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ABSTRACT

The paper proposes based on meteorology data, especially for
optimizing the operation of power generating electricity from
photovoltaic energy. This paper proposes a novel methodology for

very short term forecasting of hourly global solar irradiance (GSI).

This methodology is a combination of Kk-nearest neighbor
algorithm (k-NN) modelling and multilayer backpropagation
learning neural network (BPLNN) model. The k-NN-multilayer
BPLNN maodel is designed to forecast GSI for | hours ahead
based on meteorology data for the target PV station which
position is surrounded by eight other adjacent PV stations. The
forecasting for global solar irradiance using k-NN-multilayer
BPLNN modelling is a very powerful technique to determine the
behaviour of time series data. The first method implements k-NN
as a preprocessing technigue prior to backpropagation learning
method. The error statistical indicators of k-NN- multilayer
BPLNN models used momentum (mc) = 0.8 the root-mean-square
error (RMSE) is 176.5 W/m®. The models forecasts are then
compared to measured data and validation results indicate that the
k-NN-BPLNN based method presented in this study can estimate
hourly GSI with satisfactory accuracy.
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1. INTRODUCTION

Nowadays, forecasting global solar irradiance is an essential task
to perform, particularly related to the rise of photovoltaic solar

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. Copyrights for
components of this work owned by others than ACM must be honored.
Abstracting with credit is permitted. To copy otherwise, or republish, to
post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from Permissions @acm.org.

ICGSP 'I7, June 24-27, 2017, Singapore, Singapore

© 2017 Association for Computing Machinery.

ACM ISBN 978-1-4503-5239-0/17/06...$15.00

DOLI: https://doi.org/10.1145/3121360.3121362

Chao Rong Chen

Department of Electrical Engineering, National Taipei
University of Technology, 1, Section 3, Zhong-Xiao

(Chung-Hsiao) E. Rd., Da‘an Dist., Taipei 106, Taiwan

02 2771 2171#1016
crchen@ntut.edu.tw

energy as a source of power. Since solar power is categorized as
intermittent energy sources, the forecasting is paramount to
regulate electricity load in power network. It also functions to
optimize power delivery and unit commitment and in extension,
minimize the operating cost of power system. Moreover,
distribution of load, electric energy storage, and energy supply
will be maximized and more reliable.

The performance of photovoltaic systems (PV) is heavily
influenced by some meteorological conditions, consisting of a
temperature, global irradiation, humidity, wind speed and wind
direction. The relation is clear: electrical energy generated by the
photovoltaic (PV) solar depends on the amount of the global solar
irradiance received by photovoltaic panels. Previous research have
presented a variety of mathematical modelling for global solar
irradiance forecasting in relation to meteorological variables.
Mark etal. [1] and Liu etal. [2] presented Augmented Efficient
BackProp as a strategy for applying the backpropagation
algorithm to deep autoencoders and explain multilayer BP
gradient descent with adaptive momentum. Zhang et. al[3]
presented a novel BP algorithm for condition recognition. The
forecasting GSI with statistical methods kNN, Fatih [4] and Hugo
et.al. [5] presented modelling of solar irradiation. Sancho et.al. [6]
worked on the prediction of daily global irradiation using
temporal Gaussian process. Dazhi etal. [7] and [8] studied the
forecasting of global horizontal irradiance by exponential
smoothing.  Spatiotemporal  pattern  recognition for  global
horizontal irradiance forecasting has been proposed as well by
Licciardi etal. [9]. In Badia et.al. [10], ANN based on daily local
forecasting for global solar radiation was explained, and Wong
et.al. [11] presented the solar radiation model.

To get multi-horizon irradiation forecasting for Mediterranean,
time series models have been proposed by Paolia et.al. [12]. Elke
et.al. [13] presented irradiance forecasting for the power
prediction of grid-connected photovoltaic systems. Wang et.al.
[14] studied short term solar irradiance forecasting model based
on ANN. Another study on GSI forecasting using ANN was
performed by Adel et.al. [15] which they applied the prediction to
a grid-connected PV plant. Optimizing short term forecasting of
solar radiation using statistical approach of satellite data have
been proposed by Hammer etal. [16]. Xiao etal. [17] have
presented about optimization models for feature selection of
decomposed nearest neighbor. Validation of short and medium
term operational solar radiation forecasts was studied by Richard
et.al. [18]. Forecasting of global and direct solar irradiance using




