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Abstract—Reliable forecasting of power output from solar
Photovoltaic (PV) systems is indispensable for successful
penetration of increasingly high solar PV capacity into the
structure of power systems. Forecasting is as equally important for
efficient demand management as solar power output is variable in
nature. Farm level forecasting is the primary focus of the current
literature and various methods are available. However, the grid
operators need to have the forecasts at aggregated regional level
(e.g. state level) for decision making. Aggregated system level
forecasting has received very limited attention in literature with
only a very few methods so far. In this paper, we consider the task
of forecasting PV power production at aggregated regional level
(at state level in Australia) and present a data-driven approach.
To develop the prediction models, we investigate three widely used
machine learning algorithms for farm level solar power
forecasting and two state-of-the-art deep learning algorithms. As
the inputs to the prediction algorithms, we study two different
feature sets based on the lagged power data and their descriptive
statistics. An evaluation of the presented approach using PV
power generation data from Australian Energy Market Operator
(AEMO) demonstrates up to 6.30% improvement in forecast skill
over the baseline models.

Keywords— solar power forecasting, machine learning, deep
learning, data re-sampling

I. INTRODUCTION

The power generation from solar PV systems has been
growing with an unprecedented pace in recent years. Since 2007,
the power generation from PV systems increased by more than
4300% reaching from 9.2 GW in 2007 to 404.5 GW in 2017 [1].
This trend is expected to continue as many countries have
government legislations encouraging the use of renewable
energy sources and set priorities to increase the capacity of
renewable energy production over conventional fossil and
nuclear sources. For example, Australian government aims to
produce 30% of its total electricity supply from solar energy by
2050 [2].

Contrast to the power generation from traditional energy
sources (e.g. fossil, nuclear), the power output from solar PV
systems is highly variable due to its dependence on
meteorological condition. The increasingly high penetration of
such unstable power generation into the electricity grid
originates imbalance between supply and demand which
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consequently introduces difficulties in real time power
dispatching. Accurate forecasting of PV power generation is of
utmost importance to overcome this challenge and ensure
reliable and economic operations of the grid.

Many approaches have been proposed in the literature for
forecasting solar PV power generation. They largely vary both
in the application of prediction algorithms and feature sets used
as inputs to those prediction algorithms. The most prominent
prediction algorithms for solar PV forecasting include Neural
Networks (NNs) [3, 4], Support Vector Regression (SVR) [5, 6],
Random Forest (RF) and its variants [7], Autoregressive
Integrated Moving Average (ARIMA) [8]. In terms of feature
sets, the univariate approaches (e.g. [3, 9]) consider only lagged
power data whereas multivariate approaches (e.g. [10, 11])
consider weather data in conjunction with lagged power data as
inputs to the prediction algorithms.

Reviews (e.g. [12, 13]) of solar power forecasting literature
suggest that most of the existing approaches focus on predicting
the power output from a standalone PV plant or farm. The
available approaches for farm level forecasting are not well
suited for forecasting aggregated system level power generation
aggregated from a large number of geographically dispersed PV
plants with different physical parameters and diverse site-
specific weather conditions [10]. Considering the rapidly
growing installations of grid connected solar farms, aggregated
system level forecasting is more appropriate for practical
operations of the power systems [14]. It is particularly important
for real time generation scheduling, maintaining reserve
requirement to a minimum level, and analysis of contingencies.
Hence, the design and operations of modern power systems are
significantly dependent on the accurate information about the
aggregated power production from distributed solar PV systems.

However, aggregated system level forecasting has been
receiving attention only recently with only very few previous
studies (e.g. [10, 15]). The main reason for lack of focus on
system level forecasting is the unavailability of the data. Most
recently AEMO has made power production data publicly
available from all grid-connected solar power generation units
across different states in Australia. The main objective of this
study is to investigate state level aggregated PV power



forecasting for Australia using the AEMO data set. Specifically,
we consider the task of day ahead forecasting of aggregated PV
power output at half-hourly resolution for the state of New South
Wales (NSW), Australia. Our main contributions in this paper
can be summarized as follows:

1. We present a data-driven approach which considers only
past solar PV power data to build and train the prediction
model for state level aggregated PV power forecasting. The
adopted approach applies three well-established machine
learning algorithms (NNs, SVR and RF) and two state-of-
the-art deep learning algorithms (Long Short-Term Memory
(LSTM) recurrent networks and Convolutional Neural
Networks (CNNs)) to develop prediction model. The two
deep learning algorithms have not been investigated
previously for aggregated system level PV power
forecasting.

