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Abstract - Activity clustering and recognition is an important research trend with smart home. Result clusters obtained from 
training processes are applied in recognizing, controlling as well as forecasting activities inside a sensor smart home. Activities 
differ from each other at typical characteristics such as sensor sets triggered or temporal ones. In this work, we present a smart 
home infrastructure and propose an unsupervised approach of clustering in-home activities based on temporal characteristics. 
Experimental results show that the new approach creates more flexible and accurate clustering results when compared to the 
smart home system named AALO reported in the literature e.g. Enamul Hoque et al.  Moreover, in our work we prove that 
clustering results affect significantly the outcome of next-activity forecasting process via experimental comparison of results.   
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I.  INTRODUCTION 
 
Smart home applications have a gradual development 

process starting with home automation systems to smarter 
ones for satisfying a variety of users’ needs as its name 
expresses. From state of the art, nowadays smart homes are 
assumed as sensor systems which integrate easy control, 
automation as well as smartness into dwellings for many 
potential applications such as healthcare, comfort, security, 
energy management and conservation. With smart homes, 
we have remote monitoring systems which use 
telecommunication and web technologies to provide remote 
control and other support services for usual residents, 
patients as well as a large number of elderly people living 
alone from assistance centers [1]. As a major function 
equipped in a smart home system, activity recognition is 
required to be performed smartly and automatically. 
Activity recognition is a core building block for 
understanding human activity. It is defined as the ability to 
recognize a human’s current activity based on information 
from various sensors such as environmental sensors, 
camera, contact or RFID sensors [2].  

Some recent works of activity recognition inside smart 
home environment proposed real-time and dynamic 
mechanism in segmenting sensor data as well as recognizing 
in-home activities. Farzard Amirjavid et al [3] applied fuzzy 
clustering techniques in mining sensor data for retrieving 
the realization patterns of activities. Then patterns of 
activities and residents’ intentions are recognizable by using 
clustering results. N. C. Krishnan et al [4] proposed a sliding 
window based approach to perform activity recognition in a 
streaming fashion. The approach combines weighting of 

sensor events and past activity information to get best 
performance for streaming activity recognition.   

Many existing activity recognition algorithms are based 
on supervised learning technique [5 - 8] and suffer from a 
large amount of annotation cost because the training data 
need to be accurately labeled by users manually. And so it 
may be difficult to apply for long period training [9]. 
Besides, other approaches based on unsupervised [10 - 13] 
and semi-supervised [14, 15] learning techniques are also 
considered by some authors. However, the performance of 
implementation systems applying these approaches depends 
a lot on the percentage of labeled data upon the entire 
training set.  Usually this percentage value is quite low and 
so affects the level of system efficiency. In addition, some 
research works apply active learning technique [16, 9] to the 
training process. This technique aims at detecting the most 
informative unlabeled samples and then querying users to 
label them [14].  The training sets do not need to be labeled 
completely for learning processes. To detect such 
meaningful samples, it shrinks the scope of training data 
needed to be labeled by clustering processes and helps to 
reduce users’ effort of annotation significantly. Result 
clusters represent fully in-home activities which take place 
daily in a sensor smart home. For active learning technique, 
improving the efficiency of clustering will help to increase 
the accuracy of recognizing and forecasting in-home 
activities. 

In the research work of Enamul Hoque et al [9], authors 
propose a training framework of activity recognition in a 
sensor smart home environment. The framework is divided 
into two steps: mining and clustering. Mining process helps 
to find sensor sets representing different in-home activities 
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on a daily basis. Each set is a collection of sensor signals 
generated when the resident uses in-home devices or smart 
appliances in performing an activity. For finding such sets, 
authors apply the technique of mining frequent item-sets on 
training dataset where each sensor is considered as an item 
while one sensor set is viewed as a transaction. Besides, 
clustering step following mining process helps to distinguish 
activities which trigger the same sensor set but take place at 
different times of day. Start times and durations of activity 
segments extracted from the training set are used as input 
data for DBSCAN clustering algorithm [17] in this step. As 
input of clustering algorithm, neighborhood radius is 
calculated by estimating the percentage of noise (training 
segments don’t take place regularly and are not considered 
as instances of a real activity) and then radius value is 
derived by the system from it [17]. It is a difficult challenge 
to determine the amount of noise for each activity 
throughout training dataset. Clustering result and 
recognition efficiency are examined through experiments on 
publicly available dataset published in the research work of 
Kasteren et al [6]. From clustering results reported [9], some 
cases seem to be unsuitable. “Go to bed” activity should 
have more than one cluster.  

