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Abstract— Recently, deep learning models are utilized to 

predict the energy consumption. However, to construct the 

smart grid systems, the conventional methods have limitation on 

explanatory power or require manual analysis. To overcome it, 

in this paper, we present a novel deep learning model that can 

infer the predicted results by calculating the correlation 

between the latent variables and output as well as forecast the 

future consumption in high performance. The proposed model 

is composed of 1) a main encoder that models the past energy 

demand, 2) a sub encoder that models electric information 

except global active power as the latent variable in two 

dimensions, 3) a predictor that maps the future demand from 

the concatenation of the latent variables extracted from each 

encoder, and 4) an explainer that provides the most significant 

electric information. Several experiments on a household 

electric energy demand dataset show that the proposed model 

not only has better performance than the conventional models, 

but also provides the ability to explain the results by analyzing 

the correlation of inputs, latent variables, and energy demand 

predicted in the form of time-series. 

Keywords—energy demand prediction, explainability, time-

series modeling, deep learning 

I. INTRODUCTION 

Industrial development from which CO2 emissions and 
energy use are continually increasing causes modern 
environmental problems, e.g., global warming [1,2]. Recent 
studies reported that energy demand in building constitutes 39% 
of total consumption in U.S., and large portion of electric 
demand in 2030 is occupied by the residential energy demand 
[3,4]. In addition, it is reported that the 40~50% of energy 
consumption is constituted by the electric devices such as 
heating, ventilating, and air-conditioning system [5]. Various 
causes such as poor infrastructure, overconsumption, and 
wastage of energy contribute to the increasing energy demand 
[6].  Therefore, the smart grid which is one of the energy 
management systems for efficient use of energy have been 
studied. In particular, the energy demand prediction models 
have been developed due to its usability [7-15].  

In the case of the patterns on power consumption, there are 
three abnormal cases in general: the demand suddenly 
increases, decreases, or oscillates, as shown in Fig. 1, so that 
two conditions are required to build an effective power 
consumption predictor: 1) high performance and 2) 
explanatory prediction. 

Intuitively, with the accurate predictor is modeled, we can 
build the better energy management plan. Recently, deep 
learning models which show promising performance have 
been widely studied [9, 12-15] while the statistics or machine 
learning-based predictors were built in the past [16-24]. 

Despite its high performance, it is hard to analyze the internal 
process due to its black-box property, resulting in 
disadvantages to lack the explanation for the predicted results. 
To build the efficient consumption plan, it is required to grasp 
the significant features, such as the area where the energy is 
used or the purpose of demand, in the predicted results, and 
many researchers have studied to analyze the relationship 
between the input value 𝑥 and the predicted value �̂� [10-14]. 
Unfortunately, there are limitations in previous studies that 
explain the predicted results by manually analyzing the latent 
space in which the power demand pattern is stored or by 
considering only the primary association between 𝑥  and �̂� . 
Furthermore, although the electric energy consumption data 
are formed in time-series, most of the studies analyzed them 
in the specific time point. 

In this paper, we present a novel deep learning model, 
where the main power demand information is embedded in a 
high-dimensional space. In contrast, we separately embed the 
electric information excluding main power demand 
information in a two-dimensional space. Like the 
conventional predictor, for predicting the electric energy 
demand with the high-performance, the proposed model is 
trained to forecast power consumption based on deep learning. 
Besides, by adding an explanation module that extracts the 
most important features for predicting future demand from the 
input values, which are the past power demand values in the 
form of time-series, we overcome the limitations of the deep 
learning model with black-box properties. 

The paper is organized as follows. We present the related 
studies to forecast the energy demand and explain the 
predicted results in Section 2. In Section 3, the proposed 
method to forecast the electric energy consumption and obtain 
the most important features in predicting the future demand is 
presented. To verify the model, several experimental results 
are illustrated in Section 4. The conclusions and discussion are 
described in Section 5. 

