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Abstract—This paper presents a probabilistic approach for the identif-
cation of abnormal behaviour in Activities of Daily Living (ADLs) from 
dense sensor data collected from 30 participants. The ADLs considered 
are related to preparing and drinking (i) tea, and (ii) coffee. Abnormal 
behaviour identifed in the context of these activities can be an indicator of 
a progressive health problem or the occurrence of a hazardous incident. 
The approach presented considers the temporal and sequential aspects of 
the actions that are part of each ADL and that vary between participants. 
The average and standard deviation for the duration and number of steps 
of each activity are calculated to defne the average time and steps and a 
range within which a behaviour could be considered as normal for each 
stage and activity. The Cumulative Distribution Function (CDF) is used 
to obtain the probabilities of abnormal behaviours related to the early 
and late completion of activities and stages within an activity in terms 
of time and steps. Analysis shows that CDF can provide precise and 
reliable results regarding the presence of abnormal behaviour in stages 
and activities that last over a minute or consist of many steps. Finally, 
this approach could be used to train machine learning algorithms for 
abnormal behaviour detection. 
Index Terms—Activities of Daily Living, ADLs, Cumulative Distribution 
Function, CDF, Probabilistic Analysis 

I. INTRODUCTION 

Activities of Daily Living (ADLs) play an important role in the design 
and implementation of reliable sensor systems that can effectively 
monitor the activities of human population and are also capable of 
detecting unusual activities that may affect a person’s well-being. 
In general, the detection of abnormal behaviour in ADLs can be 
an indicator of a progressive health problem taking place (dementia, 
osteoporosis, arthritis, etc.) or the occurrence of a hazardous incident 
(a falls/burns/cut, food/smoke intoxication, etc.). Monitoring ADLs 
for detecting abnormal behaviour is of particular importance due 
to the potential life changing consequences that could result from 
not acting timely. Using sensors that can be placed within the 
environment and in appliances of interest, as opposed to wearable 
sensors, has the main advantage of not being intrusive for the users. 
This work continues the research presented in [4] and [5]; the 
former uses Petri nets to model and verifes ADLs, and the latter 
presents a probabilistic approach based on the temporal analysis of 
ADLs in order to identify abnormal behaviour. The current work 
extends the probabilistic analysis applied to the sensor data collected 
from participants for the ADL of “preparing and drinking a hot 
beverage” with the variants of tea or coffee, which is presented 
in [5]. Specifcally, a probabilistic analysis is conducted with respect 
to the step sequences of the activities to identify any abnormality 
that could potentially be associated to health issues or hazards. Thus, 
as a means to identify normal or abnormal behaviour, the research 
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presented considers: (i) the number of actions (steps) followed by 
the participants in each stage of an activity, (ii) the total number of 
actions (steps) of an activity, (iii) the duration of actions that are 
part of an activity, and (iv) the total duration of an activity. While 
“preparing and drinking a hot beverage” with two choices of drink is 
a relatively simple and common ADL, the sequences of actions and 
their durations for different users provides an interesting insight and 
granularity from which abnormal behaviours can be detected. 
In this case, it is assumed that a user completes an activity regardless 
of the number and sequence of steps involved, and of the time taken 
for the completion. Particularly, it is the combination of the temporal 
(i.e. duration) and sequential (i.e. number of steps) aspects of the 
activities that is used to fnd patterns that could help in the abnormal 
behaviour detection. If there are patterns found from sensor data 
outside the norm for an ADL that a person within a certain age 
range performs, then it could be inferred that this person has a health 
problem and must be attended by carers. In addition, the sensor 
system could send prompts to the user suggesting the completion 
of an activity. Detection of active appliances which could represent 
a hazard when unattended (e.g. stove or oven) could trigger alert 
messages sent to the user, relatives and/or carers. 
The main contribution of this paper is the probabilistic analysis of 
the temporal and sequential aspects of the actions performed by 30 
volunteers for the identifcation of patterns that could indicate abnor-
mal behaviours. Although the dataset collected from the experiment 
conducted includes data from a number of sensors (contact, thermal 
and accelerometer) for each user, this paper considers only the 
contact sensor data as it provides more accurate and appropriate data 
regarding the users’ interactions with the appliances and resources 
involved in the ADLs for the type of analysis presented. The thermal 
and accelerometer data will be used in future work. 
The remainder of the paper is organised as follows: Section II presents 
the related work in the areas of activity recognition and probabilistic 
analysis of intelligent systems. Section III describes the environment 
setup, participants and scenarios considered for the data collection of 
ADLs. Section IV discusses the temporal analysis results of the ADLs 
performed by the participants, while Section V presents the results of 
the sequential analysis. Section VI discusses the correlation between 
the temporal and sequential analysis. Finally, Section VII presents 
the conclusions. 

