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Smartphones have become an indispensable human device due to their
increasing functionalities and decreasing prices. Their embedded sensors,
including global positioning system (GPS), have opened opportunities to
support human activity recognition, both indoor (in assisted living, for
instance) and outdoor. This paper proposes a minimalist activity
recognition model for out-of-home environments based on a smartphone.
The only sensor used is GPS, whose data is enriched with semantic
knowledge extracted online from the Internet, and with brief user’s profile
data collected off-line. We conducted an experiment for 20 days with 22
subjects in their day to day life, with identification of 13 selected activities,
of which three were performed in movement. Experimental results show
that the approach has a high activity recognition performance. This
demonstrates that an adequate combination of information with different
levels of semantic content can produce an efficient non-invasive solution
to monitoring human activity in out-of-home environments.
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1. Introduction

Automatic human activity recognition (HAR) is an important element in
effective environment surveillance and security in general. There is a great
deal of effort in automatic recognition of specific activities related to users’
movement, such as walking, jogging, and riding on a bus (Difrancesco, et
al., 2016; Huang, et al., 2013; Hung, et al., 2014; Mousavi, et al., 2017).
The two most used mobile operating systems, Android and iOS, offer
application programming interfaces (APIs) (Android; Apple) with
movement detection based on global positioning system (GPS) and
accelerometers, the latter being especially useful for recognition of indoor
activities (Foerster, et al., 1999).

Detecting human activity is desirable but on the other hand, there are
costs involved in automatically identifying it. Mostly, the costs are related
to carrying, using, spending the device’s energy, and processing
information from sensors. Using wearable sensors or other gadgets leads
to extra expenses for users (Chon and Cha, 2011). Environment sensors,
such as cameras, vibration, and temperature sensors, are already handy
and available. However, they require more complex information
processing, such as machine learning for face and movement recognition.
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Mobile devices, such as smartphones and tablets, usually have a set of
built-in sensors that have also been used for HAR.

Mobile devices are equipped with sensors allowing the acquisition of
surrounding information, including sound, light, position, and movement.
These widely used devices open many possibilities to deal with HAR and
with assisted living issues for both indoor and outdoor environments. The
sensors’ activity log of mobile devices make possible to extract information
that can be used in a virtually unlimited amount of applications, such as
personal time management, surveillance, danger identification, city
planning, as well as supporting health care assistive technology (e.g., Lee,
et al. [2017]; ben Khalifa, et al. [2017]; Mousavi, et al. [2017];
Difrancesco, et al. [2016]). Since smartphones are already part of our
daily lives, using the information they provide does not impose any
additional cost for the users. The challenge is to handle battery
consumption for collecting and sending sensors’ information (Carroll and
Heiser, 2010).

For HAR, the most used sensors are accelerometer, gyroscope, and GPS.
The accelerometer and gyroscope are effective when it comes to physical
activity such as, but not limited to, walking, running, going upstairs, and
downstairs (Ignatov, 2018; Cao, et al., 2018; Hassan, et al., 2018;
Ogbuabor and La, 2018). Unfortunately, these sensors consume a large
amount of energy when used continuously, leading users to abandon
applications that rely on this type of usage. Consequently, there is an
opportunity for an energetically efficient data collection protocol in mobile
devices. The problem is to define the minimum amount of sensors’ data
that provide enough surrounding information to infer what is going on with
the user, identifying short (e.g., in bank), moderate (e.g., having lunch),
and long e.g., working) duration activities. Several studies have focused
only on GPS sensor data (Difrancesco, et al., 2016; Wan and Lin, 2013;
Liao, et al., 2006; Huang, et al., 2010; Boukhechba, et al., 2015),
indicating that GPS might be enough for HAR. Nevertheless, previous
research still requires data collection in very small time intervals (Zhou, et
al., 2016; Shin, et al., 2015; Wan and Lin, 2013; Boukhechba, et al.,
2015) or a great deal of contextual information (Difrancesco, et al., 2016;
Liao, et al., 2006). Others mention the possibility of considering user
profile information (Boukhechba, et al., 2015; Chen and Nugent, 2009;
Gomes, et al., 2012), but do not use it.

In such a scenario, the HAR function can benefit from additional sources of
information coming from the environment and the Web. The proximity of
places already classified in public maps as points of interest (POIs) can be
used to define a set of possible activities related to the affordances of the
places. For instance, it is expected that the primary affordance of a
restaurant is to have lunch/dinner (Huang, et al., 2010; Boukhechba, et
al., 2015). Of course, there are other affordances, such as work, that is
also common. But it is not expected that people go to pray in a restaurant,
although it is always possible, but not probable. Consequently, this type of
semantic information may be used to distinguish among possible
stationary activities, i.e., those a user might perform in a given place
while not moving. Along these lines, user-supplied information on his/her
profile can also be used to enrich further the data over which activity
recognition is made.

The motivation for our work is to investigate if semantic information may
complement scarcity of sensor data in an out-of-home HAR model based
on a smartphone in such a way that the HAR system can identify a variety
of activities regardless of having a short, moderate, or long duration.
Therefore, the approach we explored is that the use of semantic
information consisting of POI identification, obtained online, and user’s
profile information, obtained off-line, can enrich sparse GPS data well
enough to infer users’ activities with a high accuracy that was only
possible with multiple sensors. The energy savings are significant due to
using a single sensor and moderate consumption.

