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INTRODUCTION

On-body sensor-based human activity recognition (HAR) is a vital research area that is lagging behind its
compatriots. HAR is widely used for a variety of applications, from human computer interaction and user
authentication-based security systems to healthcare uses such as Parkinson disease prediction and fitness tracking
wristbands [5, 7, 32, 42, 55] as shown in figure 1. However, despite its utility the HAR field has yet to experience
significant improvements in activity recognition performance; this is in stark contrast to breakthroughs evident
in other fields [29], such as speech recognition [25], natural language processing [17], and computer vision [23].
A key difference that separates HAR from those fields is that each of those domains has significantly large amount
of labeled data. For instance, the ImageNet dataset [16] has approximately 14 million images, and the "One
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Fig. 1. A wide variety of HAR applications: (a) Human-computer interaction (b) healthcare (c) gait authentication (d) tracking
everyday activities

billion words" benchmark [8] contains literally one billion words, and both datasets are publicly available. Large
datasets are vital for deriving robust recognition models that strongly generalize across application boundaries.
In contrast HAR does not have the same magnitude of data; generally the scale of human activity datasets are
small, thereby only covering limited sets of activities with insufficient data for generalization [7, 26, 46, 55]. Even
the largest, accessible, sensor-based activity dataset only spans a few users with relatively short durations [5, 40].
For example, the Daphnet freezing of gait dataset [5] only has 5 hours of sensor data in total, collected across 10
participants, and the PAMAP2 dataset [40] has 7.5 hours of sensor data collected across 9 participants. Models
derived from sparse datasets are less likely to generalize well, especially when compared with models created
using larger datasets. Deep learning speech transcription models are a common household item these days, they
exist on most smartphones and smart home devices, and are usable by anyone, including voices transmitted from
speakers or a television. Opposite that, most HAR models have inferior performance when generalized to other
users. Researchers are hampered by the lack of available data, making it difficult to create models that perform
well across other users. Furthermore, only a limited amount of activity datasets, usually coarse-grained, are made
publicly available. These kinds of datasets are not adequate for conducting new and fine-grained HAR research,
such as mid-air micro finger writing recognition.
In order to achieve the breakthroughs experienced by other fields, like computer vision and speech recognition,
HAR needs greater availability of data. Therefore, it is imperative that researchers working with on-body sensorbased HAR collect more datasets. However, on-body sensor-based HAR data is challenging to collect and label,
especially compared to data in other domains, like computer vision, where data is easily accessible. Since HAR
data is not readily available creating new datasets often requires researchers to design and implement human
research studies, making that data laborious, complicated, and error-prone. (see section 3.2.1) During our surveys
and interviews in the preliminary study (Section 3) all student researchers cited data collection as the greatest
barrier in their research. One fourth-year Ph.D. candidate (P4) lamented that he spent two years solely on
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 1, No. 1, Article . Publication date: July 2021.

SenseCollect: We Need Efficient Ways to Collect On-body Sensor-based Human Activity Data! •

3

collecting data only to have the majority of the datasets rendered useless due to high levels of error. Many
students stated that they had difficulty finding participants and often had to beg their friends to participate in
their data collection experiments. This kind of situation puts additional stress on the researchers, especially when
a friend might get frustrated and quit the experiment partway through, leaving the researcher with no data and
an annoyed friend. Additionally students observed that impatient participants generally had lower accuracy data,
and that all participants frequently made unconscious motions which polluted the dataset. Recently collecting
data has become incredibly difficult due to the COVID-19 pandemic, and many interviewees’ research projects
have been significantly delayed due to their inability to meet participants for data collection in many countries.
One interviewee (P10) mentioned that he has given up on research in the area of on-body sensor-based HAR in
favor of natural language processing (NLP), citing the exhausting data collecting experiments required for HAR
research as the primary reason he switched fields.
We have identified three main challenging aspects of on-body sensor-based data collection:
1 Collecting activity data with sensors from human bodies is tedious, laborious and time-consuming.
2 It is difficult to collect activity data that is subsequently used for manual data annotation since the on-body
sensor’s signals are not easily understood by people.
3 Since on-body sensor-based human activities do not have sensing feedback, such as vision or audio, the
datasets are easily polluted by deformed activities and unconscious motions, thus being error-prone.
Given the above challenges, how can we facilitate efficient data collection for HAR researchers? The HAR
field needs more datasets, but how can we assure the data quality and prevent data pollution from participants’
different personalities and unconscious motions?
In this paper we present SenseCollect, a framework that includes data collection guidelines and software to
collect on-body sensor-based HAR data. SenseCollect was developed based on the results from a three-phase
study designed to address the above questions and explore ways to overcome the challenges of data collection. In
order to improve the quality and quantity of HAR data available it is necessary to attain a better understanding
of what the influential factors in HAR data collection are, with the goal of swiftly increasing data collection so
that a large on-body sensor-based HAR dataset collection can be achieved. First, we did a preliminary study
where we did a survey and interviewed student researchers in HAR research who have had experience with
on-body sensor-based human activity data collection. We then used that data to explore efficient data collection
by developing a system to collect data and conducting a series of control variable experiments to investigate the
impact that different ways of organizing participants and different potential factors can facilitate or complicate
the data collection. In the third phase, we conducted a study that allowed us to simultaneously explore the impact
that several factors have on data collection while also creating two new HAR datasets which are, to the best of
our knowledge, the two largest HAR datasets available.
Our studies involved over 240 participants in total, allowing us to gather information and data from a variety
of different people. Over the course of the study we discovered several different factors that potentially impact
the data collection process, both the data quality and the amount collected. Later in our paper we present our
findings and discuss how their influence can be utilized to improve research techniques going forward. As a
culmination of our experiments, SenseCollect presents guidelines on how different ways of organizing human
participant studies can affect data collection, as well as what factors may impact collecting data. Factors tested
include using sensing feedback, providing techniques to address the effect of the psychologically uninteresting
nature of the data collection, imposing data quality requirements, using people monitoring, and setting time
limits on data collection periods.
By combining social science techniques, control variable experiments, and assistance-based system development,
SenseCollect broke through the various obstacles of on-body sensor-based HAR dataset collection and found
an efficient way to collect large and accurate datasets. SenseCollect is suitable for collecting data during a
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 1, No. 1, Article . Publication date: July 2021.

4 •

Chen et al.

pandemic. 5.1 Also, we collected two on-body sensor-based HAR datesets successfully, based on our findings.
These datasets are publicly available and it can be downloaded at https://www.jianguoyun.com/p/DVaDqQQ2enUCBiLx-AD. We believe that they are the largest on-body sensor-based HAR datasets available, and
include 192 hours of finger writing data from 32 subjects, and 113 participants’ data of on-body tapping. Note
that SenseCollect is meant to get ground truth training data and so this data must be correct (and labeled as
such). We trained models for these two datasets and obtained average validation accuracy at about 90% and 91%
respectively. We also evaluated the training dataset quality with real-time test data in practice with a user study
(see section 6.4). We believe these datasets are able to contribute to many future research projects. (see section 6.5).
Additionally we developed a system for Windows, Mac and Android computers to assist in the data collection;
this software can be downloaded at the same link. Note that we do not claim SenseCollect is the best way to
collect on-body sensor-based HAR datasets, however it is a significant improvement over today’s methods.
In summary, the major contributions of this paper are as follows:
• SenseCollect is able to obtain large, accurate datasets collected in a short time period of days or weeks,
where as current practices often take months and frequently result in small datasets that are error-prone.
• We investigated, identified, and experimented with the difficulties for on-body sensor-based human activity
data collection with 241 subjects and found an efficient way to collect much larger and accurate datasets
than currently exists.
• Using information gathered by a preliminary study, we identified and analyzed how key factors mentioned
above influence HAR data collection. To study these factors we used a highly demanding HAR data
collection, i.e., finger writing in the air based on vibrations through the hand to a smart watch.
• After analyzing the effects of these factors, We created a data collection assistance system and collected
the two largest on-body sensor-based HAR datasets that exist from 163 participants. The data collection
system and the datasets are publicly available.
• Additional experiments were conducted with these new datasets using neural networks, such as GRU-CTC
models, resulting in about 90% accuracy.

