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ABSTRACT

Recently, deep learning models proliferate in the prediction of
power demand for efficient planning of power consumption.
However, the “black-box” characteristics of deep learning hinders from establishing a specific plan because it cannot
explain the cause of the prediction. Recently, there are several
attempts to explain the result of deep learning through the
analysis of the input attributes that influence the prediction,
but they lack of appropriate explanation because of ignoring
the time-series property of the input data. In this paper, we
propose a deep learning model to explain the impact of the
input attributes on the prediction by taking account of the
long-term and short-term properties of the time-series forecasting. The model consists of (i) two encoders to represent
the power information for prediction and explanation, (ii) a
decoder to predict the power demand from the concatenated
outputs of encoders, and (iii) an explainer to identify the most
significant attributes for predicting the energy consumption.
Kullback–Leibler divergence in the loss function induces the
long-term and short-term dependencies in latent space constructed by the second encoder. Several experiments on the
benchmark dataset of household electric energy demand
show that the proposed method explains the prediction
appropriately with the most influential input attributes in the
long-term and short-term dependencies. We can trade off the
gain of the time-series explanation of the result against a
slight degradation of the prediction performance.

Deep learning; energy
demand prediction;
explainability;
time-series modeling

Introduction

As industrialization progresses, the ever-increasing use of electricity is one
of the causes of modern environmental problems such as global warming
(Ugursal 2014; Liu et al. 2019; Schirmer, Geiger, and Mporas 2021). Both
industrial and residential electricity demand continues to increase, and
studies are being conducted that account for a large portion of the total
demand (Streimikien_e 2014; Zuo and Zhao 2014; Jahani, Cetin, and
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Figure 1. The conceptual model for smart grid.

Cho 2020). Among the various energy demanders, it is reported that the
temperature related power equipment like heating, ventilating, and air-conditioning system account for 40–50% of energy demand (Shahnazari et al.
2018). This trend of electric energy use is caused by the uncontrolled
energy waste from poor infrastructure or overconsumption (Rinkesh 2020).
To manage these problems, smart grid that is one of energy management
systems has been studied (Arnold et al. 2010; Fang et al. 2012; Greer et al.
2014). The smart grid, as shown in Figure 1, has seven domains composed
of markets, operations, service provider, bulk generation, transmission, distribution and customer. The electric energy prediction model is a crucial
part in smart grid as the anticipated benefits and requirements of smart
grid include four contents: (1) enabling predictive maintenance and selfhealing responses to system disturbances, (2) accommodating distributed
power sources, (3) automating maintenance and operation, and (4) reducing energy consumption by decreasing the need for inefficient generation
(Arnold et al. 2010).
Various predictors have been proposed with statistics or machine learning (Dong, Cao, and Lee 2005; Gonzalez and Zamarreno 2005; M€
unz, Li,
and Carle 2007; Ekici and Aksoy 2009; Li, Ren, and Meng 2010; Ma et al.
2010; Xuemei et al. 2010; Kandananond 2011; De Cauwer, Van Mierlo, and
Coosemans 2015). Recently, deep learning-based models show the promising performance, and many researchers actively investigate to model the
complex patterns of energy demand depicted in Figure 2 (Li et al. 2017;
Kim and Cho 2019a, 2020a; Le et al. 2019). However, they lack of the capacity to explain the prediction results for efficient energy use plan due to
the black-box characteristics of deep learning models.
To provide the explanation for the prediction results, several methods
investigate the relationship between the input x and the prediction ^y to
provide the most influential input attributes (Ribeiro, Singh, and Guestrin
2016; Lundberg and Lee 2017; Grimaldo and Novak 2019; Miller 2019;
Kim and Cho 2019a; 2019b; Smith, Mansilla, and Goulding 2020).
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Figure 2. The examples of (a) peak, (b) drop, and (c) oscillation patterns of electric
energy demand.

