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Double Encoder-Decoder Model for Improving the Accuracy of
the Electricity Consumption Prediction in Manufacturing

Yeongchang Cho' - Byung Gill Go™ - Jong Hoon Sung’™ - Yeong Sik Cho''

ABSTRACT

This paper investigated methods to improve the forecasting accuracy of the electricity consumption prediction model. Currently, the

demand for electricity has continuously been rising more than ever. Since the industrial sector uses more electricity than any other sectors,
the importance of a more precise forecasting model for manufacturing sites has been highlighted to lower the excess energy production.
We propose a double encoder-decoder model, which uses two separate encoders and one decoder, in order to adapt both long-term
and short-term data for better forecasts. We evaluated our proposed model on our electricity power consumption dataset, which was
collected in a manufacturing site of Sehong from January 1st, 2019 to June 30th, 2019 with 1 minute time interval. From the experiment,
the double encoder-decoder model marked about 10% reduction in mean absolute error percentage compared to a conventional
encoder-decoder model. This result indicates that the proposed model forecasts electricity consumption more accurately on manufacturing

sites compared to an encoder-decoder model.

Keywords : Time-Series Forecasting, Deep Learning, Machine Learning
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1. Introduction

Explosive growth in the population caused ever-
increased usage of electricity consumption. Considering
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that large proportions of primary energy supply still rely
on fossil fuels such as coal, petroleum, and natural
gas [1], increased demands on energy supply raise
tremendous amounts of problems on environmental
pollution. The demand for electricity has increased
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than ever before for the efficient planning of energy
production, which may facilitate the deduction of
the wasted energy.

% This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/ licenses/by-nc/3.0/)
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Currently, the vast majority of research papers
focus on energy demand forecasting on the smart
grid system [2,4,5]. They forecast overall electricity
consumption in a certain area for the grid. While
these approaches account previous patterns on overall
electricity consumption, they do not consider individual
patterns that individual factories or households possess.
Since 61.7% of final energy consumptions are from
the industrial sector [1], it would be beneficial for
the efficient usage of electrical energy throughout
the flexible energy storage system or demand response
system [3], if precise forecasting of individual factories
electricity consumptions is possible.

Electricity demand forecasting belongs to the
time-series forecasting problem. Traditional forecasting
methods, such as Box-Jenkins Autoregressive Integrated
Moving Average (ARIMA) [6] and state-space models,
were often applied to electricity load forecasting
problem [7], but due to the intrinsic features of
electricity consumption datasets, it often failed to
provide accurate predictions for electricity demand.
These datasets do not have stationarity nor linearity [2].
These datasets often have shifted distributions over
time, which violates the assumptions of stationarity,
which is required for traditional ARIMA approaches.
Another significant problem in applying ARIMA on
electricity forecasting is the existence of non-
seasonality. The Traditional Box-Jenkins approach
expects to have seasonal patterns on the dataset by
fitting the ARIMA model onto the time-series dataset.

While traditional statistical models have encountered
difficulties on a dataset which may not be suitable for
their model assumptions, machine learning approaches,
particularly Deep Neural Networks (DNN), have
started showing their adequateness on varieties of
tasks [8-12] with the advancement in computing
hardware such as graphic processing unit (GPU) and
tensor processing unit (TPU) which facilitates faster
matrix computation for such models. Deep learning
methods achieved state-of-the-art performance on
several tasks such as image classification [8,10],
object detection [9], statistical machine translation
[11,12,22,23], and natural language understanding
[24,25], but for time-series forecasting, they have not
reached the same level of maturity.

There have been several improvements in the
implementation of machine learning techniques on
time series forecasting in the last two decades. Before

the emergence of deep learning, support vector
regression (SVR) [14] and random forest (RF) [15]
have been studied for time series forecasting and
achieved preferable results compared to traditional
models. More recently, the applicability of multilayer
perceptron, which is also known as DNN, on time
series forecasting has been investigated. However,
DNN does not have a recursive structure, which is
essential for the time-series forecast. Recurrent
neural network (RNN), which is a variant of a multi-
layer perceptron, has the structure of propagating
signals through the time axis, which makes it more
suitable for the sequential learning dataset [17]. RNN
and its variants, such as long short-term memory
(LSTM) [18] and Gated recurrent unit (GRU) [12], are
capable of learning long-term dependencies between
each observation and therefore frequently used for
the time series forecasting modeling [2-5].

