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Abstract— Solar energy forecasting has seen tremendous
growth by using weather and photovoltaic (PV) parameters.
This study presents new approach that predicts solar energy
production by using the scheduled, unscheduled maintenance
activities and weather data. The dataset is obtained from the
1MW solar power plant of PDEU (our university), which has
12 structured columns and 1 unstructured column with
manual text entries about different scheduled and unscheduled
maintenance activities, and weather conditions on the daily
basis. The unstructured column is used to create new features
by using Hash-Map, flag words and stop words. The solar
power generation forecasting is formulated as a vector auto
regression (VAR) optimization problem and total power
generation forecasting is presented with the results of four
different cases. The results have shown that the root mean
square percentage error (RMSPE) in total power generation
forecasting is less than 10% for different lag (p) values. The
vector auto regression can forecast the unscheduled
maintenance activities like Grid failure, Inverter Failure,
scheduled maintenance activity like module cleaning, weather
activity like cloudy along with total power generation
forecasting for effective and efficient management of solar
power plants. The power generation decay is different for all
the PV sets which show the variations in the impacts of
weather, aging and maintenance on the solar power plant. This
research work has proven that the peaks of total power
generation forecasting and prediction can be tracked in a
better way by using daily unscheduled, scheduled maintenance
activities and weather conditions.

Keywords—Forecasting, Prediction, Vector auto regression,
maintenance, weather

L INTRODUCTION

Solar energy forecasting is an emerging area over the last
decade by using historical time series data collected through
a weather station (such as weather variables wind speed and
direction, solar irradiance, and temperature). The scheduled
and unscheduled maintenance activities are carried out
frequently for efficient and effective management of solar
power plant. Another important parameter that contributes
slowly but effectively is the age of the Solar PV module. The
degradation of PV modules is further impacted by the
conditions such as High temperature, solar cell shedding,
discoloration, and delamination, etc. India has been endowed
with non-depleting renewable energy resources like solar,
hydro, geothermal, and wind and it is currently ranked no. 3™
globally in the renewable energy market. According to
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MNRE sources, about 5,000 trillion kWh of energy is falling
on India's land mass annually, with the majority receiving
between 4 and 7 kWh per square meter per day. This is going
to be one of the fastest-developing industries to boost rural
electrification as well as the economy. Currently, there are
more than 35 solar power plants in India. These plants are
managed and operated by various government organizations.
The operational expenditure of MW to GW solar
photovoltaic power plants imposes a huge cost. Artificial
Intelligence based solutions such as forecasting and
recommendation-based systems can provide fruitful insights
to reduce such expenditure.