stochastic methods, have been proposed by Marquez et.al. [19].
For prediction of global solar irradiance based on time series
analysis, Luis and zarzalejo applied the analysis to solar thermal
power plants energy production planning [20]. Remus etal. [21]
have presented about functional fuzzy approach for forecasting
daily GSI and very short term forecasting of the global horizontal
irradiance using a spatiotemporal autoregressive model have been
proposed by Dambreville et.al. [22]. Review of solar irradiance
forecasting methods and a proposition for small-scale insular grids
have been proposed by Diagne et.al. [23]. Short term solar power
prediction using a support vector machine have been proposed
Zeng et.al. [24]. Dong et.al. [25] have presented about short term
solar irradiance forecasting using exponential smoothing state
space model. Ren et. al. [26] have presented about short term
wind speed forecasting by empirical mode decomposition model.
ANN model for prediction solar radiation data have been
proposed by Mellit et.al [27]. Farhad et. al. [28] have presented k-
nn and artificial neural network for approach in bloggers
classification with hybrid. A multilayer neural network with an
adaptive leaming algorithm is designed for short term load
forecasting have been proposed by Long et. al. [29].

The aforementioned studies elaborated on GSI forecasting at one
target PV station, but have yet to forecast GSI at PV station which
position is surrounded by other PV stations. This paper presents a
part of a research in progress seeking to estimate and forecast
global solar irradiation at PV station for energy production by one
hours ahead. In this siudy, a novel methodology that combines k-
NN modelling and multilayer BPLNN with gradient descent
adaptive rate and algorithm used weight initialization nguyen
widrow modelling techniques has been developed. The remainder
of the paper is organized as follows: Section 2 describes the
maodelling PV station, section 3 describes the methodology, while
Section 4 presents study cases of the modelling in forecasting and
its measured error. Finally, Section 5 presents some concluding
remarks.

2. MODELLING

The global solar irradiance measurements were performed
continuously every 5 minutes in fourteen hours. The dataset
contains fourteen hours of data (from 5:10 am. to 1800 p.m.) on
08-June 2012. For this study, the very short-term forecasts of
clobal solar irradiance (GSI) was only provided by PV station S
which position was at the center. The k-NN locations surrounding
station S were Station A, Station B, Station C, Station D, Station
E, Station F, Station G and Station H we can see in Fig. 1.
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Figure 1. Modelling station S which is surrounded by eight
other photovoltaic-station.
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3. METHODOLOGY

This section explains basic idea of the developed methodology for
GSI forecasting, namely k-NN-multilayer BPLNN with gradient
descent adaptive rate and momentumn algorithm used weight
initialization nguyen-widrow model.

3.1 k-Nearest Neighbors (k-NN)

The k-NN forecast is computed using the features assembled in
the matrices. To find the K nearest neighbors based on the
Euclidean distance, this equation is used:

(1)

where d 1s the number of forecast instances in the optimization set.

3.2 Multilayer Backpropagation Learning NN
Backpropagation is an efficient and popular supervised learning
method for training multilayer BPLNN, the net inputs are given
by:

1
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where net; is the input signal from the external sources to node j in
the input layer
3.2.1 Weight Initialization Nguyen Widrow

The nguyen widrow scale factor (8) is defined as:

L=07H"" 3)
where H is the number of hidden units, N is the number of input
units and /4 is the scale factor, the weights are randomly selected
in the interval [-1,1] and then scaled by :
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y= B
M

4)

where v is the first layer weight vector while weight in the hidden
layer which is the bias given a random value between -f and .

4. ANALYSIS OF SIMULATION RESULT

This section discusses the result of k-NN-multilayer BPLNN with
cradient descent adaptive rate and momentum used weight
initialization Nguyen Widrow model.

4.1 k-NN Modelling
The procedure of k-NN for regression is as follows:

1}  Form d-dimensional feature from the historical data and form
n-dimensional distance
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2)  Form a Kernel function K(])=K7

JE] %

1=12.3,...5 as weighted averaging factor for k-NN aggregation.

The procedures are described in Fig. 2 which explain the global
solar irradiance forecasting process using hybrid k-NN-multilayer
BP learning neural network modelling.