II. RELATED WORKS 

In this section, the relevant studies to forecast the future 
power consumption are introduced. Table 1 summarizes the 
previous studies. A power demand predictor based on deep 
neural network (DNN) using power and weather information 
was proposed by Ahmad et al. [7]. However, the DNN works 
out the task considering all the features of the input data, but 
does not consider the property of time-series data. To 
overcome this limitation, a model based on recurrent neural 
network (RNN) was constructed by Lee et al. to effectively 
model power consumption data [8]. For extracting more 
various features in the energy demand data, Kim and Cho, and 



Le et al. used convolutional neural network (CNN) [25-27], 
which extracts local features well, and long short-term 
memory (LSTM) [28], one of the RNN models, respectively, 
resulting in CNN-LSTM and CNN-Bi-LSTM models [14, 15]. 
On the other hand, by using the capacity of an autoencoder to 
automatically extract the effective features [29-31], high-
performance forecasting models that predict power values in 
minutes were proposed by Li et al. and Kim and Cho [9, 12, 
13]. In the case of Zhong et al., as in previous studies, the 
feature of power demand is extracted using autoencoder, but 
demand is predicted with reinforcement learning [2]. 

As mentioned previously, the deep learning-based 
predictor guarantees high-performance, but the explanation 
about the valid reason on the results is limited due to the black-
box characteristics. In order to solve it, studies have been 
conducted to explain the predicted results by obtaining the 
most significant features in forecasting power consumption. 
Miller analyzed the influence of input features on predicted 
results by investigating the relationship between input and 
predicted values with a highly comparative time-series 
analysis (HCTSA) toolkit [10]. Grimaldo and Novak 
explained the results with the conventional machine learning 
with the fact that this approach shows relatively lower 
performance than deep learning, but can be interpreted [11]. 
Studies using the class activation map (CAM) or analyzing the 
latent space with deep learning were also conducted [12-14]. 
However, the explainable models presented in the previous 
studies have a limitation in that only primary correlation 
between input power information and prediction result is 
analyzed or a latent space in which power demand information 
is embedded must be directly analyzed.  

III. THE PROPOSED METHOD 

To overcome the limitations, we propose an explainable 
predictor by constructing an additional 2-dimensional latent 
space in which the features of the power consumption 
information is embedded as well as the primary latent space 
where the characteristics of the power demand information is 
stored. The proposed model consists of a main encoder, sub 
encoder, predictor, and explainer as illustrated in Fig. 2. 

The main encoder 𝐸𝑚𝑎𝑖𝑛 and sub encoder 𝐸𝑠𝑢𝑏  use main 
power demand information 𝑝  and sub power demand 
information 𝑎 as input, respective. In addition, they embed the 
features of input data into main power latent space 𝑍𝑚𝑎𝑖𝑛  and 
sub latent space 𝑍𝑠𝑢𝑏 , respectively. The predictor 𝑃 
concatenates the latent variables 𝑧𝑚𝑎𝑖𝑛  and 𝑧𝑠𝑢𝑏  which are 
sampled from each latent space and predicts power 
consumption. These three models are built on a recurrent 
structure that is often used for time series modeling [12-15, 19, 
23]. The explainer investigates the association between the 
input value 𝑎 in the form of time-series, the sub latent space 
𝑧𝑎 , and the predicted value �̂�  to show the most significant 
input features. As it has been reported that the method of 
separating input attributes and modeling each can be useful in 
extracting high-level features, modeling by splitting input 
features might be better [33, 34]. 

A. Predicting Electric Energy Demand 

To extract the features of the input data at the 𝑖-timestep, 
a mapping 𝑓 from the previous latent variable and the input 
value 𝒳 to the latent variable 𝒵 is formulated as in equation 
(1).  

 
Fig. 1. Examples of electric energy consumption patterns: (a) high peak, (b) low peak, and (c) oscillation. 

 

Table 1. The summary of the previous studies. DL stands for Deep Learning. 

Author Method Input DL Description 

Miller 

(2019) 
HCTSA 

Electrical meter data from 506 

non-residential buildings 
X 

Analyze the most important temporal 

features with highly comparative time-series 

analysis 

Grimaldo 

and Novak 

(2019) 

DT and kNN 
Energy demand in local 

prosumer environments 
X 

Propose a user-centered and a visual 

analytics approach for the development of a 

tool for an interactive and explainable day-

ahead forecasting 

Kim and 

Cho (2019) 

CNN-LSTM 

and CAM 
Electric energy consumption O 

Construct CNN-LSTM to forecast the 

energy demand and analyze the predicted 

results with class activation map 

Kim and 

Cho (2019) 
SAE Electric energy consumption O 

Explain the predicted result by analyzing the 

latent space of state-explainable autoencoder 

 