Based on ideas getting from the research work of 
Enamul Hoque et al [9] and motivated by the lack of 
research on Vietnamese in-home behaviors, this paper 
proposes a smart home infrastructure and a training 
framework for real-time activity recognition. An approach 
of clustering in-home activities based on temporal 
characteristics is also proposed. To distinguish such 
different activity sets, a clustering algorithm is applied 
based on start time and duration deviation thresholds 
between two neighborhood instances. Examined by 
experimenting on the public dataset of Kasteren et al [6],  
the proposed approach is proven to be more flexible and 
accurate by clustering results when compared to the ones 
reported in the research work of Enamul Hoque et al. 
Besides, by experimenting on survey data of residents’ 
living habits clustering results are proven to contribute on 
recognizing and forecasting in-home activities of a smart 
home simulation system. 

In summary, this paper contributes on the following 
topics: 

- A sensor smart home infrastructure and a training 
framework are proposed for activity recognition. In this 
infrastructure, a sensor system is designed for a single-
resident smart home with multi rooms inside. 

- An unsupervised approach of clustering in-home 
activities based on temporal characteristics is presented. 

- A smart home simulation system capable of 
recognizing and forecasting in-home activities in real-
time context is described in details. 

- Experimented on two different datasets via the 
simulation system, it is shown to be more flexible and 
accurate in clustering results than the related work of 
Enamul Hoqe et al [9].  Besides, results obtained from 
the clustering process are assessed to contribute on 
activity recognition and forecasting functions of a smart 
home system. 

The remainder of this paper is organized as follows. The 
proposed sensor smart home infrastructure for activity 
recognition is presented in section II. Then an unsupervised 
approach of clustering in-home activities is presented and 
explained in details in section III. Section IV describes all 
aspects of the smart home simulation system. Experiment 
results and evaluation are presented in section V. At last, 
conclusion and future work are presented in section VI. 

II. SMART HOME INFRASTRUCTURE FOR ACTIVITY 

RECOGNITION 

With the advancement of sensor technology, this paper 
proposes to design a home as a sensor system because it is 
easy to install and well-capture inhabitant behaviors. The 
role of sensor system is to acquire information from the 
home environment in order to provide details about location 
of the inhabitant(s) and the object(s) they interact with. In-
home activity recognition and control is a common 
application of sensor smart homes. Daily in-home activities 
of a resident are performed using a set of smart objects 
equipped in specific rooms. In this context, passive sensors 
are attached to living spaces and objects used daily [9]. The 
single-resident home is divided into several rooms and 
equipped with a mini server inside. When a resident moves 
across rooms or uses different objects with smart sensors 
attached, corresponding sensor sets send their signals into 
home environment and this mini server is responsible for 
receiving, processing and saving these sensor data into a log 
file. This file is used as input dataset for training process 
and then the result is used to recognize and control daily 
activities inside a smart home. The inside server play roles 
as a central data unit and also a data processing component 
for all access from client applications into the smart home 
system. The proposed infrastructure for Vietnamese Smart 
Home (vSmartHome) system is shown in Figure 1. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. Sensor Smart Home Infrastructure  
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In this initial stage, input data may be a log file getting 
from a real smart home environment or data extracted from 
content of survey sheets taken on a community resident 
group. For wider application context, log files obtained from 
sensor smart home systems in local community are sent to a 
processing server placed on cloud environment connecting 
these smart homes together through access points and 
network routers. Then client applications send requests to 
this server for activity recognition and control services. At 
that future stage, security and privacy issues need to be 
considered seriously.  

Based on the research work of Enamul Hoque et al [9] 
and the sensor smart home infrastructure described above, a 
training framework for activity recognition is proposed 
including two main steps: mining all sensor sets 
representing in-home activities and un-supervised clustering 
on activity instances of each finding set for differentiating 
clusters of an activity taking place at many times of day. 
The framework is presented in Figure 2. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

Figure 2. Training Framework for In-home Activity Recognition 

III. AN APPROACH OF CLUTERING IN-HOME 

ACTIVITIES 

After mining process, each sensor set may represent 
multiple activities having different temporal characteristics 
such as preparing breakfast, lunch and dinner. This problem 
is solved in this step by clustering process based on start 
times and durations.  