II. RELATED WORK 

Activity recognition using sensors is typically classifed in terms of 
wearable sensors versus dense sensors. Wearable sensors can be worn 
by users in parts of their body or in their clothes [3], [7], [18]. Dense 



sensors are attached to objects in the environment with which the user 
interacts (e.g. kitchen, bathroom, kettle) [17]. 
The use of sensors for activity recognition in ADLs to detect and 
predict abnormal behaviour has been investigated in the literature. A 
wireless sensor network to monitor and detect behaviour of eldery 
people is presented in [16]. The system generates sensor activity 
patterns which are used to predict abnormal behaviour based on a 
classifcation model of regular and irregular sensor activity. In [10], 
a sensor network to monitor elders’ behaviour and to identify and 
prevent abnormal behaviour using neural networks is introduced. The 
results presented in [10] suggest that duration of activities is the most 
effective way to represent and handle a large sensor dataset. 
In [11], occupancy data represented as temporal sequences of activ-
ities for identifying and predicting behaviours is investigated. The 
sensors used for detecting occupancy are Passive Infra-red (PIR), 
door/window entry point sensors and bed/sofa pressure sensors. An 
automated method based on Markov Chains Model (MCM) to classify 
abnormal sequences of activities is presented in [19]. The probability 
distribution of the spatio-temporal activity data of an elderly user over 
128 days is analysed. Another probabilistic approach is presented 
in [1], in which data from motion, door and pressure sensors is 
collected from 40 households and presented in an abstract layer. 
A probabilistic spatio-temporal model is then produced to present 
a summary of daily behaviour where signifcant changes are defned 
as anomalies. 
The Online Daily Habit Model and Anomaly Detection model [12] is 
comprised by an Online Activity Recognition model and a Dynamic 
Daily Habit Modeling component. This model aims to present real-
time personalised ADL recognition, habit modeling and anomaly 
detection for elderly people. In [4], Petri nets are used to model 
three ADLs for the identifcation of the completion or non-completion 
of the activities as indicators of normal or abnormal behaviour, 
respectively. The description of the sensor system considered and 
the developed Petri net model and its verifcation are presented. 
The work presented in [8] introduces a unifcation approach to help 
in the detection of normal and abnormal behaviour based on the 
performance of ADLs by elders in care homes equipped with different 
sensors. Unlike the existing solutions, this paper addresses two core 
aspects of ADLs (i.e. temporal and step sequence) that could be used 
to indicate the presence or not of an abnormality while they are 
executed by random populations. 

III. ENVIRONMENT SETUP, VOLUNTEERS AND ADLS 

The ADLs considered for the data collection and analysis are: (i) 
preparing and drinking tea, and (ii) preparing and drinking coffee. 
These ADLs are usually carried out in the kitchen and are based 
on the ones used in [2]. The data collection for the kitchen ADLs 
was conducted at the smart kitchen lab of the Smart Environments 
Research Group (SERG)1 at Ulster University (see layout in Fig. 1). 
A. Setting up the Environment 

Three types of sensors (contact, thermal and accelerometers) were 
installed to capture the activities and collect the respective data. For 
the experiment, the contact sensors were attached to objects with 
which the user has interaction in the kitchen in the context of the 
ADLs considered in this paper: doors, cupboards, refrigerator, cups, 
containers (tea, coffee, sugar and milk), and location areas (kitchen 
worktop, table and sink). The contact sensors combine wireless 
transmitters and magnetic switches. The signals from the contact 

1https://www.ulster.ac.uk/research/institutes/computer-
science/groups/smart-environments 

Fig. 1: Smart kitchen layout at SERG. 

sensors have two possible states (“on” (or 1) and “off” (or 0)) and 
are monitored and collected by SensorCentral [13], a sensor data 
platform, for further processing and data analysis. The contact sensors 
are represented in Fig. 1 as rectangles divided into two parts that can 
be separated (‘on’ state) or joint (‘off’ state). The colour codes in 
the legend indicate the objects to which these sensors are attached. 
The details of the data collection, preprocessing and analysis of the 
thermal sensors and accelerometers are beyond the scope of this paper 
and will be addressed comprehensively in future work. 

B. Recruiting Volunteers 

Thirty volunteers were recruited for this project following specifc 
selection requirements related to their age, gender, and health. All the 
volunteers were between 18 and 45 years old. This age-group was 
selected because the majority of the people at these ages are usually 
healthy and can also exhibit a behaviour that could potentially reveal 
progressive or temporary health issues [15]. Also, for the experiments 
conducted, both genders were considered, as the behaviour exhibited 
usually differs [6], which could disclose useful information about the 
way in which the ADLs are executed and also the time they last. The 
aim here was to collect information about these two factors, which 
could indicate abnormal behavioural patterns that could be linked to 
medical conditions or hazards. Actually. the purpose of the project 
is not to examine a specifc medical condition, but a sample that 
contains people who are either healthy or have any medical condition. 
This could result in useful observations about the behaviour that is 
displayed in each of these cases. 
Following the aforementioned criteria, a random sample of 30 par-
ticipants was generated consisting of 16 males and 14 females, the 
youngest and oldest of whom were 22 and 43 years old respectively. 
Twenty eight of them (∼ 93%) stated that they are healthy, i.e. they do 
not suffer from any chronic medical condition, while the remaining 
two (one male and one female) are known to have a chronic medical 
condition. Although it would be interesting to observe and analyse 
how these two volunteers behave compared to all the others, it is out 
of the scope of this paper and will be addressed in the future. 
C. Defning the Activities of Daily Living 

To investigate the behaviour of the participants, two ADLs have been 
considered, the preparation of coffee and tea, respectively. These two 
activities were chosen due to the fact that they can exhibit multiple 
or similar occurrences during a typical day of a person or can be met 
as part of other daily activities, such as breakfast, lunch or dinner. 



