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Abstract

Online Sequential Extreme Learning Machine (OS-ELM) is a model capable of incremental learning from newly
received samples while working, but getting start with the OS-ELM requires sufficient and appropriate sample data for
initial training. In some cases, finding such sample data is not possible. To address this issue, this article presents a
synthesis of sample data for the initial training of the OS-ELM model. The proposed method is to take the first sample at
the time of OS-ELM initialization and then add noise to transform it to be new sufficient samples. In this article, the
authors have compared different formats of the noise used in the synthesis of the sample data. It was found that the
Gaussian noise with properly selected the standard deviation value gives training samples that helped the OS-ELM forecast
load with the most accuracy. In addition, the use of uniform noise allows the OS-ELM to have slightly lower accuracy

than Gaussian noise but can be used without worrying about selecting the appropriate standard deviation value.
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1. Introduction forecasting. To solve this problem, a new set of

Sample data is very important in machine learning
due to the appropriate and sufficient sample data is
required to train the model. In some cases, the model
has been used for a while and the environment has
changed, this makes the old sample data used to train
the model unsuitable for the new environment. For
example, the model for load forecasting uses past
sample data to train, but over time, the behavior of
loads has changed dramatically, causing the sample
data that was used to train the model inconsistent

with the change resulting in significant error in

sample data was needed to train the model again,
but such an approach takes time and costs, causing
practical inconvenience. The researchers developed
some methods that allow the model to learn more
from the newly received sample data without
forgetting the already learned sample data known as
"incremental learning” or "online learning".

There are some incremental models/ algorithms
that are frequently mentioned in research papers,
such as Incremental Learning Vector Quantization

(ILVQ) [1], Incremental Support Vector Machine (ISVM)
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[2], Learn++ [3], Stochastic Gradient Descent (SGD)
[4], Online Random Forecast (ORF) [5], and Online
Sequential Extreme Learning Machine (OS-ELM) [6]. In
this article, the authors focus on the OS-ELM as it is a
model that can be used in both classification and
regression tasks and can also learn quickly from the
input with a low computational cost which can be run
on low computing power devices.

The structure of OS-ELM is like an Artificial Neural
Networks (ANN) with a single hidden layer, but its
learning is unlike the ANN. The learning of OS-ELM
does not use an iterative approach such as gradient
descent, but uses random weights and calculated
weights by a recursive least square method. In other
words, the weights between the input layer and the
hidden layer are randomly assisned and have a
constant value over time and the weights between
the hidden layer and the output layer use the
Recursive Least Square method to calculate the value
every time a new sample is received.

Although OS-ELM can incrementally learn from
the newly received sample data, but getting start with
OS-ELM requires a certain amount of sample data to
initially train the model. The number of this initial
sample data must not be less than the number of
nodes in the hidden layer [6] and the number of
nodes in the hidden layer also affects the model
performance [7]. Therefore, it can be said that the
amount of initial training sample data affects the
performance of the model. This is a limitation to the
use of OS-ELM if sufficient and accurate sample data
cannot be obtained, e.g., load forecasting in new
buildings or areas where electricity usage has never
been recorded.

Several studies have proposed a solution for the
problem of insufficient training samples. For example,

using data pooling for individual household load

forecasting [ 8-9], which collects datasets from other
relevant sources and finds the suitable method to
choose some samples for training the model. To use
such an approach, one still has to collect some
datasets to use for training anyway. In [10], the
application of the Generative Adversarial Network
(GAN) was presented to synthesize data on electric
vehicle charging. GAN is a deep learning model, which
is not suitable for use in systems with low
computational resources. In [11], some data synthesis
methods for training wind turbine power forecasting
models were presented. One proposed method
combines existing datasets with Gaussian distribution
noise to increase the number of samples used to train
the LSTM model. In [ 12], load forecasting was
presented using the OS-ELM model. The initial training
samples for the model were obtained by using the
data from the first measure and added with a uniform
distribution noise to increase the number of samples.
In this approach, a load forecasting model can be
used in a system with low computational resources
and can be used online without needing any dataset.

The method presented in [ 12] uses uniform-
distribution  noise  without considering other
distribution forms of noise. Therefore, in this article,
we present a method of sample data generation for
initially training the OS-ELM by adding noise with
different PDFs as shown in Fig. 1. The following
contents are divided as follows: related works in part
2, methodology in part 3, experiment and results in

part 4 and part 5 is discussion and conclusion.
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Fig.1 Main point of this article

2. Related Works
2.1 Some incremental models/algorithms

There are some incremental learning
models/ algorithms often mentioned in various

research studies as follows:

D Incremental Learning Vector Quantization
(ILVQ) [1] is an incremental version of Learning Vector
Quantization ( LVQ) that uses the principle of
Prototyped-based learning [13]. In the algorithm, it
checks whether the received data is different from
the past data that has been learned or not if
significant differences are found, a new prototype will
be created. This allows the model to work with

changed data without forgetting the past data.