2

STUDY PROCEDURE

In order to facilitate student researchers in collecting larger on-body sensor-based HAR datasets efficiently
and easily, SenseCollect conducted a study consisting of three phases as shown in Figure 2. To understand the
difficulties of collecting on-body sensor-based human activity data, we began our first phase study which used
surveys and semi-structured interviews from student researchers. We were interested in recruiting students
working in on-body sensor-based human activity recognition and who have had experience collecting data for
their research. From this study we determined several potential factors affecting data collection. Based on this
preliminary study, in phase two we designed further experiments to investigated what and how the affecting
factors may complicate the data collection. Here we used a quasi-experimental design to test which factors
potentially influence data collection. In phase three we implemented the experimental design using the identified
factors as independent variables, and then we analyzed our results and developed guidelines for data collection
based on our findings. The studies involved 241 human subjects in total, including three researchers, 50 survey
participants, five in group A, eight in Group B, 62 in Group C, and 113 in generalized experiments. Note that all
of the experiments involving human subjects conformed to the relevant regulations of our institute. The details
for each phase are described below.
• Phase 1- Preliminary study: We did a survey from 50 student researchers and interviewed ten of them to
understand the difficulties of on-body sensor-based human activity data collection. From this interview, we
identified difficulties in conducting human involved experiments. Additional challenges identified included
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 1, No. 1, Article . Publication date: July 2021.

SenseCollect: We Need Efficient Ways to Collect On-body Sensor-based Human Activity Data! •

5

Fig. 2. Overall study procedure

that on-body sensor-based datasets are error-prone, and that data collection is tough for student researchers.
This preliminary study showed why accessible sensor-based HAR datasets are small.
• Phase 2 -Design and collection of a dataset example: We designed an on-body sensor-based human activity
dataset and conducted experiments to collect it. In this way, we achieved the biggest on-body sensor-based
human activity datasets so far. We first investigated three different ways to organize participants to collect
their activities. We recruited two student researchers working in this area (group A), eight lab mates not
working in this area (group B), and 18 random undergraduate investigators (group C). In group C, each
investigator was required to collect three other participants’ HAR data. Then, for Group C, we further
explored what factors resulted in the difficulty of collecting on-body sensor-based human activities by a
series of control variable experiments. We present the design details in section 4.
• Phase 3 - Deployment study: This section presents our findings on the impact of various factors, including: using different ways to organize participants, using sensing feedback, addressing psychologically
uninteresting nature, the effect of a data quality requirement, the value of monitoring, and the length
of data collection period. A better understanding of these factors is central to achieve larger on-body
sensor-based human activities data collection. Based on the control variable experiments, we present how
we overcame difficulties and found an efficient way to collect data. We were able to achieve the biggest
on-body sensor-based human activity datasets, which we have made publicly available for further research.

3

PRELIMINARY STUDY

In our preliminary study, we investigated the current practice of on-body sensor-based HAR data collection by a
medium-large scale survey and interviewing some of the survey participants.
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Table 1. Student researchers and their research applications.

Interviewee Program

Applications

P1
P2
P3
P4
P5
P6
P7
P8
P9
P10

Mid-air micro finger writing recognition
Finger gestures recognition,
Hand-to-hand gestures recognition
Sign language translation
In-air hand writing for authentication
Fitness tracking
HAR accuracy with different sensors
Hand gestures recognition for military
Sleep monitoring
HAR accuracy with sensors on different body locations

Ph.D.
Ph.D.
Ph.D.
Ph.D.
Ph.D.
Ph.D.
Ph.D.
Master
Master
Undergraduate

Table 2. key stated phrases and quantity statistics from the semi-structured interviews.

3.1

Key stated phrases

Number

Needed to conduct data collection involving human participants
Gestures were easily deformed, especially when participants felt bored and tired
Difficult to label the data
Data collection is the most difficult part of HAR research
Dull, time-consuming, stressed
Data collection were delayed due to COVID-19
Would be significantly more productive in doing research if data collection was easier
Had to collect the same datasets twice or even more times since they were error-prone
Difficult to organize many participants for data collection
Unconscious actions during data collection significantly pollute the datasets
Felt the tense vibe during the data collection procedure
Participants’ personalities significantly affected the datasets’ quality
Felt terrible to beg friends to collect data
Participants quit the experiments partway through

10
10
10
10
10
10
10
9
8
8
7
7
6
6

Survey

We conducted a survey questionnaire from 50 student researchers who have had on-body sensor-based HAR
data collection experience. These researchers are from many countries, such as United States, China, India,
Bangladesh and Iran. Their research interests are ubiquitous computing, mobile sensing, gesture recognition,
human-computer interaction. Their research work covers a wide variety of applications in HAR, such as mid-air
finger-level writing, finger gestures recognition, hand-to-hand gestures, sign language translation, hand gestures
recognition for the military, in-air writing for authentication, sleep monitoring, fitness tracking, and investigating
HAR accuracy with different sensors and on various body locations. The key questions in the questionnaire
included "How much time did you spend on data collection?"; "Did you find that data collection was difficult?";
"What were the difficulties of data collection?"; "What were the potential factors that may affect the quality of
the data set?"; "Did you become frustrated in performing the data collection, and if so, can you describe your
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 1, No. 1, Article . Publication date: July 2021.

SenseCollect: We Need Efficient Ways to Collect On-body Sensor-based Human Activity Data! •

7

frustrations?"; "Did you, at times, feel overwhelmed and temporarily stop or even give up on the data collection?";
"What were the difficulties encountered with the participants?"; "How did you solve the difficulties in data
collection and the various problems encountered with participants?";
The following shows the main results. 47% of student researchers needed 2-4 months to collect data, and 20%
of them even spent 5-8 months on data collection. 100% of student researchers said that gathering data for their
HAR data collections was extremely difficult. Specifically, 79% of researchers thought that data collection was
tedious and difficult to sustain; 85% of them reflected that it was difficult to recruit a large number of participants;
To our surprise, it shows 89% of collected datasets had poor quality and needed to be collected again. Regarding
the reasons for the low quality, 84% of respondents believed that participants’ impatience caused it; 89% believed
that it was because participants were tired from participating in long periods of data collection; 89% thought that
participants were not able to know whether their activities or gestures were appropriate and qualified, which
resulted in low quality datasets.
Furthermore, student researchers also thought that there were many difficulties encountered with the participants themselves. Of our respondents 74% of them believed that participants were not serious about collecting
data; 89% of them thought that participants felt bored; 65% of them felt like participants showed reluctance; 37% of
them mentioned that participants did not show up on time. Based on their experiences, 90% of student researchers
reported that they became frustrated while performing the data collection; 63% of them felt overwhelmed, some
temporarily stopped or even gave up on data collection entirely. When we asked about how they overcome their
difficulties, we were shocked to find that 70% of researchers chose to just push on, even if they were physically
and mentally exhausted; 76% tried their best to encourage participants during experiments; 69% chose to take a
longer time and do it slowly. Based on the survey results we believe that student researchers do not have good
strategies for data collection, even though they had many difficulties in HAR data collection. It is essential for us
to explore ways or guidelines to ease the burden of HAR large data collections.

