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ABSTRACT
Users operate smartwatches with touch gestures (e.g., tap, double–
tap, swipe); however, the displayed target’s small size causes tapping
errors. Since the smartwatch’s input space is covered by the user’s
finger, the user cannot verify the point to be tapped. In addition,
users who wear smartwatches on their wrists must operate the
smartwatch with the opposite hand, making it difficult to control
the smartwatch when one hand is occupied. Therefore, we designed
a one–handed control method that can execute operations by using
the hand wearing a smartwatch and extending the input space. To
detect thumb gestures, we designed a ring device equipped with
photoreflectors. We implemented a system for detecting thumb
gestures using time series data and the frequency power spectrum
obtained by Fast Fourier Transformation of the time series data
for Support Vector Machine. In a user study with five participants,
the leave–one–participant–out cross–validation accuracy of the
system to detect five thumb gestures was 87.33%.
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1 INTRODUCTION
Users operate smartwatches with touch gestures; however, since the
input space displayed [8] is small, it causes tapping errors (fat finger
problem) [6, 10]. In addition, the input space of the smartwatch
is covered by the user’s finger, so the user cannot see where to
tap (occlusion problem) [6, 10, 12]. Furthermore, users who wear
a smartwatch on their wrists must operate the smartwatch with
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Figure 1: The ring device with three photoreflectors made to
detect thumb gestures. The red frame indicates the photore-
flector.

Figure 2: The posture of the hand at the start of each gesture
and the gesture movement.

the opposite wrist’s hand, making the smartwatch operation more
challenging when one hand is full and cannot be used [11]. We
consider that this problem can be solved by allowing the user to
operate the smartwatch with only one hand. The fat finger and
occlusion problems are caused by the smartwatch’s small screen
and the user’s touch interaction. Therefore, we designed a one–
handed control method that can be operated by the hand wearing
a smartwatch and extends the input space. To detect gestures, we
implemented a ring device with three photoreflectors (Fig. 1). Our
ring device detects thumb gestures using machine learning. The
contributions of our work are as follows:

• We designed a ring with photoreflectors to capture
the distance between the ring and the thumb.

• We used both the time series data of the gestures
and the frequency power spectrum as features for
machine learning, which enabled the system to de-
tect five different thumb gesture movements.
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Figure 3: The confusion matrix about the average detection
accuracy of leave–one–participant–out cross–validation with
five participants.

2 RELATEDWORK
Several studies [1, 3, 5, 9, 11, 13] have been conducted to solve the
fat finger and occlusion problems in smartwatches and the need
for two–handed operation. The following studies that extend the
input space have been conducted to solve these problems. Schnee-
gass et al. [9] proposed a method to detect the gesture of tracing a
finger over touch sensitive fabrics attached to the forearm. Zhang
et al. [13] proposed a method to detect multiple types of taps on
the surrounding skin using the inertial sensors and microphone
of a smartwatch. The following methods have been proposed for
one–handed operation and extended input space. Laput et al. [5]
proposed a method to detect vibrations during a gesture by col-
lecting them from smartwatch accelerometers. Hamdan et al. [3]
proposed a method to detect the body part tapped by a user us-
ing motion capture. Aoyama et al. [1] proposed a method to detect
left–right sliding controls by estimating the amount of thumbmove-
ment on the side of the index finger using a wrist–worn device.
This method is similar to ours in that they perform thumb gestures.
Our method is superior in that it can detect five gesture types.

One–handed operation methods using ring devices [2, 4, 7, 14]
have been proposed. Ogata et al. [7] proposed a method to detect
finger flexion and rotation by acquiring changes in the finger’s
skin shape using infrared distance sensors attached to a ring. This
method requires appropriate rings for users’ fingers, which vary
widely in size and shape. Nonetheless, our method does not acquire
information on the inside of the ring, there is no need to prepare a
ring that fits each user’s finger closely.

3 IMPLEMENTATION
We set five thumb gestures—anticlockwise, clockwise, left swipe,
right swipe, and turn swipe (Fig. 2); because they are easy to control
and correspond to a smartwatch’s scrolling control. Therefore, we
designed a ring device to detect five thumb gestures (Fig. 1). The
ring device consists of a ring and three photoreflectors. The body
of the device was fabricated on a 3D printer (Ultimaker3 Extended)
using PLA filament. RPR–220 was used as the photoreflector. Three
photoreflectors were arranged in a triangle shape to distinguish
between vertical and horizontal thumb movements. Each of the

three photoreflectors acquires the sensor value of the distance to
the thumb. The photoreflectors are connected to a microcontroller
(Arduino Nano), and the sensor data are sent to the computer. When
we collected sensor data during gestures using our ring device, we
acquired data at approximately 88Hz. In this study, we used both the
time series data of the gestures and the frequency power spectrum
obtained by Fast Fourier Transformation (FFT) of the time series
data as features to verify the detection accuracy using Support
Vector Machine (SVM).