In this paper, we examine the effectiveness of
recent advancements in deep learning approaches
on electricity demand forecasting tasks. We firstly
adapt the encoder-decoder model with LSTM layers
as proposed in [11,12], and then make some
modifications on encoder units for better forecasting.
Since encoder-decoder architecture was originated
from NLP tasks, some features of encoder-decoder
are designated more towards NLP tasks. For instance,
neural machine translation (NMT) tasks, where a
translation of one language to another language is
required, force the encoder to receive source
sentences in one language as input and the decoder
to output target sentences in another language.
However, time-series forecasting task is not alligated
to such requirements like one-to-one sentence
mapping. Therefore we change the structure of the
encoder-decoder model for time-series to have two
separate encoder units, where each of them is
responsible for learning different types of data. The
first encoder takes relatively long-term data with a
moderate time interval between measurements, and
the second encoder extracts information from more
finely recorded short-term data. These extracted
features are then used for one decoder unit to
produce a fixed-length sequence of forecasts. Secondly,
we apply the attention mechanism [19,20] on the
outputs from encoder units, to focus on the parts
that possess more relevant information when predictions
are made. The evaluation of the performance



comparison between conventional encoder-decoder
and our modified model with and without attention
is carried out.

The rest of the sections is constructed as follows.
In section 2, we review the fundamental researches on
RNN and its variants and then delineate encoder-
decoder architecture which uses RNN or its variants.
Furthermore, we review the ML application on the
electricity demand forecasting task. In section 3, our
proposed model, double encoder-decoder, is discussed
in detail with additional explanations on the attention
mechanism. Throughout section 4, our experimental
setups and results are presented to evaluate our
proposed approach compared to the standard encoder-
decoder model, and then we make conclusions in
section 5.

2. Related Work

In this section, we describe RNN and LSTM models
and then delineate the encoder-decoder model,
which uses RNN or LSTM cells in the computation.
After that, we review researches specific to electricity

load forecasting tasks both with ML approaches.

2.1 Background: Recurrent Neural Network and LSTM
Since the 1950s,

studied for artificial intelligence, motivated from

neural network [19] has been

neurons in an actual brain. After its first proposal,
the neural network was applied to various tasks but
was not popularized as much as now, due to the
tremendous amount of required computation. However,
as the computing power of hardware increased, with
distinct advantageous characteristics of neural networks,
such as universal function approximator theorem
[20] or representation learning [21], neural networks
gained popularity again recently.

The conventional feed-forward neural network receives
an input data vector and predicts a corresponding

output based on the following equation.

f(z;;0) )

Y =
where f is an approximation function that maps
input to output. ¢ is a prediction by f given z; with
parameters 6. When an approximation function f is

chosen as neural networks, f can be decomposed
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into two separate parts, one for the computation of
hidden states and the other for the computation of
the output as following equations:

o(Wx, +b) @)

Y, = ](h7) (3)
where h; is a hidden state, and Wis a weight vector.
I is a function that maps hidden states in the last
layer to output. Its choice is mostly dependent on
the task. ¢ can be any nonlinear function. Common

choices for neural networks are sigmoid:

1

fo) = /= 4)
or rectified linear unit (ReLU):
f(z) = max(0,z) (5)

One of the most important assumptions on the neural
network and general regression is the independence
of each observation in the dataset. For instances,
z, €X for i=1,..,n is i.i.d. But this assumption is often
violated in sequence learning since the observations are

correlated. This is referred to as autocorrelation between
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observations. In order to acclimate autocorrelated
observations, the recursive structure of the learning
algorithm, such as RNN [17], is typically required.

RNN propagates hidden states computed from
previous time steps to hidden states in the current
time step with hidden-to-hidden weight vector, Wj,.
By adopting this additional structure, the computation
of hidden states can be modified as follows:

=

hy = o (Wi, + Wi by ) ©
where W, represents the input-to-hidden weight
vector. As shown in Fig. 1, RNN and its variants are
often stacked [28] on each other. This architecture
makes a deep model by connecting each RNN layer’s
hidden states on top of each other. This enables RNN
to learn more sophisticated representations of a dataset.

