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Abstract

Accurate photovoltaic (PV) forecasting depends on both model structure and the meteoro-
logical information available at different forecast horizons. This study evaluates hourly
generation from a 7.5 kWp rooftop PV system at Brunel University of London using local
sensor, weather station, and NASA POWER data. Long Short-Term Memory (LSTM), Ran-
dom Forest (RF), and Gradient Boosting (GB) models were compared across seven input
configurations and 0, 1, 3, 6, and 24 h horizons, with robustness assessed over five random
seeds. For positive forecast horizons, the models used only meteorological observations
available at or before the forecast issue time; no future weather forecasts corresponding
to the target hour were supplied. Local sensor measurements provided the strongest
same-hour estimation, whereas hybrid multi-source inputs were generally more effective
for future forecasting. Under the native model formulations, LSTM achieved the lowest
mean Root Mean Square Error at 1 and 3 h, while RF performed best at 6 and 24 h. An
information-equivalent sensitivity analysis supplied tree-based models with the same 24 h
predictor history as LSTM. History-aware boosting then matched the 1 h LSTM perfor-
mance and substantially narrowed the difference at 3 h, indicating that part of the apparent
short-horizon LSTM advantage was associated with access to recent temporal information
rather than model architecture alone. Overall, the results demonstrate that meteorological
data sources, forecast horizons, model family, and historical information representation
should be considered jointly when designing short-term PV forecasting systems.

Keywords: photovoltaic power forecasting; multi-source meteorological data; forecast
horizon; local irradiance measurements; satellite weather data; long short-term memory;
random forest; gradient boosting
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The transition towards Net Zero has accelerated the deployment of renewable energy
sources (RESs). Countries globally are progressively adopting RESs due to their high
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between RES output and weather patterns. Consequently, advanced short-term forecasting
methodologies and sophisticated analytical techniques have become fundamental for
improving RES integration, operating the forecast with the horizon spanning from minutes
to hours based on time series datasets.

Among different types of RESs, photovoltaic (PV) power generation has demonstrated
impressive growth. In 2022, global PV power generation increased by a record 270 TWh,
up 26%, reaching almost 1300 TWh [4]. It displayed the largest power generation growth
among all renewable technologies, surpassing wind for the first time in the history of
RES development. This rapid expansion confirms the necessity of accurate short-term
forecasting techniques to enhance grid integration and stability of operation.

As one of the world leaders in achieving Net Zero, the United Kingdom (UK), accord-
ing to the Future Energy Scenarios 2024 [5], plans to significantly increase the amount of
PV capacity from the current 15 GW to 40 GW by 2030 and exceeding 100 GW by 2050
under the Holistic Transition pathway. As PV becomes one of the key players in the UK
energy market, accurate short-term forecasting of its generation requires advancements
in PV forecasting technologies to support the integration of large-scale solar power and
distributed generation.

A key issue in PV forecasting is the choice and quality of the meteorological data used
as model inputs. Ground-based sensors provide specific site observations of irradiance
and other environmental conditions, but reliable measurements depend on appropriate
sensor calibration, maintenance, data acquisition and procedures of quality control [6,7].
Modelled and remotely sensed products provide an alternative source of meteorological
and irradiance information, particularly where dedicated measurements are unavailable,
although their accuracy can vary with location, climate, product formulation, spatial reso-
lution and temporal aggregation [8-10]. Weather observations obtained from neighbouring
stations can also provide useful spatial information, but their contribution to short-term
solar forecasting depends on both their spatial relationship to the target site and the fore-
cast lead time [11]. Satellite irradiance products provide broad spatial coverage, while
ground measurements retain the advantage of direct site observations. Consequently,
neither source should be assumed to be universally superior [8-10]. Studies combining
ground observations with satellite and numerical data for weather prediction have shown
that these sources can provide complementary information and improve intra-day solar
forecasts [12,13].

The forecast horizon introduces an additional consideration because the information
available to a forecasting model does not retain the same predictive value as the lead
time increases. Reviews of solar forecasting methods distinguish between very short-term,
intra-day and day-ahead forecasting and show that the suitability of ground observations,
satellite information, data-driven methods and numerical weather prediction varies across
these horizons [14,15]. Experimental studies support this distinction. Ground-based
persistence and local observations can be particularly effective at very short horizons,
satellite information can provide considerable value over the following few hours, while
numerical weather prediction becomes increasingly relevant at longer lead times [13,16].
The performance ranking of forecasting methods is therefore difficult to generalise across
studies because it also depends on the dataset, temporal resolution, forecast horizon and
evaluation procedure [17]. This motivates evaluating alternative meteorological inputs
over several lead times under the same experimental conditions.

A second consideration is the choice of forecasting algorithm. Long Short-Term
Memory (LSTM) networks are well suited to sequential data because they can represent
temporal dependencies, but greater architectural complexity does not imply that they will
outperform conventional machine learning (ML) methods for every dataset or forecast
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horizon [18-20]. Tree-based ensemble models provide an important comparison because
Random Forest (RF) and boosting algorithms can represent nonlinear relationships between
meteorological predictors and PV generation and have shown competitive performance
in PV forecasting applications [21-23]. Previous comparative studies have shown that PV
forecasting performance depends on both model architecture and the information supplied
to the model. Carrera and Kim [23] compared multiple ML methods under alternative
meteorological input settings and reported substantial differences across both algorithms
and weather information configurations. Dimitropoulos et al. [24] similarly compared
ML and deep learning approaches under different data input cases and examined their
performance across increasing forecast horizons. Alternative architectures have also been
investigated: Zhou et al. [25] combined LSTM with an attention mechanism and compared
it with persistence, AutoRegressive Integrated Moving Average with eXogenous inputs,
multilayer perceptron and conventional LSTM approaches, while Olcay et al. [26] directly
compared LSTM and RF for solar energy forecasting. Collectively, these studies indicate
that model rankings are influenced by the forecasting horizon, input representation and
experimental design. The comparison performed in this study therefore considers LSTM
alongside RF and Gradient Boosting (GB) rather than assuming a priori that one model
family is superior.

Accordingly, this paper investigates how the source of meteorological information
influences PV generation forecasting accuracy across multiple forecast horizons. Hourly
generation data from a rooftop PV installation at Brunel University of London are combined
with three categories of meteorological information: local sensor measurements, weather
station observations and satellite variables. Single-source and hybrid feature groups are
evaluated using LSTM, RF and GB models at 0 h, 1 h, 3 h, 6 h and 24 h horizons. The
0 h experiment is treated as a same-hour estimation and data consistency test, while the
positive lead times represent forecasting tasks.

The main objective of this work then is to determine how the usefulness of sensor,
weather station, satellite and hybrid input data changes with the forecasting horizon and
model family. The specific aims are formulated as follows:

e Develop a harmonised multi-source dataset for PV forecasting using local generation,
sensor, weather station, and satellite variables.

e Compare the forecasting performance of single-source and hybrid meteorological
feature groups under the same modelling framework.

e  Evaluate whether particular models provide consistent advantages over other ones
across different forecast horizons.

e Assess how the relative importance of data source quality, temporal informa-
tion, and model structure changes between same-hour estimation and future PV
generation forecasting.

e  Assess whether observed differences between forecasting model families persist when
equivalent 24 h historical information is provided to recurrent and tree-based models,
and quantify their forecasting skill relative to persistence benchmarks.

The remainder of this paper is structured as follows: Section 2 provides a detailed
description of the weather datasets utilised in the research, preprocessing techniques,
forecasting models applied and assessment metrics. Section 3 presents the performance
results of the forecasting models, comparing their accuracy based on different data
sources, analysing the impact of various techniques and data sources on model perfor-
mance, while also addressing potential limitations and future improvements. Finally,
Section 4 summarises the key findings of the study, emphasising the importance of data
selection and advanced forecasting techniques in improving the reliability of PV power
generation predictions.
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1. DATA COLLECTION

2. Materials and Methods
2.1. The Framework Proposed

In this section, Figure 1 illustrates the overall methodological framework, revealing
the conducted research, structured through a multistage process. Each depicted stage
encompasses distinct analytical procedures, serving as the basis for detailed elaboration
provided in the subsequent sections of this paper.
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Figure 1. The framework of the research paper.

2.2. PV Installation Characteristics

This paper utilises the generation data of an experimental PV installation located on
top of the Joseph Lowe building at Brunel University of London (Brunel University), previ-
ously titled Brunel University London, located within geographical coordinates 51.5308° N,
0.4740° W. This PV system integrates 22 solar panels with a total nominal capacity of
7.5 kilowatts peak. The installation is positioned on a flat rooftop, covering an approxi-
mate area of 300 m? (15 x 20 m). All the panels are positioned to the south for the best
performance, with the incline equal to 40°. The system’s design and configuration en-
able continuous monitoring of power output for investigating PV installation forecasting
methodologies [27]. The PV installation is connected to a campus power distribution
system, and the electric energy generated serves to satisfy the university’s needs. This also
allows treating an existing PV as a negative demand for Brunel University.

