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Abstract

In the past few years, solar radiation prediction has been paramount
in a multitude of sectors, from energy production via renewable energy
sources, to tracking climate change, among others. So far, work in
the area lacks in large area coverage, ease of access, or uses past solar
radiation readings, relying on related equipment being already on-site.
In this work, we provide insight into the efficacy of neural networks
in the area, accompanied with data sourced from varying providers.
In order to achieve this, we create and vet a weather reading dataset
from a large variety of stations, which are more indicative of what
smaller organizations or individuals may have access to, instead of
more tailored datasets. We utilize this dataset to train a number
of neural networks, each with different architectures, and evaluate
their results so as to set a standard to be improved upon in later
work utilizing a similar type of dataset. The results indicate that,
even utilizing a much broader dataset than what has been used in the
past, neural networks show promise in this area, especially with more

targeted implementations.
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To teheutalor ypovia, 1 meoBhedmn nhoxrc oxtivoPfoirloc €yet yivel a-
VOTOOTOG TO XOUPATL TARYOUC TOPEwY, OTWE, HETULY GAAWY, 1) Topay LY
EVEQYELNC UECK OVAVEDCLUWY TNYWV X0l 1) TOEOXOAOVUNOT TNS HALUATL-
N ohhayrc. ¢ Topa, ol oyeTéc cpyaolec Yopw and to Ve clte
XONUTTOLY TOAD UXEd Y Kpo, elte elvan duompdaltec/un TpooBdoyles o-
TO TOV TEPIOCOTEPO XOOUO, ELTE YPNOWOTOLOLY YPOVOCELREC UETPNOEWY
nitaxic oxtvoforlog we eloddoue, Poaotlouevee otny Omapln oyETXO0
eComAloU0) GTO ONUElo-GTOY0. LTNV TpoUca SLThwuaTixy epyooia, eCe-
TACOUUE TNV ATMOBOTIXOTNTO TWY VEUPOVIXGY OIXTOWY EXTOUOEUUEVODY UE
OEDOUEVAL UTO OLAPOPES TINYES. LUYHEXQUIEVA, ONHULOUOYOVUUE ol EAEY Y OL-
UE €V GUVOAO UETPNOEWY XAEXDY CUVITXGY amtd Yeydro thdog oton-
LY, WE TILO EVOEXTIXG TOU TUTOU BEBOUEVWY GTOL OTLOLOL UTIOPOUY VoL €Y 0LV
TEOOPBAON UXEOTERES 0pYAVWOELC 1) eTépouc dtopa. llpotepatonotoye
TN YENON TETOLWY YETPHOEWY EVAVTL TNE YPNOTC TLO TEOGUQUOCUEVWY OE-
OOUEVODY. ALIOTIOLOVUE TO GUVOAO BEBOUEVLV UC YLOL VO EXTIULOEUGOUNE
Evol TAUOC VEURPWVIXWY BIXTOWY UE OLUPOPETIXES ORYITEXTOVIXES, XAl O-
CLOAOYOUUE To OmOTEAEOUATE TOUC WOTE VoL VECOUUE €Vl TEOTUTIO TEOC
Behtlwon oe yehhovinéc epyaociec mou Va yeNoLOTOO0Y EVo TUEOUOLO
oUvVoAo Oedouevwy. Tao anoteréopata delyvouy OTL axdun xou Ue Eva TOAD
LEYUADTEPO/EUpUTERO GUVOLO BeBoUéVmY omd Goa €Youy Yenolorolnie-
[ ¢ TOPA, CUYHEXPIIEVEC OTOYEVUEVEC UAOTIOLNOELC VEUPWVIXMY OLXTOMWY

umopel var elval AMOTEAEOUATIXES OTO GUYXEXQUIEVO TROBATUOL.
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Chapter 1

Introduction

Accurate prediction of global horizontal irradiance (GHI) is becom-
ing increasingly important, as it can support numerous applications,
from intelligent agriculture via irrigation scheduling, to power output
prediction for photovoltaic systems [1], or fire hazard forecasting [2].
Ideally, a GHI prediction method would be applicable to a large part
(if not most of) the world, would utilize cheap and easily accessible
data, such as publicly available weather forecasts, and, of course, be
highly accurate. In this context, machine learning, particularly neu-
ral networks (NNs), offer a promising solution due to their ability to
transform cheap, bulk or limited data to much more useful predictions.