4 USER STUDY
We conducted a study to investigate the accuracy of gesture detec-
tion. This section provides an overview, followed by data processing,
the results, and a discussion of the study.

In this study, five people (23–26 years old, M=24.6 years old,
SD=1.36 years old, all male, all right–handed) in our laboratory
including the author, participated as volunteers. Participants wore
the ring device on their left hand and performed five gestures.
We asked the participants to perform each gesture within three
seconds. We collected sensor data for 375 repetitions (5 gestures ×
15 repetitions × 5 participants).

4.1 Results
The sensor data collected from each participant were formatted into
a total of 80 feature points: 20 feature points before the threshold
and 60 feature points after the threshold. In addition, this time
series data was transformed into a power spectrum by FFT, and 41
feature points were obtained. Finally, the combined data of these
features (121 feature points) were used for SVM. Incidentally, there
were three missing gestures in the data collected this time, and they
were not used for SVM. The average detection accuracy was 87.33%
about leave–one–participant–out cross–validation (Fig. 3).

4.2 Discussion
Fig. 3 shows many false positives for anticlockwise and left swipe
combinations and for clockwise and right swipe combinations. The
sensor data showed that the shape of the graphs for anticlockwise
and left swipe combinations, and for clockwise and right swipe
combinations were similar for some participants. In addition, when
the clockwise or anticlockwise gesture duration was extremely
short, it could be falsely detected as a left or right swipe. When
we compared and analyzed the sensor data, we observed that the
behavior of each sensor value at the beginning of the gesture was
similar, possibly affecting gesture detection accuracy. Therefore,
we will try to improve accuracy by changing the arrangement of
the three sensors.

5 CONCLUSION
We proposed a one–handed control method for smartwatches. In
thismethod, a ring devicewas designed, and SVMwas used to detect
thumb gestures. A user study with five participants demonstrated
that our system could detect five thumb gestures with an average
accuracy of 87.33%. Since there were only five participants in this
study, we plan to conduct the study with more participants in
the future, expanding participant demographics to include women
and left–handed people. Furthermore, we will attempt to add new
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features to the system to make detection more robust and to verify
the system’s accuracy.

REFERENCES
[1] Shuhei Aoyama, Buntarou Shizuki, and Jiro Tanaka. 2016. ThumbSlide: An

Interaction Technique for Smartwatches Using a Thumb Slide Movement. In
Proceedings of the 2016 CHI Conference Extended Abstracts on Human Factors in
Computing Systems (Santa Clara, California, USA) (CHI EA ’16). Association for
Computing Machinery, New York, NY, USA, 2403–2409. https://doi.org/10.1145/
2851581.2892435

[2] Liwei Chan, Yi-Ling Chen, Chi-Hao Hsieh, Rong-Hao Liang, and Bing-Yu Chen.
2015. CyclopsRing: Enabling Whole-Hand and Context-Aware Interactions
Through a Fisheye Ring. In Proceedings of the 28th Annual ACM Symposium on
User Interface Software & Technology (Charlotte, NC, USA) (UIST ’15). Association
for Computing Machinery, New York, NY, USA, 549–556. https://doi.org/10.
1145/2807442.2807450

[3] Nur Al-huda Hamdan, Ravi Kanth Kosuru, Christian Corsten, and Jan Borchers.
2017. Run&Tap: Investigation of On-Body Tapping for Runners. In Proceedings of
the 2017 ACM International Conference on Interactive Surfaces and Spaces (Brighton,
United Kingdom) (ISS ’17). Association for Computing Machinery, New York, NY,
USA, 280–286. https://doi.org/10.1145/3132272.3134140

[4] Lei Jing, Zixue Cheng, Yinghui Zhou, Junbo Wang, and Tongjun Huang. 2013.
Magic Ring: A Self-Contained Gesture Input Device on Finger. In Proceedings of
the 12th International Conference on Mobile and Ubiquitous Multimedia (Luleå,
Sweden) (MUM ’13). Association for Computing Machinery, New York, NY, USA,
Article 39, 4 pages. https://doi.org/10.1145/2541831.2541875

[5] Gierad Laput, Robert Xiao, and Chris Harrison. 2016. ViBand: High-Fidelity Bio-
Acoustic Sensing Using Commodity Smartwatch Accelerometers. In Proceedings
of the 29th Annual Symposium on User Interface Software and Technology (Tokyo,
Japan) (UIST ’16). Association for Computing Machinery, New York, NY, USA,
321–333. https://doi.org/10.1145/2984511.2984582

