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Abstract. As energy demand continues to increase, smart grid systems that per-
form efficient energy management become increasingly important due to envi-
ronmental and cost reasons. It requires faster prediction of electric energy con-
sumption and valid explanation of the predicted results. Recently, several demand
predictors based on deep learning that can deal with complex features of data are
actively investigated, but most of them suffer from lack of explanation due to the
black-box characteristics. In this paper, we propose a hybrid autoencoder-based
deep learning model that predicts power demand in minutes and also provides the
explanation for the predicted results. It consists of an information projector that
uses auxiliary information to extract features for the current situation and a model
that predicts future power demand. This model exploits the latent space composed
of the two different modalities to account for the prediction. Experiments with
household electric power demand data collected over five years show that the
proposed model is the best with a mean squared error of 0.3764. In addition, by
analyzing the latent variables extracted by the information projector, the correla-
tion with various conditions including the power demand is confirmed to provide
the reason of the coming power demand predicted.

1 Introduction

As industrialization has progressed globally,world’s electricity consumption is increased
every year, reflecting the growth in the number of electric devices. A report published
in 2018 [1] about energy consumption in the U.K. provides that electricity consumption
in the U.K. has increased by 33%. Among the demanders of various energy sources,
Streimikiene estimated that residential energy consumption would account for a large
proportion by 2030 [2]. It is a reason that an energy management system (EMS) has
been proposed to control the demand for soaring energy consumption. The smart grid,
one of technologies for EMS, consists of a set of computers, controllers, automation and
standard communication protocols, which are connected on the Internet, all of which
are used in order to manage the generation and distribution of electricity to consumers
through these digital technologies [3].

Smart grid emerged as a smart power grid that has recently achieved lot of popularity
[4, 5]. Smart grid is usually performed on a Plan-Do-Check-Act cycle [6]. Formulating
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an energy plan is the first thing to do. This is the decision of the initial energy baseline,
the energy performance indicators, the strategic and operative energy objectives and the
action plans. Among the four stages, the “plan” phase is very important because it is the
stage of establishing an energy use strategy and it includes an energy demand forecasting
step. In addition, energy demand forecasting is well known as an important step for
both companies and consumers in the smart grid, and energy storage systems based on
individual demand forecasting results can build an effective smart city infrastructure [7–
9]. Therefore, it is indispensable to study the electric energy demand prediction model
to design an efficient EMS.

Besides, analyzing the cause for the predicted power demand value helps in effi-
cient power demand planning. Kim and Cho proposed a method to predict future energy
demand and interpret the results of predicted values through analyzing latent space
[6]. However, they projected multiple information about energy consumption into only
one latent space, resulting in entangled representation. In this paper, we propose a
hybrid autoencoder-based model that combines a deep learning-based model that pre-
dicts minutely power demand with very complex features, and an information projector
to help infer the result by inputting auxiliary information for interpretability. A projector
which is one of components in predictive model receives past demands. A predictor that
predicts future demand is placed by receiving the output of the projector and the pattern
extracted through the information projector.

The rest of this paper is organized as follows. In Sect. 2, we discuss the related
work on electric energy consumption prediction. Section 3 details the proposed hybrid
autoencoder model. Section 4 presents experimental results and Sect. 5 concludes the
paper.

Fig. 1. (Top) The electric energy demand for each (a) minute, (b) hour and (c) date. The graphs
in bottom row show the results of Fourier transform. The shorter the time unit, the greater the
irregularity.
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2 Backgrounds

2.1 Difficulties in Predicting Energy Consumption

There are two major problems in building a power demand forecasting model: irregular
pattern of electric energy consumption and difficulty in providing evidence for predicted
demands [6, 8]. As shown in Fig. 1, individual energy demand patterns aremore complex
for the shorter unit of time for collecting demand. Even if the periodicity is analyzed
through the Fourier transform, it can be seen that there is no distinct pattern in the energy
demand record collected by the minute unit. As a result of statistical analysis of the
relationship between time and power demand, as shown in Fig. 2, the correlation is very
low, indicating that the demand pattern is very complicated. Besides, as shown in Table 1,
the statistical analysis conducted by Kim and Cho shows that the monthly, daily, and
hourly time have low correlation with the power demand. Recently, many studies have
been conducted to solve the problems by deep learning models that effectively extract
complex features [6, 10–12]. However, since deep learning models are black-box, it is
difficult to specify the reason for predicted results.

Fig. 2. The electric energy consumption for each month, date and hour. In July and August, the
demand for electricity is relatively low and from midnight to 7:00 am, the demand for electricity
is very low.

Table 1. Results of statistical analysis of monthly, daily and hourly electric energy consumption.

