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Abstract

The management of buildings responsible for the energy storage and control can be optimized with the support of forecasting
techniques. These are essential on the finding of load consumption patterns being these last involved in decisions that analyze
which forecasting technique results in more accurate predictions in each context. This paper considers two forecasting methods
known as artificial neural network and k-nearest neighbor involved in the prediction of consumption of a building composed
by devices recording consumption and sensors data. The forecasts are performed in five minutes periods with the forecasting
technique taken into account as a potential to improve the accuracy of predictions. The decision making considers the Multi-
armed Bandit in reinforcement learning context to find the best suitable algorithm in each five minutes period thus improving
the predictions accuracy in forecasting. The reinforcement learning has been tested in upper confidence bound and greedy
algorithms with several exploration alternatives. In the case-study, three contexts have been analyzed.
©2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

The difficulties to balance the consumer needs and the price involved in the electrical energy supply [1]
can be overcome with demand response [2]. This optimization can be guaranteed with other factors including
forecasting methods [3] and user behavior modeling and learning approaches [4]. Decreases in the costs of power
systems operations can be enhanced with the reinforcement deterministic applications in forecasting tasks [5].
A reinforcement application considers an electric vehicle charging station for forecasting tasks as seen in [6]
using the Q-learning technique to learn different charging scenarios thus enhancing the accuracy of the forecasting
algorithms. A model based RL agent performs schedule tasks optimizations as seen in [7]. Reinforcement learning
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is highlighted in the power request application of urban dense areas as seen in [8] to enhance the efficiency of
response to consumption fluctuations for the power requests. This is a demand response application integrated in
smart grids area that keeps the balance between the satisfaction level and the fluctuation issues. The Q learning
algorithm is integrated in emotional applications according to [9] that improves the deep neural network control
performance with smaller voltage deviations according to automatic tuning. As established in [10] high performances
for power systems require anticipated price predictions, thus a multi-agent reinforcement learning supports the
decision making of an artificial neural network to optimize decisions concerning different home appliances in
decentralized manner. Reinforcement learning overcomes thermal profile uncertainties in [11] to anticipate thermal
energy variations. Forecasting applications concerning office locations provide high relevance to reinforcement
learning techniques as mentioned in [12] to deal with nonlinear and complex issues with the benefit of decreasing
the forecast errors. Reinforcement learning is adequate for incentive demand response programs seen in [13] adding
the reward notion as end users incentives thus decreasing the electricity demand on peak periods. Another role where
reinforcement learning plays a relevant role consists in the optimization of energy distribution where it is necessary
to balance the energy supply and storage [14]. A similar microgrid application mentioned in [15] of the storage
of a photovoltaic system deals with non-linear storage charging and discharging and non-stationary environment.
All these applications have the expertise of working on forecasting and learning approaches concerned with the
electricity consumption in buildings. However, there is evidence lack to use learning approaches to select the most
reliable forecasting algorithm in an office building that monitors and records electricity consumption which is the
main goal of this paper. This paper uses the multi armed bandit learning algorithm in order to identify the most
reliable forecasting algorithm in different contexts. Evidencing all aspects of the introduction, Section 2 proceeds to
present the methodology, Section 3 evidence the case study and results, Section 4 finally presents all the conclusions.

2. Methodology

This section uncovers the several steps of the proposed methodology involved in the process of selecting the most
suitable forecasting algorithm in each period according to sensor data. Building offices equipped with electronic
devices provide the monitored sensor data involving different measures. Forecasting tasks take into account the
historic data to perform prediction and the targets to measure predictions’ accuracy. Fig. | illustrates the complete
process.

Sensor data import

'

Energy consumption forecast with different algorithms

N|
v

Learning process

’ Select forecast algorithm as action |

l Reward calculation |

l Average reward update |

v
Update exploration rate, exploitation
rate and learning methods

Selection of best algorithm for the target context

Fig. 1. Proposed methodology.