For data access, the study utilises the physical device SMA Data Manager M [28],
installed close to the PV installation for accurate real-time monitoring. The data exchange
within the installation is facilitated by the Modbus standard messaging protocol, designed
for reliable communication between devices. Modbus is a widely used communication
protocol designed for industrial applications, enabling efficient data exchange between
devices due to a simple message structure, embedded error-checking mechanisms, and de-
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fined master—slave interactions [29]. Additionally, the system uses Sunny Portal, powered
by ennexOS [30], a cloud-based platform for monitoring and analysing PV system perfor-
mance. The PV installation is connected to the campus power grid and serves two main
objectives: to partially satisfy the campus electricity demand and act as an experimental
platform for research conducted by the university’s departments and research centres.

A photographic image of the PV installation, its corresponding configuration diagram
and Open Street Maps [31] with the exact coordinates are provided in Figure 2a, b, c and d,

respectively.

Camera 2 East

Camerail West

(@) (b)

Joseph Lowe

Brunel University of - =
London campus area '

- o sesde N\ A

i PV installation *
i 51.5308°N,:0.4740°W

...... o o P - s . y

(d)

Figure 2. (a) Left camera photographic image of the PV installation located at Brunel. (b) Right
camera photographic image of the PV installation located at Brunel. (c¢) Configuration diagram of the
PV installation located at Brunel. (d) Spatial location of the PV installation.

The power generation data are historically available and recorded at 5 min intervals in
watts (W), representing instant output at given intervals and allowing detailed exploration
of the PV installation’s performance dynamics. To ensure consistency with the hourly
meteorological datasets, the 5 min PV power observations were aggregated to hourly
resolution. Since twelve instantaneous power measurements were available within each
complete hour, hourly PV energy was calculated by discrete temporal integration using a
fixed sampling interval of At = 5 min, using the following mathematical formula:

12 At 1 12
Ewn = Ejzlph,j 0 -1 ijlph,j 1
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where Eyy, is the PV energy generated during hour h, expressed in watt-hours (Wh); P, ; is
the j-th instantaneous PV power measurement within that hour, expressed in watts (W);
and At = 5 min is the fixed interval between successive measurements. For a complete
hour, twelve measurements are therefore incorporated into the hourly energy estimate.
The resulting hourly PV energy series was used as the prediction target throughout the
forecasting experiments.

The performance of Brunel’s PV installation is illustrated comprehensively in
Figure 3a—d, which represent monthly, daily, hourly, high and low output. The power
generation data available span from March 2023 to June 2024. To reduce the scale size, the
units for the plots are transformed from Wh to kWh. The initial analysis indicates robust
repetitive patterns: seasonal, monthly, and daily PV installation generation, demonstrating
strong, consistent and predictable generation characteristics. The presence of these clear
repetitive patterns confirms that an in-depth analysis of the PV installation generation is
feasible and forecasting models can be effectively developed, potentially achieving a high
level of accuracy. At the same time, the influence of weather variability and associated un-
certainty is evident across the descriptive profiles shown in Figure 3, which were calculated
from the quality-controlled PV generation series after the data cleaning procedures.
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Figure 3. (a) Monthly performance of Brunel’s PV installation March 2023-June 2024. (b) Daily
performance of Brunel’s PV installation March 2023-June 2024. (c) The representation of the monthly
generation (May 2024) of the PV installation. (d) Two days representing high and low output of PV
installation (20 and 21 May 2024); all profiles are derived from the quality-controlled PV generation
series used for subsequent model development.

2.3. Weather Conditions Datasets

Each forecasting model, regardless of its type, fundamentally relies on the dataset it is
trained on, with the quality and characteristics of the data directly influencing its performance.
In the context of RES power output forecasting, the accuracy of predictions is closely linked
to the quality of the weather data used. To investigate and confirm this relationship, this
paper utilises three reliable datasets, each differing significantly in terms of data source.
Subsequently, in this sub-chapter, we provide a detailed overview of each dataset.
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Sensor-based weather data—collected from the 3S-IS irradiance sensor [32], which is
installed close to the PV installation. This sensor provides the following meteorological
parameters: solar irradiance mean (W/ m?) and ambient temperature of the PV installation
(°C). The 35-IS photovoltaic reference cell sensor records local solar irradiance on the
sensor plane, therefore interpreted as local plane-of-array (POA) irradiance, south-facing,
approximately 40° tilt.

Meteorological station data—the dataset was obtained through the Weather Query
Builder of the Visual Crossing platform [33]. The platform’s Weather Data Application Pro-
gramming Interface (API) provides access to a full block of historical weather information,
data and indexes [34]. In the case of these data, solar radiation represents instant power at
the moment of observation, while solar energy indicates the total accumulated solar energy
over an hour or day. However, the Visual Crossing platform has limitations as the datasets
are available only at daily and hourly time resolutions. The dataset for this research paper
originates from the Hillingdon Borough weather data station, located in London, UK, at an
estimated distance of 2 km from the PV installation at Brunel University.

Satellite-derived data—this dataset is obtained from the National Aeronautics and
Space Administration (NASA) Prediction of Worldwide Energy Resources (POWER) project,
which provides global meteorological data specifically tailored for renewable energy ap-
plications, as documented in NASA POWER [35]. The NASA POWER renewable energy
development package combines satellite solar radiation products with meteorological fields
derived from NASA data assimilation and modelling systems. However, the temporal
resolution of available data is limited to hourly intervals, restricting detailed assessments
that require higher-resolution inputs. For consistency with other datasets, this study
utilises weather data with the exact coordinates of the PV installation at Brunel University
(51.5308° N, 0.4740° W). The dataset includes a comprehensive range of meteorological
factors from the RES sources development package [36].

Overall, the weather dataset available for the paper looks as shown in Table 1, with
the abbreviation set added to represent all the weather features and to make working with
them easier.

Table 1. The weather dataset used for research investigations.

Type of Data Source Full Title of the Weather Feature Units Sh(wened Title of The
eather Feature

Mean POA W/m?2 SEN_irr_mean

Sensor Ambient temperature of the PV installation °C SEN_temp
Temperature °C WS_temp
The temperature feels like °C WS_temp_fl
Dew point °C WS_dew
Humidity % WS_hum
Precipitation mm WS_precip
Precipitation chance % WS_precip_ch
Amount of snow cm WS_snow
Depth of snow cover cm WS_snow_cover

Weather station Wind gust kph WS_windgs
Wind speed kph WS_windsp
Wind direction degrees WS_winddir
Sea level pressure mb WS_sealevel
Cloud cover % WS_cloud
Visibility km WS_visibility
Solar radiation W/m?2 WS_solarrad
Solar energy MJ/m? WS_solaren
UV index - WS_uvindex
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Table 1. Cont.
Type of Data Source Full Title of the Weather Feature Units Sh(wened Title of The
eather Feature
Global horizontal irradiance (GHI) W/m? SAT_glob_hor_irr
GHI under clear sky W/m? SAT_glob_hor_irr_cl
Direct normal irradiance W/m?2 SAT_dif_norm_irr
Diffuse horizontal irradiance W/m?2 SAT_dif_hor_irr
Sky insolation clearness index - SAT_sky_clear_index
Surface albedo - SAT_surf_albedo
Solar zenith angle degrees SAT_sol_zenith_ang
Photosynthetically active radiation W/m? SAT_phot_act_rad
Photosynthetically active radiation under clear sky W/m?2 SAT_phot_act_rad_cl
Surface UVA irradiance W/m?2 SAT_UVA_irr
Surface UVB irradiance W/m?2 SAT_UVB_irr
Satellite Surface UV index W/m? SAT_UV_irr
Temperature at 2 m °C SAT_2m
Dew point at 2 m °C SAT_t2mdew
Wet bulb temperature at 2 m °C SAT_wet_bulb_t2m
Specific humidity at 2 m g/kg SAT_sp_hum_2m
Relative humidity at 2 m % SAT_rel_hum_2m
Precipitation at the surface mm SAT_percip_surf
Atmospheric pressure at the surface hPa SAT_press_surf
Average wind speed at 10 m m/s SAT_wind_spd_10m
Average wind direction at 10 m degrees SAT_wind_dir_10m
Average wind speed at 50 m m/s SAT_wind_spd_50m
Average wind direction at 50 m degrees SAT_wind_dir_50m

2.4. Dataset Formation and Data Processing

To configure the final dataset employed in this research, we integrated generation data
from the PV installation with the meteorological parameters presented in Table 1. Addition-
ally, numerical counters representing the year, month, day, and hour were subsequently
included to achieve temporal consistency. The finalised dataset consists of continuous time
series data spanning from 1 March 2023 to 30 June 2024, covering a period of 16 months and
resulting in a structured array dimensioned approximately 11,700 x 50 cells. Since all the
datasets described in the previous subsection contain primarily quantitative meteorological
variables without explicitly defined qualitative attributes, the data were formatted in a
float32 numeric representation.

