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Abstract

Human activity recognition by wearable sensors will
enable a next-generation human-oriented ubiquitous
computing. However, most of the existing research on
human activity recognition is based on a small humber
of subjects, and lab-created-data. To overcome this
problem, we hold HASC Challenge as a technical
challenge to collect the data for activity recognition. In
addition to HASC Challenge, we collected indoor
pedestrian sensing data of 107 people with a balance of
gender and age (HASC-IPSC). Through these data
collection, we gathered 111,968 sensor files of 510
subjects. For the convenience of the future researchers
in this field, we combined them as a single corpus
named HASC-PAC2016 and make it public. Baseline
recognition result of HASC-PAC2016 segmented data is
73.4% accuracy for overall, 81.4% for limited by
terminal position, and 85.1% with file-based
recognition. For sequence data, we only get 73.4%
even for limited subjects. This shows we need further
research of activity recognition using HASC-PAC2016.
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Introduction

Most of the researches on human activity recognition
are based on a small number of subjects and lab-
created data. Therefore, it is difficult to compare the
methods/algorithms of each research. To overcome this
problem, we have started a project named HASC*
Challenge [1] to collect large-scale human activity
corpus.

HASC Challenge is a technical challenge which

shares the data and tools, and enhances know-how to
share sensor information and knowledge about activity
recognition. In HASC Challenge, participated teams
collect body-mounted sensor data recorded by smart-
phone and submit it. We hold HASC Challenge 5 times
and composed submitted data as HASC corpora. In
addition, we collected indoor pedestrian sensing data of
107 participants with a balance of gender and age, and
composed them as HASC-IPSC? [2].

We combined activity data in all HASC corpora and
HASC-IPSC, and composed them as HASC-PAC2016>.
We open the HASC-PAC2016 public for researchers to
evaluate their methods and compare with others’.

We show baseline recognition using HASC-PAC2016.
We use 2 kinds of data type, segmented data and
sequence data (These are described in Section "HASC-
PAC2016") for recognition. Segmented data is 73.4%

! HASC: Human Activity Sensing Consortium
2 HASC-IPSC: HASC Indoor Pedestrian Sensing Corpus
3 HASC-PAC2016: HASC Pedestrian Activity Corpus 2016
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accuracy for overall, 81.4% for limited by terminal
position, and 85.1% with file-based recognition. For
sequence data, we only get 73.4% even for limited
subjects.

This paper is organized as follows: Section “Related
Work” describes large-scale corpus in activity
recognition and other recognition fields and indicates its
problem. Section "HASC Challenge” describes HASC
Challenge and gathered data. Section "HASC-PAC2016”
describes this corpus such as the files included it and
data formant. Section “Baseline Recognition Experiment”
shows the baseline recognition using some dataset of
HASC-PAC2016.

Related Work

Large-scale corpus including many subjects is important in
human information processing because the more subjects
the corpus includes the better the recognition
performance would be [3]. There are some corpora in
some fields in human information processing like:

= Speech recognition: PASL-DSR [4], UT-ML [5], TMW
(6]

= Image processing: Face [7], TRECVID [8]

= Natural language processing: CSJ] [9], BCCWJ [10]

However, there is no large corpus contains a lot of
subjects in the field of activity recognition until 2009.
Therefore, we founded HASC in 2009. At present, there
are some corpora in the field of activity recognition in
addition to HASC. UCI has provided “Machine Learning
Repository” [11] which maintains five datasets for
activity recognition as a service to the machine learning
community. For example of dataset in this repository,
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Anguita [12] composed a human activity recognition
dataset built from the recordings of 30 subjects
performing six activities while carrying a waist-mounted
smartphone. Roggen [13] composed a large-scale
corpus called "OPPORTUNITY” for activity recognition,
and proposed recognition system using it. Also,
Lockhart [14] composed a corpus collected by 59 users
wearing a smartphone to propose the benefits of
personalized smartphone-based activity recognition
models.

