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1. INTRODUCTION

Indonesia is in a favorable geographical position, namely on the equator [1]. This makes Indonesia in the
middle region between north and south. Therefore, here there are abundant sources of heat energy that can be
used to reduce electricity consumption by using natural energy directly such as heat energy, solar energy, wind
energy, and water energy in Indonesia [2] as alternative energy, such as using solar energy to heat water and
capture solar radiation for lighting [3]. In Indonesia, this energy can be used directly to achieve various
purposes, such as using solar energy to produce electricity or to capture solar radiation for lighting [4]. The
availability of sunlight is almost always the same throughout the year, except during the rainy season and when
thick clouds block sunlight [5]. So that forecasting is needed to be able to predict the condition of potential
sunlight. Based on the location map, the average solar irradiation is around 4.80kWh/m? per day throughout
Indonesia [6]. Fig. 1 shows the distribution of solar power potential in Indonesia.

In utilizing the use of distributed solar energy more efficiently, solar tubes are used. A light guide system
or solar tube as an energy source with a tube model is a simpler way to estimate energy use by considering the
roof and attic area of a building. A solar tube is a tool to transport or distribute natural or artificial light into a
room. The process of distributing sunlight in the form of solar irradiation in solar tubes is unreliable due to
natural variability which can reduce the reliability of combining solar tubes with solar panels. To overcome
this problem, the technology of forecasting irradiation in solar tubes is very important to formulate scientific
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plans to predict the value of solar irradiation as an optimization and increase the utilization and efficiency of
the economy and new energy [7].
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Fig. 1. Map of Potential Solar Power Locations

In general, solar irradiation forecasting methods that are often used include linear regression, fuzzy logic,
ARIMA [8], and artificial nervous systems [9]. Forecasting solar irradiation in achieving accurate results also
depends on many factors, such as choosing the right architecture to handle dynamic modeling data, choosing
the right algorithm, choosing input variables, and adjusting the hypermeter model, and others [10].

Relevant research related to solar tubes is the analysis of solar tube designs with solar panels in residential
homes [11]. The system combines solar panels with solar tubes as a means of saving electricity in residential
homes [12]. In this system research, there is still no prediction of solar irradiation in Solar Tubes, so the
reliability of the method is still unknown. In addition, research [13] designed and demonstrated a solar tube to
convert photo-electric and photo-thermal at the same time. Based on the system design, the solar tube can
obtain a total energy efficiency of 25% and is expected to be able to increase the utilization of solar energy
properly. This allows improvements in estimating irradiated energy in the future.

One of the deep learning method, the Long Short-Term Memory (LSTM) model, is widely applied to
predicting solar irradiation [14], [15]. A comparison study [16] uses the RNN method with results from 0.7 to
0.79 in the irradiation forecasting process. Other research regarding LSTM is shown in the discussion [17] that
the utilization of solar energy, which is a variable resource, requires a prediction method to increase the
availability of the entire system effectively. The deep solar hot water system used the deep learning model
differently for weather conditions with a relative Mean Absolute Error of 3.45%. Based on this, LSTM on solar
tube systems can be used.

Furthermore, forecasting research using exponential smoothing and recurrent methods for time series [18]
obtained the best results in the Exponential Smoothing method used for seasonality removal and normalization
of the time series. So, the Exponential Smoothing model can optimize the coefficients and the initial seasonal
components.

From the description above, this study aims to predict solar irradiance to determine the value of sunlight
intensity in an area as the main source of the utilization of renewable electrical energy through a solar tube
system using the LSTM method. The reason that motivates the use of the LSTM method in forecasting this
research is that LSTM is built with several layers and hidden layers which produce a more accurate level of
forecasting. The main contribution of this research is implementing the LSTM and Exponential Smoothing
methods in predicting light exposure. The selection of solar tubes is an innovation in utilizing direct sunlight
to house buildings. This data is used as information on the potential of solar power in solar tubes with the
support of solar radiation forecasting. In addition, sunlight passing through the solar tube is also used as natural
lighting in the room. Section 2 describes the research methods and preparations for completing this research.
Section 3 describes the results of data collection and processing using the LSTM method and exponential
smoothing. Section 4 presents the results of this research contribution.

2. METHOD

In this study, two systems were designed, namely hardware and software. For hardware related to solar
tubes as a room lighting system. Meanwhile, software related to language and algorithms is used in machine
learning from the deep learning method with the LSTM model [19]. The design of the implemented algorithm,
namely the regression and multi-repeat model, and compared with exponential smoothing.