DBSCAN [17], a density based clustering algorithm, is 
used in this step. DBSCAN is run repeatedly for each 
finding sensor set for returning a set of activity clusters each 

of which represent only one daily in-home activity. With 
DBSCAN, specifying number of clusters as input of 
clustering algorithm is not necessary. This is a strong point 
of DBSCAN because knowing how many different activities 
a user performs in different rooms is not feasible [9]. 

Prototype of DBSCAN is declared as follows: 
DBSCAN(SetOfPoints, Eps, Minpts) [17], 

where the first parameter is a set of activity instances; Eps is 
neighborhood radius for clustering and Minpts is minimum 
number of activity instances need to form a cluster.  

The third parameter is set to 4 because through 
experiments it is proved that the number of instances greater 
than 4 for a cluster does not have any significant difference, 
furthermore, more computation needs to be performed [17].  

However, different from estimating the percentage of 
noise and then the neighborhood radius is derived from 
neighborhood distance graph by the system as stated in the 
original DBSCAN the approach presented in this paper 
applies a new method of calculating neighborhood radius 
from the database of activity instances. Two new factors are 
defined as well as set values and used as input values for 
this calculation. These are start-time and duration deviation 
thresholds (SDT and DDT). Two activity instances are not 
considered as neighbors of each other if the differences of 
their corresponding temporal values greater than these 
threshold values. Two such factors are used to solve two 
following aspects of the clustering process. At first, 
neighborhood radius calculated based on these thresholds 
helps to filter noise automatically without noise estimation 
as the original DBSCAN requires. Later, by assigning 
suitable threshold values the global value calculated for 
neighborhood radius helps to avoid the mergence problem 
of two close clusters of different density. Two set of points 
having at least the density of “thinnest” cluster will be 
separated from each other only if the distance between two 
sets is larger than the neighborhood radius [17]. Two 
threshold factors shape separating lines between activity sets 
having the same set of sensor ids but taking place at 
different times of day. The proposed method is described in 
algorithm 1 below. 

 
Algorithm 1 - Calculating neighborhood radius for 
clustering
{ Input: The set T of tuples (startTimejm, 
durationjm) 
 The minimum number of neighborhood 
instances in a cluster (minPts) 
 Start time deviation threshold 
 Duration deviation threshold   } 
1: { Output: The neighborhood radius (Eps) } 
2: Initialize the distance_list containing list of the 
(minPts-1)th smallest distances of each tuple in T with the 
others 
3: for each tuple t in the set T 
4:    Extract the tuples in set T satisfying two 
threshold values SDT and DDT  
5:    Calculate the distances between t and the 
tuples extracted previously 
6:    Add these distances to the distance list lsti of 
tuple t 
7:  Sort the distance list lsti  in ascending order and 

INPUT 

SIMULATION SYSTEM 

 

 

 

 

TRAINING 
MOULE 

DATABASE 

Cluster Info 

<startTime, 
endTime, senslist> 

tuples 
 

Survey 
 

Log file 
 

Inhabitant 
 

Read data from 
Input text file 
into Database 

Closed Item-set 
Mining 

Clustering 
Activity 
Instances 

Write Cluster 
List Info into 

Result Database 

Input 
Database 

Output 
Database 

ACTIVITY 
RECOGNITION 
AND CONTROL 

MODULE SMART  
CONTEXTS 

Sensor signals 



DUY NGUYEN et al: A NOVEL APPROACH TO CLUSTERING ACTIVITIES WITHIN SENSOR SMART HOMES 

DOI 10.5013/IJSSST.a.17.35.9                                              9.4                             ISSN: 1473-804x online, 1473-8031 print 

extract the (minPts-1)th element (if available) 
8:    Add this element into distance_list 
9: end for 
10: Sort distance_list in descending order 
11: Return the first element of distance_list as the 
neighborhood radius (Eps) we look for    

Input data contains a set of temporal tuples of form 
(startTimejm, durationjm) where j is index of a sensor set 
while m = 1,…, Number of the corresponding instances 
occurring in the training dataset, a minimum number of 
neighborhood instances inside a cluster along with two 
deviation thresholds for start time and duration. 

In this algorithm, for each temporal tuple we look for the 
(minPts-1)th smallest distance between itself and its 
neighborhood tuples which satisfy threshold conditions. 
This value is assigned into a distance list. At last the greatest 
distance of the list is returned as the input data for DBSCAN 
clustering algorithm. 