Besides the energy issue, since the approach proposed in this paper does
not require the use of additional sensors (e.g., accelerometer, gyroscope,
etc.), it opens up a potential application for HAR over legacy GPS data if
we can complement it with the needed semantic information about the
user. Therefore, in terms of further contributions, the high accuracy
obtained by our technique with minimal collected sensor data can also be
extended to the analysis of GPS data sparingly collected in the past.

To test the feasibility of our proposal, we took as base the publicly
available Google Play Services Activity Recognition API (Android), with an
adaptation of the work of Trebilcox-Ruiz (2016). This API detects four
types of movement, namely, Walking, Running, Automotive, and Cycling,
and also a Stationary position. Our goal is to enlarge the set of detected
activities by including the detection of several others that are performed
while the subject is stationary. To do that, we use the semantic
enrichment of POI information obtained from the categories they are
associated with Google Places (Google), and user profile collected before
the training phase. Training data feeds an automatic inference engine,
which produces the identification of the activity from the data stream
collected. We compared six standard machine learning techniques, such as
Decision Tree, Support Vector Machine, Random Forest, to evaluate the
robustness of our approach.
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As in similar work, the model assumes that people have routines.
Therefore user profile is useful, and live in an urban environment where
labeled POIs are available. In reviewed work, own datasets are the rule.
However, they are not publicly available. We collected experimental data
from 22 individuals during the period of 20 days in their day to day life,
with total freedom for users, from which 13 activities were identified. It is
important to emphasize that during the data collection period, there were
no dropouts by the volunteers and no complaints about battery
consumption. Our dataset is available on GitHub [1]. Results obtained are
comparable to state-of-the-art models (Difrancesco, et al., 2016; Huang,
et al., 2010; Boukhechba, et al., 2015), for a significant number of
activities, without the need to use elaborate algorithm configurations.

The main contributions of this work are:

>MOut-HAR: A Minimalist Out-of-home HAR model using only the
GPS sensor, online POI data, and off-line user profile data, with
competitive accuracy results compared to state of the art.
HAR-Brazilian dataset: A dataset with actual user’s labeled activities
of daily tasks to allow independent work in HAR.

In the next section, we give an overview related to work in human activity
recognition. In Section 3 we present the MOut-HAR model. In Section 4,
we detail the dataset collected for use in the experiment described in
Section 5 together with results evaluation and comparison to other work.
The article concludes with a discussion of the approach and identification
of interesting further lines of work.

 

2. Related work

HAR has become an active area in the research community, drawing wide
attention around the world. Many researchers and institutes have carried
out HAR projects. This section presents relevant work related to the key
concepts of HAR based on mobile devices. Other works in this section
show the methodologies for semantic enrichment of location data.

Lee and Kwan (2018) use a smartphone accelerometer and GPS to classify
physical activities the GPS trajectories helped to visualise the errors and
improved the accuracy of the activities. They only considered the
activities: Jogging, Walking, Sitting, and Standing. The Random Forest and
Gradient Boosting algorithms presented an accuracy of 99.03 percent and
99.22 percent, respectively. GPS and accelerometer data were collected in
an one-second window. No energetic efficiency analysis was performed,
and only semantic attributes of accelerometer were used.

The work of Shafique and Hato (2016) uses data from smartphone
accelerometer and orientation sensors to classify six different travel
modes: Walk, Bicycle, Car, Bus, Train, and Subway. Data was obtained
from a population of 50 participants from Kobe, Japan, using Android
smartphones during November 2013. A Random Forest classifier was
used, and results of 95 percent of accuracy and above were obtained,
depending on the data collection frequency. A variable amount of data was
collected from different subjects.

Shin, et al. (2015) use smartphone accelerometers for movement
detection and network location to detect longitude and latitude they were
able to recognize traveling modes among Walk, Car, Train, and Bus using
a handcrafted classifier with 82 percent accuracy. The experimental data
was composed of 495 samples from 30 users in the city of Zurich. The
limitation of this work is the samples used and the results of accuracy.

Wan and Lin (2013) consider as activity what is performed by individuals
while not using motorized transportation the latter is considered as a
connector between activities. Therefore, it is assumed that a speed change
of approximately 10 km/h defines a change point in data segmentation.
Predefined time and location criteria can also determine change points.
Wan and Lin provided an analysis of the time interval to collect GPS data
to identify the most efficient balance between quality and energy
consumption. According to their results, intervals from 15 to 75 seconds
provide reasonably accurate activity location and less than five percent of
activity missing. However, activities were manually identified off-line.

Zheng, et al. (2008) aim to infer transportation modes including Driving,
Walking, Taking a bus, and Riding a bicycle from raw GPS logs based on
supervised learning they identify a set of features, such as the heading
change rate, stop rate, and velocity change rate, which are more robust to
traffic conditions than the features used by previous approaches. Those
features improved inference accuracy. They also propose a graph-based
post-processing method where multiple users’ change points are
converted into nodes using a density-based clustering algorithm. Edges
between different clusters are defined based on user-generated GPS
trajectories. Subsequently, the probability distribution of different
transportation modes on each edge, as well as the transition probability
between consecutive edges, can be summarized from users’ GPS logs.
They collected data by 65 users over ten months. Their results are 76
percent in terms of Recall and Precision.
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Van Dijk (2018) aims to classify GPS points as activity points or travel
points GPS points were created artificially containing various levels of
noise. The attribute information is supplemented with information derived
from moving multiple spatial windows over preceding and succeeding
points. The Random Forest algorithm presented accuracy results of 99.4
percent with a time window of 30 seconds and 99 percent with a time
window of 60 seconds. The work only distinguishes between a static
activity or a movement point and uses artificially generated GPS points.