 𝑧𝑖 = 𝑓(𝑥𝑖 , 𝑧𝑖−1), (1) 

where 𝑧𝑖 ∈ {𝑧𝑚𝑎𝑖𝑛 , 𝑧𝑠𝑢𝑏}  is an index to distinguish main 
information and sub information, 𝑓 is the function of LSTM 
model including memory cell 𝑐𝑡, input gate 𝑖𝑡, forget gate 𝑓𝑡, 
and output gate 𝑜𝑡. Each value can be obtained as follows: 

 𝐼𝑡 = 𝜎(𝑏𝐼 + 𝑈𝐼 ∗ 𝑥𝑡 + 𝑉𝐼 ∗ 𝑧𝑡−1), (2) 

 𝑓𝑡 = 𝜎(𝑏𝑓 + 𝑈𝑓 ∗ 𝑥𝑡 + 𝑉𝑓 ∗ 𝑧𝑡−1), (3) 

 𝑜𝑡 = 𝜎(𝑏𝑜 + 𝑈𝑜 ∗ 𝑥𝑡 + 𝑉𝑜 ∗ 𝑧𝑡−1), (4) 

 𝑐𝑡 = 𝑓𝑡 ∗ 𝑐𝑡−1 + 𝐼𝑡 ∗ 𝑐�̅�, (5) 

 𝑐�̅� = 𝑡𝑎𝑛ℎ(𝑈𝑐 ∗ 𝑥𝑡 + 𝑉𝑐 ∗ 𝑧𝑡−1), (6) 

 𝑧𝑡 = 𝑜𝑡 ∗ 𝑡𝑎𝑛ℎ 𝑐𝑡, (7) 

where 𝑏 is a bias value, 𝑈 and 𝑉 are weights of the layer, 𝜎 is 
activation function, and 𝑐̅  and c are intermediary memory cell 
and memory cell, respectively. The process to define the latent 
variable in which patterns and features of input are stored is 
learned automatically as the predictor interacts with the 
encoder to predict the demand. The structure of encoder is 
shown in Fig. 3(a). We set the number of dimensions of the 
concatenated latent variable as 64 and set the number of 

dimensions of the auxiliary latent space to 2 to facilitate 
analysis on the extracted auxiliary latent variable. 

To forecast the power demand with the latent variables 
extracted from each encoder, a mapping 𝑔 from 𝑍𝑚𝑎𝑖𝑛  and 
𝑍𝑠𝑢𝑏 to the power demand value 𝒴 is formulated in equations 
(8) and (9). The initial value 𝑠1 is defined by concatenating the 
two latent variables as shown in equation (11). The 𝑖-th future 
demand and 𝑠𝑖 are calculated as follows: 

 𝑠𝑖 = 𝑔(𝑦𝑖−1, 𝑠𝑖−1)  (8) 

   = 𝜎(𝑏𝑚 + 𝑈𝑚 ∗ 𝑦𝑖−1 + 𝑉𝑚 ∗ 𝑠𝑖−1) (9) 

 𝑦𝑖 = 𝑉𝑠𝑖 + 𝑏𝑦 (10) 

 𝑠1 = 𝑧𝑡
𝑚𝑎𝑖𝑛 ⊕ 𝑧𝑡

𝑠𝑢𝑏  (11) 

where ⊕  is a concatenation operator. The structure of the 
predictor is illustrated in Fig. 3(b). 

Since the model forecasts the power consumption with 
two latent spaces, it might go through a different process with 
the existing power consumption prediction model. However, 
since the model is trained using the L2-norm-based loss 
function as shown in equation (12), it is possible to 
appropriately perform the task to predict power consumption.  

 ℒ = 𝔼(𝑥1:𝑡,𝑦1:𝑇)∼(𝒳,𝒴) [(𝑦1:𝑇 − 𝑔(𝑓(𝑥1:𝑡)))
2

] (12) 

The parameters of encoder and predictor are initialized 
with Glorot initialization [35] and updated with 
backpropagation through time algorithm and Adam optimizer 
[36, 37]. 

B. Explaining Results via Correlation 

To extract the feature that has the most influence on the 
prediction result, the latent variable that influences 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 equation (13). For a sample of size 𝑛 , 𝑛  raw 
values 𝑥𝑖, 𝑦𝑖  and 𝑟𝑠 are computed as 

 𝑟 = 𝜌𝑟𝑔𝑥,𝑟𝑔𝑦
=

𝑐𝑜𝑣(𝑟𝑔𝑥, 𝑟𝑔𝑦)

𝜎𝑟𝑔𝑥
𝜎𝑟𝑔𝑦

, (13) 

where 𝜌 denotes the usual Pearson correlation coefficient, but 

applied to the rank variables, 𝑐𝑜𝑣(𝑟𝑔𝑥 , 𝑟𝑔𝑦) is the covariance 

of the rank variables, 𝜎𝑟𝑔𝑥
 and 𝜎𝑟𝑔𝑦

 are the standard 

deviations of the rank variables. 