The system flow in this study is illustrated in Fig. 2 to make it easier for researchers to analyze data,
conversion of light irradiation is needed. While Fig. 3 is in the process of collecting solar irradiation data in a
solar tube with a BH1750 sensor. Research [20] discussed the capabilities that can be carried out on this solar
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tube model, the optimal output of a light current of 1064 lumens. If converted in units of watts, the value
obtained is 13.3 W/m?. In addition, this research has been developed using sensors as input data integrated with
a cloud system. So that besides being able to capture light for solar panels, light is also captured to be processed
as material for this research.
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Fig 3. Flowchart of Irradiation Forecasting Process

2.1. Design Hardware

Solar Tube is designed using a tube with PVC D'S and a dome. The dome is composed of 7 layers of
convex lenses. A solar tube is used for the distribution of light into a room. The solar tube design used is shown
in Fig. 4.

Based on Fig. 4, the first layer (1) is a convex lens; that serves to capture light and channel it to the
collected focus points. The second (2) is a dome (a sunbeam receiver that refracts light into a tube) made using
a semi-circular acrylic with a diameter of 15cm which is colored DIY (Do It Yourself); as a medium for placing
convex lenses. The third (3) is a sticker attached to the PVC part as a rectifier of incoming light so that it is
focused downward. Fourth (4) is PVC. Fifth (5) is a solar panel along with a light sensor installed in it, as a
light intensity catcher. The six (6) are batteries, as power storage to supply sensors and lights. Seventh (7) is a
lamp, as lighting at night. The eighth (8) are cables: connecting solar panels, sensors, batteries, lights, and
switches. And finally (9) is an embedded system that can process and control as an on/off control for lighting.
The light sensor captures the intensity of sunlight (lux) and converts it to solar irradiation, then the value of the
irradiation is used as solar irradiation forecasting data.
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Fig. 5 is an embedded system block that is implemented in the solar tube model of this study. The system
used there are two blocks. The first block is the inner area, where there are solar panels (PV), sensors, and
diodes. The inner area is used for the acquisition of data and information to be analyzed as the potential for
light entering the solar tube. In addition, solar panels are used as a power generator for lighting lamps and a
source for other components. Furthermore, the second block is the outer area of the solar tube (see Fig. 4(b)).
This area is a charging system and data processing sent by sensors and solar panels. The data obtained by the
sensor is sent to storage by the microcontroller (Node-MCU). Meanwhile, the light captured by the solar panels
is sent to the SCC as a storage system in the battery. SCC receives electrical energy that has been sent by solar
panels through the charging control to be stored in the battery.

(a) o ©
Fig. 4. (a) Design of Solar Tube, (b) Solar Tube Model, (c) Application of Solar Tube

In-Solar Tube

Information: Iiradiance
Wirmng Ex-Solar Tube
Wiring

Fig. 5. Embedded System on Solar Tube

2.2. Data Preparation

Before implementing the proposed framework, some data is required for pre-processing, which includes
selecting data where some data is missing or incorrectly recorded to be discarded and not included in the
experiment [21]. Eliminating data and matching based on long time series of sunlight. The steps taken include
collecting solar irradiation data that has been read by the sensor. Data checking is done by identifying readable
data formats and data readability [22]. Data cleaning is done by making a reasonable average value [23]. An
input data normalization method for forecasting solar irradiance was also carried out [24]. In this article, a
normalization technique has been selected to be used. Data normalization converts actual numbers into values
that range from 0 to 1 in order to reduce errors. Min-max normalization is the method for data normalization
that is employed [25]. The min-max normalization equation can be seen in (1).

x — min (x)

= 1
Tnorm max(x) — min (x) M)
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where, X,,,,m is normalized data, x is actual data / initial data, min (x) is minimum data value, max(x) is
maximum data value.

2.3. Long Short-Term Memory (LSTM)

LSTM is a kind of recurrent neural network that can learn and extract temporal relationships in data [26].
Utilizing internal memory units and gate mechanisms, LSTM overcomes the drawbacks of RNN [27]. The
LSTM unit consisting of memory cells, input gates, output gates, and forget gates [28] is shown in Fig. 6. The
performance of the LSTM method in reading time series is so good that it can be used for short-term forecasting
[29], [30]. The stages in using the LSTM method start from collecting data, preprocessing data, modeling data,
and evaluating [31]. In the data modeling section, the LSTM architecture is made so that it can be used in

forecasting irradiation.
®
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Fig. 6. LSTM Units

The main component of the LSTM is the unit cell, which is the path in memory from the previous
block, C;_; to the current block of memory, C; [32]. Thus, allowing information from memory to the device.
The path on the LSTM unit can be decided on all the previous information. This network can be defined in
terms of functional equations:

fe = o(Wy. [ht_p xt] + by 2)

where h;_; and x; are linear transformations and the input is changed to a sigmoid form to get an output [33]
of 0 to 1 for each cell in C,_; condition. Then for the current input x, and output h,_, combined, the i, and
C; functions [34] are obtained as follows:

i = o(W;. [he_q, x.] + by 3)
C = tanh (W,.[h,_,,x,] + b,) “)
Co=fiXxheq+ip*Ce 5)
At the final stage of the LSTM cell, the output can be obtained by the unit cell.
0y = Wy [he_q, x:] + bo) (6)
h; = o, x tanh (C;) @)

where it is represented by the part of the input that will be selected as the composition of the output and ht. The
steps taken in this method are shown in Fig. 7.
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Fig. 7. Solar Irradiation Forecasting Flowchart with LSTM Regression Model and Multiple Repeats

2.4. Exponential Smoothing

Exponential smoothing methods are classified into (a) Simple Exponential Smoothing Method (b)
Corrected Exponential Smoothing Method (c¢) Holt Winter Method [35]. The Holts exponential smoothing
method is the best method for measuring estimates [36]. The Exponential Smoothing method is part of the
time-series analysis technique [37]. This technique is used when the dataset has no variance and cyclic trends
[38].