II.  LITERATURE REVIEW

Solar energy forecasting has remained an active area of
research across the globe. Several studies and novel
mechanisms have been presented on the number of platforms
to show their accuracy. However, a comprehensive approach
that considers all the aforementioned factors (event analysis,
age and weather) has not been considered in studies. Al
fuzzy logic and genetic algorithms are used to predict and
model solar irradiance, performance, and control of
photovoltaic (PV) systems in [1]. Multi-step solar forecasting
is proposed using Ensemble of deep ConvNets in [2], which
results in 22.5% RMSE. Solar power generation forecasting
is proposed for a short period of time by using Mycielski-
Markov approach, which results in 32.65% RMSE. Two step
solar power generation prediction is proposed for a short
period of time in [4] which results in 98.70 average RMSE,
first step is feed forward neural network-based solar
irradiance prediction and second step is LSTM-based solar
power generation forecasting. Solar power generation
forecasting is achieved by using long short-term memory
(LSTM), gated recurrent unit (GRU), Auto encoder LSTM
(Auto-LSTM), and Auto-GRU based ensemble approaches
in [5] without considering any maintenance activities. The
10MW solar power plant as well as one hundred inverters of
three different technology brands are used to evaluate
generic fault/status prediction and specific fault prediction by
unsupervised clustering and neural networks in [6]. This
model is able to predict generic faults up to 7 days in
advance with 95% sensitivity and specific faults some hours
to 7 days in advance [6]. Intra-hour, short-term, medium-
term, long-term, ramp forecasting, and load forecasting are
proposed for variable renewable energy like wind and solar
energy in [7]. Solar power generation is reduced by 17.4%
per month because of dust on solar collectors in [8]. In [9],
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they performed day-ahead forecasting of a IMW solar power
plant for American Southwest with 10.3% to 14% RMSE.
Neural network models like LSTM, MLP, LRNN, feed-
forward, ARMA, ARIMA, and SARIMA are proposed for
solar power generation forecasting by using 3640 hours of
data of a 20 MW power plant in [10]. Autoregressive model
based six-hour-ahead solar power forecasting is proposed at
residential and medium voltage substation levels in [11],
which results in 8% to 10% improvements. In [12], a two-
step probabilistic solar PV forecasting is proposed, in which
the first step forecasts solar irradiance and the second step
forecasts PV generation, thus minimizing loss and maximize
daily profits in the energy market. Solar power forecasting is
proposed by using robust Auto-Encoder-Gated-Recurrent-
Unit (AE-GRU) models for 24-hour, 48-hour, and 15-day
periods in [13]. Solar power forecasting is proposed at 1 h 15
min resolution using a sparsity enhancing LASSO-VAR
structure and the Alternating Directional Multiplier Method
(ADMM), yielding a forecast improvement of 11% in [14].
A probabilistic solar PV forecast is proposed and compared
with the autoregressive method of [15], yielding RMSEs of
8% to 12%. A nonlinear autoregressive neural network is
proposed to predict the solar power generation with an
extrinsic input model, Levenberg-Marquardt, Bayesian
regularization, scaled conjugate gradients, and the Broyden-
Fletcher-Goldfarb-Shanno (BFGS) algorithm, in [16]. The 5-
minute forecasts are generated for 22 wind farms in Australia
with point and probability forecasting capability as well as
calibration using sparse vector auto regression in [17]. A
LASSO vector autoregressive model is proposed in [18] for
very short-term wind power forecasting. A  vector
autoregressive weather model has been proposed to forecast
power supply and demand before 6 hours with reduced
RMSE in [19]. Graph-Convolutional Long Short-Term
Memory (GCLSTM) and Graph-Convolutional Transformer
(GCTrafo), two new graph neural network models are used
for multi-site PV power forecasting, each with NRMSE of
12.6% and 13.6% [20]. Solar PV forecasting includes global
horizontal irradiance (GHI), direct normal irradiance (DNI),
and photovoltaic (PV) functions with naive persistence
models for 1-6 hours, 15-360 minutes in [22, 23].
Autoregressive integrated moving average (ARIMA) model
is proposed for 5, 15, 30, and 60-minutes solar power
generation forecasting using average GHI in [24]. Seasonal
autoregressive integrated moving average (SARIMA) model
and average GHI features are proposed to achieve 20
minutes solar power generation forecasting in [25, 42].
Auto regressive, auto regressive moving average (ARMA)
models and GHI features are used to achieve 1-day solar
power generation forecasting in [26-29]. ARMA with
exogenous variables (ARMAX) and weather features are
proposed for 1 hour solar power generation forecasting in
[30]. ARIMA, VAR, Autoregressive conditional
heteroscedasticity (ARCH), generalized ARCH (GARCH)
and nonlinear regression models with GHI, Spatial-temporal
parameter GHI and hourly solar irradiance features are used
to achieve approximately 1 or 2-hours solar power
forecasting in [31-34]. A K-NN model has been proposed in
[35] for one-month solar power forecasting using average
solar radiation. A Markov chain model was proposed in [36]
for the daily solar power forecast using solar irradiance.
Naive Bayes, ensemble learning models with GHI, weather
and solar PV data features are proposed for 1-hour solar
power forecasting in [37, 38]. Auto encoder, LSTM and
ANN models with numerical weather prediction and global

horizon solar radiation are proposed for 1-2 days and 1-hour
solar power forecasting in [39, 40].

III.  SOLAR POWER GENERATION PARAMETERS AND DATA
PRE-PROCESSING

Pandit Deendayal Energy University (PDEU),
Gandhinagar and Gujarat Energy Research and Management
Institute (GERMI) has set up 1 MW Solar Power plant in
2012. The dataset is obtained from this solar power plant and
it has daily entries of 13 columns from year 2012 to year
2020. The solar plant consists of five sets of PV modules,
three out of these five sets are “poly-crystalline” based and
each has capacity of approximately 250KW. The remaining
two sets of PV modules are “thin film amorphous silicon”
and “Concentrate Photovoltaic” based with the capacity of
approximately 250 KW and 15 KW respectively. In total,
there are four sets of PV modules and each of the sets has
approximately 250KW capacity. The fifth set of PV modules
has approximately 15KW capacity.

