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Abstract— Reduction of the waste of energy is a fundamental demand of our century. The concept of the
Smart Grid is a way to address the better use of energy. The development of smart meters applied to end
consumers is one of the keys to achieving the goal of reducing the waste of energy. Residences, electric cars,
buildings, and factories are the end consumers for the Smart Grid chain. The device that is responsible for the
most energy consumption in a residence is the electric shower as it heats water. We therefore propose a new
smart meter that was designed to reduce the waste of energy applied to the electric shower. Towards reducing
the waste of energy, our smart meter performs three functionalities: monitoring the energy consumption and
advising a better use, ii) controlling the water heating, and iii) displaying in kWh and R$ the energy consumed.
Hardware was designed from scratch to measure the power demanded by the electric shower to heat the water.
The software was designed using an Optimized Artificial Neural Network to control, monitor and advise the user.

Our achievement in reducing the waste of energy was, on average, 37.5%.

Keywords— Smart Grid, Smart Meter, Genetic Algorithm, Artificial Neural Network.

1 Introduction

The emergence of the Smart Grid has brought new
challenges to develop technologies capable of ac-
complishing the promised efficient management of
energy, from the generating power plant to the end
consumers (Blumsack and Fernandez, 2012). This
new era will change the way we deal with energy.
With the support of technology, the energy con-
sumed by buildings, homes and automobiles could
be constantly monitored to support a rational use
of energy (Salim and Sheikh, 2016).

With a view to more energy-conscious con-
sumption, smart meters play an important role in
reducing energy waste (Aslam et al., 2015). More-
over, the smart meter is a technology that has
great market potential. A smart meter is a build-
ing block of the Advanced Monitoring Infrastruc-
ture (AMI) and it is still in a process of standard-
ization (Erlinghagen et al., 2015; NIST, n.d.).

Although the industry has not set a standard
for smart meters, we have designed a smart meter
capable of reducing the energy consumption of a
specific household appliance. According to (Prado
and Gongalves, 1998), the heating of water by an
electric shower is known to be responsible for a
significant part of the energy consumed in a resi-
dence. Therefore, monitoring and controlling the
electric shower is a suitable choice to reduce en-
ergy waste.

The proposed smart meter can improve the
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electric shower in three aspects: i) measure and
display in kilowatt-hours and monetary value the
energy consumed, ii) control the temperature, and
iii) suggest the best use of the electric shower in
order to reduce energy waste.

For the proposed system, hardware and soft-
ware were designed. The designed hardware is
composed of a control and the monitored system.
For the control system, a complete power circuit
and zero-crossing detector circuit were built to de-
liver the correct power to the TRIAC (Triode for
Alternating Current) component. The monitor-
ing system was built with an off-the-shelf micro-
controller. Data acquisition was done by a tem-
perature and a current sensor. All the hard- ware
components and their deployment are described
in detail below.

The software design is composed of two opti-
mized artificial neural networks (ANNs). One of
the ANNs was designed to monitor, in real-time,
the energy consumption and to notify the user if
consumption was above a stipulated ideal. The
second ANN is more specific, and is responsible
for the efficient control of electricity consumption.
For both systems, validation was performed with
a common shower. Moreover, in order to find the
best ANN, we used a genetic algorithm (GA). The
GA was modeled considering the four character-
istics of an ANN: i) number of hidden layers, ii)
number of neurons, iii) activation function, and
iv) training function.
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The remainder of this paper is structured as
follows: In Section 2, we describe the more rel-
evant related works on smart meters; Section 3
introduces the Smart Meter design, and gives a
detailed description of the hardware and software
components; Section 4 describes the experimental
assessments and finally, in Section 5, we present
our final remarks.

2 Related Works

Various works show that Smart Grids have been
researched over the past decades, and also that
there is a wide range of challenges and work to
be produced and validated in the next few years.
Smart meters are essential devices for an effi-
cient Smart Grid. The authors (Alahakoon and
Yu, 2016) and (Kabalci, 2016) show the new chal-
lenges involved in developing Smart Meter tech-
nology.

