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Abstract: Activity recognition plays an important role in smart homes for aged-care. In this 
paper, we formulate the problem of activity recognition and propose a new method based on 
spatial-temporal constraints to carry out activity recognition, which consists of five phases: 
initialisation, segmentation, sensor data representation, activity exploration as well as activity 
identification. Besides, we analyse the time complexity and space complexity of our approach in 
theory. To evaluate our approach, we carried out experiments on real dataset from Wireless and 
Mobile Network Laboratory, Tamkang University. The experimental results demonstrate an 
improvement of 5.6% in the accuracy on average of recognised activities in comparison to the 
method of support vector machine (SVM). 
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1 Introduction 
Aging are becoming a problem around the world. For 
example, by 2030 there will be about 20% of total 
population in Australia over the age of 65 (Hugo and Sa, 
2014). In such situation, the healthcare expenditure for the 
growing number of older people poses challenge to the 
governments and societies. The significant improvement in 
the technologies of wireless sensors, especially low-power, 
low-cost, high-capacity, and miniaturised sensors, and 
internet of things has paved the way towards realising 
continuous and cost-effective monitoring services in smart 
homes, which is a promising solution to provide smart and 
efficient healthcare while dealing with this challenge 
(Amiribesheli et al., 2015). 

In smart homes, a large amount of data can be 
continuously collected from sensors triggered by elderly, 
which can be used to recognise the activities of daily living 
(ADL). Furthermore, the recognised activities can be 
exploited to assess the cognitive and physical well-being of 
elderly, which will assist elderly person to live longer 
independently, with a better quality of life, in their own 
homes. 

Recognising ADL are now a hot topic of research. In 
recent years, researchers have proposed many approaches to 
deal with the activity recognition problem based on 
different kinds of devices from different perspectives, most 
of which are based on cameras (Donahue et al., 2015; Pal 
and Abhayaratne, 2015; Jalal et al., 2017), wearable sensors 
(Lara and Labrador, 2013; Parkka et al., 2006; 
Mukhopadhyay, 2015), and WiFi (Wang et al., 2015; 
Abdelnasser et al., 2015; Ali et al., 2015). However, 
camera-based approaches potentially result in the invasion 
of inhabitant’s privacy. Wearable sensors-based approaches 
are inconvenient because of the sensors that users have to 
wear every day. Although WiFi-based approaches do not 
need inhabitant to wear any devices, they still have room for 
improvement, for example, exploring any further 
optimisation to the location independence. 

Binary sensors, such as pressure sensor, water flow 
sensor, ultrasonic sensor, infrared sensors, and gas sensors, 
are commonly deployed in smart homes. Previous work 
have shown the solid potential of binary sensors for solving 
the problem of activities recognition in the smart home 
(Tapia et al., 2004), and can be used in human-centric 
problems, e.g., health and elderly care (Wilson and Atkeson,  
 
 

2005; Cook and Schmitter-Edgecombe, 2009). For example, 
Van Kasteren et al. (2008) demonstrated how to use binary 
sensors and motion sensors, to recognise ADLs of people 
living on their own home, where the binary sensors are used 
to measure the opening or closing of doors and cupboards, 
the use of electric appliances. The advantages of binary 
sensors-based approaches (Ordónez at el., 2013) include the 
low cost and ease of device deployment, as well as the least 
privacy invasion compared to cameras and wearable 
sensors. 

Human activity is an abstract concept, therefore not only 
space but also time information must be taken into 
consideration. The existing research work based on binary 
sensors (Ordónez at el., 2013) often took activity 
recognition as the problems of continuous ‘sequential data 
classification’, which overlooked the associations of time 
and space among the sensing data. To overcome these 
issues, in this paper, we propose an approach based on time 
and space constraints to recognise activities effectively and 
efficiently by handling data from monitoring continuously 
with low-cost binary sensors, without the deployment of 
extra specialised or costly sensing equipment. Experimental 
results show that our approach works well, which will 
largely increase the opportunity for wide deployment and 
in-home use. 

The main contributions of this work are listed as 
follows. 

• Based on the in-deep analysis of human activities in 
home, we formalise the problem of activity recognition 
with binary sensors deployed in smart home. 

• We present the idea of about sensor data partition based 
on space and time constraints, to simplify the 
computational complexity. 

• We propose a method consisting of five phases: 
initialisation, segmentation, sensor data representation, 
activity exploration as well as activity identification, to 
recognise the human activities. 

The rest of this paper is organised as follows. Section 2 
summarises related work. In Section 3, activity recognition 
approach based on binary sensors for home care is 
introduced, which is followed by the experiments in  
Section 4. At last, a conclusion about this work is presented 
in Section 5. 
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2 Related work 
Human activities recognition has been widely explored, 
because it is important in pervasive environments. However, 
there still exist many challenges of activities recognition far 
from being solved well. In the following, we present an 
overview of the existing works and point out their 
shortcomings. 

Recently, a large number of approaches for human 
activity recognition have been introduced for different 
settings, which can be roughly divided into categories of  
vision-based, sensor-based, and radio frequency-based 
activity recognition. The former category depends on the 
utilisation of visual sensing devices, e.g., video cameras, to 
monitor the activities of occupant and the changes of 
environment in smart homes. The produced sensing data are 
video sequences or digitised visual data. Approaches of  
vision-based activity recognition usually make use of the 
computer vision techniques for recognising activity pattern. 
The second category is based on the observation that 
different activities will occur different multi-path distortions 
in radio signals. The third one rests on the technologies of 
wireless sensor network to monitor human activity in smart 
homes. 

2.1 Vision-based activity recognition approach 
Vision-based methods (Matsuo et al., 2014; Rodriguez et 
al., 2016; Jalal et al., 2014) exploit video cameras to carry 
out the activity recognition from video sequences, which is 
an important research field of computer vision. Generally, 
activity recognition from video sequences consists of 
several phases, including pre-processing of images or  
space-time volume video data, feature extraction with 
respect to human activity, and activity modelling based on 
the extracted features. 

Although vision-based methods have made positive 
contributions in the field of recognising human activity, 
they still have shortcomings. First, the privacy is a matter of 
concern for inhabitants, because most people are not 
inclined to be monitored and recorded by video cameras. 
Second, inhabitants need to stay within the spaces of smart 
homes pre-determined by fixed cameras. Third, handling 
images and videos require a significant amount of 
computing resources. Therefore, these vision-based 
approaches are not applicable to activity recognition in 
smart homes. In contrast, the advantages of sensor-based 
activity recognition are wide range of applications,  
non-intrusiveness, and the like. 

