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Abstract

This paper proposes an innovative hybrid multivariate deep learning approach to predict photovoltaic (PV) energy production in
winter houses, with a focus on lightweight models with low environmental impact. A methodology is developed to assess the
carbon footprint of these models, considering training energy consumption, operational CO, emissions, and energy savings from
PV production optimization. This approach allows selecting models that offer the best trade-off between predictive accuracy and
environmental responsibility. The study compares the performance of long short-term memory (LSTM), convolutional neural
networks (CNN), and a hybrid CNN-LSTM model for short-term PV production prediction in high-snow regions, using a Positive
Energy Winter House (PEWH) case study in Poschiavo, Switzerland. The results show that PV integration can reduce primary
energy consumption by up to 63%, with a decarbonization rate of 11%. However, full fagade coverage leads to overproduction due
to limited winter sunshine and relatively low energy consumption. LSTM optimization identifies configurations (south facade or
north roof) achieving decarbonization rates of 131% and 116% respectively, covering 95% to 114% of energy needs, and limiting
overproduction. The PEWH case study demonstrates the potential of lightweight deep learning for optimized energy prediction and
decarbonization of buildings, especially in cold regions, and highlights the importance of the carbon impact of models in the face

of the increasing availability of PV data for more efficient and eco-responsible predictions.
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1. Introduction 25

26
The incorporation of passive solar techniques and renewable |

energy systems into buildings presents a significant potential to
decrease energy consumption and tackle environmental issues.
Meticulous planning of new constructions and major renova-
tions, considering factors such as insolation, irradiation, and .
wind direction, can lead to net-zero energy buildings (NZEB).
This can result in considerable energy savings, ranging from 20
to 50%, as confirmed by prior studies (1; 2). The optimization _,
of building orientation and geometry is a critical factor in
maximizing solar energy production (3). Research carried out
by Vassiliades et al. has shown that the prudent orientation of
structures enables optimal sunlight capture, thereby contribut-
ing to increased renewable energy production (4). Photovoltaic
(PV) energy is emerging as a promising renewable energy ,
source for buildings, especially winter houses. However, its
production in winter is subject to significant fluctuations due
to adverse weather conditions, notably the accumulation of "
snow on the panels (5). Snow can cause an energy production
loss of up to 10% by reflecting more sunlight onto panels (6). ,,
This complex phenomenon makes the precise prediction of
winter PV production particularly challenging for traditional
software. Studies have indicated that PV production losses due
to single-face snow amount to an average of 33% in winter and |
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16% annually (7). These losses underscore the importance of
having accurate predictions of PV production for winter house
panel integration projects. Previous studies have underscored
the effect of sunlight fluctuations and related meteorological
variables on the behavior of households equipped with PV
panels (8). It is noteworthy that periods of strong sunlight lead
to an increase in solar energy consumption. Therefore, accu-
rate prediction of photovoltaic energy production is crucial in
winter for optimal energy management in buildings, especially
in houses used during the winter. Accurate predictions enable
households to better anticipate their energy consumption and
adjust their behavior accordingly. Optimizing the integration of
PV panels into building-integrated photovoltaic (BIPV) struc-
tures involves overcoming technical challenges related to the
precise modeling of their performance. Artificial intelligence
(AI) emerges as a promising solution to overcome these hurdles
and enhance the energy efficiency of BIPV systems (9; 10; 11).
Indeed, it provides powerful tools for analyzing complex
data and establishing precise predictive models. Studies have
demonstrated the potential of Al to accurately predict hourly
BIPV power. Polo et al. achieved promising results using
XGBoost and Random Forest machine learning models (12).
Recent advancements in PV prediction are turning to deep
learning approaches, particularly suited to time series (13).
Deep learning has advantages over traditional approaches
based on predicting solar irradiation and the resulting PV
production. While Al shows promise in PV prediction, existing
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deep learning models often neglect the complexities of winterios
conditions, leading to inaccurate predictions in winter housesios
(14). This limitation is often exacerbated by the use of generic, 1o
non-dynamic climate data in prediction software, makingi
accurate predictions challenging, particularly in regions withii2
diverse climates (15). As highlighted by P. Salimi et al., theus
use of dynamic, localized data is crucial for capturing weather:1s
variability and improving prediction accuracy (16). G. Yang etis
al. further emphasize this point, demonstrating that dynamic,e
localized weather data can significantly enhance the accuracyz
of solar energy prediction models, overcoming the limitationsis
of traditional machine learning approaches reliant on generics
climate data (17). Recent advances in artificial intelligenceizo
(Al), particularly deep learning, offer powerful tools to addressizs
these challenges by analyzing complex datasets encompassingiz
weather conditions and panel characteristics, enabling more ac-12s
curate predictions of PV production. Building on our previousizs
research on deep learning for energy forecasting (see Jouane etizs
al. (13)), the present study uniquely integrates carbon impactizs
assessment into the predictive framework. Although existingizs
research has explored Al for PV prediction, there is a needizs
for models that not only improve prediction accuracy but alsoiz
prioritize environmental sustainability. Recent advances in PV
optimization span both thermal and predictive approaches. Foris:
instance, studies integrating nanoscale phase change materialsis2
(PCMs) and nanofluidic cooling in PV/T systems (e.g., (18))1ss
demonstrate improved efficiency through hybrid thermaliss
models and neural network forecasts. Parallel work, such asiss
(19), leverages Al for PV prediction in complex environmentsise
but overlooks the environmental cost of Al itself. While ouris
study does not address PV/T thermal dynamics, we advanceiss
PV efficiency by proposing a hybrid CNN-LSTM modeliss
for short-term predicting and introducing a carbon footprintisx
assessment framework. This dual focus balancing predictionss
accuracy with model sustainability addresses a critical gap inie
Al-driven PV research. By aligning predictive performanceiss
with low carbon Al practices, our work complements thermal
efficiency innovations, offering a holistic approach to sustain-,,,
able PV system design.