Attempts at integrating semantic information about POIs in activity
recognition have been reported. In one of the earliest works in this area,
Liao, et al. (2006) got POI information from geographical databases and
used a relational Markov network to identify significant places for a subject
based on his/her pattern of movements. Activities are associated with
locations. A set of seven activities was considered: Work, Sleep, Leisure,
Visit, Pick-up, On/Off car, and Other. Data from four subjects was
collected during one week, and location identification results achieved over
90 percent of accuracy.

Huang, et al. (2010) define the attractiveness of POI (depending on its
size and popularity) together with its category to predict user activities
from his/her trajectories obtained by GPS six activities are identified:
Dining, Shopping 1, Shopping 2, Entertainment, Public facilities, and
Others. Their data collected had 8,089 samples from 10 volunteers.
Accuracy ranged from 70 percent to 100 percent, from multi-activities in
clusters of POIs to single activity in an isolated POI. The number of
samples and accuracy of multi-activities is the work limitations.

In Boukhechba, et al. (2015), GPS data obtained from an individual mobile
device together with POI information was used to identify Moves, Stops,
and Moving activities, and then to identify the activities performed while
stopped and while moving. Only data of one user was collected for
accuracy assessment. Results are considered by the authors to be
successful in inferring user’s activities of long duration, but of limited
success in some of the short duration. Home was not defined, and the
model only recognized Staying @ an address, which prompted authors to
suggest that the model could learn the home address. They suggested
including the user’s profile to improve results.

Difrancesco, et al. (2016) also use GPS and POI information to identify
outdoor activities of schizophrenia patients. Six areas of activity were
defined, associated with different POIs: Employment, Shopping, Sports,
Social, Recreational, and Others. Data collected from five patients showed
Recall in the order of 77 percent and precision in the order of 95 percent.
In their work, the inference was performed by user-defined rules, namely
using the correspondence of POI to user activity. The limitations of the
work is the dependence on users annotate their activities in a diary, recall
results bellow 80 percent, and a specific group (schizophrenic patients)
limiting the number of volunteers.

Some works (Furletti, et al., 2013; Chon and Cha, 2011; Hjorth and Gu,
2012; Chon, et al., 2012) proposing methodologies for the semantic
enrichment of location data. Furletti, et al. (2013) presented a data
enrichment methodology derived from GPS, transforming points of latitude
and longitude into information of POIs. Chon and Cha (2011) used the
context associated with using the smartphone for semantic information.
Hjorth and Gu (2012) used the context between place, ambient images,
and geographic locations. Chon, et al. (2012) presented a framework that
combines signals based on location and user trajectories, along with
various visual and audio place. Zhai, et al. (2019) proposed an approach
to identify urban functional regions by capturing the full geographical
information of POIs enriched with contextual information.

The integration of user profile information to better identify activities is
scarce in the literature. To the best of our knowledge, it was only
considered in two studies (Chen and Nugent, 2009; Gomes, et al., 2012).
In both cases, the approach is to associate specific activity profiles to each
user. In Chen and Nugent (2009), the profile is an instance of the ontology
describing activity obtained from user preferences. On the other hand, in
Gomes, et al. (2012), the profile is a specific joint distribution probability
associating sensor data with activity. There is no previous work integrating
user profile characteristics that need to be obtained externally. In such a
case, the information must be supplied by each user to the activity
recognition system.

Safizadeh and Latifi (2014) present a method for bearing fault diagnosis
using the fusion of two primary sensors: an accelerometer and a load cell
they propose a novel condition-based monitoring (CBM) system consisting
of six modules: sensing, signal processing, feature extraction,
classification, high-level fusion, and decision-making. Waterfall-based
high-level sensor fusion is used to derive information that would not be
available on a single sensor. Results demonstrate that the load cell is
powerful in detecting the healthy ball bearings from the defective ones,
and the accelerometer is useful in detecting the location of the fault.

The reviewed works have limitations in terms of the number and type of
recognized activities, presenting moving activities (Lee and Kwan, 2018;
Zhou, et al., 2016; Shagfique and Hato, 2016; Shin, et al., 2015), or
stationary activities (Huang, et al., 2010; Boukhechba, et al., 2015;
Difrancesco, et al., 2016), in a total of four to six activities. The papers



13/11/2019 Efficient out-of-home activity recognition by complementing GPS data with semantic information | Natal | First Monday

https://journals.uic.edu/ojs/index.php/fm/article/view/9971/8187 5/24

Boukhechba, et al. (2015), Chen and Nugent (2009), and Gomes, et al.
(2012) suggest the user’s profile data can be attributes that improve
activity recognition. However none of them actually uses that information.
Works solely based on GPS sensor (Wan and Lin, 2013; Liao, et al., 2006;
Huang, et al., 2010; Boukhechba, et al., 2015; Difrancesco, et al., 2016)
used one to 10 volunteers to obtain results. The works of Difrancesco, et
al. (2016), Shin, et al. (2015), Huang, et al. (2010), and Zheng, et al.
(2008) presented limited results, between 70 percent and 82 percent
(values of accuracy, recall or precision, depending on the works). The
works of Boukhechba, et al. (2015), Zhou, et al. (2016), Shin, et al.
(2015), van Dijk (2018) and Wan and Lin (2013) presented an interval
time to collect the sensor data below 60 seconds, which entails a high
energy consumption. The papers of Shin, et al. (2015), Liao, et al. (2006),
Huang, et al. (2010), and Boukhechba, et al. (2015) used small datasets,
containing less than 10,000 instances. The works of Lee and Kwan (2018),
van Dijk (2018), Zheng, et al. (2008), and Liao, et al. (2006) used more
than three semantic attributes.

