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Abstract
Nowadays the ever-increasing energy consumption in buildings has caused supply shortages and adverse environmental

impacts. The accurate prediction of energy consumption in smart buildings may help to monitor and control energy usage.

As energy consumption is inevitably affected by exogenous factors such as temperature and wind speed, it is fundamentally

important to select the informative channels of the factors, to extract the valuable features from the selected channels

applied to the optimal-configured model, to improve prediction accuracy. However, existing work considers these parts in

an almost disjoint way and lacks a model taking them into account, which may decrease prediction performance. Motivated

by this challenge, an end-to-end prediction framework, called evolutionary model construction (EMC), is proposed to focus

on performing these parts jointly. To implement EMC, a two-step evolutionary algorithm (EA) is designed, where one EA

is firstly used to focus on exploiting the informative channels, while a new algorithm is proposed to concentrate on

selecting the suitable feature extraction methods and respective time window sizes applied to the selected channels, and

selecting the parameters in the predictor. The implementation of EMC chooses neural network with random weights as the

predictor due to its highly recognized efficacy. We evaluate EMC in comparison with the existing approaches on a real-

world electricity consumption dataset with various auxiliary factors. The superiority of EMC is further proved by analyzing

and discussing the result according to the days in 1 week, time stamps in 1 day and month information on test samples.

Keywords Channel selection � Feature extraction � Prediction � Neural network with random weights � Evolutionary
algorithm

1 Introduction

In smart buildings, heating, ventilating, air conditioning

(HVAC) and lighting systems use approximately 50–60%

energy to maintain thermal and visual comfort for occu-

pants [1–3]. Energy consumption prediction plays a

significant role in helping decision-makers to know the

future trend of energy consumption to better schedule and

plan the operations of the supply system [4, 5]. However,

energy consumption is inevitably affected by various

auxiliary factors, such as environmental information [6, 7]

and socioeconomic factors [8]. In addition to that, it is also

important to extract the valuable features [9] embedded in

the factors (i.e., multivariate time series, MTS) fed into the

task-oriented optimal-configured prediction model to

improve the accuracy. For an effective MTS prediction

model whose pipeline is input data ! end-to-end predic-

tion ! result ŷ (shown as Fig. 1), ‘‘end-to-end prediction’’

is the key operation composed of channel selection, feature

extraction and prediction, where fx1; x2; . . .; x4g represent

the auxiliary time series (i.e., exogenous factors) in addi-

tion to the historical energy data y that is the prediction

target. Channel selection which focuses on selecting the

informative channels (i.e., each channel represents one
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time series) can significantly improve the prediction

accuracy by filtering the noisy data. Feature extraction

concentrates on constructing the influential features fed

into the predictor [9]. Prediction works on model config-

uration for a specific prediction task, such as parameter

tuning [7, 10, 11] and architecture optimization [12].

Therefore, to build an accurate and robust model for

electricity consumption prediction with auxiliary factors,

the importance is to obtain the optimal solution for ‘‘end-

to-end prediction’’ part in Fig. 1.

To construct an effective end-to-end energy prediction

framework, the challenge arising from channel selection,

feature extraction and prediction is how to perform them

together and dynamically fine-tune the rest when one of

them is changed. However, the selection among these

operations having huge combination possibilities will lead

to an NP-hard problem, which is non-differentiable and

fundamentally difficult to be mathematically formulated,

and accordingly it is impossible to be solved with gradient

descent.

Some existing works have solved a part of these aspects

mentioned above. Feature selection techniques have been

studied for channel selection to obtain the optimal subset of

auxiliary factors for the best energy consumption predic-

tion performance [7, 13, 14]. Feature extraction methods

such as the discrete wavelet transform (DWT) [15], the

principal component analysis (PCA) [16] and others

[17–19] have been applied to energy consumption predic-

tion. The parameters in the formulated model are optimized

via an evolutionary algorithm (EA) to seek the best pre-

diction performance [7]. However, there is no existing

work that has addressed all these aspects together. EAs as

efficient metaheuristic stochastic search techniques

[20, 21], which are highly competent to solve complex

combinatorial optimization problems having the mixed

types of decision variables, e.g., continuous and discrete,

may provide an effective way to solve this complex opti-

mization problem, such as particle swarm optimization

(PSO) [22] and differential evolution (DE) [23].

We proposed an end-to-end prediction framework,

called evolutionary model construction (EMC), to address

electricity consumption prediction problem with various

auxiliary factors (i.e., environmental factors and electric-

ity-related factors). The implementation of EMC chooses

two types of neural network with random weights (NNRW)

[24], i.e., extreme learning machine (ELM) [14, 25–27] and

random vector functional link (RVFL) [28], as the pre-

dictors due to the super-fast computational ability and

highly recognized effectiveness. The main contributions

are summarized as follows:

• The proposed EMC mainly focuses on solving the

prediction problem composed of channel selection,

feature extraction and prediction. Channel selection

works on obtaining the optimal subset of channels of

auxiliary factors, and following it feature extraction

concentrates on selecting the optimal subset of feature

extraction techniques and respective time window sizes

applied to the selected channels. The constructed

features are fed into the optimal-configured model via

prediction for the best prediction performance.

• Considering the dominant role that channel selection

plays and to decrease the search space and improve the

search efficiency, a two-step EA is designed for the

implementation of EMC. A binary PSO is used for the

first step to perform channel selection, while discrete

dynamic multi-swarm PSO (DDMS-PSO) [14] with

elite-crossover is proposed to focus on feature extrac-

tion and prediction.

The proposed EMC is verified in comparison with the

existing methods, such as a multilayer perceptron (MLP),

ELM, support vector regression (SVR) [10], a hierarchical

ELM (HELM) [29], gated recurrent units (GRUs) [30] and

long short-term memory (LSTM) [31], and several hybrid

models which have been successfully applied to energy

consumption prediction with auxiliary factors. The exper-

imental result demonstrated that EMC has the better

effectiveness and generalization ability for this prediction

task across different evaluation criteria. By analyzing and

discussing the result from the days in 1 week, time stamps

in 1 day and month information, the superiority of EMC is

further proved.

The reminder of this paper is organized as follows: The

background related to electricity consumption prediction

^
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Fig. 1 Illustration of the process

of multivariate time series

prediction
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and the techniques related to the proposed work are pre-

sented in Sect. 2; Sect. 3 describes the framework of the

proposed EMC and its implementation; data description,

experimental setup and results are reported in Sect. 4, and

conclusions and future work are outlined in Sect. 5.

2 Background

The background for channel selection, feature extraction

and predictor configuration is presented. Subsequently, the

basic knowledge such as PSO, ELM and RVFL is detailed.

2.1 Electricity consumption prediction

Electricity consumption prediction plays a key role in the

monitoring and controlling energy usage with the aim to

save energy. However, it is a non-trivial task because the

electricity consumption can be influenced by various fac-

tors, and valuable features extracted from the formative

factors and a task-orientated model configuration. Con-

structing an efficient and effective end-to-end prediction

model by considering these aspects plays a significant role

in improving prediction accuracy.