[] Incrementat Support Vector Machine (ISVM)
(2], is like a Support Vector Machine (SVM), but some
incoming data are recorded and called the Candidate
Vector. The Candidate Vector may be set as Support
Vector depending on the difference between the
newly received data and the existing Support Vector.

[ Learn+ + [3] uses the ensemble model
principle as Ada-boost [14], consisting of sub-models
created by learning from past data. Past data where
the model failed to perform is more likely to be

chosen to train the sub-model. Therefore, it is said

that the model can learn from mistakes to work with
the changing data.

[] Stochastic Gradient Descent (SGD) [4] Itis an
iterative method for adjusting the model parameters
to optimize an objective function. Each parameter
adjustment can use only a fraction of the sample data
to be trained, so SGD can be applied as incremental
learning.

[] Ontine Random Forest (ORF) [5] is a Random
Forecast model when it is found that the input data
is different from the past data that has already been
learned. The model will increase the number of trees
to work with this data. Thus, ORF can work with
changing data without forgetting the past data.

[] ontine Sequential Extreme Learning Machine
(OS-ELM) [6] is an incremental version of Extreme
Learning Machine (ELM) [15] which is characterized by
extremely fast learning speed and low computation
cost. The details of OS-LEM will be discussed in the
next section.

2.2 Online Sequential Extreme Learning Machine
(OS-ELM)
OS-ELM was introduced by N.Y. Liang in 2006, it is

based on ELM and adds incremental learning
capabilities. The structure of OS-ELM is the same as
Feed- Forward Artificial Neural Networks as shown in

Figure 2.

Hidden Layer
"

Output Layer

Weights “a” and bias “b” are Weights “B" are directly

randomly assigned and fixed calculated in 2 phases

Fig.2  Structure of the OS-ELM
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The weights between the input layer and the
hidden layer are assigned randomly and remain
constant over time. The weights between the hidden
layer and the output layer are calculated in two
phases as follows:

1) Initial training phase: For some N samples

(x;y;) and hidden layer has L nodes. The
relationship between X; and y; can be described as

follows:

L
;=Y Bg@x;+b), j=123.N
i=1

where a, € R" are the weights in the input layer and
b, € R are the bias in the input layer, g(...):R—>Ris
an activation function in the hidden layer, and
B, € R™are the weights in the hidden layer. Equation

(1) can be simplified by writing it as follows:

Y =Hp (2)
where
g(ax, +b) gla;x, +by)
H= : . :
gaxy+b) - g@a,xy+b) NxL
B yi
B=| : and Y=| :
T T
BL LxM YN Jvm

The initial training is to calculate the B value as
in equation (3), where x and Y are known from
training samples data.

B=K'H'Y  where K=H"H (3)

If x and Y in the initial training samples have

small amount or have low dimensions, the [3 value

calculated using the normal equation as in equation
(4) will be faster than using the gradient descent
method [16]. Numerous studies have demonstrated
that this learning method performs as well as other
learning algorithms, although the input layer uses
random weights and bias values [17-18].

This method may encounter the numerical
instability problem when H”H is non-invertible. To
solve this problem, two main solutions were
proposed: the first solution is using the Singular Value
Decomposition (SVD) method to inverse the matrix
H'H[ 191 . The second solution is to use a
regularization factor adding to the matrix H”H before

inversion as shown in equation (4) [20].

K=H"H+AI (4)

where 4 is a very small value called the
regularization factor and I is the identity matrix.

2) Incremental learning phase: This is the
process for adjusting the B value to be suitable to
the newly received sample data as well as the
previously learned data. The incremental learning
phase uses the principle of the recursive least square
method. The updated beta value is a function of the
previous beta value recursively as in equations (5) and

(6) [6].

ﬁk+l = ﬁk +K;i1H£+1 (Yk+1 _Hk+1Bk) (5)
where
K, =K, +H£+1Hk+1 +A1 (6)

The subscription terms k& and k+1 refer to the
sample data in k™ order and the sample data in
(k+1)™ order, respectively. Where k=0 means the

value from the initial training phase.
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2.3 OS-ELM without initial training sample

The use of OS- ELM requires sufficient and
appropriate sample data to be used in the initial
training phase. In some cases where sample data
cannot be obtained, for example, load forecasting in
new buildings or areas that have never collected
electricity usage data, this makes the use of OSELM
limited.

