8 77.8 69.4 50.0 41.7 47.2 75.0 52.8 50.0 75.0 50.0 50.0 47.2 50.0 52.8 33.3 61.1 77.8 75.0 72.2 44.4
22 38.9 88.9 75.0 58.3 80.6 80.6 83.3 47.2 72.2 80.6 69.4 47.2 55.6 75.0 61.1 58.3 83.3 66.7 77.8 69.4 33.3 72.2 83.3 58.3 66.7 30.6 66.7
23 36.1 66.7 75.0 66.7 63.9 77.8 86.1 33.3 55.6 69.4 75.0 38.9 58.3 83.3 50.0 66.7 50.0 52.8 83.3 55.6 30.6 77.8 77.8 63.9 75.0 33.3 83.3
24 36.1 72.2 80.6 63.9 83.3 77.8 83.3 19.4 69.4 80.6 88.9 55.6 41.7 80.6 63.9 27.8 77.8 50.0 80.6 58.3 19.4 80.6 83.3 61.1 63.9 19.4 88.9
25 47.2 44.4 61.1 41.7 55.6 44.4 52.8 61.1 50.0 36.1 69.4 38.9 61.1 58.3 50.0 63.9 47.2 61.1 63.9 47.2 66.7 47.2 61.1 58.3 72.2 52.8 58.3
26 50.0 63.9 77.8 58.3 83.3 61.1 66.7 58.3 66.7 47.2 75.0 38.9 72.2 69.4 52.8 66.7 55.6 75.0 72.2 58.3 50.0 58.3 72.2 83.3 55.6 38.9 63.9
27 77.8 50.0 50.0 38.9 50.0 47.2 50.0 66.7 50.0 55.6 33.3 25.0 58.3 50.0 50.0 50.0 50.0 44.4 50.0 33.3 80.6 50.0 47.2 44.4 69.4 47.2 50.0
28 38.9 69.4 83.3 50.0 80.6 58.3 75.0 33.3 66.7 69.4 75.0 52.8 44.4 66.7 58.3 41.7 72.2 66.7 80.6 58.3 30.6 69.4 75.0 80.6 50.0 63.9 38.9
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Several insights can be drawn from the results. First, the fact that the rate of
useful combinations (more than 80%) is 11.2% and the rate of useless combinations
(less than 40%) is 12.8% indicates the necessity of a training data selection process.
Second, the resemblance evaluation matrix of feature type C and the one of feature
type A are far different, that means the definition of resemblance deeply depends
on the type of features. Therefore the training data selection processes need to be
designed respectively to the feature type. Third, when examining each subject, there
are some subjects that exert low classification rate with any combinations, so we
need to collect more data to fill the “lack” of current data.

When applying results of experiment (2) to improve classification performance,
some approaches can be candidate. One approach is making groups of highly re-
semble subjects, and then training data or classifiers are selected according to the
group that new subject belongs to. It is important to determine what model to use
as group, and number of groups, and design of group classifiers. Another candidate
approach is like a kind of filtering that selects each subject to use as training data
[12].

4 Conclusion and Future Work

We focus on wrist contour for hand shape recognition in order to overcome prob-
lems of existing recognition methods. As a measurement device, we developed a
wrist-watch-type device with photo reflector arrays. Using the device, wrist con-
tour data of six hand shapes are collected from 28 subjects. With the collected data,
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we conducted several experiments for comparison of feature types, and evaluated
resemblance among subjects.

Through classification experiment (1), it can be said the performance is im-
proved. However, the classification rate of 77.9% with other subjects’ data is not
enough for practical use and more efficient usage of other subjects’ data is essential.
Through classification experiment (2), the need of training data selection process are
confirmed. We should try on some method of grouping or selecting training data.

Our future works are as follows. In terms of design, it is necessary to downsize
the device and integrate all functions to a wrist-watch-type device. Additionally,
we need to tackle the problem of wrist pronation changes by redesigning hardware
and software. In terms of recognition performance, we need to try some approaches
such as finding other new statistics or using another classification methods to im-
prove performance. As mentioned above, an efficient training data selection process
should be designed to utilize other subjects’ data as training data.
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