For the execution of these two activities, the volunteers had the 
initiative with respect to the way that they can prepare their drink 
and the time that they will spend to drink it. Consequently, each 
participant was able to repeat any actions he/she wanted, but it is 
assumed that he/she could only use the ingredients and equipment 
that were available for the activity (i.e. coffee, tea, sugar, milk, cups 
and kettle). The order in which all these items would be used was 
exclusively dependent on the participant’s will. The only restrictions 
imposed on the participants regarding the completion of the activity 
were: i) each participant can prepare only one drink, ii) coffee/tea 
should be drunk at the table and iii) the cup is placed in the sink 
after fnishing the drink. 
For the experiments, the volunteers had to follow a general scenario. 
In this scenario, each participant had to frst enter the kitchen using 
one of the doors, prepare the drink of his/her preference, sit at the 
table to drink it, leave the cup in the sink when the drink is fnished 
and fnally exit the kitchen. This scenario was introduced because the 
activity steps which the volunteers follow to perform the ADLs can 
be traced more accurately, thus supporting the data analysis process. 
Note that taking into account the initiative of the volunteers and the 
number of items used in each of the activities, the construction of all 
the paths (i.e. different sequences of actions) that can be potentially 
followed for the successful completion of each activity gives more 
than hundred different ways for the preparation of each drink. Thus, 
if the repetition of some actions (steps) occur, then this number may 
increase exponentially. For instance, an initial calculation of the total 
number of unique sequences of steps/actions (i.e. paths) showed that 
there exist around 120 different ways to perform the coffee or tea 
activity respectively (including no repetition of actions). Examples 
of such paths are presented below for each activity: 

Cof: Door1 → F ridge Door → Milk → Cupboard2(Coffee) → 
Coffee →Cupboard3(Cup)→Cup→Cupboard4(Sugar)→ 
Sugar→kettle→Hot water 

Tea: Door1→Cupboard3(Cup)→Cup→F ridge door→Milk→ 
Cupboard1(T ea) → T ea → Cupboard4(Sugar) → Sugar → 
kettle→Hot water 

Identifying all the sequences of action for both activities will help 
with their temporal and step analysis as they could defne both the 
time and number of actions required for the completion of an activity. 
Finally, having set all the conditions and requirements for the 
experiment, data were collected from the contact sensors with respect 
to the ADLs and then were preprocessed (see [5] for the details) 
in order to convert their raw form into the appropriate format for 
the data analysis. Thus, 30 CSV fles were created containing only 
the information that is required for the recreation of the scene for 
the activity performed by each user, such as dateAndTime, name 
(i.e. object that user interacts with) and eventCode. Actually, the 
resulting fles show a sequence of interactions of the participants 
with the objects, and when and how they were used based on the 
timestamp and event code (i.e. “on” and “off” states) respectively. 
For the temporal and step analysis of those sequences, each activity 
(i.e. coffee or tea) was broken into four main stages: i) entering the 
room, ii) drink preparation, iii) drinking and iv) exiting the room. 
This approach was used to explicitly examine how each participant 
behaves in each stage in terms of time and steps. The purpose of the 
temporal and step analyses is to associate the duration and number 
of steps of the subtasks or entire activity with potential abnormal 
behaviour respectively. In this work, the abnormal behaviour is 
defned as a value (i.e. duration or number of steps) that deviates 
considerably from the average sample values and also lies outside a 

predetermined value range that defnes the spectrum of all the other 
behaviours. 

IV. TEMPORAL ANALYSIS OF ADLS 

For the temporal aspects of the ADLs, the duration of each stage 
needs to be explicitly defned for this analysis. Thus, the duration of 
the entering process is defned as the time past from the activation of 
the door sensor until the frst reading recorded from any of the object 
sensors involved in the preparation of the chosen drink. Similarly, 
the duration of the drink preparation stage can be counted by getting 
as starting point the frst sensor reading related to the preparation 
process (i.e. ingredient or equipment reading) and as ending point 
a cup sensor reading that is followed by the prolonged use of that 
cup. The duration of the drinking process is calculated by considering 
the timestamps of the cup sensor readings (i.e. event codes), which 
indicate a prolonged use of the cup. This prolonged use is defned 
by the continuous changes to the value of the event code of the cup 
sensor from 0 to 1 and vice versa. Finally, the duration of the exiting 
process is computed by taking the timestamp of the last zero value 
of the cup sensor event code as the starting point of this stage and 
the timestamp of the last door sensor reading as the ending one. 
Note all the repeated actions have been included in the calculation of 
the duration of all the different activity stages. Hence, following the 
rationale described above, the duration of the activities and stages is 
calculated for each volunteer, as shown in Table I. 