Works attempting to utilize NNs for predicting GHI often rely on
area-limited ground-based observations or satellite data, such as the
work of [3], [4], [] and [6], which end up being sparse and lacking in

spatial or temporal resolution.



The ground work for our approach has been laid in the work of
RENES [7], which implemented a basic MLP along with traditional
methods of estimating GHI, and used data from publicly available
(at the time) sources for testing, and our work follows the paradigm
that was set by said work. However, RENES does not offer wide area
coverage either, its NN architecture is very outdated by this point in
time, and the clear sky model utilized seems to not be accurate, as we
show later in this work.

This thesis develops a NN model to predict all-sky GHI, mimicking
the functionality of a pyranometer, on a broad scale, spanning the
entirety of Europe as well as North America, along with few points
in other continents. It accomplishes this by utilizing data provided
by Visual Crossing!, a comprehensive weather data provider that has
been able to offer a rich dataset of historical data based on live read-
ings, spanning a reasonably large percentage of the globe. Simulta-
neously, the cost of developing such a dataset is kept low by only re-
quiring access to any regular weather data providers, instead of more
niche/expensive access to specialized institutions. By utilizing this
rich dataset, the NN aims to provide accurate predictions of GHI,
overcoming the limitations of traditional methods.

Firstly, the thesis investigates the sanitization requirements of a

L. visualcrossing.com
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large-scale historical weather dataset that is provided by thousands of
different entities, with differing equipment, as well as the preprocess-
ing techniques necessary to transform raw weather data into suitable
inputs for the NN. Secondly, we design a robust NN architecture ca-
pable of handling the vast and diverse data inputs required for large
scale GHI prediction. Thirdly, we evaluate the model’s performance
against previous work in the field, with commentary concerning the
differing configurations between this work and the rest. By providing
a solid, easily accessible standard for GHI prediction, further study
may be encouraged into the matter.

The results of this work, aside from its contribution by creating the
aforementioned dataset, indicate that neural networks show promise
for broader area, all-sky solar radiation prediction. In fact, we show
that older, extremely simple NN architectures are not suited for han-
dling this volume of data, and that deeper but still relatively simple
NN architectures perform better, but have a sort of ”ceiling”, which
may be improved upon by other methods, discussed later. In more

detail, the contributions of this work are the following:

e Devised a sanitization procedure for quality control and refine-

ment of large scale solar radiation data

e Compared clear sky models and identified the most accurate one



(with higher face validity)

e Created broad weather reading dataset suitable for training so-
lar radiation prediction models that use openly available weather

forecasting reports as inputs

e Investigated and analyzed the effect of different weather elements
in solar radiation showing that humidity and temperature have
the highest influence while timestamps and otherwise more useful

climate classifications have the lowest

e Tested multiple standard NN architectures trained on the afore-
mentioned dataset, showing that: 1) More complex/bespoke NN
architectures can benefit from larger number of features 2) there is

improvement in comparison to older work, but there is a ”ceiling”

for run-of-the-mill MLPs



Chapter 2

Related Work

In this chapter, we present work that is more closely related to ours,
in a limitation-centric way. Quite a few publications have attempted
this undertaking, all with different implementations, limitations and
results.

The most common factor that seems to be missing is wide area
coverage. It is usual for work in the field utilizing NNs (e.g. [5], [0],
[8], [3]) to rely on very few, concentrated locations, from a single one
in [5] and [6] to 12, all within Turkey, in [3]. This seems to be a
byproduct of these works using more curated sources for their data,
and not relying on commercially available data, such as what may be
provided from a weather data provider with access to a large amount
of stations, which may be more akin to big data processing.

One work that attempted to cover a larger area was RENES [7],

whose data, although sourced from 10 locations, spanned the entire



Mediterranean belt, along with a single point in Copenhagen, Den-
mark. This was accomplished by using data that was, at the time,
openly available to anyone, and sourced from smaller scale stations,
possibly even individuals like hobbyists. One final note regarding data
usage is the fact that some works, such as [3] and [1], may not even use
weather data, but instead use satellite image data, estimating weather
conditions via imagery.

Another area in which there are huge differences regarding this
topic is the implementation of NNs. Works like RENES [7] and [¢] im-
plement very simple artificial NNs in the form of a standard, modern
MLP, while other publications, attempt to craft more specific networks
to fit the problem and data provided, like implementing a (Convolu-
tional) Long Short-Term Memory network to maximize the effective-
ness of their GHI time series data [0], using an evolutionary algorithm
to train a standard ANN [1], or other, NN-adjacent models, such as
an adaptive network-based fuzzy inference system (ANFIS) [7].