3.2

Individual Semi-Structured Interviews

In order to further understand current practices in on-body sensor-based HAR data collection, we interviewed
ten students out of the 50 student researchers. As shown in table 1, they are from different universities, including
seven Ph.D. students, two masters students, and one undergraduate student. Three participants were female
and seven were male. The video interviews were conducted online and lasted approximately an hour, with a
payment of 15 dollars per person. The interview themes included human activity applications, possible factors
impacting dataset quality, the time investment required for data collection, and other difficulties collecting data.
Key questions included "what kind of human activity or gestures are you trying to recognize?"; "How much time
did you used for data collection?"; "what are the difficulties for data collection?"; "what are the potential factors
that may affect the quality of the datasets?". To make interviewees feel safe and comfortable with talking about
their personal experiences and opinions, we did not record the video interviews. We analyzed the statistical
frequency of key phrases and have summarized them in the following paragraphs. Table 2 shows how many
interviewees stated each of the identified key phrases during their interviews; the phrases were extracted from the
interviews conducted regarding the difficulties for on-body sensor-based HAR data collection and the frequent
end result of extremely limited, often inaccessible, datasets.
3.2.1 Difficulties in Conducting Human-Involved Experiments. All the interviewees said that it was difficult to
collect on-body sensor-based human activities and gestures. There are limitless amounts of readily accessible
data via the internet for several other domains previously mentioned above (speech recognition, natural language
processing, and computer vision). In these other areas it is possible to label the data manually since humans can
understand data through either listening, reading or watching a video. In contrast, our preliminary study revealed
significant challenges in labeling the on-body sensor-based human activity manually after the data collection,
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and an additional complication is that participants were usually asked to do specific activities or gestures, using a
text transcription for guidance on what kind of activities needed to be performed and in what order. For example,
for an IMU finger writing recognition system participants were repeatedly asked to write specific numbers and
letters according to the text transcriptions, after which researchers labeled the finger writing data based on the
text transcription.
This process was extraordinarily difficult, according to the interviewees’ responses. Firstly, it was challenging
to organize a group of participants to come to the lab and do the experiments. Then, since the researcher
needed to guide and supervise the participant to conduct activities and operate the devices for data collection,
participants had to come to the lab at different times. However, this process is very time consuming, organizing
and conducting these studies requires significant flexibility on the researcher’s part, as well as a large time
commitment; during the Covid-19 pandemic this required additional time above and beyond the norm, to ensure
disinfecting routines could be followed once in-person research began again. For example, sometimes the devices
might crash, meaning that the participant had to conduct the experiment again, which was time-consuming and
affects other participants’ schedules; additionally some participants did not show at the appointed time, which
affected the researcher and other participant’s schedules. Secondly, the procedure of the experiment was difficult
to endure; performing some specific gestures repeatedly or writing the same graphemes over and over again
was extremely boring. Interviewees expressed that the atmosphere during data collection had an intense vibe,
many participants had annoyed faces while posing the same activities over and over again. Six interviewees said
that they had experienced that some participants did not persist through the tedious process and quit during
the experiments. Additionally, all students stated that the COVID-19 pandemic made this data collection more
difficult since researchers could not meet the participants in person.
3.2.2 Low Quality of Collected Datasets . Student researchers need to get ground truth training data and so this
data must be correct (and labeled as such). Although all interviewees dedicated a lot of time to supervising and
monitoring the whole data collection procedure, the collected datasets were usually low quality. One issue is
that participants lacked any sensing feedback when they posed a specific gesture, they could not see or hear
what gestures they were posing. In this way, their actions were easily deformed, especially when they felt bored
and tired. Second, participants usually exhibited unconscious actions during data collection, which significantly
polluted the datasets. For example, participants who were required to wear a smartwatch to write numbers in the
air needed to touch the "start" button before writing and touch the "stop" button after writing on the touch screen.
These two touching actions were required to be completed with the hand without a smartwatch while keeping the
hand with the watch motionless since the touching gesture was not in the text transcription for this experiment.
However, participants might not hold the hand with the smartwatch stationary when they tried to touch the
smartwatch buttons with another hand. Also, participants might put down their hands for resting during writing
when they felt tired, and the put-down action would be falsely labeled as an activity in the transcription. Third,
since repeatedly doing the same activities for a long time was boring, participants’ personalities also significantly
affected the datasets’ quality. To give an example, in the finger writing data collection impatient participants
tended to have sloppy writing, especially when they got bored and tired.
3.2.3 Data Collection Was Difficult for Student Researchers. Many student researchers in the area of on-body
sensor-based HAR need to conduct data collection involving human participants. All the interviewees identified
data collection as the most difficult part of the research study, stating that it was incredibly dull and timeconsuming. This made the student researchers overly stressed since they already needed to put significant effort
into course study, homework, exams, algorithm design, and technical implementations. Interviewees often had
to resort begging their friends to participate in data collection, and they said that leveraging their friendships
like that made them feel absolutely wretched. One interviewee (P8) said that the quality of the data from her
friends and non-friends had significantly different accuracy ratings, so she had to beg even more of her friends to
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 1, No. 1, Article . Publication date: July 2021.

SenseCollect: We Need Efficient Ways to Collect On-body Sensor-based Human Activity Data! •

9

Fig. 3. The dataset collection example: mid-air micro finger writing recognition

participate in order to get higher accuracy results. Eight interviewees emphasized that, in spite of their best efforts,
the final on-body sensor-based HAR data collection was usually of low quality. It was difficult to tell if participants
performed the activities well or not because the data they got from sensors look like random signal values that
researchers could not easily understand. Therefore, they often had to collect the dataset two or more times as
collected datasets frequently had abnormally low recognition accuracy, making data collection exponentially
harder. All interviewees agreed that if they can save time in the data collection they could be significantly more
productive in doing research. As a result, we believe that it is crucial to explore how to overcome these difficulties
and help the student researcher collect on-body sensor-based human activity data.

4

DESIGN AND COLLECTION OF A DATASET EXAMPLE

To further understand the difficulties of this type of data collection and to facilitate researchers/students in
collecting data, we designed a dataset collection example which we then used to systematically evaluate the key
factors that impede data collection. We designed a dataset collection example that is challenging and that meets
the following requirements:
1 The dataset includes dozens of participants’ data so that it matches the difficulties the preliminary study
had, of organizing many participants to join in the data collection.
2 Each participant is required to perform activities for a few hours so that each participant will feel bored
due to posing the same gestures again and again for hours.
3 The dataset should not be camera data or microphone data which have visual or acoustic feedback. Thus, it
is difficult for participants and researchers to know whether they perform the gestures well or not.
4 It should be easy to unintentionally produce unconscious action noise data into the collection procedure.
To meet all these requirements, we designed the data collection experiment to be a mid-air micro finger writing
data collection with IMU sensors. Mid-air finger writing recognition needs to label 36 classes of graphemes (ten
numbers and 26 letters). Note that although the smartwatch is not moving much, or at all, the moving finger
causes vibrations which can be captured by the IMU sensor. This fine-grained finger writing recognition requires
hours of training data [11], which is difficult to collect since the finger writing vibrations are not something
people, even researchers, intuitively understand. Additionally, it is easy to make unconscious motions between
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Fig. 4. An app to collect sensor data for Android devices

Fig. 5. VFC software for Windows and Mac to provide real-time sensor data output

writing graphemes, which can cause erroneous labelling and pollute the data quality.. Last but not least, different
users have different writing styles, thus many participants’ data is necessary for testing how well the training
model works across different participants. Therefore, this dataset’s collection criteria is comprehensive enough
to match all the challenges mentioned in the preliminary study.
For this data collection study, we required participants to wear a smartwatch and move their index fingers
to write numbers and letters in the air as shown in figure 3. [11] Each participant was required to write for six
hours. We used this dataset to train models for continuous mid-air finger writing recognition. We developed the
data collection system on Windows, Mac and Android devices to collect finger writing data. The data collection
system and the dataset we collected are available at https://www.jianguoyun.com/p/DVaDq-QQ2enUCBiLx-AD
for further research.
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4.1

System Implementation

We developed an app, named Sensor Data Collection, on Android devices. With this app, users can collect sensor
data from mobile devices. As figure 4 (a) shows, users are able to click on the "record" button to collect data from
the sensors in a smartwatch. After clicking on the "record" button, it turns into the "stop" button. Users can click
"SELECT SENSOR" in the figure 4 (b), and all the sensors in the android device show up in a list as shown in
figure 4 (c). In this case, we choose "accelerometer" and "gyroscope” to detect the finger writing. Users can click
on "CONFIG" in the figure 4 (b), then choose to save data in the smartwatch (save in storage) or in the laptop
(send to server). We also developed a software, named VFC, for computers with Windows or Mac operating
systems. Participants are required to connect a smartwatch and a laptop on the same WiFi through the app
"Wear OS". Then participants choose the WIFI option and click the button "search for nearby devices" to connect
the smartwatch as shown in figure 5 (a). After that, our software shows real-time IMU signals on the computer
screen so that participants are able to see the signal outputs when they move their fingers. Figure 5 (b) shows
a signal wave of finger writing. VFC uses a network socket [2] to send IMU data from the smartwatch to the
laptop. After we collected data, we trained the model in TensorFlow using a unidirectional Gated Recurrent Units
(GRU) with an extra connectionist temporal classification (CTC) layer. This model has been used in previous
research works. [10] GRU is an efficient Recurrent Neural Network that has memories, but has fewer gates (reset
and update gates) than Long Short-Term Memory (LSTM). CTC aligns the input and output with a token ”∅” and
computes the loss much faster using the Forward-backward algorithm than when using the method of exhaustion.
To be specific, the GRU has one hidden layer and 32 neurons. We choose Adam to optimize network training.
The sliding window size (time frame) is 0.5 seconds and the moving step is 0.1 seconds. Since IMU has six axes of
data, we concatenated each window’s data of six axes in series as a single input to the GRU.