2.1.1 Channel selection

Various factors, such as environmental information [6, 32],

socioeconomic factors [8] and operation of appliances

[33, 34], have been examined in the previous study for

improving accuracy. Some of them are not relevant,

causing noise or degradation of the prediction accuracy.

Traditional techniques used for channel selection (i.e.,

feature selection) include filter and wrapper methods [35].

The previous mainly focuses on choosing the subset of

features based on the evaluation criterion such as mutual

information (MI) [36–39], correlation analysis [37, 40] and

conditional mutual information [41], while the latter uses

the performance of the prediction model as the evaluation

criterion to identify the influential features.

An efficient MI is combined with iterative NN (INN) to

perform hourly electricity load prediction with only his-

torical data [36]. The performance of autocorrelation, MI,

RReliefF and correlation-based used for exploring the

relationship between the selected lag variables and target is

studied by Koprinska et al. [37]. Markov-order analysis is

used to explore the dependencies between the target

response and the past observations along with environ-

mental factors and time information by Edwards et al. [6].

Random forest is utilized to evaluate the permutation

importance and node impurity to select useful variables in

[42], where three different kinds of features are considered,

such as environmental factors (i.e., outdoor dry-bulb

temperature, outdoor relative humidity, rain indicator, wind

indicator), time indicator (i.e., day indicator and interval

stamp) and operational condition (i.e., HVAC operation

schedule). The environmental factors, such as temperature,

humidity, light and wind speed inside and outside green-

house, are applied in [7], where PSO and GA are used to

optimize them.

2.1.2 Feature extraction

Valuable features in electricity consumption prediction

include raw data, statistical features, features from fre-

quency domain and others. Features from raw data always

involve the previous limited time stamps or the stamps

which have relationship with the predicted targets

[9, 36, 37, 43], and the only parameter is the time window

size. Statistical features which can focus on both local and

global feature representation include mean, maximum,

minimum and standard deviation [17]. When using statis-

tical features, parameters like time window size and the

number of subsegments within a time window should be

defined to explore the features. For example, to predict next

hour electricity usage with time window size T ¼ 24, the

statistical features can be extracted by segmenting the

sequence into four parts and then mean, maximum, mini-

mum and standard deviation are summarized from each

part, i.e., 0:00 am–6:00 am, 6:00 am–12:00 pm,

12:00 pm–18:00 pm and 18:00 pm–24:00 am. The

sequence can be split into different segments, representing

different features. Features from frequency-domain tech-

niques such as DWT [15, 44] and PCA [16, 45] need to

define the parameters in the respective approaches, such as

the number of decomposition levels in DWT and how

many components there are in PCA.

Features related to the predicted targets are extracted in

[37] with only historical load data, while the previous

limited time stamps from historical electricity data and

various factors are used as features to boost the perfor-

mance in [14], both of which consider the time window

sizes. Statistical features are performed by summarizing the

statistical trends in different time periods, which have been

successfully applied to daily energy consumption profiles

[17] by capturing their local features. DWT as a prevalent

multi-resolution method has been used in [15, 46, 47]

because DWT does not only have the ability to extract the

rising trend and periodic waves, but it can also distinguish

stochastic behavior [15]. Features such as outdoor dry-bulb

temperature, solar radiation, humidity ratio and wind speed

are analyzed with PCA using four components in order to

decrease the dataset dimension [16]. By refining the prin-

cipal component, the first two components are used to

represent the original environmental factors as they

account for more than 80% of the contribution.
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2.1.3 Predictor configuration

Various techniques have been proposed to solve these

problems, such as autoregressive integrated moving aver-

age (ARIMA) [48], linear regression (LR), artificial models

like artificial neural network (ANN) [49] and SVM [50]

and deep learning models such as LSTM [31, 51] and

GRUs [30]. Moreover, many hybrid prediction models

have been developed to take the advantage of the single

models [23]. Recently, NNRW [24], such as ELM [14] and

RVFL [28], have attracted more attention to address time

series prediction problems. For almost all predictors, model

configuration is crucial for obtaining good performance. In

this case, tuning parameters play a significant role in a

specific prediction task.

Various hidden neuron settings in ANN are enumerated

for achieving the best prediction performance in [42]. Ren

et al. [28] discuss the connection between input layer and

output layer and respective bias in RVFL to maximize the

prediction accuracy. A grid search is applied to [50] for

optimizing the parameters (i.e., �, C and r ) in �-SVR. In

[16], PSO is used for optimizing the weights and bias in

ANN. Wang et al. [23] use an adaptive differential evo-

lution (ADE) to optimize the weights and biases in MLP.

When the terminal condition in ADE arrives, the optimized

weights and biases are regarded as the initial parameters to

be further optimized by Levenberg–Marquardt (LM) to

search for the optimal connection weights and biases for

better prediction performance exploration. Ruiz et al. [12]

propose a GA to optimize the weight of elman NN (ENN)

for obtaining the best performance of energy forecasting.

EAs have been successfully applied to channel selection

(i.e., binary) [52] and parameter settings in the predictor for

obtaining the best prediction performance. For example,

GA [45], PSO and [53, 54] have been used successfully for

input selection. DE [23] and PSO [14] have been used for

the optimal ANN and ELM model configuration in elec-

tricity consumption prediction.

2.2 Research gaps

The existing work for electricity consumption prediction is

not limited as mentioned. There are still several gaps for

the existing work. Different time series may require dif-

ferent feature extraction techniques and time windows

because they perform variably on their time trends. For

each selected channel, allocating the suitable feature

extraction technique and time window is of vital impor-

tance for improving accuracy. When different feature

extraction techniques and time windows are chosen, the

length of the inputs (i.e., features) obtained from all

selected channels fed into the predictor differs, and

accordingly, it is difficult to predefine the architecture of

the predictor for a specific prediction task. Considering

these aspects in parallel, the computation burden increases

exponentially with enumeration and none of the existing

work addresses all of these aspects as a whole. EMC is

proposed as a promising framework to solve this problem

by considering multiple feature extraction techniques such

as DWT, PCA, statistical methods and piecewise linear

approximation (PLA) [55] with their intra-parameter

settings.

2.3 Techniques related to the proposed work

2.3.1 Particle swarm optimization

PSO is inspired by social behavior of bird flocking or fish

schooling, proposed by Kenndy and Eberhart [56]. In PSO,

each single solution in the search space is called a ‘‘parti-

cle.’’ All particles have fitness values evaluated by the

function to be optimized. Each particle’s velocity is

adjusted according to its personal best and the best position

achieved so far by the whole population. Assuming in a d

dimensional search space, ps is the population size, and the

ith particle in the search space is pi ¼ ðp1i ; p2i ; . . .; pdi Þ
T
,

which represents a potential solution of the problem. Its

personal best position is pbesti ¼ ðpbest1i ; pbest2i ; . . .;
pbestdi Þ

T
. The velocity of the ith particle is

vi ¼ ðv1i ; v2i ; . . .; vdi Þ. The whole population’s best position

is gbest ¼ ðgbest1; gbest2; . . .; gbestdÞT. The update of

velocity and position is as follows:

viðt þ 1Þ ¼ iwt � viðtÞ þ c1 � r1 � ðpbestiðtÞ � piðtÞÞ
þ c2 � r2 � ðgbestðtÞ � piðtÞÞ

piðt þ 1Þ ¼ piðtÞ þ viðt þ 1Þ
ð1Þ

where i ¼ 1; 2; . . .; ps; viðtÞ is the velocity of the ith par-

ticle in tth generation; iwt is an inertia weight which plays a

significant role in balancing the global and local search

ability; c1 and c2 are acceleration factors used to represent

the weighting of stochastic acceleration terms that pull

each particle toward pbest and gbest.

