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Abstract. We propose a multi-resolution selective ensemble extreme
learning machine (MRSE-ELM) method for time-series prediction with
the application to the next-step and next-day electricity consumption
prediction. Specifically, at the current time stamp, the preceding time-
series data is sampled at different time intervals (i.e. resolutions) to con-
stitute the time windows used for the prediction. The value at each sam-
pled point can be certain statistics calculated from its associated time
interval. At each resolution, multiple extreme learning machines (ELMs)
with different numbers of hidden neurons are first trained. Then, sequen-
tial forward selection and least square regression are used to select an
optimal set of trained ELMs to constitute the final ensemble model. The
experimental results demonstrate that the proposed MRSE-ELM out-
performs the best single ELM model across all resolutions. Compared to
three state-of-the-art prediction models, MRSE-ELM shows its superi-
ority on the next-step and next-day electricity consumption prediction
tasks.

Keywords: Multi-resolution · Extreme Learning Machine · Least
Square · Ensemble

1 Introduction

A rapidly increase in world energy use has caused issues of supply difficulties,
exhaustion of energy resources and adverse environmental impacts. The predic-
tion of electricity consumption in buildings has the followings benefits: it helps
to improve energy monitoring and use in buildings; it plays a significant role in
improving electricity performance, with the aim of achieving energy consump-
tion conservation and reducing environmental impact [1]; it can play a vital role
in decision-making and future planning that rely on prediction accuracy; and it
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is an indispensable part of easing the conflict between supply and demand based
on the analysis of existing electricity usage [2]. Therefore, the reliable prediction
of electricity consumption is important and requires more attention.

Various techniques have been proposed to solve electricity usage prediction
problems. In the early stage, statistical methods such as time series approaches
and regression models were applied [3]. With the development of artificial intelli-
gence techniques, artificial neural networks (ANN) and support vector machine
(SVM) [4] have been successfully utilized to predict electricity consumption.
Moreover, many hybrid prediction models have been developed to take the
advantage of single models [5]. Recently, Extreme Learning Machine (ELM) [6]
has attracted more attention given its super fast computational ability.

It has been shown that ensemble models have greater accuracy and robust-
ness compared with single models. Several ensemble approaches have been devel-
oped for load/electricity prediction [7–11]. Among all these approaches, simple
averaging is usually used for combining single predictors [8]. Generating useful
instances for ensemble learning is of significant importance for improving pre-
diction accuracy. In addition, in practice some predictors in the ensemble are
better than others, therefore the ensemble output should select the individual
outputs to generate the best prediction performance.

In this paper, we aim to predict next-step and next-day electricity usage in
a university building. The data is at 15-min to 1-day intervals collected from
the smart meter in building 80 in the city campus of RMIT University, Mel-
bourne. Temporal resolutions such as Wavelet Transform [11], usually needs to
be decided a priori, whereas in here it does not need to. Here, at the current
time stamp, the preceding time-series data is sampled at different resolutions to
constitute the time windows used for the prediction. The value at each sampled
point can be certain statistics calculated from its associated time interval. Then
the instances for each resolution are generated with different hidden neuron set-
tings of ELM. Finally, Sequential Forward Selection (SFS) [12] and Least Square
Regression (LS) is proposed to perform selective ensemble (SE) to obtain the
optimal subset of instances for improving prediction performance of next-step
and next-day electricity consumption. Therefore, the main contributions of the
designed MRSE-ELM are as follows:

– A new multi-resolution mechanism is proposed as the combination of differ-
ent resolutions will capture more time information for improving prediction
performance;

– Selective ensemble based on SFS and LS is proposed to obtain the optimal
subset of instances which can lead to the best prediction performance;

– MRSE-ELM is compared to three state-of-the-art prediction models and
shows its superiority on our prediction problems.