A. Attribute Description

According to the literature work carried out, it has been
noted that most of the work in the field of solar energy
forecasting has been done using only weather data. The
features that have been extensively used for the same are:
“Global Solar Radiation”, “Temperature”, “Sunshine Hours”,
and “Humidity”. Though some of the research work
conducted at the international level also considers “Cloud
Cover”, “Wind Pressure”, “wind speed” etc. The degradation
in solar modules may happen due to several environmental
conditions and Maintenance activities such as Wind Speed,
PV Cell shedding, cleaning through hard water, elevated air
temperature, high humidity, and extreme ambient
temperature. Other stress-causing factors include ultraviolet
(UV) radiation, temperature, wind, hail, high voltages in the
system, and factors such as broken connections, hot spots,
corrosion, discoloration of potting materials, and
delamination [43].

The weather attributes include global solar radiation,
temperature, sunshine hours, humidity, cloud cover, wind
pressure, wind speed, and ultraviolet (UV) radiation. Solar
PV panel aging factors include PV cell shedding, cleaning
through hard water, elevated air temperature, high system
voltages, broken interconnects, hot spots, corrosion,
encapsulant, discoloration, delamination. As per the study
carried out by Kim et al. [43], in India, this degradation
happens at the approximate rate of 1.3%-1.4% because of
high cell temperature, humidity, air temperature, and high
irradiance. There are scheduled and unscheduled
maintenance activities at the solar power plant which affect
solar power generation. The list of scheduled activities are
module cleaning, transformer maintenance, cable and fuse
maintenance, plant shutdown, battery maintenance and list of
unscheduled activities are grid failure, inverter failure,
transformer replacement, cable fault, internet, no module
cleaning, and module cleaning by rain.

B. Dataset Description

The dataset has five columns for power generation from
five sets of PV modules and the other columns are “date”,
“Total power generation (KWH)”, “aggregate meter reading
(KWH)”, “difference”, “Seeds data (KWH)”, “insolation”,
“PR (%) and “any issues/problems observed”. As discussed
above, there are 13 columns in this data set and it is semi

structured because the last column “any issues/problems
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observed” has text data which include day wise manually
entered weather information, maintenance issues, grid
failure, module cleaning information etc. from 2012 to 2020.

C. Data Pre-processing

The first and most important research challenge is to
create the different features from the last column “any
issues/problems observed”. This research challenge was
addressed by creating a nested hash map with different rules.
The hash map key contains the possible feature label as a text
and its value is a 2 X m-dimensional array. One of the row
has possible values of the targeted m labels and second row
has stop words that prevent overlapping and duplication of
the maintenance issues or problem observed or weather
condition. Each key is the new feature (maintenance or
problem observed or weather condition) column, and the
value is tokenized as a 1 if the new feature is present on a
particular day. Using the above approach, new feature
vectors created are “Grid Failure”, “Inverter Failure”,
“Module Cleaning”, “Rainy Day”, “No Module Cleaning”,
“Transformer Replacement and Maintenance”, “Cable and
Fuse Maintenance”, “Plant Shutdown”, “Internet”, “Battery”,
“Cloudy day”, “Module Cleaning by Rain”. There are only
five columns “Total generation (KWH)”, “Grid Failure”,
“Inverter Failure”, “Module Cleaning”, “Cloudy” that have
been used in the final dataset based on the correlation and
causality analysis. A vector autoregressive (VAR) model is
chosen for concurrent forecasting of the total power
generation and the features, as it is interdependent time series
data.

IV. METHODOLOGY

The proposed work intends to establish a complex yet
very useful mathematical relationship between the
parameters as shown in equation (1).