However, due to its recursive computation, propagated
gradients are easily exploded or vanished. This problem
yields to the modification of the architecture. In [18],
LSTM was proposed to learn long-term dependencies
among sequential datasets. LSTM computes hidden
states and cell states using cell and three gates called
input, forget, and output gates. Firstly, LSTM computes

internal vectors using a current input z; and a

previous hidden state h;_, by the following equations:

f (WI +Uhfhtfl) (7)

u; fa(W z, + U, b _y)

i iui

o; —O'(Wl +U,,h;_ )
c —O'(Wl‘ +U h._)

i ici hc%i—1

where f,, u;, o,, ¢ represent output vectors computed by
forget, update, output and cell weight matrices.
Using these 4 vectors, LSTM vyields the current cell
state ¢, and the current hidden state h, as follows:

6 =r Oq_, Ty Q‘;z' ®)
h; =o0; ®alc;)

Operation ®denotes an element-wise product
between vectors or matrix. By using these gated
operations, LSTM is enabled to control the past
information flows to the current one by manipulating
propagated gradients.

2.2 LSTM-RNN-based Encoder—-Decoder
With the popularity of RNN in a recent decade,

- \\

Decoder

.. .-
\LSTMLSTM]

1 1
m H ht+n imu

| « lLSTM LSTM‘ I.STM LSTM
s s s ;

Fig. 2. Flow Diagram of Encoder-decoder Model, Blue Squares

Represent Inputs to the Encoder, and Red Squares Represent

the Output of the Decoder. With the Stacked RNN Computation,

Inputs to the Encoder are Transformed to Hidden States, which

is then used as Initial Hidden State of the Decoder. Decoder

Forecasts Current Output Given Previous Hidden States and
Previous Output Value

R
/ Encoder \

/ \

ra B
AR ANE
CIEIREIIE

many researchers proposed improvements in model
architectures for various tasks. Encoder-decoder [11,
12] is one of the proposed architectures to overcome
bottlenecks of RNN in sequence-to-sequence tasks,
such as semantic learning and variable-size inputs.

In the encoder-decoder structure, the encoder unit
is responsible for compressing relevant information from
the input sequence to predict output sequences.
Instead of bypassing current input values to current
hidden states for the output, by limiting the length of
the vector to the decoder, the encoder learns the most
informative part of input sequences in order to predict
the output, even if the most relevant input is far
from current time step. This is analogous to seasonal
ARIMA, which incorporates distanced autocorrelation
between inputs and outputs.

As shown in Fig. 2, the encoder outputs hidden
states of the last layer as a context vector [11,12]
with some transformation function, and these vectors are
used in the decoder. The common model architecture of
encoder units is stacked RNN or stacked LSTM as
represented in Fig. 1, and the context vector is
usually computed as follows:

¢ = qlhy. p) ©)

where ¢ is a transformation function that maps &, ,



a set of hidden states in case of RNN or a set of
hidden states and cell states in case of LSTM, to a
fixed-length vector, c. In [12], the context vector was
computed as:
alhy.p) = hy (10)

where h; is the last time step element of A&, .

The decoder unit uses the context vector ¢, either
as input [11] or initial states of the networks [12].
The same model architecture as the encoder unit is
mostly chosen. With the context vector from the
encoder unit, the decoder unit also uses hidden
states of previous time steps of the decoder unit as
conventional RNN or LSTM:

(11

hfec g(yH 16 hfejl )
where ¢ is the decoder unit that forecasts outputs
given previous hidden states and context vectors. We
specially denote hidden states or hidden states and
cell states in the decoder as, h¥‘, to distinguish it
from ones from the encoder. This overall architecture
makes encoder-decoder differentiable and enables
continuous learning from standard backpropagation
algorithms [29,30].