However, they have the limitation to explain the prediction result only
with the static characteristics of input, which has inherent deficiency for
the time-series forecasting.
In this paper, we propose an explainable deep learning model for timeseries prediction that accounts for the prediction result as well as predicts
the energy consumption. The model is composed of four parts: an encoder
for prediction, an encoder for explanation, a decoder for prediction, and an
explainer. As the Kullback–Leibler divergence narrows the bottleneck of
representation (Higgins et al. 2016; Burgess et al. 2018), we disentangle the
time information by adding this measure to the latent space to explain the
prediction result according to the time-series property. The explainer identifies the input attribute to the prediction result with respect to the longterm and short-term perspective for each dimension. The main contributions of this paper are as follows:



We propose a sophisticated method of integrating several deep learning
models to explain the cause of output for predicting the power demand.
We devise a novel method to construct a latent space for explanation
with the long-term and short-term dependencies of the time-series data.
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Table 1. The summary of the previous work.
Author
Ribeiro, Singh, and
Guestrin (2016)
Ahmad, Mourshed,
and
Rezgui (2017)
Lee, Kang, and
Shin (2017)

LIME

Method

XAI
O

DL
X

DNN

X

O

RNN

X

O

Li et al. (2017)

Autoencoder

X

O

Le et al. (2019)

CNN and Bi-LSTM

X

O

Liu et al. (2019)

Reinforcement
learning

X

O

Miller (2019)

HCTSA

O

X

Grimaldo and
Novak (2019)

DT and kNN

O

X

Kim and
Cho (2019b)

CAM

O

O

Kim and
Cho (2019a)

SAE

O

O

Smith, Mansilla, and
Goulding (2020)

MCR

O

X

Description
Propose a local model-agnostic
explanation model
Predict energy consumption by using
climate, date, and building usage
rate information
Propose a pro-environmental
consumption index using big data
queries to measure the
environmental consumption level
for each country
Extract the building energy
consumption and predict future
energy consumption
Improve the CNN-LSTM with Bi-LSTM
model to more accurately predict
energy consumption
Extract the feature via autoencoder
and predict consumption with deep
reinforcement learning
Analyze the most important temporal
features with highly comparative
time-series analysis
Propose a user-centered and visual
analytics approach for the
development of a tool for an
interactive and explainable dayahead forecasting
Construct CNN-LSTM to forecast the
energy demand and analyze the
predicted results with class
activation map
Explain the predicted result by
analyzing the latent space of stateexplainable autoencoder
Propose a model class reliance model

XAI stands for eXplainable Artificial Intelligence, and DL for Deep Learning.



We verify the proposed method with a real dataset of predicting residential energy demand, confirming the explanation capacity as well as
the prediction accuracy.

The paper is organized as follows. We first review the relevant studies to
predict the future energy demand and explain the prediction results in the
next section. In the following section, we propose a method to forecast the
electric energy consumption and draw the most influential attributes for
predicting the future demand. Several experimental results follow to verify
the proposed model. The conclusions and discussion are mentioned in the
last section.
Related Work

Table 1 summarizes the two kinds of related studies: deep learning-based
predictor and explanatory models. Ahmad et al. proposed a power
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consumption predictor based on deep neural network (DNN) using power
and weather information, which considers all input features and does not
have the process to model the time-series property (Ahmad, Mourshed,
and Rezgui 2017). For this reason, Lee et al. constructed a model based on
recurrent neural network (RNN) to deal with time-series data (Lee, Kang,
and Shin 2017). Kim and Cho, and Le et al. combined convolutional neural
network (CNN) to extract local features (LeCun et al. 1999; Zeiler et al.
2010; Iandola et al. 2014) and long short-term memory (LSTM) with RNN
structure (Hochreiter and Schmidhuber 1997), and proposed CNN-LSTM
and CNN-Bi-LSTM models, respectively (Le et al. 2019; Kim and Cho
2019b). Based on the autoencoder’s ability to extract the features in
unsupervised way (Kramer 1991; Kim, Bu, and Cho 2018; Kim and Cho
2020a, Kim and Cho 2020b, Kim and Cho 2021), Li et al. and Kim and
Cho proposed high-resolution forecasting models that predict demand in
minutes to help develop a more specific plan (Li et al. 2017; Kim and Cho
2019a). In the case of Zhong et al., as in the previous studies, the feature of
power demand is extracted using autoencoder based on reinforcement
learning (Liu et al. 2019).
As mentioned previously, the deep learning-based model yields high performance, but lacks the explanation on the results. In order to work out
this problem, various methods to explain the results by providing the most
significant attributes in predicting future power demand have been studied.
Ribeiro et al. used an explainable machine learning model similar to the
black-box model within the local range (Ribeiro, Singh, and Guestrin
2016). In Miller’s study, the influence of input features on prediction
results was obtained by analyzing the association between input and predicted values using a highly comparative time-series analysis (HCTSA)
toolkit (Miller 2019). Grimaldo and Novak explained the results based on
conventional machine learning models such as k-nearest neighbor (kNN)
and decision tree (DT), which produce relatively lower performance, but
are interpretable (Grimaldo and Novak 2019). Studies using the class activation map (CAM) or analyzing the latent space with deep learning were
also conducted (Kim and Cho 2019a, 2019b). Smith et al. analyzed the
impact of input variables by comparing the scores when certain features
are excluded (Smith, Mansilla, and Goulding 2020). The explainable models
presented in the previous studies have a limitation in that only primary
correlation between input power information and prediction result is considered or a latent space in which power demand information is embedded
must be directly analyzed. Besides, they just provided the most important
attributes without considering the characteristics of time-series data. In this
paper, we propose an explainable model that accounts for the prediction
results through an automated process of analyzing latent variables.
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Figure 3. The overall architecture of the proposed model.