In line 5, if the deviation of startTimejm or durationjm 

from those of the current considered tuple in set T are 
greater than SDT or DDT or both conditions are satisfied 
then this tuple is seen as not satisfying with the threshold 
values and the distance calculation step is skipped (line 6). 
At each loop round, the (minPts-1)th smallest distance to the 
current considered tuple is found and added into the 
distance_list (line 7, 8, 9). The list is sorted in descending 
order (line 11). And then the first element is also the 
greatest one and returned (line 12). 

There are two types of activity clusters need to be found. 
The first is a type of clusters containing activity segments 
having regularity about which time of day they occur as 
well as their durations. The remaining is a type of clusters in 
which the corresponding activity segments only have 
regularity about their durations. 

For finding all clusters, at first the algorithm DBSCAN 
is run with both start times and durations of activity 
segments. If there is at least one cluster returned, DBSCAN 
will end and return result clusters of first type. If else, the 
algorithm will run again with only the durations. If there is 
still not any significant cluster, the empty result is returned. 
If else, clusters of second type are returned.     

IV. THE SMART HOME SIMULATION SYSTEM 

A. Database 

We use SQLITE database to save all input and output 
data. The database is named “vSmartHome.sqlite”. The 
database contains many tables that are divided into two 
types: input and output tables. 

Input tables are “Room” (containing room data), 
“Sensor” (containing sensor data), “Segment” (containing 
training segment data) and “TrainingSet” (containing 
training segment details). Activity instances are also called 
as segments. 

Output tables are “Activity” (containing activity data), 
“ActivityDetails” (containing sensor sets of activities), 
“ActivitySegmentDetails” (containing all instances of 
activities), “ActivitySequences” (containing activity 
sequences inferred from training results) 

B. The simulation system 

The simulation system is built as a mobile app running 
on Android operating system. It has three functional tabs: 
Training, Activity Model and Activity Recognition. 

Training Tab is used as an interface for adding, updating 
or deleting room, sensor and activity segment information. 
From this tab, we may fill up input database with new data 
by reading an available text file. More importantly, we can 
carry out training function step by step until the output is 
returned. Going through mining and clustering step, the 
system returns an output report that shows all daily in-home 
activities of a resident in his own home. At this time, we can 
jump to model or recognition tab for running other main 
functions of the simulation system.  

 
 

Figure 3. Training Tab of The Simulation System 

Model Tab shows animated model and statistical 
information about in-home activities after training process. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Activity Model Tab of The Simulation System 
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Recognition Tab is used for receiving initial sensor 
signals as input data, then returning messages informing 
activity name taking place at present time, raising control 
statements on smart devices representing the recognized 
activity and at last forecasting the next activity likely to take 
place. 

 
 

Figure 5. Activity Recognition Tab of The Simulation System 

C. Activity forecasting mechanism 

Besides activity recognition, in this work the simulation 
system also has capacity of forecasting next activity based 
on the activity which is recognized at the present time. 

Inferred from clustering results obtained from the 
training process, the simulation system can also output a list 
of activity sequences which a resident performs daily in his 
own home. The list contains elements of the form: 

<Activityi-1  Activityi, reliability_degreei-1> 

where “Activityi-1” is the activity that occurs right before 
activity “Activityi” in the same day with reliability_degreei-1 
defined as confidence value of the sequence. 

In each sequence, its confidence value or occurrence 
probability of an activity is calculated based on the activity 
which occurs right before it. Probability value is calculated 
by the following formula: 

 

where P is confidence value of the sequence, “occ” is the 
number of activity instances which occur throughout 
training duration.  

Activity sequences are saved into the relation 
ActivitySequences and used as the input of finding and 
forecasting the next activity likely to take place after the 

present activity. The following algorithm describes step by 
step how to forecast next in-home activity based on the 
present activity recognized: 

Algorithm 2 – Forecasting in-home activity 
1: Input: {    Present activity identification: actpresent

            Relations: Activity, ActivitySequences } 
2: Output: { Next activity actnext and its 

occurrence probability } 
3: Access ActivitySequences to return a set of 

sequences seq_list with actpresent sitting at the left of a 
sequence 

4: for each seqi in seq_list 
5: // seqi là a sequence belong to seq_list 
6:  Determine the identification of activity 

sitting at the right side of the sequence seqi and its 
occurrence probability 

7:  Access the relation Activity to return 
activity name found at the right side of seqi 

8:  end for 
9:  Show the next activites and their occurrence 

probability values

The first step is finding a list of all activity sequences 
which have the identification of present activity (actpresent) 
sitting at the their left sides (line 3). Later for each sequence 
(line 4) determine identification and name of  the activity 
sitting at its right side as well as its confidence value (line 6, 
7). At last, forecasting result is shown on user interface of 
the smart home simulation system. Forecasting result 
contains a set of elements of the form <Next_activityi, 
confidencei>.  

