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Abstract

Short-Term Solar Forecasting in Germany:

Using Satellite Imagery and a Hybrid CNN-2-LSTM Approach

Leonhard Voß

This thesis presents a novel hybrid convolutional neural network to long short-term

memory (CNN-2-LSTM) model for short-term solar forecasting using data from

Southeast Germany. The model’s performance is compared against a long short-

term memory (LSTM) model and a persistence forecast. Satellite-derived cloud

masks from the CLAAS-3 dataset by METEOSAT are combined with minute-by-

minute global horizontal irradiance (GHI) data from the Fraunhofer Institute’s PV-

Live dataset. The models predict solar output over 15 minutes, 3 hours, and 6 hours

with various input sequence lengths, resulting in 37 models tested.

A new performance metric is introduced, using balance energy prices to calculate

the economic impact of the models, providing a practical perspective on financial

implications. Results show that the CNN-2-LSTM model significantly outperforms

benchmarks at the 15-minute horizon, demonstrating superior accuracy for very

short-term predictions. However, its performance at the 3-hour horizon is compara-

ble to the LSTM model, and it lags behind the LSTM model at the 6-hour horizon.

These findings highlight the model’s effectiveness for very short-term forecasting

while emphasizing the need for optimization for specific temporal scales.

The research underscores the potential of hybrid deep learning approaches to en-

hance short-term solar forecasting accuracy. It offers a cost-effective alternative to

more complex systems, valuable for solar energy businesses. The study encourages

further exploration into optimizing deep learning models for different forecasting

horizons, contributing to advancements in renewable energy management in line

with sustainable development goals (SDG).

Keywords: Solar Forecasting; Machine Learning; Deep Learning; Convolutional

Neural Networks; Long Short-Term Memory Networks.



Resumo

Short-Term Solar Forecasting in Germany:

Using Satellite Imagery and a Hybrid CNN-2-LSTM Approach

Leonhard Voß

Esta tese apresenta um modelo h́ıbrido de Rede Neural Convolucional para Memória

de Longo e Curto Prazo (CNN-2-LSTM) para previsão de energia solar a curto

prazo, usando dados do sudeste da Alemanha. O desempenho do modelo é compa-

rado com um modelo de Memória de Longo e Curto Prazo (LSTM) e uma previsão

de persistência. Imagens de nuvens da base de dados CLAAS-3 da METEOSAT

são combinadas com dados de Irradiância Horizontal Global (GHI) minuto a mi-

nuto do Instituto Fraunhofer. Os modelos prevêem a produção de energia solar em

horizontes de 15 minutos, 3 horas e 6 horas, com 37 modelos testados.

A tese também introduz uma nova métrica de desempenho que usa preços de

energia de balanço para calcular o impacto económico dos modelos. Os resulta-

dos mostram que o modelo CNN-2-LSTM supera significativamente as referências

no horizonte de 15 minutos. No horizonte de três horas, seu desempenho é com-

parável ao modelo LSTM, e no horizonte de seis horas, fica atrás do modelo LSTM.

Estes resultados destacam a eficácia do modelo para previsões de curto prazo e a

necessidade de otimização para escalas temporais espećıficas.

A pesquisa sublinha o potencial das abordagens h́ıbridas de aprendizagem pro-

funda para melhorar a previsão de energia solar a curto prazo. O modelo oferece

uma alternativa custo-eficaz a sistemas mais complexos, sendo uma ferramenta va-

liosa para empresas de energia solar. O estudo incentiva a otimização de modelos

para diferentes horizontes, contribuindo para a gestão de energia renovável em linha

com os objetivos de desenvolvimento sustentável (ODS).

Palavras chave: Previsão da produção de energia solar fotovoltaica; Aprendizagem

automática (profunda); Redes neurais convolucionais; Redes de memória de curto e

longo prazo.
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1 Introduction

The battle against climate change represents a major challenge for modern society. The

energy sector, contributing the highest proportion of global greenhouse gas emissions

(Lamb et al., 2021), is a prime target for emission reduction initiatives. Renewable en-

ergy, especially solar, is crucial for sustainable energy transformation. However, solar

energy’s variability due to the day-night cycle and weather dependency poses significant

problems. These fluctuations make it difficult for electric grids to balance production

and consumption, ensuring reliability. Fossil energy sources, like coal and natural gas,

require time to ramp up production to compensate for solar fluctuations, complicating

grid stability.

Solar energy providers are typically required to provide accurate forecasts of their

energy production. Inaccurate forecasts can result in financial penalties, as providers

must pay for balance energy to compensate for prediction errors. Thus, improving the

forecasting accuracy of solar energy production is crucial for grid stability, environmental

sustainability, and the economic viability of solar energy providers.

This thesis focuses on forecasting methods for solar irradiance over short-term hori-

zons—15 minutes, 3 hours, and 6 hours. It investigates the potential of integrating satel-

lite images of cloud cover, a primary driver of solar output variability, into traditional

machine learning forecasting methods to enhance the accuracy of solar irradiance predic-

tions. This is achieved through a hybrid deep learning approach: a convolutional neural

network (CNN) captures the spatial features of cloud formations from satellite images,

and a long short-term memory (LSTM) network captures the temporal dynamics of these

images. A second LSTM captures the temporal dynamics of numerical solar irradiance

inputs. Both branches form the proposed CNN-2-LSTM architecture, aiming to improve

solar irradiance forecast precision.

The geographical focus is Germany, a global leader in solar power production (Kaliap-

pan et al., 2019). Specifically, it uses 2022 data from Baden-Württemberg, the state with

the highest solar irradiance in Germany (Parvanyan and Fox, 2019), making it ideal for

solar operators. This thesis introduces a novel economic performance metric for model

evaluation, estimating mean payments incurred for balance energy due to forecasting

errors, emphasizing the business relevancy of accurate predictions.

This thesis aims to validate the effectiveness of the CNN-2-LSTM model against bench-

mark persistence models at different forecasting horizons and model configurations. By

refining the understanding of solar forecasting, it enhances grid management and oper-

ational efficiency of renewable energy systems, improving the economic viability of solar

energy and supporting a sustainable energy future in line with the Sustainable Develop-

ment Goals (SDG) (United Nations Department of Economic and Social Affairs, 2023).
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2 Related Work

Solar forecasting1 has attracted an extensive amount of scholarly attention, resulting

in a substantial body of research that covers a wide array of different approaches and

forecasting methods. Several classifications of these methods have already been proposed

in review literature (e.g., Inman et al. (2013), Diagne et al. (2013), Antonanzas et al.

(2016), Yang et al. (2018), and Ahmed et al. (2020)). For the purpose of this thesis,

widely used solar forecasting methods are clustered into the following classes: statistical,

numerical weather prediction (NWP), and image-derived. Image-derived methods are

further differentiated into sky-image-based methods and satellite-image-based methods.

Each method has different characteristics in terms of applicability, time horizons (Figure

1), complexity, and costs. In the following sections, each of the method classes is briefly

introduced, their main characteristics are described, and their scientific state of the art is

reviewed.

Nowcasting
< 15min.

Short-Term
15min.− 6hrs.

Medium-Term
6hrs.− 1day

Long-Term
> 1day

Sky Image

Satellite Image

Statistical Forecasting

NWP

Figure 1: Applicability of Solar Forecasting Methods Based on Forecasting Horizons

2.1 Statistical Solar Forecasting

Statistical solar forecasting refers to methods that are based on historical data and sta-

tistical models (Yang et al., 2018). The underlying data are often time series of key

meteorological measurements such as solar irradiance, temperature, and humidity as well

as historical data of solar power generation itself. Statistical analysis is then performed on

these observations to uncover past patterns and extrapolate them into the future. Com-

pared to the other solar forecasting methods presented further below, statistical solar

forecasting is characterized by its relative low complexity, low computational require-

ments and its ease of implementation. In addition, the required input data is readily

available at high temporal resolutions and low cost.

A variety of statistical methods are used to generate the forecasts. One of them being

decomposition methods, which break the different time series datasets into their under-

lying components (e.g., trend, seasonality, cyclical patterns, and noise), forecast each one

1For simplicity and due to their close conceptual and technical relationship, both solar power gener-
ation forecasting and solar irradiance forecasting are referred to interchangeably as solar forecasting for
short.
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of them, and finally generate a prediction by combining all component forecasts.

Majumder et al. (2020) and Monjoly et al. (2017) both found that decomposition meth-

ods, particularly multidimensional empirical mode decomposition, can significantly im-

prove the accuracy of solar power and radiation forecasting. Wang et al. (2018) and

Zhang et al. (2018) further enhanced these methods by combining them with machine

learning models, such as support vector machines and least-squares support vector ma-

chine, resulting in superior performance. Prasad et al. (2020) and Majumder et al. (2017)

complemented these findings to weekly and short-term forecasting, respectively, with the

latter achieving high accuracy using a hybrid empirical mode decomposition and extreme

learning machines method. Malvoni et al. (2017) and Behera and Nayak (2020) explored

the use of data preprocessing techniques and a three-stage approach, respectively, to fur-

ther improve the accuracy of solar forecasting.

Similarly, a range of studies have explored the use of autoregressive integrated moving av-

erage (ARIMA) and seasonal ARIMA (SARIMA) models in forecasting solar energy gen-

eration. Atique et al. (2019) and Shadab et al. (2020) both successfully applied ARIMA

and SARIMA models respectively to predict solar energy generation, with Shadab et al.

(2020) achieving high forecast accuracy. However, Shoaga et al. (2022) found significant

deviations in their SARIMA model for hydroelectric and solar production in Rwanda.

Kushwaha and Pindoriya (2017) and Mukaram and Yusof (2017) further demonstrated

the effectiveness of SARIMA models in very short-term solar generation forecasts and so-

lar radiation forecasts, respectively. Atique et al. (2020) compared ARIMA and machine

learning techniques, finding that support vector machines outperformed ARIMA in solar

generation prediction.

Moreover, a number of studies deploy different more advanced machine learning tech-

niques for statistical forecasting, achieving promising results. Shao et al. (2016) and

Vennila et al. (2022) both developed multi-model blending approaches, with the latter

emphasizing the benefits of a hybrid model. Datta et al. (2023) and Subramanian et al.

(2023) focused on the use of machine learning techniques, with the former proposing an

ensemble trees-based model and the latter achieving high accuracy using support vector

machines, random forests, and gradient boosting. Jebli et al. (2020) and Shahid et al.

(2020) discussed the potential of machine learning in this field, with the latter achieving

improved accuracy using random forest and ridge regressor models. However, Zhao and

Tian (2022) found that a traditional time series model outperformed a machine learning-

based LSTM algorithm in predicting solar power generation.