2.3.2 Extreme learning machine

ELM, proposed by Huang et al. [11], mainly focuses on

solving the drawbacks caused by gradient descent based

algorithms. ELM is based on single-hidden layer feedfor-

ward NN (SLFN) architecture and includes three different

layers: input layer, hidden layer and output layer, shown in

Fig. 2a. The hidden bias and the weights for connecting the

input layer and hidden layer are generated randomly and

maintained through the whole training process.
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Given dataset ðxi; yiÞ with a set of M distinct samples,

satisfied xi 2 Rd1 and yi 2 Rd2 , a SLFN with N hidden

neurons can be mathematically formulated as:

XN

i¼1

bif wT
i xj þ bi

� �
; 1� j�M ð2Þ

where f is the activation function; wi represents the weights

for connecting input layer and hidden layer; bi is bias, and

bi is the output weight.

In ELM, the structure perfectly approximates to the

given output data:

XN

i¼1

bif wT
i xj þ bi

� �
¼ yj; 1� j�M ð3Þ

which can be written as HB ¼ Y, and the matrix H can be

represented as:

H ¼
f wT

1x1 þ b1
� �

� � � f wT
Nx1 þ bN

� �

� � � � � � � � �
f wT

1xM þ b1
� �

� � � f wT
NxM þ bN

� �

0

B@

1

CA

ð4Þ

B ¼ ðbT1 ; bT2 ; . . .; bTNÞ
T
and Y ¼ ðyT1 ; yT2 ; . . .; yTMÞ

T
.

The output weight B is calculated by B ¼ HþY, and Hþ

is a Moore–Penrose generalized inverse of H [57]. Theo-

retical proofs and a more thorough presentation of ELM are

detailed in [11].

2.3.3 Random vector functional link neural network

RVFL was proposed by Pao and Takefuji [58]. As illus-

trated in Fig. 2b, the weights wi from the input to the

enhancement nodes are randomly generated like ELM, and

therefore, the output of the ith enhancement node (the

number of nodes is N) is f ðwT
i xj þ biÞ; 1� j�N; 1� j�M.

Similar to ELM, the structure can approximate to the given

output data:

XN

i¼1

bif wT
i xj þ bi

� �
þ

XNþd1

i¼Nþ1

bixi�N ¼ yj; 1� j�M ð5Þ

The weights B ¼ ðbT1 ; bT2 ; . . .; bTN ; bTNþ1; . . .; b
T
Nþd1

ÞT do not

only include the connection between enhancement nodes

and output layer, but include the connection between input

layer and output layer (Fig. 2b). With d1 and N nodes from

the original and enhancement nodes, respectively, there are

N þ d1 weights (i.e., bi; i ¼ 1; . . .;N þ d1 values), to be

determined. The weights can be achieved by B ¼ HþY (H

is the matrix version of the features of all samples from

enhancement nodes and input layer) in the similar way with

ELM, improving the training efficiency significantly.

The only task for a specific application using ELM or

RVFL is to select a suitable activation function and set the

number of hidden neurons. Compared with the models

using gradient descent, they avoid learning rates, stop cri-

teria and local optima [59], all of which make them easier

to be applied to regression [14, 28, 60, 61] or classification

[62] problems.

3 Evolutionary model construction
for multivariate time series prediction

Prediction pipeline definition is presented firstly to provide

the overarching view on what EMC is particularly designed

and tailored for. Subsequently, prediction model formula-

tion, evolutionary model building and the implementation

of EMC are outlined in detail.

3.1 Prediction pipeline definition

Let D be the multivariate time series (MTS) with length L

and D ¼ fx1; x2; . . .; xdc ; yg;D 2 RL�ðdcþ1Þ, where dc
represents the number of auxiliary time series and the

respective time sequences are x1; x2; . . .; xdc . The pipeline

of the prediction process illustrated in Fig. 1 can be

mathematically defined in Fig. 3, where the main opera-

tions are detailed as follows.

3.1.1 Channel selection (CS)

Given decision variables uc ¼ ðu1c ; u2c ; . . .; udcc ; 1Þ in chan-

nel selection, where the state 1 in uc represents the target

time series to be predicted and uic 2 f0; 1g; i ¼ 1; . . .; dc
describes the state of the ith time series, i.e., ‘‘selected’’ (1)

or ‘‘not selected’’ (0); the selected channels D0 are decided

by D0 ¼ CSðD;ucÞ performed on the raw input data D.

3.1.2 Feature extraction (FE)

Considering the characteristics of each time series on its

time trend, the selected channels may need different feature

extraction methods and time window sizes to extract the

Input
layer

Hidden
layer

Output
layer

ELM

Input
layer

Enhancement
nodes

Output
layer

RVFL(a) (b)

Fig. 2 The structures of ELM and RVFL
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valuable features for the model. Two different types of

feature extraction techniques are taken into account, i.e.,

univariate time series (UTS) and MTS feature extraction

techniques. UTS feature extraction is performed on each

selected channel along with the respective feature extrac-

tion method and time window size (i.e., different channels

may need different feature extraction methods and time

window sizes), and then, all the extracted features are

reconstructed as a vector fed into the prediction model.

MTS feature extraction techniques can work on matrix

(i.e., each column represents one time series) and con-

centrate on extracting the features from all the selected

channels with the same time windows. With decision

variables uf ¼ ðufe; uutw; uufe; umtw; umfeÞ, the process of

feature extraction is detailed as follows:

• ufe 2 f0; 1g: decides which type of feature extraction

techniques is selected between UTS and MTS feature

extraction techniques.

• ufe ¼ 1: indicates that MTS feature extraction method is

selected, where umfe 2 Fm represents MTS feature

extraction methods and umtw 2 Wm is the time window

size. In this case, all selected channels D0 use the same

time window size umtw and the features D00 can be

extracted from D0 with MTS feature extraction method.

• ufe ¼ 0: means that UTS feature extraction method is

selected, where corresponding to each time series

ðu1c ; u2c ; . . .; udcc ; 1Þ, uutw ¼ ðu1utw; u2utw; . . .; u
dcþ1
utw Þ and

uufe ¼ ðu1ufe; u2ufe; . . .; u
dcþ1
ufe Þ represent time window sizes

of each time series and respective feature extraction

techniques. For ith time series (i ¼ 1; . . .; dc), if the

state uic ¼ 1 (i.e., ‘selected’), its feature extraction

method is uiufe 2 F i and respective time window size is

uiutw 2 W i. Under this situation, the selected channels

D0 may have different feature extraction methods and

time window sizes and accordingly the features D00 can
be extracted from D0 with UTS feature extraction

methods.