Monthly Daily Hourly

p-value (t-test) 0.005 0.182 0.011

p-value (ANOVA) 0.000 6.986e−56 0.000

2.2 Related Works

Many researchers have conducted studies to predict energy demand. Table 2 shows the
summary of the related works. In the past, statistical techniques were used mainly, but
had limited performance due to the irregular patterns of energy consumption [13–15].
Dong et al. and Li et al. used a support vector machine (SVM) with weather condition or
building’s energy transfer coefficient respectively to predict the consumption of building



136 J.-Y. Kim and S.-B. Cho

energy [16, 17]. Xuemei et al. set the state for forecasting energy consumption through
fuzzy c-means clustering and predicted demand with fuzzy SVM [18]. Ma forecasted
energy consumption with specific population activities or unexpected events, as well
as weather condition as inputs of the MLR model [19]. Although the above studies set
the state and forecasted future consumption based on it, they lacked the mechanism to
identify the state accurately.

In order to predict the energy consumption more accurately, many predictors based
on deep learning model have been proposed. Ahmad et al. used a deep neural network
(DNN) with the information of weather and building usage rate [20]. For more accurate
time series modeling, Lee et al. predicted environmental consumption with recurrent
neural network (RNN) [21]. Li et al. predicted energy demand with an autoencoder
model consisting of fully connected layers [22]. Kim and Cho and Le et al. proposed
more complex models including convolutional neural network, long short-term memory
(LSTM) and Bi-LSTM [10, 11]. However, asmentioned previously, deep learningmodel
is black-box so as to be difficult to provide the evidence of predicted results. To solve
this problem, Kim and Cho proposed a state-explainable autoencoder that defines the
state with the past consumption and predicts future demands based on it [6].

Table 2. Related works for predicting energy consumption.

Category References Method Description

Statistical model [13] K-means clustering Calculate the center value of
the cluster and classify the
time series into regular and
irregular trend

[14] ARIMA Present different forecasting
methods to predict electricity
consumption

[15] Statistical model Apply statistical method of
multiple linear regression to
real-world trip and energy
consumption data

Machine learning model [16, 17] SVM Predict building energy
demand or annual energy
demand using SVM

[18] Fuzzy SVM Present a novel short-term
cooling load forecasting with
conjunctive use of fuzzy
C-mean clustering

[19] Linear regression Propose model based on
linear regression that predicts
large-scale public building
energy demand

(continued)
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Table 2. (continued)

Category References Method Description

Deep learning model [20] DNN Predict energy consumption
by using climate, date and
building usage rate
information

[21] RNN Propose a pro-environmental
consumption index using big
data queries to measure the
environmental consumption
level for each country

[22] Autoencoder Extract the building energy
consumption and predict
future energy consumption

[10, 11] CNN and LSTM Predict household energy
consumption with
CNN-LSTM

[6] Autoencoder Define the state with the past
electric energy consumption
and predict future demand
based on it

3 The Proposed Method

The overall structure of the proposed model is shown in Fig. 3. It consists of three main
components: general projector f , information projector h, and predictor g. The informa-
tion projector h, which takes auxiliary information as input and adds explanatory power,
outputs a latent variable and passes it to the predictor g. The predictor g receives the fea-
tures extracted from the projector and the information projector as inputs and predicts
future energy demand. There are many ways to deal with time series data, but f and g are
based on LSTM, one of the RNN’s, to handle time series data [23]. The information pro-
jector h consists of LSTM and fully connected layers. Kim and Cho predicted the future
energy demand only with f and g so that the latent space (denoted as state in [6]) would
be entangled with various factors such as patterns of energy consumption and auxiliary
information.However, in this paper,we separate the latent space into two, and they are for
power demand and auxiliary information, respectively. Each latent space is constructed
with the general projector f and the information projector h.
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Fig. 3. The overall architecture of the proposed model.

3.1 Projector and Information Projector

We continuously update the latent variable with the auxiliary information during the
time interval t as shown in Eq. (1). The extracted value mi for the ith time is defined as
follows:

me
i = f

(
xi,m

e
i−1

)
, (1)

where xi is the ith input of projector and s0 = 0. f (·, ·) is a LSTM including input gate
it , forget gate ft , output gate it and memory cell ct . Each value is computed as follows:

it = σ
(
Wxi ∗ xt + Wmi ∗ me

t−1

)
(2)

ft = σ
(
Wxf ∗ xt + Wmf ∗ me

t−1

)
(3)

ot = σ
(
Wxo ∗ xt + Wmo ∗ me

t−1

)
(4)

ct = ft ∗ ct−1 + it ∗ σ
(
Wxc ∗ xt + Wmc ∗ me

t−1

)
(5)

me
t = ot ∗ σ(ct) (6)

whereW is weight matrix of the layer, σ is sigmoid function (σ(x) = (
1 + e−x

)−1) and
∗ means matrix multiplication. Outputs of input, forget and output gates are computed
with activation function, weighted sum of input xt and latent variable mt−1.

In order to extract the patterns of previous energy consumption, we use a general
projector as well as information projector. The extracted value st proceed in a similar
manner to Eqs. (2)–(6) but we use st instead of mt . The computed latent variable mt and
st is concatenated and transferred to the consumption predictor as shown in Fig. 3.
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The extracted latent variables mt and st by general and information projectors are
concatenated to be used as an input of predictor. The dimension of m is set differently
dependingon the capacity of the power demandpattern to be expressed, but the dimension
of s is set to two dimensions to facilitate analysis.

