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 

Abstract—This paper proposes an Artificial Neural Network 

(ANN) based approach to classify different contexts, with the goal 

of enhancing the management of residential energy resources. 

The increasing penetration of renewable based generation has 

completely changed the paradigm of the power and energy 

sector. The intermittent nature of these resources requires the 

system to incentivize the adaptability of consumers in order to 

guarantee the balance between generation and consumption. This 

leads to the emergence of several incentives with the objective of 

increasing the flexibility from the consumer’s side. This, allied to 

the increasing price of electricity, leads to an increasing need 

from for consumers to adapt their consumption in order to 

improve energy efficiency, decrease energy bills, and achieve a 

better use of their own generation resources. With this, several 

House Management Systems (HMS), and Building Energy 

Management Systems(BEMS) have emerged. These systems 

allow adapting the consumption (or suggesting changes in 

consumers’ habits) according to several factors. However, in 

order to make this management truly smart, there is a need for 

adaptation to different contexts, so that changes can be done 

accordingly to the different situations that are faced at each time. 

This paper addresses this problem by proposing a novel 

methodology that enables classifying different situations in 

different contexts, according to different contextual variables. 

Index Terms — Artificial Intelligence, Artificial Neural 

Networks, Context Awareness, House Management Systems 

I. INTRODUCTION 

ontext is any information that can be used to 
characterize the situation of an entity. An entity is a 
person, place, or object that is considered relevant to the 
interaction between a user and an application, including 

the user and the application themselves [1]. The development 
of a method that identifies and analyses contexts implies 
context awareness, i.e., the idea that artificial intelligence can 
respond to consumer needs based on information taken from 
the environment that surrounds him to provide relevant 
information or services to the consumer, where its relevance 
depends on the user's task. Although the notion of context 
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awareness has been around for several decades, there are still 
two major challenges in this issue: finding ways of collecting 
data that do not sacrifice consumer and the difficulty of 
removing relevant information from big data [2]. Context 
aware systems are especially relevant in dynamic and complex 
environments, such as the power and energy sector. 

The consumption of electricity is increasing all around the 
world. For example, in the United States, for the year 2011, 
22.00% of electricity consumption comes from residential 
consumers [3]. On the other hand, a report of Europe (EU-27) 
talks about the increase of global consumption in 2012. In this 
context, 29.60% of the total electricity is from residential 
consumers [4]. In the study of electricity consumption in Brazil 
for the year 2012, residential consumers represent 24.92% of 
total electricity consumption [5]. 

Consumers are active resources in the context of smart 
grids [6], thus the management systems must take into account 
the information of each equipment importance in the residential 
consumers. Management systems need to consider novel 
characteristics and advanced functions in response to the new 
context (electric vehicles penetration, interaction with external 
operators, among other). In several works these type of 
management system are defined as a smart home. A residential 
consumer with communication between all devices enabling 
the monitoring, control and remote access of the management 
system provides a smart home [7]. This type of systems should 
enable effectively managing consumption, storage, distributed 
generation and the participation in Demand Response (DR) 
events [8], [9]. 

The electricity consumption based on the interaction with 
an external entity can be reduced by the automatic participation 
in DR events of smart home. The communication between 
smart home and external entity is performed by smart meters. 
This smart equipment enables bidirectional communications 
with: monitoring in small time steps, information in real time 
about energy prices and costs and the remote control of the 
electricity demand management [10, 11]. DR programs can 
represent an important energy resource but the industrial and 
large commerce consumers are the main focus to apply it. New 
developments show the DR events to get more flexible 
response applying the programs in small consumers as the 
residential consumers [8, 12]. 

Taking into account the needs identified in this field, the 
aim of this paper is to study and develop a method for 
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analyzing, identifying and defining different contexts of 
resource usage in homes. A data-mining approach is used, 
namely a clustering method [13], which groups different 
historical events related to consumption measures in a home, 
the associated devices usage at each moment, and related 
contextual variables (e.g. temperature, humidity, external 
luminosity, etc). This clustering process allows identifying 
situations with similar characteristics, and thus enable the 
identification of different contexts of consumption and devices’ 
usage. In this paper, a novel methodology based on the 
application of an Artificial Neural Network (ANN) [14] is 
proposed to classify new situations in different contexts, 
according to different available contextual variables. The 
proposed method is used to improve home resource 
management methods of the Supervisory control and data 
acquisition (SCADA) House Intelligent Management (SHIM) 
system [15], giving them ability to adapt to different contexts. 