Data quality control for the dataset included checks for missing values, duplicate
timestamps, physically unrealistic measurements, and discontinuities [7]. The physical
plausibility screening applied explicit variable-specific criteria. Local sensor temperature
values (SEN_temp) below —40 °C or above 60 °C were treated as missing, while weather
station precipitation values (WS_precip) below 0 mm or above 100 mm were rejected.
Negative values in satellite UV-related variables were also treated as invalid, and positive
or negative infinite values in numerical variables were converted to missing values. Six
timestamp errors occurring at month boundaries were corrected. The expected UK daylight-
saving-time transitions were retained, including the missing hour on 26 March 2023 and
31 March 2024, and the duplicated hour on 29 October 2023. British Summer Time (BST)
denotes the UK summer-time period. Invalid observations including anomalous local
sensor temperatures, extreme precipitation values, and satellite error codes (e.g., —999)
were treated as missing and subsequently handled using the corresponding preprocessing
procedure. Following outlier removal, missing numerical observations were reconstructed
using temporal interpolation. Where required at the boundaries of a continuous series,
forward or backward filling was applied to preserve the hourly sequence used for model
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Dy =1, if 0,

construction. Where interpolation between the immediately preceding and following
observations was appropriate, the corrected value was calculated as

v X—1 1+ X1
xt — f

)
where x; is the corrected observation at time ¢. This procedure preserved the continuous
hourly sequence required for constructing LSTM input windows [37].

Daylight and nighttime periods were treated separately. For reproducibility, a binary
daylight flag Dt was defined from solar geometry and irradiance observations as follows:

< 90° V Isgny > 1TW/m? V Iys; > 1W/m? V GHIsary > 1W/m? (3)

D; = 0, otherwise 4)

where D; denotes the daylight flag at hour ¢, 8, ; is the satellite solar zenith angle, Isgy  is
the local sensor mean irradiance, Iy ¢ is the weather station solar radiation, and GHIg4r
is the satellite global horizontal irradiance. The logical V means that satisfaction of any one
criterion is sufficient for the hour to be classified as daylight. Measured PV generation itself
was not used in the daylight classification, avoiding target-dependent classification.

Nighttime observations were retained within the chronological sequence but were not
considered informative forecasting targets because PV generation is physically zero in the
absence of solar irradiance. Therefore, model performance was evaluated primarily for
daylight target hours, while complete daily profiles were reconstructed as

5 f(Xt),t € D
B_{Q t ¢D ©)

where D denotes daylight hours, X; is the model input vector and f(-) represents the
forecasting model. This prevents deterministic nighttime zero values from artificially
reducing forecasting errors.
The processed data were divided chronologically into training, validation and test
sets [37,38]. Data before 1 January 2024 were used for training, 1 January-31 March 2024
for validation, and 1 April-30 June 2024 for independent testing. After quality control, the
chronological partitions contained 7344 hourly observations in the training period, 2183
in the validation period, and 2184 in the independent test period. Following application
of the daylight target definition described above, 4306 training, 947 validation, and 1521
test observations were classified as daylight target hours. Random temporal shuffling was
not applied. For the LSTM models, input variables were standardised [39] using statistics
calculated exclusively from the training set
Zl't — xl,t ]/ll,trﬂlfl (6)

’

Ti train

where ; r4in and o; 4,in are the training set mean and standard deviation of variable i. The
same parameters were subsequently applied to the validation and test data. RF and GB
models used the processed variables without standardisation. The same chronological
partitions and quality-controlled dataset were used for all sensor, weather station, satellite
and hybrid experiments.

2.5. Forecasting Models

Three forecasting algorithms were evaluated under a common experimental frame-
work: LSTM, RE and GB. LSTM represents a sequence learning architecture that processes
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temporal windows, whereas RF and GB provide tree-based benchmarks for nonlinear
relationships between PV generation and meteorological predictors. The purpose of using
these three model families was not to identify a universally superior algorithm, but to dis-
tinguish the effect of the model structure from the effects of the meteorological data source
and forecast horizon. The primary experiment retained the native input representation of
each model family: LSTM processed a 24 h sequential window, whereas RF and GB used
predictors available at the forecast issue time. For all positive forecast horizons (h =1, 3, 6,
and 24), the predictor information was restricted to meteorological and PV observations
available at or before the forecast issue time. No future meteorological forecasts describ-
ing conditions at the target time t + i were supplied to the models; the positive horizon
experiments therefore represent observation-driven forecasting based on currently and
historically available information. Because this difference in input representation could
itself influence the relative performance of the model families, an additional information-
equivalent sensitivity experiment was subsequently performed in which tree-based models
were supplied with the same 24 h historical information window as the LSTM.

The LSTM models were implemented in PyTorch, version 2.13 [40], while RF and GB
were implemented using the scikit-learn, version 1.9.0 [39] RandomForestRegressor and
GradientBoostingRegressor classes, respectively. The principal model hyperparameters
were fixed across data source configurations and forecast horizons. Only the input feature
composition, forecast horizon, and random seed were varied. This controlled design
was adopted so that differences in forecasting accuracy could be attributed primarily to
the experimental factors investigated in this study rather than to configuration-specific
hyperparameter tuning.

A personal computer with the following characteristics, Central Processing Unit (CPU)
i7 11800H, Installed Physical Memory 32 GB, Graphical Processing Unit NVIDIA GeForce
RTX 3060 6 GB, was used for conducting the experiment.

2.5.1. LSTM

LSTM is a recurrent neural network architecture designed to represent temporal
dependencies through a gated memory mechanism [41]. In contrast to a conventional
recurrent neural network, the LSTM cell regulates the retention, update, and transmission
of information using forget, input, and output gates [42]. At time step t, the three gates are
calculated as follows [41-43]

fr=0c(Wgxt + Ughy 1 + by) @)
iy = o(Wixt + Uihy—1 + b;) 8)
or = 0(Woxy + Uohy—1 + by) )

where the three gate outputs correspond to the forget, input, and output gates, respectively;
the subscript t denotes the current time step, x is the input vector, / is the hidden state, W
and U are trainable input and recurrent weight matrices, b represents the bias vectors, and
o(.) is the logistic sigmoid function. The candidate cell state, cell state, and hidden state are
then determined by

= tanh(cht + Uchi_q + bc) (10)
ct=frOc1+irOc (11)
hy = oy © tanh(cy) (12)

where c represents the cell state, the tilde term represents the candidate cell state, tanh(.)
is the hyperbolic tangent activation, and ©® denotes the Hadamard (element-wise) prod-
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uct. These operations enable the network to retain relevant historical information while
suppressing information that is no longer useful for the forecasting task.
A graphical representation of the LSTM cell is depicted [44] in Figure 4.

Forget gate Input gate Output gate

Co_r . . he
~ ;
Ce
P @
he-4
L me

Xe
Figure 4. The structure of the LSTM cell.

In this study, each LSTM model used a fixed 24 h look-back window. For a forecast
issued at time £, the preceding 24 hourly observations were used to estimate PV generation
at time f+h, where h represents the forecast horizon

Py = frstm(Xe—23:t) (13)

The implemented network contains one LSTM layer with 64 hidden units. The final
hidden representation was passed through a dropout layer with a dropout probability [45]
of 0.20, followed by a fully connected layer with 32 neurons and rectified linear unit (ReLU)
activation, and a final linear output neuron. Model training used the Adam optimiser [46]
with a learning rate of 0.001, a batch size of 64, and a maximum of 30 epochs. Early stopping
was applied using validation loss [47] with a patience of six epochs, and the parameter
state producing the minimum validation loss was restored for final prediction. To limit
unstable parameter updates, the gradient norm was clipped at 1.0 [48].

The LSTM loss function was the Huber loss with delta = 0.05. The target PV generation
was divided by the maximum PV generation observed in the daylight training subset before
optimisation and converted back to the original scale after prediction. Huber loss was
selected because it combines quadratic behaviour for small errors with linear behaviour for
larger errors [49]. Here, e denotes the forecasting error and J = 0.05

3¢%, le] <9,

Ls(e) = 5(lel ~ 1), [el >4

(14)

Numerical LSTM inputs were standardised using a StandardScaler fitted only to the
daylight training windows. The same scaling parameters were subsequently applied to
the validation and test sequences. Training and validation loss were calculated only for
daylight target hours, although the complete chronological sequence, including nighttime
observations, was retained inside the 24 h input windows. Nighttime PV predictions were
reconstructed deterministically as zero, as described in Section 2.4.

25.2.RF

RF is an ensemble regression method that combines multiple decision trees [50]. Each
tree is trained using a bootstrap sample of the training observations, while only a randomly
selected subset of predictors is considered at each split. This decorrelates the individual
trees and reduces the variance associated with a single regression tree while retaining
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the ability to represent nonlinear interactions between PV generation and meteorological
variables.

For a forecast horizon /, the RF estimate is obtained by averaging the outputs of B
regression trees [50]

N 1 B
Pl = 3 Ly To(x0) (15)

where each T(.) represents an individual regression tree, B is the number of trees, and x
is the feature vector available at the forecast issue time [50]. In the implemented model,
B =300 trees, max_features = “sqrt”, and min_samples_leaf = 2. The remaining Random-
ForestRegressor settings were retained at their scikit-learn defaults [39]. In particular, tree
depth was not explicitly restricted. The random_state parameter was set separately for
each robustness run, and n_jobs = —1 was used to allow parallel fitting across available
CPU cores.