However, these corpora do not include more than 59
subjects. We need the dataset which includes a lot of
subjects, since the characteristics of human activity are
different among the individuals, and it greatly affects
the performance of activity recognition as
demonstrated by Lockhart [14]. To overcome this
problem, we hold HASC Challenge.

HASC Challenge 2010-2014

We hold "HASC Challenge” to gather the corpus and
technological evaluation. Up to now, HASC Challenge
has been held five times in 2010, 2011, 2012, 2013,
and 2014. Trough each HASC Challenge, we composed
each HASC Corpus. Table 1 shows the number of teams,
subjects and submitted data in each HASC Challenge.

Number of teams Number Number of

(submitted data) = of subjects sensor files
HC2010 21 116 4,898
HC2011 19 101 7,662
HC2012 17 80 8,572
HC2013 18 61 9,993
HC2014 11 45 47,934

Table 1: Number of teams/subjects/files in HASC Challenges
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We composed six HASC corpora (HASC2010corpus,
HASC2011corpus [3], HASC2012corpus [15],
HASC2013corpus, HASC2014corpus, HASC2015corpus)
as the results of each HASC Challenge.
HASC2011corpus is composed from HASC2010corpus
as the result of HASC Challenge 2010 in addition to
another 20 subjects. Moreover, we collected indoor
pedestrian sensing data of 107 people with a balance of
gender and age, and composed them as HASC-IPSC.

HASC-PAC2016

We combined activity data in all HASC corpora and
HASC-IPSC, and composed them as HASC-PAC2016.
HASC-PAC2016 is targeted for basic human activity,
which includes 6 activities: no activity(stay), walk, jog,
skip, going up stairs(stUp), going down stairs(stDown)
because they are performed regularly by many people
in their daily routines. We make the HASC-PAC2016 for
the research community to use it as a common ground
of the human activity recognition. You can download
the corpus via http://hub.hasc.jp.

HASC Activity Data Format

To share the activity data or processing functions
among the researchers and developers, activity data
format must be standardized. We have defined the
following data format as HASC activity data format for
activity understandings. The name of each file in HASC-
PAC2016 consists of file ID No and extension of file

type such as csv, label and meta. In case that the file is
sensor data file, the file name also contains sensor type.
(e.g. HASC0500010-acc.csv)

SENSOR DATA (.CSV)
We defined sensor data file format as a simple csv
format with time stamp and sensor values. For the
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acceleration data, it contains: time stamp, x, y and z
axis-acceleration values for each row. Time stamp is in
seconds with floating point. Therefore any sampling
rate data can be stored with this format. Accelerations
are in the gravitational acceleration unit

(1G = 9.80665m/s?).

e.g. HASC0500010-acc.csv
1361771068.581000,0.195312,-0.982422,-0.132812
1361771068.591000,0.189453,-0.992188,-0.111328
1361771068.600000,0.172852,-0.993164,-0.111328
1361771068.610000,0.175781,-0.991211,-0.110352

LABEL DATA FORMAT (.LABEL)

For each continuous activity data, “tag” or “label” is
required to put on the activity time period. We defined
a “.label” data format as a csv format with start-time,
end-time and label-name. Line starts from “#targetfile:”
denotes the reference to the accelerometer data. This
helps HASC Tool to show the label with the signal data.
By using this format, one can easily add any kind of
label onto the time-series data. However, definition of
the labeling is not easy. We need further research on
this area.

e.q. HASC0500010.label \

#targetfile:HASC0500010-acc.csv
#targetfile:HASC0500010-gyro.csv
#targetfile:HASC0500010-mag.csv
1.361771072246E9, start
1.3617710740270002E9,1.3617710989520001E9,stay
1.3617711005690002E9,1.361771127801E9,walk
1.3617711609210002E9,1.361771188512E9, jog
1.3617711923560002E9,1.3617712195030003E9, skip