These tasks take into account the several forecasting algorithms in a reinforcement learning process that
evaluates which forecasting algorithm is more accurate in specific periods. The full process is divided in five
main steps including sensors data import, energy consumption forecast with different algorithms, learning process,
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parameterizations updates involved in reinforcement learning and selection of best algorithm for the target context
as illustrated in Fig. 1.

The first step involved in the methodology consists in the import of sensor data (including consumption metering)
from electronic devices placed in office buildings. The importation places the data in a structure adaptable by later
reinforcement learning tasks. Data is organized according to a time series used to support forecasting tasks. The
following step consists in the triggering of forecast of energy consumption according to two different algorithms:
artificial neural networks and k-nearest neighbors. The following step consists of a reinforcement learning process
used for the decision making that considers either to use artificial neural networks or k-nearest neighbors as the
forecasting technique. This learning process considers which forecasting technique to choose according to the
forecasting period in question and reward calculations which consider how pragmatic the forecasting technique
selection was performed for the period in question. The reward calculation assigns the value 1 to the forecasting
algorithm with lower error and the value O to the other. This calculation is added to an average reward which
look for the reward progress in an accumulated amount of periods. A preliminary application shown in [4] selects
rooms of a building where it is intended to improve the accumulated rewards by selecting rooms with better user
preferences. Following the reinforcement learning for the period in question, several parameterizations involved in
this learning are updated including the exploration and exploitation rates and the learning methods. The exploration
rate researches previously unexplored territory for the forecasting algorithms selection while the exploitation rate
explores the knowledge involved in a particular forecasting algorithm selection. After the reinforcement learning
the best suitable forecasting algorithm for all periods is provided in the last step.

3. Case study and results

This section is structured in two sub-sections, namely 3.1 Case study, and 3.2 Results.
3.1. Case study

The building responsible for the energy control and storage has access to samples of data described by
consumption observations while considering weekly patterns separated in five minutes periods. These observations
are compared to a forecasting week in five minutes contexts from 18 to 24 November 2019 as seen in Fig. 2. The
case study researches the consumption profile in three different scenarios in order to check more accurately the
consumption progress according to the different aspects featuring sequences of five minutes. Therefore these three
scenarios are classified in “morning”, “afternoon” and “night”. Morning takes sequences of five minutes in periods
between 9AM and 12PM, afternoon keeps a sequence of periods from 1PM to 6PM and night provides a sequence
of periods from 8PM to 9AM. Morning present a total of 312 observations while afternoon present a total of 360
and night presents a total of 984 observations.

The case study explores the consumption profile in three different scenarios in order to check more accurately the
consumption progress according to the different aspects featuring sequences of five minutes. Therefore these three
scenarios are classified in “morning”, “afternoon” and “night”. All these periods show very different consumption
profiles. The morning period has a lot of activity in 500 W and divergences that describe variations from 500 W
to consumption intervals placed in [700, 900], [900, 1100], [1100, 1300] W. In the afternoon period there has a
nonlinear behavior that starts in 900 W followed by divergences to 1300 or 500 W later until 2300 W. Night period
on the other hand shows a very similar behavior in all five minutes periods described by convergences to the 500 W

while few particular periods show few variations between 500 W and 1000 W.
3.2. Results

As stated in the case study, three scenarios were considered to handle the analyzes. These are conducted
with a reinforcement learning methodology with decisions concerning the forecasting algorithm selection in each
five minutes period. These five-to-five minutes decisions correspond each one to two possible alternatives: KNN
and ANN classified as 0 or 1 respectively. The reward is calculated for each five minutes period based on the
decision criterion and the forecasting error observations, assigning the value 1 if the selected forecasting algorithm
corresponds to the one with lower error otherwise it assigns 0. The average of rewards keeps an historic of rewards
defining an accumulated reward divided by the number of periods of five minutes it has applied the decision criterion.
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Fig. 2. Consumption profiles in scenarios (a) morning; (b) afternoon; (c) night.

