
Yongpan Zou†, Qiang Yang†, Yetong Han†, Dan Wang†, Jiannong Cao‡, Kaishun Wu†

†College of Computer Science and Software engineering, Shenzhen University
‡Department of Computing, Hong Kong Polytechnic University

@Kyoto

PerCom 2019

AcouDigits: Enabling Users to Input Digits in the Air



AcouDigits: Enabling Users to Input Digits in the Air



AcouDigits – motivation

Traditional interaction interface - Keyboard



AcouDigits – motivation

For new smart devices? Small screen size / no screen!



AcouDigits - related work

Keyboard RF speech recognition IMU

Small Unstable/Device Privacy concern Wearing device

1. L. Sun, S. Sen, D. Koutsonikolas, and K.-H. Kim, “Widraw: Enabling hands-free drawing in the air on commodity wifi devices,” in Proceedings of ACM MobiSys, 2015.
2. J. Wang, D. Vasisht, and D. Katabi, “RF-IDraw: virtual touch screen in the air using rf signals,” in Proceedings of ACM SIGCOMM, 2014.
3. S. Nirjon, J. Gummeson, D. Gelb, and K.-H. Kim, “Typingring: A wearable ring platform for text input,” in Proceedings of ACM MobiSys, 2015.
4. C. Amma, M. Georgi, and T. Schultz, “Airwriting: Hands-free mobile text input by spotting and continuous recognition of 3d-space handwriting with inertial sensors,” 

in Proceedings of IEEE ISWC, 2012.



AcouDigits - related work

Hand gesture recognition

Coarse-grained HAND gesture 

Acoustic finger tracking
Two microphones are required

1. S. Gupta, D. Morris, S. Patel, and D. Tan, “Soundwave: using the Doppler effect to sense gestures,” in Proceedings of ACM CHI, 2012.
2. W. Wang, A. X. Liu, and K. Sun, “Device-free gesture tracking using acoustic signals,” in Proceedings of ACM Mobicom, 2016.
3. W. Mao, J. He, and L. Qiu, “CAT: high-precision acoustic motion tracking,” in Proceedings of ACM Mobicom, 2016.



AcouDigits - workflow

19 KHz



AcouDigits - Data preprocessing

• Denoising
− Bandpass filter: [18850; 19150]
− Direct path: Bandstop filter

• Event Detection
− Continuous 4 frequency bins 

exceed a threshold: Active
− Segment: Continuous 4 frequency 

bins less than a threshold: End

f0, the frequency of emitted signals
vs , the speed of sound 
vf , the velocity of finger motion

Doppler Effect



AcouDigits - Data preprocessing



AcouDigits – feature engineering

Feature selection (Wrapper method) 10-fold cross validation

Feature vector: Mean value and variance of AC, SC, SF



AcouDigits – Model training

� SVM
− RBF kernel
− C (penalty coefficient): 210

− Γ (kernel function coefficient): 2-10

KNN5SVM

� KNN
− K=5



AcouDigits – Model training

ANN



AcouDigits – experiment

10 digits X  6 participants X 200 repetitions = 12,000 
10 digits X 6 participants X 8 dis intervals X 50 repetitions = 24,000

8 distance intervals: 2-4-6-8-10-12-14-16cm

Setup

�Samsung Galaxy S5
�Emitting: 19 KHz
�Sampling: 44.1KHz
�Distance:2-16cm



AcouDigits – evaluation

Recognition Performance
• The overall recognition accuracy of SVM and ANN models are 89.5% and 91.7%, and are higher 

than that of KNN by 6.3% and 8.5%, respectively.

Safe Distance
• Within 8 cm, the performance remains acceptable with an accuracy no less than 91.5%.



AcouDigits – evaluation

Training Overhead
• When the number of training samples exceeds 40, the recognition accuracy increases much 

more slowly and remains nearly constant.
User Diversities 
• The recognition accuracy varies from (84.2%, 88.0%) to (94.8%, 95.2%) with (0.14%, 0.06%) 

variance among different participants due to different writing habits.



AcouDigits – evaluation

Cross-person performance

� Training AcouDigits with one participant’s data 
and testing it with another one’s data.

� Randomly selected 5 pairs
� The average accuracies for SVM and ANN are 

75.4% and 78.0%, respectively.



AcouDigits – evaluation

A Direct Extension to English Letters

� 6 (participants) 26 (letters) 100 (repetitions) =15600
� use ANN as the learning model
� The average accuracy in recognizing 26 letters is 87.4%
� Several letters have very similar writing patterns
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AcouDigits – Conclusion

� We propose a novel interface that enables users writing digits and 
alphabets in the air without wearing any additional devices.

� By careful model selection and parameters tuning, AcouDigits can 
achieve up to 91.7% recognition accuracy for digits.

� We extend AcouDigits to recognize 26 English letters, and can 
achieve an accuracy up to 87.4%.



AcouDigits – Further work

Deep learning-based [ongoing extension]
We transform acoustic signals to spectrograms, and using CNN to recognize digits 
and letters, which can achieve 94.9%  accuracy.

Writing anywhere [ongoing extension]
With the data produced by Data Augmentation at different location of devices, 
more robust AcouDigits can be trained, and user can writing digits at any location 
around the device.

Training-free text input [new work under review]
By decomposing English letters to basic strokes and modeling their intrinsic 
characteristics, we can input text without any user-training overload.
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