While the adaptation of encoder-decoder architecture
advanced sequence-to-sequence forecasting, it still
suffered to the prediction of longer sequences,
where the location of the semantic token in input
and output sequence was often not aligned together.
The proposed new mechanism called attention [22,
23] gives weight to the context vector from the
encoder to facilitate better matching between input

and output sequences.

2.3 ML Applications on Electricity Consumption Forecasting

As efficient usage of electricity becomes a major
concern of the wide public, there have been numerous
attempts on electricity load forecasting with machine
learning approaches. Perhaps the two most investigated
approaches in machine learning were random forest
[15] and support vector regression [14]. Random
Forest grows individual trees from a bootstrapped
dataset, and average the outcome of an individual.

With this procedure, the random forest can achieve
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more accurate predictions by lower the variance of
outcome [26], which is a problematic feature of the
decision tree. In [15], random forest achieved lower
mean absolute percentage error (MAPE) compared to
smoothing and ARIMA model

compatible result to the artificial neural network (ANN).

exponential and
Support vector regression [27], which is a variant of
support vector machine, computes the weight vector
from the data points above the pre-defined threshold.
This procedure makes SVR more robust to outliers
and easily learns non-linearity in a dataset. With
some slight modifications, in [14], locally weighted
SVR outperformed over locally weighted regression
on MAPE loss by 24.72% in forecasting maximum
daily load.

More RNNs

electricity load forecasting tasks. Authors of [5] used

recently, have been applied to
LSTM for long-term electricity load forecasting, which
was beneficial to utility suppliers. They trained the
LSTM model using 10 years of data and evaluated the
forecasting ability on 5 years of data by MAPE loss.
Over the 5 years, MAPE was 6.54%, which showed
that forecasts from LSTM could be a good indicator

of future electricity load even in long periods. More

similar to our tasks, in [2,3], analysis on the
applicability of LSTM on short-term forecasting of
electricity usage in the residential sector and

smart-grid was carried out. In [2], LSTM was used to
calculate a short-term load for the smart grid. Their
that LSTM achieved far

accuracy compared to both conventional machine

results showed better
learning approaches, such as neural network, SVR,
and traditional time series forecasting methods like
seasonal ARIMA. In contrast to [2], where the study was
performed from the perspective of overall electricity
usage in a certain area, the study of electricity
consumption of individual households was conducted
in [3]. Empirical mean, k-nearest neighbor, neural
networks, and LSTM were benchmarked, and LSTM
yielded the best accuracy in terms of MAPE. One of
the interesting results from [3] was that forecasting
the aggregated electricity usage yielded higher MAPE
than summing results from forecasting individuals'
usage. This result advocates the need for learning
individual electricity consumption patterns, which

aligns with our study.
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3. Methodology

In this section, we firstly describe the architecture
of our proposed model, double encoder-decoder
(DED), which is composed of two encoders and one
decoder. Our proposed model is expected to incorporate
with both long term and short term measurements in
order to predict accurate forecasts based on both
long-term trend and short-term momentum of the
dataset. Secondly, we apply the attention mechanism
[22,23] on our proposed model to align two context
vectors from encoders for decoder by assigning

appropriate weights.

3.1 LSTM-based Double Encoder-Decoder Model

As shown in Fig. 3, our proposed model consists of
two encoders and one decoder. One encoder is for

long-term effects, and the other encoder is for

short-term effects. Let end”™

long-term effects and enc”""

denote encoder for
denote encoder for
short-term effects. The role of both encoders is to

produce a context vector, " for the long-term and

¢t for the short-term, which is used as initial
hidden states in the decoder. Context vectors are

computed as follows:

Hons = endon (g, 1ions) (12)
& =g = q(hrg)

Encoder for long-term ™

g

LSTM "[LSTM { LSTM { LSTM]

- - ﬂ

Encoder for short-term

LSTM ‘[LSTM {LSTM { LSTM
n i)
LSTM 4 LSTM ﬁ LSTM ‘| LSTM

\----/

w-%ﬂtl

h:hm't — 677,0'9’“”[ (Itvhf’lolm) (13>

short _ pshort _ short
¢ =hy " =q(hhT")

where " denotes a hidden state for the long- term

Jong

encoder, end™, and """ denotes for short- term.

