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Abstract—Economy trend (eco-trend) is the most important
factor for developing the country. Unfortunately, various in-
evitable and unpredictable factor causes an effect on economic
trend while the Natural Disaster period happened. The fluctua-
tion of the trend is then occurred and make it more difficult to
forecast. According to this research, the analysing method of the
eco-trends prediction was represented by stock prices prediction
and use the datasets of some industrials sector which mainly uses
electricity for production. Then we found that the stock prices
can be predicted more precisely after increasing electric energy
consumption to be input features taking by using Artificial Neural
Network. However, the result of the prediction is precisely in the
normal period only. Therefore to analyse the prediction occurring
in natural disaster period (the flood of Thailand 2011), the cross-
checking method is considered. Finally, For the performance
comparison of experiment results, the mean squares error (MSE)
and root mean squared error (RMSE) are used. Finally the results
of this research, they not only show how power consumption
makes the results of stock prediction are more precise, but also
provide the time-delay that is the indicator of the economic trends
changing and can then explain the behaviour of the industrial
segment in the natural disaster period.

I. INTRODUCTION

Electric energy consumption can be easily converted into
other energy types. So it is an important energy factor for
developing the country and this is the idea of this research.
Moreover, it also can be a perfect factor in predicting the
economy trend, especially for industrial segment mainly uses
electricity for production. The reason for taking the electric
energy consumption for prediction the trends in natural dis-
aster period, it has explained from the related research of
relation between electric energy consumption and the eco-
trends, which was represented by the trend of stock prices,
and about details in Section IV.
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Meanwhile, it will be a very useful thing if we can precisely
predict the eco-trend in disaster period. In order to analyse
the eco-trends in natural disaster period, this period was
represented by the flood of Thailand 2011. The reason why
the datasets were chosen for doing this experiment is that
the industrial sector of Thailand is one of ASEAN’s largest
production center and being the world’s 2nd largest producer
as follow [2] and [3]. And the damage of the flood was around
1.44 trillion baht and this is said to be the world’s fourth
deadliest natural disaster follow as [1]. And the datasets of
the industrial sector were used. They are represented by the
two examples, i.e. Company A (an automobile parts factory)
and Company B (a food processing factory) in Thailand. The
detail of the datasets would be explained in Section III.

The prediction algorithm, Artificial Neural Network (ANN)
is a famous information processing for many application
was used in the experiment. Because of Imitated information
processing power of the nervous system in human brain.
According to the other researches as [4], [5], [6], [8], [9]
and [14], ANN can be used with the power consumption with
several kinds of features for finding their result. This is why
ANN is a powerful tool for taking implementation of this
research

In our content, the literature reviews are described in Section
II. Materials and the methodology are described in Section III.
The implementation and the results are given in Section V and
Section VI respectively. Section VII concludes the resultss.

II. LITERATURE REVIEWS

A. Artificial neural network architecture (ANN)

The ANN used for this paper is trained by passing data
to layers named input layer, hidden layer(s). And the output



layer gives the result. Each layer consists of nodes containing
the weights and bias factors (as shown in Fig.1). And then,
the result was computed by adjusting weights and biases for
the input and target dataset. This calculation is called Feed
Forward Neural Network (FFNN) as in [11], which is the same
concept of human brain.

Hidden Layer ~Output Layer

Input Layer

Hidden Layer

Figure 1. Artificial neural network architecture

In our experiment, the datasets are fed into the model.
The difference between predicted value and a target value (or
observation value) is called Cost function or Error function.
It will be minimised using gradient descent method to train
until getting the minimum error according to the error value
setting. And the Backpropagation is the popular algorithm that
tackles the calculation in the ANN model. When this concept
is implemented. It then has some problem which takes a long
time in a computer process. And the LM algorithm is used to
make the computer run faster by cutting some numerical term
in the process off and it still gets the valid results. And the
LM'’s details is shortly described later.

B. Backprobagation algorithm (BP)

Recently, the BP is the most widely applied neural network
architecture covering the area of architectural design, perfor-
mance measurement, function approximation capability, and
learning as follow [10]. In ANN, Gradient Descent method is
used to calculate the weight function in each node of NN as
shown Fig.1 and the computing direction start from the output
layer to input layer. And then the predicted error value and
observed value must be decreased to minimise by backwards
computing. In order to reduce the error, the weight of each
node is decreased.

C. Levenverg-Marquardt (LM)

Follow as [15], LM is a blend of gradient descent and
Gauss-Newton and it was taken into the function in this
paper which is called Nonlinear Least Squares Minimization.
The reason of using LM is to deal with the problems from
using gradient descent method. Some of the problem and
solutions will be explained in this section. Using gradient
descent method is still has some restricted issue to implement.
It always takes a long time when it is implemented in a real
world and sometimes the calculating machine has a limited
capability to run it on a computer. How to deal with the
problem, we need to explain a little deep in the mathematic

in our function. The double derivative of matrix is called
Hessian V2 f(x) (assume that f(z) is a cost-function). To
make it faster, the small term in Hessian has been cut off
by approximate, but the result is still acceptable.

