energies

Article

Prediction of Solar Power Using Near-Real Time Satellite Data

Abhnil Amtesh Prasad *

check for

updates
Citation: Prasad, A.A_; Kay, M.
Prediction of Solar Power Using
Near-Real Time Satellite Data.
Energies 2021, 14, 5865. https://
doi.org/10.3390/en14185865

Academic Editor: Juan L. Bosch

Received: 19 August 2021
Accepted: 13 September 2021
Published: 16 September 2021

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

and Merlinde Kay

School of Photovoltaics and Renewable Energy Engineering, University of New South Wales,
Sydney, NSW 2052, Australia; m.kay@unsw.edu.au
* Correspondence: abhnil.prasad@unsw.edu.au

Abstract: Solar energy production is affected by the attenuation of incoming irradiance from un-
derlying clouds. Often, improvements in the short-term predictability of irradiance using satellite
irradiance models can assist grid operators in managing intermittent solar-generated electricity. In
this paper, we develop and test a satellite irradiance model with short-term prediction capabilities
using cloud motion vectors. Near-real time visible images from Himawari-8 satellite are used to
derive cloud motion vectors using optical flow estimation techniques. The cloud motion vectors are
used for the advection of pixels at future time horizons for predictions of irradiance at the surface.
Firstly, the pixels are converted to cloud index using the historical satellite data accounting for clear,
cloudy and cloud shadow pixels. Secondly, the cloud index is mapped to the clear sky index using
a historical fitting function from the respective sites. Thirdly, the predicated all-sky irradiance is
derived by scaling the clear sky irradiance with a clear sky index. Finally, a power conversion model
trained at each site converts irradiance to power. The prediction of solar power tested at four sites
in Australia using a one-month benchmark period with 5 min ahead prediction showed that errors
were less than 10% at almost 34-60% of predicted times, decreasing to 18-26% of times under live
predictions, but it outperformed persistence by >50% of the days with errors <10% for all sites.
Results show that increased latency in satellite images and errors resulting from the conversion of
cloud index to irradiance and power can significantly affect the forecasts.
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1. Introduction

The uptake of solar energy in the global renewable energy mix has been rampant.
The global solar capacity has now reached to levels at par with global wind capacity, each
accounting for 26% of global renewable energy generation capacity [1]. In Australia, solar
power contributed to 6% of total electricity generation in 2018-2019 with largest growth in
large-scale solar power generations [2]. A rapid decline in costs associated with solar instal-
lations are driving the uptake of solar energy across the globe [3], including Australia [4].
Australia has one of the largest potentials for solar resources [3], but often the variability
and intermittency introduced by clouds associated with changing weather patterns often
stresses transmission networks and introduces challenges into grid-management [5,6].

The penetration of solar generated electricity in the national grid often requires gen-
erators to closely follow load demand changes with additional storage or curtailment of
generation [7], which raises the cost of production [8,9]. For optimal operation of the
energy market, network planning and scheduling requires efficient solar power forecasts
at both short-time (>10 min to 5 h) and longer term (>5 to 48 h) scales [10]. Issues related to
voltage fluctuations and load following can be managed with short-time forecasts using the
principles of cloud advection in images captured by space-borne satellites or ground-based
sky cameras [11,12] adding to significant increase in financial value and reliability of the
system [13]. Likewise, longer term forecasts using numerical weather prediction models
are essential in planning for storage and grid scheduling [14].
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Solar power forecasting is tightly coupled with the spatial and temporal scales in-
volved, where techniques such as statistical, machine learning and hybrid approaches have
also been applied to measured and modelled data for predictions [15-17]. Several authors
have extensively reviewed solar power forecasting techniques in the past [14,18-20]. Inter-
estingly, the current emergence of geostationary satellites with high spectral, spatial and
temporal resolutions provide a unique view of evolving clouds, crucial for the detection
of ramps in solar power at short-time intervals [12]. Solar irradiance and power forecasts
have been produced using geostationary satellites, such as Meteosat Second Generation
(MSG) [21-23], Geostationary Operational Environmental Satellite (GOES) series [12,24],
Communication, Ocean and Meteorological Satellite (COMS) [25], FengYun-4 [26-28] and
Himawari-8 [29,30].

Most of the satellite derived solar forecasts are generated from cloud motion vectors
(CMVs) using pattern matching techniques on consecutive images [31,32], which usually
require conversion of cloud images to irradiance either using physical based radiative
transfer approximations [29] or statistical methods exploiting empirical relationships be-
tween cloud index and clear sky models [33,34]. There are a number of algorithms used to
derive CMVs including block matching, phase matching and optical flow methods with
key assumptions related to stable cloud properties [11,21]. Notably, specialised power
conversion models are required to convert irradiance to power for operational sites consid-
ering the design of the system [17]. Often data-driven models or hybrid models with a mix
of statistical, physical and artificial intelligence techniques have also been employed for
generating solar power forecasts [35-41].