2.2 Numerical Weather Prediction

NWP is concerned with formulating and solving mathematical equations that attempt

to replicate the underlying physics of weather (Coiffier, 2011). Its application for solar

12



forecasting is intuitive: use the predicted values for relevant parameters (e.g., solar irra-

diance or cloud coverage) at a specific time and location to derive solar forecasts based

on them. The underlying calculations of an NWP model are of such complexity that

in most cases super-computing facilities are required to achieve timely outputs (Bauer

et al., 2015). The associated high costs dictate that NWP-based forecasts can only be

produced a few times a day and published by supranational weather services (typically at

6 hour intervals) (Zhang et al., 2022). This precludes their use for a solar forecasting time

horizon of less than 6 hours and limits its applicability for intra-day solar forecasting.

A range of studies have explored the use of NWP methods for solar energy forecasting.

Chen et al. (2017) and Aler et al. (2015) both proposed models that leverage NWP data,

with Chen using gaussian process regression and convolutional networks, and Aler compar-

ing the performance of support vector machines and gradient boosted regression. Martin

et al. (2015) and Pelland et al. (2011) focused on feature selection and post-processing

methods to improve the accuracy of solar energy forecasts. P. Mathiesen et al. (2013)

evaluated the accuracy of NWP models for solar irradiance forecasting, finding that the

global forecast system provided the best forecasts for the continental United States. An-

drade and Bessa (2017) and Verbois et al. (2018) both demonstrated the potential of

combining NWP data with advanced algorithms, with Andrade and Bessa (2017) achiev-

ing significant improvements in point and probabilistic forecast skill, and Verbois et al.

(2018) significantly outperforming other models for day-ahead forecasts of solar irradiance.

Radiative transfer models, closely related to NWP, simulate the propagation and in-

teraction of solar radiation within the Earth’s atmosphere and surface (Matricardi et al.,

2004). These models consider absorption, scattering, emission, reflection, and transmis-

sion of solar radiation, providing insights into how atmospheric conditions affect solar

irradiance. When integrated into NWP systems, radiative transfer models enhance solar

energy predictions by accounting for the impacts of clouds, aerosols, and other atmo-

spheric constituents, thereby improving forecast reliability.

Numerous studies have investigated the application of radiative transfer models in solar

forecasting. Hernandez-Travieso et al. (2014) and Mazorra-Aguiar and Dı́az (2018) both

used statistical methods, with the former achieving a mean average error of 0.04 kilowatts

per hour. Dellino et al. (2015) proposed the use of transfer function models for energy

production forecasting in a solar plant, while Hamilton et al. (2016) developed solar fore-

casting models using neural networks and model trees. Silva et al. (2015) applied data

mining for short-term solar irradiance forecasting, and Paoli et al. (2009) used ad-hoc

data preprocessing and neural networks for daily prediction of global solar radiation.

13



2.3 Image-Derived Solar Forecasting

The use of image data for solar energy forecasting has proven to be a promising approach

that uses the wealth of information available from satellite and ground-based imaging

systems. In recent years, researchers and practitioners have increasingly turned to these

methods to improve the accuracy and granularity of solar irradiance predictions. By

utilizing image processing techniques such as cloud motion vectors and CNNs, innovative

predictive models have been developed to capture spatial and temporal variations in solar

irradiance patterns. In the following, image-derived solar forecasting is reviewed, divided

into sky- and satellite-based imagery.

2.3.1 Sky-Image-Based Methods

Sky-image-based solar forecasting is a scientific approach that uses sky imaging techniques

to predict solar radiation. Sky images are photographs of the sky taken from ground-

based cameras that capture real-time visual information for meteorological uses. By

analyzing cloud cover, aerosol content and other atmospheric parameters captured in sky

images, this prediction method aims to estimate the incoming solar radiation reaching the

Earth’s surface. By integrating advanced image processing algorithms and atmospheric

models, it provides valuable insights into the (super-) short-term fluctuations in solar

energy availability.

T. Schmidt (2017) and Lasanthika H. Dissawa et al. (2020) both developed models that

use cloud motion tracking to predict solar irradiance, with the latter achieving mean

bias error percentages of 11-12%. V. Jayadevan et al. (2012) and Al-lahham et al. (2020)

(2020) focused on the use of machine learning, with the latter achieving competitive results

with less computational complexity. Kong et al. (2020) and Wen et al. (2021) proposed

hybrid and deep learning models, respectively, with the latter achieving a skill score of

17.7% in photovoltaic power ramp-rate control. Kamadinata et al. (2019) and Zhen et al.

(2017) both used artificial neural networks, with the former achieving a minimum root

mean square error (RMSE) of 143. These studies collectively demonstrate the potential

of sky-image based solar energy forecasting, with various models and techniques showing

promising results.

2.3.2 Satellite-Image-Based Methods

Satellite images are well suited for solar forecasting for a variety of reasons. With cloud

coverage being the strongest and most relevant cause of solar irradiance fluctuations, it is

intuitive to utilize satellite images since they yield an unobstructed view of the presence

of clouds in the atmosphere. In addition, they offer a comparatively high resolution in

both the spatial and temporal dimension and cover most of Earth’s surface at once.
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One of the first scientific contributions to solar energy forecasting using satellite images

was made by Hiser and Senn (1980). They used imagery from geostationary satellites and

achieve a general solar irradiance map at a 5 kilometer resolution. Yet, their approach

is only applicable for overall seasonal estimates, rather than real-time forecasting. Based

on this, Hammer et al. (1999) present a statistical method to forecast solar radiation for

time scale from 30 minutes up to 2 hours and a practical application example for solar

energy forecasting. They achieve this by detecting the motion of cloud structures visible

in a series of satellite images and extrapolate the future cloud coverage based on this.

Marquez et al. (2013) propose a hybrid solar forecasting method that pioneers the use of

artificial neural networks for satellite image analysis and is able to predict global horizontal

irradiance at time horizons of 30 minutes up to 2 hours and achieve satisfactory results.

Similarly, Dong et al. (2014) propose a hybrid model that uses exponential smoothing in

combination with artificial neural networks. They found that their model outperforms

traditional forecasting techniques when tested at an hourly forecast horizon.

Cros et al. (2014) employ a statistical phase correlation algorithm to obtain cloud motion

vectors from subsequent geostationary satellite images. Their approach is found to have a

21% lower RMSE compared to benchmark persistence forecasting at a 4-hour prediction

period. Jang et al. (2016) use support vector machines to predict atmospheric motion

vectors for clouds. They trained their model on historical satellite images spanning 4

years and achieve satisfactory results compared to time-series models and artificial neural

network approaches. Yu et al. (2020) present a solar power forecasting model that entails

a cloud amount forecasting network that was trained on a set of historical satellite images.

In addition, their model adopts convolutional self-attention that is capable of capturing

historical features in the data. They show that cloud amount forecast network reduces the

mean absolute percentage error by 22.5% when compared to a prediction model without.

A similar approach is used by Si et al. (2020). They developed a hybrid method for

predicting solar irradiance at time horizons of up to 4 hours. The model combines satellite

imagery with general meteorological information. A modified CNN is used to derive cloud

cover from the satellite images which is then enriched with the meteorological data to

obtain a solar forecast. Their approach shows satisfactory results compared to benchmark

models.

Prasad and Kay (2021) utilize near-real time satellite data and cloud motion vectors to

achieve solar energy predictions at a 5-minutes ahead time horizon. Although their model

outperforms persistence forecasting methods, it does not achieve the desired forecasting

skill under live conditions. Cheng et al. (2022) developed a deep-learning model that is

trained directly on satellite images for specific regions of interest. It is capable of delivering

multi-step-ahead predictions. When compared to related studies, the model outperforms

persistence forecasting models. It is found to be suitable for forecasting time horizons of

up to three hours.

15



2.4 Identified Gap

NWP-based approaches, and image-derived methods. However, a notable gap exists in

the operationalization of hybrid deep learning architectures, specifically the CNN-2-LSTM

model, which integrates ground-based observations with satellite imagery for solar irra-

diance prediction. This model leverages CNNs for spatial feature extraction and LSTMs

for sequence prediction, but its application across varying forecasting horizons remains

underexplored.

Additionally, while extensive research exists on global solar forecasting, there is a

lack of localized studies for regions like Baden-Württemberg. Local geographic and me-

teorological conditions can significantly influence solar irradiance patterns, necessitating

region-specific models for accurate forecasting.

Current literature also tends to focus on very short-term (up to an hour) or long-term

(day-ahead) predictions, with intermediate time horizons (e.g., 15 minutes, three hours,

six hours) often overlooked. These time frames are crucial for grid management and

energy trading.

This thesis addresses these gaps by implementing a CNN-2-LSTM model for solar

irradiance forecasting, integrating solar observations with satellite imagery. It specifi-

cally targets Baden-Württemberg, tailoring the model to local conditions. By exploring

multiple forecasting horizons, this study provides a comprehensive understanding of the

model’s performance across different time scales, offering valuable insights for energy sys-

tems management.

16



3 Data

The data for model training in this thesis combines two distinct datasets: satellite image

data and solar irradiance observations. The following sections describe both datasets,

detail the preprocessing steps for each, and illustrate the data merging, splitting, and

sequencing processes.

3.1 CLAAS-3 Cloud Property Dataset

The satellite imagery for the solar forecasting model of this thesis is obtained from the

CLAAS-3 dataset (Meirink et al., 2022) created by the European Organisation for the

Exploitation of Meteorological Satellites. It is derived from measurements captured by a

combined visible and infrared light sensor onboard METEOSAT satellites.

The dataset consists of multiple subsets, which are created by processing raw satellite

data in different ways to derive detailed information about cloud properties for specific

scientific uses. These subsets include imagery for cloud type, cloud top temperature,

cloud top height, cloud optical thickness, and cloud masks amongst others. In this thesis,

only the latter subset is used. The cloud masks are generated by applying an algorithm

to raw satellite data to predict cloud presence for each pixel in the image. The output,

illustrated in Figure 2, is a grayscale image where pixels containing clouds are assigned a

value of zero (black), and pixels without clouds are set to one (white).

12:00 UTC 25/04/2022 13:15 UTC 25/04/2022 14:30 UTC 25/04/2022

Figure 2: Unedited Example Cloud Mask Images from the CLAAS-3 Dataset

The cloud mask subset of the CLAAS-3 datasets spans back to 2004, is regularly

updated, and has a temporal resolution of 15 minutes. For this thesis, only data from

2022 is used, yielding a total of 35,040 images. Furthermore, the images in the dataset

geographically cover half of Earth’s surface (latitude: -81.30° S to 81.30° N, longitude:

-81.25° W to 81.25° E) at a spatial resolution of 3 kilometers. For this thesis, the area of

interest (AOI) is the federal state of Baden-Württemberg. Therefore, the raw images are
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CLAAS-3 Coverage AOI Buffer

Figure 3: Illustration of CLAAS-3 Coverage, AOI, and Buffer Extents

cropped to the extreme points of the AOI, adding a 100 kilometer buffer in each direction

(latitude: 46.68° N to 50.69° N, longitude: 6.89° E to 11.37° E) (Figure 3). The buffer is

introduced under the assumption that the proposed model can extract useful information

from the presence of clouds outside of the AOI. More specifically, the premise is that cloud

cover does not appear spontaneously, but enters from outside the AOI.