After this introduction, section II provides an overview on 
artificial neural networks. Section III presents the proposed 
methodology which is separated into two categories: context 
analysis and classification. Section IV presents the results of a 
case study using data that represents the energy consumption of 
a generic home during one year (2014) and features the 
measurements of several devices’ consumption as well as of 
several contextual variables (e.g. season, temperature, number 
of residents inside the home). Finally, the most relevant 
conclusions are presented in section V. 

II. RELATED WORK 

According to [16] a smart home should include three main 
elements: internal communication network, intelligent control 
systems, and home automation. Moreover, House Management 
Systems (HMS) should be able to effectively manage the 
consumption, distributed generation units, electric vehicles, and 
the participation in DR events, e.g. dynamic energy tariffs [17].  

On the other hand, HMS should consider the consumption 
efficiency, the minimization of the energy bill, and the required 
comfort levels in the operation context [18]. Reference [19] 
proposes the use of user location systems, motion detection, 
and measurement/control devices [19], with the objective of 
determining users´ behaviour profiles. In this way, some 
devices can be turned off e.g. when there is no one in a certain 
room. A HMS that joins the consumption management of 
electricity and gas is proposed in [20]. This work also 
addresses the active participation of users´ no enable the 
enhancement of the system performance. The variables that 
impact the consumption are analysed in [21], such as comfort 
and the weather.  

HMS solutions are emerging, despite the use of HMS is 
still not widespread. Reference [22] appoints some obstacles to 
the use of HMS, such as the lack of awareness of the existing 
technologies; prices of current solutions; and fragile user 
interfaces. These barriers, together with a deficient use of the 
available data in real time, are hurdles that must be addressed 
promptly. The development of algorithms that allow the 
computer to learn and improve its performance based on data 
(also known as machine learning) is, essential to surpass the 
identified gaps. In this sense, the tasks performed are normally 
divided into the following three categories: unsupervised, 
supervised and reinforcement learning. 

Unlike unsupervised learning, supervised learning requires 
already pre-defined outputs [23]. Nowadays, the development 
of the field of research has been almost explosive. ANN's are at 
the forefront of computational systems designed to produce, or 
at least mimic, intelligent behavior [24]. In computer science, 
neural networks gained a lot of steam over the last few years in 
areas such forecasting, data analytics, as well as data mining 
[25]. There are many types of ANN such as: Feed Forward 
Neural Network, Self-Organizing Map (SOM), Hopfield 
Neural Network, Simple Recurrent Network (SRN), Simple 
Recurrent Network (SRN), Feed forward Radial Basis Function 
(RBF), among many others. Within these, the focus will be on 
Feed Forward Neural Network (FFNN) since it is the type of 
ANN used in the proposed methodology.  

III. PROPOSED METHODOLOGY 

This chapter describes the methodology used to develop a 
method of analysis and definition of contexts with the 
application of the ANN classification model. The proposed 
method is divided into two categories: Context Analysis and 
Classification. 

A. Context Analysis 

The context analysis method is designed for analyzing, 
identifying and defining different contexts of resource usage 
in homes. For this, a data-mining approach is used, namely a 
clustering method [13], which groups different historical 
events related to consumption measures in a home, the 
associated devices usage at each moment, and related 
contextual variables (e.g. temperature, humidity, external 
luminosity, etc). This clustering process allows identifying 
situations with similar characteristics, and thus enable the 
identification of different contexts of consumption and 
devices’ usage.  

For the data mining process, a method of the unsupervised 
learning branch has been chosen, more precisely, a clustering 
method by iterative optimization (partitional clustering), the K-
means clustering algorithm [13]. This clustering process seeks 
to organize a set of objects into k clusters so that the inserted 
objects in a given cluster have high similarity level and a low 
level of similarity with objects belonging to different groups.  