Regardless of the forecasting approach, Yang, et al. [42] recently highlighted key
challenges associated with operational forecasting of solar power, related to the accuracy,
consistency, value, adequacy and efficacy of forecasts produced for influential decision
making in the market. Although several solar forecasting methods are emergent, those
likely to be adapted are the ones that can function properly in a realistic environment
incorporating all the market dynamics. One of the challenges for operational solar forecast-
ing relates to the realistic time taken for the forecasts to be generated. The forecast lead
time is critical for grid operators for decision making related to generator scheduling and
dispatch [43].

The Australian National Energy Market (NEM) requires utility wind and solar genera-
tors to predict dispatch targets at 5-min intervals to regulate short-term demand-supply
volatility in the operational market [44]. Generating forecasts at 5-min intervals can be
challenging since forecasts have to be optimized for performance in real-time at very
short-time scales. Several authors in the past have mostly focused on developing fore-
casting approaches without much testing in operational markets. Ayet and Tandeo [38]
demonstrated a computationally efficient analog technique for short-term (up to 6 h) solar
irradiance prediction at five locations in Europe with modest skills and strong potentials
for operational applications. More recently, Yang, et al. [45] demonstrated an operational
solar forecasting algorithm with downscaling capabilities producing deterministic and
probabilistic forecasts of solar irradiance at 15 min resolution. The applicability of satellite
imagery-based pattern-matching forecasting techniques to short-term prediction is well
known [14,19,46], but the operational assessment of such an approach is limited, especially
in Australia.

Moreover, it has been evident that solar irradiance prediction algorithms are more
common in comparison to solar power, especially in an operational market probably due
to errors stemming from irradiance-to-power conversion approaches [17]. Therefore, the
aim of this paper is to demonstrate the performance of short-term power forecasts using
near real-time satellite imagery at four solar power farms participating in the NEM. For
the first time in Australia, the accuracy of solar power prediction using near real-time
satellite images has been investigated in an operational market. The paper is structured as
follows: Section 2 outlines the materials and approaches used for generating short-term
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solar forecasts. The results are presented in Section 3 with a discussion of findings in
Section 4. Finally, a summary of key results is stipulated under Section 5.

2. Materials and Methods
2.1. Site Data
Table 1 describes three solar farms located in Queensland, located in the north-east of

Australia and another solar farm from Victoria, (Southern) Australia that were used for
benchmarking and testing of the solar forecasting model.

Table 1. Summary of solar farms.

Sites ! Name Capacity (MW) Internet Climate
Queensland A QLD-A 110 4G Humid subtropical
Queensland B QLD-B 150 Site Hot and humid
Queensland C QLD-C 50 Site Humid subtropical

Victoria A VIC-A 72 4G Cold semi-arid

1 Solar farm names have been suppressed due to non-disclosure agreement.

Each farm had internet access to transmit weather and power data from each site
in near real-time using the Supervisory Control and Data Acquisition (SCADA) system.
Key variables used from the site include global horizontal irradiance (GHI), real power
exported to the grid (kW), ambient temperature (°C), windspeed (m/s), relative humidity
(%) and dewpoint temperature (°C).

2.2. Satellite Data

Historical and near-real time Himawari-8 visible channel (band 4 at 0.86 micron)
satellite images [47] were downloaded from the Bureau of Meteorology (BOM) Registered
Users FIP site. The satellite images are available every 10 min at a resolution of 2 km.
Initial satellite data downloaded from BOM FTP site was postprocessed by cropping the
larger NetCDF satellite raster to a box around a series of site locations listed in Table 1 & a
specified distance of 3 degrees. The process of downloading data from BOM FTP site
to post-processing the images was automated in real-time on the Amazon Web Service
(AWS) cloud.

2.3. Satellite Irradiance Forecasting Model

The Satellite Irradiance Forecasting Model (SIFM) was developed and tested at four
sites listed in Table 1 using Himawari-8 satellite images. The flowchart in Figure 1 rep-
resents the basic operations of SIFM. SIFM ingests two latest satellite images for the
calculation of CMVs. Later, CMVs are used for advection of pixels at future time horizons
for predictions of irradiance at the surface. However, the image pixels or the satellite
reflectance have to be converted to irradiance to be useful for solar irradiance prediction.
Note, the satellite reflectance is calculated using the observed radiance, which is required
to calculate the irradiance. To estimate the irradiance, Himawari-8 radiance from the
narrow band (band 4 at 0.86 micron) is converted to the broadband spectral region using
calibration tables generated by radiative transfer models [47]. The traditional HELIOSAT
technique [33,34] was used for the computation of solar irradiance based on a clear sky
model output scaled by the cloud transmission. The cloud transmission is derived using
satellite cloud index which is based on historical normalization of clear and cloudy pix-
els [33,48]. A major advantage of the HELIOSAT technique is its ability to approximate
cloud transmission based on either the satellite observed digital counts or the calibrated
radiances. The algorithm included three key processing phases:

e  Offline processing: The derivation of fitting functions against cloud index and clear
sky index using historical observations.
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e Image Processing: The derivation of cloud motion vectors using near real-time satellite
imagery.
e  Online Processing: The derivation of power ensemble using derived GHI from ad-
vected pixels after image processing.
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Figure 1. Flowchart representing the basic operations of SIFM.

SIFM was run in two modes: benchmarking mode and in real time. The benchmarking
mode was used for pre-evaluation, testing and debugging of the beta-version of the model
code from 15 August to 14 September 2020. The model was then run in real-time from
24 September to 28 October 2020.

2.3.1. Offline Processing

Offline processing was not done in real time since it pre-processes historical data to
determine key inputs for the image processing and online processing phases. These include
the calculation of brightest and darkest pixels at the site of interest and the evaluation of
the observed clear sky index and cloud index relationship. To identify the brightest and
darkest pixels, the last 30 days data starting from the month of the testing period is taken
at every 10-min interval corresponding to the period of satellite images. The brightest pixel
is indicative of a thick cloud with a high albedo. This is calculated as the maximum of the
reflectance observed (p.) at each time step. Similarly, the darkest pixel indicates reflection
from the surface since the sky is clear. Thus, the minimum of the reflectance is regarded as
the apparent ground albedo (o). Furthermore, the clear sky index (k) is calculated as the
ratio of the irradiance observed (GHIp) and the calculated irradiance from the clear sky

model (GHI(js)Z
_ GHIp

¢ = GHlgs ¢))
Similarly, cloud index () was calculated as:
n=L"0s )
Pc — Pg

The clear sky index (k) and cloud index (1) are then related using the linear approxi-
mation, as described in Kamath and Srinivasan [49]:

n<02 ke=1n>02; ke =a+b(l—n) 3)
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2.3.2. Image Processing

The cloud motion method was derived using optical flow techniques which predicts
motion within two consecutive frames especially when the pixel intensities (I) do not
change within consecutive images and the neighboring pixels have similar motion [28,50].

Thus: 3
S1x(1),y(0),) = 0 @

where (x(t),y(t)) indicates the trajectory locations of the image at time t. Hence, applying
the chain rule to the above expression yields the optical flow constraint equation:

VL(5,9) + o =0 5)

To solve the optical flow equation, the Farneback approach is taken [51]. This approach
firstly uses quadratic polynomials to approximate neighborhood of consecutive frames
where the displacement is computed using the coefficients of the polynomial expansion.
The coefficients are computed using a weighted least square fit to the intensity values in the
neighborhood. To test CMVs, observed and predicted cloud index after advection using
two consecutive satellite images were tested. Results from VIC-A site are demonstrated in
Appendix A.

2.3.3. Online Processing

The cloud index observed during the benchmark period were used to calculate the
GHI inferred using the HELIOSAT technique [34,48]. To create an ensemble output for GHI,
a combination of clear sky models [52,53] with key parameters were utilized as shown in
Table 2.

Table 2. Clear sky models used in generating the ensemble product.

Ensemble Clear Sky Model Parameters
A Ineichen Climatological Turbidity
B Ineichen 1.1 x Climatological Turbidity
C Ineichen 0.9 x Climatological Turbidity
D Haurwitz Apparent Zenith Angle
E Simplified Solis Climatological Aerosol Optical Depth
F Simplified Solis 1.1 x Climatological Aerosol Optical Depth
G Simplified Solis 0.9 x Climatological Aerosol Optical Depth

All the predicted clear sky GHI were scaled by the clear-sky index corresponding
to the predicted cloud index produced from the advection of cloud motion vectors. The
predicted GHI (ensemble mean) were evaluated with observations. Similarly, the GHI
ensemble was converted to power using the power conversion model trained at each site.

The power conversion model (PCM) is a physical model that is used to convert
supplied irradiance and temperature values into site power output. The model is based on
the underlying physics of the site’s photovoltaic (PV) modules combined with descriptive
performance functions, which are from manufacturer supplied datasheets or historical
performance data obtained at the site. The PCM is broken up into a set of sub-models that
estimate the power output for each inverter at the site corresponding to each PV array. This
breakdown allows for variation of the performance across the field due to different PV
array sizes, PV module types, or the current status to be captured. The DC power output
of each PV array within the field at any supplied set of conditions is estimated using an
extended single diode model that has been configured to match the module performance
characteristics and scaled to match the PV array size. This DC value is then converted to
an AC power estimate, taking into consideration the performance of the installed inverters.
A comparison of the estimated and measured values for each inverter allows a further
derating refinement to be applied that can account for other losses in the array (wiring loss,
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module performance variation, average soiling level). Variations due to the solar angle
of incidence and losses occurring between the inverter output and the site power export
connection are accounted for using numerical fitting to historical data.