2.2 Radio frequency-based methods 
Radio signals-based methods have been proposed to 
recognise human activities (Liu et al., 2011; Wei et al., 
2015; Al-Qaness et al., 2016). Kim and Ling (2009) used 
features from radar spectrogram to recognise human 
activities, e.g., running, walking, walking while holding a 
stick, crawling, boxing while moving forward, boxing while 
standing in place, and sitting still. Jokanović and Amin 

(2018) proposed a method to implement fall detection using 
deep learning in range-Doppler radars. Besides, WiFi-based 
approaches (Zheng et al., 2017), e.g., WiSee (Pu et al., 
2013) and E-eye (Wang et al., 2014), also have been 
introduced based on the observation that different human 
activities occur different multi-path distortions in WiFi 
signals. However, radio frequency-based activity 
recognition still have some limitations, e.g., signals are 
susceptible to interference in smart home. 

2.3 Sensor-based activity recognition approach 
In this section, we roughly divide the existing work into 
three aspects: wearable sensors, object sensors, radio 
signals, and ambient sensors-based methods. 

2.3.1 Wearable sensors-based methods 
With wearable sensor-based methods, most of the measured 
attributes are in relation to the inhabitant’s movement 
(Pansiot et al., 2007). The sensors which are used to collect 
data about the above attributes, are worn by inhabitants, 
e.g., accelerometer, physiological sensors, global 
positioning system (GPS) receivers, magnetometer, and 
gyroscope, which are usually equipped on watches 
(Bhattacharya and Lane, 2016) and smart phones (Sankaran 
et al., 2014; Kwapisz et al., 2011; Eftekhari and Ghatee, 
2016; Montoya et al., 2015; Reyes-Ortiz et al., 2016). 

Among those research based on wearable sensors, the 
accelerometers is mostly adopted. In addition, gyroscope 
and magnetometer are also exploited together with the 
accelerometer. Wearable sensors need to be attached to 
inhabitants, which result in lots of discomfort to inhabitants 
and does not meet the requirements of practical applications 
in smart homes. 

2.3.2 Object sensor-based methods 
This kind of method needs to attach sensors to objects  
(Li et al., 2015, 2016; Buettner et al., 2009; Lien et al., 
2016), to monitor the changes in position of a target object, 
and rests on the assumption that human activities can be 
inferred from object sequences manipulated by inhabitant in 
smart home. For example, the accelerometer attached to a 
cup can be used to detect the drinking water activity, and 
cooking-related activities often contain picking up and 
putting down dishes. In comparison with wearable sensors, 
object sensors are difficult to deploy in smart home. 
Besides, object sensors do not work when recognising 
activities, which require no contact with the object (e.g., 
taking shower). 

2.3.3 Binary sensors-based methods 
With the development of wireless sensor technology and the 
cost reduction of production, more and more sensors are 
employed in smart homes, including sound sensors, pressure 
sensors, and temperature sensors, and so on and so forth. 
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The differences between object sensors and binary 
sensors are the former ones are used to measure the 
movements of objects, while the later ones can capture the 
changes of the smart home environment, e.g., the opening or 
closing of doors and cupboards, the use of water, gas, and 
electric appliances, as well as the entering rooms. 

Researchers can take advantage of binary sensors for 
capturing interaction between inhabitants and the smart 
home environment, to recognise human activities. These 
kind of methods usually extract time-space feature from 
sensing data involves using artificial space features as well 
as fixed-length time windows to recognise human daily 
activities (Van Kasteren et al., 2008; Ordónez et al., 2013). 
In fact, artificial features have the limits of generalisation, 
and fixed-length time windows are not suitable for activities 
with different durations, which is common in real world. 

Different from existing work, in this paper, we introduce 
an approach according to time and space constraints, which 
can recognise activities effectively and efficiently by 
handling sensing data from binary sensors commonly 
deployed in smart homes. 

3 The proposed approach 
The proposed approach mainly consists of five phases: the 
initialisation, segmentation, sensor data representation, and 
activity exploration as well as activity identification phases. 
The initialisation phase mainly checks the correctness and 
completeness of the raw data and then filters all invalid 
data. Then, the segmentation phase pushes the 
computational complexity of activity exploration into 
smaller one through partitioning data to reduce the search 
space of activity recognition process. From the logic point 
of view, the sensor data of each day has been partitioned 
into several sets of data. After that, the phase of sensor data 
representation will transfer the presentation of data to 
another one, aiming to map each sensor data to a character 
for simplifying the operations of later phase in advance. As 
a result, the sensor data of each day can be represented as a 
set of strings. Then, the activity exploration aims to explore 
the potential activities from the string representation. At 
last, the activity identification phase compares the explored 
potential activities with the predefined activity patterns. The 
following presents the details of each phase. 

3.1 Phase 1: initialisation 
Given a set of data, there probably exists invalid elements. 
If we ignore the particularity of these invalid elements and 
use them directly for processing, wrong results might be 
obtained. This phase aims to process the raw data collected 
from wireless sensors by filtering out the invalid data. 
Several conditions should be checked in this phase. For 
example, some data might have null value. Furthermore, the 
data generating time might be out of the lower and upper 
bounds. In addition, the sensor id in data is not able to be 
correctly verified. 

3.2 Phase 2: segmentation 
This phase aims to reduce the computational complexity for 
the later phases. Herein, we notice that the activity 
recognition for elder takes much time since there might be 
thousands of sensing data collected by sensors in one day. 
Since the time complexity for matching activity pattern 
highly depends on the length of each pattern and the number 
of patterns, reducing the length of each activity pattern can 
significantly reduce the time complexity and hence 
simplifies the operations designed in the later phases. 

The main concepts behind in the segmentation are the 
space and time constraints. Let the space constraint refers to 
the property that the set of sensing data detected for each 
elder activity can be occurred only in a single space while 
the time constraint verifies the property that the occurrence 
times for any two consecutive sensing data cannot differ 
more than a certain time period. Based on the space and 
time constraints, the big set of sensing data collected in one 
day can be further partitioned into a set of smaller subsets. 
The following presents the operations designed in this 
phase, which consists of two parts: 

1 operations based on space constraints 

2 operations based on time constraints. 

3.2.1 Step 1: space partition based on space 
constraints 

Let Di denotes the set of data collected in the ith day, where 
1 2{ , , ..., },ii
i i iD d d d= β  and βi is the number of elements in 

Di. As mentioned in Section 2, the home space L is 
consisted by a set of non-overlapped subspaces, denoted as 
L = {L1, L2, …, La}, where a is the number of spaces in a 
house. Based on the space constraint, the data in Di can be 
partitioned into a number of non-overlapped subsets 
according to the location information given in each 

.k i
id D∈  After processing according to space constraints, 

Di can be handled into a collection of non-overlapped 
subsets, i.e., Di = {Di,1, Di,2, Di,3, …, Di,a}, where Di,j (1 ≤ j ≤ 
a) denotes the collection of data ordered by time from the jth 
space in the ith day. Furthermore, 

,,,1 ,2, { , , ..., }i jjj ji j
i i iD d d d= β  and βi,j is the number of data in 