The decision variable ufe indicates that UTS and MTS

feature extraction methods cannot be used simultaneously.

The features D00 extracted from the selected channels D0

with decision variables uf ¼ ðufe; uutw; uufe; umtw; umfeÞ can

be obtained via D00 ¼ FEðD0; uf Þ.

3.1.3 Prediction (PC)

With decision variables up ¼ ðu1p; u2p; . . .; u
dp
p Þ; ujp 2 P; j ¼

1; . . .; dp for the parameters in the predictor, where dp is the

number of parameters to be learned, the prediction model

can be configured based on the transformation data D00, i.e.,
h ¼ PCðD00; upÞ

Finally, the predicted ŷ is obtained using ŷ ¼
f ðD; uc; uf ; upÞ via the operations of CS, FE and PC with

the model f.

3.2 Evolutionary model construction

The proposed EMC framework is illustrated in Fig. 4,

where EMC is composed of prediction pipeline definition,

prediction model formulation and evolutionary model

building. Prediction pipeline definition refers to Fig. 3,

where the decision variables uc, uf and up are defined. For

this prediction task, the main challenge is how to perform

the core operations together and dynamically adjust the rest

Fig. 3 Prediction pipeline definition: Given MTS D 2 RL�ðdcþ1Þ, the
predicted ŷ can be obtained by ŷ ¼ f ðD; uc;uf ;upÞ after performing

the operations of CS, FE and PC
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decision variables when one of them is changed. Motivated

by the challenge, prediction model is formulated to con-

struct the relationship of uc, uf and up mathematically for

obtaining the optimal solution via argmingðuc; uf ; upÞ (i.e.,
gðuc; uf ; upÞ, obtained by the predicted ŷ ¼ f ðD; uc; uf ; upÞ
and the real y is used to evaluate the quality of uc, uf and

up). gðuc; uf ; upÞ is non-differentiable, and accordingly,

argmingðuc; uf ; upÞ is impossible to be solved by gradient

descent. To solve argmingðuc; uf ; upÞ, evolutionary model

is built given its effectiveness on addressing the problems

having the mixed types of decision variables, i.e., discrete

and continuous.

3.2.1 Prediction model formulation

Given the prediction pipeline defined in Fig. 3 and the

decision variables uc, uf and up, by using root-mean-square

error RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
M

PM
i¼1 yi � ŷið Þ2

q� �
which is a typical

evaluation method to estimate the solution, the prediction

model corresponding to channel selection, feature extrac-

tion and prediction can be mathematically formulated as

follows:

arg min
uc;uf ;up

gðuc; uf ; upÞ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

M

XM

i¼1

ðyi � ŷiÞ2
vuut

ŷ ¼ f ðD; hÞ; h ¼ PCðD00; upÞ
D00 ¼ FEðD0; uf Þ
D0 ¼ CSðD; ucÞ; D 2 RL�ðdcþ1Þ

s.t. uLf ¼ 0;WL
1 ; . . .;WL

dcþ1;F L
1 ; . . .;F L

dcþ1;WL
m;F L

m

h i

uUf ¼ 1;WU
1 ; . . .;WU

dcþ1;FU
1 ; . . .;FU

dcþ1;WU
m ;FU

m

h i

uLp ¼ PL
1 ; . . .;PL

dp

h i
; uUp ¼ PU

1 ; . . .;PU
dp

h i

ð6Þ

where WL
i ; i ¼ 1; . . .; dc þ 1 and WU

i are the lower and

upper bounds ofW i. Similarly, the lower and upper bounds

of F , Wm, Fm and P are presented in Eq. 6. uLf and uLp
represent the lower bounds of uf and up , and the respective

upper bounds are uUf and uUp .

In addition to RMSE, another two methods such as

mean absolutely percentage error (MAPE ¼ 100%
M

PM
i¼1 j

yi�ŷi
yi

j) and mean absolute error (MAE ¼ 1
M

PM
i¼1 j yi � ŷi)

are used after the optimal models obtained to evaluate the

error percentage and the value difference between the

predicted ŷ ¼ fŷ1; ŷ2; . . .; ŷMg and the real y ¼
fy1; y2; . . .; yMg, where M is the number of samples.

3.2.2 Evolutionary model building

After formulating the prediction model, the difficulty is to

find the optimal ðuc; uf ; upÞ in Eq. 6. Given the effective-

ness of EA on solving the combinatorial optimization

problems, evolutionary model is built based on the decision

variables, objective function (Eq. 6) and EA parameters. In

EA, each solution is updated by evaluating Eq. 6 genera-

tion by generation. When the stopping criterion is satisfied,

the optimal solution ðuc; uf ; upÞ is obtained.
Each decision variable mathematically described in

Fig. 3 is corresponding to each dimension in Fig. 5 for

each operation. Using EA to perform the key operations,

the candidate solution (i.e., the position p in Eq. 1) is

encoded to [0, 1] during the evolution. When evaluating

each solution, it is decoded into its real range (i.e., binary

or integer) to perform the respective operation. Let p ¼
ðpc; pf ; ppÞ; pc ¼ ðpc1 ; pc2 ; . . .; pcdc Þ be a solution composed

of channel selection, feature extraction and prediction, the

procedure for decoding p into uc, uf , up can be mathe-

matically formulated in Eqs. 7, 8 and 9

Channel selection: uic ¼
0; if pci\0:5
1; otherwise

�
ð7Þ

Prediction Pipeline
Definition
i.e., Fig. 3

Prediction Model
Formulation

Evolutionary
Model

Building

Prediction
Model

. .,arg min ( , , )c f pi e g u u u

Evolutionary Model Construction (EMC)

Training data
Prediction

Task

Fig. 4 The proposed EMC

framework

feu 1
utwu ... 1cd

utwu 1
ufeu ... 1cd

ufeu mtwu mfeu

0 univariate time series feature extraction
1: multivariate time series feature extraction

Time windows when ufe=0
Feature extraction methods
when ufe=0

Time windows when ufe=1
Feature extraction methods
when ufe=1

Feature
Extraction Prediction

1
cu cd

cu... 1
pu ... pd

pu1

Channel
Selection

Fig. 5 Dimension structure of the evolutionary model
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Feature extraction: uf ¼ uLf þ round pf � uUf � uLf

� 	� 	

ð8Þ

Prediction: up ¼ uLp þ round pp � uUp � uLp

� 	� 	
: ð9Þ

The decision variables for channel selection uic 2
f0; 1g; i ¼ 1; 2; . . .; dc can be obtained via Eq. 7, where

‘‘1’’ represents ‘‘selected,’’ while ‘‘0’’ means ‘‘not selec-

ted.’’ As historical electricity mainly reflects the trend, the

state for electricity data is always ‘‘1’’ without selection,

shown as channel selection part in Figs. 3 and 5. pf
describes the solution for the decision variables in feature

extraction, where the dimension is decided by how many

auxiliary time series there are (e.g., dc ¼ 7 leads to the

dimension of feature extraction part as 2dc þ 5). From

pf ! uf , the decoding is performed using Eq. 8. The

parameters in the prediction are represented with

ujp; j ¼ 1; . . .; dp, and dp is the number of parameters to be

learned in the model. up is obtained with Eq. 9. Each

solution p in EA is decoded to the respective decision

variables and then evaluated via Eq. 6.