The development of PCM requires a detailed assessment of each site including loca-
tion, layout, topography, string configuration, module, and inverter datasheets, tracking
behaviour and site operation. Tuning the model is performed based on historical site data
and requires module global tilt irradiance (GTI), module temperature, ambient temperature
inverter power and export power. Currently, the PCM is tuned only once for each site
however scope for improvement exists in an adaptive tuning regime where de-rate and
correction functions are updated in reasonable intervals to better account for variations
caused by seasonal changes, temporary array performance variation (soiling/cleaning)
and long-term degradation.

2.4. Evaluation Metrics

The forecasts were evaluated against truth and dispatch data available from the gener-
ators. The evaluation metrics used in this study include the mean bias error (MBE), mean
absolute error (MAE), root mean square error (RMSE), normalized root mean square error
(nRMSE) and the Pearson’s correlation coefficient squared also known as the coefficient of
determination (R?):

n . .
MBE:%EV}—V; (6)
i=1
MAE:li Vi Vi 7)
n fo v

i=1

RMSE — \/ii_i(\/fivg)z ®)

RMSE

NRMSE = ———— x 100% )
1

n ~i=1"o

2

) i (V- Vr) (Vi Vo)
\/Z?_l(V}Vf)Z Z?:1(Voi*70)2

where V} and V]! are respectively forecast and observed values for the reference variable V

RZ

(10)

at the i’ index from n number of samples with mean values Vy and V.

A simple persistence model was used as a baseline to compare with the SIFM predic-
tions [54]. The simple persistence model assumes the forecasts V¢ (t) at any time ¢ persists
with the current observed V,(t + &) at a forecast horizon h:

Vi(t) = Vo(t +h) (11)

To demonstrate the skill in SIFM predictions, the percentage of samples where the
forecasts were within +1% (err < 1%), +5% (err < 5%) and £10% (err < 10%) of the
observed were also reported. The data analysis and visualizations presented in this study
were performed using the Python Programming Language.

3. Results

The results demonstrate the benchmarking and real-time operations of SIFM.

3.1. Benchmarking

Figure 2 shows the hourly variation of observed GHI for the benchmarking period. All
locations show a clear diurnal cycle. All sites in Queensland (Figure 2a,b,d) show a large
number of outliers in comparison to Victoria (Figure 2c), which shows lower mean values.
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Note, Queensland has a tropical climate with greater variability in clouds with several
outliers, whereas as Victoria has lower mean GHI with broader distributions. Although
the sites are located in regions affected by slightly different meteorological conditions, it is
clear that challenges exist in predicting GHI at short time scales of up to an hour.
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Figure 2. Hourly variation of observed GHI in the benchmarking period for: (a) QLD-A; (b) QLD-B;
(c) VIC-A; (d) QLD-C. Outliers in the distribution are denoted with the “+” symbol.

The relationship between the clear sky index (k;) and cloud index (1) was derived
for SIFM. Figure 3 shows the relationships for all the sites investigated in this study. The
clear sky index and cloud index show unique characteristics at all sites. A larger cluster of
scatter points exist near k. = 1 for n ~ 0, however the cluster grows especially in the n
space until n = 0.2 beyond which a linear decline can be inferred.

Clearly, the relationship observed in Figure 3 can be approximated using piecewise
linear functions with separations at n = 0.2 using Equation (3). A first order polynomial
fit (linear regression) was used to derive the coefficients. The coefficients derived to relate
clear sky index (k) and cloud index (n) when n > 0.2 is listed in Table 3.

Table 3. Coefficients relating cloud index to clear sky index.

Sites Name a b
Queensland A QLD-A 0.32877541 0.75064906
Queensland B QLD-B 0.40395545 0.47190695
Queensland C QLD-C 0.13397656 0.70901523

Victoria A VIC-A 0.40674933 0.447415

Note, the relationship is static for the benchmark calculations but for real-time analysis, this relationship requires
a monthly update to account for seasonal surface albedo changes affecting the calculation of the apparent ground
albedo (pg).
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Figure 3. The relationship between the clear sky index (k.) and cloud index (1) in the benchmarking
period for: (a) QLD-A; (b) QLD-B; (c) VIC-A; (d) QLD-C. A vertical black dashed line at n = 0.2
separates the relationship between k. and n.