The Holts winter method is used to measure levels, trends, and periodicity [39]. All three are needed as a
measure of increasing and decreasing trends [40]. Forecasts for future periods are presented as:

Verr = (ac + be)Cryy (3
where,

a2+ 9
a, = a C, +( a)(ar_1 + bi_q) )
by = Bla, —a;_1) + (1 = B)b,_y (10)

Vi
Cerr=7|=)+ A -7)C 11
=7 (Z)+a-ne (n

o, B, vy are constants to calculate the level, trend, and periodicity indices. This model is a statistical
technique that can obtain seasonal information [41]. The following are the steps before calculating forecasting
estimates using the exponential smoothing method shown in Fig. 8.
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2.5. Index Evaluation

In forecasting case studies, it is necessary to evaluate the index by measuring the error, there are several
suggestions to evaluate the performance of the forecasting model [42]. One such measurement of error is the
Root Mean Square Error (RMSE) [43]. RSME is commonly used as a parameter optimization model, validation
model, selection model, comparison model, and forecasting evaluation [44].

RSME in this study is by measuring the difference between the actual value and the forecast value. RMSE
is used as a forecasting evaluation [45], [46]. So, a lower value indicates a better forecasting result, and it can
be formulated as:

RMSE = %Zil(pf _ Pay (12)

4

where N is the number of observations; Pf is the forecast value and Pa is the actual value.
As a comparison of the results of the RMSE value, the Mean Absolute Error (MAE) is used which is a
method for measuring the accuracy of the prediction model [47] and can be formulated as follows:

1 N
MAE =) |Pa—Pf] (13)
N£Lui,

L

3. RESULTS AND DISCUSSION
3.1. Data Collection

The data is obtained from the irradiation of light that enters through the solar tube and is stored in storage
via the sensor. The data set processed in this study was obtained from measurements of solar irradiance in
sunny conditions. Data collection was carried out in sunny conditions because it represents a stable condition
in sunlight. Data collection began at 06.00 WIB - 18.00 WIB from 16 to 18 April 2022 at the location of Seboro
Village, Krejengan District, Probolinggo Regency. This location was chosen because it is close to the
researcher's residence to facilitate accessibility. Irradiation data is presented with measurements of 1 day per
30 minutes. The presentation of the data is shown in Fig. 9.

The measurement technique is carried out by reading the BH1750 sensor calibrated with the Lutron LM-
8000 sensor to ensure that the readings are following the measuring device.
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Fig. 9. Irradiance Data Graph

3.2. Forecasting

Table 1 shows the parameters used in this forecasting case. The LSTM parameter used serves as the length
of time the training and testing process is carried out on the dataset to bring up the performance value of the
forecast [48]. Whereas in exponential smoothing seasonality, it is used to determine the amount of seasonality
that occurs in the dataset [49].

Table 1. Parameter of LSTM Model Regression, Multiple, and Exponential Smoothing
Parameter LSTM Regression LSTM Multiple Exponential Smoothing

Epoch 100 100 -
Optimizer Adam Adam True
Batch Size 1 | -
Seasonal - - Add (12 periods)

The results of the training data for LSTM obtained trend values that determine the forecasting of solar
irradiation values shown in Fig. 10. Data training is carried out for 30-45 seconds.

Irradlance e |Tadiation = Trend
T\ P T~
! /
250 | 4 y \ / _\-~\
/ (S / ~— Ly
0 - ~— ~— — I
5 8 6 B 6 18
Day 1 Day 2 Day 3

Fig. 10. Trend and Irradiation Data

The trend function reveals information about the tendency of data to vary over time. This knowledge is
very helpful in predicting future values and finding long-term trends in historical data [50]. Forecasting
methods can produce more precise and relevant projections by considering trends, especially if there are
significant data changes from time to time.
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Fig. 11. Irradiation Graph and Irradiation Forecasting Result

From the forecasting results in Fig. 11, an evaluation of the RMSE value is carried out as an evaluation
of the results of the accuracy of predictions with the regression model, data training is carried out for 30-45
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seconds. From the LSTM Regression test that has been carried out, an average RSME of 42.60 and an MAE
value 0f 40.21 is obtained (see Table 2).