3.2.3 Implementation

ELM and RVFL are chosen as the predictors in the

implementation of EMC, where the only parameter is the

number of the hidden neurons and accordingly dp ¼ 1.

Although channel selection, feature extraction and predic-

tion work jointly, selecting informative channels plays a

dominant role in the prediction. Also, channel selection is

binary, while feature extraction for each selected channel

has various choices. To improve the search efficiency and

decrease the search space, a two-step evolutionary algo-

rithm is designed for EMC, where the first EA is used for

dc dimensional channel selection, while the other one

focuses on finding the suitable feature extraction methods

and respective time window sizes applied to the selected

channels, and the number of hidden neurons in ELM or

RVFL. Therefore, the dimension for the second EA is

df ¼ 2dc þ 5þ dp. uf and up are integrated as:

uf ¼ ðu1f ; u1f ; . . .; u
df
f Þ. The objective function in Eq. 6 can

be reformulated as gðuc; uf Þ.

12162 Neural Computing and Applications (2020) 32:12155–12172

123



A binary PSO is applied to the implementation of EMC

as the first EA for channel selection. It is worth noting that

due to the use of non-greedy evolutionary optimization

(i.e., binary PSO) for channel selection, the notorious issue

of feature interaction can be implicitly addressed. DDMS-

PSO proposed in [14] mainly focuses on solving discrete,

binary and continuous optimization problem. In this work,

an improved DDMS-PSO is proposed by integrating

DDMS-PSO with inter-crossover to find the optimal solu-

tion for feature extraction and model configuration. Each
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DDMS-PSO concentrates on obtaining the optimal solution

for the selected channels (one individual) of PSO, while

inter-crossover (Fig. 6) mainly focuses on exchanging the

information between two different DDMS-PSOs in order to

improve the learning efficiency.

For ith time series, i ¼ 1; . . .; dc þ 1, the range of time

window sizes is [8, 28] with interval 2 (i.e., time window

sizes set f8; 10; . . .; 28g, W i ¼ f1; 2; . . .; 11g) and there-

fore the real time window size can be obtained according to

uiutw 2 W i (e.g., u
i
utw ¼ 2 indicates that the selected time

window size for ith time series is 10). Similarly, as the set

of feature extraction methods for ith time series is {mean,

minimum, maximum, std, DWT1, DWT2, DWT3, DWT4,

PLA1, PLA2, PLA3, PLA4}, F i ¼ f1; 2; . . .; 12g denotes

the respective feature extraction method. Wm ¼
f1; 2; . . .; 11g and Fm ¼ f1; 2g represent MTS feature

extraction methods, i.e., fPCA;DWTg. P1 ¼
f1; 2; . . .; 20g is the number of hidden neurons from 20 to

400 with interval 20. The flowchart of the algorithm and its

pseudocode are presented in Fig. 6 and Algorithm 1,

respectively. The details of the main components are pre-

sented as follows.

1. Initialization Initialize psc individuals in PSO as

Pc ¼ fpc1 ; pc2 ; . . .; pcpsc g, associate velocity

Vc ¼ fvc1 ; vc2 ; . . .; vcpsc g, in the range of [0, 1] from

dc dimensional search space. For each pci ; i ¼
1; . . .; psc in PSO, the individuals in DDMS-PSO are

initialized as Pfi ¼ fpfi;1 ; pfi;2 ; . . .; pfi;psf g, respective

velocities Vfi ¼ fvfi;1 ; vfi;2 ; . . .; vfi;psf g, in the range of

[0, 1] from df dimensional search space, and then, each

individual in DDMS-PSO is evaluated by

gðuci ; ufi;kÞ; i ¼ 1; 2; . . .; psc; k ¼ 1; 2; . . .; psf after

decoding pci ! uci and pfi;k ! ufi;k using Eqs. 7–9.

2. (Re-)partition of particles into subswarms This oper-

ation (Fig. 6) only happens in each DDMS-PSO with

partition frequency sgpFreq. For ith DDMS-PSO, the

whole swarm is divided into R subswarms randomly

and each subswarm has psf =R individuals, denoted as

Pj
fi
¼ fpjfi;1 ; p

j
fi;2
; . . .; pjfi;psf =R

g; j ¼ 1; . . .;R (R: the num-

ber of groups). The best position achieved within

kth; k ¼ 1; 2; . . .; psf individual’s neighborhood in each

subswarm can be obtained by lbestjfi ¼ pjfi;k� satisfied

k� ¼ argk minðgðuci ; u
j
fi;k
ÞÞ; k ¼ 1; . . .; psf along with its

local best fitness lbestval
j
fi
¼ gðxui ; u

j
fi;k�

Þ. Then, each
subswarm searches for its best solution according to its

historical information and the best solution obtained so

far within its group.

3. Intra-subswarm learning Intra-subswarm learning is

operated in each DDMS-PSO every generation. The

update of each individual’s velocity and position is

presented in Eq. (10):

vfi;k ¼ iwt � vfi;k þ c1 � r1 � pbestfi;k � pfi;k

� 	

þ c2 � r2 � lbestjfi � pfi;k

� 	

pfi ¼ pfi þ vfi

ð10Þ

Pbestfi ¼ fpbestfi;1 ; pbestfi;2 ; . . .; pbestfi;ps2g are the

personal best positions for psf individuals on ith

DDMS-PSO. Lbestfi ¼ flbest1fi ; lbest
2
fi
; . . .; lbestRfig are

the best positions achieved within ith DDMS-PSO for

R different subswarms.

4. Inter-elite learning To improve the learning efficiency

by exchanging information among DDMS-PSOs,

crossover is applied to two different DDMS-PSOs on

Lbestfi ¼ flbest1fi ; lbest
2
fi
; . . .; lbestRfig. For the ith indi-

vidual in PSO, its optimal solution in DDMS-PSO is

Lbestfi . lbestjfi in ith DDMS-PSO jth subswarm is

randomly selected to exchange information with one of

the Lbestfm ;m ¼ 1; 2; . . .; psc;m 6¼ i from mth DDMS-

Start

Y

EndEnd

(Re-)partition of particles into subswarms

#FEsf <maxFEsf

Evaluation of each particle,
#FEsf =#FEsf +psc*psf

Evaluation of each newly generated
lbest,#FEsf =#FEsf +psc*psf

Is #gf any multiple of
sgpFreq?

Inter-elite learning
(local best: lbest)

Intra-subswarm learning
(update of particles’ velocities and positions)

DDMS-PSO: initialization of the
particles’ positions and velocities, #FEs=0

PSO: initialization of particles’ positions 
and velocities, #gc=0

N

Y
N

Y

N

Evaluation of each particle in DDMSPSO,
#gf =0, #FEsf =0, #FEs=#FEs+psc*psf

#gf =#gf +1 #gc=#gc+1, #FEs=#FEs+#FEsf

#FEs<maxFEs

Update of particles’ 
velocities and positions

Fig. 6 The flowchart of the proposed two-step evolutionary algorithm
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PSO using arithmetic crossover. The crossover oper-

ation is described in Eq. 11.

lbestj;newfi
¼ ð1� pcÞ � lbestjfi þ pc � lbestj0fm ð11Þ

pc is the crossover rate, and lbestj;newfi
is newly gener-

ated local best. lbestj0fm is one of Lbestfm with being

randomly selected.