 

3. The MOut-HAR model

The MOut-HAR (Minimalist Out-of-home Human Activity Recognition)
Model is presented in Figure 1, where blue and yellow boxes stand for
processes of activity recognition. In our model two phases are used, on
top of Figure 1 is the generation phase, and on the bottom is the
execution phase. Processes with the same name are identical in the two
phases. The processes of functioning are as follows:

 

 

Figure 1: Flowchart of the MOut-HAR Model. The generation phase of the mo
execution phase.

 

Note: Larger version of Figure 1 available here.

 

Sensing: The raw data provided by GPS and the clock of the
smartphone is appropriately transformed to provide the required
information about the environment.
User Profiling: The user fills in her profile data off-line.
Signal Processing: Sensor data is pre-processed, generating the basic
attributes for the dataset and feature extraction.
Feature Extraction: This process is performed to obtain symbolic
information from the basic attributes, adding enhanced attributes to
the dataset. It aims to minimize the data content while maximizing
the information delivered.
HAR Recognizer Generation: This process receives the attributes in
the dataset and applies machine learning techniques to generate a
trained model.
HAR Recognizer: This process receives new sensing and user profile
data and performs a classification using the trained model, to
recognize an activity.

In our model, data from different sources of information is used, therefore
it is important to have a data fusion model. Some of the most widely used

https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66358
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models for sensor data fusion are Joint Directors of Laboratories (JDL)
(Llinas and Hall, 1998) and Waterfall (Markin, et al., 1997). The models
aim to standardize the processing of raw data in an application that needs
to use the information acquired with a certain level of similarity. Waterfall
is presented as a simpler model in comparison to JDL, although with
similar capacity in the task of data fusion. The Waterfall data fusion model
was proposed by Markin, et al. (1997). This architecture emphasizes the
processing functions on the lower levels, taking the flow of data from the
data level to the level of decision making. For this work, an abstraction of
the Waterfall model was used to integrate different information sources
presented in Figure 2.

 

 

Figure 2: Waterfall model work flow. Our system considers a simplified versio
comprised of blue-colored boxes. Yellow-colored boxes mean that different app

implementation were tested.

 

Note: Larger version of Figure 2 available here.

 

Activity is a broad concept that encompasses a variety of meanings and
scope. Studying, shopping, having lunch, walking, going by car, or having
coffee are activities characterized by different levels of abstraction. As
defined in Ranasinghe, et al. (2016), activities happen within a time span.
In some cases, activities can be performed in an interleaved mode or can
be composed hierarchically. Through time, activities follow a sequential or
concurrent mode. For the temporal description of activities, a model based
on characteristics of Allen’s interval algebra (Allen, 1990; Nebel and
Bürckert, 1995) was used. This allows us to represent relations between
temporal events as exemplified in Figure 3. In this paper, we only consider
sequential activities, further described in Section 4.

 

 

Figure 3: Examples of composite, sequential, concurrent, and interleaved mode
activities.

https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66360
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Note: Larger version of Figure 3 available here.

 

3.1. Sensing

The sensing process presented in Figure 1 is identical in the generation
and execution phases. It collects data according to the requirements of
MOut-HAR.

Energy consumption is an issue for smartphone users. Unfortunately, the
extensive use of multiple sensors decreases battery life. In the work of
Wan and Lin (2013), several time intervals for GPS data collection were
tested: 5, 15, 30, 45, 60, 75, 90, 105, 120, 135, 150, 165, and 180
seconds. The best compromise between data collection interval and
number of activities identified with high accuracy was 75 seconds for 167
recognized activities. However, the activities were identified off-line, and
they have a high degree of detail. For instance, Wan and Lin assume that
Waiting transport, Getting on the bus, and Getting off the bus are different
activities. We, on the other hand, use Waiting transport and Going by bus.
Therefore, in our work, the number of activities recognized and the
detailing is smaller than in Wan and Lin (2013). So new tests were
performed to set the appropriate time interval for our scenario. In order to
achieve suitable energy consumption in the sensing module of our model,
we carried out an experimental analysis to identify the longest time
between consecutive GPS readings with an acceptable data liveliness as
location accuracy depends on it. The experiment was dedicated to
verifying energy consumption using the application for data collection. No
further tools were considered to reduce energetic consumption, only those
the system itself makes available by default.

3.2. Signal processing

The signal processing process in Figure 1 is identical in the generation and
execution phases. Its role is to gather the operations to pre-process data,
which are detailed next.

Raw GPS and clock-related attributes were discretized into a few
categories each. This allowed the use of well-established supervised
learning techniques to perform the activity classification task. In order to
guide discretization, sampled values were pre-processed using the k-
means algorithm with three different configurations for clustering: k = 3,
6, and 9. The results were similar. For the sake of simplicity, k = 3 clusters
were used. The attributes obtained from GPS and system clock are
described in Table 2. In this table, the collected samples are presented in
the first column. The second column shows the discretization range, while
the third column shows the assumed discrete value.

 

 

Note: Larger version of Table 1 available here.

 

 

https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66362
https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66370
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Note: Larger version of Table 2 available here.