TABLE I: Activities and Stages Duration (in sec.) 

Vol. ID Entering Preparation Drinking Exiting Tot. Time 

1 5 144 670 21 840 
2 44 110 481 21 656 
... .... ... ... ... ... 
29 56 84 356 20 516 
30 8 170 759 4 941 

Aver. 35.07 150.27 577.47 16.27 779.08 
St. Dev. 19.26 43.93 240.28 8.09 231.99 

Next, the average and standard deviation of the durations are calcu-
lated to defne the average time of execution per stage and the range 
under which a behaviour can be considered as “normal” for each 
stage and activity respectively. In more details, the range given by 
the average value and the standard deviation (i.e. x̄± σ) denotes the 
durations that correspond to normal behaviour. Thus, any duration 
that falls outside this range could potentially represent an abnormal 
behaviour for (a stage of) the entire activity [8]. 
To ensure that a normal behaviour will not be accidentally identifed 
as abnormal due to its boundary value (i.e. the duration value is close 
to the minimum or maximum range values but outside that range), 
the 1.5σ is chosen for the creation of the normal behaviour range. 
For this sample size, the selection of the 1.5σ gives a representative 
range of values for the duration of normally executed activities. Also, 
1.5σ enables the identifcation of potential abnormality in a more 
realistic way compared to the choice of σ or 2σ, which would give 
too many or zero and one abnormality results respectively. This range 
(i.e. x̄ ± 1.5σ) in the normal distribution covers the 86.6% of the 
sample. The reference to the normal distribution is made because of 
the fact that it is initially expected, for this sample, the duration of 
the activities (and/or their stages) to follow that distribution. 
To further analyse the activities considered, the Cumulative Distri-
bution Function (CDF) is used [14]. The CDF gives the probability 
that an activity/stage duration takes a value that is less or equal to a 
certain value [9]. Thus, to determine whether a behaviour is abnormal 
or not, an upper and lower bound duration is defned for each activity 
and stage (given by the 1.5σ, which is defned in the CDF graphs as 



the range from 0.067 to 0.933). CDF shows the probability of getting 
abnormal behaviours related to the early and late completion of an 
activity or stage respectively. 

Evaluating the Temporal Analysis Outcomes: Using the duration 
values of Table I for the CDF, different graphs were produced for 
the analysis of tea and coffee activities. Specifcally, these graphs 
show the probability over the duration for each activity and stage. 
To examine the probability of getting abnormal behaviours that can 
be used as an indicator for progressive health issues or hazard, the 
sample of the 30 volunteers was organised into groups according to 
their gender, age and activity. Thus, the different groups for each 
of these activities are defned as: i) male and female, ii) below and 
over 30 years old and iii) coffee and tea. The actual numbers of 
participants for these groups are: i) 16 males and 14 females, ii) 18 
and 12 participants below and over the 30 years old respectively and 
iii) 12 participants execute the coffee activity while the remaining 18 
participants perform the tea one. 
Now, to fnd the projection values that correspond to the abnormal 
behaviour expected for each of these groups, the number of partici-
pants needs to be multiplied by the probability of abnormal behaviour 
as is defned by the 1.5σ. Since the 1.5σ covers the range of 
normal behaviour (i.e. 86.6%), this implies that the remaining 13.4% 
indicates the potential abnormal behaviour. Therefore, the obtained 
projection values of the abnormal behaviour expected for each group 
are as follows: i) 2.14 for males and 1.88 for females, ii) 2.41 and 1.61 
for participants below and over 30 years old respectively and iii) 1.61 
for participants executing the coffee activity and 2.41 for participants 
performing the tea activity. To conduct the temporal analysis of the 
ADLs and their stages, these projection values are compared with the 
CDF results in order to identify the abnormal behaviour exhibited by 
the participants in each case. 
Starting with the overall duration of the activities (see graphs in 
Fig. 2), it is observed, for example, in the coffee activity that only 
one participant exhibits behaviour that can resemble an abnormal 
behaviour as the total time required for the completion of his/her 
activity is considerably high. Specifcally, this value lies outside the 
1.5σ as it is greater than the upper bound of 93.3%. Comparing 
the CDF result with the projection value for the coffee activity, it 
is noticed that they are quite close. This indicates that either one or 
two abnormal behaviours were expected according to the probability, 
which is also observed in the CDF result that shows that one 
participant was found to be out of the spectrum of normal behaviour 
(see Fig. 2(a)). Similarly, for the tea activity, three participants are 
outside the 1.5σ range as shown in the graph of Fig. 2(a), which 
number is very close to that of the projection, indicating the abnormal 
behaviour with quite a good accuracy. 
Examining the volunteers’ behaviour with respect to their gender, 
the graph in Fig. 2(b) shows that three male (resp. one female) 
participants (for both activities) are not in the normal behaviour 
spectrum defned. Comparing this value with the probability pro-
jection for the males (resp. females), it can be concluded that the 
real behaviour can be precisely depicted using the CDF for these 
subgroups of the main sample. Similarly, for the under and over 
30 age-groups, the projection values are close to the number of 
participants whose behaviour is considered as abnormal, which is 
three and one respectively (as shown in Fig. 2(b)). 
Apart from the probabilistic analysis, CDF can also provide very 
useful information about potential group of values by examining 
their density and distance from each other. This information could 
be used as an additional factor that could result in a more accurate 