12:00 UTC 25/04/2022 13:15 UTC 25/04/2022 14:30 UTC 25/04/2022

Figure 4: Cropped, Resized, and Normalized Example Images of AOI and Buffer

The resulting images have a resolution of 272 by 369 pixels with a single grayscale

channel. Due to computational constraints and efficiency they were resized to a final

resolution of 64 by 64 pixels and normalized (by dividing each pixel value by 255) prior to

model training. As observable in Figure 4, the pixels in the processed images are no longer

solely black or white but have also have shades of gray. This effect is due to rescaling and

the associated image interpolation and retains some visual information lost to rescaling.
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3.2 PV-Live Solar Irradiance Dataset

The numerical solar irradiance data for the proposed model stems from the PV-Live

dataset created by the Fraunhofer Institute for Solar Energy Systems (Dittmann et al.,

2024). It contains minute-by-minute measurements of global horizontal irradiance (GHI)2

from 40 points primarily spread across the federal state of Baden-Württemberg in southern

Germany. The data set currently covers the period from September 2020 to August 2023.

Only the 2022 values are used in this thesis.

Measurement Point Selected Measurement Point AOI Buffer

Figure 5: Measurement Points of PV-Live Dataset

Furthermore, due to scope and computational restraints, a selection of six out of 40

measurement points was made. During the selection process, the main focus was on

identifying the measurement points with as few missing values as possible while ensuring

satisfactory geographical coverage over the AOI.

ID Name Lat. N Long. E NaN Mean GHI Max GHI

06 Mahlberg 48.280 7.787 1.257% 155.54 1,358
25 Eberbach 49.465 8.987 1.491% 144.01 1,377
28 Pforzheim 48.899 8.746 1.513% 150.26 1,319
30 Konstanz 47.674 9.163 2.165% 158.26 1,377
35 Schwäbisch Hall 49.117 9.774 2.545% 149.71 1,385
36 Baden-Baden 48.787 8.189 1.529% 152.46 1,379

Table 1: Summary Statistics for Selected Points in 2022 without Preprocessing

As a first step, missing values recorded during nighttime were set to zero, assuming no

solar irradiance. All other missing data points were imputed with the mean of the available

2GHI represents the total amount of sunlight reaching a horizontal surface on Earth, expressed in watts
per square meter. This measurement includes both direct sunlight and diffuse horizontal irradiance. GHI
is typically recorded using devices known as pyranometers.
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measurements at the corresponding time. Subsequently, the data was aggregated into 15-

minute intervals by calculating the mean of every 15 consecutive measurements. The date

and time of each observation was transformed into categorical variables with a separate

column for month, day of month, hour of day, and minute of hour. Finally, the sum

of all six measurement points per time step was generated and saved as its own column

(ghisum) in the data. This sum will serve as the main target variable for the proposed

model.

After the initial data cleaning and preliminary preprocessing, exploratory data analysis

was performed on the numerical data to obtain a better understanding of the data at hand

and guide model development.

Variable n Mean SD Min. 25% Med. 75% Max.

ghisum 35,040 900.65 1391.48 0.00 20.86 20.86 1366.42 5878.52
month 35,040 6.53 3.45 1.00 4.00 7.00 10.00 12.00

day 35,040 15.72 8.80 1.00 8.00 16.00 23.00 31.00
hour 35,040 11.50 6.92 0.00 5.75 11.50 17.25 23.00

minute 35,040 22.50 16.77 0.00 11.25 22.50 33.75 45.00

Table 2: Summary Statistics for Numerical Data after Initial Cleaning

A prominent characteristic of the ghisum variable, apparent from both the summary

statistics (Table 2) and the histogram (Figure 6), is its pronounced left skew. This skew-

ness primarily arises because a significant portion of the observations are zero, attributable

to the lack of solar irradiance during nighttime hours. Specifically, 16,274 or 46.66% of

all observations register as zero. Additionally, the range of ghisum is notably broad, with

the maximum value reaching 5,878.52 and a standard deviation of 1,391.48. While the

marked left skewness is not problematic, as the proposed model does not require normally

distributed data, the extensive range of the data should and will be addressed using data

scaling techniques (see Section 3.3).

Upon examining the monthly averages of ghisum (Figure 7), a clear seasonal pattern

is discernible. Solar irradiance is heavily correlated with meteorological seasons, a corre-

lation that is well-documented and expected due to variations in solar angle and daylight

duration. The data shows a gradual increase in the monthly average GHI starting in

January, culminating in a peak in July. Following this zenith, there is a steady decline in

irradiance, leading to the annual minimum in December.

The daily averages of ghisum not only reinforce the seasonality previously observed

in the data but also highlight the significant variability of GHI. This variability is evident

from the substantial fluctuations in GHI values even between consecutive days. Addi-

tionally, the mean daily GHI profiles per month (Figure 8) reveal another seasonal aspect

of the time series data. Not only is there significant variance in the mean daily peaks

of solar irradiance across different months (with the highest peaks occurring in July and
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Figure 7: Daily and Monthly Average of ghisum

the lowest in December), but the duration of solar irradiance each day also varies con-

siderably. In December, the average duration of daily solar irradiance is approximately 8

hours, whereas in June, it extends to nearly 16 hours3. Interestingly, the irradiance peaks

during the winter months tend to be smoother, while those in the summer months display

more variability, reflecting the more dynamic atmospheric conditions (e.g., cloud cover)

experienced during warmer periods.

The autocorrelation function (ACF) plot demonstrates a pronounced sinusoidal pat-

tern, oscillating between positive and negative values. This pattern diminishes gradually

over time before repeating, indicative of a strong seasonal influence within the data,

recurring approximately every 96 lags (or about 24 hours). The amplitude of the auto-

correlations is highest at lag zero, which is expected since a dataset is perfectly correlated

with itself at zero lag. The gradual decrease in correlation over time highlights the last-

3Please note that the time stamps for the data are formatted in UTC+0, whereas the local time zone
in Germany is UTC+2.
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Figure 8: Mean Day ghisum Profiles per Month

ing impact of past values over several intervals. Conversely, the partial autocorrelation

function (PACF) plot reveals a significant spike at the first lag, which then quickly re-

duces to near-zero or insignificant values for subsequent lags. This pattern suggests that

each observation in the series predominantly depends on its immediate predecessor, with

minimal influence from further past values.

To summarize, the exploratory data analysis conducted on the PV-Live dataset has

provided comprehensive insights into the temporal dynamics and characteristics of so-

lar irradiance as measured across selected points in Baden-Württemberg, Germany. The

summary statistics and visual analyses reveal a pronounced left skew in the GHI data,

primarily due to a significant number of zero observations during nighttime, coupled with

a high variability in GHI values. Seasonal patterns are evident with monthly and hourly

periodicities. Solar irradiance is peaking in July and reaching its lowest in December, cor-

relating strongly with meteorological seasons due to variations in solar angles and daylight

hours. Additionally, the daily GHI profiles per month illustrate both the variance in daily

peaks and the duration of solar irradiance, which varies significantly across the year. The

ACF and PACF plots further underscore the seasonal influence and the autocorrelation

structure within the dataset, providing valuable guidance for model design and forecasting

efforts. This exploratory data analysis has laid the groundwork for more detailed model-

ing and has helped identify the key features of the dataset that will influence subsequent

analyses and predictions.
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Figure 9: ACF and PACF for ghisum
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3.3 Data Preparation for Model Training

To enable effective model training, specific modifications must be performed on the afore-

mentioned datasets. These modifications include several additional data preprocessing

steps. Namely data scaling, data splitting, and data sequencing. All of which are out-

lined in this section.

To begin, data scaling was implemented for all numerical input features4. Data scal-

ing can significantly enhance model performance by ensuring that all input features are

treated equally by the model, preventing any single feature from dominating due to its

larger numerical magnitude. Additionally, it improves model robustness to outliers by

normalizing values within a specified range, leading to more accurate and reliable predic-

tions (Ahsan et al., 2021).

Specifically, all numerical features were scaled using a min-max scaler, defined as:

Xscaled =
X −Min(X)

Max(X) −Min(X)
(1)

where:

X = Numerical input variable

Min(X) = Minimum value of X

Max(X) = Maximum value of X

Min-max scaling is a technique that rescales data to a fixed range, typically [0, 1]. In

this method, the smallest value in the original dataset is mapped to 0, and the largest

value is mapped to 1, with all other values scaled proportionally within this range. This

technique is straightforward to apply and highly interpretable, even without reversing the

scaling. One of the main reasons for using min-max scaling in this context is that the

GHI data does not contain significant outliers, which would necessitate more complex

techniques. Additionally, min-max scaling preserves a key characteristic of the data: the

high number of zero values. In contrast, a robust scaling approach might produce negative

values during model training, which are nonsensical in the context of solar forecasting.

Moreover, the proposed architecture includes a technique to ensure that the predicted

output values are non-negative. This could not be realized with a scaling method that

yields negative values. Thus, min-max scaling is an appropriate and effective choice for

this application.

After data scaling, the processed satellite imagery from the CLAAS-3 dataset was

seamlessly merged with the processed numerical data from the PV-Live dataset. This

combination was achieved by aligning both datasets along the time axis, ensuring that

each set of satellite images corresponded precisely with its numerical data counterpart at

each time point.

4Note that the image data was already normalized (i.e., scaled) during creation of the image dataset
(see Section 3.1)
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Figure 10: Illustration of Data Splitting

Subsequently, the data was split into a development set and a test set, with the devel-

opment set comprising 90% of the data (31,526 data points) and the test set comprising

the remaining 10% (3,504 data points). The test set is reserved exclusively for performance

evaluation after model training, providing a reliable estimate of the model’s effectiveness

on unseen data. The development set was further divided into a training set (70% of the

original data) and a validation set (20% of the original data), ensuring a robust training

process. The model is trained on the training set, and its performance is continuously

monitored and fine-tuned based on results from the validation set, allowing for iterative

improvements and optimization during the training phase. This approach ensures that

the model generalizes well and avoids overfitting, leading to better performance on the

test set and potentially in a real world environment.

The different data subsets were fed to the model using separate data generators to

efficiently handle large datasets and preventing data leakage by streaming the training,

validation, and test sets in manageable batches (instead of loading them at once), reducing

memory usage.