If the latent variable 𝑧
𝑓𝑖

𝑡
+  with a positive association with a 

certain characteristic 𝑓𝑖
𝑡  has a positive association with the 

predicted value, or if a latent variable with a negative 

 
Fig.2. The structure of the proposed model. 

 

 
Fig. 3. The structure of (a) the encoder and (b) the predictor. 

 

 

 



association with the characteristic has a negative association 
with the predicted value, then the characteristic is included in 
the set 𝑃𝑂𝑆𝑡 . 𝑡  represents t-timestep. Features that do not 
apply in both cases are included in the set 𝑁𝐸𝐺𝑡 . If the value 
of the currently extracted latent variable is 1-sigma greater 
than the mean of the distribution of all latent variables (if small, 
alternatively), then 𝑓𝑖

𝑡   is included in 𝑓𝑡,+ when 𝑓𝑖
𝑡 is in 𝑃𝑂𝑆𝑡 

and the extracted latent variable equals 𝑧𝑓
𝑡,+

 ( 𝑧𝑓
𝑡,−

, 

alternatively), or 𝑓𝑖
𝑡  is included in 𝑓𝑡,−  when 𝑓𝑖

𝑡  is in 𝑁𝐸𝐺𝑡 

and the extracted latent variable equals 𝑧𝑓
𝑡,−

 ( 𝑧𝑓
𝑡,+

, 

alternatively). For example, if the extracted latent variable is 
higher than the mean of its distribution, then the important 
feature can be obtained by confirming that it is in the set 𝑃𝑂𝑆𝑡, 

and its latent variable z𝑓
𝑡,+

 is the same to the extracted latent 

variable.  

IV. EXPERIMENTS 

A. Dataset and Experimental Settings 

To verify the proposed method, experiments are 
conducted on the household electric power demand dataset 
[38]. It consists of about 2M minutes of demand data from 
2006 to 2010. We use the data from August to November 2010 
as test data and the rest as training data. Table 2 summarizes 
the detailed specification of data. 

To evaluate the prediction performance, three evaluation 
metrics are used—mean squared error (MSE), mean absolute 
error (MAE), and mean relative error (MRE), which can be 
computed respectively as follows: 

 𝑀𝑆𝐸 =
1

𝑁
𝛴𝑖=1

𝑁 (�̂�𝑖 − 𝑦𝑖)2 (14) 

 𝑀𝐴𝐸 =
1

𝑁
𝛴𝑖=1

𝑁 |�̂�𝑖 − 𝑦𝑖| (15) 

 𝑀𝑅𝐸 =
1

𝑁
𝛴𝑖=1

𝑁
|�̂�𝑖 − 𝑦𝑖|

𝑦𝑖

 (16) 

The specification of the computer used is as follows: 
operating system is Ubuntu 16.04.2 LTS, central processing 
unit is an Intel Xeon E5-2630V3, random access memory is 
Samsung DDR4 16 GB × 4, and graphic processing unit is 
GTX Titan X D5 12 GB. 

B. Results of Energy Demand Prediction 

Fig. 4 illustrates the predicted results. The model predicts 
energy demand for 15 minutes with actual energy demand for 
60 minutes. Although the model could not predict the energy 
demand perfectly, we confirm that the energy demand pattern 
predicted well. The proposed model is compared with the 
conventional machine learning methods such as linear 
regression (LR), decision tree (DT), random forest (RF) and 
multilayer perceptron (MLP), and with deep learning models 
such as LSTM, stacked LSTM, the autoencoder proposed by 
Li, and the state-explainable autoencoder (SAE) proposed by 
Kim and Cho. The numerical results on each evaluation metric 
are shown in Table 3.  

C. Results of Explanation 

According to the algorithm described in Section 3, we 
confirm the association between the auxiliary latent space by 
using Spearman correlation and the input feature as shown in 
Table 4. It is confirmed that finding the association with the 

input feature based on the latent space is deeper than the 
existing primary association. 