\ /
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META INFORMATION FORMAT (.META)

For each sensor data, related information of the subject
and the data acquisition condition are important. We
defined a meta information file format to record log
version, subject’s number, gender, generation, weight,
height, shoes, terminal mount, terminal position, route,
activity type, terminal’s ID, terminal’s type, client
version, sampling rate and source corpus. The style of
the format is simple “attribute:value” pair.

e.g. HASC0500010.meta

LogVersion: 2

Person:Person1206

Gender:male

Generation:20;late

Height(cm):173

Weight(kg):70

Shoes:sneakers

TerminalMount:free
TerminalPosition:wear;outer;chest

Route: ra00

Activity: sequence

TerminallD: 4ac98181d65082ae
TerminalType: GT-I9300;SDK=16;VI=I9300XXELLB
ClientVersion: Logger+Wifi for Android; 1.0
Frequency: 100

SourceCorpus:HASC-IPSC

To visualize the sensor data of these formats, we
developed a tool named HASC Tool* (Figure 1). HASC
Tool has the following features including visualization to

* HASC Tool is Apache 2.0 Licensed open source software. You
can download it from http://en.sourceforge.jp/projects/hasc
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boost the data handling and trial-and-error process of
the signal processing.

Creating a process block diagram graph called “XBD".

By using “XBD”, one can easily automate the
processing of various signals and file processing.
Without this kind of automation, handling thousands
of files is not easy.

Both “real time” and “offline” data acquisition with
wireless sensors.

Connection with Weka® Toolkit.

Figure 1: HASC Tool (labeling mode)

Files included in HASC-PAC2016

HASC-PAC2016 contains the following files (Table 2 and
Table 3). The number of subjects is 510 people. Some
subjects have several sensors simultaneously such as
accelerometer(Acc), gyroscope(Gyro), magnetometer
(Mag), location(Loc), barometric pressure(Pressure),
proximity(Proxi) and WiFi, both in segmented data and
sequence data. Also, the number of subjects is 81

> Weka Toolkit is a data mining/machine learning tool developed
by Waikato Univ. (http://www.cs.waikato.ac.nz/ml/weka/)
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people in Real World data. We will describe about
segmented, sequence and real world data. Data size is
9.26GB in total.

Number of subjects Sensor Type = Number of files
Acc 40,702
Gyro 28,644
Mag 25,361
(Male 390,5I1:2male 120) Loc 1,881
Pressure 6,810
Proxi 534
Light 559
WiFi 6,536
Total 111,027

Table 2: Statistics of basic activity data in HASC-PAC2016

Number of subjects Sensor Type = Number of files

Acc 307

Gyro 296

Mag 270

(Male 65,8F1emale 16) Loc 40
Pressure 5

Proxi 11

Light 12
WiFi 0

Total 941

Table 3: Statistics of real world data in HASC-PAC2016

HASC-PAC2016 consists of segmented, sequence and
real world data. These data types are described as
follows.
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SEGMENTED DATA (MOSTLY FOR TRAINING DATA) in HASC-PAC2016. Figure 4 shows subject’s weight and
For each file, more than 20 sec continuous single height in HASC-PAC2016.
activity is recorded.

1% 2%
SEQUENCE DATA (MOSTLY FOR TEST DATA) 1
The data file of each subject includes an activity

sequence of 300 sec of all the previously mentioned 6 ¥ waist
labeled activities. (Each activity should be longer than Marm
10 sec.) Therefore, sequence data is similar to the M bag
actual behavior of human basic activity. B chest
|
REAL WORLD DATA foot
The label data of real world data includes the ®other

movement between landmarks. Each movement
between landmarks is consisted of many consecutive
events. Therefore, we can try to estimate the route
using landmark information.