Di,j based on the place constraint. Take ,j k
id  as an example, 

it means the kth sensor data from the jth space in the ith day. 
Figure 1 gives an example to illustrate the process of 

space partition. As shown in Figure 1(a), there are a number 
of sensor data collected in the ith day. Each circle represents 
a sensor data ordered by the time when data generated. 
Circles with different colours represent the sensor data are 
collected from different spaces. For example, red circles 
represent the sensor data collected in kitchen while blue 
circles represent the sensor data collected in bathroom. 
These data can be represented by 1 2 12{ , , ..., }.i

i i iD d d d=  
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Figure 1 An example of space constraints, (a) sensor data in ith day before processed (b) sensor data in ith day after processed according to 
space constraint (see online version for colours) 
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Herein, we notice that the sensor data expressed by red 
colours might be collected from different sensors. For 
example, the four circles represent that the first two data are 
collected by water flow sensor but the last two red circles 
represent the data collected by gas sensor. Figure 1(b) 
depicts the results obtained by applying the space partition 
step. As shown in Figure 1(b), the circles with different 
colours have been partitioned into different groups. Let Di,1, 
Di,2 and Di,3 denote three different groups, which contain 
data collected in kitchen, bedroom and bathroom, 
respectively. The partitioned results obtained by applying 
space partition step can be expressed by: 

{ } { }
{ } { }
{ } { }

1,1 1,2 1,3 1,4,1 1 4 9 11

2,1 2,2 2,3 2,4,2 2 5 7 12

3,1 3,2 3,3 3,4,3 3 6 8 10

, , , , , , ,

, , , , , , ,

, , , , , , .

i
i i i i i i i i

i
i i i i i i i i

i
i i i i i i i i

D d d d d d d d d

D d d d d d d d d

D d d d d d d d d

= =

= =

= =

 

As shown in the expressions of Di,1, Di,2 and Di,3, to 
represent that the first data is the first element in the first 
group Di,1, we rename 1

id  as a two dimensional notation 
1,1.id  The same operation goes for the second element in the 

first group, as well as elements in other two groups. 
Since each activity can be occurred in one space, the 

space partition step guarantees that the sensor data 
associated with one activity will not be separated into two 
groups. That is, the space partition will not destroy the 
relationship among data but can reduce the computational 
time complexity for later phase. 

3.2.2 Step 2: time partition based on time constraints 
This phase mainly partitions the data in advance according 
to time constraint. Here we still take dataset Di,j, which has 
been mentioned in step 1, as an example. Based on the time 
constraint, the data in Di,j can be further partitioned into a 
number of subsets according to the time information given 
in each , , .j k i j

id D∈  Let the time constraint ask the time 
difference of two consecutive sensor data cannot exceed the 

predefined threshold λ. Let Di,j,k denote the kth partitioned 
group of Di,j. The following illustrates how to partition the 
dataset Di,j into a number of groups. Starting from the first 
two data in set Di,j. Initially, we include the first data in Di,j 
in the first group, denoted as Di,j,1. To represent that the first 
data is the first element in the first group Di,j,1, we rename 

,1j
id  three dimensional notation ,1,1.j

id  Then, we will check 
whether or not the second data in Di,j should be included in 
the first group. To achieve this, we further check if the 
following condition holds. 

,2 ,1j j
i id time d time λ⋅ − ⋅ ≥  

If it is the case, based on time constraint, we will create the 
second group, denoted as Di,j,2, and include the second data 

,2j
id  in the second group Di,j,2. To represent that ,2j

id  is the 

first element in the second group, we rename the ,2j
id  as 

,2,1.j
id  Otherwise, the second data should be included in the 

first group Di,j,1 and rename the ,2j
id  as a three dimensional 

notation ,1,2j
id  since it is the second data in the first group 

Di,j,1. This also indicates that the first two data might belong 
to the same activity. The above-mentioned operation will be 
repeatedly applied for each consecutive two data: ,j k

id  and 
, 1j k

id +  for 1 ≤ k ≤ βi,j. 
Then the time partition phase can be finished and finally 

we have a number of partitioned groups: 

{ }
{ }

,

, ,

, ,, , ,1 , ,2

, ,, ,1 , ,2, ,

, , ..., and

, , ...,

i j

i j k

i j ξi j i j i j

j kj k j ki j k
i i i

D D D D

D d d d

=

= β
 

where ξi,j denotes the number of groups in Di,j and βi,j,k is the 
number of elements in Di,j,k. 

Figure 2 continues the results of Figure 1 and further 
gives an example to demonstrate the process of time 
partition. 
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Figure 2 An example of time constraints and space constraints, (a) sensor data in ith day before processed (b) sensor data in ith day after 
processed according to space constraint (see online version for colours) 
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As shown in Figure 2, the dataset in each space (i.e., 
kitchen, bedroom and bathroom) is divided into different 
subsets according to time constraint, which are separated by 
parentheses. For example, the dataset in kitchen (i.e., Di,1) is 
divided into two non-overlapped subsets by applying time 
partition step: 

{ },1 ,1,1 ,1,2,i i iD D D=  

where 

{ } { } { }
{ } { } { }

1,1 1,2 1,1,1 1,1,2,1,1 1 4

1,3 1,4 1,2,1 1,2,2,1,2 9 11

, , ,

, , ,

i
i i i i i i

i
i i i i i i

D d d d d d d

D d d d d d d

= = =

= = =
 

3.3 Phase 3: sensor data representation 
For each segmentation (a set of sensor data ordered by time 
subjecting to space and time constraints defined in Section 
2) created in phase 2, this phase aims to transfer each sensor 
data to a character for simplifying the operations of later 
phase in advance. The basic idea behind this phase is to 
transfer the multidimensional data to a single dimensional 
data, to facilitate the activity exploration. 

Specifically, there are two tasks designed in this phase. 
First, the mapping task aims to map each sensor ID to a 
unique character. Second, the transferring task aims to 
transfer the five-dimentional data into one-dimentaional 
data. Let each data can be presented as five-tuple form (id, 
name, loc, time, value). The location and time information 
have been utilised for space and time partitions in phase 2 
and the value has been utilised for checking the validation 
of the data in phase 1. The mapping task and transferring 
task can remove the information, which have been utilised 
in the previous phases for simplifying the data 
representation. 

Let C = {ci | 1 ≤ i ≤ n} denote the set of n unique 
characters, and transfer(Object o) denote the transforming 
function of from sensor data to characters according to the 
sensor id. 

Table 1 gives an example to transform each sensor data 
to a unique character ci based on the sensor id of data. 

Take , ,, ,
, ,{ |1 }j k wi j k

i j kiD d w= ≤ ≤ β  as an example, 
which is a set of sensor data, i.e., a segmentation generated 
by phase 3 according to space and time constraints. After 
the process of this phase, all data in: 

{ }, ,, ,
, ,|1j k wi j k

i j kiD d w= ≤ ≤ β  

can be transferred to a string, expressed as: 

( ) { }, ,, , , ,
, ,|1j k wi j k i j k

i j kitransfer D S c w= = ≤ ≤ β  

where Si,j,k consists of βi,j,k characters, and the order of 
sensor data in Di,j,k is also remained in Si,j,k. 