S =f(M(Qxq, x5, e, x0), A E(24, 25, .., Zy)) (1)

Where, S is solar power generation, M (x, X5, ..., X,,) is
maintenance activities performed at solar power plant,
E(zy,7,, ..., Zy) is environmental factors such as rains, cloud
cover, temperature, humidity, insolation, wind pressure etc.,
A is Age of the solar panel as calculated using degradation
function, In this paper, solar power generation is forecasted
using maintenance activities and environmental factors. The
power generation prediction is formulated as a multivariate
regression problem on time series data. The labels of
processed dataset have been used to feed the regression
model, and the future maintenance variable has been
considered as test data. Random Forest Regression is applied
to this data set, and it has been observed that the maintenance
issues can be used as variables to forecast the power
generation. A VAR model treats each variable as a linear
combination of its own past lag as well as the past lags of
other variables. In this work, we have considered five
variables Total Generation (KWH) Grid failure, Inverter
Failure, Module Cleaning, and Cloudy. The novelty here is
to not only forecast the total power generation but also the
prediction of maintenance activities. Let
Zy ={Z14,Z2¢,23¢ e weeyZpy } denote a n X 1 vector of
time series model. The VAR (p) model where p is the lag,
has the form as shown in equation (2)

Ze=a+P1Zi g+ Poliy+ -+ BpZip +€ (2)

Where t = 1...T, ; are (n X n) coefficient matrix and
€.is an nx/ K-dimensional white noise process with time-

invariant positive definite covariance matrix. Suppose we
have bivariate variables Z1 and Z2 and we need to predict
the values of these variables at time (t). To calculate Z1 (t),
VAR uses past values of both Z1 and Z2. Similarly, the past
values of both Z1 and Z2 are used to calculate Z2 (t). For
example, the system of equations for a VAR model with two
time series (variables 'Z1' and 'Z2") looks like equation (3).

Zl,t = +ﬂ11,IZl,t—l +ﬂ12,122,t—1 +é&,

3)
Z,,=a,+ ﬂZl,lZI,t—l + ﬁzz,lZZ,t—l +é,,

In more generic form, equation (3) can be represented
using matrices of equation (4), where lag value is 1.

Z1] _ [“1] n B11 312] [Z1] +[51] @)
Zpl, laz P21 B2zl 1Z21,_, L&

To model the propose work, we consider a multivariate
system considering five variables, Total Generation (TG-
target variable), Grid Failure (GF- unscheduled maintenance
activity), Inverter Failure (IF- unscheduled maintenance
activity), Module Cleaning (MC- Scheduled maintenance
activity), Cloudy (CC- Environmental variable). The revised

equation can be written for our proposed multivariate system
as per equation (5).

TG a; TG &1
[GF] [az] |,811 = Pis [GF] [52] )
=lasz|+]| : : Bl K
| f e o] 2
ccly Las CCliq L&

Akaike information criterion (AIC) has been computed to
find the optimal value of lag (p) day using data. Optimal AIC
was derived for the specific lag days to fit the VAR model
and the model with acquired lag day, the coefficient matrix is
computed for each of the equations. Now, there would be ten
predictors on the right side of each equation (5), five lag 1
term and five lag 2 terms by assuming the value 2 for lag
days. The lag value depends on the distribution of different
features of the dataset and it plays a crucial role in the power
generation forecasting. Now, equation (5) is formulated for
the AIC based optimum lag (p) value of 12. The optimization
problem of equation (6) is solved to compute the value of
target variables using vector auto regression.

. 1 -
mlna,ﬁ,e EZ?:l(Ti - Ti)z (6)
TG TG
_|GF GF
Where T =| [F and =\ IF
MC MC

cC t,Predicted cC t,actual
To check the interconnected time series dependencies,
Granger casualty has been performed. Here all five variables
are used as the endogenous attribute. Forecasting results with
multiple periods of days will give us the understanding of
how power generation varies as well as the probability of the
various positive and negative peaks.

A.  Simulation of different cases

Weather and maintenance features are considered in the
solar power generation forecasting. The maintenance
activities do not last for the whole day, so the total power
generation forecasting is done without considering the time
duration of maintenance activities. Currently, the duration of
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maintenance activities is used in the model to predict total
energy production. Vector auto regression can forecast solar
power generation as well as the maintenance and weather
activities simultaneously. Work flow diagram of simulation
is shown in fig.1.

( Undersiand the Data set ]

[ Convert comments into weather and maintenance features

[Data set with four features and target variable after feature engineering]
]

¥ v
Case 1: Excluding time duration | (Case 2 Including time durafion of
of maintenance activities maintenance aclivities

¥
[ Use Vector Auto Regression to forecast total ] [
power generation

Use Vector Auto Regression to
forecast features

Apply Thresholding
Case 3 Case 4
(Compare the results of cases 1, 2] [ Use random forest regression to predict power generation |

[ Compare the results of cases 3, 4 |

Fig. 1. Simulation flow of four cases.