[6] Ali Neshati, Bradley Rey, Ahmed Shariff Mohommed Faleel, Sandra Bardot, Ce-
line Latulipe, and Pourang Irani. 2021. BezelGlide: Interacting with Graphs on
Smartwatches with Minimal Screen Occlusion. In Proceedings of the 2021 CHI
Conference on Human Factors in Computing Systems (Yokohama, Japan) (CHI ’21).
Association for Computing Machinery, New York, NY, USA, Article 501, 13 pages.
https://doi.org/10.1145/3411764.3445201

[7] Masa Ogata, Yuta Sugiura, Hirotaka Osawa, and Michita Imai. 2012. iRing:
Intelligent Ring Using Infrared Reflection. In Proceedings of the 25th Annual ACM
Symposium on User Interface Software and Technology (Cambridge, Massachusetts,
USA) (UIST ’12). Association for Computing Machinery, New York, NY, USA,
131–136. https://doi.org/10.1145/2380116.2380135

[8] R. L. Potter, L. J. Weldon, and B. Shneiderman. 1988. Improving the Accuracy of
Touch Screens: An Experimental Evaluation of Three Strategies. In Proceedings
of the SIGCHI Conference on Human Factors in Computing Systems (Washington,
D.C., USA) (CHI ’88). Association for Computing Machinery, New York, NY, USA,
27–32. https://doi.org/10.1145/57167.57171

[9] Stefan Schneegass and Alexandra Voit. 2016. GestureSleeve: Using Touch Sen-
sitive Fabrics for Gestural Input on the Forearm for Controlling Smartwatches.
In Proceedings of the 2016 ACM International Symposium on Wearable Computers
(Heidelberg, Germany) (ISWC ’16). Association for Computing Machinery, New
York, NY, USA, 108–115. https://doi.org/10.1145/2971763.2971797

[10] Katie A. Siek, Yvonne Rogers, and Kay H. Connelly. 2005. Fat FingerWorries: How
Older and Younger Users Physically Interact with PDAs. In Human-Computer
Interaction - INTERACT 2005. Springer Berlin Heidelberg, Berlin, Heidelberg,
267–280.

[11] Hongyi Wen, Julian Ramos Rojas, and Anind K. Dey. 2016. Serendipity: Finger
Gesture Recognition Using anOff-the-Shelf Smartwatch. In Proceedings of the 2016
CHI Conference on Human Factors in Computing Systems (San Jose, California,
USA) (CHI ’16). Association for Computing Machinery, New York, NY, USA,
3847–3851. https://doi.org/10.1145/2858036.2858466

[12] Wataru Yamada, Hiroyuki Manabe, and Daizo Ikeda. 2018. CamTrackPoint:
Camera-Based Pointing Stick Using Transmitted Light through Finger. In Proceed-
ings of the 31st Annual ACM Symposium on User Interface Software and Technology
(Berlin, Germany) (UIST ’18). Association for Computing Machinery, New York,
NY, USA, 313–320. https://doi.org/10.1145/3242587.3242641

[13] Cheng Zhang, AbdelKareem Bedri, Gabriel Reyes, Bailey Bercik, Omer T. Inan,
Thad E. Starner, and Gregory D. Abowd. 2016. TapSkin: Recognizing On-
Skin Input for Smartwatches. In Proceedings of the 2016 ACM International
Conference on Interactive Surfaces and Spaces (Niagara Falls, Ontario, Canada)
(ISS ’16). Association for Computing Machinery, New York, NY, USA, 13–22.
https://doi.org/10.1145/2992154.2992187

[14] Cheng Zhang, AnandghanWaghmare, Pranav Kundra, Yiming Pu, Scott Gilliland,
Thomas Ploetz, Thad E. Starner, Omer T. Inan, and Gregory D. Abowd. 2017.
FingerSound: Recognizing Unistroke Thumb Gestures Using a Ring. Proceedings
of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies 1, 3,
Article 120 (sep 2017), 19 pages. https://doi.org/10.1145/3130985

https://doi.org/10.1145/2851581.2892435
https://doi.org/10.1145/2851581.2892435
https://doi.org/10.1145/2807442.2807450
https://doi.org/10.1145/2807442.2807450
https://doi.org/10.1145/3132272.3134140
https://doi.org/10.1145/2541831.2541875
https://doi.org/10.1145/2984511.2984582
https://doi.org/10.1145/3411764.3445201
https://doi.org/10.1145/2380116.2380135
https://doi.org/10.1145/57167.57171
https://doi.org/10.1145/2971763.2971797
https://doi.org/10.1145/2858036.2858466
https://doi.org/10.1145/3242587.3242641
https://doi.org/10.1145/2992154.2992187
https://doi.org/10.1145/3130985

	Abstract
	1 Introduction
	2 Related Work
	3 Implementation
	4 User Study
	4.1 Results
	4.2 Discussion

	5 Conclusion
	References