4 Experiments

In this section, the performance of the proposed EMC is

examined based on the analysis of the proposed algorithm

and in comparison with the existing models on a real-word

electricity consumption dataset to verify the following

hypotheses:

• The parameters play a significant role in the designed

two-step algorithm for the proposed EMC.

• The proposed EMC outperforms the existing models in

terms of the testing performance across different

evaluation criteria.

• The superiority of EMC is further proved by the

analysis of the days in 1 week, time stamps in 1 day

and month information on the test samples.

4.1 Dataset description

The whole dataset has three different parts, including his-

torical electricity usage, electricity-related factors (appar-

ent power and power factor) and environmental factors,

among which the previous two parts are collected from the

smart meters of the buildings in the city campus of RMIT

University, Melbourne, with every 2 h. The environmental

information is crawled from an online weather station that

broadcasts periodic readings from every hour, including

temperature, dew point, humidity, wind speed and sea

level.

The data range from 21.03.2014–18.12.2015 to

18.01.2016–19.04.2016. Except the whole dataset, called

‘‘All dataset,’’ another two datasets are created as ‘‘Holiday

dataset’’ and ‘‘Nonholiday dataset’’ using ‘‘All dataset’’

according to the RMIT calendar. There are 8604, 3156 and

5448 samples for ‘‘All dataset’’, ‘‘Holiday dataset’’ and

‘‘Nonholiday dataset,’’ respectively. Each dataset is ran-

domly created into training (occupy 2/3) and testing (oc-

cupy 1/3) datasets three times. Accordingly, there are 5736,

2104 and 3632 training samples, and 2868, 1052 and 1816

testing samples for ‘‘All dataset,’’ ‘‘Holiday dataset’’ and

‘‘Nonholiday dataset,’’ respectively.

4.2 Experimental setup

The comparison includes two different parts: the hybrid

models and the existing popular models. The former

includes ADE [23], iPSO [16] and LMMLP [42], where the

models are proposed for energy consumption prediction

with various auxiliary factors, and the experimental setups

are according to the original paper. For the popular models,

except the time window sizes from 8 to 28 with interval 2,

the additional parameters are detailed in Table 1.

4.3 Results

The parameters in PSO have been comprehensively

investigated in many binary and discrete integer opti-

mization problems. Therefore, the parameters in the pro-

posed two-step EA are set as default except population

sizes as there are no studies for the designed algorithm. The

performance of EMC is explored under different psc in

PSO and psf in DDMS-PSO with ELM and RVFL being as

the predictors (i.e., EMCRVFL and EMCELM) across dif-

ferent evaluation criteria. The best result obtained from

EMC for each dataset is compared with MLP, ELM, SVR,

HELM, GRUs, LSTM, iPSO, LMMLP and ADE. All

results are evaluated on average values over ten runs, and

Wilcoxon signed-rank test is performed to show the sig-

nificant difference. Finally, the prediction performance is

analyzed and discussed according to the days in 1 week,

time stamps in 1 day and month information.

4.3.1 Comprehensive evaluation of the proposed
technique

Tables 2, 3 and 4 report the average RMSE, MAPE and

MAE for ‘‘All dataset,’’ ‘‘Holiday dataset’’ and ‘‘Nonhol-

iday dataset’’ under different population sizes (i.e.,

psc ¼ 10; 15; 20, psf ¼ 20; 30; 40) in PSO and DDMS-

PSO, respectively. For all the evaluation criteria, the lower

values mean the higher prediction accuracy. The best result

for each criterion has been labeled bold, and the results

over ten runs have been evaluated with statistical test. *

denotes that the result has no difference with the best one

on statistical test.

In Table 2, psc ¼ 10; psf ¼ 30 leads to the best RMSE

performance for EMCELM. The RMSE under psc ¼
15; psf ¼ 20 and psc ¼ 20; psf ¼ 20 shows that there is no

statistical difference with the best RMSE. psc ¼ 20; psf ¼
40 has the lowest MAPE and MAE. However, the MAPE

0.1340 and 0.1342 obtained by psc ¼ 10; psf ¼ 20 and

psc ¼ 15; psf ¼ 20 have the same statistical significance

with 0.1338. Similarly, the MAE obtained by psc ¼
10; psf ¼ 20 and psc ¼ 15; psf ¼ 20 have no statistical
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difference with the best one obtained by

psc ¼ 20; psf ¼ 40. For EMCRVFL, psc ¼ 10; psf ¼ 20

leads to the best RMSE and psc ¼ 10; psf ¼ 40 has the best

MAPE and MAE.

Table 3 shows that the best RMSE appears with psc ¼
20; psf ¼ 20 and psc ¼ 10; psf ¼ 20 leads to the same

prediction performance when using statistical testing.

psc ¼ 10; psf ¼ 30 leads to the lowest MAPE and MAE for

Table 1 Identified parameters for proposed EMC and comparison models

Models Identified parameters

EMC dc ¼ 7, df ¼ 20, psc ¼ 10; 15; 20, psf ¼ 20; 30; 40, maxFEs ¼ 30;000, maxFEsf ¼ 4500, sgpFreq ¼ 3, R ¼ 3, pc ¼ 0:7,
c1 ¼ c2 ¼ 1:49445; r1 and r2 are two uniformly distributed random vectors limited in [0, 1]

MLP Number of hidden neurons: 10–100 with 10 intervals

ELM Number of hidden neurons: 20–400 with interval 20

�-SVR Gamma: 2�24 to 215 with interval 23; cost: 2�10 to 210 with interval 23; kernel function: RBF

HELM N1: 10–300 with interval 30; N2: 10–300 with interval 30; N3: 10–300 with interval 30

GRUs Number of hidden units: 5–100 with interval 5; dropout: 0.2, 0.5, 0.9, 0.99; learning rate: 0.001, 0.005, 0.01, 0.03, 0.05; batch size: 10,

20, 50, 100, 200

LSTM Number of hidden units: 5–100 with interval 5; dropout: 0.2, 0.5, 0.9, 0.99; learning rate: 0.001, 0.005, 0.01, 0.03, 0.05; batch size: 10,