Then carry out the solar irradiation forecasting process using the LSTM Multiple Repeats model to test
different training data. In testing, the results were obtained from the multiple repeat model (see Fig. 12) and
obtained the 1st and 2nd RSME and MAE values as described in Table 2.

Percentage
RMSE Test RMSE-1  —— Max
64
7%
63
62
50%
61
60 25%
59
58 Test RMSE-2 Min
mse

Fig. 12. Candlestick Charts use the Multiple Repeater Model LSTM Method

Furthermore, the results of forecasting with the exponential smoothing method as a comparison with the
LSTM method are shown in Fig. 13. In the graph, there are three pieces of information, namely, (1) train is the
training result of 60% of the data, (2) test is the test result of 40% of the data used as a forecasting test, (3)
forecast is the result of forecasting using data that has been tested before. After obtaining the forecasting results,
a performance evaluation is carried out through RMSE calculations and produces a value of 45.73 and an MAE
value of 42.92.

Irradiance

500

400

Time

Day 1 Day 2 Day 3

Fig. 13. Exponential Smoothing Results

Table 2. RMSE and MAE Results

Method Model RMSE Value MAE Value
LSTM Regression 42.60 40.21
. 47.16 43.87
Multiple Repeat 83.57 79 35
Exponential Smoothing Holts Winter 45.73 42.92

The mean square root of the discrepancy between the projected value and the actual value is used by
RMSE to gauge the precision of prediction error. The prediction model is more accurate with the smaller
RMSE. The LSTM had the lowest RMSE in this comparison, at 42.60, indicating a considerably superior
performance in predicting the true value.

The average of the absolute differences between the anticipated values and the actual values is computed
to determine the magnitude of prediction error (MAE). A lower MAE suggests improved prediction accuracy.
The lowest MAE in this situation is 40.21 for the LSTM, indicating that this model has a lower prediction error
rate than other approaches. We must consider both the RMSE and MAE values to select the optimum approach.
Due to lower values for RMSE and MAE in this comparison, LSTM performs better than Multiple Repeat and
Exponential Smoothing in terms of performance.
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4. CONCLUSION

Based on the forecasting results of irradiation data, RMSE and MAE values were obtained from
forecasting using the regression model with an average value of 42.60 and 40.21 respectively with a test time
of 35-40 seconds. Furthermore, the RSME forecasting results using the LSTM Multiple Repeats test obtained
the smallest RSME and MAE results in the first test with values of 47.16 and 43.87 with a test time of 11
minutes and 9 seconds. While the RSME forecasting results with the exponential smoothing method is 45.73.
Both of these methods can be used for forecasting but based on the RSME and MAE values of the two methods,
the results of the LSTM regression model have a better value with RSME and MAE results of 42.60 and 40.21.
The limitations of using this method are in different software and case studies. In this study, linear regression
LSTM has been proven to be used with fairly accurate results.

Acknowledgments
Thanks are conveyed to the Institute for Research and Community Service (LP2M) the State University
of Malang for funding this research activity through Basic Research Grants — Thesis Research for the 2022
Fiscal Year Number. 19.5.1236/UN32.201.1/LT/2022.

REFERENCES

[11 K. Jeyaraj, D. Durairaj, and A. 1. S. Velusamy, “Development and performance analysis of PSO-optimized sliding
mode controller—based dynamic voltage restorer for power quality enhancement,” Int. Trans. Electr. Energy Syst.,
vol. 30, no. 3, pp. 1-14, 2020, https://doi.org/10.1002/2050-7038.12243.

[2] M. Maulidia, P. Dargusch, P. Ashworth, and F. Ardiansyah, “Rethinking renewable energy targets and electricity
sector reform in Indonesia: A private sector perspective,” Renew. Sustain. Energy Rev., vol. 101, pp. 231-247, 2019,
https://doi.org/10.1016/j.rser.2018.11.005.

[3] N. Winanti, G. A. Setia, N. Heryana, H. R. Iskandar, and A. Purwadi, “Analysis of Energy-Saving Solar Lamp in
Ciater, Indonesia,” in 2019 2nd International Conference on High Voltage Engineering and Power Systems
(ICHVEPS), pp. 140-144, 2019, https://doi.org/10.1109/ICHVEPS47643.2019.9011149.

[4] L Wali, R. Wali, S. Ali, “Power Quality Enhancement & Optimization of Hybrid Renewable System,” Pakistan
Journal of Engineering and Technology, vol. 3, no. 2, pp. 1-5, 2020, https://doi.org/10.51846/vol3iss2pp1-5.

[5] Y. Tiandho, I. Dinata, W. Sunanda, R. F. Gusa, and D. Novitasari, “Solar energy potential in Bangka belitung islands,
Indonesia,” [IOP Conf. Ser. Earth Environ. Sci., vol. 257, no. 1, 2019, https://doi.org/10.1088/1755-
1315/257/1/012022.