Given a set of observations ( , , …, ) where n is the 
number of observations considered and in which each 
observation is a d -dimensional vector. The clustering process 
aims to perform the division of n observations into k clusters 
( , , …, ) to minimize the sum of square errors, WCSS 
(Within Cluster Sum of Squares). 

 

(1) 

Where  is the average points in  and  being the 

centroid of the cluster. With the aim of minimizing the 
equation (1), the iterative k-means clustering process consists 
of two steps:  

• Association, each observation  is linked to the cluster C 

whose mean value can WCSS minimum; 

• Update the centroids, considering new observations 
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associations, new means of each cluster values are 

calculated, given a new centroid . 

The algorithm execution continues until the convergence 
process has finishes, in other words, when the combination of 
observations to different clusters no longer varies, finding a 
fixed point or local minima. 

K-means is a relatively efficient method of clustering but it 
requires to specify the number of considered clusters 
beforehand and the success or failure of the method will 
depend on this indication. Unfortunately, there is still no 
general procedure to find the correct number of clusters. 
However, there are some criteria to suggest an optimal k, e.g., 
the number of groups that allow the best grouping for the 
collected data. These criteria are mainly based on two aspects:  

• Compaction: a group of measures that assess the 
compactness of the cluster based on variance. 
Measures how closely related objects in a cluster 
are; 

• Separation: a group of measures that assess the 
distinctive as well or separate a cluster is from other 
clusters.  

The following criteria are considered in this work: Calinski 
Harabasz (CH), Davies Bouldin (DB), Gap Value (GAP) and 
Silhouette (S).  

B. Classification 

The proposed classification model intends to enable 
identifying the context in which new observations or events 
should be associated to. The ANN used in this proposed 
method is a feedforward neural network. Feedforward 
networks consist of a series of layers. The first layer has a 
connection from the network input. Each subsequent layer has 
a connection from the previous layer. The final layer produces 
the network's output. 

1) ANN model 
The considered ANN is a Multi-Layer Perceptron (MLP) 

feedforward neural network, which considers the contextual 
information about the event in time. The output is the 
corresponding context. A study that supports this MLP 
topology is shown in [26]. Figure 1 depicts an overview of the 
MLP topology. 

 

Fig. 1. Artificial Neural Network topology 

The training algorithm is backpropagation using the 

gradient descent method [27]. The squared error function E for 

the single output neuron is defined as in (2). 

  (2) 

where t is the target output for a training sample, and y is the 

actual output of the output neuron.  

For each neuron j, its output oj is defined by feedforward 

calculation, as in (3). 

 

(3) 

where n is the number of input units to neuron j, and wkj is the 

weight between neurons k and j. The logistic function is used 

as activation function f, as in (4) [28].  

 
(4) 

2) Assessment measures 
Mean absolute percentage error (MAPE) expresses the 

accuracy of the model by comparing the real vs. forecast values 
and can be defined by the equation (5): 

 

(5) 

Where,  is the real value,  is the forecast value and  is 
the number of considered samples. 

Class error (CE) expresses the accuracy of the forecast 
model by comparing the number of samples that wrongly 
predict the number of clusters with the total number of 
considered samples and can be represented by the equation (6): 

 
(6) 

Where, is the number of samples with the wrong 

class,  is the number of considered samples. 

IV. EXPERIMENTAL FINDINGS 

This chapter is structured in two parts: (i)Specification, 

where the description of the procedure used to obtain the 

results is provided; and (ii) Results, where the outcomes of the 

study are showcased. Finally, a summary is also presented, 

including a global analysis of the achieved results. 

A. Specification 

The data used in this case study represents the energy 
consumption of a generic home during the year 2014 (64 
samples) and features the measurements of the following 
variables: month, day of the week, hour, season, temperature, 
number of residents inside the home, total power usage, 
indication ON/OFF of lighting by division (bedroom, living 
room, hall, kitchen) and consumption of devices (microwave, 
oven, coffee machine, fridge 1, fridge 2, washing machine, 
HVAC, water heater, room TV, living room TV). 
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The set of 64 samples of 21 variables is decomposed into 
groups that represent different situations (or contexts). The 
considered contexts are of different natures, trying to gather 
information about different situations. Out of several scenarios 
that have been analyzed, this focuses on the experimental 
findings considering three scenarios that relate specific 
variables, namely: Temperature vs. HVAC, Hour vs. Power 
and Number of Residents vs. Power. 

