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Abstract: The rapid development of RES technology produces cheaper and compact devices.
This condition has attracted the household to install the RES devices on their premises. Hence, the
household has changed from the passive electricity consumer into the active prosumer. The active
prosumer not only consumes the electricity but also have the capability to produce electricity.
However, the electricity produced by RES devices is intermittence and unstable. Moreover, the
behavior of the inhabitants of the prosumer also changes over time. Hence, a smart energy
management system is needed by the prosumer to maintain the balance of its electricity demand and
supply. In this paper, we explore the integration of the Machine-learning based on the prosumer’s
EMS to address the uncertainty problem in the prosumer.
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1. Introduction

Nowadays, the rapid development of Renewable
Energy Sources (RESs) technology has resulted in
cheaper and compact devices Y. The cheaper and compact
devices have attracted attention for the household to
install it on their premises. With the RES devices installed
on the household premises, the household has the
capability to produce its energy. Then, the household is
not only consuming energy from the grid but also can
produce energy. The household with this capability is
called the prosumer.

Being a prosumer offers various advantages 2. One of
the advantages is saving electricity costs. Since the
prosumer can produce its own electricity, the prosumer
can reduce electricity purchases from the grid . Moreover,
the prosumer can sell its excess electricity to the grid or
participate in the local electricity market to gain more
profit 4. In Indonesia, the capability of the prosumer to
sell its electricity to the grid has been regulated by the
Minister of Energy and Mineral Resources (ESDM)
Regulation No 13/2019 .

The presence of the prosumer has been known as one
solution for sustainable energy 5. The presence of the
prosumer can also play a role in increasing the level of
electrification in Indonesia, especially for the rural areas
and islands ®. The rural areas and islands in Indonesia still

hard to get the electricity caused by the difficulties of
rolling out the electricity infrastructure. So, being the
prosumer is one of the alternatives to bring electricity to
the household in rural areas and islands in Indonesia.

However, the prosumer has to maintain its own
electricity demand and supply. The electricity produced
by the RESs is unstable depends on the external factors,
such as the weather condition. Meanwhile, the inhabitants
of the prosumer also have different behavior over time.
The instability of the RES and changes behavior of the
inhabitants has challenged the balance of electricity
demand and supply of the prosumer.

The energy management system (EMS) is one of the
solutions to address the challenges of the prosumer. The
EMS has the capability to manage the controllable loads
of the prosumer. With the EMS, the prosumer can adjust
its load to maintain the balance of the electricity demand
and supply. The EMS can shift or change the load
configuration so the demand can follow the condition of
the electricity produced by the RES. However, this
approach can sacrifice the comforts of the inhabitants.
Hence, the integration of the machine learning module in
the prosumer’s EMS is indispensable.

In this paper, we design our machine-learning-based
EMS for the prosumer. The proposed machine-learning-
based EMS for the prosumer integrates the machine-
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learning module into the EMS to enable the prosumer’s
EMS to acknowledge the electricity production,
consumption, and storage in advance and adjust the signal
control intelligently. This paper is organized as follows;
Section Il presents the literature review regarding the
EMS and its implementation for the prosumer. Section |11
explain our proposed machine-learning-based EMS, and
section IV concludes our study.

2. Literature Study

The prosumer stands for the PROducer and
conSUMER. It means that the prosumer is the electricity
user who capable of producing and consuming electricity
9, The prosumer produces the electricity by utilizing the
RES devices. However, electricity generation by the RESs
is unstable, depends on the external factor such as the
weather. Hence, the prosumer usually utilizes the
electricity storage systems (ESS) to address the
intermittence electricity of the RES. So the typical
components of the prosumer are the RES device as the
generator of electricity, the controllable loads to consume
the electricity, and the ESS to store the electricity.

Recently, the EMS is used by the household or the
building operator to maintain the balance of the electricity
demand and supply 1>, The EMS is used as part of the
demand response system. The demand response system is
the typical application to manage the electricity
consumption of the household. The demand response
system consists of two approaches, which are the price-
based and incentive-based approach. The price-based is
the approach where the household willingly to reduce its
electricity consumption when the price is high.
Meanwhile, the incentive-based is the approach where the
household can set a preference for its electricity reduction
in advanced. The demand response system uses EMS as
the tool to execute these approaches.