As far as more different approaches to the entire problem go, in-
stead of attempting to predict a specific amount of mean solar radia-
tion expected in the span of an hour (point prediction), one may try
to predict a range of values between which the true value can be, un-
der a specific confidence level (probabilistic prediction). This style of

prediction is less suited towards NNs, but there have been attempts



to achieve this with other methods, such as utilizing tree boosting via
the XGBoost algorithm described in [9], which was implemented in
[10], using data sourced from NREL.

Although outside the scope of this work, we would also be remiss
not to mention other types of NNs that have been introduced, but
not yet used in the field, and seem to be a great match for our exact
problem. More specifically, we refer to the recently published work
regarding Kolmogorov-Arnold Networks (KANs) [11], in which the
networks described claim to offer what our work is looking for - a
network structure that works well when attempting to simulate more
complex functions, such as predicting all-sky radiation, while handling
large amount of data well. Another type of network that claims to be
well-suited for large-scale tabular data is TabNet [12], which has been
used in the field for photovoltaic power output prediction [13], but
it would be interesting to see its performance in a more generalized

version of the problem.



Chapter 3

Dataset

In order to develop a neural network of such scale, acquiring a compre-
hensive and high-quality dataset is paramount and arises as a promi-
nent challenge on its own. The tasks necessary to derive such a dataset
include collecting the data, sanitizing it, and preprocessing it. The
contents of a data sample that is later split into subsets and utilized
to train our NNs can be seen in Table 3.1. The distribution of the

stations where the samples were fetched from is shown in Figure 3.1.

3.1 Acquiring the Dataset

We utilized Visual Crossing’s API to fetch hourly weather data from
2018 to 2023, for each city with a population more than 100,000,

according to a table provided by Opendatasoft!, which in itself has

"https://data.opendatasoft.com/explore/dataset/geonames-all-cities-with-a-population-1000%
40public/table
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Table 3.1: Contents of an Hourly Sample

Element

Cloud cover, in %

Mean temperature, in °F

Relative humidity, in %

Wind speed, in miles per hour

AQI

Beam radiation, in W/m?

Diffuse radiation, in W/m?

Dew point, in °F

Simplified Solis clear sky estimation, in W/m?
Latitude

Longitude

Koppen—Geiger climate classification
UNIX timestamp, in milliseconds
Visibility, in miles

been crowdsourced from GeoNames?.

The data consists of an interpolated combination of hourly readings
received from up to 3 observer stations in a 50 mile radius from the
given coordinates, if not near a "major reporting station”. A sample
of an hourly reading, including its contents, along with a description,
can be found in Table 3.2.

The final result of this retrieval was a large number of files, each
titled as the set of coordinates used to fetch data from that location (if
available), containing 6 years’ worth of ”unsanitized” hourly weather
data per location.

Aside from the natural factors that are provided by the dataset,

there are also man-made factors that may obstruct the atmosphere

’https://geonames.org
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Figure 3.1: Distribution of stations in the 500 samples used

and as such reduce the amount of solar radiation reaching the ground.
One of these factors that we can somewhat account for is air pollution,
which has been shown to reduce the amount of radiation reaching the
earth by a non-negligible percentage [11]. The amount of pollution in
the air of a certain area can be inferred from EPA’s index for reporting
air quality, the Air Quality Index (AQI)3.

Another factor that may be important in GHI prediction is cli-

mate classification, and it has been utilized in this field for a very

3Fetched using the Ozon3 Python library https://github.com/0zon30rg/0zon3
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Table 3.2: Sample Hourly Observer Reading

Field Value

wdir (wind direction, in degrees) 296

temp (mean temperature, in °F) 43.2

maxt (max temperature, in °F) 43.2

visibility (in miles) 19.4

wspd (wind speed, in miles per hour) 14.1
datetimeStr (ISO 8601 date and time string) 2019-01-04T13:00:00+01:00
solarenergy (in M.J/m?) 0.1

heatindex (in °F) null
cloudcover (in %) 100

mint (min temperature, in °F) 43.2

datetime (UNIX timestamp, in milliseconds) 1546606800000
precip (precipitation, in inches) 0
solarradiation (in W/m?) 27
weathertype (description of notable weather conditions) Sky Unchanged
snowdepth (snow currently on the ground, in inches) 0
sealevelpressure (in mbar) 1036.4