2. The proposed approach also investigates the predictive
ability of two different feature sets as input to the prediction
models. These feature sets have been constructed based on
previous solar PV power data and their descriptive statistics.
This simplifies the process of model development and ease
its implementation for practical applications.

3. We also provide a comprehensive evaluation of the
presented approach using eight months of data from AEMO.
To the best of our knowledge, no previous studies used
aggregated solar power data from Australian energy market.

This paper is organized as follows. Section II presents the
problem statement. Section III describes the data set used.
Section IV presents the forecasting approach and Section V
outlines the experimental setup. Section VI presents and
discusses the results. Finally, Section VII summarizes the key
results and concludes the paper with future research directions.

II. PROBLEM STATEMENT

Given a time series of aggregated solar power production for
a state in Australia up to day d: P = [P*, P?, P53, ..., P%~1, P4],
where P! = [p{, pL, vk, ., p,’l] represents the half-hourly power
profile for day i, i.e. n observations of the power outputs
measured at half-hourly intervals; the goal is to forecast the half-
hourly power profile for next day d+/ (i.e. next n future values

pitt, pd*l pdtl | pd+1) of the time series P.

In this study, we focus on developing prediction model
utilizing previous solar PV power data as the inputs to the model.
Solar power output from individual farms is influenced by local
weather phenomena (e.g. solar irradiance, rain fall, temperature,
etc). Therefore, multivariate model utilizing historical weather
and power data, as well as predicted weather data is considered
ideal for farm level forecasting. However, such multivariate
model may not be suitable for aggregated system level
forecasting since many geographically dispersed solar farms
contribute to the aggregated system level power output. The
local weather for each of these farms may vary significantly and
inclusion of the huge volume of weather data for all farms into
the input of the prediction model is very challenging and even
could make the model inefficient [15]. Hence, this study aims to
investigate the feasibility of univariate forecasting model for
aggregated state level PV power production.
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Fig. 1. State level aggregated maximum PV power production in
Australia between Jan-Aug 2019
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Fig. 2. Aggregated solar power generation in 5-min intervals for
NSW (Jan-Aug 2019)

III. DATA

A. Data set

We use solar power production data from AEMO. AEMO
makes recent 13 months of solar power data publicly available
and regularly updates the archive with the most recent data in
[16]. In this study, we consider the half-hourly power generation
data of all grid connected solar power generation farms
registered in National Energy Market (NEM) participants list
from 01-Jan-2019 to 28-Aug-2019 (total 240 days).

B. Data Aggregation and Pre-processing

For each state in Australia, the solar power production data
from all the grid-connected and geographically dispersed PV
plants across the state has been combined into one aggregated
time series data by taking their sum. Fig. 1 shows the state-level
aggregated maximum production recorded for four different
states in Australia for the duration of the data set used in this
study. QLD is the highest contributor with 45.96% of total
2144.05 MW solar PV power production in Australia followed
by NSW with 26.79% of total production. VIC and SA have
relatively lower production compared to other two states with
16.81% and 10.44% of total production, respectively.

AEMO uses one day ahead forecasting (i.e. pre-dispatch
forecasting) for operational and planning activities for next day.
The pre-dispatch forecasts for a day are done for 48 trading
intervals — 1 for each 30-min period in a day. Hence, the time
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Fig. 3. Schematic diagram of the adopted forecasting approach

resolution of the data has been adjusted from 5-min to 30-min
by taking the average of solar power production data within each
half-hourly window. This aligns the time resolution of the data
with AEMO’s trading intervals.

Fig. 2 shows the aggregated power output for Jan-Aug 2019
in the state NSW, Australia. The graphs showing aggregated
solar power generation for other states are not presented as they
share similar characteristics. From this graph, it is obvious that
the power outputs before 6:00 in the morning and after 19:00 in
the evening is either zero or very close to zero. This is because
of the absence of solar irradiance outside this 13-h window.
Hence, the final dataset includes the power generation between
6:00 to 19:00 inclusive and filter out the remaining samples.