There are only five columns “Total generation (KWH)”,
“Grid Failure”, “Inverter Failure”, “Module Cleaning”,
“Cloudy” in the final dataset after feature engineering. “Grid
Failure” and “Inverter Failure” are unscheduled maintenance
activities for some duration of the day. “Grid Failure” and
“Inverter Failure” are kept as binary variables with values 1
and 0, excluding the duration of their occurrence in case 1.
“Grid Failure” and “Inverter Failure” are kept as binary
variables with values 1 and 0, including the duration of their
occurrence in case 2. Vector auto regression is used to
forecast the solar power generation for cases 1, and 2, so the
performance can be compared. Solar power generation can
be predicted through regression but the future values of the
features “Grid Failure”, “Inverter Failure”, ‘“Module
Cleaning”, and “Cloudy” are not known. The vector auto
regression model is used to forecast the future values of these
features. Now these values are used to predict the total power
generation in cases 3 and 4. Thresholding is used to convert
the values of features into 0 and 1. By default, 0.5 is used as
threshold value to convert values of features into either O or
1. In case 4, thresholding values are used according to
number of occurrences of maintenance activities. The total
power generation is predicted using random forest regression
so the performance of cases 3 and 4 can be compared.

V. RESULTS

The processed dataset has best four features and target
variable. Results are generated by simulating four cases of
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Fig. 2. Comparison of original and forecasted total power generation
values without as well as with time duration of maintenance activities
for p=7
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Fig. 3. Comparison of original and forecasted total power generation
values without as well as with time duration of maintenance activities
for p=12.
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Fig. 4. Comparison of original and forecasted total power generation
values without as well as with threshold of maintenance activities for
p=7.

fig.1. Fig. 2 and fig. 3 show comparison of original and
forecasted total power generation values without as well as
with time duration of maintenance activities (cases 1 and 2)
for p=7 and p=12 respectively.

The original power generation of figures 2, and 3 have
high and low peaks, which are mainly due to environmental
factors, maintenance activities and aging of the solar panels.
The plant shutdown is considered as the outlier in all the
results. Fig. 4, and fig. 5 show comparison of original and
forecasted total power generation values without as well as
with threshold on maintenance activities (cases 3 and 4) for
p=7, and p=12 respectively.
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Fig. 5. Comparison of original and forecasted total power generation
values without as well as with threshold of maintenance activities for
p=12.
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The RMSE and MAE values of cases 1 and 2 are shown
in Table I for lag values of 7, 10 and 12. The lag value of 12
results into lowest RMSE for both cases.

TABLE 1. RMSE OF CASES FOR DIFFERENT LAG VALUES
Lags Error for case 1 Error for case 2
® RMSE MAE RMSE MAE
7 253.774 207.842 236.442 167.091
10 235.562 187.288 211.428 152.727
12 218.91 169.183 196.728 139.724

Power generation decay is shown in fig. 6 for three sets
of poly-crystalline PV modules, one set of thin film
amorphous silicon PV modules, and one set of Concentrate
Photovoltaic (Tracker) PV modules.

cessccnns poly 3

= = poly 1 poly 2

= = =thin film == - « tracker
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AVG. POWE GENERATION (KWH)

Fig. 6. Yearly decay in power generation for five sets (polyl, poly2,
poly3, thin film, tracker) of PV modules

VI. CONCLUSIONS AND FUTURE WORK

The maintenance activities like “grid failure”, “inverter
failure”, “module cleaning” and the weather parameter
“cloudy” have huge impact on the solar power generation
forecasting and prediction. The optimum value of lag p=12
results in lowest RMSPE, RMSE and MAE for different
cases. The error is reduced due to inclusion of duration for
maintenance activities in this model for case 2. The VAR
model used in this work is capable of forecasting all the four
features as well as power generation target variable
simultaneously. The predicted power generation is able to
follow the trends of original power generation when the
thresholding is applied to the predicted values of
maintenance features (activities). The results have shown
that the root mean square percentage error (RMSPE) in total
power generation forecasting is less than 10% for different
lag (p) values for all cases. The vector auto regression can
forecast the unscheduled maintenance activities like Grid
failure, Inverter Failure, scheduled maintenance activity like
module cleaning, weather activity like cloudy along with
total power generation forecasting which result in effective
and efficient management of solar power plant. The power
generation decay is different for all the PV sets which show
the variation in the impacts of weather, aging and
maintenance on the solar power plant. The effects of aging,
dust and other environmental factors can be considered in the
model as a future scope to improve the solar power
generation forecasting and prediction.