To classify new observations as being part of a specific 
context, the contextual data (described in the previous 
paragraph) is used to feed the ANN. The classification process 
utilizes two thirds of the sample values as inputs and the 
corresponding clustering results as targets. Being the remaining 
one third of data used as test values and the corresponding 
clustering results used as real values. This way it is possible to 
determine the performance of ANN by comparing the output 
classification values with the real values. To classify 
observations for different contexts, the proposed feedforward 
ANN changes only in the number of hidden layers and in the 
number of neurons inserted in these.  

B. Results 

For each scenario the four optimal k criteria exposed in 
section III A. are used, namely CH, DB, GAP and S. Each of 
these criteria results in a distinct number of optimal k, which 
results in a different number of considered contexts. The ANN 
is then used to classify the new observations as being part of 
one of the contexts. Results analysis consists in the comparison 
between the forecast classification values vs. the real value, 
visually and by using the MAPE and CE index results. 

1) Temperature vs. HVAC 

The purpose of this grouping is to find patterns in the 

usage of the HVAC system by residents depending on the 

temperature, the following variables are selected:  

• Outside temperature 

• Indication ON / OFF of the HVAC system 

Figures 2, 3, 4 and 5 illustrate the classification 
performance by comparing the classification (forecast) result 
and the real context value for each test observation. The xx axis 
represents the several observations, and the yy axis represents 
the context number in which each observation is classified. 

 

Fig. 2.  Classification performance (Temperature vs. HVAC - CH criterion) 

The MAPE value achieved in this case (CH criterion, 
which results in using 10 contexts) is 0,4018% and the CE 
value is 0,7619. 

 
Fig. 3.  Classification performance (Temperature vs. HVAC - DB criterion) 

Using the BD criterion, the number of contexts is 3, and the 
MAPE value obtained is 0% and the CE value is also 0. 

 
Fig. 4.  Classification performance (Temperature vs. HVAC - GAP criterion) 

 

Applying the GAP criterion results in 10 contexts; the 
MAPE value obtained is 0,2255% and the CE value is 0,6190. 

 
Fig. 5.  Classification performance (Temperature vs. HVAC - S criterion) 
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Using the S criterion results in 3 contexts and the achieved 
MAPE value for this case is 0% and the CE value is also 0. 

Table I presents the summary of the clustering results 
obtained when using the different optimal k criteria for this 
scenario. Namely the number of clusters (contexts) that result 
from the application of each of criterion. 

TABLE I 

NUMBER OF CLUSTERS COMPARISON – TEMPERATURE VS. HVAC 

Number of clusters Criteria  

10 CH 

3 DB 

10 GAP 

3 S 

From these results it is visible that the criteria CH and GAP 
overestimated the optimal value of k. Using only 3 contexts: 
resulting from DB and S, three groups (contexts) are identified, 
which refer to: use of the HVAC system at low temperatures, 
HVAC system OFF and use of the HVAC system at high 
temperatures. 

Table II summarizes the classification errors obtained for 
the “Temperature vs. HVAC” scenario. 

TABLE II 
MAPE AND CE VALUES COMPARISON – TEMPERATURE VS. HVAC 

MAPE (%) CE Criteria 

0,4018 0,7619 CH 

0 0 DB 

0,2255 0,6190 GAP 

0 0 S 

Analyzing the achieved results, it can be seen that the 
prediction models based on the DB and S criteria significantly 
outperform the other two criteria (GAP and CH). So far, what 
was identified as the best clustering groupings have led to the 
best predictions. Using a large number of clusters/contexts 
leads to a poor classification performance.  

2) Hour vs. Power 

This scenario aims to find power usage patterns by relating 

the total power consumption with the hour of day. To this end, 

the following variables are selected:  

• Hour of the day 

• Total power consumption 

Figures 6, 7, 8 and 9 illustrate the classification 

performance by comparing the classification (forecast) result 

and the real context value for each test observation. The xx 

axis represents the several observations, and the yy axis 

represents the context number in which each observation is 

classified. 