The Proposed Method
Overview

Figure 3 shows the overall process of the proposed method. The model is
composed of four parts: encoder for prediction Ep , encoder for explainer
Ee , decoder for prediction Dp and explainer EX: The first encoder embeds
all electric features into latent variable zp and decoder predicts the future
consumption with it. The second encoder maps from all information without the main power demand to latent variable ze in two-dimensional space
and disentangles the temporal information in different dimensions in the
long-term and short-term perspective, respectively. Explainer provides the
most significant attributes by using the disentangled information.
Forecasting Electric Energy Demand



To extract the features of the input at the i-timestep, a mapping f 2 fp , fe
from the input value X , where fp and fe are functions for encoders Ep and
Ee , respectively, to the latent variable Z is formulated as in Eq. (1).
zi ¼ f ðxi , zi1 Þ,

(1)

where zi 2 fzp , ze g and f is the function of LSTM model including memory cell ct , input cell it , forget cell ft , and output cell ot : Figure 4(a) shows
the structure of encoder.
To forecast the power demand with the latent variables extracted from
each encoder, a mapping g from Zp and Ze to the power demand value Y
is formulated in Eqs. (2) and (3). The initial value m1 is defined by concatenating the two latent variables as shown in Eq. (5). The i th future
demand and mi are calculated as follows:
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Figure 4. The architecture of (a) the encoders Ep , Ee and (b) the predictor.

mi ¼ g ðyi1 , mi1 Þ


¼ r bm þ U m yi1 þ V m mi1

(2)
(3)

yi ¼ Vmi þ by

(4)

m1 ¼ ztp 丣zte

(5)

where 丣 is a concatenation operator. Figure 4(b) illustrates the structure of
the predictor.
Since the model forecasts the power consumption with two latent spaces,
it might go through the different process with the existing model of predicting power consumption. However, since the model is trained using the
loss function based on L2-norm as shown in Eq. (6), it is possible to appropriately perform the task to predict power consumption.
h

2 i
(6)
Lp ¼ Eðx1:t , y1:T ÞðX , YÞ y1:T  g f ðx1:t Þ
The parameters of encoder and predictor are initialized with Glorot initialization (Glorot and Bengio 2010) and updated with backpropagation
through time and Adam optimizer (Hochreiter et al. 2001; Kingma and
Ba 2014).
Explanation on Prediction Results

To construct an explainer that considers time information, we use the
Kullback–Leibler divergence to disentangle the information by dimension
by narrowing the bottleneck. The latent space in which the latent variable
ze exists is trained based on the loss function as shown in Eq. (7) and disentangled time information.
h 
i

jj
N ð0 IÞ
Le ¼ DKL N l R
(7)
where lze , Rze are the mean and variance of ze : The total objective function is described in Eq. (8).
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Figure 5. The whole process of the explanation. Explainer provides the relevance of input features on prediction results using time-disentangled latent variables and correlation degrees.