145

146

Related Works 7
Existing research addresses the environmental impact of pho-_,
tovoltaic (PV) systems and the carbon footprint of AI models,,,,
providing valuable context for this study. Studies on the life-
cycle assessment (LCA) of PV systems have explored emis-
sions from manufacturing to disposal, quantifying greenhouse
gas (GHG) emissions and comparing them to fossil fuels (as,,
shown in the table 1) (20; 21). These analyses highlight the
potential for emission reductions through material innovationssss
and recycling (20). Furthermore, research on PV’s decarboniza-1ss
tion potential emphasizes its role in optimizing energy structuresss
and reducing reliance on fossil fuels (22; 21). Huo et al. (21)1s7
specifically examines the contribution of PV to China’s carboniss
peak target, emphasizing the importance of accurate PV gener-1s
ation predicting for policy decisions. In parallel, the burgeon-1eo
ing field of ”Carbon Impact Assessment of AI Models” exam-1s:

2

8

2

3

ines the energy consumption and CO, emissions of Al model
training and deployment. Studies have investigated the carbon
footprint of various machine learning models, including large
language models (23; 24; 25), highlighting the energy demands
and environmental implications of complex AI. These works
often utilize tools like CodeCarbon (25; 23)for emissions track-
ing, advocating for sustainable Al practices. Martiny et al. (25)
notably explores energy consumption patterns of different ML
algorithms, including LSTM for time-series data, using Code-
Carbon to monitor emissions.

This study distinguishes itself by integrating the carbon

impact assessment of Al models with optimized PV production
prediction, particularly in challenging winter conditions.
Unlike prior work focusing solely on PV’s lifecycle emissions
or the general carbon footprint of Al, we combine both aspects
for a more sustainable and accurate PV integration. By using a
hybrid deep learning approach, evaluating the carbon footprint
of different models, and employing TOPSIS for model selec-
tion based on both performance and environmental impact,
this study contributes a more holistic and environmentally
responsible framework for PV energy prediction.
This paper presents a innovative hybrid multivariate deep
learning approach to predict PV energy production in winter
homes under winter conditions, with a focus on energy-efficient
models with minimal environmental impact. Careful selection
of models and optimizers for accurate solar energy prediction
is essential to this approach, contributing significantly to the
optimization and planning of solar energy systems under
harsh winter conditions. We present a methodology to assess
the environmental footprint of these models, considering
factors such as material consumption and CO, emissions, with
the aim of minimizing their negative environmental impact
while maximizing predictive performance. This focus on the
selection of environmentally friendly models underlines the
relevance of the study for the field of renewable energy.

Key Contributions of the Study

This study proposes several notable advances in the field of
low greenhouse gas emission photovoltaic (PV) production pre-
dicting and in favor of maximum decarbonization:

e Hybrid methodology and carbon impact assessment:
We propose a new methodology combining a hybrid CNN-
LSTM model and a Carbon Impact Assessment of Models
for a more accurate and eco-responsible prediction. This
approach takes into account both predictive performance
and environmental sustainability.

e TOPSIS-based model selection: We use the TOPSIS
method to select the best performing and least environ-
mentally impactful model among different deep learning
models. This multi-criteria approach allows for a more
informed and objective selection. This is particularly rel-
evant given that future work is oriented towards exploit-
ing the increasing availability of production and irradiation
data, requiring the selection of low-impact models.
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Table 1: Comparison of Related Work with This Study

Study | Focus Methodology Key Findings/Contributions

(22) Impact of PV innovation on | Econometric analysis PV innovation correlated with CO, reduc-
CO, tion

(20) LCA of PV systems LCA calcul method of decarboniza- | PV’s lower carbon footprint vs. fossil fuels

tion

(23) Carbon footprint of Al mod- | CodeCarbon Al Models have significant carbon footprint
els

24) Carbon emissions of ML | Empirical analysis ML training has environmental costs
models

(21) PV’s contribution to carbon | BiLSTM forecasting, scenario analy- | PV crucial for achieving carbon peak targets
peak sis

25) Sustainable Al, energy con- | Empirical analysis, CodeCarbon Strategies for reducing ML energy con-
sumption of ML sumption

This Optimized and  decar- | Hybrid deep learning, Carbon Impact | Accurate and low-carbon LSTM model for

Study | bonized PV energy integra- | Assessment, TOPSIS, Decarboniza- | PV prediction, with optimized panel place-
tion in the PEWH tion Method ment enhancing energy decarbonization for

the PEWH (Positive Energy Winter House).

¢ PV Panel Placement Optimization: We demonstrate theos
importance of PV panel placement optimization to maxi-iss
mize energy production and decarbonization, particularly1ss
in cold regions. The PEWH case study highlights the sig-z00
nificant gains achievable through strategic placement. 201

202

e Winter Conditions Analysis: This study specifically ad-,,
dresses the challenges of predicting PV production in win-,,
ter conditions, taking into account factors such as limited,,

sunlight and snow accumulation. 206

The primary objective of this study is to develop an Al-driven
methodology that enhances the accuracy of PV energy predict-zo
ing in winter houses while minimizing the carbon footprint
of model training. By integrating a hybrid CNN-LSTM deep®®
learning model, a carbon impact assessment, and the TOPSISz0s
decision framework, The aim is to provide a sustainable andawo
high-precision solution for optimizing PV integration in cold-zr
climate buildings.” It is noteworthy the primary objective of thiszi2
research is to address a critical challenge in solar energy sys-zis
tems: the accurate prediction of PV energy production in win-21
ter houses, particularly in high-snow regions. The deep learn-z1s
ing models are tools used to achieve this goal, but the corezs
focus remains on optimizing PV energy production, improv-zi7
ing energy efficiency, and enhancing decarbonization in build-21s
ing key topics within the solar energy domain. The paper is
structured as follows: Section 2 details the scientific methodol-
ogy, encompassing the architectures of the deep learning mod-
els (CNN, LSTM, and the proposed hybrid CNN-LSTM) and
the carbon impact assessment methodology, which considers
hardware energy consumption (CPU, GPU, RAM), CO, emis-
sions from electricity production, and potential energy savings
from PV production optimization. Section 3 describes the ex-
perimental setup, including the training data process, perfor-
mance metrics, and the dataset used. Section 4 presents the re-
sults and discussion, covering the environmental impact assess-z21s
ment, model ranking using TOPSIS, performance comparisonzzo

3

with conventional software (PVsyst, BIMSolar), and analysis
of energy efficiency and decarbonization potential under vari-
ous PV panel placement scenarios. This integrated approach,
balancing predictive accuracy with environmental responsibil-
ity, aims to contribute to a more sustainable solar energy pre-
diction framework. Our findings highlight the importance of
considering the full environmental footprint of predictive mod-
els, especially given the increasing availability of PV produc-
tion and irradiation data, paving the way for more informed and
environmentally conscious model selection in future research.