Fig. 2: CDF of Duration for (a) activity performed and age-group 
and (b) each gender and age-group respectively. 

identifcation of the abnormal behaviour. Furthermore, it can show 
potential behavioural patterns of the participants by examining the 
comparison of the groups that were defned earlier for the participants. 
Note that the density of the values for each participant groups (e.g. 
tea, over 30 y.o., etc.) is quite high (i.e. very close to each other) for 
the short lasting cases, i.e. the activities last less than 480 seconds. 
This indicates that although the probability gives a certain number of 
possible abnormal behaviours, the adjacent values of these behaviours 
should be examined for abnormality as they are marginally close to 
them. For example, in Fig. 2(b), CDF shows that three males exhibit 
abnormal behaviour (i.e. two and one participants for early and late 
completion respectively). However, since the density is high for the 
group of values below 480 seconds, then the adjacent value of the 
two values that are considered as abnormal behaviour should also be 
examined, which means that the number of abnormal behaviours for 
the males can potentially be increased to four. 
Examining the distance of the sample values, it is noteworthy that 
there exist no long distances between them in terms of time regarding 
the different groups of participants. The only case where the distance 
between the values is signifcantly big, is in the coffee activity, where 
it seems that two behavioural groups can be considered, one that 
executes the activity in less than 500 seconds and another that fnishes 
it after the 800 seconds showing that a gap (i.e. distance) of almost 
300 seconds existing between the two behavioural patterns. Now, 
comparing these two groups with the values of the tea activity, it is 
observed that the frst group is consistently faster than the respective 
values of the tea activity, while the latter is slower than the remaining 
tea participants. Finally, it is noticed that generally the males execute 
the activities faster than the females (see Fig. 2(b)) revealing two 
different behavioural patterns for these groups. 
The graphs (a) and (b) in Fig. 3 represent the duration of the entering 
and exiting stages of the activities, respectively. The CDF results 
reveal that one and three participants exhibit abnormal behaviour for 
the coffee and tea activities of both stages, respectively. This shows 
that the number of abnormal behaviour exhibited in reality is very 
close to the projection values of these samples. Moreover, for the 
age-groups of those stages, it is observed that three persons from 
the under 30 group present an abnormal behaviour, while for the 
other group, only one person lies outside the 1.5σ range. Note that 
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Fig. 3: CDF of (a) entering and (b) exiting kitchen for age-groups 
and activities performed. 

although the results show that the projection values are very close to 
the CDF ones, this does not necessarily means that an “abnormal” 
behaviour is related to a health issue as the participants may hurry. 
Consequently, from the analysis of the entering and exiting stages, 
it could be concluded that CDF cannot give a very clear outcome 
regarding the abnormal behaviour related to the early completion of 
these phases, but it could give useful information about their late 
completions, which are highly-likely to be linked to a health issue or 
hazard. 
Now, regarding the density and distance of the values for the entering 
stage, it is noticed that although the values around the lower and 
upper bounds are not very dense (in terms of time) to need further 
examination of the adjacent values for potential abnormality, there 
exist notable distances between three different groups of values. 
These groups consist of the values that are in the ranges from 0 
to 9, 18 to 56 and 66 to 70 seconds, respectively. Specifcally, the 
distance between the frst and second group, and the second and third 
group is 9 and 10 seconds, respectively. These distances could be 
used as reference/indication points for the early and late completion 
of this stage. Regarding the exiting phase, it becomes apparent that 
the high densities and long distances observed in terms of time can 
indicate that the adjacent values of the lower and upper bounds should 
be examined further for potential abnormalities and that may exist 
different behavioural patterns that are defned by the group values 
that belong to the ranges from 0 to 6, 14 to 21 and 31 to 33 seconds, 
respectively (see Fig. 3(b)). At this point, it should be mentioned 
that in both stages, there exists a participant who is extremely late 
(exhibiting abnormal behaviour) compared to all the other group of 
values. This is denoted by the distances shown in Fig. 3(a) and (b). 
Comparing the CDF results for the different groups of participants, 
it is observed that these stages show clear behavioural differences 
between certain groups. For instance, the participants of the coffee 
activity seem to execute these stages faster then those of the tea 
activity. Finally, the participants that are over 30 year old fnish their 
exiting earlier than the participants of the other age-group, which 
does not clearly happen during the entering process. 
In the last part of this section, the probability of having abnormal 
behaviours during the preparation and drinking stages of the activities 
is discussed. In the preparation of the drinks (resp. drinking process), 