[6] M. Ul Mehmood et al., “A New Cloud-Based IoT Solution for Soiling Ratio Measurement of PV Systems Using
Artificial Neural Network,” Energies, vol. 16, no. 2, pp. 1-14, 2023, https://doi.org/10.3390/en16020996.

[71 Y. Yu, J. Cao, and J. Zhu, “An LSTM Short-Term Solar Irradiance Forecasting under Complicated Weather
Conditions,” IEEE Access, vol. 7, pp. 145651-145666, 2019, https://doi.org/10.1109/ACCESS.2019.2946057.

[8] A. Shadab, S. Ahmad, and S. Said, “Spatial forecasting of solar radiation using ARIMA model,” Remote Sens. Appl.
Soc. Environ., vol. 20, p. 100427, 2020, https://doi.org/10.1016/j.rsase.2020.100427.

[91 H.Zhou, Y. Zhang, L. Yang, Q. Liu, K. Yan, and Y. Du, “Short-Term photovoltaic power forecasting based on long
short term memory neural network and attention mechanism,” /EEE Access, vol. 7, pp. 7806378074, 2019,
https://doi.org/10.1109/ACCESS.2019.2923006.

[10] E. Akarslan, F. O. Hocaoglu, and R. Edizkan, “Novel short term solar irradiance forecasting models,” Renew. Energy,
vol. 123, pp. 58-66, 2018, https://doi.org/10.1016/j.renene.2018.02.048.

[11] W. Charfi, M. Chaabane, H. Mhiri, and P. Bournot, “Performance evaluation of a solar photovoltaic system,” Energy
Reports, vol. 4, pp. 400-406, 2018, https://doi.org/10.1016/j.egyr.2018.06.004.

[12] Y. Jung, J. Jung, B. Kim, and S. U. Han, “Long short-term memory recurrent neural network for modeling temporal
patterns in long-term power forecasting for solar PV facilities: Case study of South Korea,” J. Clean. Prod., vol. 250,
p- 119476, 2020, https://doi.org/10.1016/j.jclepro.2019.119476.

[13] A.D. Spacek, J. M. Neto, L. D. Biléssimo, O. H. A. Junior, M. V. F. De Santana, and C. D. F. Malfatti, “Proposal of
the tubular daylight system using acrylonitrile butadiene styrene (ABS) metalized with aluminum for reflective tube
structure,” Energies, vol. 11, no. 1, pp. 1-12, 2018, https://doi.org/10.3390/en11010199.

[14] S. Mujeeb, N. Javaid, M. Ilahi, Z. Wadud, F. Ishmanov, and M. K. Afzal, “Deep long short-term memory: A new
price and load forecasting scheme for big data in smart cities,” Sustain., vol. 11, no. 4, pp. 1-29, 2019,
https://doi.org/10.3390/sul1040987.

[15] N. Somu, G. R. M R, and K. Ramamritham, “A hybrid model for building energy consumption forecasting using
long  short term  memory  networks,”  Appl.  Energy, vol. 261, p. 114131, 2020,
https://doi.org/10.1016/j.apenergy.2019.114131.

[16] A. Sherstinsky, “Fundamentals of Recurrent Neural Network (RNN) and Long Short-Term Memory (LSTM)
network,” Phys. D Nonlinear Phenom., vol. 404, p. 132306, 2020, https://doi.org/10.1016/j.physd.2019.132306.

[17] C. Xiang et al., “A solar tube: Efficiently converting sunlight into electricity and heat,” Nano Energy, vol. 55, pp.
269-276, 2019, https://doi.org/10.1016/j.nanoen.2018.10.077.

[18] C. Correa-Jullian, J. M. Cardemil, E. Lopez Droguett, and M. Behzad, “Assessment of Deep Learning techniques for
Prognosis of solar thermal systems,” Remew. Energy, vol. 145, pp. 2178-2191, 2020,

Forecasting Solar Irradiation on Solar Tubes Using the LSTM Method and Exponential Smoothing (Wahyu Tri Handoko)


http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&
https://doi.org/10.1002/2050-7038.12243
https://doi.org/10.1016/j.rser.2018.11.005
https://doi.org/10.1109/ICHVEPS47643.2019.9011149
https://doi.org/10.51846/vol3iss2pp1-5
https://doi.org/10.1088/1755-1315/257/1/012022
https://doi.org/10.1088/1755-1315/257/1/012022
https://doi.org/10.3390/en16020996
https://doi.org/10.1109/ACCESS.2019.2946057
https://doi.org/10.1016/j.rsase.2020.100427
https://doi.org/10.1109/ACCESS.2019.2923006
https://doi.org/10.1016/j.renene.2018.02.048
https://doi.org/10.1016/j.egyr.2018.06.004
https://doi.org/10.1016/j.jclepro.2019.119476
https://doi.org/10.3390/en11010199
https://doi.org/10.3390/su11040987
https://doi.org/10.1016/j.apenergy.2019.114131
https://doi.org/10.1016/j.physd.2019.132306
https://doi.org/10.1016/j.nanoen.2018.10.077

ISSN: 2338-3070 Jurnal Ilmiah Teknik Elektro Komputer dan Informatika (JITEKI) 659

Vol. 9, No. 3, September 2023, pp. 649-660

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]
[41]

[42]

https://doi.org/10.1016/j.renene.2019.07.100.