LSTMs, as used in the proposed model, typically require data to be fed in sequences

or windows of the original time series. To achieve this, a sliding window approach was

used (in conjunction with the data generators), where a fixed-size window slides over the

data set, capturing subsets of data points at each position (Figure 11). This method

sequentially feeds these subsets, or windows, into the model. The window length is

determined by the predefined lengths of the input and target sequences. For instance,

with data recorded at 15-minute intervals, a forecasting horizon of 3 hours would result in

a target sequence length (TSL) of 12. The input sequence length (ISL), must be chosen

empirically based on the data and its characteristics (see ACF and PCF plots in Section

3.2). In this thesis, various ISLs spanning from 1 (=15 min.) to 96 (=24 hrs.) were

tested and their performances compared to determine the optimal length. The order of

the windows themselves (note: not their contents) were shuffled within the training and
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Figure 11: Illustration of Sliding Window Data Sequencing

validation generator before being sent to the model. This approach keeps the temporal

dependencies within of the datapoints within a window, while increasing the robustness

of the model and preventing overfitting. For the test generator, the windows were not

shuffled but fed in a strictly sequential manner to ensure conditions close to a real world

environment.

The sliding window approach with overlapping sequences is advantageous because it in-

creases the training data while preserving time-dependent features. However, this method

poses a unique challenge: overlapping predictions for the same time step when the target

sequence length is longer than one. For instance, as illustrated in Figure 11, target step six

appears in the first two windows, leading the model to produce two different predictions

for the same target step. To address this, various sliding window aggregation (SWAG)

algorithms have been developed for this purpose (Tangwongsan et al., 2022). These algo-

rithms, such as simple averaging, weighted averaging, and advanced ensemble methods,

merge overlapping predictions. Complex SWAG techniques have the potential to enhance

prediction accuracy by considering factors like confidence level, historical performance,

and context of the predictions. Yet, for the sake of interpretability, the proposed model

uses a SWAG algorithm that essentially produces a simple average of the overlaps without

weighting the different predictions.
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4 Proposed Model

In the following sections, the benchmark models are defined, the technical backgrounds of

LSTMs and CNNs are illustrated, the proposed CNN-2-LSTM architecture is described,

and the model training process is detailed.

4.1 Benchmark Persistence Model

Persistence models serve as a fundamental benchmark for performance evaluation in var-

ious predictive fields. Despite their simplicity, these models are extensively utilized in

meteorology and solar forecasting (e.g., Iheanetu (2022), Pandžić and Capuder (2023)).

The core principle of persistence models is straightforward: they assume that the current

or past values will remain unchanged and thus will be the same in the future. This ap-

proach, while basic, provides a valuable point of reference for comparing the accuracy of

more complex forecasting methods. Persistence models often utilize different look back

periods, such as the most recent value, the values from the same time yesterday, or the

values from the same time one year ago. A look back period refers to the specific past

time interval from which data is used to make predictions for the future. The general

concept of the benchmark persistence models used can be formalized as:

ˆGHI t+s = GHIt−l+s (2)

where:

GHIt = Observed GHI at time step t

ˆGHI t+s = Predicted GHI for time step t + s

t = Time step

l = Look back period

s = Forecasting horizon

In this thesis, the persistence forecasts are based on the actual GHI observations from

the previous day, which corresponds to 24 hours or 96 15-minute intervals earlier. Conse-

quently, the thesis establishes benchmark models for three distinct forecasting horizons,

resulting in three separate persistence models. Their performance will serve as a baseline

during model evaluation and they are defined as follows:

15-Min. Horizon: ˆGHI t+s = GHIt−96+s for s = 1 (3)

3-Hr. Horizon: ˆGHI t+s = GHIt−96+s for s = 1, 2, . . . , 12 (4)

6-Hr. Horizon: ˆGHI t+s = GHIt−96+s for s = 1, 2, . . . , 24 (5)
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4.2 Technical Foundations of the Proposed Model

Understanding the technical foundations of LSTMs and CNNs is essential for comprehend-

ing their integration and performance implications in the CNN-2-LSTM model. Therefore,

the following subsections provide a concise introduction to the technical aspects of both

techniques.

4.2.1 Technical Foundations of LSTM Networks

In traditional feed-forward neural network designs, connections only go forward from input

to output. On the contrary, recurrent neural networks (RNN) allow connections that feed

in the opposite direction, either from one node to another or from one node to itself

(Figure 12). This is especially useful for sequences of data (e.g., time series data), since

information about the previous time step can be fed back into the network to be used in

the current time step. This essentially enables the RNN to retain persistent information

over multiple time steps.

Feed-Forward Network RNN

Input Hidden Layers Output Input Hidden Layers Output

Figure 12: Simplified Conceptual Comparison of Feed-Forward Networks to RNNs

Yet, RNNs struggle to maintain information over long sequences due to issues con-

nected to vanishing and exploding gradients. Long Short-Term Memory (LSTM) networks

are a specialized type of RNN that is designed to specifically address these issues and to

learn long-term dependencies in sequence prediction problems. They were first introduced

by Hochreiter and Schmidhuber in 1997.

The architecture of an LSTM cell, illustrated in Figure 13, includes several key com-

ponents designed to regulate the flow of information effectively. Central to the LSTM’s

operation is the cell state (C), which acts as a kind of memory that carries information

across different time steps. The information within the cell state is regulated by struc-

tures known as gates, which decide what information to forget, add, and output at each

time step. Gates are neural network layers themselves, which means that their exact

parameters are learnt during model training.
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Figure 13: LSTM Cell Schematic

The forget gate (ft) decides what portion of the old cell state (Ct−1) should be carried

forward. It achieves this by using the output from the previous time step (ht−1), the input

from the current time step (xt) and a sigmoid activation function (σ) which yields a result

between zero and one. A zero would erase the entire cell state, whereas a one would keep

all of the information of the cellstate. The input gate (it) controls the extent to which

new information (C̃t) should be written to the cell state. It also uses a sigmoid activation

function to scale the importance of the new information. The candidate cell state (C̃t) is

a vector of new candidate values, created by applying the tanh function to the input data

and previous hidden state, which could potentially be added to the cell state.

The cell state (Ct) is updated by combining the forget gate’s filtered old cell state and

the scaled candidate cell state. Mathematically, this is represented as:

Ct = ft · Ct−1 + it · C̃t (6)

The output gate (ot) determines the output of the LSTM cell. It uses the sigmoid

activation function to decide which parts of the cell state should be output. The final

output (ht) is then obtained by applying the tanh function to the updated cell state and

multiplying by the output gate’s result:

ht = ot · tanh(Ct) (7)

The gates and their interactions enable the LSTM to effectively manage the flow of
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information and retain long-term dependencies, which are essential for tasks requiring the

modeling of long term sequences. This makes them an ideal choice for the solar forecasting

task at hand.

4.2.2 Technical Foundations of CNNs

CNNs have emerged as a pivotal technology in the field of deep learning, particularly for

tasks involving image and spatial data. Introduced by Yann LeCun and his collaborators

in the late 1980s and early 1990s, CNNs have revolutionized pattern recognition and

computer vision through their unique architecture that leverages the spatial hierarchies

in data (Lecun et al., 1998).

The fundamental innovation of CNNs lies in their convolutional layers, which consist of

a set of learnable filters applied to input data to produce feature maps. These filters enable

CNNs to capture local spatial relationships effectively, making them highly suited for

image processing tasks (Krizhevsky et al., 2017). Unlike traditional fully connected neural

networks, where each neuron is connected to every neuron in the previous layer, CNNs

utilize a sparse connectivity pattern, significantly reducing the number of parameters and

computational complexity. This approach not only enhances computational efficiency but

also improves the model’s ability to generalize from the training data.

Input Image Convolution Pooling Flatten

Filters Feature Maps

Figure 14: Simplified CNN Schematic

CNNs typically consist of two key components: convolutional layers and pooling layers.

The convolutional layers apply filters to the input image, detecting features such as edges,

textures, and shapes. These features are then downsampled by pooling layers, which

reduce the spatial dimensions of the feature maps, thereby decreasing computational load

and helping to achieve spatial invariance (Zeiler and Fergus, 2013). At the end, the feature

maps are usually flattened to turn them into a one-dimensional vector. This vector can

then be fed to other types of neural layers (e.g., dense layers, LSTMs) for further use.

One of the key strengths of CNNs is their ability to perform end-to-end learning, where

the network automatically learns the optimal features directly from raw data, guided by

the task-specific loss function. This capability eliminates the need for manual feature
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extraction, a significant advantage over traditional machine learning methods (Rawat

and Wang, 2017).

In conclusion, the ability of CNNs to learn hierarchical feature representations from

raw visual data makes them the ideal choice for processing the satellite images in the

context of solar forecasting.

4.3 Proposed CNN-2-LSTM Architecture

As an overview, the proposed model architecture comprises two main branches: an LSTM

component for numerical data and a CNN-LSTM component for image data (Figure 15).

The LSTM branch captures temporal dependencies in numerical sequences, while the

CNN-LSTM branch extracts and processes spatial features from image sequences. The

outputs from both branches are concatenated and passed through fully connected layers

to generate the final forecast, effectively integrating spatial and temporal information for

robust solar irradiance predictions.

Numerical Inputs Image Inputs

LSTM CNN

LSTM

+

Concatenation

Dense

Predicted GHI

Figure 15: High-Level Model Architecture Overview

4.3.1 LSTM Component of the Model for Numerical Inputs

The LSTM branch of the model is designed to handle numerical input data and is struc-

tured to capture and process temporal dependencies in the input sequences. The input

sequences consist of GHI measurements at time t along with variables representing the

month of the year, day of the month, hour of the day, and minute of the hour at that point

in time. The length of the sequences is dependent on the specific model configuration (see

Section 4.4).
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The input data first passes through an input layer, which accommodates sequences

with these five features at each time step of the input sequences. This data then enters

the first LSTM layer, which contains 32 cells and returns sequences, thereby transforming

each time step into a 32-dimensional vector while maintaining the temporal structure of

the sequence.

The output from the first LSTM layer is subsequently fed into a second LSTM layer,

also consisting of 32 cells and configured to return sequences, further refining the temporal

information. A time distributed dropout layer with a dropout rate of 0.2 is then applied

to the output, which helps to prevent overfitting by randomly setting a fraction of the in-

put units to zero during training. The time distributed wrapper ensures that the dropout

is applied to each time step independently within the sequence, preserving the temporal

structure of the data and maintaining consistency across the sequence. This encapsula-

tion is necessary to ensure that the dropout does not disrupt the temporal dependencies

captured by the LSTM layers, allowing the model to effectively learn and generalize from

the sequential data.