The MAPE value achieved in this case (CH criterion, 

which results in using 10 contexts) is 0,2985 % and the CE 

value is 0,6667. 

 
Fig. 6.  Classification performance (Hour vs. Power - CH criterion) 

Fig. 7.  Classification performance (Hour vs. Power - DB criterion) 

Using the BD criterion, the number of contexts is 5, and the 
MAPE value obtained is 0,1540 % and the CE value is 0,3809. 

 
Fig. 8.  Classification performance (Hour vs. Power - GAP criterion) 

Applying the GAP criterion results in 4 contexts; the 
MAPE value obtained is 0,1071 % and the CE value is 0,1428. 
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Fig. 9.  Classification performance (Hour vs. Power - S criterion) 

Using the S criterion results in 5 contexts and the achieved 
MAPE value for this case is 0,1071 % and the CE value is 
0,1905. 

Table III presents the summary of the clustering results 
obtained when using the different optimal k criteria for this 
scenario. Namely the number of clusters (contexts) that result 
from the application of each of criterion. 

TABLE III 

NUMBER OF CLUSTERS COMPARISON – HOUR VS. POWER 

Number of clusters Criteria  

10 CH 

5 DB 

4 GAP 

4 S 

From these results it is visible that the criterion CH 
overestimated the optimal value k. Being also identified four or 
five groups that could be labeled as: morning, noon, evening 
and night or dawn, morning, noon, afternoon and night. The 
main difference is that the DB criterion separates morning into 
two separate groups while the other two criteria (GAP and S) 
do not. 

Table IV summarizes the classification errors obtained in 
this paper for the “Hour vs. Power” scenario. 

TABLE IV 

MAPE AND CE VALUES COMPARISON – HOUR VS. POWER 

MAPE (%) CE Criteria 

0,2985 0,6667 CH 

0,1429 0,3809 DB 

0,1540 0,1428 GAP 

0,1071 0,1905 S 

Analyzing the results obtained, it can be said that the 
criteria GAP and S significantly outperform the other 
prediction models. In this case, there was doubt between four 
or five clusters being the best clustering grouping. If we go by 
these results presented, it can be said that the S criterion 
provided the best MAPE error and that the criteria GAP 
provided the best CE error.  

The DB criterion, which identified five groups as the best 
optimal k, despite giving an acceptable MAPE error, the CE 
error is a lot bigger when compared with the previous two 
criteria mentioned. So it can be said that an optimal k of four 
groups (contexts) for this scenario leads to better predictions 
and is possibly the best option. 

3) Number of Residents vs. Power 

This grouping aims to find usage patterns by relating the 

total power consumption with the number of people in the 

residence at a given time. In order to achieve this goal, the 

following variables were selected: 

• Number of residents 

• Total power consumption 

Figures 10, 11, 12 and 13 illustrate the classification 

performance by comparing the classification (forecast) result 

and the real context value for each test observation. The xx 

axis represents the several observations, and the yy axis 

represents the context number in which each observation is 

classified. 

 
Fig. 10.  Classification performance (Num. of Residents vs. Power - CH 

criterion) 

The achieved MAPE value (CH criterion, which results in 
using 8 contexts) is 0,1522% and the CE value is 0,3809. 

 
Fig. 11.  Classification performance (Num. of Residents vs. Power - DB 

criterion) 
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Using the BD criterion, the number of contexts is 3, and the 
MAPE value obtained is 0,0159 % and the CE value is 0,0476 

 
Fig. 12.  Classification (Num. of Residents vs. Power - GAP criterion) 

Applying the GAP criterion results in 10 contexts; the 

MAPE value obtained is 0,2643% and the CE value is 0,6667 

 
Fig. 13.  Classification (Num. of Residents vs. Power - GAP criterion) 

Using the S criterion results in 3 contexts and the achieved 
MAPE value for this case is 0% and the CE value is also 0. 

Table V presents the summary of the clustering results 
obtained when using the different optimal k criteria for this 
scenario. Namely the number of clusters (contexts) that result 
from the application of each of criterion. 