4.2

The Example Dataset

In this section we present our datasets. The training set includes numbers and letters for continuous finger writing
recognition. In order to validate that the training set is qualified (labeled correctly), we designed a validation
set. Note that to evaluate if the qualified training set works in the real world, we also conducted a user study to
evaluate the real-time finger writing recognition in practice (see section 6.4).
4.2.1 Training Set: We collect numbers (0∼9) and letters (a∼z) to recognize continuous finger writing with an
IMU. In order to learn every transition between graphemes, we collect each pair of numbers (00, 01, ..., 98, 99) and
each pair of letters (aa, ab, ac, ...za, zb, zc,..., zz) for training, which results in 100 pairs of numbers and 676 pairs
of letters. Participants are required to repeat the training set collection five times (rounds). In total, there are 3880
pairs (776 × 5) of graphemes in the training set for each person, which is six hours’ data in total per person.
4.2.2 Validation Set. To determine if the training set is accurate and qualified, we collected additional validation data. Since our dataset is designed to recognize continuous finger writing, the validation set includes
numbers and English sentences, which participants write continuously. To evaluate the accuracy of recognizing
numbers, 100 random numbers are collected for each person. These 100 numbers are split into 10 groups and
participants are required to write them continuously in each group. The random 100 numbers are grouped as follow:
[1,3,2,4,6,8,8,9,1,3]- [2,0,5,4,7,4,8,5,9,7]- [9,9,7,1,4,0,5,3,3,0]- [7,1,8,1,3,3,3,0,2,5]- [8,7,9,6,9,5,2,9,7,4]- [8,9,5,8,7,5,5,2,3,6][2,1,6,1,6,8,5,2,0,6]- [2,4,8,4,4,0,6,7,2,0]- [6,0,4,4,5,6,3,1,7,9]- [3,6,2,1,7,9,0,8,1,0]. Note that some numbers are repeated in the same line. In order to balance each letter for evaluating the accuracy of each letter, we collect seven
English sentences, where each sentence contains 26 different letters. The first sentence is 26 letters in order
from a to z. Participants are required to write them continuously. The rest of the six sentences are called perfect
pangrams [3] and consist of some English words. In perfect pangrams, each letter of the alphabet occurs once
and only once. Between different words, participants are required to pause according to their writing habits.
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Table 3. Organization of Participants.

Group

Investigators

Participants

A

2 students in our research group working on
this mid-air finger writing project

Each student collects the number of participants’ data as many as they can

B

8 lab mates not working on this finger writing
project

Each lab mate collects her own data (one participant)

C

18 random undergraduate students

Each student collects three participants’ data

Table 4. Control variable experiments.

Group

Investigators Expected
participants

Variable

1

3

9

w/o Sensing feedback

2

3

9

w/o Music or videos

3

3

9

w/o Data quality requirement

4

3

9+

w/ Monitoring

5

3

9

w/o Collection period requirement

6

3

9+

SenseCollect: w/ sensing feedback, w/ music or videos, w/ data quality requirement, w/o monitoring, w/ collection period requirement

Note: Investigators are the people we recruit and interact with, while participants are recruited by Investigators
to write numbers/letters with IMU sensors.
[abcdefghijklmnopqrstuvwxyz]- [mr jock tv quiz phd bags few lynx]- [cwm fjord bank glyphs vext quiz]- [blowzy
night frumps vexd jack q]- [squdgy fez blank jimp crwth vox]- [tv quiz drag nymphs blew jfk cox]- [q kelt vug
dwarf combs jynx phiz].

4.3

Collection Procedure

The goals are to collect a large and qualified on-body sensor-based human activities dataset and find an efficient
way to achieve it quickly. We design a series of control variable experiments [1] and analyze the challenges
mentioned by interviewees in the preliminary study. To explore and find an efficient way to collect this dataset,
we try three different methods to organize participants for performing finger writing as shown in table 3. To
further analyze what potential factors may complicate data collection, we use the control variables method to
investigate how the following factors affect the data collection: sensing feedback, psychological feeling, data
quality requirements, monitoring, and the data collection period. For each factor, we recruit three students to do
the experiments. These students are expected to collect data from 54 participants in total. Table 4 shows the six
groups with different control variables. Note that all the experiments involving human subjects conformed to the
relevant regulations of our institute.
4.3.1 Organization of Participants. We investigate how to organize participants to collect data. We conduct
three sets of experiments on organization outlined in table 3. First, for (Group A), we ask two students in our
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research group working on this mid-air finger writing project to manage and collect data directly. (According
to the previous survey, most of the student researchers directly manege and collect data.) We require them to
collect as much data as they can in two weeks. Since these two students are the research students working on
the finger writing recognition project, they do not get extra payment for data collection. Second for (Group B),
we request eight lab mates (participants) to help to collect data. They are not working on this finger writing
recognition project. We committed to buying a pizza lunch for everyone after the data collection as an incentive.
We make a guide file and video to help them on setting up devices and collecting their finger movement data.
Third for (Group C), we recruit 18 random undergraduate students investigators to manage and collect data with
different variables as shown in table 4. We provide the same file and video to guide them to collect data. Each sub
group has three investigators. Each investigators is required to collect three participants’ data in a week. Thus,
we expect 54+ (6*3*3) participants’ data to be collected. Note that we expect more than 9 participants’ data to be
collected in group 4 and 6. (see section 4.3.2 ) Here "investigators" are the student we recruit and interact with,
while "participants" are the people who directly wrote numbers/letters with IMU sensors. Participants can be
anyone, such as investigators’ family or friends. After the investigators complete the data collection, we ask them
some questions for feedback. For example, how did the data collection process go? Are you willing to collect
more participants’ data? Are you willing to do some similar part-time jobs for data collection in the future?
The purpose of these questions is to understand the investigators’ data collection procedure and investigators’
personal feeling for a data collection part-time job. We pay these undergraduate investigators 450 Chinese Yuan
(70 US dollars) for a participants’ data (six hours). We did not dictate how much the students pay the participants
(More details about this see section 7.1). Since group C requires many participants for different comparison
experiments, we recruit group C in China to stay within budget.
4.3.2 Control Variable Experiments. In this subsection, the design of the control variable experiments for Group
C, that explore the potential factors affecting data collection difficulty, are shown in table 4. Within Group C,
Group 1 does not get the VFC to provide sensing feedback for them. Group 2 does not listen to music or watch
videos. Group 3 is told they would only get paid when the data quality meet the requirement. The students in
Group 4 are required to supervise and monitor the participants’ whole data collection procedure. We require
Group 5 to complete a participant’s data collection without a data collection period requirement. Group 6 is the
control group, which has the VFC system to provide sensing feedback and music or video during finger writing.
Group participants are told that only get paid if the data quality meets the requirement, and they do not require
monitoring, and the participants cannot collect data for more than two hours in one day. We will discuss the
details of each control variable in group C in the following paragraphs.
Sensing Feedback. We developed a software, named VFC, to show real-time IMU signals on the computer
screen so that participants are able to see the signal outputs when they move their fingers. In order to prevent
participants’ unconscious movement, we also detect the start point (blue line) and endpoint (red line) of the finger
writing as shown in figure 5 (b). For example, When VFC notice participants write a pair of letters of "ab," users
move their index fingers to write in the air. The IMU sensor data is sent to the laptop and shown on the screen as
shown in the figure 5 (b). VFC calculate the overall energy of six axes of IMU then use the energy-based threshold
approach [9, 13] to detect the start point and the endpoint. (We set the threshold as 0.35 here). When the red line
show up, the notification asks participants to write the next pair of letters, which is "ac" in the figure 5 (b). Then
participants should start to write again. In this way, if an unconscious movement is detected and shows up on
the screen, participants can click the "delete" button, so that the unconscious movement does not be annotated as
letters writing. For group 1, we do not offer this software for them to collect data, but ask them to write according
to a text transcription. In contrast, we give this software to the rest of the students, including participants in
groups A and B.
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Fig. 6. The visual inspection phase for training data. Numbers: 80,81,82,83,84,85,86,87,88,89.