ACKNOWLEDGMENT

This work is based on the dataset obtained from 1 MW
solar power plant of Pandit Deendayal Energy University
(PDEU). The authors of this paper express their gratitude to
Centre of Excellence in Solar Energy (SRDC), PDEU for
their support. However, the interpretation and conclusion
contained in this research paper are those of the author/s
alone

REFERENCES

[1] Belu, R., 2014. Artificial intelligence techniques for solar energy and
photovoltaic applications. In Robotics: Concepts, methodologies,
tools, and applications (pp. 1662-1720). IGI GloballJ. Clerk Maxwell,
A Treatise on Electricity and Magnetism, 3rd ed., vol. 2. Oxford:
Clarendon, 1892, pp.68-73.

[2] Wen, H,, Du, Y., Chen, X., Lim, E., Wen, H., Jiang, L. and Xiang,
W., 2020. Deep learning-based multistep solar forecasting for PV
ramp-rate control using sky images. IEEE Transactions on Industrial
Informatics, 17(2), pp.1397-1406.

[3] Serttas, F., Hocaoglu, F.O. and Akarslan, E., 2018, July. Short term
solar power generation forecasting: A novel approach. In 2018
International Conference on Photovoltaic Science and Technologies
(PVCon) (pp. 1-4). IEEE.

[4] Chung, P.L., Wang, J.C., Chou, C.Y., Lin, M.J., Liang, W.C., Wu,
L.C. and Jiang, J.A., 2020, March. An intelligent control strategy for
energy storage systems in solar power generation based on long-
short-term power prediction. In 2020 8th International Electrical
Engineering Congress iIEECON) (pp. 1-4). IEEE.

[5] AlKandari, M. and Ahmad, 1., 2020. Solar power generation
forecasting using ensemble approach based on deep learning and
statistical methods. Applied Computing and Informatics.

[6] Betti, A., Trovato, M.L.L., Leonardi, F.S., Leotta, G., Ruffini, F. and
Lanzetta, C., 2019. Predictive maintenance in photovoltaic plants
with a big data approach. arXiv preprint arXiv:1901.10855.

[71 Chernyakhovskiy I. Forecasting Wind and Solar Generation:
Improving System Operations, Greening the Grid. National
Renewable Energy Lab.(NREL), Golden, CO (United States); 2016
Jan 1.

[8] Elminir, H.K., Ghitas, A.E., Hamid, R.H., El-Hussainy, F., Beheary,
MM. and Abdel-Moneim, K.M., 2006. Effect of dust on the
transparent cover of solar collectors. Energy conversion and
management, 47(18-19), pp.3192-3203.

[9] Larson, D.P., Nonnenmacher, L. and Coimbra, C.F., 2016. Day-ahead
forecasting of solar power output from photovoltaic plants in the
American Southwest. Renewable Energy, 91, pp.11-20.

[10] Sharadga, H., Hajimirza, S. and Balog, R.S., 2020. Time series
forecasting of solar power generation for large-scale photovoltaic
plants. Renewable Energy, 150, pp.797-807.

[11] Bessa, R.J., Trindade, A. and Miranda, V., 2014. Spatial-temporal
solar power forecasting for smart grids. IEEE Transactions on
Industrial Informatics, 11(1), pp.232-241.

[12] Kim, H. and Lee, D., 2021. Probabilistic Solar Power Forecasting
Based on Bivariate Conditional Solar Irradiation Distributions. IEEE
Transactions on Sustainable Energy, 12(4), pp.2031-2041.

[13] Rai, A., Shrivastava, A. and Jana, K.C., 2021. A Robust Auto
Encoder-Gated Recurrent Unit (AE-GRU) Based Deep Learning
Approach for Short Term Solar Power Forecasting. Optik, p.168515.

[14] Cavalcante, L. and Bessa, R.J., 2017, June. Solar power forecasting
with sparse vector autoregression structures. In 2017 IEEE
Manchester PowerTech (pp. 1-6). IEEE.