To solve this problem reference [12] proposed a
method to use the OS-ELM without using the initial
training sample data for load forecasting application.
This method uses the first load profile sample
obtained at startup. This sample is added with some
noise value to create enough synthesis samples for

initial training as shown in Fig.3.

1% sample received

|

[ Noise added ]

Synthesis samples for initial training

Fig.3 Synthesizing new load profile samples by adding

noise value

3. Proposed Method

The synthesis load profile sample for initial
training of the OS-ELM presented in section 2.3 is
created by noise with a uniform probability density
function (pdf). The article in section 2.3 did not
experiment with other pdf of noise, such as gaussian,

which is commonly used to create augmented data

for training the deep learning model. Therefore, this
article proposed the use of gaussian noise compared
to the use of Uniform noise to synthesize sample data
for initial training of the OS-ELM. The algorithm for

synthesizing the sample data is shown in Fig.4.

Algorithm: Synthesize data by noise adding

INPUT: data = 1% sample in dataset that is scaled to value between(0,1)
N = numbers of output sample required
PDF = Noise probability density function

OUTPUT: synt_data

STEP:

1: for n=0 to n=N:

for i=0 to i=length(data):
rand([i] = random value according to PDF
synt_data[n][i] = data[i] + (data[i]*0.1)*rand[i]

end for

synt_data[n]/max(synt_data[n])

7: end for

8: return synt_data

9: end

N B b

Fig.d  Synthesizing data by noise adding algorithm

From the algorithm in Fig.4, it can be seen that
the data used to synthesize the training samples is
scaled to a value between 0 and 1 and the noise
pattern is set by the user. This article uses a uniform
pdf of noise with a value between 0 and 1 as in
reference [12]. The synthesis process uses uniform
noise compared with gaussian noise with a mean of 0
and a standard deviation (std.) of 0.1, 0.5, and 1. The
noise pdfs used in this article are shown in Fig.5 and
the examples of load profiles data synthesized by

that noise are shown in Fig.6.
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Fig.5 Probability density function (pdf) of noise used to
synthesize the training samples
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Fig.6 Example of load profile synthesized by each pdf of

noise

4. Experimental

The experiment in this article used a dataset
called "Hourly Energy Consumption” from Kaggle.com
[21], which is an hourly load profile collected from 9
utility companies in the eastern United States. The
dataset will be used as sample data for OS-ELM to
learn. Each sample is divided into two parts: the input

part and the target part. The target part is the hourly

load and the input part is the 24-hourly load value
before the target as shown in Fig.7. We chose a 24
hours time lag as input because it has a high

autocorrelation value [22].

dataset

|1|2|3|415‘6I7|B|9|10|11|12|13|N|15|\6|ﬂ|wlxv[znlzl|22|23|24|25|26|27|,...|

1% sample

‘1|2|3|4|5[s|7|s[9|la|u[1z|13‘14|15|16|17|m|19|20|21‘22|23‘24|

25

2 sample
|Z|314|5|617|319|10|ll]IZIﬂllﬂ!l5|lLSI17|le|19‘20|21|22|23|24l2_5|

26

3 sample
R EEFEEF R EEEEE B

L
L] L
Input Target

Fig.7  Input and Target from the dataset

The experimental process starts with synthesizing
the sample data for initial training OS-ELM based on
the algorithm in Fig.4. Then the OS-ELM forecasts the
next hour's load using the previous 24 hours load as
input. The forecast load values and the actual load
values in the dataset are compared. The mean
absolute percentage error ( MAPE) is used as an
indicator of OS-ELM performance. The experiment is
repeated in the following sample data as shown in
Fig.8. The initial training samples for OS-ELM in this
experiment use noise with uniform pdf and gaussian
pdf with std. equal to 0.1, 0.5, and 1. The experiment
is performed on 72 samples (72 hours) to evaluate
the performance of OS-ELM when startup.

This experiment uses the OS-ELM model with 24
input nodes equal to the dimension of the input data,
1 output node equal to the dimension of the output
data, and a hidden layer of 50 nodes obtained from
the experimental results shown in Fig 8. Fig. 8 was the
result of using the OS- ELM model with different
numbers of hidden layers were used to forecast the

load of AEP data, and we found 50 nodes in the
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hidden layer provide the appropriate accuracy and
timing.

To improve the accuracy of forecasting, this
experiment also uses an ensemble model of 10 OS-
ELM models derived from the experimental results
shown in Fig. 9. Fig. 9 was a result of using different
numbers of models to forecast the load of the AEP
dataset. We found that 10 models were the
appropriate accurate and time- optimized results.
That is, the final forecast value was derived from the
mean of all 10 models of forecast values as shown in
Fig. 11.