2. Scientific Methodology

2.1. Methodological architecture

In this research, data collected from the Positive Energy Win-
ter House (PEWH) to analyze PV energy production. The
power output of the system was meticulously documented at
five-minute intervals, measured in kilowatt-hours (KWh), and
stored in a dedicated database. Located in Poschiavo, Switzer-
land, within the canton of Grisons, as depicted in Fig. 1, the
winter house is equipped with PV panels seamlessly integrated
across its facades and roof. This comprehensive setup encom-
passes a total of 435 panels, resulting in an impressive annual
production capacity of approximately 45,000 kWh.

Figure 1: PEWH equipped with PV panels.

The overarching framework of our methodology is illustrated
in Fig. 2. The novelty of this study lies in the advancement of
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a multivariate approach for short-term PV prediction using ar-27
tificial deep learning models, tailored to optimize performance.zrz
This approach enables us to predict solar power in the extremelyzrs
short term, requiring a brief training period on multivariate timezs
series. Essentially, the study seeks the most effective approachzso
for a winter house to predict production, emphasizing bothos
prediction accuracy and efficient training. The evaluation ofas
our models incorporates metrics such as Mean Absolute Errorzss
(MAE), Root Mean Square Error (RMSE), and Mean Squarezss
Error (MSE). In our context, an optimal model is characterizedzss
by minimal MAE and a reduced training duration. In Fig. 2,2
we introduce a innovative method for predicting PV productionzs;
in the Positive Energy Winter House (PEWH), utilizing a mul-2ss
tivariate approach. Precision in prediction is crucial over veryas
short periods and extended training intervals, considering mul-zs0
tivariable input data that incorporates meteorological data, 10-2o1
cation, orientation, and Building Information Modeling (BIM)2s2
data of the house. Furthermore, our hybrid approach is distin-zss
guished by the combination of a convolutional neural networkzss
(CNN) and a long short memory neural network (LSTM). Thezss
CNN allows to extract spatial features from meteorological andzss
irradiance data, while the LSTM models the temporal depen-z-
dencies of PV production time series. This synergy, inspiredzss
by recent studies (see for example (14), (17)), aims to signif-ze
icantly improve the accuracy of forecasts in winter conditionsaoo
while reducing the environmental cost of artificial intelligenceso
models. 302
303
2.2. Deep Learning models 304
In this work, we compare three deep learning approaches forsos
short-term prediction of PV production: (i) the LSTM model,
adapted to capture temporal dynamics; (ii) the CNN model,
which extracts spatial features from the input data; and (iii) a
hybrid CNN-LSTM architecture that combines these two ap-
proaches and shows the interest of hybridization to improve the
accuracy and robustness of forecasts in complex environments
(14).

2.2.1. Convolutional Neural Network (CNN):

The convolutional neural network (CNN) is a fundamental
component of artificial neural networks, renowned for its adept-
ness in various applications, notably excelling in tasks like fa-
cial and vocal emotion recognition, where it demonstrates ansos
impressive capacity for extracting intricate features (26; 27).s07
However, its utility extends far beyond these domains; it provesaos
to be remarkably effective in the domain of short-term PV en-aes
ergy prediction as well. This assertion finds support in the workato
of Yuchi, S. et al., who devised a proficient CNN-based models:
specifically tailored for predicting PV energy at 15-minute in-s:
tervals (28). 313
The architecture of the CNN model is structured around fours
fundamental layers, each serving a unique function: the con-ais
volution layer, pooling layer, rectified linear unit (ReLU) acti-a1s
vation layer, and fully-connected layer. The convolution layersi
acts as the backbone of the CNN, responsible for detecting pat-sis
terns and features within the input data through convolution op-ais
erations. These operations involve applying a set of learnableszo

4

filters to the input data, resulting in feature maps that highlight
relevant spatial patterns. Following the convolution layer, the
pooling layer plays a pivotal role in downsampling the feature
maps, reducing their spatial dimensions while preserving es-
sential information. Common pooling techniques include max
pooling and average pooling, which help to enhance the net-
work’s translational invariance and reduce computational com-
plexity.

The rectified linear unit (ReLU) activation layer introduces
non-linearity into the network by applying the ReLU function
element-wise to the feature maps. This activation function en-
hances the model’s capability to capture complex relationships
within the data, promoting faster convergence during training
and mitigating the vanishing gradient problem. The ReLU
function sets all negative values to zero while leaving positive
values unchanged, resulting in sparse, more discriminative rep-
resentations.

Finally, the fully-connected layer, also known as the dense
layer, serves as the interface between the convolutional lay-
ers and the output layer, facilitating the transformation of the
high-level features extracted by the preceding layers into pre-
dictions or classifications. Each neuron in the fully-connected
layer is connected to every neuron in the preceding layer, allow-
ing for comprehensive information integration and abstraction.
By leveraging the combined functionality of these key layers,
the CNN architecture proves to be a formidable tool for short-
term PV energy prediction, enabling the extraction of relevant
temporal and spatial features from solar irradiance and other
relevant meteorological data, thereby enhancing the accuracy
and robustness of the prediction model.

CNN

» TRAIN DATA first layer second layer
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Figure 3: CNN architecture.

2.2.2. Long Short-Term Memory (LSTM):

Long Short-Term Memory (LSTM) is a type of Recurrent
Neural Network (RNN) designed to effectively learn and re-
member long-term dependencies in sequential data (29). It is
widely recognized as a prominent example in predictive mod-
eling, as noted by Hochreiter and Schmidhuber (30). LSTM’s
efficacy lies in its ability to address various challenges in time
series prediction, accommodating both univariate and multi-
variate scenarios. Its distinctive architecture, which includes a
central cell state and three essential gates, enables LSTM to se-
lectively assimilate, release, or retain information. This unique
feature enhances its capacity to recognize and model complex
temporal patterns, making LSTM especially effective at under-
standing and modeling complex temporal patterns within data.
The architecture of this model is illustrated in Fig. 4, with the
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Figure 4: LSTM architecture. 349
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2.2.3. Hybrid model (CNN-LSTM): 31

The integration of hybrid models combining the convolu-**

tional neural Network and the LSTM network presents a signif-**
icant advantage by combining the strengths of both paradigms.®*
A hybrid approach is explored in which CNN and LSTM are®
synergistically used for enhanced time series prediction.The ar-
chitecture of the proposed hybrid model that we call ConvL-sss
STM is illustrated in Fig. 5. The model integrates two distinct

phases: feature extraction and sequential learning. o

358

359
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Figure 5: Architecture of the hybrid model. 368