20, 50, 100, 200

Table 2 Performance of

EMCRVFL and EMCELM on All

dataset under different psc and

psf

Population sizes EMCELM EMCRVFL

psf ¼ 20 psf ¼ 30 psf ¼ 40 psf ¼ 20 psf ¼ 30 psf ¼ 40

psc ¼ 10

RMSE 47.8121 47.7657 47.8507 47.6131 47.6802 47.7236

MAPE (� 100%) 0.1340* 0.1343 0.1347 0.1334 0.1335 0.1327

MAE 28.7136* 28.7183 28.7999 28.6142 28.6055 28.5183

psc ¼ 15

RMSE 47.7848* 47.8760 47.9666 47.6794 47.6281 47.6884

MAPE (� 100%) 0.1342* 0.1361 0.1350 0.1337 0.1339 0.1339

MAE 28.7236 28.9536 28.8120 28.6132 28.6243 28.6734

psc ¼ 20

RMSE 47.7668* 47.7944 47.9525 47.8056 47.7171 47.6486

MAPE (� 100%) 0.1345 0.1347 0.1338 0.1349 0.1340 0.1336

MAE 28.7116 28.7425 28.6818 28.7757 28.6598 28.6310

Table 3 Performance of

EMCRVFL and EMCELM on

Holiday dataset under different

psc and psf

Population sizes EMCELM EMCRVFL

psf ¼ 20 psf ¼ 30 psf ¼ 40 psf ¼ 20 psf ¼ 30 psf ¼ 40

psc ¼ 10

RMSE 48.4695 48.3149 48.1730 47.9955 48.0461 48.1463

MAPE (� 100%) 0.1367 0.1351 0.1349 0.1339* 0.1334 0.1341

MAE 28.1561 28.0504 27.9572 27.7660 27.7791* 27.8979

psc ¼ 15

RMSE 48.2478 48.2470 48.0660 48.0753 48.0495 48.1530

MAPE (� 100%) 0.1354 0.1373 0.1353 0.1349 0.1340 0.1341

MAE 28.0827 28.2750 28.0023 27.9921 27.8255 27.8543

psc ¼ 20

RMSE 48.2016 48.5748 48.2839 48.2711 48.1058 48.2714

MAPE (� 100%) 0.1350 0.1375 0.1357 0.1364 0.1339 0.1352

MAE 28.0331 28.2334 28.0038 28.1307 27.8428* 28.0130

12166 Neural Computing and Applications (2020) 32:12155–12172

123



EMCELM. For EMCRVFL, psc ¼ 10; psf ¼ 20 has the best

RMSE and MAE performance. The result from psc ¼
10; psf ¼ 30 for MAPE has the same statistical significance

with the best MAPE from psc ¼ 10; psf ¼ 30. When psc ¼
10; psf ¼ 30 and psc ¼ 20; psf ¼ 30, the MAE results are

statistically same with 27.7660 from psc ¼ 10; psf ¼ 20.

The result reported in Table 4 on ‘‘Nonholiday dataset’’

indicates that psc ¼ 10; psf ¼ 30 leads to the best MAPE

and MAE, while psc ¼ 20; psf ¼ 30 has the best RMSE

performance for EMCELM. psc ¼ 10; psf ¼ 20 has the same

statistical performance with psc ¼ 20; psf ¼ 30 for RMSE.

For EMCRVFL, psc ¼ 15; psf ¼ 20 performs best on RMSE

and psc ¼ 15; psf ¼ 30 leads to the lowest MAE. psc ¼
20; psf ¼ 30 has the best MAPE. psc ¼ 10, psf ¼ 30 and

psf ¼ 40, psc ¼ 15 and psc ¼ 20, psf ¼ 30 have the similar

RMSE performance with psc ¼ 15; psf ¼ 20.

In summary, small population size in PSO and DDMS-

PSO can lead to the satisfied prediction performance across

various evaluation criteria on the studied datasets as the

magnitude of the results on different psc and psf does not

have much difference. Moreover, EMCRVFL performs

consistently better than EMCELM, which means that when

taking the input features into consideration for the output

layer, the overall prediction accuracy can be improved.

Furthermore, we can observe that the overall performance

from ‘‘All dataset’’ is better than using ‘‘Holiday dataset’’

and ‘‘Nonholiday dataset’’ separately. The potential reason

is that when aggregating ‘‘Holiday dataset’’ and ‘‘Non-

holiday dataset’’, the increased number of samples and

information contributes to the prediction accuracy.

4.3.2 Comparison with existing methods

To have fair comparison with the existing methods on

RMSE, MAPE and MAE, we select the results over

EMCRVFL under psc ¼ 10; psf ¼ 40, psc ¼ 10; psf ¼ 20

and psc ¼ 20; psf ¼ 30 for ‘‘All dataset,’’ ‘‘Holiday data-

set’’ and ‘‘Nonholiday dataset’’, respectively. EMC is

compared with MLP, ELM, SVR, HELM, GRUs, LSTM,

iPSO, LMMLP and ADE on average RMSE, MAPE and

MAE from Tables 5, 6 and 7 for ‘‘All dataset,’’ ‘‘Holiday

dataset’’ and ‘‘Nonholiday dataset’’, respectively. The

Table 4 Performance of

EMCRVFL and EMCELM on

Nonholiday dataset under

different psc and psf

Population sizes EMCELM EMCRVFL

psf ¼ 20 psf ¼ 30 psf ¼ 40 psf ¼ 20 psf ¼ 30 psf ¼ 40

psc ¼ 10

RMSE 48.9702* 49.1082 49.1493 48.9099 48.7495* 48.8202*

MAPE (� 100%) 0.1378 0.1374 0.1387 0.1379 0.1382 0.1373

MAE 29.8779 29.8511 30.0138 29.9130 29.8903 29.7868

psc ¼ 15

RMSE 49.1110 49.1213 49.1959 48.7312 48.7635* 48.9377

MAPE (� 100%) 0.1390 0.1386 0.1383 0.1373 0.1372 0.1378

MAE 30.0247 30.0133 29.9963 29.7819 29.7787 29.8408

psc ¼ 20

RMSE 48.9188 49.3020 49.4591 48.9190 48.8835* 48.9639

MAPE (� 100%) 0.1389 0.1400 0.1395 0.1381 0.1369 0.1383

MAE 29.8573 30.1859 30.2365 29.9131 29.7855 29.9212

Table 5 Performance comparison of EMC with the existing methods on All dataset

Models MLP ELM SVR HELM GRUs LSTM iPSO LMMLP ADE EMC

RMSE 56.7880 56.4911 61.2492 66.2004 54.5054 54.2712 58.1329 58.0184 54.4898 47.7236

MAPE (� 100%) 0.1466 0.1340 0.1364 0.1894 0.1488 0.1479 0.1563 0.1780 0.1391 0.1327

MAE 32.1437 30.4253 32.9652 41.0506 32.1796 31.9257 33.6109 36.2905 30.5426 28.5183

Table 6 Performance comparison of EMC with the existing methods on Holiday dataset

Models MLP ELM SVR HELM GRUs LSTM iPSO LMMLP ADE EMC

RMSE 58.6456 69.4643 70.1417 69.4132 53.9166 53.4079 55.6437 71.9669 53.1872 47.9955

MAPE (� 100%) 0.1746 0.1710 0.1558 0.2014 0.1499 0.1514 0.1570 0.2378 0.1412 0.1339

MAE 34.7315 36.6421 37.8021 42.4802 31.2494 31.2283 32.2843 44.7341 29.5591 27.7660
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results reported in Tables 5, 6 and 7 are the average

RMSE, MAPE and MAE performance over ten runs, and

the statistical test has been performed to show the signifi-

cant superiority of the proposed EMC, shown as labeled

bold. We can see that the proposed EMC does not have

better prediction performance than the hybrid models, and

it also outperforms the existing popular models, evidenced

by the lower mean values on all these three datasets over

each evaluation criterion.