snow (snowfall for the given hour, in inches) 0

dew (dew point, in °F) 36.1

humidity (relative humidity, in %) 75.99
precipcover (precipitation coverage, in % of the hour) null

wgust (wind gust, in miles per hour) 21.4
conditions (simpler text description of weather conditions) Overcast
windchill (in °F) 36.2

info null

long time, as seen in [15]. In our case, we can use the idea presented
in Hottel’s paper, and introduce this concept to the NN through the
Koppen—Geiger climate classification. The Koppen—Geiger climate
classification (KCC) is a system used to categorize the world’s cli-
mates based on temperature and precipitation patterns, which was
initially defined in [16] and later added to by R. Geiger. It divides
climates into five main groups: tropical, dry, temperate, continental,

and polar, with subcategories to further describe specific variations



12

in these regions. The library we used* utilizes an updated, more ac-
curate version of the maps shown in the initial publication, proposed
in [17] and [18]. We can then convert the unique strings provided by
the library into unique integers, which can then be passed into and
processed by our model.

Finally, one more easily accessible addition is a clear sky GHI es-
timate that may provide our NNs with a good starting-off point in
order to integrate the rest of the elements en route to estimating the
all-sky GHI. Initially, we intended to use the Pysolar® library, as a
similar implementation to it had been utilized before in [7]. Both of
these attempt to implement the clear-sky estimation described in [19].
However, after noticing some very irregular results in the early stages
of testing our NNs, we decided to test the module’s performance ver-
sus our actual readings, and the results of said testing are shown in
Figure 3.2. Note that the values where the actual reading is much
larger than the clear sky estimation have been cut off, assumed to
be faulty. Further study of these results showed that Pysolar had a
tendency to underestimate GHI values early in the day, mostly in the
7:00 - 10:00 timeslot, while getting back on track during peak sunlight
hours, which explains the behavior displayed in the image.

For this reason, the clear-sky model we have opted to use is the

‘https://github.com/cwru-sdle/kgcpy
Shttps://github.com/pingswept/pysolar


https://github.com/cwru-sdle/kgcpy
https://github.com/pingswept/pysolar

13

simplified Solis model, as mentioned in Chapter 2 and implemented
in the pvlib Python library® [20]. Tts general performance can be seen
in Figure 3.3. We can clearly see a more expected distribution of
values, with the majority of near-zero cloud cover readings congregat-
ing around the equality line, and moving farther away as cloud cover
increases.

For comparison purposes, we also included clear sky beam and dif-
fuse radiation estimations, as calculated in [7]. These were not used
in the evaluation of our model, as the simplified Solis model provides

more accurate estimations.

3.2 Quality Control

In any scientific analysis, the reliability of the data plays a crucial
role in ensuring the validity of the results. This is particularly true
in meteorological studies, where accurate weather readings are essen-
tial for forecasting, climate modeling, and environmental assessments.
However, raw weather data often contains errors and inconsistencies
due to various factors such as sensor malfunctions, human error dur-
ing manual observations, or transmission issues. These inaccuracies
can lead to significant distortions in analysis and conclusions if not

properly addressed.

Shttps://pvlib-python.readthedocs.io/en/stable/index.html
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Figure 3.2: Clear sky estimation vs actual readings (in W/m?), using the Pysolar library,
with color coding depending on cloud cover

Here, we focus on the quality control procedures applied to the
previously described dataset. We outline the steps taken to identify,
assess, and rectify data anomalies, ensuring that the dataset is both
accurate and reliable. By implementing rigorous quality control mea-
sures, we can mitigate the impact of errors, thereby enhancing the
overall robustness of the neural network’s final results.

These procedures are mostly heuristic, since most of the input data

has already gone through basic quality checks at the stations from
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Figure 3.3: Clear sky estimation vs actual readings (in W/m?), using the Simplified Solis
model, with color coding depending on cloud cover

which it was received, barring malfunctions, as well as being cross-
referenced through Visual Crossing’s system, if it has access to multi-
ple stations. As such, our main goal was to identify any malfunction-
ing stations that were providing consistently inaccurate data, while
avoiding culling good-quality data.

The first method we utilized is a simple one that mostly serves as
a sanity check; ignoring all data before each day’s sunrise, and after
its sunset. Since what this research is interested in is solar radiation,

it is reasonable to remove all values that are guaranteed to not be
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relevant to it. This happens to have the added benefits of reducing
the dataset’s size by 30-40%, as well as making each data point ”worth
more”, on average, to the neural network. The sunrise/sunset times
are fetched using a slightly modified version of the Suntime library”,
which implements the sunrise/sunset calculation algorithm described
in [21].