Fig. 4: CDF of (a) preparing and (b) drinking coffee or tea for age-
groups. 

the number of behaviours that are outside the 1.5σ is equal to one 
and three (resp. 1 and 3) for the coffee and tea respectively. These 
values are close to the values given to the projection values calculated 
earlier. Similarly for the two age-groups, where the graph shows that 
one and three (resp. 1 and 3) participants exhibit abnormal behaviour 
for the over and below 30 year old group respectively. This again 
indicates that the abnormal behaviour in reality “matches” the one 
given by the projection in the drink preparation (resp. drinking) stage. 
Examining the density for these two stages, it is noticed that the 
values around the lower and upper bounds are not very dense (in 
terms of time) for the preparation stage in order to indicate that further 
examination of the adjacent values should be considered. On the 
contrary, in the drinking process, there exist high density regarding 
the lower bound values for the participants that are below 30 years 
old or drink a coffee, which implies that the adjacent values should 
be further examined in order to avoid the case of false positives or 
negatives as regards the abnormalities. Now, for both stages, it is 
observed that in general there are no signifcantly large distances 
between the values of the different groups of participants, except 
for two cases of the drinking stage. In the frst case, a distance of 
over 200 seconds is noticed for the coffee activity, which creates 
two different groups of values, which could correspond to different 
behaviours. One group where all the participants drink their coffee in 
less than 400 seconds and another group in which all the participants 
need more than 600 seconds for the drinking stage (see Fig. 4(b)). 
Similarly, for the participants that are over 30 years old, there exist a 
distance of over 150 seconds that splits this group into two subgroups 
that drink their beverage in less than 420 seconds and more than 
600 seconds respectively. This could be an indication of having two 
different behaviours within the same group. Finally, it should be 
noted that no conclusions can be drawn with respect to the clear 
identifcation of behavioural patterns between the different groups, 
as from the comparison of their values results that in most cases the 
behaviours of these groups overlap or are quite similar. 

V. SEQUENTIAL ANALYSIS OF ADLS 

As with the temporal analysis, the number of steps performed in 
each stage needs to be explicitly defned in order to conduct the step 
analysis of the ADLs. Consequently, the number of steps for the 
entering process is defned as the number of door sensor activations, 



counting from the frst activation of the door sensor until the frst 
reading recorded from any of the object sensors involved in the 
preparation of the chosen drink. Usually, this involves the “on” and 
“off” readings recorded for the door sensor, which are considered 
as one single step. Similarly, the number of steps for the drink 
preparation stage is counted by getting as starting point the frst 
sensor reading related to the preparation process (i.e. ingredient or 
equipment reading) and as ending point a cup sensor reading that is 
followed by the prolonged use of that cup. Once again, the pair of 
the “on” and “off” values of the event code of each activated sensor 
are considered as a single use of that sensor (i.e. a single step). 
Now, the number of steps for the drinking process is calculated by 
considering the total number of the “on” and “off” values of the cup 
sensor readings (i.e. event codes), which indicate a prolonged use of 
the cup. This prolonged use is defned by the continuous changes to 
the value of the event code of the cup sensor, where the pair of the 
“on” and “off” values constitutes a single use of the cup. It should 
be mentioned that the drinking process is considered as one single 
step that consists of a number of sips defned by the pair values of 
the event code of the cup sensor. Finally, the number of steps for the 
exiting process is computed by taking the last “off” (or zero) value 
of the cup sensor event code as the starting point of this stage and 
counting the pairs of values of the event code for door sensor reading 
until the last value of the door event code is set to “off”. Note that 
for the calculation of the number of steps of all the different activity 
stages, all the repeated actions have been included. Hence, following 
this logic, the number of steps of both the activities and their stages 
were calculated for each volunteer, as shown in Table II. 

TABLE II: Activities and Stages Steps 

Vol. ID Entering Preparation Drinking Exiting Tot. No. of Steps 

1 1 11 1 (17 sips) 1 14 
2 1 8 1 (13 sips) 1 11 
... .... ... ... ... ... 
29 1 7 1 (10 sips) 1 10 
30 1 21 1 (14 sips) 1 24 

Aver. 1.03 8.87 14.5 1.13 12.2 
St. Dev. 0.18 3.58 7.87 0.73 3.85 

For the visualisation of the total number of steps performed by 
the participants in each activity, a sunburst diagram was generated 
(see Fig. 5). This graph depicts all the different paths/sequences 
followed during the activities execution and also indicates cases 
where participants have identical behaviours. Note that the last step 
of each path in the graph corresponds to the participant id and is not 
considered as an activity step. 

Fig. 5: Graphical representation of step sequences of ADLs. 