RF was trained on the processed variables in their original numerical scale because
decision tree split locations depend on ordered thresholds rather than Euclidean distances
or gradient-based parameter updates. Separate RF models were fitted for every input
configuration and every forecast horizon. Unlike the LSTM, RF does not maintain an
internal sequential hidden state; its temporal information is therefore supplied explicitly
through the autoregressive (AR) PV variable and cyclic time descriptors included in the
feature vector [17,22].

2.53.GB

GB is also based on regression trees, but the ensemble is constructed sequentially
rather than independently [51]. At boosting iteration m, a new tree is fitted to reduce the
residual error of the current ensemble, and its contribution is controlled by the learning
rate 1. The model update can be expressed as [51]

Fin(x) = Fy—1(x) +nTn(x) (16)

where F represents the current ensemble prediction, and T is the regression tree added at
boosting iteration m. After M boosting iterations, the final PV forecast is represented by

BB = Fo(xe) + 1 o0 Ton(xe) (17)

where Fj is the initial estimate, M is the number of boosting estimators, and # is the
learning rate. The implemented GradientBoostingRegressor [39] used M = 250 estimators,
1 = 0.05, max_depth = 3, and min_samples_leaf = 2. The random_state parameter was changed
according to the robustness seed. The relatively shallow trees restrict the complexity of
each weak learner, while sequential boosting progressively models nonlinear relationships
that remain unexplained by the preceding ensemble.

As for RE, GB used the processed input variables without standardisation. A separate
GB model was fitted for each meteorological input configuration and forecast horizon.
The GB model therefore provides a complementary tree-based benchmark: RF reduces
variance by averaging many partially decorrelated trees, whereas GB reduces residual error
by adding trees sequentially [22].

2.5.4. Common Model Comparison Framework

The model hyperparameters described above were fixed throughout the main robust-
ness experiment. The experimental variables were the model family, meteorological input
configuration, forecast horizon, and random seed. This distinction is important because the
central objective of the paper is to determine how the predictive value of meteorological
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data changes with the lead time and model family, rather than to optimise a different archi-
tecture independently for each case. The fixed architecture and principal hyperparameters

applied to the three forecasting models are summarised in Table 2.

Table 2. Fixed characteristics of the forecasting models used in the experiment.

Characteristic LSTM RF GB
Model structure 1 LSTM layer + dense head Bagged regression trees f;z:enhal boosted regression
Hidden units/estimators 64 hidden units 300 trees 250 estimators

Input structure
Dropout
Dense layer

Learning rate
Optimiser/fitting
Loss/criterion

Tree depth

Minimum samples per leaf
Features per split
Maximum epochs

Early stopping

Gradient clipping

Scaling

Implementation

24 h sequence

0.20

32 neurons, ReLU, then 1
output

0.001

Adam

Huber loss, delta = 0.05

30

Patience = 6 epochs
Maximum norm = 1.0
StandardScaler;
target/training peak

PyTorch [40]

Single issue time feature
vector

Bootstrap tree ensemble
Squared error regression
criterion (default)

Not explicitly restricted

2

VF

No standardisation

scikit-learn
RandomForestRegressor [39]

Single issue time feature vector

0.05

Gradient Boosting

Squared error boosting loss
(default)

3

2

All available features by default

No standardisation

scikit-learn
GradientBoostingRegressor [39]

Table 2 describes the primary model family experiment. A supplementary information-

equivalent sensitivity experiment was additionally supplied and is described in Section 2.5.5.

The AR generation predictor GEN_AR was constructed dynamically to prevent leak-

age in the same-hour experiment. At i = 0, the previous-hour PV value was used; for the

future horizons, the PV value available at the forecast issue time was used:

GENaRr(t, h) =

P4,

h=0,

(18)

P, h > 0.

The three model families do not receive inputs in exactly the same tensor form. For

LSTM, each sample consists of 24 consecutive hourly observations, whereas RF and GB
use the feature vector at the forecast issue time. If F denotes the number of predictors in
a given feature configuration and N is the number of samples, the corresponding input

dimensions are
XLST™M ¢ RN x24xF (19)

Xtree c RNXF (20)

This difference corresponds to the native input formulation adopted in the primary
comparison. It should therefore not be interpreted as a fully information-equivalent test
of model architecture. The additional analysis in Section 2.5.5 explicitly controls for this
distinction by supplying the tree-based models with the same 24 h predictor history. Five
forecast horizons were analysed, with i = 0 interpreted as same-hour estimation and
consistency testing, and & =1, 3, 6, and 24 representing genuine future forecasting tasks:

H ={0,1,3,6,24} (1)
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Seven input configurations were evaluated. The baseline consisted of GEN_AR
together with six cyclic temporal descriptors: hour_sin, hour_cos, doy_sin, doy_cos,
month_sin, and month_cos. The remaining configurations progressively added local
sensor, Visual Crossing weather station, and NASA POWER satellite-derived information.
The exact group definitions are summarised in Table 3.

Table 3. Meteorological input configurations used for all three model families.

Configuration Input Composition
. GEN_AR + hour_sin + hour_cos + doy_sin + doy_cos
Baseline .
+ month_sin + month_cos
Sensor Baseline + SEN_irr_mean + SEN_temp
Baseline + all quality-controlled Visual Crossing
Weather station variables with the prefix WS_, excluding

WS_precip_ch
Baseline + SAT_glob_hor_irr, SAT_glob_hor_irr_cl,
SAT dif norm_irr, SAT dif hor _irr,
Satellite raw SAT_sky_clear_index, SAT_sol_zenith_ang,
SAT_phot_act_rad, SAT_phot_act_rad_cl,
SAT UVA_irr, SAT _UVB_irr, SAT UV _irr
Baseline + BST-adjusted versions of the satellite solar
variables listed above
Baseline + sensor + weather station + raw satellite
variables
Baseline + sensor + weather station + BST-adjusted
satellite variables

Satellite BST-adjusted
Hybrid raw

Hybrid BST-adjusted

Robustness was assessed by repeating the complete model comparison using five
random seeds [52]:
S =1{1,7,21,42,100} (22)

For LSTM, the seed controls neural network initialisation and stochastic mini-batch
training. For RF and GB, the same seed was passed through the random_state parameter.
The complete robustness design can therefore be represented as the Cartesian product
of the three model families M, seven feature groups G, five forecast horizons H, and five
random seeds S:

E=MxGxHXS, (23)

€] =3x7x5x5 =525 (24)

The complete design therefore comprises 525 model fits. For every fit, the chronolog-
ical data partitions defined in Section 2.4 were preserved: observations before 1 January
2024 formed the training set, 1 January-31 March 2024 formed the validation set, and
observations from 1 April 2024 onward formed the independent test set. Random tempo-
ral shuffling between these periods was not applied. Model performance was assessed
primarily for daylight target observations using the metrics defined in Section 2.6.

2.5.5. Information-Equivalent Model Sensitivity Analysis

To avoid confusion with the GB model used in the primary experiment, the history-
aware histogram-based implementation is hereafter denoted HistGB. The primary model
family comparison used the native input representation of each forecasting algorithm.
Consequently, the LSTM received a 24 h sequence of predictor observations, whereas RF
and GB received a single predictor vector corresponding to the forecast issue time. To
determine whether the observed model family ranking was influenced by this difference in
historical information availability, an additional sensitivity experiment was performed in
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which the tree-based models were supplied with the same 24 h information window used
by the LSTM.

For each prediction issued at time, the preceding 24 hourly feature vectors were
flattened into a single tabular vector

2
Xt( ) = (Xi—23, X220, ..., Xi] (25)

where X; denotes the complete predictor vector available at the forecast issue time. There-
fore, if a configuration contained F predictors, the history-aware tree model received 24F
input variables. The same chronological training, validation and test periods, daylight
target definition, forecast horizons and five random seeds used in the primary experiment
were retained.

The sensitivity analysis focused on the hybrid raw and hybrid BST configurations
because these represented the most comprehensive multi-source information sets and were
consistently among the strongest configurations in the primary experiment. RF retained the
same principal settings as in the main experiment, including 300 trees, max_features = \/F,
and min_samples_leaf = 2.

A HistGB model was additionally evaluated as a history-aware boosting sensitivity
model. This model is reported separately from the GradientBoostingRegressor used in
the primary experiment and is not intended to replace the original GB benchmark. Its
purpose is to test whether a boosting architecture supplied with the same 24 h information
window can reproduce the apparent short-horizon advantage observed for the LSTM.
HistGB settings include 250 maximum iterations, learning rate 0.05, max depth 3, minimum
samples per leaf 2, L2 = 0, early stopping with 10% internal validation and patience 20.

2.6. Model Assessment Metrics

Forecast accuracy was assessed using four metrics employed consistently throughout
the experiment: Mean Absolute Error (MAE) [53], Root Mean Square Error (RMSE) [24,54],
normalised Root Mean Square Error (nRMSE) [55], and the coefficient of determination
(R?) [54]. The primary evaluation was performed on the 1521 daylight target observations
in the independent test period (1 April-30 June 2024), because nighttime PV generation
was reconstructed deterministically as zero. Full day results were retained as a secondary
diagnostic, but model ranking and the main comparisons reported in the Results section
were based on daylight-only performance [37].