The dropout-regularized sequences are then processed by a third LSTM layer contain-

ing 64 cells, which also returns sequences. This layer captures more complex temporal

patterns by transforming each time step into a 64-dimensional vector. The final LSTM

layer, with 64 cells, processes the sequence output from the third LSTM layer but is con-

figured to return only the last output in the sequence, resulting in a single 64-dimensional

vector that encapsulates the temporal information from the entire input sequence.

Finally, this output vector is passed through a batch normalization layer, which nor-

malizes the data by adjusting and scaling the activations. This step helps to stabilize and

accelerate the training process.

Layer Type Output Shape Description

Input Layer (ISL, 5) Sequenced, five features
LSTM Layer 1 (ISL, 32) 32 cells, returns sequences
LSTM Layer 2 (ISL, 32) 32 cells, returns sequences
Distributed Dropout (ISL, 32) Rate = 0.2, applied per time step
LSTM Layer 3 (ISL, 64) 64 cells, returns sequences
LSTM Layer 4 (64) 64 cells, returns vector
Batch Normalization (64) Normalizes the output vector

Note: ISL = Input Sequence Length

Table 3: Summary of Layers and Settings for the Numerical LSTM Branch

4.3.2 CNN-LSTM Component for Image Inputs

The CNN-LSTM branch of the model is designed to process satellite image input data and

is structured to capture spatial features from the images as well as temporal dependencies
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across the sequence of images. The input consists of sequences of 64 by 64 pixel grayscale

satellite images, where each image corresponds to a specific time step.

The input data first passes through an input layer that accommodates sequences of

these 64 by 64 pixel images. Each image in the sequence is then processed independently

by convolutional layers. Similarly to the numerical LSTM branch, the layers are wrapped

in a time distributed layer, ensuring that the same convolutional operations are applied

at each time step.

Layer Type Output Shape Description

Input Layer (ISL, 64, 64, 1) Sequenced, 64x64 pixel images
Distributed Conv2D (ISL, 32, 62, 62) 32 filters, (3, 3), ReLU
Distributed MaxPooling2D (ISL, 32, 31, 31) Pool size (2, 2)
Distributed Conv2D (ISL, 16, 29, 29) 16 filters, (3, 3), ReLU
Distributed MaxPooling2D (ISL, 16, 14, 14) Pool size (2, 2)
Distributed Flatten (ISL, 3136) Flattened feature maps

LSTM Layer 1 (ISL, 32) 32 cells, returns sequences
LSTM Layer 2 (ISL, 32) 32 cells, returns sequences
Distributed Dropout (ISL, 32) Rate = 0.2, applied per time step
LSTM Layer 3 (ISL, 64) 64 cells, returns sequences
LSTM Layer 4 (64) 64 cells, returns vector
Batch Normalization (64) Normalizes the output vector

Note: ISL = Input Sequence Length

Table 4: Summary of Layers and Settings for the CNN-LSTM Branch

The first convolutional layer uses 32 filters of size (3, 3) and applies a rectified linear

unit (ReLU) activation function. ReLU is a popular activation function in deep learning

that introduces non-linearity into the model by outputting the input directly if it is

positive, otherwise, it outputs zero. This non-linearity allows the model to learn complex

patterns in the data while also helping to mitigate the vanishing gradient problem, thus

enabling faster and more effective training. The spatial features captured by this layer

are then downsampled using a time distributed max pooling layer. This is followed by

a second convolutional layer with 16 filters of the same size, again followed by a time

distributed max pooling layer to further extract and downsample spatial features.

After the convolutional layers, the output is flattened using a time distributed flat-

tening layer, preparing the data for sequence modeling. The flattened features are then

fed into two LSTM layers, each containing 32 cells and configured to return sequences.

These layers capture the temporal dynamics of the image sequence. A time distributed

dropout layer with a dropout rate of 0.2 is applied to the output of the second LSTM

layer to prevent overfitting.

The final LSTM layer, with 64 cells, processes the sequence output but returns only

the last output in the sequence, resulting in a single 64-dimensional vector that encap-
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sulates the temporal information from the entire image sequence. This output vector is

then normalized using a batch normalization layer to stabilize and accelerate the training

process.

4.3.3 Combination of Subcomponents and Output

The final part of the model involves concatenating the outputs from the LSTM branch

(for numerical data) and the CNN-LSTM branch (for image data), followed by processing

through fully connected dense layers to produce the final forecast.

The concatenation step integrates the learned features from both numerical and image

data sources. The normalized output vectors from the LSTM branch and the CNN-LSTM

branch are concatenated into a single vector. This combined vector encapsulates both the

temporal dynamics captured by the LSTM layers and the spatial features processed by

the CNN layers, providing a comprehensive representation of the input data.

The concatenated vector is then passed through a series of dense layers to refine and

map the integrated features to the desired output space. The first dense layer has 16

neurons and applies a linear activation function to transform the combined features. This

is followed by a second dense layer with 8 neurons, also using a linear activation function,

further refining the feature representation.

Finally, the processed data is passed to the output dense layer, which uses a ReLU

activation function to produce the final forecast. In this layer the ReLU activation ensure

an output that is positive (negative values would be nonsensical in the context of solar

forecasting). The number of neurons in this layer corresponds to the target sequence

length, which represents the forecasting horizon.

Layer Type Output Shape Notes

Concatenation (128) Combines LSTM and CNN-LSTM outputs
Dense Layer 1 (16) 16 neurons, linear activation
Dense Layer 2 (8) 8 neurons, linear activation
Output Layer (TSL) Neurons equal forecast horizon, ReLU activation

Note: TSL = Target Sequence Length / Forecasting Horizon

Table 5: Summary of Layers and Settings for the Combination, Dense Layers, and Output

To benchmark the performance and determine the impact of the satellite image branch,

a pure LSTM model was also trained. This model only utilizes the Numerical LSTM

and Output parts of the full model. By comparing the performance of this pure LSTM

model with the full CNN-LSTM model, it is possible to assess whether the satellite image

branch contributed positively to the overall performance or if most of the performance

was achieved by the numerical LSTM component alone.

This setup effectively leverages the strengths of both the LSTM and CNN-LSTM

branches, providing a robust framework for producing accurate solar irradiance forecasts.
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4.4 Model Training

A total of 36 models was trained, considering the inclusion or exclusion of the image

branch, three different forecasting horizons (15-minutes, 3 hours, and 6 hours), and six

different input sequence lengths (1, 4, 8, 16, 48, and 96).

The models were trained using TensorFlow and Keras on Google Colab, utilizing an

L4 Tensor Core GPU. To accommodate for the size of the data, data generators were

implemented (see Section 3.3), which efficiently managed memory by loading data in

batches only as needed during the training process. For all models, a batch size of 32 was

chosen to balance the training speed against the available memory resources effectively.

As a loss function for model training and performance evaluation, RMSE was chosen.

Due to its quadratic nature, it penalizes large deviations exponentially more, which is de-

sirable for solar forecasting. As a complementary loss function for performance evaluation,

the mean absolute error (MAE) was used as well. They are defined as:

RMSE =

√∑
(GHIi − ˆGHI i)2

n
(8)

and

MAE =

∑
|GHIi − ˆGHI i|

n
(9)

where:

GHIt = Observed solar irradiance at time step t

ˆGHI t = Predicted solar irradiance at time step t

n = Number of observations

All models were initialized with random weights and trained for up to 50 epochs.

An early stopping callback monitored validation loss, halting training if RMSE didn’t

improve for 10 consecutive epochs, and restoring the best weights. Most training runs

ended between 20 and 35 epochs (Figure 16).

The Adam optimizer (Kingma and Ba, 2014) was used for efficient weight updates

with an adaptive learning rate mechanism. Additionally, the learning rate was reduced

by a factor of 0.2 if the validation loss plateaued for 5 epochs, preventing stagnation and

ensuring efficient convergence. The minimum learning rate was set to 0.000001.

Figure 16 shows the training and validation losses for the best CNN-2-LSTM config-

urations for each forecasting horizon. Training losses were higher than validation losses,

explained by the easier-to-forecast validation subset, which contains GHI data from one

season, compared to the more variable training data. Additionally, dropout regulariza-

tion increased training loss but not validation loss, promoting robust feature learning and

preventing overfitting.
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Figure 16: Training and Validation Losses for CNN-2-LSTM at Different Horizons
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5 Model Performance and Evaluation

This section details the outcomes of models trained with varying configurations to assess

different forecasting horizons and input sequence lengths. Performance is evaluated using

RMSE and MAE, and compared to the persistence forecast model. Additionally, a cus-

tom performance metric reflecting the impact of forecasting error on business revenues is

introduced for secondary evaluation.

5.1 Economic Performance Metric Based on Balance Energy

For German energy providers, one of the key benefits of employing an advanced solar

forecasting model is to significantly reduce the penalty payments incurred for balance

energy when their forecasts do not align with actual production. Balance energy, also

known as balancing power, is essential in maintaining the stability of the electrical grid.

It refers to the extra energy that transmission grid operators must either supply or absorb

to offset the discrepancies between predicted and actual energy production (TransnetBW

et al., 2022).

In Germany, the cost associated with balance energy is determined by the uniform

imbalance price (reBAP)5, which is the market price for balancing energy expressed in

Euros per megawatt-hour (MWh). When an energy provider’s production forecast is

inaccurate, resulting in either an excess or shortfall of energy compared to their forecast,

they must buy or sell the difference at the reBAP rate. The reBAP can be either positive

(indicating a shortage of energy in the electricity grid) or negative (indicating a surplus

of energy in the grid). Consequently, energy providers may either incur costs or generate

revenue depending on whether they have overestimated or underestimated their output,

as illustrated in Table 6 (TransnetBW et al., 2022). Please note that even when revenue

is generated, it might be lower than the revenue that could have been obtained by selling

the energy at the regular market price for electricity, rather than at the reBAP rate.

This can lead to substantial (opportunity) costs, especially if the imbalance is large and

the reBAP rate is high, further accentuating the importance of precise forecasts for solar

energy producers.

Overproduction Underproduction
reBAP positive Revenue Cost
reBAP negative Cost Revenue

Table 6: Impact of reBAP on Energy Providers’ Financial Outcomes

While the loss functions used during training yield a good basis for model comparison

from a technical standpoint, they are less helpful when used in a business context. De-

5The acronym ’reBAP’ stems from the official German name: Regelenergie-Börsenabrechnungspreis
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Figure 17: reBAP Rate Over the Period of the Test Set with Daily Mean

pending on the current reBAP, the economic effects of inaccurate forecasts have a varying

severity which cannot be reflected using standard loss functions. Therefore, this thesis

proposes a custom performance metric that estimates the mean reBAP payments incurred

by prediction errors, termed Mean Balance Energy Cost (MBEC). The underlying historic

reBAP rate was sourced directly from the four transmission system operators in Germany

(TransnetBW et al., 2024). Only the data that covers the period of the test set was used,

yielding 3,504 price data points (Figure 17). To obtain the MBEC for a given model, a

three-step process is performed:

1. Conversion of the actual predicted GHI values to estimated electrical power outputs

measured MWh.