 

From the successive locations measured by the sensors, the distance the
subject moves is continuously computed, as well as the resulting Pace,
defined by Distance/Duration. While the Pace does not vary, we
accumulate the distance in the current activity. Once a change in Pace is
detected, the current activity ends, and a new one starts. Consequently,
one activity is immediately succeeded by another one with nothing in
between (similarly to Fox, et al. [1995]). Therefore, the End time of
activity A(t) coincides with the Start time of activity A(t+1).

3.3. Feature extraction and user profiling

The feature extraction and user profiling processes presented in Figure 1
are also identical to those in the generation and execution phases. Their
roles are detailed in this section.

GPS sensor data provides a sequence of locations. Pace was derived from
the distance between GPS locations and time information, providing hints
for segmenting the flow, and determining the activity window. From the
location, we retrieve the POI. We associate the POI with locations visited
for a significant time lapse, i.e., more than two consecutive GPS points
collected in the same place. Each POI is of a type and intrinsically offers a
set of activities affordances. The type of POI is directly retrieved from
Google Places [2]. Figure 4 illustrates mapped POI information obtained
by our mobile app (the app is described in Section 4). The affordances of a
POI considers the activities that the POI can be expected to carry (Kim
and Martinson, 2016). It represents the semantic information about the
place, which is a key attribute in determining the activity there performed
(Liao, et al., 2006; Difrancesco, et al., 2016). In the current work, each
place is identified by a name, latitude, longitude, and category to which it
belongs.

For each category of places, characteristics were observed in order to
establish the associated local affordances. These relationships were
defined according to Furletti, et al. (2013) previous work and taking into
account the experience of authors and volunteers. However, a direct
relationship between the user’s location and POI is not observed in all
cases. To illustrate this lack of relation, we analyzed the activities
registered in each POI in the experimental data collected, presented in
Table 3. For example, the Shopping activity was registered with the
following POI categories: Financial, Food, and Shopping. See all
relationships in Table 4. In summary, affordances reduce the set of
probable activities that can be performed in a certain location. Instead of
retrieving affordances from a predefined list, we claim it should be learned
from actual observation, as we did with our collected dataset.

The extraction of GPS features (Feature Extraction in Figure 1) retrieves
values for the online semantic attribute POI category. The selection of
POIs was based on the algorithms presented in Furletti, et al. (2013), in
which the semantic enrichment of the trajectories is done first by checking
whether there are POIs linked to the given GPS coordinates. We retrieve
the POI type as the one having the highest-ranking among the set of
types assigned by Google Places to the closest open POI in a 200-meter
radius.

https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66372
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Figure 4: Examples of POIs located in a map. This image was obtained from Go
Point of Interest Auto Map [3].

 

Note: Larger version of Figure 4 available here.

 

 

 

Note: Larger version of Table 3 available here.

 

In (Amato and Straccia, 1999), user profile attributes are collected to
enrich the dataset and to refine the results of suggested books in a digital
library. In Yu, et al. (2019), sensor data obtained from mobile devices is
used to infer user profile, namely Age, Gender, and Personality traits. Both
these works use only those attributes that have any significant effect on
improving outcomes. Taking this into account, for this work, we conducted
a pilot study with the GPS attributes and the respective timestamp. From
this study, it was possible to note that most of the wrong classifications
were between two pairs of activities: Going by car versus Going by bus,
and Working versus Studying. User profile data collected for the pilot
study consisted of: Age, Gender, Profession, Address, and if the user Has
a car. However, Age, Gender, and Address are information that has not
made a significant difference in terms of accuracy in the pilot study, which
combined the possibility user direct identification led to discarding it.
Retaining the profession information helped to improve the refinement
between working and other activities (e.g., In bank and Studying). And
retaining information about the user having a car was important to
improve the accuracy of distinguishing Going by car versus Going by bus.
Therefore, for the proposed model, user profiling is an off-line manual
process where the user introduces little personal data. This is done only
once when the user first runs the app, and the data is reduced to
Profession (textual input) and Has car (binary choice).

https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66364
https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66374
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As will be demonstrated in Section 5, for many tasks, semantic attributes
bring meaningful information that efficiently complements the basic
attributes. The values of semantic attributes assumed in our experiments
are indicated in Table 5.

 

 

Note: Larger version of Table 4 available here.

 

 

https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66376
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Figure 5: The interface of the app developed to collect annotated data in ou

 

Note: Larger version of Figure 5 available here.

 

3.4. HAR recognizer generation & HAR recognizer

HAR recognizer generation and HAR recognizer presented in Figure 1 are
similar in the generation and execution phases. Techniques and metrics
are described in this section.

HAR recognizer generation and HAR recognizer processes of our model are
combined in our implementation. In fact, both are realized together by a
machine learning process that learns to identify activities from the
features previously obtained. Six algorithms were tested to extract data
knowledge and then to classify the activities: J48, Multilayer Perceptrons
(MLP), Support Vector Machines (SVM), Random Forests (RF), K-Nearest
Neighbours (KNN), and Naive Bayes (NB). The algorithms were trained
and evaluated in terms of accuracy, precision, recall, and F-measure (see
Section 5 for details). We consider that the learning process forms the
HAR recognizer generation process and that the usage of the trained
model provides the HAR recognizer process, performing the activity
recognition.