Table 1 A simple example of mapping table 

Sensor ID Character 

1 c1 
2 c2 
3 c3 
4 c4 
… … 
n cn 

Following the example of Figure 2, as shown in step 2 of 
phase 2, where: 

{ }1,1,1 1,1,2,1,1 ,i
i iD d d=  

Assume the ids of 1,1,1
id  and 1,1,2

id  in Di,1,1 are 1 and 2, 
respectively. That is: 

1,1,1

1,1,2

id 1
id 4

i

i

d
d

⋅ =

⋅ =
 

Since 1,1,1
id  and 1,1,2

id  will be mapped to c1 and c4, 
respectively, according to the mapping rule between sensor 
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id and character shown in Table 1, Di,1,1 can be represented 
as: 

( ) { },1,1 ,1,1
1 4,i itransform D S c c= =  

3.4 Phase 4: activity exploration 
Consider any string, say: 

{ }, ,, ,
, ,|1j k wi j k

i j kiS c w= ≤ ≤ β  

which is obtained from the previous phase. Herein, we 
notice that Si,j,k might contain more than one activity. 
Therefore, each substring of Si,j,k might be a primitive 
activity. 

This phase consists of three steps. The first step, called 
valid substring generation, aims to generate all valid 
substrings of string Si,j,k. Then the second step, named valid 
substring hashing and counting, aims to count the times of 
each substring appears in the same space during consecutive 
x days. The last step, called activity pattern candidates 
selection, aims to select the candidates of activity pattern 
from all valid substring, the times of which appears in the 
same space exceed a threshold during consecutive x days. 

3.4.1 Step 1: valid substring generation 
Recall that each substring of Si,j,k might be a primitive 
activity. This motivates to consider all possible substrings in 
Si,j,k and count if each substring usually appears in the same 
space of different days. If it is the case, we will identify that 
this substring should be an activity. 

This step first presents the description of valid substring. 
Here, a substring is valid only if it satisfies two criteria. 
First, it must be the substring of the string Si,j,k obtained 
from phase 3. Second, its length is not less than a threshold 
τ, which can be set by experimental comparisons. The 
following formally defines the substrings of string Si,j,k 
string Si,j,k be presented as: 

, ,1 , ,2 , ,, , { , , ..., },j k j k j k ti j k
i i iS c c c=  

where t = βi,j,k. 
A string 

{ }, , , , 1 , , 2 , ,
, , , ...,i j k j k q j k q j k q m

m q i i iS c c c+ + +=  

is said to be a substring of string Si,j,k if 0 ≤ q and q + m ≤ t, 
where m denotes the number of elements in , ,i j k

mS  and q 
represents the starting index in Si,j,k. 

Let , ,i j k
mS  denote a group consisting of all substring with 

the size of m, which can be denoted as: 

{ }, , , ,
, | 0 andi j k i j k

m m qS S q q m t= ≤ + ≤  

Let Vi,j,k denote the group of all valid substrings from string 
Si,j,k, expressed by: 

{ }, ,, , |i j ki j k
mV S τ m t= ≤ ≤  

Here, we use a sliding window-based approach to extract all 
valid substrings of string Si,j,k. For any string Si,j,k, the 
window size m denotes the number of elements in its 
substring , ,

, .i j k
m qS  Figure 4 depicts an example of the process 

designed in step 1 of this phase. 

Figure 3 An example of sliding window-based approach 

 

 

As shown in Figure 3, a string Si,j,k = {a, e, d, f} is handled 
by sliding window-based approach, and the threshold is set 
to 2. Therefore, three different window sizes (i.e., 2, 3 and 
4) are used according to the size of Si,j,k. When the size of 
window is set to 2, the substrings are: 

, , , , , ,
2,1 2,2 2,3{ , }, { , } and { , }i j k i j k i j kS a e S e d S d f= = =  

As a result, the group of substring with size of 2 can be 
denoted as: 

{ }, , , , , , , ,
2 2,1 2,2 2,3, ,

{{ , }, { , }, { , }}

i j k i j k i j k i j kS S S S

a e e d d f

=

=
 

Similarly, when window size is set to 3, the substrings are: 
, , , ,

3,1 3,2{ , , }, { , , }i j k i j kS a e d S e d f= =  

Meanwhile, the group of substring with size of 3 is 
expressed by: 

{ }, , , , , ,
3 3,1 3,2,

{{ , , }, { , , }}

i j k i j k i j kS S S

a e d e d f

=

=
 

At last, there is only one substring , ,
4,1 { , , , },i j kS a e d f=  

when window size is 4. Therefore, the group of substring 
with size of 4 only has one member, denoted as: 

{ }, , , ,
4 4,1 {{ , , , }}i j k i j kS S a e d f= =  

After processed by sliding window-based approach, the 
group of all valid substrings from string S = {a, e, d, f} is 
shown follows. 

{ }, , , , , ,, ,
2 3 4, ,

{{ }, { }, { }, { }, { }, { }}

i j k i j k i j ki j kV S S S
ae ed df aed edf aedf

=
=
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3.4.2 Step 2: hashing and counting all substrings 
This step aims to improve the efficiency of exploring 
potential activity patterns from a large number of valid 
substrings. For all valid substrings collected from the same 
place, this step transfers them into numbers through a 
collision-resistant Hash method, denoted as Hash(Object S). 

For any valid substring , ,
,

i j k
m qS  obtained in step 1, after 

performing hash operation, , ,
,

i j k
m qS  is hashed to a hash value 

represented by , ,
, .i j k

m qH  That is: 

( ), , , ,
, ,

i j k i j k
m q m qHash S H=  

Take , ,
2,1 { , }i j kS a e=  as an example. The hash value of , ,

2,1
i j kS  

can be denoted as: 

( ), , , ,
2,1 2,1({ , })i j k i j kHash S Hash a e H= =  

Then, for all valid substrings of all strings (obtained in step 
1 of phase 4) in the jth space of a house during x-day in a 
row expressed as a group: 

{ }[ , ], ,* , ,* 1, ,* , ,*, , ...,i i x j i j i j i x jV V V V+ + +=  

where 

{ },, ,, ,* , ,1 , ,2, , ..., i ji j μi j i j i jV V V V=  

and μi,j denotes the number of groups in Vi,j,*. 
What we need is to count the number of each valid 

substring appears based on their hash values denoted as a 
group: 

{ }[ , ], ,* , ,* 1, ,* , ,*, , ...,i i x j i j i j i x jH H H H+ + +=  

where 

{ },, ,, ,* , , ,1 , ,2 , ,, , ..., , ..., i ji j μi j i j i j i j i j kH H H H H H= =  

and μi,j denotes the number of groups in Hi,j,*, which is the 
same as the number of the groups in Vi,j,*. 