2. Multiplication of the difference between the actual and predicted MWh values with

the reBAP at that point in time.

3. Calculation of the mean reBAP payment over the period of the test set.

To convert the true and predicted GHI values to estimated electric power outputs of

a solar power plant (Pout), the following formula (derived from Clack (2017)) can be used

as an estimator:

Pout =
GHI × A× η

1000000
× 15

60
× 1

6
(10)

where:

GHI = Observed or predicted GHI measured in Watts per square metre,

A = Total area of the solar panels measured in square metres,

η = Factor to denote the efficiency of the solar panels.

The result is divided by 1000000 to convert it from Watts to MWh and multiplied by
15
60

to adjust the 15-minute interval data to hourly data. Additionally, since the GHI data
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is aggregated from six observation stations, it is multiplied by 1
6

to obtain the average

value across these stations. For the purpose of this thesis, a mid-sized solar power plant

with one square kilometre of solar panel area (A = 1000) and a modern standard with

comparatively low efficiency losses (η = 0.18) is assumed. This yields:

Pout =
GHI × 1000 × 0.18

1000000
× 15

60
× 1

6
= GHI × 0.0000075 (11)

Therefore all GHI values are multiplied by the factor 0.0000075 to obtain an estimated

MWh equivalent. This can then be used to calculate the MBEC:

MBEC =

∑T
t ((GHIt − ˆGHI t) × 0.0000075 × reBAPt)

ntest

(12)

where:

GHIt = Observed GHI at time t in Watts per square metre,

ˆGHIt = Predicted GHI at time t in Watts per square metre,

reBAPt = reBAP rate at time t in Euros per MWh,

ntest = Number of observations in the test set.

The result is a metric that reflects the mean payment in Euros for balance energy at

every 15-minute interval in the test set. This metric can be positive or negative, with

lower values indicating better economic performance. It effectively highlights the real-

world business implications of solar forecasting accuracy in a simulated environment. As

the mean reBAP rate is overall positive for the test set duration (Figure 17), it is to be

expected that models that tend to underpredict achieve a lower MBEC. In this thesis, it

is utilized solely for model evaluation purposes and not during model training.
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5.2 Model Performance at a 15-Minute Forecasting Horizon

Table 7 provides a detailed overview of model performance at a 15-minute forecasting

horizon. Overall, the CNN-2-LSTM model with an ISL of 16 achieves the lowest RMSE

of 5.877 × 10−3, making it the top performer in terms of technical accuracy. This model

also shows strong performance in MAE, with a value of 4.072 × 10−3, and a modest

MBEC of 0.03930. This indicates that the model is not only comparatively accurate but

also relatively cost-effective, as it incurs moderate costs for balance energy.

The CNN-2-LSTM model with an ISL of 1, while having a slightly higher RMSE of

6.357 × 10−3, achieves the lowest MAE of 3.657 × 10−3. Its MBEC is -0.00624, rank-

ing second in terms of financial performance. This suggests that although the ISL of 1

compromises slightly on RMSE, it provides better overall economic performance.

Horizon # Model ISL RMSE (×10−3) MAE (×10−3) MBEC

15 min.

1 CNN-2-LSTM 16 5.877 4.072 0.03930
2 CNN-2-LSTM 1 6.357 3.657 -0.00624
3 LSTM 4 6.903 4.327 -0.01044
4 LSTM 8 6.960 4.543 0.04368
5 CNN-2-LSTM 8 7.334 4.819 0.05148
6 CNN-2-LSTM 4 7.632 4.801 0.03504
7 CNN-2-LSTM 96 8.141 4.977 0.05232
8 CNN-2-LSTM 48 8.239 6.329 0.07458
9 LSTM 16 8.607 6.317 0.09258
10 LSTM 96 8.959 5.392 0.06870
11 LSTM 1 9.055 5.573 0.02940
12 LSTM 48 10.547 8.228 0.11544
13 Persistence n.a. 320.455 127.663 0.40560

Table 7: Model Performance at a 15-Minute Forecasting Horizon Ordered by RMSE

Notably, all models outperformed the persistence benchmark model, with the best-

performing CNN-2-LSTM model achieving a reduction in RMSE by 98.17% and a reduc-

tion in MAE by 96.81%. It also reduces the MBEC by 90.31%, which could potentially

yield significant cost savings for solar energy operators. For example, calculated over an

entire year, the CNN-2-LSTM model could save a solar operator €12,835.15 in balance

energy costs compared to the persistence model. This substantial difference underscores

the business value of the CNN-2-LSTM approach.

Generally, at this forecasting horizon, the CNN-2-LSTM model configurations perform

better than the numerical LSTM models. This indicates that the inclusion of satellite

cloud masks improves forecasting skill for short-term solar forecasting. Furthermore,

short to medium ISLs seem to perform better for this forecasting horizon for both the

CNN-2-LSTM and LSTM models alike. This shows that very short-term forecasts are

dependent on recent observations and longer ISLs do not provide any additional value.
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Figure 18: Predictions and True GHI for 15-Minute Forecasting Horizon

Upon visual inspection of the forecasts (Figure 18), it is evident that the CNN-2-LSTM

model is capable of accurately predicting the true GHI values at this forecasting horizon.

It manages to precisely forecast the daily peaks in GHI and also captures more minor dips

in the GHI curves. This supports the notion that the satellite imagery enables the model

to predict solar variability caused by cloud cover. There are only minor inaccuracies for

the end-of-day predictions where the CNN-2-LSTM model tends to underpredict the true

values. It is also obvious that the persistence model struggles to give useful predictions,

especially when consecutive days have a significant difference in peak GHI values (e.g.,

time step 200 to 350 in Figure 18).

Overall, the CNN-2-LSTM shows highly satisfactory results at the 15-minute fore-

casting horizon both from a technical and economical perspective on performance. These

findings highlight the model’s robustness and practical applicability and potential value

in a real-world business environment.
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5.3 Performance at a 3-Hour Forecasting Horizon

Table 8 provides an in-depth analysis of model performance at a 3-hour forecasting hori-

zon. As expected, performance metrics are worse compared to the 15-minute forecasting

horizon models, since predicting further into the future is a significantly more challenging

task. Among the models evaluated, the CNN-2-LSTM with an ISL of 8 emerges as the

most accurate, achieving the lowest RMSE of 24.986 × 10−3. It also yields a competitive

MAE of 17.098 × 10−3 and an MBEC of 0.06948, reflecting its balanced performance in

terms of both accuracy and cost-effectiveness.

The LSTM model with an ISL of 8 follows closely, with an RMSE of 25.040×10−3 and

an MAE of 17.106× 10−3. Its MBEC is slightly lower at 0.06654, suggesting that while it

is nearly as accurate as the top performer, it manages balance energy costs slightly more

effectively.

Interestingly, the CNN-2-LSTM model with an ISL of 96, despite having a higher

RMSE of 25.796 × 10−3, achieves the lowest MAE of 15.897 × 10−3 and an MBEC of

-0.02550. This configuration appears to strike a favorable balance in scenarios where

minimizing absolute error is more critical than minimizing squared error.

Horizon # Model ISL RMSE (×10−3) MAE (×10−3) MBEC

3 hours

1 CNN-2-LSTM 8 24.986 17.098 0.06948
2 LSTM 8 25.040 17.106 0.06654
3 CNN-2-LSTM 96 25.796 15.897 -0.02550
4 CNN-2-LSTM 4 26.338 17.356 0.04284
5 LSTM 96 27.166 17.151 0.00138
6 CNN-2-LSTM 1 27.731 17.318 -0.10278
7 CNN-2-LSTM 16 27.787 17.125 0.16104
8 CNN-2-LSTM 48 27.948 17.121 0.15708
9 LSTM 1 28.428 17.651 -0.06510
10 LSTM 48 29.800 18.748 0.18534
11 LSTM 4 30.483 20.457 -0.00042
12 LSTM 16 33.937 22.278 0.23640
13 Persistence n.a. 320.455 127.663 0.40560

Table 8: Model Performance at a 3-Hour Forecasting Horizon Ordered by RMSE

Notably, all models considerably outperform the persistence benchmark model. The

leading CNN-2-LSTM model reduces RMSE by 92.20% and MAE by 86.60% compared

to the persistence model. Additionally, it lowers MBEC by 83.20%, offering significant

potential savings in balance energy costs for solar energy operators. For example, over a

year, this model has a cost saving potential of € 11,777.64 in balance energy costs for a

solar energy providers.

Overall, for the 3-hour forecasting horizon, CNN-2-LSTM configurations generally

outperform their LSTM counterparts, albeit only slightly. This suggests that the combi-
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Figure 19: Predictions and True GHI for 3-Hour Forecasting Horizon

nation of convolutional and LSTM layers enhances predictive performance, yet less than

at the 15-minute horizon. Additionally, models with medium ISLs tend to perform bet-

ter, indicating that forecasts benefit longer data sequences compared to the 15-minute

forecasting models.

The visual inspection of predicted and true GHI values (Figure 19) reveals that the

CNN-2-LSTM model tends to underpredict peak GHI values. Despite this, the model

successfully captures the overall dynamics of the true values, albeit with less accuracy

concerning smaller variations in GHI measurements. This ’smoothness’ in the predicted

values can be partially attributed to the averaging of overlapping predictions, as detailed in

Section 3.3. Additionally, the model often mispredicts sunset and sunrise times, with the

persistence forecast demonstrating superior performance in this aspect. These findings

suggest that while the CNN-2-LSTM model is effective in capturing broader patterns,

further refinement is needed to enhance its accuracy for peak values and small scale GHI

variability.
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5.4 Performance at a 6-Hour Forecasting Horizon

As illustrated in Table 9, the CNN-2-LSTM architecture is less effective at a 6-hour fore-

casting horizon. The numerical LSTM model with an ISL of 8 achieves the lowest RMSE

(39.040 × 10−3) and MAE (25.181 × 10−3). However, the lowest MBEC (-0.03396) is

achieved by the LSTM trained with an ISL of 1. This discrepancy underscores that tech-

nical and financial performance do not necessarily coincide for this task. Although all

models outperform the benchmark persistence forecast, the LSTMs outperform the CNN-

2-LSTMs at this forecasting horizon, indicating that satellite image inputs are less useful

for longer horizons. Nevertheless, the best performing CNN-2-LSTM (ISL = 48) model

reduces RMSE by 87.10% and MAE by 78.32% compared to the persistence model. More-

over, the CNN-2-LSTM model could potentially yield balancing cost savings of €5,423.79

compared to the benchmark model when calculated over an entire year.