(Benedetti et al., 2016) recently proposed a
new approach to control the energy consumption
by using Artificial Neural Networks (ANNs). The
authors claim that controlling energy consump-
tion over time can be hard work, essentially be-
cause the statistical definition of energy is often
required, and this kind of system must be up-
dated over time. The paper presents a case study
to validate their approach. In short, the results
show good accuracy for the approach, but there
are some losses in periods where external condi-
tions are sensitively changed or when there are sta-
ble changes in energy consumption, for instance,
when the air-conditioning is turned on.

In (Porcarelli et al., 2013), the authors present
a smart meter as a low-cost power meter to mon-
itor individual appliances. The experimental re-
sults for a set of appliances indicate a good accu-
racy of the measurement, leading to a maximum
error of 1.6%. Another good characteristic of this
device is that it uses only two AAA batteries as a
secondary power supply to guarantee a fast start-
up, and tests showed that, depending on the appli-
ance’s sleeping time, it can operate continuously.

The work described in (Bonino et al., 2012)
suggests useful insights on the user-driven design
of more effective in-home energy displays. For in-
stance, it suggests the use of direct feedback (i.e.,
timely updated in-home displays showing the cur-
rent home energy consumption), historical trends
in consumption (showing how home consumption
evolves over time and highlighting temporal corre-
lations), and non-obtrusive displays (displays de-
signed to weave themselves into the home environ-
ment, attracting the user’s attention when needed,
but avoiding intrusive settings and interactions
that may lead to the interface being abandoned
or disposed of). In the same direction, (Willis
et al., 2010) claim that installing a visual con-
sumption display in the shower achieved a mean
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statistical reduction of 27% (15.40 liters) in water
consumption.

3 Smart Meter Design

The Smart Meter was designed to achieve the re-
duction of energy waste. Therefore, the project
was separated into hardware and software design
and each component was tested before assembly.
The details of the hardware and software design
are described next.

3.1 Hardware Design

The hardware design was separated according to
each purpose, namely the control and monitoring
systems.

3.1.1 Control System

To control the temperature of an electric shower,
it is necessary to have the domain under the
amount of power applied in the electric resistance.
In traditional electronic showers, this power con-
trol is performed with the aid of resistors, capac-
itors and a TRIAC. However, this control is not
very precise, since it depends on the characteris-
tics of the components used.

One way to perform this control effectively is
through digital control of the energy delivered to
the load. For this digital control, a widely used
method is Pulse Position Modulation (PPM), us-
ing microcontrollers. In this method, pulses, be-
sides interruption routines to synchronize the sys-
tem with the electric network, carry out the an-
gular control of the sinusoid.

In this work, the synchronism and control sys-
tem were developed with the help of a circuit to
detect the passage of the sinusoid through zero
(Figure 1) and a power circuit (Figure 2).
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Figure 1: Zero Crossing Detector Circuit (ZCDC).

The zero-crossing detector circuit operates as
follows: the signal initially traverses the resistors
arranged in parallel to decrease the voltage to be
delivered to the optocoupler. Then it goes through
the diode bridge and finally goes through the
LED, activating it. In order to generate a pulse
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Figure 2: Power Circuit (PC).

at the microcontroller’s input port (ATmega328p)
to which the component is connected, the proce-
dure occurs in the same way, in both the positive
cycle and the negative cycle. Therefore, in each
half cycle, a pulse is generated at the output of the
optical coupler, synchronizing the system with the
electric network.

The power circuit, consisting of the compo-
nents MOC3020, TRIAC and the SNUBBER fil-
ter, receives microcontroller pulses for TRIAC ac-
tivation. After the system is synchronized with
the power grid and with the angle of the defined
sinusoid, it sends pulses to activate the MOC3020,
which then activates the TRIAC through the gate
pin. Thus, depending on the activation angle of
the TRIAC, the amount of energy to be delivered
to the electrical resistance is defined, as can be
seen in Figure 3.
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Figure 3: TRIAC activation under the influence
of PPM.