The fitting functions for individual sites was used to model irradiance (GHIs) with
coefficients listed in Table 3. Figure 4 demonstrates the applicability of using cloud index
in approximating the clear sky index for the calculation of model irradiance from the clear
sky model (GHI¢s):

GHIy = ke x GHICS (12)

(b)
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600 -
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400 A
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Figure 4. Modelled versus observed GHI in the benchmarking period for: (a) QLD-A; (b) QLD-B;
(c) VIC-A; (d) QLD-C. The reference line y = x is shown in black.
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NRMSE(%)

50

The error metrics from comparison of modelled and observed GHI at all the sites
investigated are shown in Table 4. The modelled and observed GHI closely follow each
other at all sites with R? > 0.7. The GHI values were mostly overestimated by the model
in comparison to the observations during the benchmarking period (MBE > 0 Wm™2).
All sites showed errors (RMSE < 119 Wm ™2, nRMSE < 33%) with QLD-C performing the
best. Note, Queensland has a hot to humid subtropical climate whereas Victoria has a cold
semi-arid climate. Likewise, QLD-C is more inland than other sites and is less susceptible
to oceanic meteorological conditions, such as sea breezes. Several authors also report
similar magnitude of errors for all-sky conditions satellite derived GHI related to arid and
temperate climates [49,55,56].

Table 4. Error metrics for modelled and observed GHI in the benchmarking period.

Site Name RMSE (Wm~2) MBE (Wm™2) MAE (Wm~2) R?
QLD-A 92.49 (20%) 21.03 4791 0.90
QLD-B 113.58 (24%) 26.41 65.52 0.84
QLD-C 78.08 (16%) 12.66 38.27 0.92
VIC-A 118.58 (33%) 28.78 62.63 0.77

nRMSE are listed in parenthesis.

The errors reported in Table 4 included all-sky conditions. Note, each site experiences
a different degree of cloudiness influencing these errors. The daily clear sky index and
nRMSE related to the calculation of model irradiance (GHIy;) is shown in Figure 5.
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Figure 5. Daily evaluations of modelled GHI and cloudiness in the benchmarking period for: (a) mean clear sky index;

(b) nRMSE; (c) relationship between daily clearness and errors in deriving GHI.

The daily variations of clear sky index and nRMSE show errors increase rapidly as
cloudiness increases. Furthermore, it is evident that QLD-C performs better due to more
clear days in comparison to VIC-A, where cloudy days dominate. It is also evident that all
Queensland sites start with more clear days late in the winter and as the season transitions
into spring and the temperature warms up, more cloudy days develop resulting in increase
in errors.

Another critical component of SIFM is image processing for the calculation of CMVs.
The observed and predicted cloud index after advection at 5 min using two consecutive
satellite images were used to test CMVs for the benchmark period (shown in Figure 6).
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Figure 6. Forecasted cloud index at 5 min compared to observed in the benchmarking period for:
(a) QLD-A; (b) QLD-B; (c) VIC-A; (d) QLD-C. The reference line y = x is shown in black.

The error metrics related to cloud index advected using derived CMVs when compared
to observed cloud index is shown in Table 5.

Table 5. Error Metrics for predicted cloud index at advection of 5 min.

Site Name RMSE MBE MAE R?
QLD-A 0.13 0.07 —0.0030 0.53
QLD-B 0.15 0.09 0.0002 0.29
QLD-C 0.11 0.06 0.0021 0.42
VIC-A 0.15 0.09 0.0039 0.61

All sites show high residuals, but the forecasted cloud index follows the observed with
modest R?, especially for QLD-A and VIC-A. The RMSE and MBE does not change much.
A better way of looking at the accuracy of CMVs were to calculate the predicted GHI. Thus,
all the predicted clear sky GHI were scaled by the clear-sky index corresponding to the
predicted cloud index produced from the advection of cloud motion vectors. The predicted
GHI (ensemble mean from all clear sky models) comparison with observations is shown in
Figure 7.

The error metrics for predicted (ensemble mean) and observed GHI at a forecast
horizon of 5 min is outlined in Table 6.

Table 6. Error metrics for predicted mean GHI ensemble at advection of 5 min.

Site Name RMSE (Wm—2) MBE (Wm~2) MAE (Wm~2) R?
QLD-A 106.04 (23%) 55.96 32.89 0.86
QLD-B 124.99 (26%) 73.55 35.28 0.82
QLD-C 91.06 (19%) 47.08 22.70 0.90
VIC-A 137.01(38%) 78.59 39.32 0.71

nRMSE are listed in parenthesis.
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Figure 7. Forecasted GHI (ensemble mean) at 5 min compared to observed GHI in the benchmarking
period for: (a) QLD-A; (b) QLD-B; (c) VIC-A; (d) QLD-C. The reference line y = x is shown in black.