The synthesized algorithm in Fig. 4 should
generate 50 sets of sample load profiles as the
number of nodes in the hidden layer, that is the
minimum samples for initial learning [6].

Forecasting MAPE and Time used

for different number of node in hidden layer

MAPE (%)
Time used (s)

10 20 50 80 100

Number of nodes
——MAPE (%) ~ — Time use (s)

Fig. 8  MAPE and time used for different numbers of the

node in a hidden layer

Forecasting MAPE and Time used

for different number of model

MAPE (%)
N
\
Time used (s)

\

\
)
w

)
\
)

Number of models

——MAPE (%) — — Time used (s)

Fig. 9  Forecasting MAPE and time used for different

numbers of model
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Fig.11 Ensemble of 10 OS-ELM models

5. Results and Discussion

Table 1 shows the MAPE results of load
forecasting of the 9 utility datasets using different
noise pdfs, and the bottom row of the table shows

the average values of MAPE from all datasets.
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Table 1  Experimental results
MAPE when using each pdf of noise (%)
Dataset Gaussian  Gaussian  Gaussian
Uniform

Std.=0.1  Std.=0.5 Std.=1
AEP 2.03 1.95 2.11 2.44
COMED 1.61 1.47 1.80 2.19
DAYTON 2.73 2.80 2.65 2.89
DEOK 1.99 1.83 2.21 2.52
DOM 1.99 2.07 1.95 2.36
buQ 253 3.10 2.44 244
EKPC 3.67 4.37 3.13 2.93
FE 231 2.67 2.38 2.57
NI 1.63 1.70 1.61 1.92
Average 2.28 244 2.25 247

From Table 1, if considering each dataset, the
most accurate is gaussian pdf noise with a standard
deviation equal to 0.5 gives the most accurate
forecast for the four datasets: DAYTON, DOM, DUQ,
and NI. The second most accurate is gaussian pdf
noise with a standard deviation equal to 0.1 which
yielded the most accurate forecast for 3 datasets:
AEP, COMED, and DEOK. Suppose the average MAPE
of all 9 datasets is considered, the gaussian pdf noise
with std. equal to 0.5 still the most accurate with an
average MAPE of 2.25%, followed by the uniform pdf
noise with an average MAPE of 2.28%.

Average MAPE when using each pdf of noise

2.5
2.45
24
< 235
£
w23
<
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2.2
2.15
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\,\Nfo - 55\3“ td - gs\a"‘s - \)35\3“5

Fig.12 Average MAPE for each pdf of noise

Figure 13-16 shows some comparison graphs of forecasted
load values and actual load values in the AEP data set when

using different PDFs of noise.

use Uniform noise
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Fig.13  Forecasted load and actual load when using uniform

noise

use Gaussian noise with std=0.1
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Fig.14  Forecasted load and actual load when using

Gaussian noise with std = 0.1
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use Gaussian noise with std=0.5
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Fig.15 Forecasted load and actual load when using

Gaussian noise with std = 0.5
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Fig.16  Forecasted load and actual load when using

Gaussian noise with std = 1

This experiment found that using gaussian pdf
noise to synthesize the initial training dataset for the
OS-ELM would allow the most forecasting accuracy.
To achieve the most forecasting accuracy, an
appropriate standard deviation must be selected. In
this case, the standard deviation of 0.5 is selected
meaning there is a 95% probability that the noise will
range between -1 and 1. In this experiment the load
profile data is scaled to a range of 0 to 1, then
Gaussian pdf noise with a standard deviation of 0.5 is

appropriate to synthesize the training data.

The use of uniform pdf noise to synthesize the
initial training dataset resulted in slightly low
forecasting accuracy than using a Gaussian pdf noise
with 0.5 standard deviations. However, the use of the
uniform pdf noise still had higher forecasting accuracy
than the gaussian pdf noise with standard deviations
of 0.1 and 1. The reasons are as follows: Gaussian pdf
noise with the standard deviation of 0.1 has low
dispersion, making the synthesized sample data look
similar, causing the model to have over-fit problems.
Gaussian pdf noise with the standard deviation of 0.5
has high dispersed making synthesized sample data
look different that it can't represent the real data,

causing the model to have under-fit problems.

6. Conclusion

In conclusion, choosing a noise to create a
dataset for the initial training of the OS-ELM requires
an appropriate pdf pattern. In this experiment, the
gaussian pdf noise with a standard deviation of 0.5
and the uniform pdf noise are the appropriate pdf
pattern. If narrowly dispersed noise is selected, the
synthesis samples will be very similar, causing the
model to have an over-fit problem. If wide dispersion
noise is selected, the synthesis sample will differ too
much from the actual data, causing the model to

have an under-fit problem.
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