Figures 7, 8 and 9 present the prediction performance

with statical summary of maximum, minimum and median

over ten runs obtained by MLP, ELM, SVR, HELM,

GRUs, LSTM, iPSO, LMMLP, ADE and EMC, where the

maximum and minimum values are shown on the top and

bottom of the box, while the red line represents the median.

For the prediction models whose standard deviation is 0

with ten runs, such as SVR, the maximum, minimum and

median values are same. From Figs. 7, 8 and 9, we can

Table 7 Performance comparison of EMC with the existing methods on Nonholiday dataset

Models MLP ELM SVR HELM GRUs LSTM iPSO LMMLP ADE EMC

RMSE 65.9584 71.2953 62.5305 64.3869 55.4012 55.1806 54.9427 63.6675 55.4610 48.8835

MAPE (� 100%) 0.1731 0.1504 0.1409 0.1838 0.1553 0.1518 0.1392 0.1948 0.1449 0.1369

MAE 37.5231 34.5290 34.1873 40.2341 33.7633 33.4336 30.9517 40.0994 32.0465 29.7855

ML
P

EL
M

SV
R
HE
LM

GR
Us

LS
TM iPS

O

LM
ML
P

AD
E

EM
C

R
M
S
E

50

55

60

65

70

RMSE

ML
P

EL
M

SV
R
HE
LM

GR
Us

LS
TM iPS

O

LM
ML
P

AD
E

EM
C

M
A
P
E
(

10
0%

)

0.13

0.14

0.15

0.16

0.17

0.18

0.19

MAPE

ML
P

EL
M

SV
R
HE
LM

GR
Us

LS
TM iPS

O

LM
ML
P

AD
E

EM
C

M
A
E

30

35

40

MAE(a) (b) (c)

Fig. 7 Box plot of MLP, ELM, SVR, HELM, GRUs, LSTM, iPSO, LMMLP, ADE and the proposed EMC on All dataset
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Fig. 8 Box plot of MLP, ELM, SVR, HELM, GRUs, LSTM, iPSO, LMMLP, ADE and the proposed EMC on Holiday dataset
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Fig. 9 Box plot of MLP, ELM, SVR, HELM, GRUs, LSTM, iPSO, LMMLP, ADE and the proposed EMC on Nonholiday dataset

12168 Neural Computing and Applications (2020) 32:12155–12172

123



observe that EMC consistently demonstrates better pre-

diction performance evidenced by the smaller variance for

RMSE and MAE on these three datasets. The superiority of

MAPE for EMC is verified by Tables 5, 6 and 7 with the

lower mean values and the better distribution in Figs. 7, 8

and 9 over ten runs.

4.3.3 Analysis and discussion

As ‘‘All dataset’’ leads the better performance than using

‘‘Holiday dataset’’ and ‘‘Nonholiday dataset’’ separately,

we use ‘‘All dataset’’ to analysis and discuss the prediction

performance of the proposed EMC on the evaluation cri-

teria RMSE, MAPE and MAE according to the days in

1 week, time stamps in 1 day and month information.

Figure 10 summarizes the mean prediction performance

over ten runs using RMSE, MAPE and MAE according to

the week information on the test samples. The RMSE and

MAE in Fig. 10 show that EMC has notably better per-

formance than MLP, ELM, SVR, HELM, GRUs, LSTM,

iPSO, LMMLP and ADE given its lower prediction error

on weekday and weekend. Comparing the MAPE perfor-

mance with other models, we can observe that it outper-

forms on Monday, Thursday, Friday and Saturday. Even

though EMC does not have the consistently higher accu-

racy on Tuesday, Wednesday and Sunday, the prediction

error is lower than most of the comparison models on these

days.

Figure 11 presents the overall performance of the test

samples on each studied time stamps for one-step-ahead

prediction. It reveals that EMC consistently outperforms

other models on almost all explored time stamps for RMSE

and MAE. For MAPE, there is no model performing better

than others, while our EMC model is in the higher ranking

position among all models. Similarly, Fig. 12 exhibits the

summarization of the test samples according to the month

information, where the performance of EMC on RMSE and

MAE consistently outperforms the best of the comparison

models on almost all these 12 months, while MAPE per-

forms better than the comparison models on January,

March, April, May, June and November and the prediction

accuracy is still in the high ranking among these ten models

for other months.

For the days in 1 week, time stamps in 1 day and month

information, EMC depicts the consistently higher accuracy

on RMSE and MAE in comparison with MLP, ELM, SVR,

HELM, GRUs, LSTM, iPSO, LMMLP and ADE, evi-

denced by Figs. 10, 11, 12 and the result reported in

Table 5. For MAPE, EMC is always in the higher ranking

position (i.e., No. 1 or worse than the best one but better

than most of the rest) among the comparison models and

the overall accuracy is higher than the best of the
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comparison models, verified by Table 5. For the perfor-

mance on different time stamps and months, MLP, ELM,

SVR, HELM, GRUs, LSTM, iPSO, LMMLP, ADE and

EMC show the coherent accuracy trend over the analyzed

evaluation criteria. For days in 1 week, RMSE, MAPE and

MAE indicate the similar trend one EMC except the MAPE

performance on Sunday, where the prediction accuracy is

lower than other days. For the time stamps between 8 am

and 18 pm, the prediction accuracy is lower than other time

as this period is working time, which is unstable caused by

the fluctuating daily activities.

5 Conclusions and future work

We propose an end-to-end prediction framework named

EMC for addressing electricity consumption prediction

problem with various auxiliary time series by considering

channel selection, feature extraction and prediction jointly.

A two-step evolutionary algorithm is designed for the

proposed EMC by choosing ELM and RVFL (i.e.,

EMCELM and EMCRVFL) as the predictors, where a binary

PSO concentrates on channel selection, while DDMS-PSO

with elite-crossover is proposed to focus on selecting fea-

ture extraction methods and respective time window sizes

applied to the selected channels, and the number of hidden

neurons in ELM and RVFL. By comprehensively analyz-

ing the proposed model on different population sizes in

PSO and DDMS-PSO, EMCRVFL performs better than

EMCELM across several evaluation criteria. Moreover,

compared with the existing methods, the proposed EMC is

superior in addressing electricity consumption prediction

problem with MTS. Finally, we analyze and discuss the

prediction performance according to the days in 1 week,

time stamps in 1 day and month information, where the

superiority of the proposed EMC has been further

demonstrated. However, as the main contributions in this

paper are to propose a general end-to-end prediction

framework and design a two-step evolutionary algorithm to

implement EMC for one-step-ahead prediction, we did not

go depth about the discussion in Sect. 4.3.3, such as why

the accuracy on Monday is lower than other days and why

July has the highest prediction accuracy, etc. In the future,

we will focus on how to improve the prediction accuracy in

one specific day or certain month. Furthermore, we plan to

study on the parallelization of the proposal approach based

on high-performance computing facilities [63, 64] to boost

computational efficiency.
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