IV. FORECASTING APPROACH

This Section presents a generic approach for day ahead
forecasting of state level aggregated PV power production. The
key idea of the adopted approach is to compute the forecasts for
n half-hourly time-steps for next day (d+1/) by combining the
outputs from n prediction models — 1 model for each time-step.
Fig. 3 presents a schematic diagram of the adopted forecasting
approach. It consists of three main steps: (1) data preparation,
(2) model development, and (3) forecasting, as described below.

A. Data Preperation

As shown in Fig. 3, the adopted approach divides the task of
forecasting PV power output for » half-hourly time-steps for
next day (n=27 for our case since we consider data between 6:00
to 19:00 inclusive) into n different sub-tasks. For each half-
hourly time-step, it first prepares a new time series by taking the

of W lagged observations;

FS2 — W most recent observations
(7 features)

The selection of lag window length (/) is very important for
building prediction models. A too large window requires many
past observations. Whereas too small window may not contain
the recent variability in the data that consequently results in poor
prediction. In this study, we evaluated different values of W
using 5-fold cross validation of the training data and found that
W values higher than 7 do not significantly improve the
prediction accuracy. Hence, we use W=7 for all prediction
models.

Two different feature sets have been constructed from W
lagged observations. The first feature set (FS;) includes the
descriptive statistics from both  lagged observations and the
difference series of ¥ lagged observations. The second set (FS»)
includes the 7 lagged observations themselves as the features.
Table I summarizes the features in both FS; and FS,.

B. Model Development

For every half-hourly time-step, a model is trained for
single-step ahead prediction using input-output pairs prepared
from the time series for that time-step. The adopted forecasting
approach is generic and supports any machine learning
algorithm for regression. In this study, we apply three well
established machine learning algorithms and two state-of-the-art
deep learning algorithms. Specifically, we apply NNs, SVR, RF,
CNNs and LSTM recurrent networks. A brief overview of these
prediction algorithms along with their parameters tuning process
are provided below.
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Fig. 4. Data preparation and predictions in the adopted approach

NNs: NNs [17] are widely applied machine learning
algorithms for forecasting solar power time series data. NNs can
estimate any complex functional relationship (both linear and
nonlinear) without any assumptions regarding the distribution of
data. However, the performance of NNs depends on the network
architecture and the random initialization of weights. To reduce
this sensitivity, we apply an ensemble of NNs. To develop NNs
based prediction models, we uses Multi-Layer Perceptron
(MLP) NNs that are considered as universal function
approximators [18].

For each of the n time-steps, a separate NNs ensembles has
been developed using MLPRegressor from the scikit-learn
library [19] for python. The parameters for each of these # NNs
have been tuned separately using a grid search and applying 5-
fold cross validation of the training data. For grid search, we
consider following parameters: hidden layer sizes:[(i,) for i in
range(10, 41, 5)], activation (activation function for the hidden
layer): ['logistic', 'tanh', 'relu'], solver (weight optimization
method): ['Ibfgs'], early stopping: [True], alpha (regularization
term): [0.1, 0.01, 0.05, 0.005, 0.0001, 0], max_iter (maximum
number of iterations): [2000], shuffle: [False].

To develop an ensemble, m replicates of the best estimator
(i.e. NN that provides the highest score/lowest loss on 5-fold
cross validation of training data) have been created — all the m
replicates have same structures but assigned different random
weights. These m replicates are then trained separately on the
entire training data and their outputs are combined by taking
average to compute the final prediction.

SVR: SVR [20] is another popular machine learning
algorithm for energy time series prediction. Like NNs, SVR can
learn complex functional relationship from examples but it has
a smaller number of parameters to tune and is less likely to
overfit the data. The key idea of SVR is to map the input data
into a higher dimensional feature space using a non-linear
transformation and then apply linear regression in the new
space. The linear regression in the new space corresponds to
non-linear regression in the original space. The task is
formulated as an optimisation problem. The main goal is to
minimize the error on the training data, but the flatness of the
line and the trade-off between training error and model
complexity are also considered to prevent overfitting.