369
First, the CNN component is employed to extract signifi-an
cant features from the input time-series data. CNNs are adepts

5

at identifying and capturing spatial hierarchies and patterns,
which makes them highly effective in preprocessing time-series
data to highlight important features. Following feature extrac-
tion, the identified features are fed into the Long Short-Term
Memory (LSTM) network. LSTMs are designed to handle and
learn from sequential data by capturing temporal dependencies
and long-range relationships. This phase enables the model to
analyze and predict based on the sequential nature of the fea-
tures extracted by the CNN. This hybrid approach proves to be
effective for handling complex time series datasets. The CNN’s
role in extracting relevant features enhances the LSTM’s abil-
ity to manage and learn from sequential data. This combination
allows the model to achieve a high level of accuracy and robust-
ness in prediction tasks. A critical aspect of our study is the re-
finement of the model’s hyperparameters. Key parameters such
as the number of convolutional filters, kernel sizes, the number
of LSTM units, learning rates, and regularization techniques
have been meticulously optimized. This optimization process
aims to improve the model’s performance and ensure its effec-
tiveness across diverse and complex time series datasets.

2.3. Carbon Impact Assessment of Models

In order to quantify the environmental impact of our deep
learning models, the Python library CodeCarbon was inte-
grated. This allows us to measure the energy consumption of
the hardware (CPU, GPU, RAM) during training, by taking pe-
riodic readings. The associated CO, emissions are calculated
via a carbon intensity factor (gCO,eq/kWh), based on the re-
gional energy mix obtained from public data sources. The train-
ing time is also analyzed, since a reduction in computation time
directly reduces the carbon footprint. This approach, aligned
with recent work (25), provides a transparent and reproducible
assessment, essential for models deployed at large scale.

Fig. 6 illustrates CodeCarbon’s methodology: energy con-
sumption (in kWh) is multiplied by the carbon intensity of elec-
tricity (in gCO,eq/kWh) to estimate total CO, emissions. In
the absence of specific regional data, CodeCarbon uses a global
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average value. CodeCarbon’s minimal impact on performance
is a key advantage. Its scheduler periodically measures en-
ergy consumption, ensuring negligible overhead on the main
application. This allows for seamless integration of emissions
monitoring into Python code, without significantly impacting
performance or requiring major changes. While CodeCarbon
is a valuable tool, it has limitations. Like any tool, it relies
on assumptions and approximations. For example, for proces-
sors not referenced in its database, CodeCarbon uses a constant
value. Similarly, in the absence of precise data on the carbon
intensity of the local electricity grid, it uses global average val-
ues. Despite these limitations, CodeCarbon remains a powerful
and accessible solution for quantifying the environmental im-
pact of model development. Other methodologies, such as life
cycle assessment (LCA) and product carbon footprint calcula-
tions, offer alternative approaches. As the technology industry
increasingly places emphasis on sustainability, we can expect
more sophisticated tools and best practices to emerge, improv-
ing the accuracy of emissions tracking and providing a more
comprehensive understanding of the carbon footprint of soft-
ware projects. Our method for calculating CO,eq emissions,
illustrated in Fig. 6, follows an approach commonly used in the
life cycle assessment (LCA) of information and communication
technologies (ICT) (31). It consists of multiplying energy con-
sumption (kWh) by the carbon intensity of the electricity mix
(gC0O,eq/kWh) (32), which reflects the average greenhouse gas
emissions per unit of electricity produced, taking into account
the energy mix (33).

3. Experimental Setup

3.1. Training

Four models (ANN, CNN, ConvLSTM, and LSTM) were
trained to predict the PV energy production of the winter house.
The architectures of these models are detailed in Fig. 7. The
ANN model is composed of three densely connected layers,
each designed to progressively extract and learn features from
the input data, followed by an output layer that generates the fi-
nal predictions. The CNN model consists of two convolutional
layers that specialize in capturing spatial features from the input
data. These layers are followed by a dense layer, which further
processes the extracted features, and an output layer that pro-
vides the final output. The LSTM model is structured with two
LSTM unit layers, which are particularly effective for captur-
ing temporal dependencies in sequential data. These layers are
followed by an output layer that produces the final prediction.
Finally, the hybrid model combines elements of both convo-
lutional and recurrent networks by incorporating two ConvL-
STMID layers. These layers blend convolutional operations
with LSTM units to capture both spatial and temporal patterns
in the data. The ConvLSTM1D layers are followed by a dense
layer and an output layer, which together deliver the final pre-
diction. Table. 3 details the parameter count for each model,
providing an indication of their respective complexities. The
ANN model consists of 95,555 parameters, highlighting its rel-
atively lower complexity in comparison to the other models.

Table 2: Dataset description.

Parameters | Description Units
Air temp The air temperature at 2 meters | °C
above surface level
Albedo The average daytime surfacere- | 0 — 1
flectivity of visible light
Azimuth The angle between the horizon- | °
tal direction of the sun, and due
north
Clearsky The diffuse irradiance received | W/m?
DHI on a horizontal surface (if there
are no clouds)
Clearsky The direct irradiance received | W/m?
DNI on a horizontal surface (if there
are no clouds)
Clearsky Total irradiance on a horizontal | W/m?
GHI surface (if there are no clouds).
The sum of direct and diffuse
irradiance components received
on a horizontal surface
Clearsky Total irradiance received on a | W/m?
GTI surface (if there are no clouds),
with defined tilt and azimuth
(sum of direct, diffuse and re-
flected components), fixed or
tracking.
Cloud opac- | The attenuation of incoming | %
ity sunlight due to cloud
Dewpoint The dewpoint temperature at 2 | °C
temp. meters above surface level
DHI The diffuse irradiance received | W/m?
on a horizontal surface
DNI Irradiance received from the di- | W/m?
rection of the sun
GHI Total irradiance on a horizon- | W/m?
tal surface. The sum of direct
and diffuse irradiance compo-
nents received on a horizontal
surface
GTI Total irradiance received on a | W/m?
surface with defined tilt and
azimuth (sum of direct, dif-
fuse and reflected components),
fixed or tracking.
Precipitation | Precipitable water of the entire | Kg/m?
water atmospheric column.
Precipitation | An estimate of the average pre- | mm/h
rate cipitation rate
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Figure 6: CodeCarbon methodology.

