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Abstract Activity recognition for the purposes of recognizing a user’s intentions using multimodal
sensors is becoming a widely researched topic largely based on the prevalence of the smartphone.
Previous studies have reported the difficulty in recognizing personalized activities of individual users
given that the collection and processing of the vast amount of activity data from multimodal sensors
are separated and performed on off-line. In addition, recognizing personalized life-logs is difficult due
to the absence of a framework which enables the addition of activities by the user themselves. In this
paper, we propose an adaptive Naive Bayes (A-NB) algorithm and hierarchical activity recognition
framework (HARF) which extends the Naive Bayes approach in an effort to personalizes the process
of activity modeling & real-time activity recognition. Based on this approach, the users can add or
model their own activities by themselves with a smartphone. The proposed algorithm demonstrates
relatively higher accuracy than the Naive Bayes approach and also enables the recognition of the user’s
activities in a mobile environment. For the purposes of evaluation, we have developed a smartphone
application. Based on this platform, the experimental results demonstrate that the proposed algorithm
has the ability to classify fifteen activities with an average accuracy of 92.96%.
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Personalized Activity Recognizer
and Logger (pPARNL)

INTRODUCTION

PARNL
Manhyung Han

August 17,2012

1.0

Android 2.3.3/ APl level 10
Personalized activity training and
recognition app. by utilizing
sensors on Samsung Nexus S,
Galaxy S2 and S3

1. Monitor sensors

2. Plot acceleration

3. My location(A-GPS)

4. Training activities

5. Recognizing activities

6. Developer's information

Press 'Menu' button to browse services!

L =

Monitor Sensors Plot Accel. My Location

Training Recognition About

(a)
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PARNL - Activity Recognition
Refresh|Rat
100 msec STOP

203,301, 302, 303, 304,

3523554€ -6 .8.90809€

00.00.00.0000.00 2 3.90809€-5,1. 2641466 -4
3411 18411€-6.0.0.00.00,00.00.00.00.00.00.00

€-6.288411€-6.2.8:
0000

(b)

& A3l

39 3% A% AN e A48 B (0 BAA

Smartphone application which implementing real-time activity recognition framework. (a) Initial state of

application. Sensor monitoring, accelerometer visualization, UI for activity training & recognition. (b) Visualizing

3-axis accelerometer values of walking activity. (¢) Screenshot of activity recognition results
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Table 2 Activity recognition accuracy table of 11 activities for validating proposed HARF

Location Home Office Outdoor
Activity | Standing | Walking | Sitting | Standing | Walking | Sitting | Standing | Walking| Sitting | Jogging | Car
Standing | 90.32 9.68 - - - - - -
Home | Walking | 10.43 83.47 6.1 - - - - - - - -
Sitting 2.56 93.44 - - - - - - -
Standing - - - 95.2 - 4.8 - - - - -
Office | Walking - - - 4.84 94.35 0.81 - - - - -
Sitting - - - 1.2 0.61 98.19 - - - - -
Standing - - - 94.34 5.66 - -
Walking - - - - - - 12.77 80.85 6.38 - -
Outdoor | Sitting - - - - - - 2.5 - 975 - -
Jogging - - - - - - 2.17 10.86 1.47 85.5
Car - - - - - - 16.25 6.25 1.25 - 76.25
HE B3 54 FAE QA AL 995% o3 th AF A9 o 5Y Lol gLvt BT A
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