Rers and A"t represent a set of hidden states in
every time step, where measurements take. i
indicates the time lag between measurements in the
input sequence. Our end”™ receives input sequence
which is measured with the time interval of i units
between each measurement. In contrast, our enc™”"
takes data, which is measured in 1 unit time interval.
Context vectors for our first proposed model are
chosen to be the last hidden state as shown in
equation (10).

Even though a input dataset for long-term data is
measured more sparsely, we used the same number
of measurements on long-term and short-term
encoder for our model specification. However, since
the time intervals of measurement for the end™ is

short 2 longer period of time can be

captured by end™.

greater than enc
For instance, when the time
interval i equals 4, if the short-term encoder receives
input of 120s, the long-term encoder receives input
of 480s.

short

The decoder unit receives both ¢ and ¢ and

Decoder
|ht+1| ‘hnz & ‘ ht+n Hlt+n+1‘

[LSTM ] {LSTM ) { LSTM ) { LSTM |

| h%+1 & |h%+z ‘ ‘hnn | ‘ht+n+1|

{LSTM] {LSTM ) { LSTM | { LSTM |

-.- ..

Fig. 3. Computational Graph of Double Encoder-decoder. It is the Same as Fig. 2, Except that it has One Additional Encoder
Unit. The Last Hidden States from both Encoders are used as Initial Hidden States in the Decoder after Concatenation



uses as initial hidden states after concatenation. By
using these initial hidden states and decoder input
vector at the previous time step t-1. The sequence
of output can be computed as follows:

dec(d"9

7cshart

(14)

Y1)

For instance, with the RNN structure, computation

of hidden states in the decoder, equation (11), can
be re-expressed as follows:
e = oWy, + W, ) (15)

where z, denotes the decoder input vector at the

time step t.

3.2 Attention Mechanism-based DED Model

Rather than using the last hidden states from
encoder units as context vectors, we may change the
operation conducted by function ¢ in equation (10).
The attention mechanism produces a weighted sum
of the sequence of hidden states, where the weight is
assigned based on the alignment between input and
output sequence. Here, we briefly describe the
attention mechanism applied to our proposed model. A
more detailed description is referred in [22,23].

Instead of using the last hidden state as the

context vector, we replace equation (10) as follow:

¢ = q(h) = a;h (16)
where

ho= g,

g = loy,ap

It should be noted that we concatenate hidden

long

states of the last encoder layer from end

encs/mrf

and
, which is denoted as [A";R"% in equation
(16). a; refers to a weight for the hidden state at jth
time step in the encoder for ith time step hidden
states in the decoder. Weight «;; is computed by

exp(s. )

p(')ij
T
2

k

17)

where s;; represents the score in between A" and,

h;, jth element in k. If h; is important when predict
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the y;, high score would be assigned, which results in
greater weight for that element. There are several
functions for scoring. Frequently used functions [11]

are:

hi“h; dot
= h?eCWahj general
v,tanh ( W;[hfec;h]—]) concat

S, (18)

v

By conditioning on context vector based attention,
the identically structured decoder unit can be used
to produce a forecast in our model.

4, Experiment and Results

We examined our proposed approaches to our
factory electricity consumption data set. In this section,
we first outline how our data set was collected and
used for our model training. After that, we briefly
mention the tuning and scoring procedure for model
comparison. Secondly, in the following subsection,
we report our proposed models' results with a
comparison to result from the baseline model and

then discuss the meaning of our results.

4.1 Dataset and Experimental Setup

Our Sehong data set is a recording of electricity
usage of a factory for 6 months from January 2019 to
September 2019 in South Korea. Each measurement
was firstly recorded with a minute time interval,
separately on every electrical socket used in every room,
and then summed in a group to show electricity usage
for each individual room. The unit of measurements
for electricity consumption was in kWh, with 3 decimal
places. In the factory, there were 12 different rooms.
Among 12 separate rooms, 11 of them were office
area, and only one room was for manufacturing,
which was the main source of electricity consumption.
In addition to that, manufacturing machines’ internal
state measurements such as air compression rate,
and external factors like temperatures were also
acquired. Measuring frequencies of external variables
were sometimes set less densely. These measurements
were interpolated using a simple mean when it was
necessary. The number of sample points, measuring
units, and descriptions of individual variables are
represented in Table. 1. As shown in Table. 1, the
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Table 1. Descriptions of Sehong Dataset