The CNN model, with 206,849 parameters, demonstrates a sig-4ss
nificantly more complex architecture. The Long LSTM modelsss
occupies an intermediate position, with a total of 129,345 pa-ss-
rameters. In contrast, the ConvLSTM model, with 60,801 pa-ss
rameters, exhibits the lowest parameter count among the mod-ase
els analyzed. These differences in parameter counts underscoresso
the varying levels of architectural complexity across the mod-ss
els. Having fewer parameters in the ConvLSTM model offers

462
Model Parameter Count 463
ANN 95,553 464
CNN 206,849 465
LSTM 129,345
ConvLSTM 60,801

467

Table 3: Parameter counts for each model, reflecting their respective complex-468
ities.

several advantages, including reduced computational complex-
ity and improved generalization. A model with fewer parame-
ters generally requires less memory and computational power,
leading to faster training and inference times. This efficiency“®
is particularly beneficial in resource-constrained environmentsa
and for real-time applications. Additionally, fewer parameters,,,
reduce the risk of overfitting, as the model is less likely to mem-
orize noise from the training data, thereby improving its perfor-473
mance on unseen data. This reduction in parameter count alsoazs
simplifies the hyperparameter tuning process and can lead toars
more stable training, enhancing the model’s robustness and in-sz
terpretability. 477
To ensure a fair comparison among the models, the training
procedures were standardized across all models. For training,”
the Adam optimizer was used with a learning rate set to 10e~3.*"”
Each model was trained for 50 epochs with a batch size of 512,
and the training was conducted on a single Tesla T4 GPU. This
setup ensures consistent and comparable performance metrics
for each model, facilitating a thorough evaluation of their pre-
diction capabilities. Our model assessment strategy involves
dividing the data into 80% for training, 10% for validation, andss.

7

480

481

10% for testing. This approach ensures a robust evaluation by
allowing the model to learn from the majority of the data, while
the validation set is used to fine-tune the model’s hyperparam-
eters and prevent overfitting. Finally, the testing set provides
an unbiased assessment of the model’s performance on unseen
data, giving us a clear indication of how well it is likely to gen-
eralize to new, real-world data.

3.2. Metrics

To evaluate the performance of the models in prediction PV
energy production, several key metrics are used. Each metric is
defined as follows:

e R-squared (R?): This metric measures the proportion of
variance in the target variable that is explained by the
model. It is calculated as:

Z?ﬂ()’i - 5’:’)2

R*=1-
Z?:l(yi _)_’)2

ey

where:

— y; is the actual value for the i-th observation,
— ¥; is the predicted value for the i-th observation,
— yis the mean of the actual values,

— n is the number of observations.

The R? metric, used to evaluate model performance, is de-
fined in Equation 1. An R? value of 1 indicates that the
model explains all the variance, while a value of 0 indi-
cates no explanatory power.

e Mean Absolute Error (MAE): This metric measures the
average magnitude of errors in predictions, without con-
sidering their direction. The MAE is computed using
Equation 2. It is given by:

] n
MAE = — P~ Ai 2
. 21] i = $i &)

where:
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Figure 7: A detailed look at the architecture of each one of the used models.

— n is the number of observations, 502

— ly; = $il is the absolute error for the i-th observation. ™

504
e Mean Squared Error (MSE): This metric measures the
average squared difference between predicted and actual
values, giving more weight to larger errors. The MSE is

given by Equation 3 and calculated as: o5

506

1 n
MSE:—E =9 3
”i:1(y i) (3)
508

where: 50

510

— n is the number of observations, o

— (y; — $;)? is the squared error for the i-th observation s
513
¢ Root Mean Squared Error (RMSE): This metric is the
square root of the MSE and provides a measure of the aver-
age magnitude of the errors, expressed in the same units as
the target variable. The RMSE is determined using Equa-
tion 4. It is computed as:

RMSE = @

where:

— nis the number of observations,

— (y; — $i)? is the squared error for the i-th observation.
514

e Mean Absolute Percentage Error (MAPE): This metricsis
calculates the average absolute percentage error relative toss

8

the actual values, providing insight into the model’s accu-
racy across different scales. The MAPE is given in Equa-
tion 5. It is given by:

100% <
MAPE =

22 )
Vi

where:

— n is the number of observations,

Yi
servation.

- |y— is the absolute percentage error for the i-th ob-

These collective metrics provide a comprehensive guide to
choosing the best performing model, based on the accuracy of
its predictions and the characteristics of its errors. The param-
eters of the measures used in the equations are summarized in
Table 4.

Symbol | Description
Vi Actual value of the i-th observation
Pi Predicted value of the i-th observation
y Mean of actual values
n Total number of observations
R? Coefficient of determination
MAE Mean Absolute Error
MSE | Mean Squared Error
RMSE | Root Mean Squared Error
MAPE | Mean Absolute Percentage Error

Table 4: Summary of notation used in the equations.

3.3. Dataset
The dataset used for training the models includes meteoro-
logical data and PV energy production (table 2), with the latter
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being the target variable. 571

Meteorological Data: This includes various weather-relatedsz.
features that are essential for prediction PV energy production.szs
The data points include, but are not limited to, temperature, hu-s
midity, wind speed, and solar radiation. These variables ares:s
crucial for understanding the environmental conditions impact-szs
ing PV energy generation. 577

PV Energy Production: This is the target variable of our pre-*®
diction models. It represents the amount of energy produced®”
by the PV system and is recorded at regular intervals. Accurate®®
prediction of this variable is critical for optimizing energy man-°*'
agement and planning. The meteorological data was obtained,,
from the Solcast platform and spans from July 1Ist, 2021, to_,
May 31st, 2022. This dataset comprises a total of 28 columns
which are detailed in Table. 2.