3.2 Consumption Predictor

In this section, we present how to forecast future demand by using computed variables.
Unlike the projector, m is used instead of x, and y is used instead of m to calculate y in
Eqs. (2)–(6).

yt = Wmy ∗ md
t−1 + Wyy ∗ yt−1 (7)

Here, yt is the future power demand value and is calculated without the activation
function. As shown in the predictor part in Fig. 3, we can see that the predicted demand
yi of the ith time-step is used as an input to compute yt+1.

L2 norm-based loss function is used to train the proposed model as shown in Eq. (8)
by sampling the data with time interval of tx and ty in energy consumption X and
predicted values Y , respectively.

L =
∑

i

[(
y1:ty − g

(
f
(
x1:tx

)
, h

(
m1:tx

))2] (8)

3.3 Latent Space of Auxiliary Information for Interpretability

The cause for the predicted power demand is explained by the analysis of the latent space
constructed from auxiliary information.We extract the latent variablem by entering aux-
iliary information into the information proejctor introduced in Sect. 3.1. By analyzing the
electric energy consumption and auxiliary information values according to the location
ofm and the relationship between the two, it is possible to indirectly determine the cause
of the high (or low) predicted demand value. Besides, since the number of dimensions of
latent space is set to two, it is possible to confirm the relationship between the predicted
value and the auxiliary information by visualizing the latent variables.

4 Experiments

4.1 Dataset and Experimental Settings

To verify the proposedmodel, we use a dataset on household electric power consumption
[24]. There are about two million minutes of electric energy demand data from 2006 to
2010, and we use about first four years of data as training dataset and the rest as test
dataset. It consists of eight attributes including date, global active power (GAP), global
reactive power (GRP), global intensity (GI), voltage, sub metering 1, 2, and 3 (S1, 2, and
3), and the model predicts the GAP. S1 corresponds to the kitchen, containing manly a
microwave, an oven, and a dishwasher. S2 corresponds to the laundry room, containing
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a refrigerator, a tumble-drier, a light, and a washing-machine. S3 corresponds to an
air-conditioner and an electric water-heater.

To examine the performance of the prediction model, we use three evaluation
metrics—the mean squared error (MSE) which can be calculated as follows.

MSE = 1

N
ΣN

i=1

( ∧
ym −ym

)2
(9)

4.2 Results of Demand Prediction

To verify the performance of the proposed model, we show the energy demand fore-
casting result using our model and compared with other conventional methods. Figure 4
is the result showing real and predicted energy demand values at the same time. The
model predicts energy demand for 15, 30, 45, and 60 min with actual energy demand for
60 min. Although the model could not predict the energy demand perfectly, we confirm
that the energy demand pattern predicted well.

Fig. 4. The predicted electric energy consumption and the actual demand by the proposed model.
We show the prediction results for (a) 15, (b) 30, (c) 45, and (d) 60 min

Our model is compared with conventional machine learning methods such as lin-
ear regression (LR), decision tree (DT), random forest (RF) and multilayer perceptron
(MLP), and with deep learning methods such as LSTM, stacked LSTM the autoencoder
model proposed by Li and state-explainable autoencoder proposed by Kim and Cho. The
MSE measure of the experimental results for each model is shown in Fig. 5 as box plot.
The results of the comparison with other models show that the proposed model outper-
forms other models. Some of deep learning methods are worse than machine learning
methods, but our model yields the best performance.

4.3 Analysis on Evidence of Predicted Results

While training the latent space in an unsupervised way, the relationship between power
demand and auxiliary information is automatically embedded on it. Therefore, the
explainable reason can be added by visualizing each information on the latent space
and finding the relationship. To analyze the latent space learned through the information
projector, we visualize the latent variable using the t-SNE algorithm as shown in Fig. 6
[25]. In the graph at the upper left of Fig. 6, the case of using a lot of power is distributed
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at the top left. As introduced in Sect. 4.1, when we analyze the graphs of S1, S2, and
S3 collected for each home appliance, we find that S3 is closely related to the power
demand. In the case of S2, it is analyzed that there was no significant effect.

Fig. 5. The results of MSE of models. We show the MSE results for 15 min.

Fig. 6. Visualization of latent variables extracted by information projector. It can be seen that
the higher the power demand value is predicted if the latent variable is located in the upper left.
In addition, the predicted power demand value is most affected by S3, and S2 did not have a
significant effect.
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5 Conclusion

We have addressed the necessity and difficulty of predicting the future energy consump-
tion. There are two main problems: irregular pattern of electric energy consumption and
difficulty in providing evidence for predicted demands. To solve these problems, we
have proposed a hybrid autoencoder-based model consisting of projector, predictor and
information projector. Our proposed model has the best performance compared with
the conventional models. Besides, by analyzing the latent space, we can confirm the
correlation between energy demand and several specified consumption information.

Since the behavior of consumer is irregular, it is important to predict the future
consumption based on various assumed environments. Therefore, we will forecast the
energy demand by controlling the latent space. In addition, several experiments on
different datasetwith larger scalewill be conducted. Finally,wewill construct an efficient
energy management system including the proposed prediction model.
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