MAE measures the average magnitude of the forecasting error without weighting large
deviations disproportionately. For N evaluated daylight observations, MAE is defined as

MAE:%ZZJR—PA (26)
where P; and P; denote the measured and forecast hourly PV generation, respectively. MAE
is expressed in the same units as the target variable (Wh in this study), and lower values
indicate better predictive accuracy.

RMSE applies a quadratic penalty to the individual errors and is therefore more
sensitive than MAE to relatively large forecasting deviations. It was used as the principal
model ranking criterion:

Zilil(Pi _pi)z

E =
RMS N

(27)

https:/ /doi.org/10.3390/en19215077


https://doi.org/10.3390/en19215077

Energies 2026, 19, 5077

16 of 31

Because MAE and RMSE retain the physical scale of PV generation, nRMSE was
additionally used to express forecasting error relative to the maximum observed hourly PV
generation in the quality-controlled dataset. The implementation used the same observed
peak value for all model families, input configurations, horizons, and random seeds:

RMSE
peak

nRMSE =

x 100% (28)

The nRMSE is dimensionless and reported as a percentage of the observed PV peak,
which allows forecasting errors to be interpreted relative to the scale of the installation.
Lower nRMSE values indicate higher forecasting accuracy.

The coefficient of determination, R?, was used to quantify model performance relative
to a constant predictor equal to the mean measured PV generation of the evaluated subset.
It is calculated as
ZiNzl (P i b i )2
L (P -P)

where P is the mean measured PV generation over the evaluated observations. Values of

RZ=1-— (29)

R? closer to 1 indicate stronger agreement between forecasts and observations, whereas
R? < 0 indicates that the model does not outperform the corresponding mean value
reference for that evaluation subset.

Robustness was assessed over the five random seeds [52] S = {1, 7, 21, 42, 100}. For
every fixed combination of model family, meteorological input configuration, and forecast
horizon, each performance metric g was therefore summarised by its mean and sample
standard deviation across K = 5 runs:

1

7= EZle gs, K=5 (30)
K 2

SD, = W (31)

The Results section therefore reports mean =+ standard deviation across seeds rather
than relying on a single stochastic run. Mean daylight test RMSE was used as the primary
ranking criterion, while MAE, nRMSE, and R? were used as complementary measures of
absolute error, scale-normalised error, and goodness of fit, respectively.

2.6.1. Persistence Benchmarks and Forecast Skill

In addition to the AR temporal model configuration, three non-parametric persistence
forecasts were evaluated to provide operationally interpretable reference benchmarks.
Current value persistence assumes that the latest observed PV output remains unchanged
over the forecast horizon:

Apers
Py = P (32)

Previous-day same-hour persistence uses the measured PV generation from the corre-

sponding hour of the preceding day:

~d
PH”_Z = Prypo4 (33)
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A solar geometry-adjusted persistence benchmark was additionally evaluated for
short forecasting horizons to account for the deterministic change in solar position between
the forecast issue time and the target hour using a mathematical expression:

5SG _ 1 C00rin
Py, = P ) ,cos0y > 0 (34)

where pig& denotes the solar geometry-adjusted persistence forecast for target time ¢+h,
P_t is the PV generation observed at forecast issue time ¢, and 6_t and 6_(t+h) are the solar
zenith angles at the forecast issue and target times, respectively. The formulation preserves
the persistence assumption for short-term atmospheric conditions while adjusting the
expected PV output for the deterministic change in solar elevation. When cos(0_t) <= 0, the
persistence prediction was set to zero.

For each horizon, the persistence benchmark achieving the lowest daylight test RMSE
was used as the strongest naive reference.

Forecast skill (FS) relative [55] to a benchmark was calculated as

RMS Emodel

FS=1— ——"——
RMSEbenchmark

(35)
where positive values indicate an improvement over the reference forecast and FS = 0
corresponds to equal performance.

2.6.2. Statistical Uncertainty of Forecast Comparisons

Random seed variability quantifies the stochastic variation associated with model fitting,
but does not quantify uncertainty associated with the finite test period itself. Therefore, the
principal history-aware model and persistence comparisons were additionally evaluated using
paired block bootstrap resampling of the independent daylight test predictions.

Complete target days were used as resampling blocks in order to retain the dependence
among hourly forecasting errors occurring within the same day. A total of 5000 bootstrap
resamples were generated. For each resample, RMSE was recalculated for the compared
forecasting methods and the paired difference in RMSE was obtained. The 2.5th and 97.5th
percentiles of the resulting distribution were used to form a 95% confidence interval (CI). A
model difference was treated as resolved at the 95% bootstrap level when the confidence
interval for the paired RMSE difference did not include zero.

3. Results and Discussion

The forecasting results are examined from eight complementary perspectives: phys-
ical and temporal consistency of the integrated dataset, forecast horizon dependence,
meteorological data source performance, comparison of the LSTM, RF and GB model fami-
lies, robustness across repeated random seeds, information-equivalent model comparison,
forecasting skill relative to persistence benchmarks, and sensitivity to satellite temporal
alignment. Unless stated otherwise, the principal results refer to daylight observations in
the independent test period from 1 April to 30 June 2024.

3.1. Dataset and Temporal Validation

The first analysis examined whether the merged PV and meteorological datasets
retained the expected physical relationship between solar irradiance and measured PV
generation. The local on-site irradiance signal showed a same-hour Pearson correlation
of approximately r = 0.994 with PV generation. In comparison, the raw NASA POWER
GHI series produced a lower same-hour correlation of approximately r = 0.862. A one-
hour displacement diagnostic increased the satellite correlation to approximately r = 0.910,
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indicating that the satellite variables were more sensitive to temporal convention than the
local sensor measurements [8,9,35]. This result supports the correctness of the local PV
sensor merge while motivating a separate temporal alignment sensitivity analysis for the
satellite data rather than treating the satellite timestamps as erroneous.

To quantify the contribution of the different data sources under controlled conditions,
the same LSTM architecture and chronological data split were used while only the input fea-
ture set was changed. For each forecast horizon /, the prediction target was PV generation
at time f+h:

Yeieh = Pryp (36)

Using a 24 h look-back window (L = 24), the AR time baseline contained lagged PV
generation together with temporal descriptors, the sensor configuration added the local
on-site measurements (SEN_irr_mean, and SEN_temp), and the hybrid raw configuration
further combined the local sensor variables with the Visual Crossing weather station
variables and NASA POWER satellite variables:

XpRTme = [Py, P, TY) (37)
XtSensor — [X?thime’ St} (38)
X?Ybrid raw _ [X;'\thime, Si, Wi, Ntraw} (39)

where T; denotes the temporal features, S; the local sensor measurements, W; the Visual
Crossing variables, and N;*" the NASA POWER variables under their original temporal
alignment. The term “raw” therefore refers to the original satellite timestamp convention,
not to uncleaned data. For h = 0, the contemporaneous PV generation value was not
supplied as an input; the AR PV component remained lagged, preventing direct target
leakage. This design allows differences in accuracy to be attributed primarily to the
additional meteorological information introduced by each feature configuration.

The h = 0 experiment was used as a same-hour consistency diagnostic rather than as a
future forecast. Under the controlled LSTM source comparison, the sensor configuration
achieved MAE = 62.779 Wh, RMSE = 263.085 Wh, nRMSE = 4.057%, and R? = 0.977 on
1521 daylight test observations. The AR time baseline produced RMSE = 1163.425 Wh,
nRMSE = 17.939%, and R? = 0.547. Thus, incorporating the local sensor variables reduced
the same-hour RMSE by 77.39% relative to the temporal baseline. The hybrid raw configu-
ration was only slightly weaker than the sensor configuration at & = 0 (RMSE = 278.937 Wh;
nRMSE = 4.301%; R? = 0.974), confirming that the dominant same-hour information is
contained in the local irradiance signal [17]. The measured and predicted daylight PV
profiles obtained with the i = 0 sensor configuration are compared in Figure 5. Measured
and predicted PV generation for the /1 = 0 sensor configuration during a representative
subset of the daylight test period. Performance metrics reported in the text were calculated
using all 1521 daylight test observations.

Figure 5 shows that the model reproduces both the timing and magnitude of the
principal daytime generation peaks, while the largest residuals occur around rapidly
changing intra-day conditions. Taken together, the correlation analysis and & = 0 forecasting
performance provide an empirical check that the quality-controlled dataset is physically
coherent and suitable for the subsequent multi-horizon experiments.
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Nowcasting validation: Sensor model, h =0
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Figure 5. Measured and predicted PV generation for the & = 0 sensor configuration on the daylight
test set.