V. EXPERIMENT RESULTS AND EVALUATION 

D. Datasets 

To assess the efficiency of proposed approach, two 
experiments are done separately based on two datasets of 
different types. To compare clustering results between this 
work and the research work of Enamul Hoque et al [9], the 
public dataset published by Kasteren et al [6] is used. This 
dataset is collected from a real smart home’s settings and 
published with a related work of in-home activity 
recognition. The second experiment is performed to assess 
the effect of clustering results to activity recognition and 
forecasting process. In this research work, besides typical 
characteristics such as sensor sets and temporal attributes 
used for activity recognition activity sequences inferred 
from result clusters also play roles as smart contexts for 
forecasting the next activity which is likely to take place 
habitually.  

At this section, two datasets will be described and shown 
in details. The first dataset has 26 days of data which no 
other publicly available resource has and there are a variety 
of sensors set up in different rooms. The list of sensor-
attached appliances and their corresponding identifications 
are shown in Table I. 
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TABLE I. SENSOR-ATTACHED APPLIANCES AND CORRESPONDING IDS 

Sensor 
ID 

Sensor-
attached 

appliances 
Sensor ID Sensor-attached 

appliances 

1 Microwave 13 Dishwasher
5 Hall-Toilet door  14 Toilet-Flush

6 Hall-Bathroom 
door 17 Freezer 

7 Cups cupboard 18 Pans cupboard

8 Fridge 20 Washing-
machine

9 Plates cupboard 23 Groceries 
Cupboard

12 Front-door 24 Hall-Bedroom 
door 

There are 16 activities in total such as “Sleep”, “Eating”, 
“Prepare Breakfast”, “Prepare Dinner”, “Get Drink”, “Get 
Snack”, “Load Dishwasher”, “Load Washing machine”, 
“Store Groceries”, “Use Toilet”, “Take Shower”, “Leave 
House”, etc…These activities take place in four rooms of a 
sensor smart home: Bedroom, Kitchen, Toilet and Shower 
and a special room called Outside (out of home). All of the 
sensors are binary ones that include reed switches to 
measure open-close states of smart appliances equipped 
inside the smart home. 

 There are 245 activity instances (segments) in total. In 
the research work of Kasteren et al [6], authors report start 
time and duration for each instance.  For each activity, 
authors record a set of sensor signals received as shown in 
Table II. 

TABLE II. ACTIVITIES AND CORRESPONDING SENSOR ID SETS 

Activity Sensor ID Sets Activity Sensor 
ID Sets

Take shower {6} Get Drink {7,8}

Use Toilet {5}, {14}, 
{14.5} Go to bed {24} 

Eating {8}, {23,8,9} Leave house {12}

Activity instance list for all activities is used as the input 
for our smart home simulation system (presented in Figure 
6.a) while Figure 7.b shows the instance list of “Go to bed” 
activity which is the only taking place in Bedroom: 

 
 

 

 

 

 

 

 

 

 

 

 

 
Figure 6. Activity Instance List 

a. For All Activities (the left) b. For “Go to bed” Activity 
Only (the right) 

As we can see from the instance list of “Go to bed” 
activity (see Fig. 6b), most of 24 instances take place in 
three times of day: 10:00 PM, 11:30 PM and 1:00 AM. 

The second dataset is created from preprocessed data of 
a personal survey on activity habits inside a resident’s 
home. The survey is taken on a Vietnamese who has lived 
alone in his own home for 14 days. There are 131 activity 
segments totally as we can see in Fig. 4. Based on the 
survey result, we create an input dataset described as follow. 
We assume a list of sensors available in each specific room 
and their corresponding identifications. There are total of 50 
sensors setting up in all rooms of the smart home (see Table 
III). We also set up the smart home with 8 rooms: Living 
room, Bedroom, Toilet, kitchen, Dining room, Library 
room, Garden yard and Garage. According to the survey 
result, the second dataset contains a total of  19 activities 
including ‘Going to bed’, ‘Cleaning kitchen’, ‘Cooking’, 
‘Going outside’, ‘Watching TV’, ‘Watching news’, ‘Doing 
morning exercises’, ‘Changing clothes and making up’, 
‘Bathing’, ‘Going toilet’, ‘Eating’, ‘Chatting’, ‘Taking a 
rest’, ‘Watering’, ‘Washing’, ‘Being online’, ‘Waking up’, 
‘Studying’, ‘Back home’.  