[15] Bessa, R.J., Trindade, A., Silva, C.S. and Miranda, V., 2015.
Probabilistic solar power forecasting in smart grids using distributed
information. International Journal of Electrical Power & Energy
Systems, 72, pp.16-23.

[16] Oluwafemi, O., Olusola, O.S., Israel, E. and Babatunde, A., 2022.
Autoregressive neural network models for solar power forecasting
over nigeria. Journal of Solar Energy Research, 7(1), pp.983-996.

[17] Dowell, J. and Pinson, P., 2015. Very-short-term probabilistic wind
power forecasts by sparse vector autoregression. IEEE Transactions
on Smart Grid, 7(2), pp.763-770.

5
Authorized licensed use limited to: UNIVERSITAETSBIBL STUTTGART. Downloaded on August 05,2023 at 10:44:08 UTC from |IEEE Xplore. Restrictions apply.



(18]

[19]

[20]

(21]

[22]

(23]

[24]

[25]

[26]

(27]

(28]

[29]

[30]

[31]

Cavalcante, L., Bessa, R.J., Reis, M. and Browell, J., 2017. LASSO
vector autoregression structures for very short - term wind power
forecasting. Wind Energy, 20(4), pp.657-675.

Liu, Y., Roberts, M.C. and Sioshansi, R., 2018. A vector
autoregression weather model for electricity supply and demand
modeling. Journal of Modern Power Systems and Clean Energy, 6(4),
pp.763-776.

Simeunovic, J., Schubnel, B., Alet, P.J. and Carrillo, R.E., 2021.
Spatio-temporal graph neural networks for multi-site PV power
forecasting. IEEE Transactions on Sustainable Energy.

Korner-Nievergelt, F. et. al., “Data Analysis in Ecology Using Linear
Models with R,” BUGS, and STAN,Academic Press,2015, Pages
175-196,

Gilles Notton, Cyril Voyant, Chapter 3 - Forecasting of Intermittent
Solar Energy Resource, Editor(s): Imene Yahyaoui, Advances in
Renewable Energies and Power Technologies, Elsevier, 2018, Pages
77-114, ISBN 9780128129593, https://doi.org/10.1016/B978-0-12-
812959-3.00003-4.

Huertas Tato, Javier and Centeno Brito, Miguel, “Using Smart
Persistence and Random Forests to Predict Photovoltaic Energy
Production”, Energies, Vol. 12,YEAR = 2019, No. 1,
https://www.mdpi.com/1996-1073/12/1/100},ISSN = {1996-1073},

Gordon Reikard, Predicting solar radiation at high resolutions: A
comparison of time series forecasts, Solar Energy, Volume 83, Issue
3, 2009, Pages 342-349, ISSN 0038-092X,
https://doi.org/10.1016/j.solener.2008.08.007.

Mukaram, Muhammad & Yusof, Fadhilah. (2017). Solar radiation
forecast using hybrid SARIMA and ANN model. Malaysian Journal
of Fundamental and Applied Sciences. 13. 10.11113/mjfas.v13n4-
1.895.

Luis Martin, Luis F. Zarzalejo, Jesus Polo, Ana Navarro, Ruth
Marchante, Marco Cony, Prediction of global solar irradiance based
on time series analysis: Application to solar thermal power plants
energy production planning, Solar Energy, Volume 84, Issue 10,
2010, Pages 1772-1781, ISSN 0038-092X,
https://doi.org/10.1016/j.solener.2010.07.002

Christophe Paoli, Cyril Voyant, Marc Muselli, Marie-Laure Nivet,
Forecasting of preprocessed daily solar radiation time series using
neural networks, Solar Energy, Volume 84, Issue 12, 2010, Pages
2146-2160, ISSN 0038-092X,
https://doi.org/10.1016/j.solener.2010.08.011.

Lee, Hyunjin. (2016). Use of the Moving Average of the Current
Weather Data for the Solar Power Generation Amount Prediction.
Journal of Korea Multimedia Society. 19. 1530-1537.
10.9717/kmms.2016.19.8.1530.

Christophe Paoli, Cyril Voyant, Marc Muselli, Marie-Laure Nivet,
Forecasting of preprocessed daily solar radiation time series using
neural networks, Solar Energy, Volume 84, Issue 12, 2010, Pages
2146-2160, ISSN 0038-092X,
https://doi.org/10.1016/j.solener.2010.08.011.