If the frequency of hash value , ,
,

i j k
m qH  in H[i,i+x],j,* is not 

less than φx in consecutive x days, the substring , ,
,

i j k
m qS  will 

be considered as a potential candidate of activity pattern, 
and will be put in a group denoted as A[i,i+x],j,*. 

Following the example of Figure 3 in step 1. It shows 
that: 

{ }
{ }

, , , , , ,, ,
2 3 4

, , , , , , , , , , , ,
2,1 2,2 2,3 3,1 3,2 4,1

, ,

, , , , ,

{{ }, { }, { }, { }, { }, { }}

i j k i j k i j ki j k

i j k i j k i j k i j k i j k i j k

V S S S

S S S S S S

ae ed df aed edf aedf

=

=

=

 

With the operation defined in this step, the group of hash 
values is described as follows. 

( )

( ) ( ) ( ){
( ) ( ) ( )}

, , , ,

, , , , , ,
2,1 2,2 2,3

, , , , , ,
3,1 3,2 4,1

, , ,

, ,

{ ({ }), ({ }), ({ }),
({ }), ({ }), ({ })}

i j k i j k

i j k i j k i j k

i j k i j k i j k

H Hash V

Hash S Hash S Hash S

Hash S Hash S Hash S

Hash ae Hash ed Hash df
Hash aed Hash edf Hash aedf

=

=

=

 

Here, we assume that: 

({ }) 00001, ({ }) 00002,
({ }) 00003, ({ }) 00004,
({ }) 00005, ({ }) 00006.

Hash ae Hash ed
Hash df Hash aed
Hash edf Hash aedf

= =
= =
= =

 

Therefore, Hi,j,k ={00001, 00002, 00003, 00004, 00005, 
00006}. Take , ,

2,1 { }i j kS ae=  an example to demonstrate how 
to count the frequency of {ae} in V[i,i+x],j,*. Recall that 
V[i,i+x],j,* group consisting of all valid substrings of all strings 
(obtained in step 1 of phase 4) in the jth space of a house 
during x-day in a row. Since we have compute the hash 
value of all valid substrings, which have been put in 
H[i,i+x],j,*, we can count the frequency of {ae} in V[i,i+x],j,*by 
count the number of times that its hash value (i.e., 000001) 
appears in H[i,i+x],j,*. 

Finally, if the frequencies of {ae}, {ed}, {df} and {aed} 
appear in the same place are all not less than φx during x-day 
in a row, the , , , , , ,

2,1 2,2 2,3, ,i j k i j k i j kS S S  and , ,
3,1
i j kS  will be 

considered as a potential candidate of activity pattern, and 
will be put in a group A[i,i+x],j,*. 

3.4.3 Step 3: activity pattern candidates selection 
Before presents the details of this step, the following firstly 
presents substring inheriting property. 

Substring inheriting property 

If a string , ,
,

i j k
m qS  exists in A[i,i+x],j,*, which is generated in step 

2, all valid substrings of , ,
,

i j k
m qS  generated in step 1 will also 

exist in A[i,i+x],j,*. □ 

This property can be easily explained by using the following 
example. For instance, an activity of ‘take shower’ can be 
represented by substrings abcd, where a, b, c and d are the 
corresponding characters associated with the event data 
‘turn light’, ‘detected by infra sensor’, ‘detected by pleasure 
sensor’, ‘turn off the light’, respectively. Assume that the 
frequency of ‘take shower’ larger than 300 per year, this 
also indicates that the frequency of its substrings, say, ‘a’ 
(or ‘turn light’) will also larger than 300. 

Based on the substring inheriting property, the 
substrings of , ,

,
i j k
m qS  in the group are not necessary to be 

considered and they will affect the accuracy of activities 
recognition. Therefore, this step aims to remove all 
substrings for each , ,

,
i j k
m qS  from the group A[i,i+x],j,* obtained 

in step 2. After that, the remaining ones in A[i,i+x],j,* are the 
candidates of activity patterns, which will be used in phase 
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5, and we name the new group consisting of remaining ones 
as [ , ], ,*.i i x jA +  Each member of [ , ], ,*i i x jA +  is denoted by 

, ,*
,

y j
m qS  where i ≤ y ≤ i + x. 

Following the assumption of Figure 3 that the 
frequencies of {ae}, {ed}, {df} and {aed} appear in the 
same place are all not less than φx during x-day in a row. 
Based on the substring inheriting property, {ae} and {ed} 
will be removed, since they are substrings of {aed}. Finally, 
{df} and {aed} are the remaining ones that can be 
considered as the candidates of activity patterns. 

The following presents activity pattern candidates 
selection algorithm (APCSA) which summaries the 
operations designed in step 3. 

Activity pattern candidates selection algorithm 

Input: All potential candidates of activity patterns in the jth 
space during x-day in a row:  

[ , ], ,*i i x jA +  
Output: A groups containing all candidates of activity patterns 
in the jth space during x-day in a row: 

[ , ], ,*i i x jA +  
1. Sorting each member *, ,*

,
j

m qS  of [ , ], ,*i i x jA +  in the 
descending order of m 

2. for (m = θl; m++; m < θu) { 
 / *θl and θu are lower bound and upper bound of the size 

of member *, ,*
,
j

m qS  in [ , ], ,* * /i i x jA +  

3.  if *, ,* [ , ], ,*
,*( )j i i x j

mS A +∈  

4.   for (q = 0; q++; q ≤ n – m) { 
5.    if *, ,* *, ,*

, ,*( )
u

j j
m q θS S⊂  

6.     remove *, ,*
,
j

m qS  from [ , ], ,*;i i x jA +  

7.  } /* end of for @line 6 */ 
8. } /* end of for @line 3 */ 
9. save the remaining strings in A[i,i+x],j,* to [ , ], ,*;i i x jA +  

10. Output [ , ], ,*;i i x jA +  

3.5 Phase 5: activity identification 
This phase aims to identify the activity patterns from the 
candidates in [ , ], ,*i i x jA +  generated in step 3 of phase 4. 
Specifically, it implements the activity identification by 
comparing each candidate in [ , ], ,*i i x jA +  to the predefined 
activity patterns ,,1 ,2{ , , ..., }jj ej j jR r r r=  in the jth space of 
a house, where ej is the number of predefined activities in 
the jth space of a house. 

For each member *, ,*
,
j

m qS  of [ , ], ,* ,i i x jA +  the operation 
procedure of this phase are shown in the following 
algorithm. 

As shown in the activity identification algorithm, 
computing the similarity between *, ,*

,
j

m qS  each predefined 
activity rj,g (1 ≤ g ≤ ej) in Rj, using the following function: 

( )*, ,* ,
, ,j j g

m qsimilarity S r  

which can be implemented by some classical or latest 
methods. 