A general observation is that model configurations with shorter ISLs perform signifi-

cantly worse, both with LSTM and CNN-2-LSTM models. This was to be expected, as

with a longer forecasting horizon the model needs longer patterns in the data to produce

reliable forecasts.

Horizon # Model ISL RMSE (×10−3) MAE (×10−3) MBEC

6 hours

1 LSTM 8 39.040 25.181 0.21810
2 LSTM 48 39.268 25.417 0.18834
3 CNN-2-LSTM 48 41.338 27.678 0.15480
4 LSTM 96 41.777 27.373 0.04356
5 LSTM 16 42.124 28.100 0.21120
6 CNN-2-LSTM 16 42.224 28.641 0.18912
7 CNN-2-LSTM 8 42.294 28.779 0.15054
8 CNN-2-LSTM 96 43.037 28.164 -0.02268
9 LSTM 4 43.181 28.354 0.02472
10 LSTM 1 43.735 28.343 -0.03396
11 CNN-2-LSTM 1 43.736 28.112 -0.01578
12 CNN-2-LSTM 4 43.915 29.363 0.05634
13 Persistence n.a. 320.455 127.663 0.40560

Table 9: Model Performance at a 6-Hour Forecasting Horizon Ordered by RMSE

Upon visual inspection of the forecasts (Figure 20), it is evident that the CNN-2-LSTM

model struggles to accurately predict peak GHI values, even more so than at the 3-hour

forecasting horizon. Although the predicted peak values are somewhat related to the true

observed values, the model tends to substantially underpredict these peaks. Additionally,

it is less effective at predicting sunrise and sunset times, often forecasting non-zero positive

values before sunrise and after sunset. This outcome is somewhat expected given the

exponentially more challenging forecasting task at this horizon, yet it also highlights the

need for improvement or a different approach for longer time horizons. It is anticipated
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Figure 20: Predictions and True GHI for 6-Hour Forecasting Horizon

that this issue will be exacerbated at even longer forecasting horizons.

Overall, the CNN-2-LSTM model shows unsatisfactory results at the 6-hour forecast-

ing horizon. Despite significantly outperforming benchmark models and demonstrating

some forecasting skill, there is a clear need for improvement before considering real-world

implementation of the model.

5.5 Conclusion of Model Performance and Evaluation

The evaluation of models at different forecasting horizons reveals the strengths and weak-

nesses of the CNN-2-LSTM architecture compared to traditional LSTM models and the

benchmark persistence forecast. At shorter horizons, like the 15-minute interval, the

CNN-2-LSTM model performs better, significantly reducing RMSE, MAE, and MBEC

compared to the persistence model. This shows that including satellite cloud masks en-

hances short-term solar forecasting by capturing cloud-induced solar variability.

However, the CNN-2-LSTM model’s effectiveness decreases at 3 and 6-hour horizons.
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At the 3-hour horizon, while generally outperforming LSTM models, the CNN-2-LSTM

struggles with accurately predicting peak GHI values and critical times of the day. This

issue is more evident at the 6-hour horizon, where LSTM models consistently outperform

CNN-2-LSTM models, indicating that satellite image inputs are less beneficial for longer-

term forecasts.
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6 Discussion

This section explores the outcomes of the proposed model, interpreting their scientific

relevance and practical applications in the renewable energy sector. It addresses limita-

tions affecting the findings’ applicability and concludes with recommendations for future

research to refine and expand the current work.

6.1 Interpretation and Implications

The findings from this thesis indicate that the CNN-2-LSTM model is highly effective

at a 15-minute forecasting horizon, where it surpasses the performance of other tested

models, including the pure LSTM approach. However, its effectiveness diminishes at

a 3-hour forecasting horizon, where the pure LSTM model demonstrates about equal

performance and is very limited at a 6-hour forecasting horizon. These results align with

existing research, which suggests that while cloud cover satellite images are beneficial for

short-term forecasting, their utility decreases as the forecasting horizon extends.

Theoretically, these outcomes suggest that simpler models can be as effective as more

complex methods. For example, while NWP models provide detailed forecasts, they re-

quire significant computational resources. The CNN-2-LSTM model offers a less resource-

intensive yet highly accurate alternative for short forecasting intervals, balancing compu-

tational complexity and forecast accuracy.

Practically, although many solar energy companies use sophisticated forecasting meth-

ods, this research highlights the potential for cost-effective alternatives. In regions like

Baden-Württemberg, these findings could prompt local solar energy stakeholders to adopt

new models that balance cost, complexity, and accuracy more effectively.

The CNN-2-LSTM model’s effectiveness at shorter forecasting horizons could boost

its adoption in scenarios requiring rapid, accurate predictions, such as energy trading and

grid management. This study enhances the understanding of solar irradiance forecasting,

showing that simpler, more cost-effective methods can offer significant benefits based on

specific needs and conditions.

6.2 Limitations

Despite its innovative integration of data sources and forecasting horizons, several limita-

tions must be acknowledged. The merged dataset used in this thesis was confined to the

year 2022, limiting the potential to apply separate years for training and testing which

could enhance the model’s robustness and its predictive power. Additionally, the satellite

images employed had a spatial resolution of of only three kilometers. While functional,

this resolution may be inadequate for capturing finer meteorological variations crucial

for more precise GHI predictions. The historical GHI data also exhibited instances of
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missing values. Although various techniques were employed to address these gaps, the

inconsistency in data quality could still influence the accuracy of the forecasts.

Furthermore, while the CNN-2-LSTM model outperformed both the persistence fore-

cast model and a standalone LSTM model (at the 15-minute and 3-hour horizons), the

margin of improvement was not overly substantial compared to the LSTM – especially

at the 3-hour horizon. Moreover it was underperforming at the 6-hour horizon. This

suggests potential ceilings in model capability or in the data used for training. The ob-

servation that validation loss was generally lower than training loss suggests an influence

from the dropout technique used during the model training, which is not applied during

validation. This discrepancy can make the training phase artificially harder compared

to validation, potentially obscuring true model performance and underlying issues with

data distribution or the training process itself. Moreover, the necessity to maintain a

lightweight model architecture to manage computational demands may have restricted

the exploration of more complex or potentially more effective configurations. The maxi-

mum input sequence lengths for the LSTM and CNN-2-LSTM were limited to 96, mainly

due to limitations in available system memory. It is possible that better performance

would have been possible if the models had had access to more previous observations, as

this would have allowed them to better recognize patterns in temporal features.

Moreover, the model’s training was based specifically on data from Baden-Württem-

berg, which may limit its applicability to other regions with different climatic and meteo-

rological conditions. Even within Germany, Baden-Württemberg could be considered an

outlier region in terms of solar irradiance, being the federal state with the highest GHI

index nationwide. This geographical limitation may restrict the generalizability of the

model findings and underscores the need for additional studies across various locales to

verify and enhance the model’s utility.

These limitations highlight the need for further research incorporating more extensive

data sets, higher resolution imagery, and expanded geographical contexts. Additionally,

further investigation into the architectural capabilities of hybrid models like CNN-2-LSTM

could provide deeper insights into enhancing model performance across various forecasting

scenarios.

6.3 Future Research

Several enhancements to the model architecture could significantly advance the forecast-

ing capabilities demonstrated in this thesis. To improve the predictive accuracy and

robustness of the proposed model, further exploration into more complex architectures

is recommended. Increasing the model depth by adding more layers could capture more

nuanced patterns in the data. Additionally, incorporating pretrained models through

transfer learning, particularly in the CNN component, could leverage pre-existing neural
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networks trained on large datasets to enhance feature extraction capabilities. Explor-

ing other hybrid or ensemble approaches, such as attention-based mechanisms found in

transformers, could also offer significant improvements.

Expanding and integrating additional data types is another crucial area for future re-

search. Extending the dataset to include multiple years and different geographic locations

would provide a more robust validation of the model’s effectiveness across various condi-

tions and improve generalization. While higher resolution satellite imagery offers greater

detail, it often involves trade-offs in temporal resolution and increased costs, which must

be carefully considered. Additionally, integrating other types of satellite data, such as

cloud albedo measurements (capturing how much solar irradiance is reflected by clouds),

and incorporating environmental factors like temperature and humidity, could provide a

more comprehensive input dataset, potentially enhancing forecasting accuracy.

The adoption of new technologies could also provide substantial improvements in solar

forecasting. The application of newer models, such as vision transformers, could funda-

mentally change how spatial-temporal data is processed in solar forecasting. Another

promising direction involves using generative artificial intelligence to predict future satel-

lite imagery (e.g., using diffusion models or generative adversarial networks for next-frame

prediction) and employing these predictions as inputs to the forecasting model. This ap-

proach could dynamically and accurately mimic real-world changes in cloud cover and

other atmospheric conditions without complex weather models.

Practical application and industry collaboration offer promising pathways for translat-

ing this research into operational achievements. Collaboration with solar energy providers

and transmission system operators could drive the practical application of these forecast-

ing models. These stakeholders could benefit from more precise GHI predictions for

better grid management and operational efficiency. Implementing the model in real-time

systems, by integrating live ground-level solar irradiance measurements and automat-

ing satellite imagery data retrieval, would significantly enhance its utility in operational

settings.
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7 Conclusion

This thesis explored forecasting GHI using a novel CNN-2-LSTM model. By integrating

satellite imagery and historical numerical data, the primary objective was to evaluate this

hybrid model’s capability in improving solar energy forecast accuracy. A new financial

performance metric considering balance energy prices was also introduced. The study

contributes to renewable energy forecasting, providing insights into machine learning uti-

lization.

The CNN-2-LSTM model outperformed benchmarks in forecasting GHI at 15 minutes

and 3 hours but was outperformed by the pure LSTM at 6 hours. It effectively captured

spatial features from satellite images and temporal patterns from historical data. Despite

its performance, incremental performance improvements suggest a potential performance

ceiling with current configurations and data quality.

The study’s implications are significant for the renewable energy sector. Energy

providers and grid operators, especially in Baden-Württemberg, can use such models

to enhance operational efficiency and grid management. Accurate GHI predictions help

optimize solar energy production, supporting reliable and efficient energy systems.

Limitations included a limited dataset from a single year and region, resolution con-

straints of satellite images, and lack of additional meteorological inputs. These limitations

necessitate cautious interpretation of the findings.

Future research opportunities include exploring more sophisticated model architec-

tures and incorporating broader data. Employing technologies like vision transformers

and generative artificial intelligence in forecasting models shows promise. Expanding the

geographic and temporal data scope could improve model robustness and applicability.