 

4. The HAR-Brazilian dataset

We have collected real out-of-home human activity data in order to build a
dataset for our research. After submitting our project to the university
ethics committee, we sent invitations to university students and workers
to participate in our experiment. Each volunteer signed an agreement and
installed a mobile app developed for Android smartphones by us. The
Android platform was chosen based on the profile analysis of the
volunteers of a previous study. The mobile app collects raw GPS data
(Longitude and Latitude) and system date and time every three minutes
(see Section 3.1 for details). The user interface (written in Portuguese)
allows the volunteer to annotate when he/she starts a new activity. As
illustrated by Figure 5 (left), the user may associate an optional user
name to his/her records (Nome field) and has to select the started activity
using a combo box (Atividade field). Feedback is given to the user
indicating the last recorded activity and its GPS coordinates (Figure 5,
right). The Salvar button saves the information, while the Contato button
allows the communication between the user and the app developers.

We collected data from 22 subjects for 20 days, during March and April
2018. Subjects were from both genders, aged from 18 to 56, and lived
either in Lavras, Ituiutaba, or Uberlândia, both cities in the state of Minas
Gerais, Brazil. The volunteers completed an initial questionnaire that
allowed us to create the initial individual user profiles. This questionnaire
includes only four questions regarding age, gender, profession, and car

https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66366
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ownership. Table 6 summarizes the distribution of subjects' characteristics
in our experiment.

 

 

Note: Larger version of Table 6 available here.

 

 

 

Note: Larger version of Table 7 available here.

 

 

 

Note: Larger version of Table 8 available here.

 

Taking into account the population of volunteers, we configured the
experiment to recognize 13 activities. Only out-of-home activities were
used. They were divided into two categories: stationary and moving
activities, as listed in Table 7. The set of activities and their distribution in
terms of the duration (in minutes), average time, standard deviation (SD),
and the number of occurrences were analyzed to grasp the global
distribution of activities better. Statistics are presented in Table 8.

 

5. Experimental evaluation

https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66379
https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66381
https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66383
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We have evaluated the performance of our slim HAR approach by
analyzing its results under six different classification algorithms. More
specifically, we have used the Weka [4] implementation of the following
techniques as HAR Recognizer Generation and HAR Recognizer steps of
the our model (yellow boxes in Figure 1): J48, MLP, SVM, RF, KNN, and
NB.

 

 

Note: Larger version of Table 9 available here.

 

We have performed three tests considering different views of the dataset
presented in Section 4:

Test 1 — The dataset view includes only basic attributes (i.e., Day,
Start time, End time, and Total duration) and user profile attributes
(i.e., Profession and Has car?).
Test 2 — The dataset view includes only basic attributes and
enhanced GPS attributes (i.e., Distance from previous point, Pace,
and POI category).
Test 3 — The dataset includes all attributes, i.e., basic attributes,
enhanced GPS attributes, and user profile attributes.

Tests 1, 2, and 3 aim to verify the influence of enhanced GPS data and
user profile on the task of activity recognition. They have been performed
using leave-one-out k-fold cross-validation, with k = 10. An additional test
was performed to assert the resilience of trained classification models to
changes on the characteristics of the population:

Test 4 — The dataset presented in Section 4 is used for training the
classification models while the dataset presented in our previous
work (da Penha Natal, et al., 2017) is used for testing.

Test 4 is feasible because the new dataset was designed with the same
attributes as the previous one. However, the user profile attribute
Profession extends the number of cases from three to six. Some decrease
in performance could be expected due to this difference.

Table 9 illustrates four data samples collected from subjects in our
experiments. Here, columns one and two indicate, respectively, the name
of the attribute and its type regarding the source of information. Notice
that the attribute in the last line of Table 9 (Activity) is assumed to be
known only during the training of classification models. Columns three to
six correspond to samples collected from the subjects.

The metrics used for evaluation of the results are: accuracy, precision,
recall, and F-measure. These values can be computed from the confusion
matrix M, where element Mij indicates the number of instances of class
(Activity) Ai that were classified as class (Activity) Aj. More specifically, the
above-mentioned metrics are defined as:

 

https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66385
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where TP (True Positives) is the number of instances of an activity Ai
correctly classified as Ai, TN (True Negatives) is the number of instances of
activities other than Ai that are not classified as Ai, FP (False Positives) is
the number of instances classified as Ai that are not activity Ai, and FN
(False Negatives) is the number of instances of activity Ai that are not
classified as Ai.

5.1. Results of Tests 1, 2, and 3

The results of Test 1 are presented in Table 10. They correspond to a
scenario where semantic GPS attributes are not considered. However, it is
important to note that this scenario makes indirect use of conventional
GPS coordinates since Start/End time and Duration are estimated as
function of the displacement of the subject in space (see Section 3.1).
Therefore, one can associate the performance of the HAR system using
this limited kind of data to the performance of conventional attempts that
would be efficient in terms of energy consumption (i.e., they are still
performing sparse readings from one sensor), but weak in terms of quality
of activity recognition. In this scenario, J48, MLP, RF, and KNN present the
best results in all metrics evaluated, but all results are under 70 percent in
terms of accuracy. This is far from the results, with around 90 percent of
accuracy presented by more sophisticated approaches using similar inputs
(see Section 2).

The scenario of Test 2 explicitly incorporates information about the
displacement of the subject (Distance from the previous point and Pace)
and the POI category but does not include data from the user’s profile. As
can be observed in Table 11, the contextualization provided by the
enhanced GPS information leads to improvements ranging from 19.23
percent to 34.62 percent in accuracy, 15.62 percent to 31.18 percent in
precision, 19.23 percent to 34.62 percent in recall, and 16.24 percent to
34.12 percent in F-measure. Again, J48, MLP, RF, and KNN present the
best results in all evaluated metrics. Even so, the maximum of 80.00
percent of accuracy is still well below what is presented in the recent
literature.