Secondly, after noticing that some stations were providing con-
stantly repeating data, most likely due to a malfunction, as mentioned
earlier, we decided to add a check for exactly this circumstance. This
check completely removes a station from consideration if there is a
developer-mandated number of continuous values within a developer-
mandated distance of each other. For the purposes of this work, the
number of continuous values was 5, and the distance between them
was 4.

Finally, since we have access to a reasonably accurate clear-sky esti-
mation of solar radiation, as mentioned in section 3.3, we can utilize it
to check whether a station either consistently and massively underes-
timates solar radiation under clear skies, pointing to a solar radiation
detection equipment problem, or has problematic cloud cover detec-
tion. If either of these assumptions are true, the most cautious course

of action to be taken is to, once again, remove the station from con-

"https://github.com/SatAgro/suntime
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sideration.

With all of this in mind, the dataset we decided to use contained
500 sampling locations, following the distribution seen in Figure 3.1.
All of these samples have passed the aforementioned sanitization pro-
cedures, and contain a minimum of 100 valid hourly readings, totaling
to 7,073,396 readings. As discussed previously, the values contained
in these samples can be seen in Table 3.1. We also include some basic
statistics regarding the values we utilized in training our models, for

which there is practical meaning, spanning all readings, in Table 3.3.

Value (unit) Min Max Mean Std. Deviation (o)
Cloud cover (%) 0.0 100.0  54.09 34.06
Temperature (°F) -37.0 114.8  63.06 15.74
Humidity (%) 1.2 100.0  65.74 18.94

Wind speed (mph) 0.0 172.1 870 4.94

AQI 1.0 159.0  41.60 21.54

Dew point (°F) -53.6 941 50.02 14.77

Clear sky estimation (W/m?) | 0.0  1199.0 294.42 260.56
Visibility (mi.) 0.0 603  10.29 6.52

Table 3.3: Statistics for selected variables.

3.3 Preprocessing

The success of machine learning models, particularly neural networks,
hinges on the quality and relevance of the input data. In our case, all
of the available variables can be seen above, in Table 3.2, along with
the coordinates of the area these readings have been acquired from.

However, not all these variables contribute equally to the predictive
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performance of a model. Selecting the most suitable elements from a
weather reading dataset—those that are most informative and relevant
to the prediction task at hand—is a critical step in building an effective
neural network.

Our goal in this section is to effectively curate the set of variables
to be used as inputs to our neural network, both by removing, as
well as potentially introducing some that can be inferred from the
ones already in our disposal, in order to enhance accuracy, reduce
computational complexity, and improve model generalization.

In order to achieve this, we used the Pearson correlation coefficient
between each of these values, as well as the solar radiation target,
shown in Figures 3.4 and 3.5. This provided a good initial pointer as
to which elements of a weather reading are indeed worth considering
for use in our experiment, which we were later able to confirm in
testing.

For the purposes of training our NNs, we define 3 subsets of the
initial dataset, shown in Table 3.4. Subset 1 simply contains all the
items shown in Table 3.1, except for beam and diffuse radiation. Sub-
set 2 contains the elements with the 6 highest Pearson correlation
coefficient values in relation to GHI. Subset 3 is a more heuristically

curated dataset, which seemed to perform well during initial testing.
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Figure 3.4: Pearson correlation coefficient between each element of a reading

Table 3.4: Dataset subsets

Subset Subset elements

Subset 1 All sample contents, except for beam and
diffuse radiation components
Subset 2 Cloud cover, mean temperature, relative humidity,
dew point, Simplified Solis estimate, latitude
Subset 3 All elements in Subset 2, also including
longitude, UNIX timestamp, visibility
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Array Correlation Heatmap
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Figure 3.5: Pearson correlation coefficient of each element relating to solar radiation read-
ings
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Chapter 4

Implementation of Neural
Networks for Solar Radiation

Prediction

In this chapter, we describe in detail the process of implementing NNs
which predict solar radiation. More specifically, in 4.1, we explain the
methodology we followed in order to identify the set of hyperparame-
ters for our models. Afterward, in 4.2, we describe the methodology
we followed in order to utilize the aforementioned hyperparameters to
train and test our models. The hyperparameters we tested, along with
their values, can be seen in Table 4.2, the NN architectures we ended
up using are shown in 4.3, and the dataset subsets we utilized to train

said architectures were discussed in Section 3.3.
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4.1 Designing the NNs

Selecting the appropriate hyperparameters for a neural network is a
critical step in the model development process, as these parameters
directly influence the network’s performance and generalization capa-
bilities. Algorithm hyperparameters, such as learning rate and batch
size, and model hyperparameters, such as number of layers and acti-
vation functions, determine how the model learns from data, balances
the bias-variance tradeoff, and converges during training.