3.2. Forecast Horizon Dependence

Forecast accuracy worsened systematically as the prediction horizon increased. In the
controlled LSTM comparison, the best daylight RMSE increased from 263.085 What h =0 to
540.625 What h=1,728.492 Wh at h = 3, 956.735 Wh at = 6, and 1046.899 Wh at h = 24. The
corresponding nRMSE increased monotonically from 4.057% to 8.336%, 11.233%, 14.752%,
and 16.142%, respectively. The h = 24 RMSE was therefore almost four times the & = 0 value,
reflecting the progressive loss of information about future irradiance and cloud conditions
as the forecast horizon expands [13,21]. The best-performing meteorological input con-
figuration at each forecast horizon in the controlled LSTM experiment is summarised in

Table 4.
Table 4. Best meteorological input configuration at each forecast horizon in the controlled
LSTM experiment.
Horizon (h) Best Input MAE (Wh) RMSE (Wh) nRMSE (%) R?
0 Sensor 62.779 263.085 4.057 0.977
1 Hybrid raw 345.768 540.625 8.336 0.902
3 Hybrid raw 460.850 728.492 11.233 0.822
6 Hybrid BST-adjusted 661.530 956.735 14.752 0.693
24 Hybrid BST-adjusted 708.948 1046.899 16.142 0.633

For quantitative comparison with the AR time baseline, the relative RMSE improve-
ment was calculated as

RMSE, ot — RMSE ol
RMSE,f

IRMSE = x 100% (40)

Using Equation (37), the best LSTM configuration reduced RMSE relative to the AR
time baseline by 77.39% at h = 0, 53.07% at h = 1, 32.07% at h = 3, 13.94% at h = 6, and 10.34%
at 1 = 24. The diminishing relative improvement is important: meteorological information
remains beneficial at all horizons, but the deterministic relationship between currently
observed conditions and future PV generation weakens as the prediction target moves
further ahead. The horizon-dependent change in daylight nRMSE across the meteorological
input configurations is illustrated in Figure 6.

The measured versus predicted profiles at i = 1 and h = 3 are shown in Figures 7 and 8,
respectively. The actual versus predicted profiles provide the same pattern visually. At
h =1, the hybrid raw model follows the major PV peaks closely but shows larger deviations
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during rapid ramps than the & = 0 sensor model. At/ = 3, the timing of the broad daily
profile remains well represented, while peak amplitude errors become more pronounced.

Daylight-only forecasting performance by data source
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Figure 6. Daylight nRMSE across forecast horizons and meteorological input configurations in the
controlled LSTM experiment.
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Figure 7. Measured and predicted PV generation for the /s = 1 hybrid raw configuration.
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Figure 8. Measured and predicted PV generation for the i = 3 hybrid raw configuration.
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3.3. Meteorological Data Source Comparison

The preferred meteorological source depended strongly on the forecast horizon. The
local sensor configuration was clearly superior for i = 0, where same-hour irradiance
directly represents the physical forcing of the PV system [13,16]. Its nRMSE of 4.057% was
substantially lower than weather station (10.445%), satellite raw (9.480%), and satellite
BST-adjusted (9.190%). This result is consistent with the very high same-hour correlation
between local irradiance and generation.

For future horizons, however, the ranking changed. Ath =1 and h = 3, the hybrid
raw configuration produced the lowest errors, with RMSE values of 540.625 Wh and
728.492 Wh and R? values of 0.902 and 0.822, respectively. At h = 3, satellite raw alone
(RMSE = 795.689 Wh; nRMSE = 12.269%; R? = 0.788) also outperformed both the sensor
configuration (1008.768 Wh; 15.554%; R? = 0.659) and the weather station configuration
(888.339 Wh; 13.697%, R? = 0.736). This indicates that the broader solar radiation descriptors
available from NASA POWER add useful information once the target is displaced from the
current observation time.

At h = 6, the differences between the strongest multi-source alternatives narrowed.
Hybrid BST-adjusted achieved RMSE = 956.735 Wh, compared with 962.355 Wh for hybrid
raw and 981.817 Wh for the weather station configuration. At i = 24, hybrid BST-adjusted
again provided the lowest error (1046.899 Wh), although weather station (1052.174 Wh),
satellite raw (1055.721 Wh), and sensor (1057.199 Wh) were very close. Consequently,
the results do not support a universal ranking in which one meteorological source is
optimal at every horizon. Instead, local measurements dominate same-hour estimation,
whereas combining heterogeneous meteorological information is more robust for future
forecasting. For completeness, the daylight nRMSE values obtained for all meteorological
input configurations and forecast horizons are reported in Table 5.

Table 5. Daylight nRMSE (%) by meteorological input configuration in the controlled

LSTM experiment.
h Sensor Weather Satellite Raw  Satellite BST  Hybrid Raw  Hybrid BST
0 4.057 10.445 9.480 9.190 4.301 4.340
1 10.151 12.230 9.353 9.741 8.336 8.921
3 15.554 13.697 12.269 13.535 11.233 12.450
6 18.516 15.139 16.055 16.249 14.839 14.752
24 16.301 16.224 16.278 16.326 16.705 16.142

3.4. Model Family Comparison

The final robustness benchmark extended the analysis from data source selection
to model family selection by evaluating LSTM, RF, and GB across five random seeds.
The horizon-level winners demonstrate that no single algorithm dominated the complete
forecasting problem [21]. RF produced the best mean performance at & =0, h = 6, and
h =24, whereas LSTM produced the best mean performance at # = 1 and /& = 3. The best
five-seed model and input configuration identified at each forecast horizon are summarised
in Table 6.

At h =0, RF combined with hybrid BST-adjusted inputs achieved RMSE = 253.36 Wh,
nRMSE = 3.91%, and R? = 0.978. For the short future horizons, LSTM with hybrid raw
inputs was strongest: RMSE = 535.21 Wh and R? = 0.904 at i = 1, and RMSE = 737.53 Wh
and R? = 0.818 at 1 = 3. RF regained the advantage at & = 6 using hybrid raw in-
puts (RMSE = 952.92 Wh; R? = 0.696) and at & = 24 using hybrid BST-adjusted inputs
(RMSE = 1038.81 Wh; R? = 0.639). GB remained competitive, particularly at & = 1, but it did
not produce the lowest five-seed mean RMSE at any of the five horizons. To provide a direct
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graphical comparison of the model families, Figure 9 presents the best-performing config-
uration within each family at every forecast horizon, using the five-seed mean daylight
nRMSE and its variability across repeated runs.

Table 6. Best five-seed model family configuration at each forecast horizon.

Horizon (h) Family Input Configuration Mean RMSE (Wh) Mean nRMSE (%) Mean R?2
0 RF Hybrid BST 253.36 391 0.978
1 LSTM Hybrid raw 535.21 8.25 0.904
3 LSTM Hybrid raw 737.53 11.37 0.818
6 RF Hybrid raw 952.92 14.69 0.696
24 RF Hybrid BST 1038.81 16.02 0.639

m [ST™M N RF s GB

o o o
> o ©
s s

nRMSE gap from best model (percentage points)
o
N

0.0 -

0 1 3 6 24
Forecast horizon (h)

Figure 9. Comparison of the best-performing LSTM, RF, and GB configurations across forecast
horizons. Points represent the mean daylight nRMSE over five random seeds, and error bars indicate
+1 standard deviation. For each model family and horizon, the plotted value corresponds to the
input configuration with the lowest mean RMSE.

The primary model family comparison therefore indicates a horizon-dependent transi-
tion in forecasting performance. Under the native input representation of each algorithm,
LSTM achieved the lowest mean RMSE at 1-3 h, while RF was more competitive at the
same-hour, 6 h and 24 h horizons. The graphical comparison also shows that the differences
between the three model families are relatively small at several horizons, particularly at
1, 3, and 24 h, despite changes in the identity of the best-performing family. However,
because LSTM processes a complete 24 h input sequence while the primary RF and GB
models use a single issue time feature vector, this result cannot by itself determine whether
the short-horizon LSTM advantage arises from recurrent model structure or from access
to a richer representation of recent temporal history. This distinction is examined directly
through the information-equivalent sensitivity analysis presented in Section 3.6.

3.5. Robustness Across Random Seeds

The principal model rankings were tested using five random seeds: 1, 7, 21, 42, and
100. The results were not driven by a single favourable initialisation [52]. At/ =0, RF
with hybrid BST-adjusted inputs was the best configuration in all five seed runs (5/5). At
h =6, RF with hybrid raw inputs also won 5/5 runs. At h = 24, RF with hybrid BST-adjusted
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inputs won 4/5 runs. The I = 1 case was more competitive: LSTM with hybrid raw inputs
won 3/5 seed runs, while GB with hybrid raw inputs won the remaining 2/5. Ath =3,
LSTM with hybrid raw inputs produced the best five-seed mean performance.

These seed-level results strengthen two conclusions. First, the RF advantage at 1 = 0
and & = 6 is highly stable rather than an artefact of stochastic training. Second, the h =1
horizon represents a genuinely competitive region in which LSTM and GB can exchange
the leading position between runs, even though LSTM remains best on the five-seed mean.
For this reason, the manuscript reports horizon-level rankings using the repeated-seed
mean metrics rather than the best individual run.