Psychological Uninteresting Nature. The psychological uninteresting nature of data collection is one of the
reasons that cause on-body sensor-based HAR data collection to be very difficult. Writing simple numbers and
letters for hours is tedious and causes mental fatigue. This reminds us people working in a factory also have
trouble focusing on the tedious and straightforward works. Music in factories [27] shows that music affects
industrial workers’ feeling and help product quality control. Therefore, for three undergraduate students in group
C, we do not have them provide earphones for participants to listen to music or watch videos during writing in
the air with the index finger, while we highly recommended the other groups ask participants to listen to the
music or watch videos on the laptop during data collection. We investigate how the music and video may affect
participants’ feelings of boredom and the datasets’ quality.
Data Quality Requirement. Data quality requirements for the participants may affect the collected data quality.
We do not pay the participants who collect unqualified data so that they are motivated to collect data carefully.
However, we do not tell the investigators and participants in group 3 about this requirement. We want to see
whether the data quality requirement will affect the data quality or not. To evaluate the data quality, we first
have a visual inspection phase to check whether the collected data is qualified. For example, there are ten pulses
for collecting number writing (80, 81, 82...89) in the training set. We segment these ten pulses and label them 80,
81, 82...89 in order, as shown in figure 6 (a). The red line is at the start point of a signal and the green line is at
the end point of the signal for labeling. If there are more or less than ten pulses, we will ask the investigators
to re-collect the writing. For example, as shown in figure 6 (b), the error-1 shows the numbers 82 and 83. The
participant did not pause between these two writing, which will make the system label them as number 82. And
the rest of the data will all be mislabeled. Further, error-2 in figure 6 (b) shows there is an extra gesture at the end.
We believe that it was because the participant did not hold the hand with the smartwatch stationary when they
tried to touch the smartwatch "stop" button with another hand. This extra gesture will be mislabeled as a number
writing. Further, participants may write numbers/letters sloppily. In addition, participants may write a wrong
letter/number but do not correct it, which we will not be noticed through a visual inspection. These poor quality
data can not be found through a visual inspection since the collected data is just some random number sequences
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no matter whether it is an unintended extra movement, sloppy writing, wrong writing, or correct writing. Thus,
the visual inspection (segmentation and counting numbers of the pulse) is not enough to secure the data quality.
As a result, we use recognition accuracy to further evaluate the quality of the collected datasets. To estimate
how much recognition accuracy should be considered as qualified data, three of us in this project collected
six-hours of training data (five rounds) for training individual models (see section 4.1). The lowest accuracy
of three person was at 90% for five rounds of dataset, and at 50% for each round of data. This is because more
data improves the recognition accuracy and one round of training data is not enough to get a good recognition
model. And we make a requirement for the participants that we only pay them if the recognition accuracy for
five rounds of data is above 80% and the accuracy for each round of data is above 40%. Note that the recognition
accuracy here is also one indicator that we use to evaluate the data Key Performance Indicators(KPIs) under
the ablation study with different control variables. In order to study the influence of different variables, we also
collect a validation set in the same way as the training set with different controlled variables. Note that here we
are trying to collect qualified training datasets and label them correctly, not a qualified test set. For example, if an
unintended movement is collected and labeled as writing, the wrong labels will pollute the datasets. Note that we
later evaluate the accuracy of the collected datasets with a real-time system. (see section 6.4) The system can
recognize the numbers/letters in the real world when the participants write a standard transcription in natural
settings, which may include unintended movements.
Monitoring. Supervision and monitoring are frequently used during data collection. All the interviewees in
the preliminary study told us they monitored the whole data collection procedure of participants to ensure the
participants were doing it correctly and there was no problem during data collection. However, watching the
entire data collection procedure is time-consuming. This section investigate the necessity for supervising and
monitoring the participants the whole operation while they perform finger writing. In group 4, we ask three
undergraduate students to supervise and monitor the participants during the whole process when participants
move their fingers to write numbers/letters for data collection. The rest of the students in other groups only
guide participants on collecting the data at the beginning (no monitoring for the whole procedure). Also, We
want to know how the monitoring requirement affects the number of participants’ data which students are able
to collect. Thus, we ask the students in this group (group 4 with monitoring) and the control group (group 6
without monitoring) to collect as many participants’ data as they can.
Data Collection Period. Performing monotonous and straightforward tasks, again and again, causes mental
fatigue. Thus, the quality of datasets may get affected if participants are collecting data for a long time. For
example, participants may start to write sloppily. In this experiment, we ask three students in group 6 to collect
six-hours of data from one participant on the same day. Participants are allowed to take a break when they feel
tired. For the rest of the students in other groups, we ask them to not collect data from the same participant more
than three hours a day. We investigate how the collection period will affect the recognition accuracy.

5

DEPLOYMENT STUDY

This section shows our findings from the deployment study and presents SenseCollect guidelines as shown in
table 6.

5.1

It was difficult for research students to collect data by themselves.

Although the two students in group A were directly responsible for the finger writing recognition project, they
only collected 2 and 3 participants’ data in two weeks, respectively. The students claimed that it was tough to
collect the data. First, the data collection was time-consuming and the students had other responsibilities (i.e.
classes, exams, and other research projects), which slowed down their data collection. Second, one of the students
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Table 5. Results of control variable experiments.

Group

Variables

Quit
Participants
investigators qualified unqualified

Accuracy
qualified unqualified

1

w/o Sensing feedback

2

0

3

2

w/o Music or videos

1

5

0

3

w/o Data quality requirement

0

0

9

4

w/ Monitoring

0

6

0

91%±5.9

5

w/o Collection period requirement

0

4

5

85%±4.3

6

SenseCollect

0

12

0

90%±6.3

31%±13.6
89%±6.1
62%±15.5
74%±4.1

Table 6. SenseCollect Guidelines

1. Recruiting investigators to collect data.
2. Sensing feedback is essential.
3. Music and videos facilitate the collection procedure.
4. Data quality requirement is important.
5. Monitoring is not necessary.
6. Collection period matters.

claimed that the participants did not want to conduct the finger writing activity for 6 hours. He begged many of
his friends, but most of them rejected him. Although a few people would like to help with this experiment, some
participants quit after a few hours of finger writing because they were bored and tired. Third, after six hours of
data collection, sometimes the data accuracy was extremely low (lower than 30% ), but the participants rejected
to redo the experiments. Regarding data accuracy, only two participants’ data met the quality requirement, while
the rest of the data had a low accuracy at 58% on average.
Regarding the data from the eight lab mates (Group B), only one participant’s data was labeled and ran through
the algorithm. However, the accuracy was only 22%. We were not able to label the other seven lab mates’ data
because their data was insufficient. For example, for writing numbers 0 to 9, there should be ten pulses in the signal
while there were fewer or more pulses. Additionally, the number of the files did not match the text transcription
we provided, so that we could not label them for model training.
By recruiting undergraduate students to collect data in group C, we successfully collected a larger dataset in a
short time (one week) in the group 6 where people following the SenseCollect guideline. Three investigators
collected 12 participants’ data in one week and all the data is qualified with an average accuracy of 90% and with
a standard deviation at 6.3. (4 participants/investigators/week on average).) Note that two researcher students
(Group A) only collected two qualified participants’ data in two weeks (0.5 participants/student/week on average).
And eight lab mates (Group B) collected no qualified data.
In conclusion, it was difficult for graduate students to collect data by themselves, and based on these findings we
recommend recruiting undergraduate investigators to collect data. We will further analyze the affecting factors in
group C with a control variable study in the following paragraphs. The results are shown in table 5. Surprisingly,
investigators collected data faster during the COVID-19 pandemic when the school was in lock-down. This could
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be a result of students collecting data from their families who lived with them during the pandemic, making
easier to recruit participants. Students might also have had more time during the pandemic than normal times.

5.2

Sensing feedback is essential.

The three investigators in group C who did not get the VFC complained that collecting finger writing data was
very difficult to complete. First, they gave the text transcription to the participants to write; however, participants
usually missed some parts in the text transcription. To combat this problem, the three investigators had to read
the text transcription out loud for the participants to write. Reading the text transcription out loud for six hours
was exhausting for the investigators, and the collected data still sometimes missed parts, according to the text
transcription, or the collected data files had more signals than there should be. For example, for numbers 0 to 9, it
should have ten impulses in the file, but the collected file had more than ten impulses. We believe that it was
because participants had some unconscious actions during writing. As a result we were not able to label the data
based on the text transcription, and we had to ask the investigators to redo their experiments if their collected
data did not match the text transcription. As a result, two of the investigators quit the job, as the table 5 shows.
One investigator collected three participants’ data, but the accuracy is only 31% with a standard deviation of 13.6.
We believed that even though the collected data matched the text transcription, the participants might not write
the right numbers/letters they are supposed to write. If it was writing numbers/letters with a pen on paper, it
was easy to know whether participants wrote correct numbers/letters or not. However, we could not recognize
the writing data of IMU, so without the sensing feedback participants did not know how well they were writing.
In contrast, for the students who used the VFC, it is easy for participants to follow the application to write. As
figure 5 (b) shown, the VFC will show up a pair of numbers/letters for users to write. At the same time, users will
see the real-time signal output from the IMU sensor to see if they made unconscious actions. If so, they can click
the "delete" button on the VFC and rewrite it. Thus, the accuracy of the control group (SenseCollect) shown in
table 5 is much better (90% in average).