Hyperparameters can have a multitude of different values, and fig-
uring out the optimal setup manually can take a prohibitively large
amount of time. For this reason, it is paramount to automate this
process, while also making sure to cover enough of the viable hyper-
parameter space. This can be achieved by performing a grid search
within said space, as described in [22], using the R? score as our NN
evaluation metric, as suggested by [23]. However, instead of doing
a single pass through the entire training set, we can perform k-fold
cross-validation within the grid search.

In our case, the hyperparameters we tested for, as well as their
values, are shown in Table 4.2. The best-performing values, marked
with an asterisk, were utilized to train the NN, as will be described in

the next section. For this experiment, we performed grid search using
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two different partitions of our dataset. The first one contained all the
array elements, as shown in Table 3.1, and the second one contained
the 6 elements with the highest Pearson correlation coefficient between
the elements and GHI readings, as seen in Figure 3.5 and listed in
Table 4.1. As a final note, in order to make the time complexity of
the grid search reasonable, we used a random sample of 5% of the
dataset, which was then split into a training and a testing set, with

an analogy of 4:1.

Table 4.1: Elements with the 6 highest Pearson Correlation Coefficient Values

Element

Cloud cover, in %

Mean temperature, in °F

Relative humidity, in %

Dew point, in °F

Simplified Solis clear sky estimation, in W/m?
Latitude

Table 4.2: Hyperparameter Configurations and Their Corresponding Val-
ues Tested Within Grid Search

Hyperparameter Values

Batch size 41256, 512"

Learning rate 0.001, 0.01%, 0.05, 0.1
Optimizer Adam”, RMSprop
Number of first layer neurons 4, 128, 256, 512, 1024
Number of second layer neurons 0, 64, 128, 256, 512
Number of third layer neurons 0, 32, 64, 128, 256
Dropout layer (20%) True, False”

Batch normalization layer True”, False

! Using a batch size of only 4 causes the NN to be prohibitively slow, so this value
was rejected very early on.
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4.2 Training and Testing the NNs

Having identified the best performing hyperparameters, we can utilize
them to build 3 models with different architectures, as seen in Table
4.3, which we can train on our data subsets, as seen in Table 3.4. The

training /testing/validation split we used for said data was 6:1:1, or

75%/12.5%/12.5%.

Table 4.3: Neural Network architectures used

Architecture Number of Hidden Layers Neurons Per Layer

Architecture A 2 512, 256
Architecture B 2 1024, 512
Architecture C 3 1024, 512, 256

As far as training is concerned, the loss function used for it is Huber
loss, a well-known loss function commonly used in robust regression
problems. We opted for training to run through 20 epochs, which
seemed to strike a serviceable balance between good optimization and
time efficiency, as the addition of further epochs offered statistically
insignificant improvement. As a byproduct of this, even though we

utilized early stopping, it was fully unnecessary, as it never came up.
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Chapter 5

Evaluation of Neural Network

Models

The final step in this process is evaluating our models’ performance
using suitable numerical metrics, as well as making observations re-

garding comparisons with actual GHI readings.

5.1 Choosing our Metrics

In order to have a fair and wholistic evaluation of our models, we
needed to utilize metrics that are robust, and can express both the
performance of the models themselves against actual readings, as well
as the performance of the networks as far as generalization or other
functional factors go, so as to make sure that they have not, for ex-
ample, overfitted to our dataset.

For this reason, we decided to use metrics very commonly used
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in regression problems. More specifically, to measure the networks’
performance on the testing set against actual readings, we used both
a filtered version of the mean average percentage error (MAPE), where
we filtered all rows with an actual reading of less than 50W/m?, since
MAPE is very sensitive to small values, and the root mean squared
error (RMSE). For the more general evaluation of our models, we
utilized R? Score, since it works very well for this purpose, as discussed
in Section 4.1.

Finally, in Appendix A, we provide predicted versus actual plots
for the networks not directly referenced here, so that their results can

be studied in a more heuristic approach.