TABLE V 

NUMBER OF CLUSTERS COMPARISON – NUMBER OF RESIDENTS VS. POWER 

Number of clusters Criteria  

8 CH 

3 DB 

10 GAP 

3 S 

From these results it is visible that CH and GAP criteria 
overestimated again the value of optimal k. DB and S have 
identified three groups that could be labeled as: minimum 
capacity, average capacity and maximum capacity.  

Table VI summarizes the classification errors obtained in 
this paper for the “Number of Residents vs. Power” scenario. 

TABLE VI 

MAPE AND CE VALUES COMPARISON – NUMBER OF RESIDENTS VS. POWER 

MAPE (%) CE Criteria 

0,1522 0,3809 CH 

0,0159 0,0476 DB 

0,2643 0,6667 GAP 

0 0 S 

Analyzing the achieved results, similarly to the first 
scenario, it can be said again that the criteria DB and S 
significantly outperform the two criteria (GAP and CH). In 
fact, using the context separation using the S criterion, the 
classification error is 0 under both error measures. 

C. Summary 

In this section, a brief analysis of the achieved results is 
performed, considering the studied scenarios.  

Table VII presents the overview of the classification errors 
achieved with MAPE for all context scenarios and all 
clustering optimal k criteria. 

TABLE VII 

SUMMARY OF MAPE RESULTS IN ALL SCENARIOS AND OPTIMAL K CRITERIA 

 

From Table VII It can be concluded that the best 
classification errors are obtained with the number of clusters 
that has been considered as ideal in the context definition 
(clustering) phase, i.e. for a lower number of clusters/contexts. 
It is also seen that for clustering with high number of clusters, 
the performance of ANN is significantly worse. DB and S 
criteria have proposed a smaller number of clusters/contexts in 
all scenarios, and this has resulted in a much better 
classification quality than when using the number of contexts 
provided by CH and GAP. Table VIII presents the overview of 
the classification errors achieved with CE for all context 
scenarios and all clustering optimal k criteria. 

TABLE VIII 
SUMMARY OF CE RESULTS IN ALL SCENARIOS AND OPTIMAL K CRITERIA 

 

From Table VIII one can see that the forecast models based 
on the S criterion produced the best results (4,76% and 5,35%) 
for MAPE and CE respectively, followed by the DB criteria 
(5,66% and 14,28%). The other two criteria performed poorly, 
but the GAP criterion (19,89% and 47,61%) was better than the 
CH criterion (28,42% and 60,31%), mostly because of the 
“Hour vs. Power” scenario where successfully identified four 
groups as the optimal k. 
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V. CONCLUSIONS 

The increasing penetration of renewable based generation 
of intermittent nature has brought a novel share of uncertainty 
into the power and energy sector. This, allied with the growing 
scarcity of fossil fuels leads to the increase of energy bills. 
Dealing with this new paradigm requires a larger dynamism 
and adaptability capability from consumers (in order to be able 
to change the consumptions patterns to make the best use of 
their own generated energy and to avoid hours of peak prices 
for consumption). In this scope, several HMS have emerged, 
which are able to deal with different variables and suggest the 
user some change of habits towards the minimization of the 
energy bill without compromising their comfort. However, 
these HMS still lack the capability of automatic adaptiveness to 
different contexts.  

It is to overcome this gap that this work emerges, by 
proposing a novel methodology to automatically analyze and 
define different contexts for residential energy management. A 
clustering approach is used to group different situations into 
similar contexts. An ANN based classification approach is 
proposed to classify new observations/events as part as one of 
the pre-identified contexts. 

Results show that the best classification results are achieved 
when considering the number of contexts that has been found 
ideal in the clustering phase (i.e. a small number of 
groups/clusters/contexts). Using a large number of contexts 
leads to the definition of several contexts with very small 
differences from each other, which harms the classification 
process (the classification method has difficulties in realizing 
in which context the new observation should fit), and it also 
does not improve the quality of the decision support, since a 
large number of contexts implies a larger difficulty in learning 
for each specific case and a larger difficult in understanding 
what each context means. Thus, using a smaller number of 
well-defined contexts is the ideal approach to be taken in order 
to include this type of context awareness in HMS.    
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