Repeated seed analysis therefore establishes the stability of the native input model
rankings with respect to stochastic model fitting. It does not, however, address uncertainty
arising from the finite test period or differences in the historical information supplied to
the model families; these issues are examined separately in Sections 3.6 and 3.7.

3.6. Information-Equivalent Model Comparison

To assess whether the model family ranking observed in the primary experiment was
influenced by unequal access to recent historical information, RF and the HistGB sensitivity
model were supplied with the same 24 h predictor window used by the LSTM. The analysis
was performed for the four positive forecast horizons using the hybrid raw and hybrid BST
configurations and five random seeds.

The information-equivalent comparison substantially narrowed the apparent advan-
tage of LSTM at the shortest forecast horizons. At i = 1, history-aware HistGB with hybrid
raw inputs achieved a mean RMSE of 534.57 £ 2.54 Wh, nRMSE of 8.24%, and R? = 0.904.
This result is practically identical to the mean RMSE of 535.21 Wh obtained by LSTM with
hybrid raw inputs in the primary experiment. History-aware RF achieved a higher RMSE
of 585.94 + 1.11 Wh.

At h = 3, history-aware HistGB achieved 747.63 £ 2.39 Wh, compared with
782.12 £ 1.97 Wh for history-aware RF. The corresponding LSTM result from the primary
experiment was 737.53 Wh. Thus, LSTM retained a small numerical advantage at 3 h, but
the difference relative to history-aware boosting was substantially smaller than suggested
by the native input comparison.

At h = 6, the strongest history-aware boosting and RF results were 953.69 &+ 5.04 Wh
and 966.85 + 2.92 Wh, respectively. These values are close to the original RF hybrid raw
result of 952.92 Wh, indicating that explicitly supplying 24 h of historical predictors did not
materially improve the RF performance at this horizon.

At h = 24, history-aware RF with hybrid raw inputs achieved the lowest RMSE of
1024.56 =+ 2.28 Wh, corresponding to nRMSE = 15.80% and R? = 0.648. This improved on the
primary RF result of 1038.81 Wh and retained the conclusion that RF is highly competitive
at the longest horizon considered.

Overall, the information-equivalent experiment modifies the interpretation of the
model family comparison. The 1 h LSTM advantage observed in the primary experiment
largely disappears when a boosting model receives the same historical information window,
while a small LSTM advantage remains at 3 h. Consequently, the short-horizon results
should not be attributed solely to recurrent architecture; the representation and availability
of recent temporal information also contribute materially to forecasting performance. The
results are reflected in Table 7.
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Table 7. Information-equivalent 24 h history sensitivity results.

Horizon

History-Aware

Primary Best Model = Primary RMSE  History-Aware RF HistGB

Interpretation

1h

3h

6h
24h

LSTM and HistGB
essentially equal
LSTM hybrid raw 737.53 782.12 + 1.97 747,63 + 2.39 LSTM retains small
advantage
RF hybrid raw 952.92 966.85 1 2.92 953.69 + 5.04 Performance converges
RF hybrid BST 1038.81 1024.56 £+ 2.28 1053.73 £ 6.13 RF remains strongest

LSTM hybrid raw 535.21 585.94 + 1.11 534.57 +2.54

3.7. Persistence Benchmarks and Statistical Uncertainty

The forecasting models were additionally compared with non-parametric persistence
benchmarks to determine whether the reductions in forecast error represented meaningful
predictive skill rather than improvements only relative to the AR temporal ML baseline.
The strongest naive reference varied with the forecast horizon. Solar geometry-adjusted
persistence produced the lowest persistence RMSE at 1 h and 3 h, whereas previous-day
same-hour persistence was strongest at 6 h. At 24 h, current value and previous-day
same-hour persistence were equivalent for the evaluated formulation.

The best history-aware model achieved positive forecast skill relative to the strongest
persistence benchmark at every future horizon. At 1 h, HistGB reduced RMSE from
674.08 Wh for solar geometry-adjusted persistence to 534.57 Wh, corresponding to a forecast
skill of 20.7%. At 3 h, RMSE decreased from 1269.14 Wh to 747.63 Wh, giving a forecast
skill of 41.1%. At 6 h, the best model reduced RMSE from 1367.18 Wh to 953.69 Wh,
corresponding to a 30.2% forecast skill. At 24 h, history-aware RF reduced RMSE from
1367.18 Wh to 1024.56 Wh, equivalent to a 25.1% forecast skill.

Paired day block bootstrap analysis confirmed that these improvements were not ex-
plained by sampling variation within the independent test period. Relative to the strongest
persistence benchmark, the mean paired RMSE differences were —139.75 What 1 h (95% CIL:
—164.17 to —114.29 Wh), —522.25 Wh at 3 h (—594.66 to —447.23 Wh), —412.04 Wh at6 h
(—536.31 to —290.39 Wh), and —341.93 Wh at 24 h (—448.30 to —233.26 Wh). In all four
cases, the CI remained entirely below zero.

The same analysis also clarifies the strength of the model family differences. HistGB
produced significantly lower RMSE than history-aware RF at 1 h and 3 h, with paired dif-
ferences of 51.39 Wh (95% CI: 33.21-69.40 Wh) and 34.96 Wh (7.85-61.67 Wh), respectively,
expressed as RF minus HistGB. At 6 h, the 13.38 Wh difference was not statistically resolved
because the 95% confidence interval ranged from —19.46 to 45.99 Wh. At 24 h, history-
aware RF outperformed the strongest history-aware HistGB configuration by 28.92 Wh,
with a 95% CI of 2.14-54.96 Wh. The results of the persistence benchmark are provided in
Table 8.

Table 8. FS relative to the strongest persistence benchmark.

Horizon

Best History-Aware

Model Model RMSE Forecast Skill

Best Persistence Persistence RMSE

AN W =

Solar geometry-adjusted 674.08 HistGB hybrid raw 534.57 20.7%
Solar geometry-adjusted 1269.14 HistGB hybrid raw 747.63 41.1%
Previous-day same-hour 1367.18 HistGB hybrid raw 953.69 30.2%
Current value persistence 1367.18 RF hybrid raw 1024.56 25.1%

FS relative to the strongest persistence benchmark by forecast horizon are reflected in
Figure 10.
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Figure 10. Forecast skill of history-aware RF and HistGB relative to the strongest persistence bench-
mark at each forecast horizon.

3.8. Satellite Temporal Alignment Sensitivity

Satellite variables were evaluated in their original temporal configuration and in a
BST-adjusted sensitivity configuration. The purpose of this analysis was not to correct
an assumed timestamp error, but to quantify how sensitive the forecasting results are to
alternative temporal harmonisation of remotely derived variables.

The percentage change in RMSE caused by the BST-adjusted representation was

calculated as
RMSEggt — RMSE; 4

RMSE,;

The corresponding RMSE values and relative changes between the raw and BST-
adjusted satellite configurations are summarised in Table 9.

ABST = x 100% (41)

Table 9. RMSE sensitivity to raw and BST-adjusted satellite timing. Negative change denotes lower
RMSE after BST adjustment.

h Satellite Raw Satellite BST ABST (%) Hybrid raw Hybrid BST ABST (%)
0 614.822 596.032 —3.06 278.937 281.462 +0.91
1 606.593 631.768 +4.15 540.625 578.538 +7.01
3 795.689 877.830 +10.32 728.492 807.425 +10.84
6 1041.228 1053.802 +1.21 962.355 956.735 —0.58
24 1055.721 1058.824 +0.29 1083.368 1046.899 —3.37

The sensitivity analysis shows that the timing adjustment is not uniformly beneficial.
For the satellite-only configuration, BST adjustment improved & = 0 RMSE by 3.06%, but
worsened RMSE by 4.15% at h = 1 and 10.32% at i = 3; the changes at h = 6 and h = 24
were small (+1.21% and +0.29%). The hybrid configurations show the same short-horizon
pattern: BST adjustment increased RMSE by 7.01% at h = 1 and 10.84% at 1 = 3. In contrast,
it reduced RMSE slightly at /i = 6 (—0.58%) and more clearly at h = 24 (—3.37%).

The information-equivalent sensitivity experiment produced the same general timing
pattern. For history-aware RF, use of the BST-adjusted hybrid configuration increased
RMSE relative to hybrid raw by 7.61%, 9.35%, and 1.93% at 1 h, 3 h, and 6 h, respectively,
while the difference at 24 h was only 0.29%. History-aware HistGB showed corresponding
changes of +7.43%, +11.58%, +4.02%, and —0.30%. These results reinforce the conclusion
that the raw satellite representation is preferable at short intra-day horizons, whereas the
timing convention has little practical influence by 24 h.
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Accordingly, the raw satellite representation should remain the primary short-horizon
configuration, particularly at 1-3 h, while the BST-adjusted representation is useful as
a sensitivity case and becomes competitive at longer horizons. More importantly, the
absence of a consistent improvement after temporal shifting indicates that the observed
source differences cannot be reduced to a simple one-hour timestamp correction. They
reflect a combination of source temporal conventions, spatial averaging, and the different
information content of local, station, and satellite-derived variables.