Sample Points I ¢
Variable Names Units ndependent/ Description
Train Validation Test Dependent
Manufacturing Room Wh Independent Electricity consumption measured in manufacturing
8 P Room
staff lounge kWh Electricity consumption measured in staff lounge
Electricity consumption measured in quality control
lit trol Dept. kWh
Quality Control Dep W] department
R&D Lab. kWh Electricity consumption measured in R&D laboratory
Marketing Support Wh Electricity consumption measured in marketing support
Dept. department
Exhibit Hall kWh Electricity consumption measured in exhibit hall
Business Development Wh Electricity consumption measured in business
Dept. development department
Marketing Dept Wh Electricity consumption measured in marketing
§ vept. department
Management Planning | 138500 23090 69250 Wh Electricity consumption measured in management
Dept. planning department
President's office kWh Electricity consumption measured in president's office
Executive Suites kWh Dependent Electricity consumption measured in executive suites
Conference Room kWh Electricity consumption measured in conference room
Library kWh Electricity consumption measured in library
1 \Pa Internal air compressure of the 1st manufacturing
machine in the manufacturing room.
P KPa Internal air compressure of the 2nd manufacturing
machine in the manufacturing room.
P3 KPa Internal air compressure of the 3rd manufacturing
machine in the manufacturing room.
P4 \Pa Internal air compressure of the 4th manufacturing
machine in the manufacturing room.
Temperature °c Temperature of Suwon, South Korea, where Sehong is
located.
23270 3880 11638
Humidit % Relative humidity of Suwon, South Korea, where Sehong
¥ ’ is located

dataset was split into train, validation, test dataset.
The proportion between train, validation, and test
was set approximately as 0.6, 0.1, and 0.3.

Since our variables had different scales and units,
we needed to transform our data set to prevent typical
gradient vanishing problem in LSTM-RNN models.
We computed mean on individual variables with
variance, and then applied standardization with the
following equation:

57,], = i (19)

where x,; is ith observation of jth variable after

standardization, and p; and o; represent the mean
and standard deviation of jth variable in the input.

We used the electricity usage in the manufacturing
room as a target variable, since our main object of

the research was to forecast electricity usage on the
manufacturing site based on previous historical
observations. As shown in Table. 1, electricity usage in
other rooms in the same building were also used as
dependent variables. In addition to that, manufacturing
machines’ internal state measurements such as air
compression rate, and external factors like temperatures
were also used as dependent variables. These features
were selected by exploring correlation coefficients
[36] and principal component analysis [37]. We used
the measurements of selected dependent variables
and target variable that were picked in every 20 minutes
as long-term encoder's inputs, and corresponding
measurements that were collected in every 1 minute
were fed into the short-term encoder, enc"*. The
number of measurements for both long-term and
short-term encoder was chosen to be the same, so
we used the last 10 hours of data for end”*® and 30



short

minutes of data for enc"*". Target observed value of
the previous time step was used for decoder input
during training. Our models outputted 3 hours ahead
target values with time steps of 1 minute.

We trained all our models with LSTM cells using
the train dataset. When training the model, several
hyperparameters needed to be tuned. For the hidden
unit size of each LSTM layer, we examined the
hidden unit size between 64, 128, and 256 units,
with two layers for each encoder and decoder unit.
In order to optimize the parameters in the LSTM
layers, we chose the ADAM optimizer [29] with the
learning rate exponentially decaying from 0.0001.
Hyperparameters were tuned using the validation
dataset.

In order to fit models, loss functions needed to be
A
commonly used loss function for time-series forecasting
is Mean Absolute Error (MAE):

selected along with the optimizer function.

Ny~

MAE = ; + (20)
or Mean Absolute Percentage Error (MAPE):
1 gl
MAPE = =Y, "L 21

ni=1 Y

where y, is a prediction of true output y,. We fitted
our parameters with MAE loss, but also tracked other
metric, MAPE, for convenient interpretation between
models.