5.2 Evaluation and Commentary

The first point of note is that the inclusion of the Képpen—Geiger
climate classification in Subset 1 seems to have introduced some prob-
lematic behavior, as seen in Figures 5.1a, 5.1b and 5.1c. Our assump-
tion here is that, considering the somewhat concentrated nature of our
dataset, it is likely that only one station from an area characterized by
a rare climate classification subgroup with comparatively few values
was included, thus creating a false correlation between a very common

solar radiation value for that area with its KCC subgroup. For this
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reason, we also include the results excluding KCC for Subset 1, and

we utilized these results for evaluation via metrics.
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1200 A 1200 A

1000 4 1000

Predicted
Predicted

o 200 400 600 800 1000 1200 o] 200 400 600 800 1000 1200
Actual Actual

(a) Architecture A (b) Architecture B

Actual vs. Predicted

1200 1

1000

800

600

Predicted

4004

200+

T T T T T T T
0 200 400 600 800 1000 1200
Actual
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Figure 5.1: Plot of actual vs predicted GHI measurements (in W/m?) using Subset 1

Asis evident in Table 5.1, Architecture C seems to perform marginally
better than the other architectures in all categories, and similarly for
Subset 1!, but the final numerical performance of the NNs is very
similar, and not quite compelling enough, as the models seem to have
trouble with readings including high cloud cover, evident in the higher

variance in the lower to middle values in both the plots included in
!Excluding KCC.
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Figure 5.2, as well as the rest in Appendix A. One potential expla-
nation for this behavior is that the relatively simplistic nature of our
models is not enough to process such a large amount of varied data.
This leads us to believe that while adding extra "filtering” via simple
hidden layers to our architectures can provide slight improvements, a

different, more bespoke approach to the creation of the neural net-

works may be of more use.

Actual vs. Predicted Actual vs. Predicted
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1000 A 1000 A

600 - 600 1

Predicted
Predicted
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200 200 4

T T T T T T T T T T T T
o 200 400 600 800 1000 1200 o] 200 400 600 800

v T
1000 1200
Actual Actual

(a) Subset 1 (excluding KCC) (b) Subset 2

Actual vs. Predicted

Predicted

0 200 400 600 800 1000 1200
Actual

(c) Subset 3

Figure 5.2: Plots of actual vs predicted GHI measurements (in W/m?) using Architecture
C for different subsets.

As far as general performance is concerned, as shown in Appendix
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B, all of the models don’t seem particularly biased against any specific
solar radiation values as indicated by the LOWESS (locally weighted
scatterplot smoothing) curves (red lines), which attempt to fit the
data into a simple curve in order to show any tendencies toward un-
expected values in it, but there is definitely a non-trivial number of
outlier values, where the NNs either over- or undershoot the prediction
massively, a fact that becomes more apparent in larger solar radiation
values. However, another thing of note, is that while Subset 1? per-
formed better according to our metrics, Subset 3 seems to better limit,
or at least balance out, the aforementioned outlier values, as seen, for

example, in the LOWESS curves in Figures 5.3 and 5.4.

600 -

400

200 A

Predicted - Actual

—200 A

—400 -

_600 T T T T T T
0 200 400 600 800 1000
Actual

Figure 5.3: Residual plot from 1000 randomly selected predicted-actual/actual value pairs,
using Subset 1 and Architecture B, excluding KCC

2Excluding KCC.
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Figure 5.4: Residual plot from 1000 randomly selected predicted-actual/actual value pairs,
using Subset 3 and Architecture B

Comparing to past work, the only other work utilizing similarly
standard NN architectures is RENES [7]. As we can see, the even
simpler MLP architecture utilized there is not at all suited for the

increased volume of our dataset (shown in Figure 5.5).
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Table 5.1: Testing performance metrics for Neural Network architectures

Architecture Dataset Subset R? Score Filtered MAPE(%) RMSE (W/m?)

Subset 1* 0.804 36.81 116.19
Architecture A Subset 2 0.782 38.39 122.73
Subset 3 0.792 37.29 122.71
Subset 1* 0.807 35.84 115.47
Architecture B Subset 2 0.782 38.95 122.88
Subset 3 0.786 37.13 122.78
Subset 1* 0.809 35.46 114.36
Architecture C Subset 2 0.783 38.83 122.22
Subset 3 0.802 37.02 121.43

* Excluding KCC.