The correlation between the input values (i.e., past 
consumption) and the predicted values (i.e., future demand) 
are computed and shown in Fig. 5. The relationship between 
the most recent power demand value and the predicted power 
demand value in the near future is the highest. On the contrary, 
it can be seen that the relationship between the power demand 
value in the past and the predicted power demand value in the 
farthest future is the lowest. We also analyze the correlation 
between the sub latent space in two dimension and the input 
consumption. Surprisingly, as illustrated in Fig 6., one 
dimension has a long-term dependency while the other 
dimension has a short-term dependency. 

V. CONCLUSIONS 

In this paper, the necessity and conditions of the energy 
consumption prediction model are addressed. Since many 
previous models have limitation on explanatory power, we 
present a novel deep learning-based model to additionally 
build latent space by embedding electric information 
separately. Our model not only achieves the state-of-the-art 
prediction performance, but also analyzes the relationship 
between input values and predicted values to provide a deeper 
level of explanation. In addition, we also investigate the 

Table 2. Summary of the dataset of household electric 

power demand used in the experiment. 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. 

 Average Std. Dev. Range 

Date - - 
16/12/2006 ~ 

26/11/2010  

GAP 

(kW) 
1.089 1.055 0.076 ~ 11.122 

GRP 

(kW) 
0.124 0.113 0.000 ~ 1.390 

Voltage 

(V) 
240.844 3.239 

223.200 ~ 

254.150 

GI (A) 4.618 4.435 0.200 ~ 48.400 

S1 1.117 6.139 0.000 ~ 88.000 

S2 1.289 5.794 0.000 ~ 80.000 

S3 6.453 8.436 0.000 ~ 31.000 

 

 
Fig. 4. The predicted electric energy consumption and the 

actual demand. We show the prediction results for 30 

minutes. 

 

 



association of the past consumption with the predicted 
demand and the sub latent variable. 

In the future, we will collect and use the dataset consisting 
of energy consumption from many demanders. Besides, in 
addition to electric power information, we will use additional 
information such as weather and economic conditions to 
explain the results from various perspectives. Finally, we will 
construct an explainable prediction system for energy 
consumption to achieve effective energy management. 
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Table 3. The numerical results of experiments. Our model outperforms the other models in most metrics. 

 LR DT RF MLP LSTM SLSTM Li et al. SAE Ours 

MSE 

15 m 0.3077 0.3092 0.2915 2.0992 0.2853 0.2704 0.2531 0.2113 0.2009 

30 m 0.4201 0.4125 0.3992 0.7315 0.4084 0.3964 0.3256 0.2937 0.2831 

45 m 0.4982 0.4879 0.4757 0.7462 0.4720 0.4581 0.3808 0.3450 0.3396 

60 m 0.5573 0.5457 0.5322 0.7621 0.4997 0.4945 0.4159 0.3840 0.3764 

MAE 

15 m 0.2878 0.2841 0.2758 1.0580 0.3206 0.3119 0.3191 0.2517 0.2497 

30 m 0.3657 0.3585 0.3511 0.6318 0.4232 0.4101 0.3581 0.3315 0.3172 

45 m 0.4210 0.4097 0.4033 0.6442 0.4742 0.4559 0.4120 0.3700 0.3688 

60 m 0.4626 0.4470 0.4409 0.6260 0.4946 0.4924 0.4404 0.3953 0.3911 

MRE 

15 m 0.3925 0.3910 0.3719 2.2327 0.5021 0.4886 0.5706 0.3625 0.3692 

30 m 0.5343 0.5165 0.5079 1.2325 0.7131 0.6778 0.6004 0.5399 0.4891 

45 m 0.4210 0.4097 0.4033 0.6442 0.4742 0.4559 0.4120 0.3700 0.3688 

60 m 0.7356 0.6828 0.6762 1.2161 0.8871 0.8916 0.8129 0.6478 0.6400 

 Table 4. The correlation between the auxiliary latent space and the input features. The more ‘-’, the negative correlation, 

the more ‘+’, the positive correlation. 

 M D H GAP GRP V I S1 S2 S3 

𝑧𝑎1
 -- 0 - ++ 0 - ++ + + + 

𝑧𝑎2
 0 0 +++ --- - + --- - -- - 

Y 0 0 - ++ 0 - ++ 0 0 + 

 

 
Fig. 5. The correlation between the past consumption and 

the predicted demand. x- and y-axis represent past and 

the predicted values, respectively. 

 

 
Fig. 6. The correlation between the sub latent variable 𝒛𝒔𝒖𝒃 in two dimensions and the input consumption.  
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