Activity identification algorithm 
Input: 
1. All candidates of activity patterns in the jth space during 

x-day in a row: 
[ , ], ,*i i x jA +  

2. All predefined activity patterns in the jth space of a house 
,,1 ,2{ , , ..., }jk ej j jR r r r=  

  /* ej is the number of elements predefined in the jth 
space */ 

Output: 
1. A group of all activity patterns identified in the jth space 

during x-day in a row: 
,j xB  

2. A group of new activity patterns not defined in Rj: 
,j xN  

1. for (each in *, ,*
,
j

m qS  in [ , ], ,*){i i x jA +  

2.  tmpValue = tempIndex = 0 
3.  for (g = 1; g++; g ≤ ej) { 
4.  if *, ,* ,

,( ( , ) 1)j j g
m qsimilarity S r ==  

5.  put rj,g in , ;j xB  

6.  else { 
7.  if *, ,* ,

,( ( , ) )j j g
m qsimilarity S r tmpValue≥  { /*the initial 

value of tmp is 0*/ 
8.   *, ,* ,

,( , );j j g
m qtmpValue similarity S r=  

9.   tmpIndex = g; 
10.   } * end of if @line 7*/ 
11.  } /* end of else @line 6 */ 
12.  } /* end of for @line 3 */ 
13.  if (tmpValue ≥ εj) /* εj denotes the similarity threshold 

in the jth space */ 
14.   copy rj,tmpIndex to , ;j xB  

15.   tmpValue = tmpIndex = 0; 
16.   } *end of if @line 13*/ 
17.   else 
18.   copy *, ,*

,
j

m qS  to , ;j xN  /* which contains new 
activity pattern candidate is found from the jth 
space, during x day. * 

19. } /*end of for @line 1*/ 
20.  output ,j xB  and ,j xN  

We say *, ,*
,
j

m qS  is an activity pattern, if: 

( )*, ,* ,
, , 1j j g

m qsimilarity S r =  
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Besides, there probably exist the other situation need to be 
considered. That is, no similarity is 1, after comparing *, ,*

,
j

m qS  
with all predefined activity patterns in Rj. For this situation, 
we choose the largest similarity among all similarities 
between *, ,*

,
j

m qS  and each predefined one rj,g in Rj. Here, if 
the largest one exceeds the threshold εj defined by 
experiments, we can also say *, ,*

,
j

m qS  is an activity pattern. 

Otherwise, *, ,*
,
j

m qS  is taken as a new pattern not predefined, 

and put in , ,j xN  which contains new activity pattern 
candidate is found from the jth space, during x days. 

4 Complexity analysis 
This section aims to theoretically analyse the time and space 
complexities of the proposed approach. 

4.1 Assumptions and basic analysis 
Before analysing our algorithm, we first introduce some 
assumptions. Assume the total number of sensing data from 
consecutive r days is Nr. Assume the number of sensing 
data in the ith day is ni. That is: 

1

r
r ii

N n
=

=  

Assume the data generated in each day can be further 
partitioned into s spaces according to the space constraint 
described in phase 2. Therefore, the number of sensing data 
in ith day can be represented as: 

,1

s
i i jj

n n
=

=  

where ni,j means the number of sensing data in the jth space 
of ith day. Assume the sensing data in jth space of ith day are 
partitioned into t slices according to the time constraint 
described in Phase 2. Therefore, the number of sensing data 
in the jth space of ith day can be denoted as: 

, , ,1

t
i j i j kk

n n
=

=  

where ni,j,k represents the number of sensing data in the kth 
slice of jth space in ith day. Therefore, the total number of 
sensing data from consecutive r days can be expressed as: 

, ,1 1

q r s t
r i j ki q j k

N n
+

= = =
=    

Take sensing data in the kth slice of jth space in ith day as an 
example. Recall that these sensing data will be transformed 
into a string Si,j,k consisting of ni,j,k characters based on a 
mapping rule described in phase 3. Then, all possible 
substrings with a threshold size τ are generated from Si,j,k. 
Let notation ϑi,j,k denote the numbers of substrings in the kth 
slice of jth space of ith day. Based on the definition of 
substring in step 1 of phase 4, the number of substrings of 
Si,j,k is: 

( ) ( ), , , ,
, ,

* 1
2

i j k i j k
i j k

τ n n τ+ − +
ϑ =  

Therefore, the total number of substrings in the ith day, 
simply denoted by ϑi, is: 

, ,1 1
.

s t
i i j kj k= =

ϑ = ϑ   

and the total number of substrings, denoted by ϑ, in the 
consecutive r days is: 

1
, ,1 1

.
q r s t

i j ki q j k

+ −

= = =
ϑ = ϑ    (1) 

To simplify expression (1), without the loss of generality, 
we further assume that s = 5 (bedroom, bathroom, kitchen, 
dining room, and living room), t = 3 (morning, afternoon, 
and evening) and all ni are equal to some certain constant n. 
As a result, expression (1) can be further simplified as 
follows. 

1
5 3

1 1

2

* 1
3*5 3*5

2

15* 15 ( 1)
15

q r

j k
i q

n nθ θ

n nr θ θ

+ −

= =
=

   + − +   
   ϑ ≈

+ = − − 
 

    (2) 

Here, the value shown in (2) can be considered as the upper 
bound of ϑ, because of the value of s and t we adopt close 
to their lower bounds. 

4.2 Analysis of time and space complexities 
The proposed algorithm mainly consists of five phases. In 
particular, there are two steps in phase 2 and three steps in 
phase 4. The following analyses the time and space 
complexities of each phase. 

• Phase 1 

According to the above assumption in subsection A, the 
total number of sensing data in r days is r * n. Recall 
that the phase 1 of our approach aims to filter out the 
invalid data, which can be implemented by scanning all 
data once. Therefore, both the time and space 
complexities of phase 1 are O(r * n). 

• Phase 2 

In the second phase of our approach, all data are 
segmented based on time and space constraints, which 
can be implemented by scanning all data twice (one for 
space constraint, and the other for time constraint). 
Therefore, both the time and space complexities of 
phase 2 are O(r * n). 

• Phase 3 

In the third phase, our approach is to represent the 
sensor data by scanning them once. Therefore, both the 
time and space complexities of phase 3 are O(r * n). 

• Phase 4 
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1 Time complexity of step 1 
In the fourth phase, based on the upper bound of ϑ, 
we can figure out that the time complexity of step 
1 (i.e., generating the valid substrings) is O(n2). 

2 Time complexity of step 2 
The time complexity of hashing all substrings in 
step 2 is O(n2) and the time complexity of 
clustering (i.e., counting the number of times each 
substring appears based on hashing) in step 2 is 
O(n2). Therefore, the total time complexity of step 
2 is O(n2). 

3 Time complexity of step 3 
As shown in the algorithm of step 3, the time 
complexity of line 1 is O(n2 + n) with the counting 
sort (Cormen et al., 2001), where n is the max 
length of all strings, and n2 is the number of strings 
to be sorted. The time complexity of outer loop at 
line 3 is O(n), where n is the upper bound of string 
length in A[i,i+x],j,*. The time complexity of inner 
loop at line 6 is O(n2), because the total number of 

substrings is 
2 15* 15 ( 1) .