This thesis contributes to the United Nations’ SDGs, particularly SDG 7: Affordable

and Clean Energy, and SDG 13: Climate Action (United Nations Department of Eco-

nomic and Social Affairs, 2023). By advancing solar energy forecasting accuracy, this

research supports optimizing solar energy production, promoting renewable energy use,

and reducing fossil fuel reliance. Enhanced forecasting accuracy aids in efficient grid

management and energy distribution, ensuring a reliable clean energy supply. This work

emphasizes leveraging machine learning technologies to address climate challenges, align-

ing with global efforts to mitigate climate change impacts by fostering sustainable energy

practices. The insights and methodologies contribute to the global agenda for sustainable

development and environmental stewardship.

In summary, this thesis advances the understanding of solar forecasting and demon-

strates the practical applications and challenges of integrating machine learning into the

environmental and energy sectors. The insights from this research are poised to influence

future developments, driving innovations that bridge the gap between theoretical models

and real-world applications.
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A Data Generators Code

# Load numerical data

numerical data = pd.read csv(drive path + ’pyrano data avg minmax.csv’)

numerical data = numerical data.rename(columns={”00 AVG”: ”Gg pyr”})

scaler = MinMaxScaler()

numerical data[[”Gg pyr”, ”month”, ”day”, ”hour”, ”minute”]] = scaler.fit transform(

numerical data[[”Gg pyr”, ”month”, ”day”, ”hour”, ”minute”]])

# Load image data if needed

image data = None

if any(image modes):

npz file = np.load(drive path + ’year22 cma bw 64.npz’)

image data = np.array([np.mean(npz file[file], axis=2) for file in npz file.files])

# Prepare data function

def prepare data(input sequence length, target sequence length, image mode):

if image mode:

image data reshaped = image data.reshape(35040, 4096)

comb array = np.concatenate([numerical data, image data reshaped], axis=1)

else:

comb array = numerical data

train data, test data = train test split(comb array, test size=0.1, shuffle=False)

train data, val data = train test split(train data, test size=0.2, shuffle=False)

total sequence length = input sequence length + target sequence length

batch size = 32

train gen = tf.keras.preprocessing.timeseries dataset from array(

data=train data[:−target sequence length],

targets=None,

sequence length=total sequence length,

sequence stride=1,

sampling rate=1,

batch size=batch size,

shuffle=True)

val gen = tf.keras.preprocessing.timeseries dataset from array(
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data=val data[:−target sequence length],

targets=None,

sequence length=total sequence length,

sequence stride=1,

sampling rate=1,

batch size=batch size,

shuffle=True)

test gen = tf.keras.preprocessing.timeseries dataset from array(

data=test data[:−target sequence length],

targets=None,

sequence length=total sequence length,

sequence stride=1,

sampling rate=1,

batch size=batch size,

shuffle=False)

def reshape sequences(batch):

input features = batch[:, :input sequence length, :]

numerical data seq = input features[:, :, :5]

if image mode:

image data flat = input features[:, :, 5:]

image data seq = tf.reshape(image data flat, (−1, input sequence length,

↪→ 64, 64, 1))

target features = batch[:, input sequence length:input sequence length +

↪→ target sequence length, 0]

target features = tf.expand dims(target features, axis=−1)

if image mode:

return (image data seq, numerical data seq), target features

else:

return (numerical data seq), target features

train gen = train gen.map(reshape sequences)

val gen = val gen.map(reshape sequences)

test gen = test gen.map(reshape sequences)

return train gen, val gen, test gen
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B CNN-2-LSTM Code

import numpy as np

import tensorflow as tf

from tensorflow.keras.callbacks import TensorBoard, ReduceLROnPlateau,

↪→ EarlyStopping

from tensorflow.keras.models import Model

from tensorflow.keras.layers import Input, TimeDistributed, Conv2D, MaxPooling2D,

↪→ Flatten, LSTM, BatchNormalization, Concatenate, Dense

import datetime

# Defining RMSE and make it saveable to .keras models

@tf.keras.saving.register keras serializable()

def rmse(y true, y pred):

return tf.sqrt(tf.reduce mean(tf.square(y true − y pred)))

def create model(input sequence length, target sequence length, image mode):

if image mode == True:

# CNN−LSTM Branch for Image Processing (only added when image mode ==

↪→ True)

img input = Input(shape=(input sequence length, 64, 64, 1), name=’img input’)

img conv 1 = TimeDistributed(Conv2D(32, (3, 3), activation=’relu’))(img input)

img pool 1 = TimeDistributed(MaxPooling2D(pool size=(2, 2)))(img conv 1)

img conv 2 = TimeDistributed(Conv2D(16, (3, 3), activation=’relu’))(img pool 1

↪→ )

img pool 2 = TimeDistributed(MaxPooling2D(pool size=(2, 2)))(img conv 2)

img flatten = TimeDistributed(Flatten())(img pool 2)

img lstm 1 = LSTM(32, return sequences=True)(img flatten)

img lstm 2 = LSTM(32, return sequences=True)(img lstm 1)

img dropout 1 = TimeDistributed(Dropout(0.2))(img lstm 2)

img lstm 3 = LSTM(64, return sequences=True)(img dropout 1)

img lstm 4 = LSTM(64, return sequences=False)(img lstm 3)

img norm = BatchNormalization()(img lstm 4)

# LSTM Branch for Numerical Features

num input = Input(shape=(input sequence length, 5), name=’num input’)

num lstm 1 = LSTM(32, return sequences=True)(num input)
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num lstm 2 = LSTM(32, return sequences=True)(num lstm 1)

num dropout 1 = TimeDistributed(Dropout(0.2))(num lstm 2)

num lstm 3 = LSTM(64, return sequences=True)(num dropout 1)

num lstm 4 = LSTM(64, return sequences=False)(num lstm 3)

num norm = BatchNormalization()(num lstm 4)

# Combining outputs if image mode == True

if image mode == True:

combined = Concatenate()([num norm, img norm])

else:

combined = num norm

# Fully connected layers

dense 1 = Dense(16, activation=’linear’)(combined)

dense 2 = Dense(8, activation=’linear’)(dense 1)

output = Dense(target sequence length, activation=’relu’)(dense 2)

# Define model before compilation

if image mode == True:

model = Model(inputs=[img input, num input], outputs=output)

else:

model = Model(inputs=[num input], outputs=output)

# Compile model

model.compile(optimizer=tf.keras.optimizers.Adam(), loss= rmse, metrics=[’mae’])

return model

def train model(input sequence length, target sequence length, image mode, train gen,

↪→ val gen, test gen, epoch limit):

model = create model(input sequence length, target sequence length, image mode =

↪→ image mode)

model.summary()

reduce lr = ReduceLROnPlateau(monitor=’val loss’, factor=0.2, patience=5, min lr

↪→ =0.000001)
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early stopping = EarlyStopping(monitor=’val loss’, patience=10, restore best weights

↪→ =True)

# Train the model

history = model.fit(

train gen,

epochs=epoch limit,

validation data=val gen,

callbacks=[reduce lr, early stopping]

)

return history, model
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C Sliding Window Aggregation for Overlapping Pre-

dictions Code

def aggregate predictions(model, data gen, input sequence length,

↪→ target sequence length, steps):

# Initialize lists to hold predictions and actual targets

all preds = []

all targets = []

# Iterate through the data generator

step = 0

for (num data), targets in data gen:

if step >= steps:

break

# Make predictions using the model

preds = model.predict([num data], verbose = 0)

# Append the predictions and actual targets to the lists

all preds.append(preds)

all targets.append(targets.numpy())

step += 1

# Concatenate all the predictions and targets

all preds = np.concatenate(all preds, axis=0)

all targets = np.concatenate(all targets, axis=0)

# Initialize arrays for aggregated predictions and counts

aggregated preds = np.zeros((all targets.shape[0] + target sequence length − 1, 1))

counts = np.zeros((all targets.shape[0] + target sequence length − 1, 1))

# Aggregate the predictions

for i in range(len(all preds)):

for j in range(target sequence length):

if i + j < len(aggregated preds):

aggregated preds[i + j] += all preds[i, j]

counts[i + j] += 1
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# Compute the final averaged predictions

aggregated preds /= counts

# Return the aggregated predictions and actual targets

return aggregated preds[:len(all targets)], all targets
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D Model Training and Evaluation Code

def automate training(input sequence lengths, target sequence lengths, epoch limit,

↪→ batch size, image modes):

for image mode in image modes:

for input sequence length in input sequence lengths:

for target sequence length in target sequence lengths:

train gen, val gen, test gen = prepare data(input sequence length, image mode)

print(”Training Model | ISL: ” + str(input sequence length) + ” | TSL: ” +

↪→ str(target sequence length) + ” | Image Mode:”, image mode)

history, model = train model(input sequence length, target sequence length =

↪→ target sequence length, image mode = image mode, train gen =

↪→ train gen, val gen = val gen, test gen = test gen, epoch limit =

↪→ epoch limit)

test steps = np.ceil(3504 / batch size).astype(int)

print(”Aggregating predictions...”)

aggregated preds, actual targets = aggregate predictions(

model, test gen, input sequence length, target sequence length, test steps

)

plt.figure(figsize=(6.299212813062128, 5))

plt.plot(aggregated preds[], label = (’ISL: ’+str(input sequence length)))

plt.plot(actual targets[].reshape(672,1), label = ’True GHI’)

plt.xlabel(’Timestep’)

plt.ylabel(’Normalized GHI’)

plt.legend()

plt.show()

print(”Evaluating model performance...”)

model rmse, model mse, model mae = model.evaluate(test gen, steps=

↪→ test steps, verbose = 0)

print(”RMSE: ”, model rmse, ” MSE: ”, model mse, ” MAE: ”, model mae)

# Plot training vs validation loss

plt.figure(figsize=(6.299212813062128, 3))

plt.plot(history.history[’loss’], label=’Training Loss’)

plt.plot(history.history[’val loss’], label=’Validation Loss’)
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plt.xlabel(’Epochs’)

plt.ylabel(’RMSE’)

plt.legend()

plt.show()

with open(f’/content/drive/MyDrive/0 C9/{image mode} ISL {
↪→ input sequence length} TSL {target sequence length} history’, ’wb’) as

↪→ file pi:

pickle.dump(history.history, file pi)

print(”Saving model...”)

model save path = f’/content/drive/MyDrive/0 C9/{image mode} ISL {
↪→ input sequence length} TSL {target sequence length}.keras’

model.save(model save path)

print(”Model saved to ”, model save path)

print(” ”)

input sequence lengths = [1, 4, 8, 16, 48, 96]

target sequence lengths = [1, 12, 24]

image modes = [True, False]

automate training(input sequence lengths, target sequence lengths, 50, 32, image modes

↪→ )
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