The rest of this paper is organized as follows: Sect. 2 gives the background of
electricity consumption prediction and ELM related prediction; the proposed
MRSE-ELM will be introduced in Sect. 3; Sect. 4 mainly focuses on data descrip-
tion, experimental settings and related results; conclusions and future work will
be presented in Sect. 5.
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2 Background

2.1 Electricity Consumption Prediction

Electricity consumption prediction as a hot topic has a history of more than 20
years. There are several review articles about energy consumption forecasting,
including electricity consumption forecasting [1,3,5,13,14], which introduce the
energy demand forecasting from different viewpoints. Suganthi and Samuel [5]
summarized the models as traditional methods and new techniques. Traditional
methods, such as time series, regression, econometric, Autoregressive integrated
moving average (ARIMA) and soft computing techniques have been applied for
electricity consumption prediction. Newer methods, also called integrated mod-
els, include SVR, Ant Colony and PSO. Zhao and Magoulès [3] categorized
the energy consumption prediction models into five different kinds: Engineer-
ing methods, statistical methods, ANN, SVM [4] and Grey Models. In [1], the
authors did not only discuss the physical models for building thermal behav-
ior modeling, but also review the prediction models from limitations to appli-
cations, which contain Multiple Linear Regression (MLR), Genetic algorithm
(GA), ANN, SVR and hybrid models. However, it is very difficult to say which
one outperforms others without complete comparison under the same circum-
stances because each of them is still being developed [3].

2.2 ELM Related Prediction

Extreme Learning Machine (ELM), proposed by Huang et al. [6], is based on Single
hidden Layer Feedforward (SLNF) and has input layer, hidden layer and output
layer. The hidden bias and the weight for connecting the input layer and hidden
layer are generated randomly and maintained through the whole training process.

Assuming dataset (xi,yi) with a set of M distinct samples, satisfy xi ∈ Rd1

and yi ∈ Rd2, so a SLNF with N hidden neurons can be formulated as:

N∑

i=1

βif(wT
i xj + bi), 1 ≤ j ≤ M (1)

where f is the activation function; wi represents the weight for connecting input
layer and hidden layer; bi is bias and βi is the output weight.

In ELM, the structure perfectly approximates to the given output data:

N∑

i=1

βif(wT
i xj + bi) = yj , 1 ≤ j ≤ M (2)

which can be written as HB = Y, the matrix H can be represented as:

H =

⎛

⎝
f(wT

1 x1 + b1) · · · f(wT
Nx1 + bN )

· · · · · · · · ·
f(wT

1 xM + b1) · · · f(wT
NxM + bN )

⎞

⎠ (3)

B = (βT
1 , βT

2 , . . . , βT
N )T and Y = (yT

1 , yT
2 , . . . , yT

M )T .
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The output weight B is calculated by B = H+Y, and H+ is a Moore-
Penrose generalized inverse of H [15]. Theoretical proofs and a more thorough
presentation of the ELM algorithm are detailed in the original paper [6].

The only task for ELM applications is to select a suitable activation function
and set the number of hidden neurons. Moreover, compared with conventional
learning approaches, it removes the challenges of setting up a model like learning
rates, learning epochs, stop criteria and local optima [16], all of which makes it
easier to be applied in load/electricity prediction [17–20] issues. All the advan-
tages motivate us to utilize it as a basic prediction model for our problems.

3 Multi-resolution Selective Ensemble Extreme Learning
Machine

3.1 Instances Generation Based on Multi-Resolution and ELMs

The general framework of the proposed MRSE-ELM will be introduced in detail
here. Figure 1 describes the training procedure of the selective ensemble predic-
tion based on multi-resolution and multiple ELMs. The total training data D is
split into D1 to Dk, which is used for cross validation in order to train the model,
with k being the number of folders. In Fig. 1, the construction of multi-resolution
is illustrated in detail.
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Fig. 1. The training procedure of MRSE-ELM

Multiple resolutions are constituted of different time intervals. At the current
time stamp, the preceding time-series data is sampled at different resolutions,
denoted as ri, i = 1, 2, . . . n. r1 is the minimal time interval and n is the number
of resolutions. The potential relationship between r1 and ri is: ri = ir1. For
example, for the current resolution at the current time t, the previous time
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stamp t − ri means that there are i minimal time intervals between two joint
time intervals. The value at t−ri is the mean value from t−ir1 to t−r1. By using
this approach, multiple resolutions are constructed for next-step prediction using
minimal interval. The daily electricity consumption is represented by the sum
of all minimal intervals in one day and the multiple resolutions are constructed
similarly with next-step prediction.