III. MATERIALS AND THE METHODOLOG
A. The Datasets used

In this paper, the two example companies are considered,
i.e. Company A (an automobile parts factory) and Company B
(a food processing factory) in Thailand. And each of company
contains of two datasets. The first data set is the monthly
electrical power consumption of two companies during the
flood , collected by utility sector of PEA (Provincial Electricity
Authority). And the second data set is the monthly average
stock prices from Bloomberg website. The two datasets of
each company were collected during 2011 to 2015 in flooding
period.

B. Generating the Disaster Signal (DS)

DS is the indicator of the damage due to the flood during the
Thailand flood in 2011. We tried to define the as an additional
feature for training model in ANN. The definition of DS is
mapped from the flood map of each province as [7]. The
annotated DS level in training data set of Company A and
Company B is used to retrain the model. Company A is in
Pathum Thani province and Company B is in Nakhon Pathom
province. To figure out the DS features, it consists of 5 levels
of damage as shown in Table I:

Table 1
DEFINITION OF THE DISASTER SIGNAL(DS)

Damage Level definition % flood area
level 1 no flood 0%
level 2 know to be the flood (but no flood) 0%
level 3 some area has the flood less than 30%
level 4 half area 30 - 60 %
level 5 full area more than 60 %

C. The Performance Indicator

In our experiment, ANN is a supervised neural network
(NN). The most NN’s use MSE as shown in equation(1) to
show the performance of the NN model. The MSE is a one
of robust method to evaluate NN’s performance because MSE
can deal with both positive and negative values[12]. In the
past, it is commonly known as the least mean squares (LMS)
which can be used well and feasible when no computer was
available. Nevertheless, it is still a common method for NN
in the present. The root mean squared error (RMSE) which
follows as an equation(2) can also evaluate the permanence of
the NN as well. Because it is a large digit number so that we
can easily observe the result.

1 N
MSE = v ;(yq - ti)z (1



RMSE = 2)

Where ¢ is the target value and y is the predicted value.

IV. THE RELATION OF ELECTRIC ENERGY CONSUMPTION
AND STOCK PRICE

The explanation of the relation between electric energy
consumption and eco-trends are shown in this section. This
experiment was conducted in normal period without any
disaster. And the result shows that the power consumption can
improve stock prediction efficiently in each sector especially
for the industrial segment as follows.

1) Experiment of Electric Energy Consumption and Stock
Price: As mentioned, the eco-trends were represented by the
trend of stock prices for this experiment. They are predicted
by using the two datasets of each example industrial factories
(Company A and Company B). The datasets of this experiment
are taken in the normal period. In the prediction, the monthly
stock price (UNT: unit stock price) of the examples are
predicted by using input two features of their monthly and
separate to 2 cases. And the relation between electric energy
consumption and the trend of stock price is examined using
the observations of the procedures and the results.

First case, the input is only monthly stock price (UNT : Unit
Stock Price). And the second case, UNT and monthly electric
energy consumption (kWh: kilo-Watt hour). Each case, the
prediction model will be used the inputs for the training set.
And, compare the two cases. Next, in the same experiment,
Company B is predicted in the same method. Then the error
from the experiment is recorded using mean square error
(MSE) and root mean square error (RMSE).

2) Summary of Electric Energy Consumption and Stock
Price: After doing the experiment, the performance results
are shown by MSE and RMSE using Company A’s datasets
are tabulated in TABLE II and illustrated in Fig.2. The error
3 of 5 cases can be reduced (up to 3.51%) after adding the
electric energy consumption to predict.

Table 11
PERFORMANCE OF COMPANY A’S STOCK PREDICTION

Input Feature
Sliding window(n month) UNT UNT and kWh

MSE RMSE MSE RMSE
n=2 0.8725 0.93409 | 0.89068 | 0.94376
n=3 0.8683 0.93187 | 0.83892 | 0.91593
n=4 0.86699 | 0.93112 | 0.8617 0.92828
n=5 0.89069 | 0.94377 | 0.87342 | 0.93457
n=6 0.78826 | 0.88784 | 0.8016 0.89532

And the results of an experiment using Company B’s
datasets shown in TABLE III and Fig.3. The error 5 of 5
cases can be reduced (up to 37.25%) after adding the electric
energy consumption to predict.

According to the results, it was shown the electric energy
consumption data can improve the performance of stock
prediction of industrial segment. That is the reason of this
research analyse the eco-trend by electric energy consumption.
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Figure 2. Comparing the Performance of Company A’s stock prediction

Table III
PERFORMANCE OF COMPANY B’S STOCK PREDICTION

Input Feature
Sliding window (n month) UNT UNT and kWh
MSE RMSE MSE RMSE
n=2 0.89124 | 0.94405 | 0.65877 | 0.81165
n=3 0.97703 | 0.98845 | 0.74423 | 0.86269
n=4 0.80969 | 0.89983 | 0.65938 | 0.81202
n=5 0.71537 | 0.8458 0.52119 | 0.72193
n=6 0.79383 | 0.89097 | 0.66516 | 0.81558
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Figure 3. Comparing the Performance of Company B’s stock prediction

V. IMPLEMENTATION

This section has the same concept explained in previous
section. Eco-trends are also represented by the trend of stock
prices in the example. Then, the analysing process for this
section is designed to analyse the trend with the electrical
energy consumption because the previous section has shown
that they have a relation to each other. And the special thing in
this paper is the feature inputs of the cross-checking prediction
model is the difference field.