A number of compensating errors during the conversion of cloud index to clear sky
index and the calculation of ensemble mean from clear sky models improve the predicted
GHL. It is evident that all sites demonstrate high goodness of fits (RZ > 0.7). The predicted
GHI is overestimated at all sites by as much as 79 Wm 2. The errors RMSE and nRMSE at
all sites were <138 Wm 2 and 38%, respectively, with QLD-C performing the best.

Similarly, the GHI ensemble was converted to power using the power conversion
model trained at each site. The predicted power (ensemble mean) comparison with power
produced is shown in Figure 8. Similarly, the error metrics for predicted (ensemble mean)
and observed power at a forecast horizon of 5 min is also outlined in Table 7.

Table 7. Error metrics for predicted mean power ensemble at advection of 5 min.

Site Name RMSE (MW) MBE (MW) MAE (MW) R?
QLD-A 14.14 (24%) 7.44 435 0.85
QLD-B 28.75 (34%) 19.35 14.48 0.49
QLD-C 11.09 (24%) 7.07 312 0.76
VIC-A 10.05 (43%) 6.69 3.16 0.62

nRMSE are listed in parenthesis.

The conversion of GHI to power forecasts introduces additional errors. Nonetheless,
the model closely follows observations at all sites with R? > 0.6. The generators overestimate
forecast power at all sites from 6-19 MW. Due to different capacity of generators, the RMSE
cannot be directly compared at each site, but the nRMSE shows Queensland sites performed
better (NRMSE < 34%) than the Victoria site.
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Figure 8. Forecasted power (ensemble mean) at 5 min compared to observed power in the bench-
marking period for: (a) QLD-A; (b) QLD-B; (c) VIC-A; (d) QLD-C. The reference line y = x is shown
in black.

3.2. Live Predictions

SIFM was tested with live predictions in the market. The forecast horizon was depen-
dent on the latest satellite image available to the scheduled time for dispatch. The predicted
power (ensemble mean) comparison with power produced for live predictions (denoted as
initalmw) is shown in Figure 9. Likewise, the error metrics for predicted (ensemble mean)
and observed power for live predictions are also presented in Table 8.
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Figure 9. Forecasted power (ensemble mean) compared to observed power in the live period for:
(a) QLD-A; (b) QLD-B; (c) VIC-A; (d) QLD-C. The reference line y = x is shown in black.



Energies 2021, 14, 5865

13 of 19

Table 8. Error metrics for predicted mean power ensemble for the live period.

Site Name RMSE (MW) MBE (MW) MAE (MW) R?
QLD-A 18.36 (62%) 5.38 7.66 0.77
QLD-B 40.42 (89%) 14.92 19.40 0.48
QLD-C 23.13 (130%) 8.47 11.37 0.23
VIC-A 10.57 (79%) 3.76 542 0.63

nRMSE are listed in parenthesis.

Generally, live predictions were dependent on the forecast horizons due to the times
at which images were archived. Overall, real time predictions were poorer than benchmark
predictions due to varying forecasts horizons; however, this was expected. Nonetheless,
live predictions functioned in close range with the benchmark period with a 5-min forecast
horizon, except for QLD-C.

3.3. Evaluations with Persistence

Comparisons of SIFM with a simple persistence model demonstrates the suitability
of SIFM forecasts at short-time intervals. Evaluation metrics such as those reported in
Table 8 do not show much difference when comparing SIFM and persistence forecasts
to observations. This was expected since CMV based predictions of solar irradiance do
not beat persistence at very short-time scales. Nonetheless, we illustrate the forecast skill
of SIFM in comparison to simple persistence based on the percentage of samples where
the forecasts were within +£1% (err < 1%), £5% (err < 5%) and +10% (err < 10%) of the
observed for the benchmarking and live predictions in Table 9.

Table 9. SIFM skill compared to simple persistence forecasts in the benchmarking and live period.

Operations Error QLD-A (%) QLD-B (%) QLD-C (%) VIC-A (%)
GHI err < 1% 16 (8) 9 (5) 15 (16) 10 (3)
(Benchmarking) err < 5% 49 (33) 38 (27) 48 (38) 33 (23)
& err < 10% 63 (50) 52 (43) 63 (53) 44 (39)
Power err < 1% 12 (10) 4(22) 8 (27) 6 (15)
(Benchmarking) err < 5% 43 (32) 20 (40) 31 (43) 20 (32)
& err < 10% 60 (48) 43 (47) 50 (49) 34 (38)
Power err < 1% 7 (5) 2 (10) 3(6) 4(8)
(Live err < 5% 19 (9) 14 (15) 13 (11) 13 (14)
Predictions) err < 10% 26 (16) 20 (20) 18 (14) 18 (18)

Persistence forecasts are listed in parenthesis.

