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Abstract

To improve the ability of touch screen systems to recognize the locations of taps
correctly, we adopt different machine learning models to our data. We first design an
experiment to compare the accuracy of the system’ s recognition on tap location and hand
gestures when elderly people interact with touch screens. We then collect multiple tap data
and touching tracks from random elderly people, and train different models to reduce the
error rate and error distance of the system and compare the accuracy of each model to
determine if they suit the features of our experiment, reaching a model which improves the
accuracy of the tap data effectively and efficiently, that 1s, Random Forest Regressor. We
use Random Forest Regressor to conduct our following experiments. Resault shows a
significant increase in tap accuracy, which 1s up to 32.3%. Lastly, we place the trained model

into smartphones and reach an accuracy of 97.5%.
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Linear Regression

[[2.41798892e-01 -5.18151204e-02  7.51755071e-01  4.70149356¢-02
-3.98619422e-02 -2.07155715e+01  6.38261209e+00  2.26007561e+01
1.75565353e+01 -1.40214544e+01 -5.13643226e+01 -4.56816813e+01

7.63872783e+00  2.87622974e+01  2.81254697e+01]
[ 1.76421823e-01  3.03032457e-01 -1.76413409¢-01 ~ 7.06554640e-01
2.12179276¢-01 -1.91027063e+01 -4.19591415e+01 -1.09109160e+01
-4.72260148e+01  8.66488779%e+01  2.23198973e+01  1.04789100e+02
-4.46895839e+01 -1.14083379e+01 -5.75581843¢e+011]

Ridge Regression

[ 023422133 -0.04926419  0.75924647  0.04442937 -0.04533287
-17.97871935  0.23855894  0.59121483  -4.72754276 -1.53673222
-6.11525161  0.88818052  1.29812269  5.5230274 3.84013832]
[ 0.16927805  0.30304257 -0.16931558  0.70659289  0.20822054
-17.08714276  -1.50314194  0.3278344 3.03491176  5.5508724
-0.41344712 2753128717 -4.04747434  0.08624638 -5.78341201]]

Lasso

[[ 5.51610855e-01 -5.52213214e-04  4.41312682¢-01 -4.85834569-03
-6.23540318e-02 -0.00000000e+00  7.98781276¢-05  0.00000000e-+00
2.01117533e-03  0.00000000e+00  2.85105140e-04  6.19761413e-04
0.00000000e+00  1.49719396e-04  3.72106952e-04]

[ 6.86011343e-02  7.92273860e-01 -6.84801326e-02  2.17104222¢-01
3.31341879¢-02 -0.00000000e+00 -3.34189993e-04  2.58042363e-04
5.37571759-04 -5.45212185e-05  1.29667740e-04  2.28399532e-06

-1.76094740e-04  2.57607360e-05 0.00000000e+001]

Elastic Net

[[ 5.42699551e-01 -4.20721319e-03  4.50167704e-01 -1.16438554e-03
-4.25053979e-02 -0.00000000e+00  7.18019090e-05  0.00000000e+00
1.98085942e-03  0.00000000e+00  2.80045500e-04  6.32209450e-04
0.00000000e+00  1.51824740e-04  3.85546295¢-04]

[ 2.78333728e-02  7.81560040e-01 -2.76516031e-02  2.27815615e-01
1.45311267e-02 -0.00000000e+00 -3.15727469¢-04  2.46983471e-04
5.37250769e-04 -4.88657724e-05  1.30294156e-04  1.35022851e-05

-1.70478328e-04  2.86589875e-05  0.00000000e+00]]
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