The average reward progress in each five minutes period is verified for the reinforcement learning methods upper
confidence bound as seen in Fig. 3.

Morning and afternoon scenarios in Fig. 3 show the average reward in the first five minutes starting in 1 for
any exploration/exploitation interpreting a right forecasting selection. This is followed by few wrong forecasting
algorithm selections on five minutes context. Following this logic morning converges to an average reward of [0.09,
0.2] in a short sequence of five minutes increasing nearly afterwards to a sequence of nonlinear behaviors describing
average rewards of [0.4, 0.6]. Afternoon differs from this converging instead from the initial reward 1 to [0.5, 0.6]
in a short sequence of five minutes. Both morning and afternoon tend to converge during the next five minutes to a
single average reward which is [0.5, 0.6] for morning depending on the exploration and exploitation rate but almost
exactly 0.6 for afternoon. Night shows a wrong forecasting selection for the first five minutes, followed by average
reward increase from 0O to [0.5, 0.8]. The average reward tends to decrease to [0.5, 0.6].

Morning and afternoon scenarios show the average reward in the first five minutes starting in 1 for any
exploration/exploitation interpreting a right forecasting selection. This is followed by few wrong forecasting
algorithm selections on five minutes context. Following this logic morning converges to an average reward usually
of [0.3, 0.5] in a short sequence of five minutes increasing nearly afterwards to a sequence of non linear behaviors
describing average rewards of [0.5, 0.7]. Afternoon has an initial similar behavior with a reward initially assigned
to 1 converging nearly afterwards to [0.4, 0.6] in a short sequence of five minutes. However afternoon differs from
morning converging instead during the next five minutes to a single average reward about 0.5. Night shows a wrong
forecasting selection for the first five minutes, followed by average reward increase from 0 to [0.5, 0.8].

The average reward tends to decrease to [0.5, 0.6]. Higher exploration rates will result on more convergence
final average rewards for the different exploitation rates. While in upper confidence bound methods the different
exploitation rates show a similar average behavior, the greedy method tends to have different average reward
behaviors during the five minutes periods. The confidence bound is explored all possible scenarios concerning
all possible combinations concerning the period, the exploration and exploitation rates. This confidence is a trust in
using a forecasting algorithm in general cases. Fig. 4 shows the confidence of each scenario for KNN and ANN.
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Fig. 3. Historic actions in morning scenario: (a) exploration rate = 0.2; (b) exploration rate = 0.5; (c) exploration rate = 0.8.
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Fig. 4. Confidence bound concerning KNN and ANN decisions for morning scenario.

The confidence bound comparison represented in Fig. 4 shows that KNN is in all possible configurations the
forecasting algorithm with lower forecasting error to be applied on general considering contexts of five minutes.
KNN shows that the confidence stays in a range between 1 and 1.2 depending on the period, exploration and
exploitation used in the configuration. The confidence bound of ANN shows smaller values between 0.4 and 0.9.
Despite this, the values provided to the confidence bound of ANN show that in some particular situations ANN is

still better than KNN.

4. Conclusion

This paper discusses the forecasting method that looks more adequate in each five minutes context concerning
the decisions: k-nearest neighbors and artificial neural networks. Trial and test studies considering alternative
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configurations including the exploration, exploitation, period and learning method are considered for a more detailed
analysis. The confidence bound graphs show that KNN is clearly the most trustable forecasting algorithm despite the
confidence bound for ANN showing that this is not true on specific five minutes periods. The average rewards shows
good decision making for the morning, afternoon and night scenarios where confidence bound looks to consist on a
more powerful learning method than greedy. However greedy shows to be a less exhausting method that sometimes
results in not making few mistakes that result in high average rewards decreases. In the future, alternative contexts
will be analyzed in order to improve accuracy of the model.
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