Overall, SIFM beats persistence in capturing greater percentage of good predictions
(err < 1%, err <5% and err < 10%) for GHI in the benchmarking period for all sites. Likewise,
SIFM demonstrates greater success than simple persistence in generating predictions with
err < 10% for nearly all sites in GHI and power predictions for the benchmarking and
live period. Clearly, SIFM produces forecasts (err < 1%, err < 5% and err < 10%) which
degrades in quality from GHI to power predictions in the benchmarking period suggesting
strong dependence of the PCM. Likewise, SIFM power predictions show lower percentage
of good predictions during the live predictions in comparison to the benchmarking period
likely due to the different period of study. Moreover, SIFM predictions at Queensland sites
capture greater percentage of good predictions (err < 1%, err < 5% and err < 10%) than
Victoria, however QLD-A was the only site where SIFM fully beats persistence in GHI and
Power predictions for the benchmarking and live period.

Additionally, aggregating the percentage of good predictions (err < 1%, err < 5% and
err < 10%) by days demonstrates the daily SIFM skill in comparison to simple persistence
forecasts. The percentage of days in the benchmarking and live period where SIFM beats
the performance of simple persistence model is shown in Table 10.
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Table 10. Percentage of days where SIFM outperforms simple persistence forecasts for the bench-
marking and live period.

Operations Error QLD-A (%) QLD-B (%) QLD-C (%) VIC-A (%)
err < 1% 48 67 32 58
(Benc}?r?:rkin ) err < 5% 74 74 68 77
& err<10% 84 81 81 61
Power err < 1% 39 26 10 16
(Benchmarking) err < 5% 71 23 13 6
err < 10% 87 52 54 26
Power err < 1% 83 26 48 17
(Live err < 5% 91 51 71 34
Predictions) err < 10% 91 54 80 54

Interestingly, SIFM outperforms persistence > 50% of the days in the benchmarking
and live period with err < 10% for all sites, except VIC-A for power predictions in the
benchmarking period. Note, live prediction period differs from the benchmarking period
with forecasts horizons at times of 20-25 min. SIFM outperforms persistence on greater
percentage of days during live power predictions in comparison to power predictions from
the benchmarking period for all sites. This was expected since CMV based predictions of
solar irradiance and power beat persistence at greater forecasts horizons.

4. Discussion

Errors in short-term irradiance forecasts using the advection of derived GHI with
CMVs depend more on the quality of derived GHI than the CMVs. All-sky (both clear
and cloudy cases) GHI produced using SIFM at four sites produced a nRMSE of 16-33%.
Previous studies deriving all-sky GHI using satellite images have also produced similar
magnitude of errors. Recently, Kamath and Srinivasan [49] produced GHI using INSAT-3D
over India with nRMSE ranging from 18-35% when compared to ground observations for
arid, tropical and temperate regions. Similarly, Yang and Bright [55] also compared satellite
derived GHI with 57 Baseline Solar Radiation Network (BSRN) stations, which produced
nRMSE ranging from 13-30%. Likewise, Bright [56] also showed that Solcast-derived GHI
compared at 48 BSRN stations produced nRMSE ranging from 6-44%. SIFM produces
GHI errors comparable to other satellite-derived products, however the key source of error
in producing GHI using SIFM stems from the calculation of the cloud index and clear
sky index. While cloud index calculation can be contaminated by surface reflectance [56]
and cloud shadows [12], clear sky models used for the calculation of clear sky index also
produces errors [57]. The latter errors can be bias corrected for based on the consistency of
errors produced on clear days, however errors in cloud index requires constant injection
of monthly datasets with equal proportion of clear and cloudy days that sample surface
reflections and cloud shadows.

On the contrary, CMV derivations in SIFM were robust due to the consistent develop-
ment of the optical flow techniques applied over the satellite images. Notable errors from
CMVs only occurred when assumptions used in optical flow techniques were violated due
to changes in contrast in satellite imagery with the rapidly developing cumulus congestus
clouds. These challenges are not new in deriving CMVs and has been often discussed in
the past literature [50]. Likewise, CMV errors can be exacerbated due to increased forecast
horizons where cloud morphology changes extensively, especially in a real-time environ-
ment affected by latency in acquiring images from the remote data centers. At times, SIFM
satellite latency varied from 15-25 min which also added to errors in power predictions
in real-time. However, greater errors in SIFM were generated from the power conversion
model due to added complexity and training dataset used at different sites with separate
module parameters and losses from soiling, wiring and degradations. Notably, SIFM errors
resulting from GHI estimates were amplified after power conversion due to the interaction
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of errors resulting from the two procedures as demonstrated in the benchmarking period
of the study.