According to the sunburst diagram, there exist only two pairs of 
participants which exhibit the same behaviour, as they follow identical 

Fig. 6: CDF of total no. of steps for (a) activity performed and age-
group and (b) each gender and age-group respectively. 

sequences of actions with respect to the entire activities (see black 
frames in Fig. 5). On the contrary, more patterns can be identifed 
regarding the steps of the main stages (e.g. entering, preparing, etc.). 
Note that this diagram includes all the repetitions of steps/actions 
and can be used to validate the results of the CDF performed on the 
steps, as they can be compared to the produced paths of the sunburst 
diagram to identify abnormal behaviour. 

Applying CDF to the sequences of steps, the abnormal and normal 
behaviour is determined based on the defned lower and upper bounds 
for each activity and stage given by the 1.5σ range. Specifcally, 
in this case, the CDF shows the probability of getting abnormal 
behaviours related to the short and long paths (i.e. number of steps) 
of an activity or stage, respectively. 

Evaluating the Step Analysis Outcomes: For the creation of the CDF 
diagrams for the step analysis of the tea and coffee activities, the 
number of steps presented in Table II is used. Actually, these graphs 
show the probability over the number of steps for each activity and 
stage. Note that the step analysis considers the groups of participants 
and projection values defned in the temporal analysis. 

Analysing the CDF results for the coffee (resp. tea) activity in terms 
of the total number of steps, it is shown that one participant (resp. 
three participants) falls out of the 1.5σ range (see Fig. 6(a)). These 
values are very close to the projection values for the coffee (resp. 
tea) activity confrming the accuracy of the CDF. Now, analysing 
the volunteers’ behaviour according to their gender, the graph in 
Fig. 6(b) shows that three male (resp. one female) participants (for 
both activities) lie outside the range of normal behaviour. Comparing 
the CDF outcome with the projection values for both gender, it can 
be concluded that the real behaviour can be described in an quite 
accurate way when using the CDF for these samples. Similarly, the 
projection values for the participants of the two age-groups are very 
close to the number of participants whose behaviour is considered as 
abnormal, which is three and one for the below and over 30 years 
old group respectively. 

Examining the density of the values for the graphs in Fig. 6, it is 
noticed that the values around the lower bound of the range are quite 
dense (in terms of number of steps) for all the groups considered (i.e. 
age-group, gender and activity) as in some cases there exist only one 



Fig. 7: CDF of (a) Preparing and (b) Drinking coffee or tea for age-
groups, genders and activities. 

step difference between the abnormal and normal values. This means 
that further examination should be conducted in order to avoid the 
case of a statistical error. Now, the analysis of the distance between 
the sample values cannot give any useful information with respect 
to the identifcation of abnormal behaviour as the distances in both 
graphs seem to be equal or very similar. On the contrary, comparing 
the different samples (i.e. groups), it is shown that all the participants 
that drink tea execute considerably less steps than those who drink 
coffee, which can represent potential behavioural patterns for these 
two activities. 
Next, the abnormal behaviour regarding the preparation and drinking 
stages of the activities is examined. Starting with the preparation of 
the drinks, as is noticed from the graph in Fig. 7(a), the number 
of behaviours that lie outside the 1.5σ range is one and three for 
the coffee and tea, respectively, which are once again close to the 
projection values of these two samples. Also, examining the two age-
groups, it is shown that one and three participants exhibit abnormal 
behaviour for age-group over and under 30 years old, respectively. 
Comparing those values with the projection ones, it is observed that 
the abnormal behaviour in reality “matches” the one given by the 
probabilistic analysis of the preparation stage. Finally, regarding the 
genders, it is noticed that the graph of Fig. 7(a) indicates that the 
number of abnormal behaviours for the males and females is equal 
to three and one, respectively, which is again close to the values given 
by the probabilities. 
Now, analysing the density of the values for the preparation stage, 
it is observed that the values around the lower bound present a high 
density for all the groups considered (i.e. age-group, gender and 
activity) as for these groups there exist one or two steps difference 
between the abnormal and normal behaviour. This means that further 
examination should be useful for the more accurate identifcation 
of the abnormal cases. Now, checking the distance between the 
sample values, it does not give any useful information regarding the 
identifcation of abnormal behaviour as all the distances in the graph 
of Fig. 7(a) are equal or very close. Finally, analysing the samples of 
the preparation stage, it is observed once again that the participants 
that prepare tea consistently execute less steps than those who prepare 
coffee exhibiting two potential behavioural patterns. 
Continuing with the drinking process, it is worth noting that since the 