584
585
586

4. Results and discussions 587

588
4.1. Environmental Impact Assessment: Energy Consumption_

and CO, Emissions

This section presents a comprehensive evaluation of the per-sw
formance and environmental impact of the LSTM, ANN, CNN,so!
and ConvLSTM models. Fig. 8 illustrates the performance ofse
each model, using the metrics defined in Section 3.2. The hy-s%
brid model is distinguished by an R? score comparable to thatses
of the LSTM model, but with a smaller number of parameters,sss
suggesting better resource efficiency. The model performancesss
evaluation, presented in Fig. 8, indicates that the hybrid modelssr
offers promising results. Indeed, the hybrid CNN-LSTM modelsss
achieves the best predictive accuracy with an R? of 0.975, out-sg,
performing the standalone CNN (R?> = 0.928) and the LSTMe,
(R*> = 0.971), confirming that the integration of spatial alnd601
temporal feature extraction improves robustness, especially in
fluctuating winter conditions. The RMSE and MAE values in-g.
dicate that the CNN-LSTM model maintains lower prediction60
errors compared to other models, which is particularly rele-604
vant for managing energy storage and grid stability in winter
houses. The MAPE metric highlights that prediction accuracy®”
decreases slightly during extreme snow conditions, requiringse
adaptive training strategies. However, a more detailed anal-so
ysis of its environmental impact, performed using the Code—608
Carbon library (Section 2.3) and illustrated in Fig. 9, 1reveals609
unexpected complexity. Indeed, while the hybrid model ini-610
tially seems lighter in terms of parameters, its carbon footprint
is not systematically the lowest. This observation highlightss
the need for a multidimensional assessment of deep learning
models, taking into account both technical and environmen-61
tal aspects. To assess the environmental impact, we analyzed
the energy consumption and corresponding CO, emissions dur-""
ing model training, using the CodeCarbon library (described in_,,
Section 2.3) (Fig. 9). CodeCarbon measures the energy con-
sumption of the hardware (CPU, GPU, RAM) and calculatessis
CO; emissions based on the carbon intensity of the local elec-sis
tricity grid. Although the hybrid model initially seems greener,s
a deeper analysis of its training time and energy consumptionsis
reveals that it is not necessarily the optimal choice. 619

9

4.2. Model Ranking by the TOPSIS Method

In order to obtain a comprehensive ranking of models, tak-
ing into account both performance and environmental impact,
we applied the TOPSIS method (34). TOPSIS, a multi-criteria
analysis method using compensatory aggregation, compares al-
ternatives by weighting the criteria, normalizing the scores, and
calculating the geometric distance to an ideal solution. This ap-
proach allows ranking models according to their proximity to
this ideal solution, by considering several often contradictory
criteria (35). The steps of the TOPSIS method are detailed be-
low:

1. Decision Matrix: This matrix X is constructed with m
models (rows) for n criteria (columns), with x;; as the per-
formance of model i with respect to criterion j.

2. Weights: A weight w; is assigned to each criterion to in-
dicate its importance. The weights are usually chosen to
sum to 1 and are shown in table 5.

3. Normalization: The decision matrix is normalized to
form the matrix R = [r;;], with r;; = —2

1 xé

4. Weighted Normalized Decision Matrix: Each normal-
ized criterion is then multiplied by its respective weight to
obtain the weighted normalized decision matrix V = [v;/],
with Vij = Wj - Ijj.

5. Ideal and Negative-Ideal Solutions: The ideal solution
A* and negative ideal solution A~ are defined as A* =
{v’fj, v;j, V:U'} and A~ = {va, v;/ v;j}, where for all j
except for the R2 score, vj. = min;(v;;) and v, = max;(vi;),
and for the R2 score, vj. = max;(v;;) and v = min;(v;;).

6. Separation Measures: The separation from the ideal so-
lution S} and the separation from the negative ideal so-
lution S are calculated as S} =

. [2?:1(\)1‘]' - Vj.)2 and
S; = Xy —v)

7. Relative Closeness to the Ideal Solution: The relative
closeness of the alternative i with respect to A* is calcu-

lated as C; = S*ST
8. Rank the Preference Order: The alternatives are ranked
according to C;, and the one with the highest C; is chosen.

Applying the TOPSIS method to the four models (LSTM,
ANN, CNN, and ConvLSTM) based on their performance met-
rics yielded the following proximity coefficients:

e LSTM: 0.836265

e ANN: 0.801073

e CNN: 0.692485

e ConvLSTM: 0.314679

A higher coefficient indicates a better model. The LSTM model
is therefore the best performer according to our TOPSIS analy-
sis.

The TOPSIS proximity coefficients (LSTM: 0.83; Hybrid
CNN-LSTM: 0.31) highlight a crucial challenge in sustainable
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Al for renewable energy systems: balancing predictive accu-
racy with environmental responsibility. As shown in Fig 10,
the standalone LSTM model achieves near-optimal accuracy
(R* = 0.971) while maintaining minimal computational costs
(0.85 kWh energy, 45 gCO,eq emissions). In contrast, the hy-
brid CNN-LSTM model provides only a marginal improvement
in R? (0.975), a gain of just 0.4%, at a disproportionately high
environmental cost. It consumes 32% more energy (1.45 kWh)
and produces 69% higher CO, emissions (76 gCOeq). This
significant divergence illustrates a diminishing returns effect,
where the hybrid model’s architectural complexity (60,000 pa-
rameters vs. LSTM’s 129,000) introduces considerable over-
head without a proportional accuracy gain. The LSTM model
ranks highest in the TOPSIS evaluation due to its superior bal-
ance of accuracy, energy efficiency, and low carbon footprint,
making it a pragmatic choice for most winter house applica-
tions. However, the hybrid model’s slight accuracy advantage643
may be critical in specific scenarios requiring spatial-temporal
granularity, such as predicting PV output during rapid snowmelt__
events or multi-facade shading dynamics. For example, in cases
where localized snow accumulation on south-facing panels cre-
ates micro-variations in production, the CNN’s spatial feature648

extraction could enhance short-term forecasting. o
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Table 5: Criteria and their assigned weights.

Criteria Weight
duration 0.05
emissions 0.2
energy consumed 0.2
model size 0.2
MAE 0.05
MSE 0.05
RMSE 0.05
MAPE 0.05
MASE 0.05
R? 0.1

Recent research underscores the importance of tracking the
environmental impact of software development. For example,
Sevilla Martinez et al. (36) investigated the CO, emissions of
training convolutional neural networks for autonomous driv-
ing, highlighting the need for energy-efficient algorithms and
emphasizing energy efficiency as a measure of model qual-
ity. They utilized CodeCarbon to measure carbon emissions
associated with their training process, demonstrating the tool’s
utility in quantifying the environmental footprint of machine
learning models. Similarly, Sousa et al. (37) employed Code-
Carbon to evaluate CO, emission rates for their deep learning
models (ConformalLayers). They found that ConformalLayers-
based networks had lower emission rates than their conven-
tional counterparts, especially as network depth increased, thus
showcasing the potential of architectural choices to impact the
environmental sustainability of software systems.