L ¼ Lp þ bLe

(8)

where b represents the hyperparameter to balance the two loss functions.
Explainer exploits the latent variables ze 1 and ze 2 to consider the most
important input features in the long-term and short-term perspectives.
Without loss of generality, let ze1 take charge of the short-term information
and ze2 do the long-term information. To extract the feature that is the
most influential to the prediction result, the latent variable that affects the
most on each feature for each t-timestep is first extracted. To find the most
significant feature, we use the Spearman correlation as shown in Eq. (9).
For a sample of size n, n raw values xi , yi and rs are computed as
r ¼ qrgx , rgy ¼

covðrgx , rgy Þ
rrgx rrgy

,

(9)

where q denotes the usual Pearson correlation coefficient, but applied to
the rank variables, covðrgx , rgy Þ is the covariance of the rank variables, rrgx
and rrgy are the standard deviations of the rank variables. First, we analyze
the relationship and distribution of latent variables with input variables in
the learned latent space. Based on the correlation and disentangled information, we construct several rules, e.g., if ze1 and ze2 are higher than the
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average of the distribution and are related to the kitchen and air conditioner, respectively, then the electric power use in the kitchen in the short
term and the power use in the air conditioner in the long term had an
influence on the prediction results. Figure 5 shows the whole process of the
explanation.
Experiments
Dataset and Experimental Settings

To verify the proposed method, several experiments are conducted on the
dataset of household electric power demand (Du and Karra 2020), which
consists of about 2 M minutes of consumption data from 2006 to 2010. We
use the data from August to November in 2010 as test data and the rest as
training data. Table 2 summarizes the attributes and statistical values
of data.
To examine the performance of the predictor, we use three evaluation
metrics—the mean squared error (MSE), the mean absolute error (MAE),
and the mean relative error (MRE), which can be calculated respectively as
follows:
2
1 N 
R ^y i  yi
N i¼1

1 N
MAE ¼ R ^y i  yi 
N i¼1 

1 N ^y i  yi 
MRE ¼ R
N i¼1 yi

MSE ¼

(10)
(11)
(12)

Results of Energy Consumption Forecasting

We show the results of predicting the drop pattern, increasing pattern,
peak pattern, and increasing after decreasing pattern in Figure 6(a)–(d),
respectively. The proposed model is compared with the conventional
machine learning models such as linear regression (LR), decision tree (DT),
and random forest (RF), and with deep learning models such as LSTM,
stacked LSTM, the autoencoder proposed by Li, the state-explainable
autoencoder (SAE) and the hybrid autoencoder (HAE) proposed by Kim
and Cho. Table 3 shows the numerical results on each evaluation metric.
Results of Explanation

To verify that Kullback–Leibler divergence disentangles the latent space by
dimension according to time information as intended, we extract the
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Table 2. Summary of the dataset of household electric power demand used in
the experiment.
Date
GAP (kW)
GRP (kW)
Voltage (V)
GI (A)
S1
S2
S3

Average
–
1.089
0.124
240.844
4.618
1.117
1.289
6.453

Std. Dev.
–
1.055
0.113
3.239
4.435
6.139
5.794
8.436

Range
16/12/2006–26/11/2010
0.076–11.122
0.000–1.390
223.200–254.150
0.200–48.400
0.000–88.000
0.000–80.000
0.000–31.000

Types
Integer
Real
Real
Real
Real
Real
Real
Real

GAP is global active power, GRP is global reactive power, GI is global intensity, and S1, S2, and S3 are sub
metering 1, 2, and 3, respectively.

Figure 6. The predicted electric energy consumption and the actual demand for the patterns
of (a) drop, (b) increasing, (c) peak, and (d) increasing after decreasing.

correlation between the past power demand values inputted and the latent
variable ze : As shown in Figure 7, ze1 and ze2 are related with short-term
and long-term input, respectively. However, the correlation between input
and output shows that only short-term input affects the output as illustrated in Figure 7(a). We also analyze the association between the latent
variable and input features, as shown in Figure 8 and Table 4. According
to these analyses, we construct a ruleset shown in Table 5 in consideration
of the temporal nature of the latent variable and the connection with the
input variable.
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Table 3. The numerical results of experiments.
LR

DT

RF

LSTM
SLSTM
15 minutes

Li et al.