TABLE III. LIST OF SENSORS 

Senso

r ID 
Sensor Name Room 

Senso

r ID 

Sensor 

Name 
Room 

SEC 
Security 

sensor 
Garage 

DEN

1 

Neon 

light 
Toilet 

QUA

1 
Ceiling fan Garage 

DEN

2 

Neon 

light 

Bedroo

m 

BTH 
Wakeup 

sensor 

Bedroo

m 

DEN

3 

Neon 

light 

Kitche

n 

….. …… ……. ….. …… …. 

The list of activity segments is presented in a text file as 
below (see Fig. 7): 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 7. Training Text File 
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E. Experiments: 

In the first experiment, we perform two times on the 
public dataset of Kasteren et al [6]. For the first one, start 
time and duration deviation thresholds are set to 600 
minutes (10 hours), while these thresholds are set to 30 
minutes (half an hour) for the second.  Two corresponding 
results are presented as follows. 

Because the deviation thresholds between two 
neighborhood instances are set too large, all of “Go to bed” 
activity (BedroomC1) instances are grouped into one cluster 
(see Fig. 8a) and its center instance takes place in about 1:00 
PM (see Fig. 8b). Clearly, this result is the same with the 
figures reported in the research work of Enamul Hoque et al 
[9]. However, the center instance of “Go to bed” activity 
does not agree with its corresponding instances inside the 
training set about the time of day when they takes place. 

Consequently, we can state that clustering with large 
deviation in start time and duration of neighborhood activity 
instances makes the result inexact and inapplicable to 
activity recognition. In this case, the percentage of noise is 
set nearly to zero. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 8. Activity Report for Experiment 1 
a. Instance Report b. Activity (Cluster) Report for Bedroom  

For the second, instances of “Go to bed” activity are 
grouped into three parts, each with a different start time (see 
Fig. 9). This result reflects mostly the same with the 
reasoning statements as stated before when looking at the 
training set. In this set the resident often goes to bed at three 
times of day: 10:00 PM, 11:30 PM and 1:00 AM. 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 9. Activity Report for Experiment 2 
a. Instance Report b. Activity (Cluster) Report for Bedroom  

As we can see from the above instance report (Fig. 9a), 
the total number of “Go to bed” instances is calculated as 
sum of the instances available in three clusters (BedroomS1, 
BedroomC2, BedroomC3). There are a total of 15 instances 
inside such clusters for “Go to bed” activity. So the 
percentage of noise in this situation is 37.5%.  

Besides, for improving the efficiency of real-time 
activity recognition and forecasting activity sequences are 
created and combined with above results in this experiment. 
Figure 10 shows activity sequence list 1 when the clustering 
process is performed with the deviation thresholds of 600 
minutes, while activity sequence list 2 generated for the 
second time with the deviation thresholds of 30 minutes are 
shown in figure 11: 

 

 

 

 

 

 

 

 

 

 

 

Figure 10. Activity Sequence List 1 

From two activity sequence lists, we can state that the 
second list presents more sufficiently and accurately than 
the first. Due to the inaccuracy in calculating neighborhood 
radius, the result cluster of “Go to bed” activity for the first 
has inexact start time and therefore some activities such as 
“Use Toilet” or “Leave house” are ignored in the first 
activity sequence list. This also affects the efficiency of 
activity recognition and forecast task in the smart home 
simulation system.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 11. Activity Sequence List 2 

As stated above, activity sequences are used as smart 
contexts for next-activity forecasting process inside the 
smart home simulation system. Therefore, wrong formation 
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of activity sequences will affect directly to the forecasting 
results. Come back to the experiment results, by specifying 
a low deviation value (30 minutes) for both start time and 
duration the number of result clusters reflects correctly and 
suitably with the public training dataset. Furthermore, more 
activity sequences are generated to improve the efficiency in 
activity recognition and next-activity forecast.  