5.3

Music and videos facilitate the collection procedure.

From the interview in the preliminary study, a psychological uninteresting task was one of the biggest problems.
It was difficult for participants to write numbers/letters repeatedly for hours. Research has shown that individuals
are generally more engaged in activities they enjoy or consider valuable, which leads to better performance [33],
it is reasonable to conjecture that individuals engaged in tedious data collection they dislike or don’t value will
have poorer performance. We suggested participants listen to music or watch videos with earphones to mitigate
boredom. For the three investigators without this suggestion, one investigator quit the job. He told us that some
participants wrote the first hour but refused to come back to continue. He believed this part-time job was too
complicated and not worth it to him for the payment we offer. Although the other two investigators collected five
participants’ data, they refused to collect more after that. Also, they said that this job was challenging and they
would be busy in the following month so that they would not able to do this part-time job in the near future. For
the participants who were notified that they could choose any music to listen to or videos to watch, all the three
investigators completed the job and said they would be happy to do a similar job again in the future. Therefore,
we believe that music and videos made participants feel better and helped them perform simple and boring data
collection.

5.4

Data quality requirement is important.

We did not have a data quality requirement for three students in group 3. We told them as long as the number
of data matches the text transcription, we would make the payment. Although all the students completed the
job, the data we got from them had a low accuracy rate, only 62% on average. We believe that participants were
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motivated to complete this tedious data collection procedure as fast as possible, which resulted in sloppy writing;
additionally they were unlikely to delete and correct their mistakes when they wrote numbers or letters wrong.
Since this resulted in a low-quality training set of data we took a different approach with later groups. The
concept of Pay for Performance (PFP) is used in organizational psychology to improve employee work quality by
having their performance influence their pay. [21] We thought this might work in data collection as a way to
motivate participants to improve their performance on the tasks. To our surprise all of the participants in group 6
met the data quality requirement, with an average accuracy of 90% overall. This suggests that the concept of PFP
was useful in improving data quality for HAR experiments, both because participants were motivated by the
extrinsic reward of payment, and because they did not want to waste their time doing a poor job and then not
getting paid, so they did the experiments carefully. Also, some people (including investigators and participants)
immediately left when they found out they may not get paid if the collected data is not qualified. We believe
that PFP was also helpful in filtering out the people who were unable or unwilling to perform this job well. We
asked the investigators what the reactions of participants were when participants knew that they had a risk of
not getting paid, and whether the participants felt stressed during experiments. The investigators told us that the
people who took the job means they were willing to take the risk, and people who were unwilling to take that
risk left instead of participating. Also, investigators said it was helpful that we gave them their model accuracy as
feedback to them on each hour’s data, especially for the first hour’s data, as this made the participants believe
that they would get the payment as long as they kept doing seriously.

5.5

Monitoring is not necessary.

In the beginning, we believed that asking the students to supervise and monitor the participants to do the
data collection would make participants write carefully, resulting in improved data quality. Thus, we asked
three investigators to watch the whole data collection procedure (six hours per participant). We did not require
monitoring for the rest of the investigators aside from a tutorial done at the beginning of data collection. To
our surprise, there were no differences in accuracy between these two groups. However the investigators in
group 4 only collected six participants’ data, while the investigators who did not monitor the data collection
procedure in group 6 collected twelve participants’ data, which was twice as much than in group 4. Investigators
complained that monitoring was tedious. We believed that asking for monitoring for the entire procedure was
time-consuming and caused difficulties for investigators, making them only obtain a small number of participants’
data.

5.6

Collection period matters.

We required three investigators to collect a participant’s data without the requirement of collection period in
group 5 while asking the rest of the students not to collect a participant’s data for more than two hours in one
day. We found out this affected the quality of the dataset. In group 5, although all the students completed the data
collection (9 participants’ data), only four participants’ data met the data quality requirements with an average
accuracy of 85% (4.3 standard deviations). Note that this was lower than the accuracy of 90% in the control group,
which we required them not to collect too much data on the same day from one participant. Furthermore, five
participants’ data did not meet the data quality requirement (at 74% accuracy on average). Participants tended to
finish the burdensome work in one go based on our observation, making them write sloppy when they were tired.
Note that although we have the same data quality requirement for group 5, we still paid them for the unqualified
data (five participants) in the end.
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5.7

SenseCollect Theory

Based on the above analysis we determined that it is more efficient for the researcher to recruit other students
(investigators) to manage and collect data from participants rather than directly collecting data from a large
amount of participants. Unfortunately, based on our survey results all of the student researchers are directly
collecting data from a large number of participants, which is not only physically but also mentally stressful.
Remember that 90% of student researchers reported that they became frustrated while performing the data
collection, with the survey showing high frustration levels (avg 8.6/10 points). One reason why the student
researchers preferred to directly collect the data from participants is that they believed they had to monitor the
participants in order to secure the HAR dataset quality; based on the survey and interviews 90% of students
directly monitor the participants during the data collection process. However, based on our findings monitoring
HAR data collection is not significantly helpful; in fact directly monitoring is potentially harmful, something the
student researchers would not have known. Monitoring is not only time-consuming, which negatively impacts
the researcher’s efficiency, but based on our findings it is not helpful in securing the dataset quality. SenseCollect
shows that, for the variables we tested, implementing a data quality requirement for payments is the key to
securing the dataset quality, not the traditional monitoring strategy which is currently used by most student
researchers. Research [21] shows that pay for performance (PFP) models improve employees’ work quality.
Similarly, our study found that the participants in the payment for performance group collected higher quality
data than participants in the payment for participating groups. Additionally, the surveys and interviews also
indicated that 89% participants were unable to know whether their activities or gestures were appropriate and
qualified. This emphasizes the need for real-time sensing feedback in HAR studies; SenseCollect transmits and
vitalized the collected data on screens in real-time. This does require student researchers to develop systems for
transmitting and vitalizing real-time sensor data on screens (e.g., laptop, phone, smart glasses), but providing
sensing feedback can significantly improve data quality. Another reason for poor data quality is that during
the data collection participants become both physically and mentally tired. Typically tired humans make more
mistakes, and that means participant fatigue will detrimentally impact the participant’s dataset, impacting the
overall quality of the data [18]. However, despite finding the work burdensome we observed that participants
preferred to complete the work in a single long session, rather than splitting the work up into multiple shorter
sessions. The average accuracy of datasets for the first hour and the second hour is 58% and 60% respectively,
but from the third hour through the sixth hour the accuracy of each hour’s data dropped to 40% or lower. Given
the significant drop in accuracy it is vital for student researchers to remind, or even require, the participants
to take a break during the data collection to reduce fatigue-related data pollution. Additionally, motivation
has also been shown to mitigate the negative impact of fatigue on performance; [6] therefore by utilizing a
PFP structure SenseCollect creates significant motivation for participants to achieve high data accuracy, which
should both increase participant willingness to take a break, and help offset the fatigue-induced detrimental
impact on performance. Currently, to improve engagement and reduce boredom and mental fatigue many student
researchers (76%) reported that they tried to encourage participants during the experiments; this was laborious
for the researchers and had little to no positive impact on participants. SenseCollect shows that playing music or
videos during tedious experiments eases the mentally boring tasks and improves the engagement of participants.
Although music in factories is proven helpful to engagement in existing publications [27] and is widely applied
in many factories, music is still neglected or doubted by researchers for being used in HAR data collection based
on our study results.
To help a future researcher to decide which of the variables they should prioritize, we ranked the different
control variables based on their contribution to SenseCollect’s performance. Currently most student researchers
are still directly monitoring and collecting data, a fact which needs to change if we want to improve HAR data
collection. Therefore our top guideline is that researchers need to learn to trust and recruit investigators for
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Table 7. Evaluation of collected dataset

Evaluation

Main results

Offline accuracy

90% on average

Size of collected data

32 participants (192 hours of data)

Speed of collection

one week

Real-time system accuracy

85% on average

Possible future research based on this dataset

a general model working across different users

Generalizability of SenseCollect guideline

1. SenseCollect guideline in different HAR domains
2. another dataset collection based on SenseCollect guideline

data collection, to improve the efficiency and quality of data collection. To help the investigators to collect data
successfully real-time sensing feedback, which helps the participant know whether their performing activities or
gestures are appropriate and qualified, is the most important variable. Without real-time sensing feedback, no
qualified data was collected. The second crucial variable is the data quality requirement for payment; without
this variable, no qualified data was collected, but the collected data without PFP had better quality (62%) than the
quality of collected data without sensing feedback (31%) which is why we ranked sensing feedback first. The third
significant variable is the collection period requirement; without this requirement we had some unqualified data
but there was some qualified data without this variable, unlike with sensing feedback and PFP. Music playing is
ranked fourth because a lack of music did not cause unqualified data but it did make one investigator quit. Lastly,
monitoring was harmful instead of helpful, it caused investigators to recruit fewer participants.