As ELM is the basic prediction model, the only parameter in ELM is the
number of hidden neuron settings. With respect to each resolution, there will be
m different hidden neuron settings in ELM. Therefore, with n resolutions, there
will be m · n instances generated with ELM, as seen in the instances generation
in Fig. 1.

3.2 Selective Least Square Regression

For a single ELM, the last hidden layer output matrix H and output Y can
be perfectly approximated through HB = Y, which is actually the procedure of
Least Square. Therefore, the output weight B can be calculated from B = H+Y.

From Fig. 1, it can be seen there are m · n different ELMs, all of which have
the same output Y, along with m · n different predictors. The respective output
weight matrix in the instances generation in Fig. 1 is Bl = Hl+Y, l = 1, . . . ,m ·n
and the predicted outputs of each ELM is Ŷ

l
= HlBl, where Ŷ

l
is the predicted

value for each of the ELM corresponding to the real value Y.
If all instances generated are used for ensemble learning, it will cause over-

fitting, therefore selecting useful instances is important for efficient ensemble
prediction. Here, SFS [12] starts with an empty set, and the addition of one
feature with the best performance for each iteration will be applied to select the
optimal subset of useful instances.

Least Square based selective ensemble is presented as:

HfinalBfinal = Y (4)

where Hfinal = (Y1, . . . ,YN ), N � mn and N is the number of selected
instances, and Bfinal is the final output matrix, Bfinal = H+

finalY.

4 Experiments

4.1 Data Description

As the data is collected with different time intervals, we focus on predicting next
interval, which is the minimal interval, and next day, which is the maximal inter-
val. Here we define the minimal time interval (15 min) as interval electricity data
while the maximal interval (one day, 96 minimal intervals) is called daily electric-
ity data. The dataset for interval electricity is from 01.03.2017 to 31.05.2017 with
8352 samples. Daily electricity data is from 01.01.2013 to 31.05.2017 with 1573
samples at the maximal time interval of 24 h. Both are normalized to [0.15, 1]
except for the prediction targets in the training (70%) and testing (30%) sets.
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The time window for interval electricity data is set at 48 steps for purpose
of symmetry, even for different resolutions. The number of resolutions is set at
10. For daily data, the window size is set at 7 days for 7 different resolutions
with the lengths of 7, 14, 21, 28, 42, 56 and 84 respectively. During the process
of training, the training dataset is split into 5 folders in order to adjust the
parameters. Once the parameters leading to the best performance have been
found, the performance will be evaluated on the testing dataset by Root Mean
Square Error (RMSE).

4.2 Comparison Models and Experimental Settings

Three state-of-the-art regression models will be compared: SVR, H-ELM [21] and
Gated Recurrent Units (GRUs) [22]. There are two different kinds of SVRs, called
ε-SVR model and nu-SVR model. In this paper, ε-SVR model is implemented
using the LibSVM library [23] for SVR. H-ELM, proposed by Tang et al. [21], has
unsupervised and supervised stages, where unsupervised stage focuses on feature
extraction and supervised stage aims for classification or regression. GRUs is a
simpler variant of Long Short Term Memory (LSTM) [24]. GRUs can be used to
learn long term dependencies, similar to LSTM. The parameters for the proposed
model and comparison models are presented as:

– ELM (RBF): Number of Hidden Neurons (100–500 with interval 100 for
interval data and 50–500 with interval 50 for daily data)

– ε-SVR (RBF): C (Cost, 2−5 1 25 210 215); ε (0.01 0.03 0.05 0.1 0.15 0.2)
– H-ELM: Number of Hidden Neurons (10–300 with interval 20 for three dif-

ferent hidden layers, two for unsupervised stage and one for supervised stage);
C (regularized least square calculation, 10−10 to 1010 with interval 102)

– GRUs: Number of Hidden Neurons (1 to 10 with interval 1).