4.1.1 Multilayer backpropagation

The proposed model in this research is used to predict the GSI
values for the next hours or one hour ahead, forecasting based on
meteorology  data. Research composition for parameter
momentum is me, = 0.6, me, = 0.7, me; = 0.8 and me, = 0.9, The
proposed k-NN-multilayer BPLNN model has to forecast GSI
values for the next hour or 1 hours ahead by taking into account
the forecasting data based on meteorology data. In figure 3
explained about the proposed forecasting model using k-NN-
multilayer BPLNN model. To model the existing relationship
between k-NN model forecasts and the real values of GSI at the
target location.

4.1.2 Proposed k-NN-multilaver BP learning neural
network modelling and validation

Using k-NN-multilayer BPLNN with gradient descent adaptive
rate and momentum used weight initialization Nguyen Widrow
maodel, it is expected that a valid result of GSI forecast will be
produced. The design forecast is divided into two stages:

e The first stage is calculating d-dimensional feature and n-
dimensional distance based on the Euclidean (k-NN model).

e The second stage is using multilayer BPLNN with gradient
descent adaptive rate and momentum used weight
initialization Nguyen Widrow based on the assumption that
the existing data input is a combination the results obtained
from k-NN model.

x(t)

k-NN
method

h J

BPLNN with Gradient descent
adaptive rate and momentum used
weight initialization Nguyen Widrow

ey

Figure 2. Flowchart Hybrid model used k-NN-multilayer BP
learning Neural Network algorithm
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Figure 3. The proposed forecasting model using k-NN-

multilayer BP learning neural network model
The research model proposed in this study seeks to estimate and
forecast a PV station production 1 hours ahead, which position is
located at the center and surrounded by eight other PV stations.
Root mean square error (RMSE) was used as error statistical
indicator. The estimation from k-NN-multilayer BPLNN model
was then compared with k-NN model and mean average of
meteorological data forecasts. Fig. 4 shows k-NN-multilayer BP
LNN algorithm with gradient descent adaptive rate and with
different parameter momentum, i.e me;, = 0.6, me; = 0.7, mey =
0.8 and mc, = 0.9 comparison for predicted, actual data and k-NN
of three subsels: training, validation, and test set. As seen in Fig. 4,
there is a good fit between actual and predicted data with
parameter momentum value is mec; = 0.8 for very short term GSI
forecasting in station target S.
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Figure 4. Very short term GSI forecasting based k-NN-
learning NN gradient descent and momentum
learning algorithm model, actual data, and k-NN
method

Fig. 5 illustrates the comparison of GSI forecasting in fourteen-
hours based on k-NN-multilayer BPLNN model, actual data, and
k-NN method. The result shows that very short term forecasting
simulation using k-NN-multilayer BPLNN algorithm method with
gradient descent adaptive rate and momentum value (mc; = 0.8)
during fourteen hour window gives better result compared to k-
NN method. And Fig. 5 illustrates very short-term (1 hours ahead)
GSI forecast using k-NN-multilayer BP leamning rate with
different value parameter momentum (mc;) = 08 and its
comparison with another value momentum (me,, me,, and mcy)
and actual data. It is evident that k-NN-multilayer BP with
gradient descent adaptive rate and momentum (mc, = 0.8) is in a
good agreement with measured data in the object station. To




evaluate the performance of the models, error statistical indicators
including measurement was used in the experiment, namely the
root mean square error (RMSE). Fig. 6 shows RMSE coefficient
between actual data and very short term (lhours ahead)
forecasting performance using k-NN and multilayer BP learning
neural network algorithm model used value parameter momentum
which different. It is evident that k-NN-multilayer BP learning
neural network algorithm model with value parameter (mcy) = 0.8
displays better prediction than k-NN model.
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Figure 5. Very short term (1 hours ahead) GSI forecast using

k-NN- learning NN gradient descent and momentum

algorithm model versus actual data
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Figure 6. RMSE coefficient between actual data and GSI
forecast using k-NN- learning NN gradient descent and
momentum algorithm model in the test set.

The performance of the proposed k-NN-multilayer BP with
gradient descent adaptive rate and momentum value (mcs) = 0.8
value used weight initialization nguyen widrow leaming neural
network algorithm model is more better compared with another
value momentum and k-NN model.