Although studies related to satellite-derived power predictions are limited, GHI
predictions from satellite imagery are numerous, which could be compared to SIFM predic-
tions of GHI in the benchmarking period. SIFM produced errors in nRMSE of 19-35% for
5-min forecasts. Recently, Yang, et al. [27] produced errors in nRMSE of 27% for 30-min
GHI forecasts from FengYung-4 geostationary satellite over China. Later, a similar study
showed errors in nRMSE of 19-22% for 15-min GHI forecasts [28]. Likewise, Kallio-Myers,
et al. [22] demonstrated errors in nRMSE of 17-34% for 15-min GHI forecasts from MSG
satellite over Finland. Evidently, for forecast horizons less than 30 min, nearly all studies
report similar performance metrics in comparison to SIFM forecasts of GHI beating smart
persistence predictions on most occasions, especially at forecasts horizons beyond 15 min.

Moreover, benchmarking performance with smart persistence model is ideal but not
often conclusive for skill due to unrealistic prediction of ramps [22]. SIFM introduced
more robust comparisons with the percentage of samples where the forecasts were within
+1% (err < 1%), &= 5% (err < 5%) and +10% (err < 10%) of the observed, which was more
sensitive to the magnitude of errors. Thus, SIFM outperformed persistence on >50% of the
days in the benchmarking and live period with err < 10% for all sites, which demonstrates
the application of SIFM in an operational market.

5. Conclusions

This paper evaluates the performance of short-term power forecasts produced from
the Satellite Irradiance Forecasting Model (SIFM) using near real-time Himawari-8 satellite
images at four solar power farms located in Australia. The downwelling solar irradiance
was converted to power forecasts using a power conversion model. SIFM was initially
tested with at least one month of data for benchmarking at 5-min forecast horizon and later
for operational phases with 15 to 25-min forecast horizon including satellite latency. For the
benchmarking period, GHI forecasts produced errors with nRMSE ranging from 19-35%
for 5-min forecasts beating persistence at all sites with almost 44—63% of predicted times
or 61-84% of days in the period where errors were less than 10%. The model performed
better in capturing GHI (especially on clear days), however conversion to power forecasts
amplified errors. Power forecasts showcased errors in nRMSE of 24-43% for 5-min forecasts
with 43-60% of predicted times or 52-87% of days in the period where errors were less
than 10%, beating persistence except for the site in Victoria. During the live demonstration
phase with a different period and forecasting horizon, SIFM outperformed persistence with
errors less than 10% on 54-91% of days.

SIFM identified several challenges and possibilities of improvements in the future
associated with errors resulting from the calculation of cloud index (cloud shadows and
surface reflectance), clear sky index (clear sky model related biases), CMVs (cloud contrasts
and intensity) and PCM (power conversion assumptions related to soiling, degradations,
shading and module components). Notably, the development and movement of clouds are
different at each location, including the surface reflectance. SIFM is very sensitive to the
darkest and brightest pixels, which indirectly suggests frequent training of the model to
derive the fitting functions using the clear sky index and the cloud index is required for live
operations. Note, each of the site’s performance has not been weighted by equal number
of clear and cloudy days, thus the performance at each site cannot be directly compared.
Moreover, the performance of GHI and power predictions are not the same at each site,
highlighting issues in deriving GHI and then converting to power using a separate trained
power conversion model may compound errors. Nonetheless, SIFM compares well with
other models tested outside Australia for GHI predictions and shows promising results for
power predictions under live operations.
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Appendix A

The CMVs derived using optical flow techniques are demonstrated in Figure A1l for
satellite images selected in June 2019 during noon for the site in Victoria. The displacement
vectors at each cloud index (pixel) are calculated using two consecutive images, which is
then extrapolated using the forecast horizon to generate the advected pixel. CMVs are
derived properly when contrast in images is high with cloud morphology consistent in
time. Figure Ala shows brighter and thicker low-level scattered clouds advected towards
the northwest, which matches with the true and predicted imagery.

Figure A1. CMVs derived using optical flow techniques on (a) 1 June 2019, (b) 3 June 2019 and (c) 5
June 2019 with (left) the original image at noon with displacement vectors, (centre) true satellite
image after 10 min from noon and (right) predicted image with a forecast horizon of 10 min using
the displacement vectors derived from CMVs.
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Similarly, Figure Alb shows organized clouds advected by a frontal circulation with
clockwise rotational motion towards the west also matching with the true and predicted
imagery. Likewise, Figure Alc shows low-level aggregated clouds advected towards the
north closely matching the true and predicted imagery. Note, the startling difference
in surface reflectance shown with darker patches in cloud free regions of Figure Alb as
compared to Figure Ala,c with contamination from thin clouds over underlying surface.
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