Like NNs, a separate SVR model has been developed for
each of the n time-steps using epsilon-SVR from the scikit-learn
library. Each of these » SVR models has been optimized
separately using a grid search of the following parameters:
kernel = [‘linear’, ‘poly’, ‘tbf’], C (penalty parameter of the
error term) = [0.1, 0.5, 1, 10], degree (degree of the polynomial
kernel function , ignored by all other kernels)=[2,3], gamma
(kernel coefficient for ‘rbf’, ‘poly’)=[ 'scale', 0.1, 1], epsilon
(defines a tube around the regression line that corresponds to the
precision with which the input-output mapping will be
approximated)=[ 0.1, 0.2, 0.5], tol (tolerance for stopping
criterion)=[0.0001].

RF: RF [21] is a representative of the tree based learning
algorithms. The basic idea of RF is to create a forest by fitting a
number of Decision Tree [22] based learners that estimate the
value of the target variable by generating a set of rules learned
from the input features and then combine the prediction of all
the individual decision trees by taking their average.

Each tree in the forest has been trained using a randomly
drawn subset of input-output examples. All the subsets are equal
in size and drawn using bootstrapping (i.e. sampling with
replacement). The features for splitting the nodes of the tree are
also always randomly permuted at each split. These increase the
diversity in the learning process and lead to more robust overall
predictions compared to the single Decision Tree based
prediction algorithm.

Like NNs and SVR, RF has been implemented in python’s
scikit-learn library and the parameters of each of the n RF
models has been tuned based on exhaustive grid. The search
space for grid search includes following: n_estimators (number
of trees in forest)=[500, 1000, 2000], criteria (the function to
measure the quality of a split)=[‘mse’], and bootstrap=[True].

CNNs: CNNs [23, 24] are state-of-the-art deep learning
algorithms. One of the main advantages of CNNs is their ability
to automatically learn useful features from data without prior
knowledge and feature engineering. There are three main types
of layers in a CNN: convolutional, pooling, and dense layers.
The convolutional and pooling typically repeated several times
(pooling layers follow a sequence of one or more convolutional
layers and are intended to consolidate the features learned and



expressed in the preceding layers feature map). The last layer is
a fully connected layer which produces the output.

The convolutional layers apply filters to an input to create a
feature map that summarizes the presence of detected features in
the input. In particular, the filters (kernels) with pre-specified
size in each convolutional layer are slided over the input to
convolve the weight matrix of the filter with the input and
compute the feature maps. The nodes in a convolutional layer
use local connectivity and weight sharing to reduce the number
of weights that are stored and learned, and lead to faster training.
A pooling node computes the maximum/average (as configured)
value of the set of adjacent convolutional nodes that are
connected to it. The combination of a convolutional and pooling
layer allows to extract suitable shift-invariant features from the
input. CNNs models have been implemented in Python using
Keras [31] and Tensorflow [32] libraries.

To select the appropriate structure and tune the parameters
of the CNN model for each time-step, different architecture and
parameter combination have been evaluated using 5-fold cross
validation of training data. Specifically, the search space
includes following: filters (the number of output filters in the
convolution) =[5, 10, 20, 30, 40, (5,10), (10,10), (20,10),
(30,10), (40,10)]; kernel_size (the length of the 1D convolution
window)=[3, 5, 7]; padding=‘same’, activation=[‘relu’, ‘tanh’,
‘sigmoid’, ‘linear], neurons (in dense layer)=[10, 20, 30, 40],
activation (for dense layer)=[‘relu’, ‘tanh’, ‘sigmoid’, ‘linear’],
optimizer="SGD’, Ir (learning rate)=[0.001, 0.005, 0.01, 0.05,
0.1], momentum=[0.99, 0.9, 0.8, 0.7, 0.6, 0.5], epochs=[200,
300, 500, 1000, 1500, 2000], batch_size=[1, 50, 100, 150, 200].
The batch normalization and dropout after each convolution
layer have been applied to speed up the training and reduce
overfitting. The CNN that provides the best accuracy on 5-fold
cross validation of training data has been applied for predicting
test data.

LSTM: LSTM [25, 26] are recurrent deep neural networks
that have been specifically designed to overcome the vanishing
and blowing up gradient problems of the standard recurrent
NNs. The main advantage of LSTM is that they can learn the
temporal context of input sequences in order to make better
predictions for complex time series data. This means LSTM
networks can model time series data without the need of
specifying a fixed set of lagged observations. The neurons (also
called nodes) of a LSTM network can manage their state using
a set of gates that make them smarter than the neurons in
conventional recurrent NNs.