For example, a recognition case is described as follows. 
A “Go to bed” instance takes place at 1:49 am in bedroom 
(see Fig. 12): 

 

 

 

 

 

 

 

 

 

 

 

     Figure 12. A Recognition Case 

As a result, the  instance is recognized wrongly as the 
last in-home activity, while it is just the third activity in the 
corresponding activity sequences of Experiment 2 and its 
next activity is “Eating” (“Having breakfast”). “KitchenS1” 
is the system-defined name of “Eating” (see Fig. 13): 

 

 

 

 

 

 

 

 

 

 

Figure 13. Next-Activity Forecast 
a. For Experiment 1   b. For Experiment 2 

For the second experiment, after mining and clustering 
step of the training process the system generated a total of 

13 clusters (see Fig. 14b), where 12 clusters have different 
triggered sensor sets, 2 clusters have the same sensor set but 
take place at different times of day. Particularly, there are 12 
clusters which take place at specific start times of day, 
except for one cluster in Living room which does not have 
start time attribute in the training result (see Fig. 14a) 

 
 

 

 

 

 

 

 

Figure 14. Training Report 
a. For Living Room b. Cluster Statistical Info 

Twelve clusters having specific start times contribute to 
generate activity sequences represented in flow chart form 
(see Fig. 15) as below. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 15. Activity sequences in flow chart form 
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From this flow chart, control rules are generated and 
saved into output database for later use. The flow chart is 
used as a decision tree in forecasting in-home activity based 
on recognition result of the current one. Some rules can be 
listed here: 

Waking up  Going toilet (100%) 
Going toilet  Watching TV (43%) 

Going toilet  Cooking (36%) 
Going toilet  Unknown act 1 (21%) 
Back home  Unknown act 2 (57%) 
Back home  Watching TV (43%) 

Watching TV  Being online (67%) 
Watching TV  Cleaning kitchen (33%) 

… 

In this rule set, “Unknown act x” are such activities 
which are not recognized by the system. The number of 
their occurrences throughout training duration doesn’t 
exceed user-defined support count threshold.  

Better than the offline recognition mechanism of AALO 
system [9], our simulation system can forecast and 
recognize activities in real time through all types of in-home 
contexts including sensor, temporal characteristics and 
especially activity sequences used as additional contexts. 
This paper presents in details a scenario taking place in the 
smart home as below. 

As a basic day, the only inhabitant of the smart home 
moves to the living room at 5:22 pm and turn on the ceiling 
fan inside. This action make the fan operate and the inside-
room temperature reduces significantly. These sensor 
signals are sent to the application server immediately. Right 
after that, the recognition result is shown on client 
application (see Fig. 16) 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 16. Activity Recognition and Control 
a. Before recognition    b. Recognition Result 

Concurrently, a dialog which forecasts the next likely 
activities is open. The number of activities might be greater 
than one and is presented in pairs of the form <Activity 
Name, Reliability Degree> (see Fig. 17): 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 17. Next Activity Suggestion Dialog 

The dialog shows that there are two activities which 
likely follow the recognized activity (LivingRoomC2). 
These are BedRoomC2 and KitchenC2, where the first is 
more likely (67%) to happen than the second (33%).  

F. Evaluation: 

Experiment results on the public dataset of Kasteren et al 
[6] show that the proposed approach using two temporal 
threshold values generates more flexible and accurate 
clustering results when compared to the ones  reported in 
the related work of Enamul Hoque et al [9] using original 
DBSCAN. According to DBSCAN [17], users must identify 
noise amount and this inflexible task will make clustering 
results inaccurate if the amount is specified incorrectly. 
Besides, from two experiment results it is proven that 
clustering results affect significantly to the outcome of 
forecasting process using activity sequences as additional 
context.   

VI. CONCLUSION AND FUTURE WORK 

This paper presents an infrastructure and a training 
framework for activity recognition inside a sensor smart 
home. Besides, a new approach of clustering in-home 
activities using temporal threshold values of neighborhood 
activity instances is also presented. Clustering results 
obtained from Experiment 1 are shown to be more accurate 
than the corresponding results presented in the research 
work of Enamul Hoque et al [9]. It is also proven that 
clustering results affect to the results of forecasting process.  

In our work, activity data of Experiment 2 is just got 
from the survey results taken on a Vietnamese. Therefore, 
the activity set does not represent fully enough for all 
requirements of general in-home activity recognition. In the 
future, we plan to do experiments on many other smart 
home environments and extend the simulation system for 
multi-person homes. 
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