15
n nr θ θ+ − − 

 
 

Therefore, the time complexity of step 3 is O(n3). 
Finally, the time complexity of phase 4 is the sum 
of that of three steps. That is, O(n3) + O(n2) + 
O(n2), which can be reduced to O(n3). 

4 Space complexity of step 1 
Since the total number of substrings ϑ in 

consecutive r days is 
2 15* 15 ( 1) ,

15
n nr θ θ+ − − 

 
 

the space complexity to store these substrings 
generated in step 1 is O(n2). 

5 Space complexity of step 2 
The hash value computation as well as clustering 
(i.e., counting the number of times each substring 
appears based on hashing) for all substrings in step 
2 have the same space complexity, i.e., O(n2). 

6 Space complexity of step 3 
In step 3, the space complexity of line 1 in APCSA 
has the same value with that of time complexity, 
i.e., O(n2 + n), based on the counting sort, where n 
is the max length of all strings, and n2 is the 
number of strings to be sorted. The time 
complexity of outer loop at line 3 is O(1), because 
no additional space is needed. 
Finally, the space complexity of phase 4 is the sum 
of those of three steps, i.e., O(n2) + O(n2) + O(n2 + 
n), which can be reduced to O(n2). 

• Phase 5 

• Without the loss of generality, the number of sensing 
data in each day is assumed to be n, and the numbers of 
spaces s of a house is set to a lower bound value 5. 
Furthermore, the upper bound of all candidates of 

activity patterns in the jth space during x-day in a row 

(denoted as [ , ], ,* )i i x jA +  is 
2

25
n  based on the analysis in 

phase 4. Therefore, the time complexity of the outer 
loop in line 2 of activity identification algorithm is 

2
.

25
nO  

 
 

 

• The time and space complexities of computing in line 9 
are similar. In line 9, the dynamic programming and 
divide-and-conquer algorithms 0 have been applied, 
which lead to the time and space complexities 

* .
5 5
n nO  

 
 

 Specifically, the first 
5
n  means the upper 

bound of string size in [ , ], ,* ,i i x jA +  and the later one 
means the upper bound of predefined strings. 
Therefore, the time complexity of inner loop in line 4 is 

* * ,
5 5j
n nO e 

 
 

 where ej is the number of elements 

predefined in the jth space. 

• At last, the total time complexity is: 
2

* * * * .
25 5 5j
n n nO e   =   

   

4

625j
nO e  

• Besides, the space complexity of phase 5 is . 
 
 

2
5
nO  

• Total complexities of time and space 

• According to the analysis of time and space 
complexities of phases 1 to 5, the time complexity of 
our approach is O(n4) while the space complexity is 
O(n) in the worst case. 

5 Experiments 
In this section, we first introduce the dataset of one smart 
home in Section 5.1, which is from Wireless & Mobile 
Network Laboratory, Tamkang University. Then the 
overview about the metrics and baseline are introduced in 
Section 5.2. In Section 5.3, the experimental settings are 
descried, which are followed by the experimental results 
and analysis. 

5.1 Experimental data 
The experiments are carried out based on the WMNL2016 
datasets, which is collected in Wireless & Mobile Network 
Laboratory, Tamkang University. In the case of 
WMNL2016, 40 state-change sensors were deployed at an 
apartment with six areas (i.e., bedroom, kitchen, bathroom, 
dining room, living room, and foyer) and activities were 
performed by one volunteer for 12 months. 
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Table 2 Example of data format in WMNL2016 

Apartment ID Area ID Sensor type Sensor ID Info. Time 

0001 04 PR01 06 0000000001 201601010728 
0001 04 PR01 06 0000000001 201601010749 
0001 04 PD02 01 0000000001 201601010753 
0001 01 MG01 07 0000000001 201601010800 
0001 01 PR01 01 0000000001 201601010801 

 
The data format of WMNL2016 is described in Table 2. 
Specifically, the ‘Apartment ID’ refers to the id of 
apartment, where the sensor events are recorded. The 
meaning of ‘area ID’ is the id the different areas (such as 
bedroom, kitchen, bathroom, dining room) in the apartment. 
‘Sensor type’ means the type of different sensors (e.g., 
pressure sensor, water flow sensor, ultrasonic sensor, 
infrared sensor, and gas sensor) deployed in the apartment. 
‘Sensor ID’ refers to the id of sensor. ‘Information’ means 
the sensor data and the ‘Time’ refers to the time when 
sensor event occurs. 

Those activities of WMNL2016 consist of sleeping, 
leave home, watch TV, take shower, toilet, take medicines, 
cooking, eating, wash dishes, enter home, brush teeth, and 
washing hands. The dataset includes 64,944 sensor events 
and 4,172 annotated activity instances. Specifically, the 
numbers of recorded activities over time are shown in  
Figure 4. 

Figure 4 The numbers of recorded activities (see online version 
for colours) 

 

5.2 Metrics and baseline 

5.2.1 Metrics 

Let 1 2{ , , ..., }
i

i i i i
qB b b b= 

    denote the set of potential activities 
of an elder, which are recognised from the sensor dataset Di. 
A recognised activity (1 )i

ijb j q≤ ≤   is said to be true 

positive if i
jb  is belong to the ADLs set Bi. Let i

jγ  denote 

the true positive for activity ,i
jb  then notation i

jγ  can be 
represented by expression (3). 

1 if
0 otherwise

i i
ji

j
b Bγ

 ∈= 



 (3) 

To evaluate our approach, we adopt the accuracy of activity 
recognition as a metric in this section. Specifically, the 
metrics is computed as follows. 

1

N
kk

T
Accuracy

Total
==   (4) 

where N is the number of activities and Tk is the number of 
true positives of the kth activity. 

5.2.2 Approaches and baseline 
The naive Bayes (NB) method exploits the relative 
frequencies of feature values and the frequency of activities 
from the training data to construct a mapping from activity 
features to an activity. 

The hidden Markov model (HMM) is a statistical 
method. The underlying model of HMM is a stochastic 
Markovian process, which is not observable but can be 
observed by other processes that produce the sequence of 
observed features. 

The conditional random field (CRF) approach derives a 
label for the current data point, not only based on the 
transition likelihoods between states, but also the emission 
likelihoods between the states of activity and observable 
states. The CRF approach obtains a label sequence, which is 
corresponding to the observed sequence of features. 

Support vector machine (SVM) is supervised learning 
model with associated learning algorithms that analyses data 
used for classification and regression analysis. 

Baseline. In this paper, we take SVM as the baseline to 
evaluate our approach, because SVM model yields the most 
consistent performance for modelling and recognising 
activities in comparison to NB classifier, HMM, according 
to the experimental results in 0. 