Actual vs. Predicted

1200 ~

1000 ~

800

600 -

Predicted

400 -

200 A

T T T T T
0 200 400 600 800 1000 1200
Actual

Figure 5.5: Plot of actual vs predicted GHI measurements (in W/m?), using the MLP
architecture and weather reading elements used in RENES [7]
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Chapter 6

Conclusion and Future Work

Solar radiation prediction is still an unsolved problem, and there is
more than enough room for research in the area, especially when cov-
ering a large land mass. However, outside of dedicated research in-
stitutes, easily accessible weather data is hard to find, and it is even
harder to ensure its quality. We believe that the advent of machine
learning can offer a solution to this problem, especially with its abil-
ity to "fill in the blanks”, so to speak, proving a valuable asset when
weather data is incomplete or faulty.

This work presented an initial attempt at addressing the issues with
finding a more openly sourced dataset and the methods with which
to quality control said dataset. Afterward, the same dataset was used
to train and test a number of different MLP architectures, so as to
provide some initial expectations for future work in the field. The

results were promising, but nowhere close to the more focused, area-
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limited works of the past, such as [4].

As far as building upon this project goes, there are a few pointers
we can offer as to what to look towards. Firstly, a new dataset can
be created, which features areas that had lackluster coverage in the
one used in this work, such as South America, Central and North
Africa, Asia and Australia. These areas were contained in the initial
results fetched from Visual Crossing, but the data received usually did
not pass through our filtering process. Perhaps data from these areas
can be found via coming in contact with local organizations that keep
weather records, but that is beyond the scope of this project.

Secondly, considering the performance of other works discussed in
Chapter 2, we firmly believe that a dataset similar to ours can be
used to train more sophisticated, hand-crafted models, which are very
likely to offer more promising results.

Finally, we believe that an openly available web application which
provides and builds upon the functionality of solar radiation predic-
tion, similar to the now-defunct RENES app, described in [7], can
be highly useful, especially for areas lacking in professional weather

tracking equipment.
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Appendix A

Comparisons of model predictions

to actual GHI readings
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Figure A.1: Plot of actual vs predicted GHI measurements (in W/m?), using Subset 1 and
Architecture A, excluding KCC
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Figure A.2: Plot of actual vs predicted GHI measurements (in W/m?), using Subset 2 and
Architecture A

Actual vs. Predicted

1200 ~

1000 ~

800 -

600 -

Predicted

200 A

T T T T T
0 200 400 600 800 1000 1200
Actual

Figure A.3: Plot of actual vs predicted GHI measurements (in W/m?), using Subset 3 and
Architecture A
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Figure A.4: Plot of actual vs predicted GHI measurements (in W/m?), using Subset 1 and
Architecture B, excluding KCC
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Figure A.5: Plot of actual vs predicted GHI measurements (in W/m?), using Subset 2 and
Architecture B
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Figure A.6: Plot of actual vs predicted GHI measurements (in W/m?), using Subset 3 and
Architecture B
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Appendix B

Residual analysis plots
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Figure B.1: Residual plot from 1000 randomly selected predicted-actual/actual value pairs,
using Subset 1 and Architecture A, excluding KCC
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Figure B.2: Residual plot from 1000 randomly selected predicted-actual/actual value pairs,
using Subset 1 and Architecture C, excluding KCC
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Figure B.3: Residual plot from 1000 randomly selected predicted-actual/actual value pairs,
using Subset 2 and Architecture A
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Figure B.4: Residual plot from 1000 randomly selected predicted-actual/actual value pairs,
using Subset 2 and Architecture B
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Figure B.5: Residual plot from 1000 randomly selected predicted-actual/actual value pairs,
using Subset 2 and Architecture C
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Figure B.6: Residual plot from 1000 randomly selected predicted-actual/actual value pairs,
using Subset 3 and Architecture A
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Figure B.7: Residual plot from 1000 randomly selected predicted-actual/actual value pairs,
using Subset 3 and Architecture C



45

600 -

400

200

Predicted - Actual
o

—200 A

—400 -

—600 A q

0 200 400 600 800 1000
Actual

Figure B.8: Residual plot from 1000 randomly selected predicted-actual/actual value pairs,
using Subset 1 and Architecture A
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Figure B.9: Residual plot from 1000 randomly selected predicted-actual/actual value pairs,
using Subset 1 and Architecture B
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Figure B.10: Residual plot from 1000 randomly selected predicted-actual/actual value
pairs, using Subset 1 and Architecture C
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