drinking is considered as a single step process in the step sequences 
(see Fig. 6), the CDF for the graph of Fig. 7(b) is conducted on the 
number of sips performed by the participants in each activity2. The 
CDF for the below and over 30 years old age-groups reveals that 
volunteers that exhibit an abnormal behaviour while drinking their 
beverage is 3 and 1 respectively. Comparing this value to those given 
by the probability, it is show that the expected abnormal behaviour 
is effciently identifed in reality for these samples. Now, for the 
drinking of coffee and tea, 1 and 3 abnormal behaviours are noticed in 
each activity respectively (see Fig. 7(b)), which is also confrmed by 
the probability values. Finally, regarding the two genders, CDF shows 
that 3 male and 1 female participants exhibit abnormal behaviour, 
which are quite similar to the indication of the projection values. 
Examining the density of the values for the drinking stage, it is 
observed that the values around the lower and upper bound show a 
high density for age-group and activity samples as in some cases there 
exist one or two sips difference between the abnormal and normal 
behaviour (e.g female and tea). Thus, further examination would help 
towards a more accurate identifcation of the potential abnormalities. 
Regarding the distance, the graph of Fig. 7(b) provides no useful 
information regarding the identifcation of abnormal behaviour as the 
distances do not differ signifcantly. Finally, analysing the samples of 
the drinking stage, it is noticed that the female and tea participants 
drink their beverage using less sips than the male and coffee partici-
pants respectively, which shows that there exist different behavioural 
patterns regarding the drinking process. 
It is important to mention that step analysis of the entering and exiting 
stages using CDF has not been conducted due to the fact that all but 
one participants execute these stages in only one step. Therefore, 
CDF could not provide any accurate and useful information about 
the potential abnormal behaviour of these two stages. Another reason 
is because these stages cannot be defned as a collection of distinct 
sub-steps that could be further analysed, as is with the drinking stage. 

VI. COMPARING TEMPORAL AND STEP ANALYSIS 

Having presented the temporal and step analysis for the identifcation 
of abnormalities during the ADLs and their stages, it is examined if 
there exists any correlation between the time and steps that could 
make the identifcation of abnormal behaviour more accurate. For 
that reason, the graphs of Fig. 8 were created considering only the 
stages for which the CDF was applied. 
Examining the graph of Fig. 8(a), it is noticed that there is no clear 
correlation between the time and number of steps for the identifcation 
of abnormal behaviour when it comes to the preparation of the 
drinks. This is concluded from the fact that a behaviour that is 
identifed as abnormal due to its long (resp. short) duration does not 
necessarily mean that this behaviour will consist of a big (resp. small) 
number of steps. The same applies to a behaviour that is identifed 
as abnormal due to its big (resp. small) number of steps, which does 
not necessarily imply that it will last too much (resp. too little). 
Representative examples of such cases are the coffee preparation 
that lasts 170 seconds using 21 steps and the tea preparation that 
lasts 265 seconds using 10 steps in Fig 8(a), which imply that a big 
number of steps can be executed in a relatively small time and also 
that a small number of steps can take signifcantly long time to be 
performed. Thus, it is concluded that there is no clear pattern that 
can effciently associate the time with the number of steps for the 
detection of abnormal behaviour using CDF. 

2This occurs because the number of sips represents actual sub-steps of the 
one-step drinking stage. 



Fig. 8: Associating time and steps for (a) preparation and (b) drinking 
processes. 

Now, for the drinking stage, it seems that there exists a correlation 
between time and steps (i.e. sips), but only for the coffee activity, in 
which the time required is interrelated to some extent to the number of 
sips made. This happens due to the fact that in this case the duration 
of the sips does not signifcantly vary among the participants (see 
Fig. 8(b)). On the contrary, this does not apply to the case of the tea 
activity, where the time and number of sips are not clearly linked. 
This occurs because of the fact that in this activity the duration of 
each sip differs for most of the participants. 
General Remarks: From the evaluation of the results presented in 
the temporal and step analysis, it could be concluded that the CDF 
can provide quite accurate results regarding the presence of abnormal 
behaviour in stages/activities that are not short in terms of duration 
and number of steps. In case of having short stages or activities, the 
abnormal behaviour given from the CDF should be further examined 
for more accurate results, analysing the density and distance of the 
sample values. Apart from the probabilistic analysis, CDF can be 
used to compare the tendencies of the examined samples providing 
useful information about potential behavioural patterns. 
Moreover, examining whether a combination of time and steps 
could be used for a more precise detection of potential abnormal 
behaviours using CDF, it is shown that this approach does not 
constitute an effcient way as there is no clear correlation between 
these two factors. However, the CDF can be used separately for 
the temporal and step analysis of ADLs, providing very accurate 
and useful outcomes. Finally, it could be claimed that these analysis 
models could be used for the training of machine learning algorithms 
to improve their capability of predicting abnormal behaviour with 
respect to the execution time and number of steps involved in the 
ADLs. 

VII. CONCLUSION 

This paper proposed a probabilistic approach that is based on the 
Cumulative Distribution Function (CDF) for the temporal and step 
analysis of ADLs conducted by 30 volunteers in a lab environment. 
The methodology used introduces an effective way of indicating the 
probability of an executed activity to be considered as a normal or 
abnormal behaviour with respect to its duration and total number 
of steps. This analysis framework for the ADLs could help to 
the training of monitoring system to effectively detect abnormal 

behaviours that are related to temporal and sequential aspects of the 
executed ADLs for a given population. For the further improvement 
of the proposed probabilistic analysis of the ADLs, a profle analysis 
of the participants will be conducted in the future trying to associate 
it with their temporal and step analysis in order to identify with more 
precision the presence of abnormalities related to health issues. 
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