Two parallel RTX 2080 GPUs with 8 GB memory
and 6123 GFLOPS per each under Ubuntu 16.04 OS
were used for both training and testing of models
with python 3.6 and Tensorflow 2.2 [35].

4.2 Performance Evaluation for Double Encoder-Decoder

The comparison of prediction accuracy between
our proposed models and baseline models is shown
in Table. 2 with MAE and MAPE scores. Numbers
after model names represent the hidden unit size
used for LSTM cells when the model was constructed.
Bold numbers show the best results among the same
models. The unit of MAE is the same as the original
electricity measurements, kWh, after standardization,
and the unit of MAPE is in percentage. Our results
were calculated using only the test dataset. For the
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Table 2. Comparison between Double Encoder-decoder and
Double Encoder—-decoder with Attention

MAE MAPE
Encoder-Decoder-64 0.4522 54.30
Encoder-Decoder-128 0.4357 50.47
Encoder-Decoder-256 0.4348 53.50
Double
Encoder-Decoder-64 0.4645 61.23
Double Encoder-Decoder-128 0.4233 45.15
Double Encoder-Decoder-256 0.4635 67.41
Double Encoder-Decoder
with Attention-64 0.4358 >0.28
Double Encoder-Decoder
with Attention-128 04752 5343
Double Encoder-Decoder
with Attention-256 04515 >2.82

baseline model, we used the conventional encoder-
decoder model [11,12] as a baseline model.

The double encoder-decoder model recorded
0.4233 kWh and 45.15% in MAE and MAPE metrics
with the best-tested hyperparameters. These values
represent the one minute mean of absolute deviance
between observed electricity consumption and its
predicted values when the next 3 hours’ electricity
consumptions are forecasted. Similarly, MAPE represents
one minute mean of absolute deviance divided by
observed value at each time step. Perhaps, all our
reported measures in Table. 2, MAE and MAPE, are
calculated on the standardized values. Therefore,
both target value and predicted value need to be
transformed by the inverse function of equation (19),
when the interpretation of the error measures in the
original scale is required.

Our DED model achieved about 10 percent reduction
on percentage error compared to the baseline model's MAPE,
which scored 50.47% in their best hyperparameter
settings. Also, DED scored lower MAE compared to
the baseline model's MAE, 0.4348 kWh. This is an
indication of the increment of the forecasting power
of the proposed DED model in contrast to the
encoder-decoder model with one encoder.

On the other hands, the DED model with attention
mechanism scored 50.28 % and 0.4358 kWh in MAPE
and MAE under the best hyperparameter setting.
These are insignificantly different from the baseline
model, and produced worse test results contrary to
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the DED model without attention. This result
demonstrates that the attention mechanism does not
bring improvements on the predictive performance
of the encoder-decoder model, and causing degeneration
of the forecasting power DED model.

5. Conclusion

Forecasting electricity consumption is a challenging
time-series regression task, but many traditional
statistical models do not adequately fit the datasets
due to the violation of model assumptions. Many ML
and DNN approaches have been investigated on the
electricity consumption forecasting task, but their
results are not as satisfactory as in other domains.
Their recent developments were tailored for NLP
tasks, and therefore, modifications to the model
structures are required to adapt to time-series
forecasting tasks. We proposed the double encoder-
decoder model, which uses two encoders, instead of
one, in order to fit two different types of data,
sparsely and finely measured data. We observed that
the double encoder-decoder model brought the
reduction in several loss metrics compared to the
standard encoder-decoder in our Sehong dataset.
This result would demonstrate that an improvement
in forecasting power can be achieved by ensembling
results from two encoders. Moreover, we tested the
effect of attention mechanisms on our double
encoder-decoder, model but did not observe any
significant advancements. Rather, the accuracies of
the model are degraded on the test dataset. Recently,
many researchers [33,34] proposed a modification of
attention for the application to time-series forecasting.
Some of these researches pointed out that attention
mechanisms on time-series forecasting are not as
effective as on NLP tasks. Therefore, in future studies,
further investigations on whether attention could
bring meaningful effects on the double encoder-
decoder model with recently proposed modified

attention mechanismes.
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