All interruption and activation management,
as well as the processing of the data received by
the sensors, is done via software, which will be
presented in the next section.

3.1.2 Monitoring System

The monitoring system is composed of three parts:
data acquisition, processing and user interface.
Data acquisition is performed through the temper-
ature sensor (NTC) and current sensor (ACS712).
The Arduino Mega (ATmegal280) was used to
process the data received by the sensors, using
optimized artificial neural networks. In order to
notify the user and show consumption informa-
tion, a 16x2 LCD, LED’s and a buzzer were used.
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Figure 4: Board of the control system - top view.

3.2 Software Design

The software was designed using two AI (Artificial
Intelligence) techniques. The idea was to use Arti-
ficial Neural Networks to control the temperature
of the electric shower as well as the monitoring
of energy consumption to advise the user to make
better use of the electric shower. As the task to
find the best configuration of an ANN for a given
problem is a hard task (Murata et al., 1994) and
error-prone, we decided to use the Genetic Algo-
rithm technique to find the optimal ANN. The GA
was modeled considering the following character-
istics of the ANN: i) the activation function, ii)
the number of hidden layers, iii) the number of
neurons and iv) the training algorithm.

Two ANNs were modeled, each for different
purposes. One of them was modeled with a more
general scope, monitoring in real time the energy
consumption of a specific equipment (such as an
electric shower). The monitoring system notifies
the user in cases where the consumption is above
ideal, stipulated in the configuration of the sys-
tem. The second ANN is more specific, and is re-
sponsible for the temperature control of the elec-
tric shower water.

The ANN responsible for monitoring has two
inputs in the input layer, the environmental tem-
perature and the power consumed. The output
layer has one output, which belongs to one of
the following groups: i) high consumption (out-
put = 1), ii) mean consumption (output = 0), iii)
low consumption (output = -1). The values input
set from one of the inputs is represented by 6000
Watts of power (from an electric shower), ranging
from 500 Watts to 0. The values input set for the
second input is represented by a temperature data
log ranging from 0°C to 40°C in 5°C steps.

The ANN that controls the shower is also
composed of two inputs in the input layer, where
one is the environment temperature (bathroom)
and the other the temperature of the water. The
output layer also has one output, which belongs
to one of the following groups: increase the power
(output = 1), keep power (output = 0) and de-
crease power (output = -1). The values input set
for the water temperature input is represented by
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a temperature data log ranging from 1°C to 70°C
in 1°C steps.

The next step after the data modeling is the
normalization. The purpose of the normalization
is to put the data in the same range of values,
thus avoiding the dimensions overlapping, which
can lead to stagnation of ANN learning.

3.2.1 ANN Architecture

The model most used in applications with neural
networks, is the Multi Layer Perceptron (MLP)
(HAYKIN, 2001), due to its simplicity, versatility
and efficiency, so the MLP model was chosen for
this work. Regarding the definition of the parame-
ters of MLP networks (architecture and topology),
they are usually performed through repeated at-
tempts with different configurations until satisfac-
tory results are obtained, that is, using the trial
and error method. Besides consuming a lot of
time, this process can obtain networks with un-
necessary connections and nodes. However, the
definition of the ANN architecture is a very im-
portant step, since the choice of the topology has
a significant impact on the processing capacity of
the network to be used (Jung and Reggia, 2006).

The authors in (Yao, 1999) claim that the
choice of the optimal architecture for an ANN can
be solved by optimization techniques. The func-
tion cost of an ANN optimization model can be
considered as the size of the architecture (number
of layers and neurons) and error in the training
data. The cost of all topologies is projected as a
discrete surface in space. The choice of the opti-
mal architecture becomes equivalent to the search
for the global minimum point of this surface.