Like CNNs, LSTM has been implemented in Python using
Keras and Tensorflow. The suitable structure and the parameters
of the LSTM models have been selected based on their different
combination. The search space for LSTM structure and other
parameters includes following: units (number of LSTM nodes):
[5, 10, 20, 30, 40, (5,10), (10,10), (20,10), (30,10), (40,10)],
activation=[‘relu’, ‘tanh’, ‘sigmoid’, ‘linear’], dropout (fraction
of the units to drop for the linear transformation of the inputs)
=[0, 0.1, 0.2, 0.3], activation (for dense layer)=[‘relu’, ‘tanh’,
‘sigmoid’, ‘linear’], batch_size=1, stateful=True,
optimizer="SGD’, Ir (learning rate)=[0.001, 0.005, 0.01, 0.05,
0.1], momentum=[0.99, 0.9, 0.8, 0.7, 0.6, 0.5], epochs=[200,
300, 500, 1000, 1500, 2000].

C. Forecasting

To predict new data, the input features for each time-step
have been prepared separately and feed to the corresponding
trained prediction model. The outputs from all n prediction
models combinedly construct half-hourly power forecasts for
the target day d+1.

V. SIMULATION SETTINGS

A. Training and Testing Data

We use the solar power production data for the state of NSW,
Australia. The full data set for NSW has been divided into two
non-overlapping subsets: training and testing. The training set
contains all the data from 01-Jan-2019 to 31-Jul-2019 (212
days). The data in the training set is used to train the prediction
models and tune their parameters through 5-fold cross
validation. On the other hand, the festing set contains the data
from 01-Aug-2019 to 28-Aug-2019 (28 days). The data in the
testing set is used to evaluate the accuracy of prediction models.

B. Evaluation Metrics

To evaluate the accuracy of prediction models, two standard
metrics are used: Mean Absolute Error (MAE) and Mean
Relative Error (MRE).

MAE is the mostly cited metrics for forecasting energy time
series data including solar PV power. It measures deviation of
the predicted data from the actual data averaged over all the
examples:

) o
MAE = HZ?ﬂ Yialp; — B} (1)

where p]"- and ﬁ]l are respectively the actual and predicted
power output for the j-th time step of the day i; N is the number
of time step in a day (V=27 for our task); and D is the total
number of days.

MRE is extension of MAE. It normalizes MAE by the
maximum measured power output (C) of the time series and
computes the prediction error as a percentage:
pj—p}

c

MRE = ——%P %Y, x 100% 2)

VI. RESULTS

This section presents and discusses the forecasting results.
Firstly, it analyses the accuracy of the adopted approach using
different prediction algorithms and evaluates the predictive
ability of the two feature sets used as inputs to the prediction
algorithms. It then evaluates the forecast skill of the adopted
approach against two smart baseline models. It is important to
note that all the results presented in this section are obtained
using testing data set i.e. the out-of-sample data that is not
utilized for tuning parameters of the models.

A. Performance Using Different Prediction Algorithms

Table II presents the forecasting accuracy of the adopted
approach using five prediction algorithms (SVR, RF, NN,
CNNs, LSTM) that apply two different feature sets (FS; and
FS,) as inputs.
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Fig. 5. Prediction accuracy (MRE) of the adopted approach
utilizing different prediction algorithms for all half-hourly intervals

Overall, the adopted approach utilizing SVR as the
prediction algorithm and FS; as the inputs achieves the highest
prediction accuracy: MAE= 35.54 MW and MRE=6.53%.
CNNs using the same feature set (FS;) as inputs come next in
the ranking followed by NNs using FS;. The prediction accuracy
of the LSTM and RF are the lowest regardless of feature set
used. The top ranked SVR (using FS; as inputs) shows at least
4.90%, 11.03%, 13.96%, and 14.57% improvements of accuracy
(either MAE or MRE) over the CNNs, NNs, LSTM, and RF,
respectively. These improvements have been found statistically
significant at p<=0.05 (Wilcoxon rank-sum test). A plot
showing the actual vs predicted data using the most accurate
model (i.e. SVR with FS; feature set) for entire duration (4
weeks) of the test data set is provided in Appendix.