4.3. Performance of PV Prediction models and comparison
with conventional software tools

This section evaluates the performance of our selected low-
carbon prediction model, a lightweight LSTM, in predicting PV
production for the Swiss winter house (Fig. 1) during the win-
ter period. The proposed model is compared to established
software such as BIMsolar and PVSyst (13). Fig. 11 pro-
vides a monthly comparison of actual PV production against
the predictions of our model and the benchmark software. The
LSTM model effectively captures seasonal production trends,
especially during the winter, while BIMsolar and PVSyst sys-
tematically underestimate production during this critical period,
as noted by Othman et al. (38). The LSTM model’s predic-
tions align more closely with actual production, demonstrating
its superior performance over traditional software. This vari-
ability of solar energy production in snowy regions highlights
the influence of seasonal weather conditions on PV systems,
emphasizing the need for empirical models, as advocated by
Nazzareno Diodato et al. (39), especially in climates such as
the central Mediterranean. The importance of optimized pre-
diction models for accurate PV integration, especially in winter
house projects, is further reinforced by the quantitative eval-
uation presented in Table 6. This table compares the mod-
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els using standard metrics (MSE, R?, MAE, MAPE), demon-
strating that LSTM achieves higher accuracy, with predictions
closer to real values than those of BIMSOLAR and PVSYST.
The lower computational requirements of LSTM compared to
other deep learning models like CNNs and ConvLSTMs align
with our low-carbon goal, extending from the prediction model
itself to building decarbonization through efficient PV integra-
tion. Furthermore, we analyze the relative deviations between
actual production and predictions of our LSTM model, BIM-
SOLAR, and PVSyst (Fig. 12). These deviations highlight
the challenges faced by conventional software, especially in
winter when weather conditions are highly variable. As high-
lighted by Salimi et al. (16) and Li et al. (17), dynamic and
localized data are essential for accurate prediction, outperform-
ing generic Typical Meteorological Year (TMY) data-based ap-
proaches commonly used in conventional software. These re-
sults highlight the need for optimized prediction models like
our lightweight LSTM, especially for PEWH winter houses, to
enable efficient and sustainable integration of renewable energy.
While our hybrid CNN-LSTM model demonstrates strong per-
formance for PV energy prediction in winter conditions, pre-
liminary investigations indicate that its generalization to drasti-
cally different climates (e.g., arid or tropical regions) and archi-
tectural configurations (e.g., high-density urban buildings) re-
mains unvalidated. Consequently, future work will explore the
integration of advanced architectures such as Time Convolu-
tional Networks (TCNs) and Transformers. These models have
shown promise in capturing long-term temporal dependencies
and could further improve prediction accuracy in highly vari-
able environments. Preliminary investigations into TCNs are
already underway, and a comparative analysis of their compu-
tational efficiency, carbon footprint, and robustness in snowy
climates will be included in subsequent studies. In addition,
alignment with ISO 14064 carbon accounting standards willzs
be pursued to strengthen the benchmarking against global sus-72s
tainability metrics, filling a critical gap in Al-driven renewablerzs
energy systems. These extensions, together with a compara-77
tive analysis of computational efficiency and carbon footprint,2s
will provide a more comprehensive assessment of state-of-the-7zo
art approaches for PV power predicting. 730
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Figure 11: Monthly PV Output Comparison: monthly PV production on a
south-facing roof by various Al model and sizing software tools.

Table 6: Comparison of performance metrics of PV prediction models.

Model MSE R2 MAE MAPE
LST™M 570.41 0.997 22.416 | 0.0099
BIMSOLAR | 403237.08| -0.5621 | 534.75 | 0.257
PVSYST 48796.83 | 0.8109 181.83 | 0.085

4.4. Analysis of Energy Efficiency and Decarbonization Poten-
tial

To optimize PV installation strategies for positive energy
winter homes (PEWH), The energy efficiency and decarboniza-
tion potential of various configurations using data from a
PEWH case study. This house is currently equipped with PV
panels on all facades (south, east, west, and north) and roof sec-
tions (south and north), providing real-world data on PV pro-
duction, energy consumption, and grid feed-in for each build-
ing component. This comprehensive dataset, combined with
our predictive model, allows us to develop optimized decar-
bonization scenarios, avoiding energy overproduction and ac-
counting for embodied carbon emissions associated with PV
manufacturing and transportation. Table 7 compares primary
energy consumption and GHG emissions with and without PV
panels. Without PV panels, the house is entirely dependent on
the Swiss electricity mix, resulting in a primary energy con-
sumption of 727.03 kWhep/m*S U.year. The integration of
PV panels significantly reduces this consumption to 266.25
kWhep/m*S U.year (a reduction of 63%), even without bat-
tery storage. While 36% of the house’s energy needs are still
met by the grid, this substantial reduction demonstrates the ef-
fectiveness of PV systems in meeting the energy demands of
buildings, consistent with the reported energy savings of 20 to
50% through the integration of renewables (1; 40). The en-
vironmental impact is equally significant. Without PV, GHG
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Table 7: Decarbonization Potential of PV Panels: Primary Energy and GHG Emission Reduction in a PEWH House

Electricity consump- | GHG emissions from | Decarbonization
tion in primary energy | Consumption electricity | rate (%)
(kWhep/mS U.year) (kgeqCOz/sz U.year)
Without PV | 727.03 16.44 0
Panels
Electricity consumption in | GHG emissions from Elec- | GHG emissions | Decarbonization
primary energy (Grid cover) | tricity covered by Grid en- | from Electricity | rate (%)
(kWhep/mS U.year) ergy (kgeqCO,/m*S U.year) Directly consumed
(kgeqCO,/m*S U.year)
With PV | 266.25 6.02 8.61 11
Panels

emissions reach 16.44 kgeqCO,/m>S U.year. With PV inte-7es
gration, GHG grid-supplied electricity emissions decrease tozer
6.02 kgeqCO,/m?.S U.year. The electricity consumption ofres
the PV system, including embodied carbon, contributes 8.6179
kgeqCO,/m?*.S U.year. This translates to a net decarbonizationso
rate of 11%, as shown in Table 7. Although this is a significantsr
improvement, this lower rate compared to studies excludingz
embodied carbon (41; 42) highlights the importance of consid-77
ering the full lifecycle emissions of the panel before its integra-77
tion into the winter house PEWH. Nevertheless, the transitionzzs
from 0% to 11% decarbonization demonstrates the positive im-77
pact of PV integration. This reduction in grid supplied and PV
related emissions highlights environmental benefits, consistentrzs
with trends observed in studies of renewable energy systemsrzs
(43). 780
In regions with heavy snowfall, our study shows that installingzes
panels on all facades can lead to overproduction and an unde-7s
sirable increase in the carbon footprint. On the other hand, byzes

