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ABSTRACT 

Human activity recognition is an interdisciplinary 
research area. It has importance across fields such as 
rehabilitation engineering, assistive technology, health 
outcomes, pervasive computing, machine learning, artificial 
intelligence, human computer interaction, medicine, social 
networking, and the social sciences. Activities are 
performed indoors and outdoors. We can classify these 
activities into two classes, simple full body motor activities 
such as walking, running, sitting and complex functional 
activities such as cooking, washing dishes, driving, 
watching TV, reading a book, etc. In this paper, we describe 
an approach to recognize complex activity using solely a 
smartphone with common sensors, our software and 
standard Wi-Fi infrastructure. We also describe our 
prototype data collection components as the foundation of 
this project. 

INTRODUCTION 

In our everyday life, we perform countless activities. 
that occur indoors and outdoors for various purposes [1]. 
We can categorize these activities into two different classes. 
One class is of simple full body motor activity and the other 
class is complex functional activity. Simple activities 
include walking, running, sitting, lying, climbing upstairs or 
downstairs, jumping etc. Complex activities include 
cooking, washing dishes, driving, watching TV, reading a 
book, playing tennis, swimming etc. It is easy for humans to 
watch, detect, and differentiate one activity from another, 
but building an automatic system to accurately identify a 
particular activity from the array of human activity is 
extremely challenging. 

Performing Activities of Daily Living (ADLs) and 
Instrumental Activities of Daily Living (IADLs) are an 
important part of living a healthy independent life [13], [14]. 
These activities cover a wide range, such as self-care, meal 
preparation, bill paying, and entertaining guests. Virtually 
every rehabilitation therapist and program focuses on these 
as outcome goals. The ability to perform ADLs and IADLs 
are important indicators both for those recovering from a 
newly acquired disability, or for those at risk for decline, 
either through chronic, physical or mental impairments (i.e., 
ALS, MS, Parkinson’s, Alzheimer’s), and may act as early 
indicators of disease or illness [15]. Disruptions in the 

routine of ADLs can be an indicator of either lack of 
rehabilitation success or significant decline in function, and 
act as an important indicator of a return to or decrease in the 
quality of life (QoL) [16], [17]. These disruptions in routine 
are often used as indications that help diagnose, treat, and 
document the outcomes of services for people with a wide 
variety of disabilities including psychological impairments, 
such as depression and dementia [18], [19], [20]. 
Additionally, older adults may perform activities despite 
decrements in functional capacity. However, a threshold of 
declined functional performance may be reached, at which 
time assistance may be necessary [21]. 

In recent years there has been a rapid growth in the 
number of smartphone users. Total shipments of 
smartphones in 2012 were 712.6 million units with an 
annual growth of 44.1% from 2011 [2]. Every smartphone 
comes with various wireless adapters and offers a variety of 
useful sensors such as Accelerometer, Gyroscope, 
Orientation sensor, Magnetometer, Barometer, GPS, Wi-Fi, 
Fingerprint and NFC. Use of the smartphone based system 
eliminates the cost of additional devices and sensors. 

RELATED WORK 

Extensive research has focused on automated machine 
recognition of human activity [1], [3], [4], [6], [7], [11]. 
Using computer vision has been one approach [3], [4], [5]. 
Computer vision proposes and implements automatic 
activity recognition of form activities performed by one or 
more persons from a sequence of images. This type of 
image/video activity recognition is one of the promising 
applications of computer vision. Other research has used 
wearable kinematic sensors like the accelerometer, the 
gyroscope and RFID by placing them on different parts of 
the body [11], [12]. 

Our use of technology leverages the increasingly 
ubiquitous smartphone. Compared to computer vision or 
kinematic sensors smartphones offer many advantages such 
as they do not require any additional infrastructure, they are 
unobtrusive, and have good (and rapidly expanding) 
computation power and communication power [9], [10], 
[11], [12]. Most of the approaches using smartphones have 
tried to recognize simple activities such as walking, running, 
standing, walking up stairs, walking down stairs, sitting and 
climbing. A few researchers have begun to tackle the 



recognition of more complex functional activities. The 
platforms used by researchers include Android, iOS, 
Windows, Symbian and Blackberry. 

Importantly, the literature has examined the use of time 
and location data to predict activity. Hagerstrand was early 
to propose that human activities were constrained not only 
by location, but also by time, which he called “time 
geography” [22]. He also recognized individual differences 
and emphasized the importance of the individual as the unit 
of study in human activity [23]. As humans we are creatures 
of habit and tend to follow the similar routines based on 
various cycles. Such cycles include circadian rhythms, 
weekly schedules, seasonal events and annual holidays. 
Prediction of what a person is doing based on their 
individual time schedules is quite plausible when both 
location and time are known. The better granularity of the 
time/activity linked data increases the confidence level of 
the deduction. This method of location and time based 
activity deduction is currently used in such diverse fields as 
environmental health [24], wildlife monitoring [25], and 
traffic systems analysis [26]. 

As mentioned, the use of motion related sensors, such 
as accelerometers and gyroscopes have also been widely 
used in activity recognition systems as a wearable sensor. 
Both time and motion data are easily collected and accessed 
in smartphones. These become a powerful combination in a 
smartphone where sensors are integrated, software can be 
inexpensive and overall a smartphone based system 
eliminates extra devices. 

OUR APPROACH 

In our overall approach, we use the smartphone to 
collect and then combine simple body motor activity, time 
and location variables to predict the complex functional 
activity. With smartphone data collection, activities can be 
performed indoors or outdoors. While outside we can use 
Global Positioning System (GPS) for localization that is  
available in every smartphone. It is more challenging 
indoors. To recognize indoor complex activity we leverage 
Wi-Fi signals.  Fundamentally, Wi-Fi is technically not very 
resolute as a location system. However, using smartphone 
(Android and iOS) and wireless routers we can identify the 
location of the user inside a building to a coarse degree and 
add this to the activity identification algorithm. 