TABLE II. ACCURACY OF THE ADOPTED APPROACH WITH DIFFERENT
PREDICTION ALGORITHMS USING TWO INPUT FEATURE SETS
Pred. Input Set MAE MRE
Algorithm [MW] [%]
SVR FS, 35.54 6.53
FS, 38.25 7.02
RF FS, 42.18 7.75
FS, 41.60 7.64
NNs FS, 40.06 7.36
FS, 39.94 7.34
CNNs FS, 37.37 6.86
FS, 39.15 7.19
LST™M FS,; 41.30 7.59
FS, 42.53 7.81

Fig. 5 presents the breakdown of the prediction accuracy
(MRE) for all half-hourly time steps between 6:00 to 19:00. It
shows that there is not a substantial difference in accuracy of the
prediction algorithms in the early morning. However, as the time
increases from 8:00, the two top ranked algorithms (SVR and
CNNGs) show superior accuracy over other three algorithms (RF,
NNs, and LSTM) until 17:00 in the evening. This indicates that
both SVR and CNNs can model the solar power data well and
provide better prediction compared to other three algorithms
during the time window when fluctuations in the data are higher.
Hence, it can be concluded that both SVR and CNNs are more
viable for the aggregated state level power production data we
consider in this study.

Moreover, to better understand what makes SVR to perform
better than any other models, the optimized parameters of the
best performing SVR models (i.e. SVR using FS; as inputs) for

8.00 EFS1 WFS2

X'7.00
wl
o
S 6.50
6.00
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SVR RF NN CNN

Fig. 6. Prediction accuracy (MRE) of the adopted approach with
five prediction algorithms using two input feature sets

ﬂ

LSTM

all time steps have been thoroughly investigated. Analysis
reveals that SVR chooses linear kernel and assigns higher value
(10) for penalty parameter (C) of the error term for the first few
hours (6:00 to 8:00) at the beginning of the day and last few
hours (16:30 to 19:00) at the end of the day. During these two
window of time, the power production is relatively low and the
fluctuation is less prominent, hence SVR with linear kernel can
model the data well. For the remaining time of the day (8:30 to
16:00), SVR selects polynomial kernel with degree either 2 or 3
and assigns lower value (0.5 to 1) for penalty parameter of the
error term depending on the time. During this period, the solar
power output shows more variability and the selection of
polynomial kernel to model the highly fluctuating data is well
justified. The ability of SVR to select the suitable kernel
functions and other associated parameters based on the
complexity of the data for different time steps makes it well
suited to model the solar power data set, decrease the chance of
overfitting (if complex kernel were used during no or less
fluctuation in data) and underfitting (if linear kernels were used
during the time of high fluctuation in data), and provide better
prediction overall.

B. Comparison of Input Feature Sets

Fig. 6 plots the accuracy (in terms of MRE) of the adopted
approach with five prediction algorithms (SVR, RF, NN,
CNNs, and LSTM) using two different input feature sets (FS;
and FS,) to facilitates visual comparison of the predictive power
of the feature sets. The graph with MAE is not shown as it is
very similar to Fig. 6.

It is noticed that the two top ranked algorithms (SVR and
CNNs) and LSTM obtain the better accuracy if they use first
feature set (FS1) as inputs. SVR, CNNs, and LSTM respectively
achieves 7.03%, 4.55%, and 2.88% statistically significant
improvement in accuracy (either MAE or MRE) if they use FS;
as inputs instead of FS,. On the other hand, only RF shows
slightly better accuracy if it uses second feature set (FS;) as
inputs. For NN, the accuracy is very similar with FS; and FS,,
and the difference is not statistically significant. These
observations suggest that feature extraction from the raw solar
power data is beneficial for most prediction algorithms and
using them as inputs helps to capture patterns and recent trend
in the solar power production data.
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Fig. 7. Best accuracy of different prediction algorithms and baselines

C. Forecast Skill with Respect to Baselines

To assess the forecast skill of the adopted approach using
different prediction algorithms, the best performance for each
algorithm has been compared with that of two persistence
models considered as baselines. The first baseline (Bprevday)
assumes the similar weather conditions for consecutive days and
considers the solar power outputs from previous day (d) as the
predictions for next day (d+/). Thus, predictions for
pitt st pstt, L pitt are given by pf, pg,pg, ..., pi. On
the other hand, second baseline (Bcicarsky) assumes clear-sky
weather condition and considers the 90th percentile of the power
outputs at same time-step over last 3 months as the prediction
for a time-step next day d+/.