S. H. Rafi, N. Al-Masood, S. R. Deeba, and E. Hossain, “A short-term load forecasting method using integrated CNN
and LSTM network,” IEEE Access, vol. 9, pp. 32436-32448, 2021, https://doi.org/10.1109/ACCESS.2021.3060654.
A.J. W. Whang, T. H. Yang, Z. H. Deng, Y. Y. Chen, W. C. Tseng, and C. H. Chou, “A review of daylighting
system: For prototype systems performance and development,” FEnergies, vol. 12, no. 15, 2019,
https://doi.org/10.3390/en12152863.

R. Ahmed, V. Sreeram, Y. Mishra, and M. D. Arif, “A review and evaluation of the state-of-the-art in PV solar power
forecasting: Techniques and optimization,” Renew. Sustain. Energy Rev., vol. 124, p. 109792, 2020,
https://doi.org/10.1016/j.rser.2020.109792.

P. Doupe, J. Faghmous, and S. Basu, “Machine Learning for Health Services Researchers,” Value Heal., vol. 22, no.
7, pp. 808-815, 2019, https://doi.org/10.1016/j.jval.2019.02.012.

T. Wang, H. Ke, X. Zheng, K. Wang, A. K. Sangaiah, and A. Liu, “Big Data Cleaning Based on Mobile Edge
Computing in Industrial Sensor-Cloud,” IEEE Trans. Ind. Informatics, vol. 16, no. 2, pp. 1321-1329, 2020,
https://doi.org/10.1109/T11.2019.2938861.

N. Passalis, A. Tefas, J. Kanniainen, M. Gabbouj, and A. Iosifidis, “Deep Adaptive Input Normalization for Time
Series Forecasting,” IEEE Trans. Neural Networks Learn. Syst., vol. 31, no. 9, pp. 3760-3765, 2020,
https://doi.org/10.1109/TNNLS.2019.2944933.

S. Hashunao, H. Sunku, and R. K. Mehta, “Modelling and Forecasting of Solar Radiation Data: A Case Study,” in
Modeling, Simulation and Optimization: Proceedings of CoMSO 2020, pp. 1-13, 2021, https://doi.org/10.1007/978-
981-15-9829-6.

X. H. Le, H. V. Ho, G. Lee, and S. Jung, “Application of Long Short-Term Memory (LSTM) neural network for
flood forecasting,” Water (Switzerland), vol. 11, no. 7, 2019, https://doi.org/10.3390/w11071387.

S. Mahjoub, L. Chrifi-Alaoui, B. Marhic, and L. Delahoche, ‘“Predicting Energy Consumption Using LSTM, Multi-
Layer GRU and Drop-GRU Neural Networks,” Sensors, vol. 22, no. 11, pp. 1-20, 2022,
https://doi.org/10.3390/522114062.

B. B. Sahoo, R. Jha, A. Singh, and D. Kumar, “Long short-term memory (LSTM) recurrent neural network for low-
flow hydrological time series forecasting,” Acta Geophys., vol. 67, no. 5, pp. 1471-1481, 2019,
https://doi.org/10.1007/s11600-019-00330-1.

M. Rahimzad, A. Moghaddam Nia, H. Zolfonoon, J. Soltani, A. Danandeh Mehr, and H. H. Kwon, “Performance
Comparison of an LSTM-based Deep Learning Model versus Conventional Machine Learning Algorithms for
Streamflow Forecasting,” Water Resour. Manag., vol. 35, mno. 12, pp. 41674187, 2021,
https://doi.org/10.1007/s11269-021-02937-w.

J. Robinson et al., “Performance comparison of solar radiation forecasting between WRF and LSTM in Gifu, Japan
To,” J. Phys. Energy, vol. 2, pp. 0-31, 2020, https://doi.org/10.1088/2515-7620/ab7366.

V. K. R. Chimmula and L. Zhang, “Time series forecasting of COVID-19 transmission in Canada using LSTM
networks,” Chaos, Solitons and Fractals, vol. 135, 2020, https://doi.org/10.1016/j.chaos.2020.109864.

R. Zhang, Z. Chen, S. Chen, J. Zheng, O. Biiyiikoztiirk, and H. Sun, “Deep long short-term memory networks for
nonlinear structural seismic response prediction,” Comput. Struct., vol. 220, pp. 55-68, 2019,
https://doi.org/10.1016/j.compstruc.2019.05.006.