The spatial generalisability of these findings should also be considered. The present
analysis is based on a single rooftop PV installation in London, and the observed relation-
ships between local sensor, weather station and satellite inputs are therefore conditional
on the meteorological conditions and spatial characteristics of this site. Short-term ir-
radiance variability can differ substantially between locations because of differences in
cloud development and movement, local terrain, coastal exposure and other geographical
effects. Consequently, the absolute forecasting errors and the ranking of meteorological
input sources reported here should not be interpreted as universally transferable to other
locations. Validation across multiple PV installations representing different climatic and
geographical conditions would be required to determine the extent to which the observed
source- and horizon-dependent relationships generalise beyond the present site.

From an operational perspective, these results do not identify a single forecasting
algorithm that should be applied universally to all PV installations. For plants, connected
to the grid, model selection should be aligned with the decision horizon: the short intra-day
horizons examined here favour LSTM or history-aware boosting approaches, whereas
RF becomes competitive at the longer horizons. The relatively small differences between
model families at several horizons also suggest that computational complexity and data
availability should be considered alongside forecasting accuracy when selecting a practical
implementation. For a self-consumption installation, the underlying PV forecasting task
remains similar, but the forecast would typically form part of a broader energy management
problem that also includes electricity demand and, where applicable, battery operation.
The preferred forecast horizon may therefore differ according to the operational decision
being supported. Since demand forecasting, storage scheduling and energy management
optimisation were not modelled in this study, the results should not be interpreted as
identifying a universally optimal forecasting architecture for self-consumption applications.

Overall, the Results and Discussion identify a consistent but more nuanced horizon-
dependent pattern. Local sensor measurements provide the strongest physical information
for same-hour PV estimation, whereas hybrid meteorological inputs are generally most
effective for future forecasting. Under the native input formulation, LSTM achieves the
lowest mean RMSE at 1-3 h and RF is stronger at 6-24 h. However, when equivalent 24 h
historical information is supplied to tree-based models, the apparent LSTM advantage at 1
h largely disappears and becomes relatively small at 3 h. This demonstrates that model per-
formance depends not only on the forecasting architecture but also on how recent temporal
information is represented. All of the strongest history-aware models also substantially
outperform persistence benchmarks, with a forecast skill of approximately 21-41% across
the evaluated horizons. The combined evidence therefore supports joint consideration of
the data source, forecast horizon, model structure and historical information availability
when designing short-term PV forecasting systems.

4. Conclusions and Future Work

This study compared the influence of the meteorological data source, forecast horizon,
and model family on short-term PV generation forecasting using LSTM, RF, and GB models.
The results show that no single input configuration or forecasting algorithm was consis-
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tently superior across all horizons. For same-hour estimation, the local sensor configuration
provided the strongest LSTM performance, with RMSE = 263.085 Wh, nRMSE = 4.057%,
and R? = 0.977, reducing RMSE by 77.39% relative to the AR temporal baseline. For future
forecasting, hybrid multi-source inputs were generally more effective. The best mean
results were obtained by LSTM with hybrid raw inputs at 1 h and 3 h horizons, with
RMSE values of 535.21 Wh and 737.53 Wh, respectively, whereas RF provided the strongest
performance at 6 h and 24 h, with RMSE values of 952.92 Wh and 1038.81 Wh. These
results indicate that the predictive value of meteorological information changes with the
lead time and that model selection should therefore be horizon-specific rather than based
on a single universally preferred forecasting method. However, the information-equivalent
sensitivity analysis showed that part of the apparent short-horizon LSTM advantage was
associated with access to the 24 h sequential information window. When the same historical
information was provided to a boosting model, the 1 h RMSE decreased to 534.57 Wh,
effectively matching the primary LSTM result of 535.21 Wh, while at 3 h, the corresponding
difference was reduced to approximately 10 Wh. This indicates that model architecture and
temporal information representation should not be interpreted independently.

The comparison also demonstrates that local measurements are particularly valuable
for representing contemporaneous PV behaviour, while combining local sensor, weather
station, and satellite information becomes more beneficial as the forecasting horizon in-
creases. Forecast accuracy progressively decreased with lead time, with the best nRMSE
increasing from 8.25% at 1 h to 16.02% at 24 h, while the corresponding R? decreased from
0.904 to 0.639. The comparison with persistence further confirmed that the observed im-
provements represent genuine forecasting skill. Relative to the strongest naive benchmark
at each horizon, the best history-aware models reduced RMSE by 20.7% at 1 h, 41.1% at 3 h,
30.2% at 6 h, and 25.1% at 24 h. Paired day block bootstrap analysis showed that all four
improvements remained statistically significant at the 95% confidence level. Collectively,
these findings show that forecast performance is jointly determined by meteorological
information source, lead time, model architecture, and the historical information made
available to the forecasting model.

Several limitations should be considered when interpreting the results. First, the
analysis is based on a single 7.5 kWp PV installation and approximately 16 months of
observations, and the quantitative model rankings may therefore vary across locations,
climates and system configurations. Second, the positive horizon experiments use meteoro-
logical observations available up to the forecast issue time rather than operational weather
forecasts describing future atmospheric conditions. The 24 h results should consequently
be interpreted as data-driven forecasts conditional on historical meteorological information
rather than as a complete operational day-ahead forecasting system. Third, the primary
LSTM, RF and GB experiment uses the native input representation of each model family;
the additional information-equivalent experiment was therefore introduced specifically to
assess the sensitivity of model family conclusions to historical information availability.

Future work should extend the analysis to multiple PV installations and longer multi-
year datasets to assess the generalisability of the observed relationships. Particular attention
should also be given to operational forecasting at positive horizons by incorporating meteo-
rological forecasts available at the forecast issue time, rather than relying solely on observed
weather variables. Further work should additionally investigate the temporal characteris-
tics of satellite data, including Coordinated Universal Time/local time harmonisation and
explicit treatment of BST transitions, and apply feature ablation or interpretability methods
to identify which meteorological variables provide the greatest additional predictive value
within the hybrid configurations.
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Nomenclature, Abbreviations and Mathematical Representation

The following nomenclature and abbreviations are used in this manuscript:

Abbreviation  Full term

API Application Programming Interface

AR Autoregressive

BST British Summer Time

CI Confidence interval

CPU Central Processing Unit

FS Forecast skill

GB Gradient Boosting

GEN_AR Autoregressive PV generation predictor
GHI Global Horizontal Irradiance

HistGB Histogram-based Gradient Boosting
LSTM Long Short-Term Memory

MAE Mean Absolute Error

ML Machine learning

NASA National Aeronautics and Space Administration
nRMSE Normalised Root Mean Square Error
POA Plane-of-array

POWER Prediction of Worldwide Energy Resources
PV Photovoltaic

R? Coefficient of determination

ReLU Rectified linear unit

RES Renewable energy sources

RF Random Forest

RMSE Root Mean Square Error

SAT Satellite-derived data prefix

SEN Local sensor data prefix

UK United Kingdom

uv Ultraviolet

UVA Ultraviolet A

UVB Ultraviolet B

WS Weather station data prefix
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The following mathematical symbols and representations are used in this manuscript:

Symbol Meaning

Hourly PV energy; j-th instantaneous PV power observation
Ewn, Pyj, At e i, .
within hour F; fixed sampling interval.

x; Corrected/interpolated observation at time ¢.
D; Binary daylight indicator at time ¢.
Solar zenith angle and irradiance variables used in the
0zt Isent, Iwst, GHIsat s davli L
aylight definition.
X Model input vector available at forecast issue time ¢.

Standardised value of predictor i and its training set mean
Zips Wijtrains Oitrain and standard deviation.
ft, it, of LSTM forget, input and output gates.
Ct, Ct, hy Candidate cell state, cell state and hidden state of the LSTM.
LSTM weight matrices, bias vector, sigmoid function, hyperbolic

W, U, b, o(-), tanh(-),
o(), tanh("), © tangent and Hadamard product.

Py, Forecast PV generation for target time ¢ + .

e, 0, Ls(e) Forecasting error, Huber loss threshold and Huber loss.

B, Ty(+) Number of RF trees and prediction of tree b.

En(), Tu(-), Fo(), M, 7 GB ensemble Prediction, tree Co.ntribution, initial estimate,
number of estimators and learning rate.

GENR Autoregressive PV generation predictor used for horizon k.

N, F Number of evaluated observations and number of predictors.

H S, E Sets of forecast horizons, random seeds and complete

experimental combinations.

PP PP Measured PV value, forecast PV value, mean measured PV
ir T To Dpeak value and observed peak PV value used in the metrics.

Z SD. K Metric for seed s, mean metric, sample standard deviation
s 1 1 and number of robustness runs.

prers pday  psG Current value, previous-day same-hour and solar

tHh? “tth T tth geometry-adjusted persistence forecasts.
O, Oryp Solar zenith angles at the forecast issue and target times.
FS Forecast skill relative to the selected persistence benchmark.

Temporal, local sensor, weather station and raw NASA
POWER feature groups.
Relative RMSE improvement compared with the

Ti, S, Wi, N{™

IrMSE . .
s reference configuration.

ApsT Relative RMSE change under BST-adjusted satellite timing.
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