5.3 Experimental settings and analysis 
In this section, we conduct three experiments to evaluate 
our approach. In the first experiment, we compare different 
thresholds, which are used in time partition based on time 
constraints in phase 2, for different activities to choose the 
predefined values for the following experiments. In the 
second experiment, we design a test to demonstrate how the 
number of training days in dataset affects the performance 
of our approach. In the third experiment, we test our 
approach in comparison to the baseline with the predefined 
threshold obtained in the first experiment. 
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5.3.1 Experiment 1 
In this part, we first take three activities (i.e., ‘sleep’, ‘take 
shower’, and ‘leave home’) as examples to demonstrate 
experimental process of how to get their thresholds based on 
the dataset of WMNL2016, while the experimental process 
for other activities are omitted here due to the limitation of 
space. Then, we show how to determine the length of 
substring (i.e., τ) used in step 1 and threshold of substring 
frequency (i.e., φx) during x-day in a row. 

1 Threshold for ‘sleep’ activity 

We run the experiment 11 rounds for ‘sleep’ activity. 
The initial value for the threshold of ‘sleep’ activity in 
the first round is set to 720 s. Then, the threshold is set 
to the value with the step-size of 720 in the rest rounds. 

As shown in Figure 5, the number of recognised 
activities is ten, when threshold is set to 720 s, while 
the number is 11 when it is set to the value from 1,440 
to 6,480. The number is 12 when the threshold is set to 
the value from 7,200 to 10,800, which is the number of 
activities of daily life in WMNL2016. Based on these 
experimental results, we take 7,200 s (i.e., 2 hours) as 
the empirical value for the threshold of ‘sleep’ activity. 

Figure 5 The num. of recognised activities with different 
threshold for ‘sleep’ activity 

 

2 Threshold for ‘take shower’ activity 

For ‘take shower’ activity, we run the experiment ten 
rounds. The initial value for the threshold of take 
shower’ activity in the first round is set to 60 s. Then, 
the threshold is set to the value with the step-size of 60 
in the rest rounds. It can be seen from Figure 6 that the 
number of recognised activities is 12 when the 
threshold is set to 120, 180, and 240, respectively. 
Therefore, we take their mean (i.e., 180) as the 
empirical value for the threshold of ‘take shower’ 
activity. 

3 Threshold for ‘leave home’ activity 

We run the experiment ten rounds for ‘leave home’ 
activity. The initial value for the threshold of ‘leave 
home’ activity in the first round is set to 1,800 s. Then, 
the threshold is set to the value with the step-size of 
1,800 in the rest rounds. As shown in Figure 7, the 
number of recognised activities is 11, when threshold is 

set to the value from 1,800 to 10,800 s, respectively. 
The number is 12 when it is set to the value from 
12,600 to 18,000. According to these experimental 
results, we take 12,600 s as the empirical value for the 
threshold of ‘leave home’ activity. 

Figure 6 The num. of recognised activities with different 
threshold for ‘take shower’ (see online version  
for colours) 

 

Figure 7 The num. of recognised activities with different 
threshold for ‘leave home’ activity 

 

Figure 8 The length of each activity in WMNL2016 (see online 
version for colours) 

 

4 The value of τ 

In order to determine the length of substring (i.e., τ) 
used in step 1, we count the length of each activity in 
WMNL2016. The statistics are shown in Figure 8. 
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As shown in Figure 8, the shortest length of activity is 
3. Therefore, we take 2 as the value of τ, which is used 
in step 1, the valid substring generation of phase 4. 

5 The value of φx 

In this part, we take the data of 60 days in WMNL2016 
to determine the threshold of substring frequency (i.e., 
φ60) during 60-day in a row. 

We run the experiment ten rounds with different 
substring frequencies. The initial value for the substring 
frequency in the first round is set to 5/60. Then, the 
threshold is set to the value with the step-size of 5/60 in 
the rest rounds. 

As shown in Figure 9, the number of recognised 
activities is 12, when the number of substring 
frequency is set to 15/60, 20/60 and 25/60, respectively. 
Therefore, we the average number (i.e., 1/3) as the 
default value of substring frequency. 

Besides, the empiric values of rest parameters used in 
our approach are set to 120 s, which are obtained by 
conducting many experiments while the experimental 
process are omitted here due to the limitation of space. 

Figure 9 The number of recognised activities with different 
substring frequencies (see online version for colours) 

 

5.3.2 Experiment 2 
In this part, we evaluate how the number of training days in 
dataset affects the performance of our approach. 
Specifically, we run this experiment 11 rounds. The initial 
value in the first round is set to five days. Then, the number 
is set to the value with the step-size of five for the rest 
rounds. 

As shown in Figure 10, the number of recognised 
activities is nine, when the number of training days is set to 
five, while the number is ten when it is set to the value from 
10 to 20. The number of recognised activities is 11 when the 
number of training days is set to 25 and 30, respectively. 
Furthermore, the number of recognised activities is 12, 
when the number of training days is set to 35 or higher. 
These experimental results show that the number of training 
days in the following experiment cannot be less than 35. 

Figure 10 The number of recognised activities with different 
number of training days  
(see online version for colours) 

 

5.3.3 Experiment 3 
In this part, we evaluate our approach in comparison to the 
baseline (i.e., SVM). The experimental results are 
demonstrated in Figure 11, and it can be seen that our 
approach outperforms the baseline for the recognition of all 
different activities. 

Figure 11 The accuracy of different approaches (see online 
version for colours) 

 

For example, the accuracies of our approach to recognise 
‘sleeping’ and ‘leave home’ are 0.95 and 0.98, while that of 
SVM are 0.91 and 0.82, respectively. The average accuracy 
of our approach and the baseline are shown in Table 3. In 
comparison to the baseline, the improvement of average 
accuracy by our approach is about 5.6%, which is calculated 

from the following formula: (0.94 0.89) .0.89
−  

Table 3 The average accuracy of different approaches 

Methods Average accuracy 

Our approach 0.94 
SVM 0.89 

The reason why our proposed approach outperforms 
baseline is that it takes both time and space constraints into 
consideration when recognise activities. That is, the spatial 
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and temporal characteristics of different activities make the 
sensor data segmentation more efficient and effective. 

6 Conclusions and future work 

In this paper, we proposed an activity recognition approach 
based on spatial-temporal constraints. The overall accuracy 
of our approach is about 0.94 when it runs on the dataset 
from Wireless & Mobile Network Laboratory, Tamkang 
University. 

Activity recognition is the first step in the aged-care in 
smart home. After that, we need to predict the activities 
performed by elderly and recognise the abnormal activities 
in elderly’s daily life. Besides, we can infer the health and 
status of elderly through the recognised activities, which can 
support service providers to customise the service for 
elderly. In conclusion, a considerable amount of research 
work needs to be carried out in the area of aged-care in 
smart home. In the future, we will first focus on the 
abnormal activity recognition of elderly in daily life with 
deep learning and some other machine learning 
technologies. 
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