The stock prices are also predicted from observation their
history of stock prices and electric energy consumption in
order to observe the result and find the Time-delay. The
input selection chooses the sliding window method follow as
[13] which is quite common use in the time series with the



prediction by using ANN. Then, the experiments are classified
to be 2 tasks (Task I and Task II) of the experiment.

NN models for predicting the eco-trend are used in the
MATLAB with using the Levenberg-Marquardt backpropaga-
tion algorithm. The setting parameter, consists of one input
and one output layer. Neurons in the input layer depend on
the number of windows sliding and neurone in the output layer.
The other settings values are used in the same in every process.
Because of our experiment need to compare the result of each
model which focus the effect of input features as follow the
assumption. Therefore, the number in hidden layer was set to
20, the learning was the rate set to 0.05, the maximum of the
each approach was set to 1000 and the goal performance was
set at 0.001. All conditions were set to the same values. For
the datasets, approximately 70% was used for training, 20%
for validation and 10% for testing.

A. Task I: Cross Checking

Cross-checking of the stock prediction is proposed in this
task. The stock prices of Company A are predicted on ANN
model having the training datasets of the Company B datasets
(monthly electric energy consumption and stock price). And
then, get the result of Company A’s stock prices. Next step,
they are cross check by predicting the Company B’s stock
prices from NN model having the training datasets of the Com-
pany A datasets in the same method. Finally, the performance
in each process are shown in Table IV. And the number of
sliding window in the best case of performance, it is the time-
delay.

B. Task II: Cross Checking with DS

This topic is the same concept of Task I, but the damage
level of the flood (DS ) is added to the predicting model to
point the damage in each place. And evaluating the result is
the same concept of Task I. Finally, the number of sliding
window of the best case, it is the Time-delay follow Table V.

VI. RESULT

From the experiment, it shows the performance of each issue
from cross checking which can figure out the behaviour of
each industrial segment correspond the 2 example companies.
According to our result, see in TABLE II and TABLE III.

Table IV
PERFORMANCE OF TASK [

Error of Predicted value (Without DS)
Sliding Window (n month) Company A Company B
MSE RMSE MSE RMSE
n=2 0.57455 | 0.75799 | 0.7052 | 0.83976
n=3 1.1487 1.0718 1.2861 | 1.1341
n=4 0.49617 | 0.70439 | 0.4949 | 0.7035
n=>5 0.73923 | 0.85979 | 0.5984 | 0.7736

Before the DS adding to be a feature in ANN, two compa-
nies have the pattern of charts (see Fig. 2 and Fig. 3). And they
have the same best value is 4 month of both. But after adding
the DS, the error of predicted values was decreased from Task
I to Task II up to 24.76 % for Company A and 45.31% for

Table V
PERFORMANCE OF TASK II

Error of Predicted value (With DS)

Sliding Window (n month) Company A Company B
MSE RMSE MSE RMSE
n=2 0.37331 | 0.61099 | 0.37285 | 0.61061
n=3 0.52069 | 0.72159 | 0.27506 | 0.52446
n=4 0.53683 | 0.73269 | 0.27066 | 0.52025
n=>5 0.16296 | 0.4036 0.21213 | 0.46057

Company B. And the same best values have changed the Time-
delay to 2 months for Company A and 4 months for Company
B.
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Figure 4. The performance of Company’s A Predicted Value

MSE
1.4 1.2861
1.2
1
0.7052
0.8 0.5984
0.6 0.4949
0.37285 -
0.4 0.27506 0.27066
0.2
0
n=2 n =2 (with n=3 n =3 (with n=4 n =4 (with n=>5

DS) DS) DS)
SLIDING WINDOW (n MONTH)

Figure 5. The performance of Company’s B Predicted Value

VII. CONCLUSION

Not only taking electric energy consumption can improve
the the performance of stock prediction in normal period, but
also it can improve the performance in the natural disaster
period by using DS and cross checking method. According
to the results, two issues will be described. The first issue, in
Task I, although the two example companies are difference
type of industrial type, but the results show the same pattern
when the examples are observed by their history of power
consumption and stock prices. In this case, we can found



the same behaviour of company or industrial in the period
but more errors. For the second issue in Task II, after
adding the DS which is the flood indicator into our model,
it makes deceasing in the resulting error the performance
of the prediction model. So, it has improved. According to
the number of time series, the predicted value being most
accurate is the time-delay which is the importance indicator
for planing the eco-trend. And to deal with the natural
disaster period. As the experiment, the time-delay is 2 month
for Company A and 4 months for Company B.
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