For the prosumer, the usage of the EMS becomes more
complicated. The EMS not only has to manage the
electricity consumption but also have to manage the
electricity production and electricity storage 29. The
prosumer has to monitor the electricity production of the
RES and the electricity stored in the ESS while managing
the controllable loads to maintain the electricity
consumption of the prosumer. Furthermore, the prosumer
can participate in the local electricity market to exchange
its excess electricity. With this participation, the EMS of
the prosumer has to define whether the prosumer has
excess electricity or required more electricity.

The authors in 2 have proposed the EMS design for the
prosumer. The proposed EMS design consists of four
components. Figure 1 illustrated the components of the
proposed EMS design. Figure 1 shows the interaction
among the prosumer EMS and its components. The
interaction among the prosumer and its components is bi-
direction with each direction has its own purpose.

Meter DR
Dt Conlred

Generation Bidding

Cantral Request
Meter Bidding
Dath Rt

Charge
IDischarge Meter
Cordral Diata

Fig. 1: Components of the Prosumer EMS

The EMS utilizes the smart meter to monitor the state
of information regarding its controllable loads, RES
device, and energy storage. In a different direction, the
EMS sends the control signal for adjusting the control of
each component. The electricity market is an optional
component when the prosumer participates in the local
electricity market 24-19, To the electricity market, the EMS
will send its bidding request, whether to sell or purchase
electricity. The bidding result then will send back from the
electricity market to the EMS. The EMS will manage to
send or to consume the electricity based on the bidding
result.

Most recently, the advance development of smart meter
technology provides an opportunity to record the
electricity information at various time intervals . The
various time interval can be used to classify the smart
meter data into three measurement classes, which are the
on-demand class, scheduled class, and bulk measurement
class 1®). The on-demand measurement is the measurement
that will be done by request from the system implemented
by the prosumer, such as the EMS. The scheduled
measurement is the automatic measurement where the
smart meter collects the data at a specific time
frequently® (e.g., every 1 minute, 5 minutes, 10 minutes,
etc.) while the bulk measurement is the measurement
requested by the system to collect a set of data from the
smart meter several times per day.

With this different time frequent, the smart meter data
can be divided into historical data and streaming data®.
These two types of smart meter data can be used for
different applications. The historical data can be used for
offline data processing 29, which produces the electricity
profile of the prosumer while the streaming data can be
used for detecting anomaly data or real-time events 2.
Recent studies have been conducted to integrate these two
data for machine learning algorithm 2-2%, However, the
integration into the prosumer’s EMS is not considered yet.
The integration of these two types of smart meter data may
improve the performance of the prosumer’s EMS to
maintain the balance of electricity demand and supply.

From this EMS design, we can observe the
responsibilities of the EMS of the prosumer. Until this
stage, the prosumer’s EMS can monitor the condition of
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each component and respond it through the control signal
accordingly. However, this approach can sacrifice the
comforts of the inhabitants of the prosumer. Moreover,
when the prosumer participates in the local electricity
trading, the prosumer’s EMS has to maintain such an
amount that agreed in the bidding result. It is hard for the
prosumer’s EMS to overcome this challenge without prior
notice.

3. Research

In this paper, we propose to integrate the machine
learning (ML) module into the EMS for the prosumer. The
integration of the machine learning module to give the
capability for the prosumer’s EMS to maintain the balance
of the electricity demand and supply of the Prosumer
while maintaining the comforts of the inhabitants. The ML
module also aims to support the EMS when the prosumer
participates in the local electricity market. In the local
electricity market, the prosumer can sell its excess
electricity or purchase the electricity when the prosumer
needs it.