One method of optimization that has been
successfully applied to several real scenarios is the
Genetic Algorithm (GA) (McCall, 2005). The
GA is a method of optimization inspired by the
principle of natural selection and survival of the
fittest (Holland, 1975). The GA has been ap-
plied to Artificial Neural Networks in several ap-
proaches, ranging from the training and adjust-
ment of weights in a certain topology, to the search
for the optimal architectures (Yao, 1999).

For the implementation of a genetic algorithm
it is necessary that the classification of possible
solutions of the problem be structured in a way
that the GA can manipulate (Yao, 1999). The
building block of the structure represents a possi-
ble codified solution and is known as a genotype
(Holland, 1975).

In our work, we modeled a GA to find the
best ANN architecture. As the objective function,
we considered the minimum value from three pa-
rameters: i) data training error, ii) the number of
hidden layers, and iii) the number of neurons in
each layer. Table 1 shows the range of the values
for each parameter that models the genotype.
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Table 1: Value Ranges to Model the Genotypes

Parameter Values Range
Hidden Layers 1-6
Neurons 1-30
Activation ‘ians.l &
Functions 0818
purelin
trainbfg,trainbr,trainrp,
Training trainlm,trainscg,traincgb,
Function traincgf traincgp,trainoss,
traingdx,traingd

The population was initiated with 400 geno-
types. Each genotype was generated by a param-
eter combination. The procedures of the GA were
applied to the population sequentially: i) the se-
lection, ii) the crossover, iii) the mutation. The se-
lection procedure chooses the most adapted geno-
types. The most adapted boundary was 60% of
population in each round. After the selection,
the most suitable individuals are crossed until the
original population size. Next, 2,5% of the popu-
lation is isutated.

The GA procedures were applied for four gen-
erations of genotypes and the best ANN was cho-
sen. Table 2 shows the best ANN configurations
for monitoring and control.

Table 2: Selected Architecture

Parameter | Monitoring | Control
Hidden Layers 1 2
Neurons 15 24
Activation tansig, tans'l &
. - logsig
Functions purelin .
purelin
Traml'ng trainlm trainlm
Function

After the definition of the architectures, the
next step was to carry out the tests with random
values within the range established by the inputs,
in order to validate the chosen ANN and measure
its degree of generalization.

The evaluation of the ANNs chosen was done
with trained and non-trained data. For both cases
the output was exactly as expected, which led us
to conclude that the generalization for both ANNs
was achieved.

4 Experimental Assessments

The tests were performed in a residential set-
ting. The deployment of the Smart Meter was
performed so as not to interfere with the activity
of the electric shower. Eight consumption mea-
surements were performed through the monitor-
ing system, four with the intelligent control sys-
tem turned on and four with the intelligent con-



trol system turned off. In this way, the control
system activated the TRIAC with a firing angle
very close to 180 degrees, in order to generate no
energy consumption for the monitoring system.

The tests were carried out as follows. Initially
the monitoring system was connected to the cir-
cuit that supplies electricity to the shower in order
to do consumption measurements. Then, the wa-
ter register for triggering the shower was opened
and the measurements made. With the connected
equipment, it was possible to carry out the neces-
sary monitoring and analysis.

The results of the tests conducted with
the conventional electric shower and the electric
shower with the controller system can be verified
in Tables 3 and 4 respectively. The metrics as-
sessed were: 1) the average consumption in kWh,
ii) the value spent in RS, iii) the average temper-
ature of the environment, iv) the elapsed time of
the shower, and v) the convergence time for the
electric shower to reach the desired power.