5. CONCLUSIONS

In this work we proposed a novel methodology for GSI
forecasting using a combination of k-NN modelling and
multilayer backpropagation with gradient descent adaptive rate
and momentum used weight initialization nguyen widrow learning
neural network algorithm model.

The novelty of this article is to predict global solar irradiance on a
PV station which position is at the center and surrounded by eight
other adjacent PV stations. With the same location presents
RMSE is

6. REFERENCES

[1] Mark J. E, Blake J.Hargis, and J. D. Linton, Augmented
Efficient BackProp for Backpropagation Learning in Deep
Autoassociative Neural Networks, IEEE, 2010, 978-1-4244-
8126-2.

Guogi Liu, Zhiheng Zhou, Huigiang Zhong, Shengli Xie,
Gradient descent with adaptive momentum for active contour
models, IET Comput. Vis., 2014, Vol. 8, Iss. 4, pp. 287-298
doi: 10.1049/iet-cvi.2013 0089

176.5492W/m2, for the same location target PV station.

99

[3] ZHANG Laibin, YE Yingchun, LIANG Wei, YU Dongliang,
WANG Zhaohui, A Novel BP Algorithm for Pipeline
Condition Recognition, 978-0-7695-3507-4/08 2008 IEEE

DOI 10.1109/CSIE.2009.681

[4] Fatih Onur Hocaog, Stochastic approach for daily solar

radiation modeling, Solar Energy. 85,2011, 278-287.

Hugo T.C. Pedro, Carlos FM. Coimbra, Nearest-neighbor
methodology for prediction of intra-hour global horizontal
and direct normal irradiances, Renewable Energy. 80, 2015,
770-782.

Sancho Salcedo-Sanz, Carlos Casanova-Mateo, Jordi Munoz-
Mari, Gustau Camps-Valls, Prediction of Daily Global Solar
Iradiation Using Temporal Gaussian Processes, IEEE
GEOSCIENCE AND REMOTE SENSING LETTERS. 11,
2014, 11.

Dazhi Yang, Vishal Sharma a, Zhen Ye, Lihong Idris Lim,
Lu Zhao a, Aloysius W. Aryaputera, Forecasting of global
horizontal irradiance by exponential smoothing using
decompositions, Energy. 81,2015, 111-119.

Dazhi Yang, Zhen Ye b, Li Hong Idris Lim ¢, Zibo Dong,
Very short term irradiance forecasting using the lasso, Solar
Energy. 114,2015,314-326.

G. A. Licciardi, R. Dambreville, J. Chanussot, Stephanie
Dubost, Spatiotemporal Pattern Recognition and Nonlinear
PCA for Global Horizontal Imadiance Forecasting, IEEE
GEOSCIENCE AND REMOTE SENSING LETTERS, 12,
2015,2.

Badia Amrouche, Xavier Le Pivert b, Artificial neural
network based daily local forecasting for global solar
radiation, Applied Energy. 130, 2014, 333-341.

[11] LT. Wong, W.K. Chow, Solar radiation model, Applied
Energy. 69,2001, 191-224.,

[12] Christophe Paolia, Cyril Voyantab, Marc Musellia, Marie-
Laure Niveta, Multi-horizon Irradiation Forecasting For
Mediterranean Locations Using Time Series Models, Energy
Procedia. 57,2014, 1354 - 1363,

[13] Elke Lorenz, Johannes Hurka, Detlev Heinemann, and Hans
Georg Beyer, Imadiance Forecasting for the Power Prediction
of Grid-Connected Photovoltaic Systems, IEEE JOURNAL
OF SELECTED TOPICS IN APPLIED EARTH
OBSERVATIONS AND REMOTE SENSING. 2, 2009, 1.

[14] Fei Wang, Zenggiang Mi, Shi Su, Hongshan Zhao, Short-
Term Solar Iradiance Forecasting Model Based on Artificial
Neural Network Using Statistical Feature Parameters,
Energies. 5,2012, 1355-1370.

[15] Adel Mellit, Alessandro Massi Pavan, A 24-h forecast of
solar irradiance using artificial neural network: Application
for performance prediction of a grid-connected PV plant at
Trieste Italy, Solar Energy. 84, 2010, 807-821.