From a careful inspection of results achieved in Tests 1 and 2, it is possible
to conclude that user profile attributes and enhanced GPS data alone may
be sufficient to assist in determining some activities. For instance, the
confusion matrices produced for these tests show that Lunching, Working,
Going by car, and Going by bus were well classified in Test 1, while Taking
coffee, Recreation, Walking, and Shopping presented good classification
results in Test 2. However, as can be seen in Tables 10 and 11, user profile
attributes and enhanced GPS data by themselves are not very effective in
general.

In Test 3 we used all the collected information together, leading to results
that exceed 91 percent of accuracy, precision, recall, and F-measure with
J48, MLP, SVM, RF, and KNN. This shows that the fusion of the presented
attributes in our slim energetic-saving HAR approach is as accurate as of
the more sophisticated solutions presented in the literature for the
identification of out-of-home activities. Table 12 summarizes the results
achieved in Test 3. A direct comparison of results in Table 12 to those of
Table 10 and Table 11 shows improvements in all metrics, accuracy,
precision, recall and F-measure in the order of 40 percent. This
improvement illustrates how important data enrichment is, even if only
with a few semantic attributes. It enables simple yet effective off-the-shelf
classification algorithms to reach state-of-the-art performance in human
activity recognition.

 

 

Note: Larger version of Table 10 available here.
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Note: Larger version of Table 11 available here.

 

 

 

Note: Larger version of Table 12 available here.

 

5.2. Results of Test 4

The dataset presented in da Penha Natal, et al. (2017) includes 1,998
samples collected from 10 subjects during 10 days of November 2016.
Subjects are from both genders, aged from 25 to 40, and lived either in
Niterói or Campos dos Goytacazes, both cities in the state of Rio de
Janeiro, Brazil. They are students, teachers, or administrative technicians,
a subset of the professions in the new dataset. It is important to
emphasize that subjects are from different universities and cities having
different geographic and demographic characteristics than Lavras,
Ituiutaba, and Uberlândia. Consequently, some differences between the
two populations can be expected.

The results of Test 4 are presented in Table 13. As in previous scenarios,
the algorithms J48, MLP, SVM, RF, and KNN have similar behavior for this
test, with accuracies above 97 percent. The efficiency of the training
dataset is demonstrated through recall and precision, ranging from 91.2
percent to 97.5 percent. We conclude that the contextualization provided
by enhanced GPS data and user profile makes the trained classification
models resilient to changes in the population.

Figure 6 illustrates the accuracy results of Tests 1, 2, 3, and 4 side-by-
side. We observe that data fusion, in this case, brought better results than
using only a single data source. Also, this shows that for future
applications developers will not depend on a single classification method
since the tested ones present similar behavior. The results in Table 13
(above 97 percent) indicate that the enriched data proposed in our
approach can generate robust models. We were able to obtain state-of-
the-art results even when we apply a classification model obtained by
training with different people from different cities.

 

https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66389
https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66391
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Note: Larger version of Table 13 available here.

 

 

 

Figure 6: Accuracy (in percent) of the proposed HAR approach using differen
algorithms in each one of the four tests discussed in Section 5

 

Note: Larger version of Figure 6 available here.

 

 

6. Discussion and conclusions

We have presented the MOut-HAR approach whose key insight is that the
performance of activity recognition based only on GPS data may be
improved by enriching positioning information with semantic information
of the closest POI, and with information collected from the user’s profile.
In our approach, data fusion is base on a simplified Waterfall model, and
off-the-shelf classification algorithms perform activity recognition.

Our experiment considers a dataset comprised of GPS samples collected
from 22 different subjects, from three different cities, during 20 days,
performing their usual daily tasks. The tasks include 10 stationary and
three moving activities. Semantic enrichment of GPS samples was
performed by identifying the closest POI in Google Places and by
automatic annotation of its associated affordance. The datasets produced
for this work is more complete and has more variability than others
described in the literature.

Results confirm our expectations by showing that the performance of
classification methods like J48, MLP, SVM, RF, and KNN is equivalent to the
performance of more sophisticated state-of-the-art algorithms if both
semantic information of POIs and user’s profile are fused to sparse GPS
samples. From the user’s perspective, an advantageous consequence of
the non-continuous use of a single smartphone sensor (GPS only, collected
every three minutes) is the battery saving. Strong evidence in this respect
is the fact that from the users initially enrolled for data collection there
was not a single complaint about energy consumption and all of the
completed the experiment.

https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66393
https://journals.uic.edu/ojs/index.php/fm/article/viewFile/9971/8187/66368
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Note: Larger version of Table 14 availa

 

In our previous work da Penha Natal, et al. (2017), the integration of POI
and user profile was presented preliminarily. This paper builds on that
introducing: (i) a slim model for out-of-home HAR (see Figure 1) with low
energy consumption, whose hallmark is to compensate a low sensor usage
with semantic information on the user and on the environment, to obtain a
high performance in recognizing more than a dozen activities; (ii) an
evaluation of the relative contribution of the different types of attributes
(basic, enhanced GPS, and user profile) for the accuracy; and (iii) a more
in-depth performance evaluation with accuracy, precision, recall, and F-
measure, showing the competitiveness of the approach.