Lee, Hyunjin. (2016). Use of the Moving Average of the Current
Weather Data for the Solar Power Generation Amount Prediction.
Journal of Korea Multimedia Society. 19. 1530-1537.
10.9717/kmms.2016.19.8.1530.

Dazhi Yang, Panida Jirutitijaroen, Wilfred M. Walsh, Hourly solar
irradiance time series forecasting using cloud cover index, Solar

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

Energy, Volume 86, Issue 12, 2012, Pages 3531-3543, ISSN 0038-
092X, https://doi.org/10.1016/j.solener.2012.07.029.

L. Cavalcante and R. J. Bessa, "Solar power forecasting with sparse
vector autoregression structures," 2017 IEEE Manchester PowerTech,
2017, pp. 1-6, doi: 10.1109/PTC.2017.7981201.

Peder Bacher, Henrik Madsen, Henrik Aalborg Nielsen, Online short-
term solar power forecasting, Solar Energy, Volume 83, Issue 10,
2009, Pages 1772-1783, ISSN 0038-092X,
https://doi.org/10.1016/j.solener.2009.05.016.

Peder Bacher, Henrik Madsen, Henrik Aalborg Nielsen, Online short-
term solar power forecasting, Solar Energy, Volume 83, Issue 10,
2009, Pages 1772-1783, ISSN 0038-092X,
https://doi.org/10.1016/j.solener.2009.05.016.

Ramli et al. “Solar power generation prediction by using k-nearest
neighbor method”, AIP Conference Proceedings 2129, 020116
(2019); https://doi.org/10.1063/1.5118124

S. Garg, A. Agrawal, S. Goyal and K. Verma, "Day Ahead Solar
Irradiance Forecasting using Markov Chain Model," 2020 IEEE 17th
India Council International Conference (INDICON), 2020, pp. 1-5,
doi: 10.1109/INDICON49873.2020.9342446

F. N. Melzi, T. Touati, A. Same and L. Oukhellou, "Hourly Solar
Irradiance Forecasting Based on Machine Learning Models," 2016
15th IEEE International Conference on Machine Learning and
Applications (ICMLA), 2016, Pp- 441-446, doi:
10.1109/ICMLA.2016.0078.

Abuella, Mohamed & Chowdhury, Badrul. (2019). Forecasting of
solar power ramp events: A post-processing approach. Renewable
Energy. 133. 1380-1392. 10.1016/j.renene.2018.09.005.

A. Gensler, J. Henze, B. Sick and N. Raabe, "Deep Learning for solar
power forecasting — An approach using AutoEncoder and LSTM
Neural Networks," 2016 IEEE International Conference on Systems,
Man, and Cybernetics (SMC), 2016, pp. 002858-002865, doi:
10.1109/SMC.2016.7844673.

Christophe Paoli, Cyril Voyant, Marc Muselli, Marie-Laure Nivet,
Forecasting of preprocessed daily solar radiation time series using
neural networks, Solar Energy, Volume 84, Issue 12, 2010, Pages
2146-2160, ISSN 0038-092X,
https://doi.org/10.1016/j.solener.2010.08.011.

Mohanty, S., Patra, P. K., Sahoo, S. S., & Mohanty, A. (2017).
Forecasting of solar energy with application for a growing economy
like India: Survey and implication. Renewable and Sustainable
Energy Reviews, 78, 539-553. doi:10.1016/j.rser.2017.04.107

V. Kushwaha and N. M. Pindoriya, "Very short-term solar PV
generation forecast using SARIMA model: A case study," 2017 7th
International Conference on Power Systems (ICPS), 2017, pp. 430-
435, doi: 10.1109/ICPES.2017.8387332.

Kim, J.; Rabelo, M.; Padi, S.P.; Yousuf, H.; Cho, E.-C.; Yi, J. A
Review of the Degradation of Photovoltaic Modules for Life
Expectancy. Energies 2021, 14, 4278.
https://doi.org/10.3390/en14144278

Vyas S, Goyal Y, Bhatt N, Bhuwania S, Patel H, Mishra S, Tripathi
B. Forecasting Solar Power Generation on the basis of Predictive and

Corrective Maintenance Activities. arXiv preprint arXiv:2205.08109.
2022 May 17.

6
Authorized licensed use limited to: UNIVERSITAETSBIBL STUTTGART. Downloaded on August 05,2023 at 10:44:08 UTC from |IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