Fig. 7 visually presents the best accuracy results of the
adopted approach achieved by different prediction algorithms
(using either FS; or FS,) with that for two baseline models. It
shows that only SVR and CNNs (using FS; as inputs) provide
better accuracy compared to both baseline models. The forecast
skills of the SVR with respective to Byrevday (MAE=37.93 MW,
MRE=6.97%) and Beccarsky (MAE= 37.61 MW, MRE=6.91%)
are 6.30% and 5.52%, respectively. CNNs also shows
improvements over two baselines: 1.47% and 0.65%,
respectively.

On the other hand, NNs, LSTM, and RF show poor
performance and their accuracy (MAE or MRE) are well below
compared to two baselines. There are two main possible reasons
that could cause relatively poor performance of NNs, LSTM,
and RF. Firstly, lack of enough training data - there are only 212
input-output examples have been used to train the prediction
models. Increasing the size of training data spanning over larger
time period may lead to inclusion of input-output examples with
diverse weather conditions and consequently improve the
performance of the prediction models. The second reason could
be the input features used. The features considered in FS; and
FS; may not be sufficient for generalizing the input-output
relationships in the training data. Using additional features that
better describe power output can help to improve the accuracy
of the prediction models. The future work will focus on these
two areas to investigate possible improvement in accuracy of all
prediction algorithms.

VII. CONCLUSIONS AND FUTURE WORK

We presented a generic data-driven approach for day ahead
forecasting of aggregated PV power production in half-hourly
intervals for the state of NSW, Australia. The presented
approach investigated five widely used machine learning and
deep learning algorithms to develop forecasting models; and two
different feature sets as inputs to the prediction algorithms. The
parameters of the prediction models were tuned using a 5-fold
cross validation of training data spanning seven months (Jan-Jul
2019).

The performance of the adopted approach evaluated using
out-of-sample data spanning 1 month (1-28 Aug 2019) showed
that SVR and CNNs provided the most accurate prediction. The
prediction accuracy in terms of MAE and MRE are 35.54 MW
and 6.53% for SVR; and 37.37 MW and 6.86% for CNNs. Both
SVR and CNNs not only showed superior performance over
NNs, LSTM and RF but also outperformed two smart
persistence models considered as baselines. SVR achieved 4.90-
14.57% improvement of accuracy over all other models
(including CNNs and baselines). The improvement of CNNs
was in the range of 0.65-10.17% over NNs, RF, LSTM, and
baselines. Most importantly, SVR and CNNs showed superior
performance over the other models during the time between
8:00-17:00 when the solar power output fluctuates more. The
better forecast skill of the SVR and CNNs compared to the
baselines, and their ability to provide more accurate predictions
during the time of high variability in the data suggest that both
algorithms are very promising and can be applied for practical
applications for forecasting aggregated system level solar power
prediction. The good performance of the deep learning
algorithm CNNs compared to traditional feed forward NNs also
indicates that although NNs are the most popular in the literature
for farm level prediction, CNNs could be a better choice for
aggregated system level forecasting of solar PV power
production.

The noteworthy advantage of the presented forecasting
approach is that it only uses the lagged power data (and their
descriptive statistics) as inputs to the prediction algorithms. This
makes the forecasting of aggregated state level solar PV
production relatively easy since identifying the meteorological
factors for many geographically distributed solar farms across a
state and using those factors for forecasting aggregated state
level production could make the prediction model inefficient
and complicated.

In future, we plan to investigate following: 1) advanced
deep learning algorithms such as LSTM Encoder-Decoder and
CNN-LSTM Encoder-Decoder for developing prediction
model; 2) unsupervised machine learning techniques (such as
clustering) to group the data and then developing separate
prediction model for each group; 3) extracting new features and
using them as the inputs to the prediction model; and 4)
increasing the size of data training data to include most recent
data from AEMO.
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APPENDIX
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Fig. 6. Actual vs predicted data using the best performing model
(SVR with FS1 input feature set)
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