6.1. Comparison to related work

To better situate our contribution in the frame of related work, we assess
the different approaches according to seven properties: scope, the number
of recognizable activities, the number of subjects, used sensors, data
acquisition schedule, the level of control on the activities, and accuracy.
The main related works are summarized in Table 14 to guide our
discussion.

Scope reflects the applicability range of the proposed solution. There are
models restricted to indoor (e.g., Foerster, et al. [1999]; Hung, et al.
[2014]) or outdoor (e.g., Difrancesco, et al. [2016]; Huang, et al. [2013])
activities, while others encompass both (e.g., Han, et al. [2014]). Our
research is oriented towards out-of-home activities, encompassing both
indoor (Shopping or Praying, for example) and outdoor (Walking or
Waiting for transport, for example) activities that can be associated to the
POI affordances, and users’ Profession and Have car? information.

The number of recognizable activities considers the power of the
recall. There are solutions for recognizing few (e.g., Hung, et al. [2014]),
many (e.g., Difrancesco, et al. [2016]; Huang, et al. [2013]), or even to
cover any kind of activity (e.g., Liao, et al. [2006]; Hung, et al. [2014]),
generally in a very abstract manner. In terms of the context, we classify
the activities in scripts and open context. The former has users performing
a script of predefined activities for a short time (e.g., Noo, et al. [2016];
Riboni and Bettini [2011]), while in the latter users do their daily activities
during a long period (e.g., Liao, et al. [2006]). The datasets used in our
work were produced in an open context with a set of 13 activities,
although this number is not a restriction. See column NA in the Table 14.

The number of subjects considered in the experiment is important to
reflect the robustness of the activity identification model to process
heterogeneous user data. Each subject provides an independent data
source that is collected and used for activity recognition. There are models
that were generated with observation from a single user (e.g., Mousavi, et
al. [2017]), few users (up to five, e.g., Liao, et al. [2006]; Difrancesco, et
al. [2016]), or from a large groups of users (more than ten, e.g., Riboni
and Bettini [2011]). The greater the number of observed subjects, the
more reliable is the model, and the better are the chances to reproduce
and scale the solution up. In our research, we used data collected from 22
subjects during the daytime over 20 days. See column NV in the Table 14.

Existing work also differs regarding the used sensors. Indoor activities
are supported not only by a mobile device but also by a variety of sensors
embedded in the environment, such as video capture (e.g., Mitchell, et al.
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[2014]; Zhu, et al. [2010]) and RFID (e.g., Park and Kautz [2008]).
Outdoor activities rely on a variety of mobile device sensors such as
accelerometers, GPS, luminosity, sound, etc. In some cases, wearable
sensors may also be used. Mostly, researchers use both GPS and
accelerometers (e.g., Karantonis, et al. [2006]; Preece, et al. [2009]). Our
proposal considers only GPS information. Sourcing information on the
user’s profile obtained off-line, and environmental conditions and POI’s
category obtained online increases the capability of activity recognition
resolving many information ambiguities. See columns SI and SA in the
Table 14.

Data acquisition schedule has a direct impact on the use of energy.
Often data acquisition from sensors is performed continuously (e.g.,
Krishnan and Cook [2014]) without accounting for the energy
consumption required. We take energy consumption seriously by acquiring
only GPS data every three minutes. This acquisition rate was designed
after testing the trade-off between data liveliness and location accuracy on
the one hand and GPS energy consumption and data loss on the other
hand. See column TI in the Table 14.

The level of control of the activities performed by the subjects may
limit the applicability of a technique to situations for which it was not
originally conceived. For instance, some approaches use data obtained
from users performing a pre-defined script of activities (e.g., Riboni and
Bettini [2011]; Noor, et al. [2016]), while others collect data in an
ethnographic approach (e.g., Mousavi, et al. [2017]), where subjects
perform their usual day to day activities. The former approach imposes
some limitations that are not observed on the latter. Our work uses the
ethnographic approach, and it was tested with a dataset obtained from
subjects of three different cities.

Accuracy reflects the correctness of the approach in recognizing the set
of planned activities and how it scales to other, unplanned activities. Our
tests showed results with a high accuracy generally improving the top
state-of-the-art approaches (see Section 2) in demanding conditions as
indicated in the user activity control and with values obtained in the
classification of an independent test set. See column Result in the Table
14.

6.2. Future work

A possible direction of future work is the addition of user profile data with
lower latency and the detection of seasonal activities (for instance, winter
and summer activities). The detection capability of the proposed model
may benefit semi-supervised approaches such as Levatić, et al. (2017) by
automatically associating activity-oriented categories to unknown POIs.

We are currently exploring the integration of our model with non-
deterministic representations of sequences of activities, like Hidden
Markov Models, for instance. Further research will explore the integration
of the decision making module, in Level 3 of the Waterfall model (see
Figure 2), by creating applications that trigger actions. They can be
particularly useful for assisted living, warning the user or a user support
team.

As previously mentioned, this approach opens up the possibility of using
legacy data to do HAR, provided the needed semantic information can be
associated with that data. On the other hand, this work also should make
us reflect on its misuses, such as population surveillance and control. It is
an area where the need for public policies to establish strict regulations on
the design and auditing is highly stringent. 
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Notes

1. https://github.com/Prograf-UFF/HAR-BrazilianDataset.

2. https://developers.google.com/places/?hl=pt-br.

3. Image source: http://www.webdesigndev.com/wp-
content/uploads/2013/02/7-The-Wall1.jpg.

4. http://www.cs.waikato.ac.nz/ml/weka/.
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