S. Siami-Namini, N. Tavakoli, and A. S. Namin, “The Performance of LSTM and BiLSTM in Forecasting Time
Series,” Proc. - 2019 I[IEEE Int. Conf. Big Data, Big Data 2019, pp. 3285-3292, 2019,
https://doi.org/10.1109/BigData47090.2019.9005997.

K. Yan, W. Li, Z. Ji, M. Qi, and Y. Du, “A Hybrid LSTM Neural Network for Energy Consumption Forecasting of
Individual Households,” IEEE Access, vol. 7, pp- 157633-157642, 2019,
https://doi.org/10.1109/ACCESS.2019.2949065.

T. C. Lwin, T. T. Zin, and P. Tin, “Predicting calving time of dairy cows by exponential smoothing models,” in 2020
IEEE  9th  Global  Conference on  Consumer  Electronics (GCCE), pp. 322-323, 2020,
https://doi.org/10.1109/GCCE50665.2020.9291903.

W. Sulandari, Suhartono, Subanar, and P. C. Rodrigues, “Exponential smoothing on modeling and forecasting
multiple seasonal time series: An overview,” Fluct. Noise Lett., vol. 20, no. 04, p. 2130003, 2021,
https://doi.org/https://doi.org/10.1142/S0219477521300032.

B. Ramesh, R. Madhusudanarao, V. H. Vamsi, and S. V. R. L. Kumari, “Power system dynamic state estimation
using exponential smoothing methods,” 2018 3rd IEEE Int. Conf. Recent Trends Electron. Inf. Commun. Technol.
RTEICT 2018 - Proc., pp. 1202—1205, 2018, https://doi.org/10.1109/RTEICT42901.2018.9012352.

I. Al-Turaiki, F. Almutlaq, H. Alrasheed, and N. Alballa, “Empirical evaluation of alternative time-series models for
covid-19 forecasting in Saudi Arabia,” Int. J. Environ. Res. Public Health, vol. 18, no. 16, 2021,
https://doi.org/10.3390/ijerph18168660.

I. Svetunkov, H. Chen, and J. E. Boylan, “A new taxonomy for vector exponential smoothing and its application to
seasonal  time  series,” FEur. J. Oper. Res., vol. 304, mno. 3, pp. 964-980, 2023,
https://doi.org/10.1016/j.ejor.2022.04.040.

A. 1. Almazrouee, A. M. Almeshal, and A. S. Almutairi, “Long-Term Forecasting of Electrical Loads in Kuwait,”
Appl. Sci., vol. 10, p. 5627, 2020, https://doi.org/10.3390/app10165627.

S. Smyl, “A hybrid method of exponential smoothing and recurrent neural networks for time series forecasting,” Int.
J. Forecast., vol. 36, no. 1, pp. 75-85, 2020, https://doi.org/10.1016/j.ijforecast.2019.03.017.

R. A. Rajagukguk, R. A. A. Ramadhan, and H.-J. Lee, “A Review on Deep Learning Models for Forecasting Time

Forecasting Solar Irradiation on Solar Tubes using the LSTM Method and Exponential Smoothing (Wahyu Tri Handoko)


http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&
https://doi.org/10.1016/j.renene.2019.07.100
https://doi.org/10.1109/ACCESS.2021.3060654
https://doi.org/10.3390/en12152863
https://doi.org/10.1016/j.rser.2020.109792
https://doi.org/10.1016/j.jval.2019.02.012
https://doi.org/10.1109/TII.2019.2938861
https://doi.org/10.1109/TNNLS.2019.2944933
https://doi.org/10.1007/978-981-15-9829-6
https://doi.org/10.1007/978-981-15-9829-6
https://doi.org/10.3390/w11071387
https://doi.org/10.3390/s22114062
https://doi.org/10.1007/s11600-019-00330-1
https://doi.org/10.1007/s11269-021-02937-w
https://doi.org/10.1088/2515-7620/ab7366
https://doi.org/10.1016/j.chaos.2020.109864
https://doi.org/10.1016/j.compstruc.2019.05.006
https://doi.org/10.1109/BigData47090.2019.9005997
https://doi.org/10.1109/ACCESS.2019.2949065
https://doi.org/10.1109/GCCE50665.2020.9291903
https://doi.org/https:/doi.org/10.1142/S0219477521300032
https://doi.org/10.1109/RTEICT42901.2018.9012352
https://doi.org/10.3390/ijerph18168660
https://doi.org/10.1016/j.ejor.2022.04.040
https://doi.org/10.3390/app10165627
https://doi.org/10.1016/j.ijforecast.2019.03.017

660

Jurnal Ilmiah Teknik Elektro Komputer dan Informatika (JITEKI) ISSN 2338-3070
Vol. 9, No. 3, September 2023, pp. 649-660

[43]
[44]

[45]

[46]

[47]

[48]

[49]

[50]

Series Data of Solar Irradiance and Photovoltaic Power,” Energies, vol. 13, no. 24, p. 6623, 2020,
https://doi.org/10.3390/en13246623.