13

opting for targeted configurations such as installing them ex-
clusively on the south facade or on the north roof, it is possi-
ble to adjust the production to the actual needs of the build-
ing. These optimized configurations improve the decarboniza-
tion rate (with observed rates of 131% and 116%, respectively)
while reducing energy waste, thus providing an optimal bal-
ance between production and environmental impact. Recent
studies have advanced the use of deep learning for PV pre-
dicting; for example, Kumar et al. (44) demonstrate the ap-
plication of Al to improve PV system performance, and other
researchers have proposed hybrid models to improve forecast
accuracy (45). However, these works generally neglect the en-
vironmental costs associated with model training and operation.
In contrast, our study fills this gap by integrating a carbon foot-
print assessment via the CodeCarbon library and applying the
TOPSIS framework for multi-criteria model selection. This in-
tegrated approach not only improves forecast accuracy but also
ensures that the selected model minimizes energy consumption
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836

837
and CO; emissions, achieving a reduction in primary energysss
consumption of up to 63% and decarbonization rates of up tosss
131%. Such a dual focus on technical performance and environ-s4
mental sustainability represents a significant advance in sustain-s+
able Al for renewable energy applications. Further analysis wills:
explore optimized PV configurations to maximize decarboniza-s
tion while minimizing overproduction and its associated envi-s
ronmental impact. Fig. 13 highlights the significant potential ofess
PV installations to reduce greenhouse gas (GHG) emissions andgss
improve decarbonization in Swiss winter homes (PEWH). Op-
timizing PV production using lightweight deep learning models_,,
further amplifies the environmental benefits of this technology. .
We analyze two scenarios: the current configuration and an op-_,.
timized configuration.

850

Current Scenario: Overproduction and Counterproductive De-*"
carbonization: 8

The current scenario (Fig. 13) depicts the house with PV pan-
els installed on all facades and roof sections. While this max-83
imizes self-consumption, except during winter nights, it also®*
results in substantial overproduction, exceeding the annual pri-8
mary energy consumption of 727 kWhep/m?S U.year by overss
600%, reaching an excess of 93 kgeqCO,/m?.S U.year in GHG#”
emissions (Fig. 13). This overproduction, coupled with thess®
embodied carbon of the extensive PV system, leads to a de-#°
carbonization penalty of 502%. This counterproductive out-o°
come highlights the critical importance of considering the entire
lifecycle emissions of PV panels, including manufacturing andss:
transport. When overproduction is this significant, it negatesss
the environmental benefits of on-site generation, demonstrat-sss
ing that simply maximizing PV coverage can be detrimental tOsss
overall decarbonization efforts. A more nuanced approach issss
required to balance energy production with actual needs andsss
minimize the environmental impact of embodied carbon. 867

14

Optimized Scenario: Balancing Production and Decarboniza-
tion:

To address the shortcomings of the current scenario, alter-
native PV configurations were explored using the lightweight
LSTM deep learning model (Section 4.2 and Section 4.3), se-
lected for its energy efficiency and low carbon footprint. The
results, presented in Fig. 13, suggest two primary optimized
configurations: PV installations solely on the south facade or
solely on the north roof. These configurations achieve decar-
bonization rates of 131% and 116%, respectively, while cover-
ing 114% and 95% of the energy consumption needs, respec-
tively.

These slightly higher-than-required production levels remain
reasonable, ensuring sufficient energy supply while minimizing
overproduction. The south facade configuration yields GHG
emissions of 15 kgeqCO,/m?.S U.year, while the north roof
configuration results in 4.12 kgegCO,/m>.S U.year.

A less conventional scenario, considering the typical south-
facing preference for PV installations, involves a combined in-
stallation on the east, west, and north facades, covering 45%,
10%, and 35% of energy needs, respectively, for a total cov-
erage of 90%. This configuration results in respective GHG
emissions of 6, 4, and 4 kgeqCO,/m>.S U.year, totaling 14
kgeqCO,/m?*.S U.year. Although this scenario seems promis-
ing on an annual basis, it cannot meet instantaneous or daily
energy demands with this distributed configuration and could
prove difficult in practice. Therefore, the south or north fa-
cade/roof configurations remain the most credible optimized
scenarios.

The optimized scenarios offer several key advantages:

e Reduced GHG Emissions: Minimizing unnecessary PV
installations reduces the overall environmental impact as-
sociated with embodied carbon.

e Improved Energy Utilization: Balancing PV production
with actual consumption avoids overproduction and maxi-
mizes the efficient use of generated electricity.

e Enhanced Decarbonization Efficiency: The positive de-
carbonization rates achieved by the south and north fa-
cade/roof configurations (exceeding 100%) demonstrate
the potential for significant carbon footprint reduction
through optimized PV integration. = These scenarios
achieve high decarbonization and self-sufficiency while
accounting for full lifecycle emissions of the installed pan-
els.

These findings have important implications for sustainable
building design, especially in regions like Switzerland with
unique challenges for PV production. Carefully selecting PV
installation locations and optimizing production using environ-
mentally conscious deep learning models maximizes the ben-
efits of PV technology and contributes to a more sustainable
energy future.
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5. Conclusion 026
927
This study presented a innovative approach for optimizingees

PV energy production in winter houses using lightweight deep®®
learning models while prioritizing environmental sustainabil-zz?
ity. By integrating carbon footprint assessments with predic-
tive accuracy, we demonstrated a 63% reduction in primary en-
ergy consumption and achieved decarbonization rates of up to
131% through strategic PV panel placement on south facades

or north roofs. Our hybrid CNN-LSTM model proved highlyps

effective in winter conditions, outperforming traditional soft-sss
ware like PVsyst and BIMSolar, which systematically underes-**

. . . . 935
timated production in snowy environments. These results un-yo,

derscore the potential of Al-driven models to balance energyss
efficiency with low-carbon practices, addressing both overpro-s

bis]

duction challenges and embodied emissions from PV systems._ -

Looking ahead, further investigations could integrate advanced,,,

battery management and real-time satellite weather feeds to re-piz]

fine predictive reliability and grid autonomy. Expanding this®

. . . . 944
methodology to diverse climates such as arid or coastal regions__

and architectural designs (e.g., industrial buildings) would so-s)

lidify its global relevance for solar optimization. Bridginges
Al innovation with sustainable engineering, this work lays the948
groundwork for intelligent, climate-resilient energy systems,,
driving progress toward carbon-neutral infrastructure even ings,

extreme environments. o2
953
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