Figure 2: The rate of terminal position among metadata files

on HASC-PAC2016
We have improved data format of HASC Challenge

since HASC Challenge2011 because of the lesson from

HASC Challenge 2010. The changes are as follows: 1% -1%

: B Samsung
= Detailed terminal position with metadata. ® Apple
= The extended the duration of (data reading/activity ®ATR

recognition) from 2mins to 5mins. .G
= Collected the data from all sensors. B SHARP

(Not only acceleration sensor.)

B SONY
= Collected real world data.
HTC

All sensor data in HASC-PAC2016 have metadata that other
contains some tags. There are many types of tags of
the meta information file in HASC-PAC2016. These tags
are varied according to each subject. Figure 2 shows Figure 3: The rate of smartphone manufacturers

the rates of the terminal position in HASC-PAC2016. in HASC-PAC2016
Figure 3 shows the rates of smartphone manufacturers
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Figure 4: Subject’s weight and height on HASC-PAC2016

Baseline Recognition Experiment

By using a large-scale human activity corpus, we can
perform various research tasks. In this section we show
the baseline recognition through simple experiment for
evaluation using HASC-PAC2016. In this experiment,
we use 2 kinds of dataset. One contains all terminal
position (40702 acceleration files of 510 subjects),
another is the data which is collected with the terminal
being put in the right pocket. (2,998 acceleration files
of 62 subjects) We use acceleration data for activity
recognition in all experiments because the number of
subjects decreases in case that we extract the data
which contains both of accelerometer and gyroscope.
To recognize the user activities, we use random forest
algorithm by Scikit-learn [16], because HASC Tool does
not include random forest algorithm yet. (We will
implement new algorithm such as random forest to
HASC Tool.)
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Data Pre-processing & Feature Computation

Because HASC-PAC2016 contains various sampling
frequency, we resample acceleration data to 100Hz.
Some of HASC-PAC2016 sensor data file contains
initialization or terminating behavior of data collection,
we remove the first 2 seconds and the last 5 seconds
for each file.

We use the following features [17,18] on 4 seconds
windows of acceleration data with 2 seconds
overlapping between consecutive windows for x, y, z,
and norm. Thus, we use 52 features (13X 4).

= Average
= Standard Deviation

= The difference between “maximum value” and
“minimum value”

= Power Spectrum:
Power spectrum is computed from the result of FFT.
From 0.5Hz to 5Hz(0.5Hz intervals)

To maximize the recognition result, we examine the
effects of the power spectrum for recognition. In
previous research Bao [17] uses low frequency of
power spectrum because it is effective for human
activity recognition. On contrast, this examination uses
the specific frequency divided 13 patterns (From 0.5Hz
to 50Hz as shown in Figure 5) to find out effective
range of power spectrum for activity recognition. In this
examination, we use the data which is collected with
the terminal being put in the right pocket. (2,998
acceleration files of 62 subjects). The result is shown in
Figure 5. Figure 5 shows that the performance peak is
on 0.5~5Hz and tends to decrease gradually over
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0.5~10Hz. Therefore, we used the range of power
spectrum between 0.5Hz and 5Hz for activity

recognition.

R R DR R RQLQ L QL
PrAF AP P A

95

F-measure
(%) o (Vo)
N w Iy

o)
-

Yol
o

maximum value for each range of used power spectrum [Hz]

Figure 5: F-measure for each range of used power spectrum
(From 0.5Hz to 50Hz as maximum)

Recognition using Segmented Data

WINDOW-BASED RECOGNITION

We use only segmented data for training and testing.
80% of the data is for training, and other 20% is for
testing as 5-fold cross validation. The result of each
window is shown in Table 4. This result indicates that
most of errors are a result of confusing walking with
going up or down stairs and skip with jog. These two
confusions may be due to the similar period between
footsteps in these activities.

In the recognition as above, we use the dataset
contains all terminal position. However, sensor data
recorded in each terminal position is different.
Therefore, we extract the data recorded in right pocket
from HASC-PAC2016 to arrange experiment condition,
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and use it for recognition. The result is shown in Table
5.