Table 3: Common Electric Shower
Conventional Electric Shower

Average Value Spent Average BathTime Convergence
Consumption (R9) Temperature (min) Time (seg)
(KWh) (°C)
2,17844 R$ 0,1389 27,2826 8,5004 4
3,4407 R$ 0,1513 27,808 5,86163 2
4,78184 R$ 0,1372 24,4 3,82538 3
2,94673 R$ 0,0563 24,9893 2,54593 2

Table 4: Electric Shower with Control System

Electric Shower with Control System

Avarege Value Spent Avarage Bath Time Convergence
Consumption (R9) Temperature (min) Time (seg)
(KWh) (°C)
1,56295 0,0949 34,48706 8,09555 <1
2,42875 0,1089 28,72005 5,97606 il
2,04436 0,0622 31,97656 4,05878 <1
2,05055 0,0361 31,99532 2,3494 <1

In order to better understand the cost saving,
Table 5 shows the comparison between the conven-
tional electric shower and the electric shower with
the controller system. The analysis considered 1
shower of 8 minutes duration. As we can see, the
cost saving was substantial with the controller sys-
tem, ranging between 28% and 57%. The conver-
gence time, the time spent to heat the water, by
the control system was much faster than the con-
ventional electric shower. This led us to consider
that the waste of energy was also reduced.

The monitoring system emits luminous and
audible warnings indicating the state of energy
use. If the consumption is within the expected
range, a green LED stays on. If the consump-
tion is approaching the stipulated limit, the yel-
low LED is on and a beep is emitted. So the user
can rethink the way of using the shower. If the
consumption exceeds the stipulated value, the red
LED comes on and a beep is emitted. The limit
values are defined during the ANN training step.
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Table 5: Comparison between Conventional Elec-
tric Shower and Electric Shower with Controller
System

Savings with Control System

Amount per Amount per  Savings Savings Percentage
minute spent minute per per saved (%)
common spent with minute  month(R$)
shower (R$) control (R$)
system (RS)
0,0163 0,0117 0,005 111 28
0,0258 0,0182 0,0076 1,82 29
0,0359 0,0153 0,0205 4,93 57
0,0221 0,0154 0,0067 1,61 30

Based on the notifications from the system, it
was possible to estimate the savings that would
be obtained, in RS, if the recommendations were
followed. The estimated savings can be seen in
Table 6. The calculation made to estimate the
saved value can be seen in Equation 1.

Table 6: Savings with Monitoring System

Savings with Monitoring System

Spend Value per  Estimated Spend Value  Saving (R$) Percentual (%)
Month (R$) per Month (R$)
3,92 3,24 0,68 17
3,78 2,16 1,62 43
6,19 3,24 2,95 48
8,61 4,50 4,11 48
TSV EV

TT TT

valueR:<< )—( >)~8-30 (1)

where TSV is the total amount spent, the EV
is the estimated value that could be saved and TT
is the total time spent to take the shower. It is
important to emphasize that the estimated saving
is the upper bound that can be saved with the
recommendation system.

5 Final Remarks

The importance of a rational use of energy is a
present demand of this century. The Smart Grid is
the direction indicated by academia and industry
to achieve the goal of making better use of energy.
In this context, new technologies are being devel-
oped in all parts of the Smart Grid chain, from
power plant generation to end consumers. One of
the keys to contributing to the Smart Grid is the
development of AMI devices, which can monitor
user activities, advise users and better control the
use of energy by household appliances.

As a use case, we used an electric shower,
which is one of the most energy-consuming devices
in a residence. The proposal to reduce the energy
waste was achieved. The control design directly
affected the energy consumption. The monitoring
design, in conjunction with the real-time display
of the electricity being consumed, was intended to
make the user aware of changing the consumption



pattern in order to reduce the waste of energy.
Although the results of the monitoring system are
theoretical, it provides an upper bound of energy
consumed and that can be reduced.

Furthermore, the project was not intended to
measure the water consumption, although we can
claim that if the time taken to heat the water is re-
duced, less water will be used during the shower.
Measurement of the water consumption will be
the next step of our project, as it too is an ex-
tremely important resource that must be better
used. Moreover, we intend to create a database
of energy and water consumption as input data
to intelligent systems to improve the reduction of
wasted resources.
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