[16] A. Hammer, d. Heinemann, e. Lorenz and b. Lu ckehe,
Short-Term Forecasting Of Solar Radiation: A Statistical
Approach Using Satellite Data, Solar Energy. 67, 1999, 139
150.

[10]

[17] Cao Xiao, Wanpracha Art Chaovalitwongse, Optimization
Models for Feature Selection of Decomposed Nearest
Neighbor, IEEE TRANSACTIONS ON SYSTEMS, MAN,
AND CYBERNETICS: SYSTEMS, 2015, 2168-2216




[18] Richard Perez a, Sergey Kivalov a, James Schlemmer a, Karl
Hemker Jr. a, David Renne, Thomas E. Hoff, Validation of
short and medium term operational solar radiation forecasts
in the US, Solar Energy. 84,2010,2161-2172.

[19] Ricardo Marquez, Carlos F.M. Coimbra, Forecasting of
global and direct solar irradiance using stochastic learning
methods, ground experiments and the NWS database, Solar
Energy. 85,2011, 746-756.

[20] Luis Marti'n b, Luis F. Zarzalejo a, Jesus Polo a, Ana
Navarro a, Ruth Marchante b, Marco Cony, Prediction of
global solar irradiance based on time series analysis:
Application to solar thermal power plants energy production
planning, Solar Energy. 84,2010, 1772-1781.

[21] Remus St. Boata, Paul Gravila, Functional fuzzy approach
for forecasting daily global solar irradiation, Atmospheric
Research. 112,2012, 79-88.

[22] Romain Dambreville a, Philippe Blanc b, Jocelyn Chanussot
a, Didier Boldo, Very short term forecasting of the Global
Horizontal Irradiance using a spatio-temporal autoregressive
model, Renewable Energy. 72,2014, 291-300.

[23] Maimouna Diagne, Mathieu David b, Philippe Lauret b, John
Boland ¢, Nicolas Schmutz, Review of solar irradiance
forecasting methods and a proposition for small-scale insular
grids, Renewable and Sustainable Energy Reviews. 27, 2013,
65-76.

[24] Jianwu Zeng, Wei Qiao, Short-term solar power prediction
using a support vector machine, Renewable Energy. 52,2013,
118-127.

[25] Zibo Dong, Dazhi Yang, Thomas Reindl, Wilfred M. Walsh,
Short-term solar irradiance forecasting using exponential
smoothing state space model, Energy. 55,2013, 1104-1113.

[26] Ye Ren, P. N. Suganthan and Narasimalu Srikanth, A
Comparative Study of Empirical Mode Decomposition-
Based Short-Term Wind Speed Forecasting Methods, IEEE
TRANSACTIONS ON SUSTAINABLE ENERGY'. 6, 2015,
1.

[27] Mellit. A, Benghanem. M, Bendekhis M, Artificial Neural
Network Model for Prediction Solar Radiation Data:
Application for Sizing Stand-Alone Photovoltaic Power
System, IEEE. 5, 2005, 7803-9156.

[28] Farhad S.G, S. R. Khaze, I. Malekl, A new Approach in
Bloggers Classification with Hybrid of K-Nearest Neighbor
and Artificial Neural Network Algorithms, Indian Journal os
Science and Technology, 8, 2015, 237-246.

[29] Kun-Long Ho, Yuan-Yih Hsu, Chien-Chuen Yang, Short
Term Load Forecasting Using A Multilayer Neural Network
With An Adaptive Learning Algorithm, Transactions on
Power Systems, Vol. 7, No. 1, February 1992.




Short Term Forecasting of Global Solar Irradiance by k-Nearest
Neighbor Multilayer Backpropagation Learning Neural Network
Algorithm

GRADEMARK REPORT

FINAL GRADE GENERAL COMMENTS

/ O Instructor

PAGE 1

PAGE 2

PAGE 3

PAGE 4

PAGE 5




	Short Term Forecasting of Global Solar Irradiance by k-Nearest Neighbor Multilayer Backpropagation Learning Neural Network Algorithm
	by Unit Three Kartini

	Short Term Forecasting of Global Solar Irradiance by k-Nearest Neighbor Multilayer Backpropagation Learning Neural Network Algorithm
	GRADEMARK REPORT
	FINAL GRADE
	GENERAL COMMENTS
	Instructor