SAE

HAE

Ours

MSE
MAE
MRE

0.3077
0.2878
0.3925

0.3092
0.2841
0.3910

0.2915
0.2758
0.3719

0.2853
0.3206
0.5021

0.2531
0.3191
0.5706

0.2113
0.2517
0.3625

0.2009
0.2497
0.3692

0.1996
0.2470
0.3796

MSE
MAE
MRE

0.4201
0.3657
0.5343

0.4125
0.3585
0.5165

0.3992
0.3511
0.5079

0.4084
0.4232
0.7131

0.3256
0.3581
0.6004

0.2937
0.3315
0.5399

0.2831
0.3172
0.4891

0.2900
0.3482
0.6314

MSE
MAE
MRE

0.4982
0.4210
0.6462

0.4879
0.4097
0.6077

0.4757
0.4033
0.6012

0.4720
0.4742
0.8274

0.3808
0.4120
0.7441

0.3450
0.3700
0.6612

0.3396
0.3688
0.6183

0.3519
0.3968
0.7136

MSE
MAE
MRE

0.5573
0.4626
0.7356

0.5457
0.4470
0.6828

0.5322
0.4409
0.6762

0.4997
0.4946
0.8871

0.4159
0.4404
0.8129

0.3840
0.3953
0.6478

0.3764
0.3911
0.6400

0.3871
0.4148
0.7412

0.2704
0.3119
0.4886

30 minutes
0.3964
0.4101
0.6778

45 minutes
0.4581
0.4559
0.7668

60 minutes
0.4945
0.4924
0.8916

Our model outperforms the other models in most metrics.

Figure 7. The visualization of correlation between (a) input and output, (b, c) temporal features
of input and latent variables.
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Figure 8. The correlation between latent variables z e1 , z e2 and input attributes.
Table 4. The correlation between the latent variables z e1 , z e2 and the input features.
ze1
ze2

M

D

H

GAP

GRP

V

I

S1

S2

S3

þ


0





þþþ


0


þþ


þþþ


þþ





þþþ


The more “”, the more negative correlation; the more “þ”, the more positive correlation.

Table 5. The constructed ruleset. r represents the standard variation of each latent variable
Condition
ze1
j zj < r
j zj < r
j zj < r
r < jzj < 2r
r < jzj < 2r
r < jzj < 2r
2r < jzj
2r < jzj
2r < jzj

ze2
jzj < r
r < jzj < 2r
2r < jzj
jzj < r
r < jzj < 2r
2r < jzj
jzj < r
r < jzj < 2r
2r < jzj

Affection of attributes
GAP
(þ,)
(þ, )
(þ, )
(þþþ,)
(þþþ, )
(þþþ, )
(þþþ,)
(þþþ, )
(þþþ, )

GRP
(0, 0)
(0,)
(0,)
(0, 0)
(0,)
(0,)
(0, 0)
(0,)
(0,)

V
(0, 0)
(0,)
(0,)
(þþ, 0)
(þþ,)
(þþ,)
(þþ, 0)
(þþ,)
(þþ,)

I
(þ, )
(þ,)
(þ,)
(þþþ,)
(þþþ,)
(þþþ,)
(þþþ, )
(þþþ,)
(þþþ,)

S1
(0, 0)
(0,)
(0,)
(þþ, 0)
(þþ,)
(þþ,)
(þþ, 0)
(þþ,)
(þþ,)

S2
(0, 0)
(0,)
(0,)
(0, 0)
(0,)
(0,)
(, 0)
(,)
(,)

S3
(þ,)
(þ,)
(þ,)
(þþþ,)
(þþþ,)
(þþþ,)
(þþþ,)
(þþþ,)
(þþþ,)

In ðA, BÞ, A and B are correlations between z e1 , z e2 and input features, respectively.

Figure 9 describes an example of explanation process. The influential features on the predicted result are explained by analyzing the point where
the z values extracted in the process of predicting the power demand are
located on the distribution of the latent space. In the example depicted in
Figure 9, the input values in the long-term do not have a significant effect
on the prediction result, as ze1 is outside 2-sigma and ze2 is within 1-sigma.
On the contrary, input features in the short-term, especially “S3” has a significant effect.
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Figure 9. An example of explanation process. The latent variables z e1 , ze2 are extracted from
the input values with encoder. Based on the distribution of latent variables, long-term and
short-term affection of attributes are provided.

Conclusions

In this paper, we address the necessity and requirements of the energy consumption prediction model. The previous explainable model did not consider the temporal information so that it is not proper for electric energy
demand data which come up with time series. Considering the long-term
and short-term impact of the input power demand-related features on the
predicted results is useful for power demand planning. We propose an
explainable predictor by considering the long-term and short-term properties of the power demand data. We utilize the property of Kullback–Leibler
divergence and construct the temporally disentangled latent space. The proposed model not only provides an explanation for the prediction results,
but also has a performance close to the state-of-the-art methods.
In the future, we will use larger data than household electric energy
demand data to add explanations for not only time but also spatial characteristics. In addition, we attempt to explain the causes of various aspects of
the prediction result by using weather information such as temperature and
humidity in addition to the power demand information.
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