4.3 Results

In this experiment, there are two problems to be addressed:

– How can it be proven that selective ensemble will improve prediction
performance?

– How does the performance of MRSE-ELM compare with state-of-the-art
models?

Result for Problem 1. Since there are 5 and 10 different hidden neuron
settings, with 10 and 7 different resolutions for interval and daily electricity
data respectively, there are 50 and 70 instances generated from ELM on each
dataset. Figure 2 shows the best training performance at each resolution without
ensemble learning on two different datasets for different models.
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Fig. 2. The performance of multiple resolutions on different datasets

Figure 3a and b show the dynamic change of the number of selected instances
N used for ensemble learning with respect to interval and daily electricity data
(previous 50 shown because of the increasing trend) respectively. N = 1 rep-
resents only one instance selected and there is no ensemble learning. Further,
N = 1 is the best one among all the generated instances. When the selected
instances N is more than 1, the performance will improve until the prediction
accuracy reaches the best level, which are labeled by red circles (N = 19 and
N = 4, for interval and daily data respectively). Then the performance will
decrease with more instances selected, which can be seen from Fig. 3a and b.
Therefore, Fig. 3 does not only illustrate that the proposed selective ensemble
performs better than the single best, but also shows when the selective ensemble
will reach the best performance for different datasets.
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Fig. 3. The performance of MRSE-ELM on different datasets
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Result for Problem 2. The comparison experiment for MRSE-ELM is based
on the optimal subset (N = 19 and N = 4) of generated instances for selective
ensemble in Fig. 3 for both interval data and daily data. The result presented
was achieved by the best parameter settings after adjustment. Table 1 presents
the results of two different prediction tasks using MRSE-ELM and comparison
models. All the results presented are mean and standard deviation values with
10 runs. Wilcoxon rank sum test is used to evaluate the differences between
MRSE-ELM and comparison models. The returned result 1 indicates a rejection
of the null hypothesis, while 0 indicates a failure to reject the null hypothesis at
the 5% significance level.

Table 1. RMSE performance on testing data

Datasets Models

ELM H-ELM ε-SVR GRUs

Interval data Mean (std) 1.0021
(0.0063)

1.6411
(0.0982)

1.1025
(0)

1.3056
(0.0835)

h - 1 1 1

Daily data Mean (std) 385.5006
(4.5142)

428.0085
(5.8491)

411.9080
(0)

534.5920
(26.1012)

h - 1 1 1

The result in Table 1 shows the performance with respect to MRSE-ELM
and comparison models. The proposed MRSE-ELM outperforms the comparison
prediction models on average values 1.0021 and 385.5006 (labeled bold) for next-
step and next-day prediction respectively. Moreover, compared the statistical
performance with the state-of-the-art prediction models H-ELM, ε-SVR and
GRUs, MRSE-ELM shows superiority because of ‘h = 1’ for all comparison
models.

5 Conclusions and Future Work

In this paper, we proposed a multi-resolution selective ensemble extreme learn-
ing machine (MRSE-ELM) method for time-series prediction with the application
to next-step and next-day electricity consumption. Firstly, the optimal subset of
instances used for ensemble prediction was analyzed on the training data for the
interval and daily data. After that, the performance of MRSE-ELM was evaluated
by the testing datasets with the selected instances and compared with the state-
of-the-art models H-ELM, SVR and GRUs. Experimental result does not only
demonstrate that the proposed MRSE-ELM performs better than the best single
ELM, but also show its superiority on improving prediction accuracy compared
to the state-of-the-art models. The proposed multi-resolution selective ensemble
mechanism is not limited in being applied with ELM. In the future, we will utilize
it in the state-of-the-art models to further improve prediction performance.
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