6

EVALUATION

In this section, we evaluate the example dataset we collected. We elaborate on the accuracy of the dataset both
in offline and in a real-time system. Also, we present the size of collected data and the speed of data collection.
Then we discuss the possible research based on the collected dataset. Lastly, we illustrate the generalizability
of SenseCollect guideline in different HAR domains. A short summary of SenseCollect evaluation is shown in
table 7.

6.1

Offline Accuracy.

To evaluate whether the training set of finger writing data we collected was correctly labeled and qualified, we
tested it with the validation set. The classification model is descried in section 4.1 . The recognition accuracy for
each individual is about 90% on average. In contrast, the accuracy of data without sensing feedback is only 31%.
Further, the accuracy without data quality requirements is only 62%. Without collection period requirements,
even the qualified data had a lower accuracy at 85% and the unqualified data had a low accuracy at 74%. Although
music and monitoring did not affect the accuracy, it affected the amount of data the investigators could collect.
Therefore, SenseCollect is the best solution to collect on-body sensor-based HAR data, comparing to the ways for
the other groups.

6.2

The Dataset Size

We collected five rounds of data for each participant. Results shows that the recognition accuracy for each
individual with one-round data was only 48% on average. However, the recognition accuracy for five-rounds
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of data was 90% on average. This shows that the accuracy was improved significantly with a larger dataset. To
our best knowledge, the largest publicity available on-body sensor-based HAR dataset are Daphnet freezing of
gait dataset [5] and PAMAP2 dataset [40]. Daphnet freezing of gait dataset [5] only has 5 hours of sensor data
in total collected from 10 participants, and PAMAP2 dataset [40] has 7.5 hours of sensor data collected from 9
participants. In contrast, we collected 192 hours of data, which is 38 times and 15 times more than these other
datasets, separately. Also, the number of participants (32 participants) is about three times more than them. To be
specific, this new dataset includes 27 participants’ qualified data from group C, 2 participants’ qualified data from
group A, and 3 participants data from three of us in this finger writing project. 17 participants’ data in group A
was not qualified because they were performed with inadequate control variables. Three participants’ data in
group A and eight participants’ data in group B were not qualified.

6.3

Data Collection Speed

In this section, we discuss the speed for collecting qualified data in different ways of organizing participants and
with different factors. Unqualified data is not discussed here. In group A, we only collected two participants’ data
in two weeks (one participant’s data in a week). In group B, we did not collect any qualified data. Then we present
the speed of collection for six different groups in group C. We required the students in group C to complete
the data collection in one week. From group 1 to 5, the collected qualified data was 0,5,0,6,4 participants’ data,
separately. In contrast, SenseCollect of group 6 collected 12 participants’ data in a week, which is much more
than the others. We believe that if we recruit more students in group 6, SenseCollect could collect even more
qualified data in one week. Thus, SenseCollect is an efficient way to collect large datasets from many participants.

6.4

Recognition Accuracy in Practice

To study the real performance of this dataset in practice, we conducted a user study using a standard text
transcription. We recruited ten participants from those included in this dataset. We trained individual models for
each participant and put the models into a smartwatch. Participants were required to have a seat, place their
elbows on the table, and write the text transcription for two hours. The screen of the laptop shows the text output
in real-time. We used a published phrase set for text entry by MacKenzie and Soukoreff [34]. The standard text
transcription has 500 phrases. The phases vary from 16 to 43 characters (mean = 28.61). There are 2712 words
(1163 unique) varying from 1 to 13 characters (mean = 4.46). The experiment was conducted only with the lower
case letters (no upper case letters, punctuation, or numbers).
Text entry speed was measured in words per minute (wpm). We calculated the number of words the participants
wrote in two hours. The average text entry speed for ten participants was 15.0 wpm with a standard deviation of
4.2. The average accuracy for two hours was 80% with a standard deviation of 2.7. We also calculated the average
accuracy for the first hour at 85% with a standard deviation of 3.3. We believe that the decreased accuracy in the
second hour was because participants got tired and did sloppy writing in the second hour.

6.5

Possible Research Based on This Dataset.

We believe there is much future research that could be conducted based on this dataset. For example, when we ask
a new user to use the smartwatch for finger writing, the accuracy is inferior. This is because different users have
different hand characteristics such a length, amount of muscle and fat, etc. and also write in different fashions.
For training a general model working across different users, much research could be conducted based on this
dataset, such as transfer learning, data augmentation, domain adaptation, general adversarial networks and so on.
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Generalizability of SenseCollect

We summarize HAR into four domains as shown in figure 1: daily human activities (e.g., walking, sitting),
Human-computer interaction (e.g., gestures, writing, and typing), HAR authentication (e.g., gait), HAR related
health (e.g., sports). In order to label human activities, all these domains require participants to perform specific
gestures/activities one by one based on notifications or text transcriptions. For example, the participants are
required to perform sitting for a while, then perform walking, then other activities, in an order based on the
notifications or a text transcription. SenseCollect guideline works for all those HAR data collection campaigns.
Additionally, we believe that the data collection of gestures (e.g., fitness posture, finger writing) is more challenging
than daily activities (e.g., walking and running) since participants need to pay more attention to perform the
required gestures well. Non-HAR health data collection, such as monitoring heartbeat by PPG/ECG, is not studied
in SenseCollect. However, some SenseCollect guild lines may still be instructive. For example, pay for performance
may be helpful to encourage participants to properly place the sensors on their bodies and keep the devices
charged all the time.
To further evaluate the efficiency and generalizability of the SenseCollect guideline, we utilized SenseCollect’s
guidelines to collect another dataset: on-body tapping data. On-body tapping recognition with a smartwatch is a
new application for HAR, which recently won the Best Demo Award in Sensys 2020. [12] It uses a smartwatch
to detect and localize (classify) passive tapping-induced vibrations in different body locations, thus providing
an extended keypad. In our study, we required participants to tap on four left knuckles on the back of the left
hand wearing a smartwatch, and each knuckle had to be tapped 30 times. The smartwatch was worn on the wrist
in a comfortable manner with the hand floating in the air. The four knuckles were tapped randomly notified
by VFC. Following SenseCollect guidelines, we recruited ten student investigators and asked each of them to
collect at least ten participants’ data over the course of one week. In the end, we got 113 participants’ data in
one week. The length of the training and test datasets are 20 samples and 10 samples for each key of a person,
respectively. Utilizing the neural network presented in the previous research [12], we trained individual models
for each participant and got a recognition accuracy of 91% on average with a standard deviation of 8.7. In the
interest of improving the availability of HAR datasets, we also made this dataset publicly available at the same
link.

7 DISCUSSION
7.1 Payment of Data Collection
We paid the undergraduate students 450 Chinese Yuan (70 US dollars) for a participant’s data (six hours). We did
not intervene in how much the student pay the participant who wrote numbers and letters with IMU sensors.
However, after the students completed the data collection, we asked them how much they paid each participant.
The answers varied from 250 Chinese Yuan to 400 Chinese Yuan. We found out the more they paid themselves
for each participant’s data, the less number of participants’ data they got. We believed that it was because 1)
it was more difficult to recruit participants with lower payment; 2) students might have got enough payment
even from a few participants’ data since they paid themselves with a large amount of money. What’s more, we
recruited students to perform the experiments in the USA at the beginning. However, with the same amount of
payment, it was difficult to recruit students in USA. We believed that it was because of participants’ financial
status. Considering our budget, we decided to recruit group C in China.