To predict the complex activity using a smartphone, we 
have divided our work into three different modules. 

• Simple Body Motion Detection 
• Indoor Localization 
• Complex Functional Activity Detection 

 
As previously described, complex activities are often 

composed of multiple simple activities. Thus, identifying 
and documenting simple body motions can be of benefit in 

identifying more complex activities. Thus, our first target 
was to classify and identify simple activities using 
smartphones. We also know that human activity is largely 
correlated to a location. For example we know that washing 
dishes occurs by the kitchen sink and grocery shopping 
occurs at the grocery store. Each of the modules of this 
system is described briefly in the following subsections. 

Recognition of Simple Activities 

We will use a kinematic sensor of smartphone such as 
accelerometer, gyroscope, orientation sensor, or a 
magnetometer to classify different simple activities like 
walking, standing, running, jogging, walking upstairs and 
downstairs etc. Based on our previous experience we are 
going to filter the sensor data to reduce the noise. The 
filtered data then will be used to train the system. Later we 
will use the system to classify different simple activities. 
The architecture of the proposed system is shown in Figure 
1. 

Indoor Localization 

We have created an intelligent ubiquitous system which 
is able to detect the location of the user both indoors and 
outdoors with a fair accuracy using Wi-Fi wireless 
technology [27]. For localization of a mobile node with a 
smartphone, we achieved less than 2 meters accuracy with 
an Android and less than 2.5 meters accuracy with an 
iPhone for both indoor and outdoor. We achieved this 
localization at low cost with existing Wi-Fi infrastructure. 
We note that this design can be used in indoors and 
outdoors. To localize a smartphone with a wireless router 
we achieved 80% accuracy for 5 out of 6 different locations 
with the existing Marquette University wireless routers. We 
achieved low accuracy (30% to 40%) for mobile nodes or 
WiFly routers. 

Figure 2: Localization of mobile Wi-Fi node (router) 
with Smartphone. 
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Figure 1: Recognition of Simple Activity using 
Smartphone sensors 



Recognition of Complex Activity 

To pilot the identification of complex functional 
activities used time, location and simple activity data to 
predict the complex activity. The architecture of the 
proposed approach is shown in Figure 3.  

DATA COLLECTION 

We collected data from 3 persons (2 men and 1 
woman). The data include time of the activity, location 
where the activity is performed, duration of the activity, and 
the performed activity. We collected data from two of the 
subjects for 21 days and data from the other subject for 14 
days. The data for 1 single day is shown in table I. The first 
column indicates the time when the activity was performed. 
The second column stores location data, with two parts; the 
room inside the apartment or house, and the more precise 
location inside the room with respect to different object 
activity anchors such as bed, sofa, chair etc. The third 
column lists the activity that was performed. The fourth 
column stores the duration of the performed activity. 

Data Collection Tool (UbiSen) 

We developed a prototype tool named UbiSen 
(Ubicomp Lab Sensor Application) in Android to collect 
sensor data for simple activity recognition to help us to 
predict complex activity. It collects data from all 

smartphone available sensors simultaneously. We have used 
a threading technique to parallelize the operation so that we 
obtain more precise data on each timestamp. We plan to use 
this tool to generate a data set for different activity in a 
controlled environment. The developed tool is generic and it 
can be used to collect data from a specific set of sensors for 
a specified frequency. We also plan to add the statistical 
function enabling the user to perform statistical operations 
and generate meaningful reports from the collected sensor 
data. The functionality of the tool is shown in Figure 4-6.  

CONCLUSION 

To reach the ultimate goal of complex activity 
recognition, we have developed a tool for collecting and 
reporting sensor data from a smartphone. We have also 
collected a data set for complex activity. In addition, we 
developed an indoor localization system using Wi-Fi and a 
smartphone. These key R&D steps have helped us advance 
toward our goal of the design and of a complex functional 

Table 1: Complex Activity Data of 1 person for 1 day 
 

Time Location Activity Duration 
(hour : minute) Room Anchor 

7:00 Bedroom Bed Wake up 0:03 
7:03 Bathroom Toilet Using the toilet 0:07 
7:10 Kitchen Throughout kitchen Food preparation  0:19 
7:29 Porch Chair Eating 0:34 
8:03 Kitchen Sink Clean dishes 0:06 
8:09 Bathroom  Sink Personal cares/ hygiene 0:23 
8:32 Bedroom In front of dresser/closet Changing clothes 0:17 
8:49 Front door Front door Leaving 3:31 

12:20 Front door Front door Returning home 0:01 
12:21 Kitchen In front of refrigerator Food preparation  0:19 
12:40 Dining room Table Eating 0:20 
13:00 Living room Chair Resting 0:30 
13:30 Bathroom Toilet Using the toilet 0:05 
13:35 Living room Chair Watching TV 0:45 
14:20 Kitchen Refrigerator Getting a snack 0:03 
14:23 Living room Chair Watching TV 1:07 

 

Figure 5: Graph 
shows the raw 
sensor data for a 
selected sensor. 

Figure 6:  
Collected data is 
exported to an 
Excel file for 
further use. 

Figure 4: Main 
window shows list 
of available sensor 
with green icon 
and unavailable 
sensor with red 
icon. 
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Figure 3: Prediction of Complex Activity 



activity recognition system on smartphones. Future work 
will aggregate and integrate these data sets using machine 
learning algorithms and test the accuracy of complex 
functional activity prediction that uses just the mobile phone 
and .existing standard Wi-Fi infrastructure. 
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