1. The Components of the Prosumer’s EMS

In this part, we describe components of the smart
Prosumer’s EMS. The components are driven by the data
being processed by the ML module of the prosumer’s
EMS. The prosumer’s EMS then takes a strategic decision
based on the result of the ML module. As illustrated in
Figure 1, the smart meter records the electricity
information from the physical components of the
prosumer’s EMS. The module of the prosumer’s EMS
based on how the module process the smart meter data.
The description of the proposed components for the
prosumer’s EMS as follows:

a. Batch module. The batch module is the ML module
that processes historical smart meter data. The
historical smart meter data is the smart meter data that
already stored in the database. The result of this batch
module is electricity forecasting for a certain period
ahead. Electricity forecasting is essential for the
prosumer’s EMS to make a strategic decision
regarding the operation of the prosumer’s
components. The historical smart meter data is used
as the data source to create the electricity prediction
model. The electricity prediction model can be
configured for one-day ahead or even for one-hour
ahead. The one-day ahead prediction model will be
used to generate the strategic decision, for example,
which controllable load should be turn off or turn on
at a particular time. This strategic decision also can
be used to acknowledge the amount of excess
electricity or the required electricity at a particular
time. This information than can be used by the
prosumer’s EMS when participating in the local
electricity market.

b. Streaming module. The streaming module is the

module that processes the smart meter data that just
recorded by the smart meter. The smart meter can
record the electricity data in different frequent times.
Hence, the smart meter data can be recorded near
real-time. The real-time smart meter data is vital to
recognize any real-time event. The streaming module
compares the real-time smart meter data with the
prediction model from the batch layer to recognize
this real-time event. With this capability, the
prosumer’s EMS can anticipate any real-time event to
avoid any harmful condition to the prosumer.

c. ML-based control. The ML-based control module is
the module that has control access to the controllable
loads. The ML-based control module uses the
strategic decision from the batch layer and real-time
event detection from the streaming layer to execute
any control schema to adjust the controllable loads
accordingly. With this ML-based control module, the
electricity usage of the controllable loads can be
adjusted without sacrificing the comfort of the
inhabitants of the prosumer.

The ML-based module of the prosumer’s EMS is
illustrated in Figure 2.

ML-based Module

RES Devices

——————

[ Contrllable
Stream Module Loads

(T ———— L

- ML-based
Electricity ‘ Cantral Module
Consumption

Fig. 2: The proposed ML-based module of the prosumer’s
EMS.

2. The ML Algorithm for the ML-based Prosumer’s
EMS

Several ML algorithms can be used for the ML-based
Prosumer’s EMS. Some of these ML algorithms are the
forecasting algorithm and anomaly detection algorithms.
a. The forecasting algorithm

For the forecasting algorithm, the smart meter data is
treated as the time-series data. The algorithm that
widely used for the forecasting algorithm is the
ARIMA. ARIMA stands for AutoRegressive
Integrated Moving Average. The ARIMA composed
of components, which are the AR (Auto-Regressive),
I (Integrated), and MA (Moving Average). The
formula to calculate the ARIMA as follows:

q k
VdXt = Zﬁlst_l + Z ainXt_l + Sf
i=1 i=1

The AR component computes the effect of past time
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points of time series data on current and future time
points. Autoregression function is denoted by AR (p),
which satisfies X, =X}, a;|X,.1 +& . The |
component is denoted by parameter d. The d
represents the degree of differencing in the integrated
component. The process in this component is merely
subtracting its current and previous values d times.
The MA component is denoted by the parameter q,
which utilizes the error terms of previous time points
to predict current and future time points.

b. Anomaly detection algorithm
The anomaly detection algorithm compares the data
with the prediction model. If the difference between
the data and the prediction model is more than the
defined limits, the data can be said as the anomaly
data. This anomaly data represents any real-time
events that have to be anticipated by the prosumer’s
EMS.
One algorithm used for anomaly detection algorithm
is the density-based anomaly detection. This
algorithm is based on the k-nearest neighbors’
algorithms. This algorithm assumes that the normal
data occur around a dense neighborhood, and the
anomaly data are far away. The Euclidean distance is
used to measure the distance of the data from the
center of the dense data.

4. Conclusion

The Machine-learning based on Prosumer’s EMS is
proposed in this paper. Based on the way to process the
smart meter data, this paper proposes three modules for
the prosumer’s EMS. The batch module, the speed module,
and the ML-based control module. With this module, the
prosumer’s EMS can adjust the configuration of the
controllable loads to follow the configuration from the ML
module while maintaining the comfort of the inhabitants
of the prosumer.
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