D. S. K. Karunasingha, “Root mean square error or mean absolute error? Use their ratio as well,” Inf. Sci. (Ny)., vol.
585, pp. 609-629, 2022, https://doi.org/https://doi.org/10.1016/j.ins.2021.11.036.

H. Abdul-Kader, M. Abd-Elsalam, and M. Mohamed, “Hybrid Machine Learning Model for Rainfall Forecasting,”
J. Intell. Syst. Internet Things, vol. 1, no. 1, pp. 5-12, 2020, https://doi.org/10.54216/jisiot.010101.

A. R. Abdellah and A. Koucheryavy, “Deep Learning with Long Short-Term Memory for IoT Traffic Prediction,” in
Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial Intelligence and Lecture Notes in
Bioinformatics), vol. 12525, pp. 267-280, 2020, https://doi.org/10.1007/978-3-030-65726-0_24.

W. Wang and Y. Lu, “Analysis of the Mean Absolute Error (MAE) and the Root Mean Square Error (RMSE) in
Assessing Rounding Model,” IOP Conf. Ser. Mater. Sci. Eng., vol. 324, no. 1, 2018, https://doi.org/10.1088/1757-
899X/324/1/012049.

D. Chicco, M. J. Warrens, and G. Jurman, “The coefficient of determination R-squared is more informative than
SMAPE, MAE, MAPE, MSE and RMSE in regression analysis evaluation,” PeerJ Comput. Sci., vol. 7, pp. 1-24,
2021, https://doi.org/10.7717/PEERJ-CS.623.

A. Sagheer and M. Kotb, “Time series forecasting of petroleum production using deep LSTM recurrent networks,”
Neurocomputing, vol. 323, pp. 203-213, 2019, https://doi.org/10.1016/j.neucom.2018.09.082.

H. Yonar, “Modeling and Forecasting for the number of cases of the COVID-19 pandemic with the Curve Estimation
Models, the Box-Jenkins and Exponential Smoothing Methods,” Eurasian J. Med. Oncol., vol. 4, no. 2, pp. 160-165,
2020, https://doi.org/10.14744/ejmo0.2020.28273.

H. Liu et al., “Forecast of the trend in incidence of acute hemorrhagic conjunctivitis in China from 2011-2019 using
the Seasonal Autoregressive Integrated Moving Average (SARIMA) and Exponential Smoothing (ETS) models,” J.
Infect. Public Health, vol. 13, no. 2, pp. 287-294, 2020, https://doi.org/10.1016/j.jiph.2019.12.008.

BIOGRAPHY OF AUTHORS

Wahyu Tri Handoko, received an A.Md. in the field of ship electrical engineering from the
Surabaya State Shipping Polytechnic in 2018 and the title of S.T. in electrical engineering
from Surabaya State University in 2021. Currently pursuing education to obtain an M.T. in
electrical engineering from State University of Malang. His research interests include energy
conversion, power systems, data science and artificial intelligence. I can be contacted at
email: wahyutrihandoko.ee@gmail.com.

Muladi, received the title of S.T. and M.T. in telecommunications from the Surabaya Sepuluh
Nopember Institute of Technology in 1994 and 2002 respectively, and received a Dr. degree
in telecommunications from the Malaysian University of Technology in 2007. Currently a
lecturer at the Department of Electrical Engineering, State University of Malang. His research
interests include wireless communications, light wireless communications, source coding and
error control coding, data security, communication protocol power line communications,
routing in WSNs and location tracking. I can be contacted at email: muladi@um.ac.id.

Anik Nur Handayani, received the title of S.T. in electrical engineering from Brawijaya
University, Malang in 2004 and received an MT in electrical engineering from the Sepuluh
Nopember Institute of Technology Surabaya in 2008. After that he received the title of Dr.
Eng. in science and advanced from Saga University, Japan in 2014. Currently a lecturer at the
Department of Electrical Engineering, State University of Malang. His research interests
include Intelligent Systems and Assistive Technology. I can be contacted at email:
aniknur.ft@um.ac.id.

Forecasting Solar Irradiation on Solar Tubes Using the LSTM Method and Exponential Smoothing (Wahyu Tri Handoko)


http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&
https://doi.org/10.3390/en13246623
https://doi.org/10.3390/en13246623
https://doi.org/https:/doi.org/10.1016/j.ins.2021.11.036
https://doi.org/10.54216/jisiot.010101
https://doi.org/10.1007/978-3-030-65726-0_24
https://doi.org/10.1088/1757-899X/324/1/012049
https://doi.org/10.1088/1757-899X/324/1/012049
https://doi.org/10.7717/PEERJ-CS.623
https://doi.org/10.1016/j.neucom.2018.09.082
https://doi.org/10.14744/ejmo.2020.28273
https://doi.org/10.1016/j.jiph.2019.12.008
mailto:wahyutrihandoko.ee@gmail.com
mailto:muladi@um.ac.id
mailto:aniknur.ft@um.ac.id