7.2

Algorithm, Computing Power and Data

A considerable amount of machine learning algorithms are being designed and proposed every day. Also, in
the book of “A Brief History of Humankind” [22], the author mentioned that computing resources, such as
high-performance computers and embedded computers, will be the most valuable investment in the future, as like
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the valuable investment of pigs in the past and the valuable investment of houses nowadays. Countless researchers
contribute to machine learning algorithms and computing hardware nowadays in contrast to fewer researchers
paying attention to data collection. We believed machine learning algorithms and computing hardware nowadays
are like human brains and neurons, while data is like human experiences. Human experiences affect a human
success or not a lot. For example, even though some students are not much smarter than the others, they are
more likely to succeed because they can get good education experiences, read good books, travel the world, and
broaden their horizon. In this way, we believed it is time for researchers to pay more attention to how to collect
more datasets.

7.3

Limitations

To our best knowledge, the two datasets we collected are the largest on-body sensor-based human activity
datasets, while they are still much smaller than other domains’ data, such as the ImageNet dataset [16]. Thus, we
call on people to pay more attention to on-body sensor-based HAR data collection. We believed that SenseCollect
will facilitate researchers to collect on-body sensor-based human activity datasets more efficiently and easily.
We believe SenseCollect will inspire researchers to conduct more research on on-body sensor-based HAR data
collection.
Furthermore, SenseCollect focus on locomotion tasks, which may not be able to complete in front of a computer.
We recommended participants wear smartglasses for watching real-time signal feedback. Researchers are highly
recommended to develop systems and transmit real-time visualized signals to smartglasses. Further, improving
engagement by playing music needs further study in the future. For example, we will build game systems for
participants to perform gestures and activities, such as walking and running, then investigate how the games
affect the engagement. Although SenseCollect guideline is helpful to collect human activities (e.g., walking,
sitting) and human gestures (e.g., writing, typing), SenseCollect is not suitable for collecting health data, such as
heartbeats and emotions. These areas may bring additional challenges that SenseCollect is not considered. But
some guidelines in SenseCollect, such as pay for performance, are worth to be considered. For example, pay for
performance may be helpful to motivate participants to place the sensors well or keep the devices charged all the
time. We will further study how to collect health data in the future.

8 RELATED WORKS
8.1 Sensor Data Collection in HAR
In contrast to computer vision and speech transcription, where one can download large datasets from the Internet,
on-body sensor-based human activity data collection is often performed by conducting user studies [7, 40, 55].
Typically, the participants in a study are asked to perform activities while wearing a sensing platform. One
way to conduct this is to record video data in addition to sensor data, which is subsequently used for manual
data annotation. However, it is difficult to synchronize the sensor and video data streams [37]. Many research
works developed open mobile systems for sensor data collection, such as activities [24], emotions [51], and
social behavior [4, 49]. These systems either did not support data annotation [36], or required users to do self
report annotation after corresponding events [20, 24, 51]. However, self report annotation data have two main
problems: the user returning tainted data (e.g., data filled out late after some events instead of immediately), and
the user returning incomplete data or having a low response rate. The most common way is asking users to
perform required activities through notification/transcription. [9, 12–15, 30, 44, 50]. SenseCollect collects data by
asking users to perform activities through notification, and investigate the challenges of this method. In this
way, SenseCollect is able to get a larger, accurate dataset collected in a short time rather than current practice
which often takes months and ends up with small datasets that are error-prone. Additionally, We made a data
collection assisted system to provide real-time sensing feedback. Some research works focused on data collection
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procedure, such as how to select well-suited participants [39] to collect sensor data, how to optimize incentive
budget for participants to collect data [52], providing incentives for collecting privacy data [45]. However,
SenseCollect selected random participants to collect activity data and ascertained what factors complicate the
on-body sensor-based HAR data collection. In this way, SenseCollect explored an efficient way to facilitate data
collection.
Other approaches have explored alternative data collection methods that do not directly involve human participants. Kang et al. render a 3D human model on computer graphics software and simulate human activities [28].
The sensor data is extracted from the simulated human motion, and subsequently used to train the recognition
models. However, it is challenging to simulate and design complex human activities realistically. Therefore, such
methods typically only explore simple gestures and locomotion activities. Rey et al. [41] proposed to collect virtual
sensor data from online videos and demonstrated the effectiveness of the virtual sensor data for recognizing
fitness activities. Their approach computes the 2D pose motion for a single person in the video with a fixed
camera viewpoint. However, it is difficult to train for a target real sensor with the synced video and accelerometer
recordings, which transfers the changes in joint locations from the 2D scene to the three-axis accelerometer
norm. IMUTube [29] generated data from the full IMU (three-axis accelerometer, gyroscope, and simulated
magnetometer). It performed 3D motion estimation from videos with multiple people and scenes in the wild using
camera motion tracking. Although it did not require synced video or wearable recordings, it is almost impossible
to generate data of fine-grained gestures, such as finger snaps and micro finger writing. In contrast, SenseCollect
directly involved human participants and collected data from human body. Furthermore, SenseCollect analyzed
the challenges and explores the efficient way to collect data from the real world.

8.2

Tackling Sparse Data Problem

The relatively small size of labeled on-body sensor-based human activity datasets makes models quickly overfitting and does not support the application of complex model architectures. To solve the problem of small
datasets, data augmentation techniques have been applied to prevent overfitting, increase variability and improve
generalizability in the datasets. They involve techniques that systematically transform the data during the training
process in order to make classifiers more robust to noise and other variations [35]. They artificially inflate the
training data by using data warping, or oversampling [43]. Data warping includes geometric transformations
such as rotations, cropping, and adversarial training. For time series classification, the data warping techniques
include window slicing, window warping, rotations, permutations and dynamic time warping [19, 31]. Over a
single method, it can also combine several of these transformations to further improve the performance. Um
et al. demonstrated that combining three basic ways (rotation, permutation, and time warping) yields better
performance than using a single method [48]. In [38], construction equipment activity recognition is also improved by combining simple transformations. While the data augmentation techniques improve the classification
performance, they, ultimately, produce perturbed training samples. Therefore, they cannot provide for the variety
in human movements obtained by collecting data from a large number of subjects.
Recently, data generation using either oversampling or generative adversarial networks (GANs) [43] have
also been successfully introduced to sensor-based human activity recognition [53]. The GAN based techniques
perform augmentation by sampling from the datasets distribution. However, they require huge amounts of data
to train, and may suffer from training instability and non-convergence. Furthermore, there is little prior work
studying data augmentation by GANs for wearable sensor data and their actual suitability for sensor-based human
activity recognition remains to be shown. This makes it difficult to readily apply these generative networks to
generate more data.
Another approach to deal with small labeled datasets includes transfer learning. Here, a base classifier (typically
a neural network) is first trained on a base dataset and task. Subsequently, the learned features are re-purposed,
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or transferred, to a second target network to be trained on the target dataset and task. In particular, if the target
dataset is significantly smaller compared to the base dataset, transfer learning enables training a large target
network without overfitting [54], and typically results in improved performance. However, it relies on large
datasets for knowledge transfer. As a result, [47] have noticed that the adoption of deep learning methods in
human activity recognition has not yet translated to the noticeable accuracy gains seen in other domains.
We tackle the problem of collecting real-world on-body sensor-based human activity datasets. SenseCollect
facilitates researchers, especially graduate students, to collect on-body sensor-based human activity and exploit
the efficient way to collect qualified datasets.

9

CONCLUSION

In conclusion, SenseCollect explored how to collect on-body sensor-based human activity datasets efficiently by
a three-phase study. First, we did a survey and interviewed students researchers in this area to understand the
difficulties of the on-body sensor-based HAR data collection. Second, we designed and collected a dataset example
to further investigate the potential factors affecting the data collection. Third, the deployment study showed that
it was much easier to recruit students to manage and collect data from the participants. And providing a sensing
feedback system to assist data collection, playing music/ videos, and imposing data quality and collection period
requirements are significantly helpful to the data collection. It is also unnecessary to monitor the entire data
collection procedure. With these findings, we implemented a system to assist data collection and collected two
large datasets in a short time. We made the system and the datasets publicly available.
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