Classified Class

a b [ d e f

a = stay 23755 383 296 295 242 190
" b = walk 1682 28310 402 690 8772 5654
'_3 ¢ = jog 1205 670 38391 1236 503 2063
g d = skip 1253 849 2229 35785 782 3064
< e = stUp 1216 8114 246 785 23047 6702

f = stDown 1325 6757 959 1777 8431 20795

Precision [%] 86.8 62.8 90.3 88.2 55.2 54.1

Table 4: Confusion matrix on window-based recognition using

the data contains all terminal position (40702 acceleration files

of 510 subjects)

Classified Class
a b c d e f

a = stay 2315 21 40 1 30 5
w Db =walk 52 1598 11 9 401 246
é c = jog 15 26 2034 61 34 59
g d = skip 9 3 168 2043 14 9
“t) e = stUp 7 211 1 14 1662 285

f = stDown 4 194 19 23 246 847

Precision [%] 96.4 77.8 89.5 95.0 64.7 58.4

Table 5: Confusion matrix on window-based recognition using
the data which is collected with the terminal being put in the
right pocket. (2,998 acceleration files of 62 subjects)

Recall
[%]

96.9
62.2
87.1

81.4

51.9

73.4

Recall
[%]

96.0
69.0
91.3
91.0
76.2
56.0
81.4
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FILE-BASED RECOGNITION

In segmented data, each file only contains single
activity. Therefore, we apply file-based recognition
using most classified activity in each file. Table 6 shows
the confusion matrix on file-based recognition. Table 6
shows the activity recognition performance for each
activity. As a result of file-based recognition,
performance for each activity is improved. The average
accuracy increases from 81.4% to 85.1%.

Classified Class

Actual Class

Recall

a b c d e f [%]

a = stay 546 1 4 0 0 0 99.1

b = walk 4 384 4 1 59 57 75.4

c = jog 0 14 463 5 3 26 90.6

d = skip 0 0 27 491 2 0 94.4

e = stUp 0 9 0 1 347 55 84.2

f = stDown 1 35 2 6 110 198 56.3
Precision [%] 99.1 86.7 92.6 97.4 66.6 58.9 85.1

Table 6: Confusion matrix on file-based recognition using the
data which is collected with the terminal being put in the right
pocket. (2,998 acceleration files of 62 subjects)

Recognition using Sequence Data

We use segmented data for training and sequence data
for testing. In this evaluation, we do not use the file-
based recognition as majority rule because we could
not determine the period of activity unlike the case of
using segmented data for testing. The result of this
recognition is shown in Table 7. The performance is
73.4% accuracy.
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Actual Class

Classified Class

Recall

a b c d e f [%]

a = stay 1544 15 7 9 39 31 93.9

b = walk 10 1034 24 83 358 467 52.3

¢ = jog 9 4 872 67 14 17 88.7

d = skip 5 8 58 798 25 18 87.5

e = stUp 12 108 9 26 669 207 64.9

f = stDown 8 105 34 24 156 488 59.9
Precision [%] 97.2 81.2 86.9 79.2 53.1 39.7 73.4

Table 7: Confusion matrix using sequence data for testing

Conclusion

In this paper, we introduce large-scale corpus “HASC-
PAC2016"” which contains 510 subjects with 111,968
sensor data files as the result of HASC Challenge and
HASC-IPSC over 5 years. We also evaluated the
performance as baseline for activity recognition using
HASC-PAC2016. We demonstrated baseline recognition
result of HASC-PAC2016 segmented data is 73.4% for
overall, 81.4% for limited by terminal position, and
85.1% with file-based recognition. For sequence data,
we only get 73.4% even for limited subjects. This
shows we need further research of activity recognition
using HASC-PAC2016. We would be glad if this data
could be used in basic and applied research and
contribute further to advancement in the fields of
activity recognition.
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