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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 CO2 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 façade 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.

Keywords: Deep Learning, Solar Energy, Decarbonization, Time-Series Forecasting, Building Integrated PV

1. Introduction1

The incorporation of passive solar techniques and renewable2

energy systems into buildings presents a significant potential to3

decrease energy consumption and tackle environmental issues.4

Meticulous planning of new constructions and major renova-5

tions, considering factors such as insolation, irradiation, and6

wind direction, can lead to net-zero energy buildings (NZEB).7

This can result in considerable energy savings, ranging from 208

to 50%, as confirmed by prior studies (1; 2). The optimization9

of building orientation and geometry is a critical factor in10

maximizing solar energy production (3). Research carried out11

by Vassiliades et al. has shown that the prudent orientation of12

structures enables optimal sunlight capture, thereby contribut-13

ing to increased renewable energy production (4). Photovoltaic14

(PV) energy is emerging as a promising renewable energy15

source for buildings, especially winter houses. However, its16

production in winter is subject to significant fluctuations due17

to adverse weather conditions, notably the accumulation of18

snow on the panels (5). Snow can cause an energy production19

loss of up to 10% by reflecting more sunlight onto panels (6).20

This complex phenomenon makes the precise prediction of21

winter PV production particularly challenging for traditional22

software. Studies have indicated that PV production losses due23

to single-face snow amount to an average of 33% in winter and24
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16% annually (7). These losses underscore the importance of25

having accurate predictions of PV production for winter house26

panel integration projects. Previous studies have underscored27

the effect of sunlight fluctuations and related meteorological28

variables on the behavior of households equipped with PV29

panels (8). It is noteworthy that periods of strong sunlight lead30

to an increase in solar energy consumption. Therefore, accu-31

rate prediction of photovoltaic energy production is crucial in32

winter for optimal energy management in buildings, especially33

in houses used during the winter. Accurate predictions enable34

households to better anticipate their energy consumption and35

adjust their behavior accordingly. Optimizing the integration of36

PV panels into building-integrated photovoltaic (BIPV) struc-37

tures involves overcoming technical challenges related to the38

precise modeling of their performance. Artificial intelligence39

(AI) emerges as a promising solution to overcome these hurdles40

and enhance the energy efficiency of BIPV systems (9; 10; 11).41

Indeed, it provides powerful tools for analyzing complex42

data and establishing precise predictive models. Studies have43

demonstrated the potential of AI to accurately predict hourly44

BIPV power. Polo et al. achieved promising results using45

XGBoost and Random Forest machine learning models (12).46

Recent advancements in PV prediction are turning to deep47

learning approaches, particularly suited to time series (13).48

Deep learning has advantages over traditional approaches49

based on predicting solar irradiation and the resulting PV50

production. While AI shows promise in PV prediction, existing51
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deep learning models often neglect the complexities of winter52

conditions, leading to inaccurate predictions in winter houses53

(14). This limitation is often exacerbated by the use of generic,54

non-dynamic climate data in prediction software, making55

accurate predictions challenging, particularly in regions with56

diverse climates (15). As highlighted by P. Salimi et al., the57

use of dynamic, localized data is crucial for capturing weather58

variability and improving prediction accuracy (16). G. Yang et59

al. further emphasize this point, demonstrating that dynamic,60

localized weather data can significantly enhance the accuracy61

of solar energy prediction models, overcoming the limitations62

of traditional machine learning approaches reliant on generic63

climate data (17). Recent advances in artificial intelligence64

(AI), particularly deep learning, offer powerful tools to address65

these challenges by analyzing complex datasets encompassing66

weather conditions and panel characteristics, enabling more ac-67

curate predictions of PV production. Building on our previous68

research on deep learning for energy forecasting (see Jouane et69

al. (13)), the present study uniquely integrates carbon impact70

assessment into the predictive framework. Although existing71

research has explored AI for PV prediction, there is a need72

for models that not only improve prediction accuracy but also73

prioritize environmental sustainability. Recent advances in PV74

optimization span both thermal and predictive approaches. For75

instance, studies integrating nanoscale phase change materials76

(PCMs) and nanofluidic cooling in PV/T systems (e.g., (18))77

demonstrate improved efficiency through hybrid thermal78

models and neural network forecasts. Parallel work, such as79

(19), leverages AI for PV prediction in complex environments80

but overlooks the environmental cost of AI itself. While our81

study does not address PV/T thermal dynamics, we advance82

PV efficiency by proposing a hybrid CNN-LSTM model83

for short-term predicting and introducing a carbon footprint84

assessment framework. This dual focus balancing prediction85

accuracy with model sustainability addresses a critical gap in86

AI-driven PV research. By aligning predictive performance87

with low carbon AI practices, our work complements thermal88

efficiency innovations, offering a holistic approach to sustain-89

able PV system design.90

91

Related Works92

Existing research addresses the environmental impact of pho-93

tovoltaic (PV) systems and the carbon footprint of AI models,94

providing valuable context for this study. Studies on the life-95

cycle assessment (LCA) of PV systems have explored emis-96

sions from manufacturing to disposal, quantifying greenhouse97

gas (GHG) emissions and comparing them to fossil fuels (as98

shown in the table 1) (20; 21). These analyses highlight the99

potential for emission reductions through material innovations100

and recycling (20). Furthermore, research on PV’s decarboniza-101

tion potential emphasizes its role in optimizing energy structure102

and reducing reliance on fossil fuels (22; 21). Huo et al. (21)103

specifically examines the contribution of PV to China’s carbon104

peak target, emphasizing the importance of accurate PV gener-105

ation predicting for policy decisions. In parallel, the burgeon-106

ing field of ”Carbon Impact Assessment of AI Models” exam-107

ines the energy consumption and CO2 emissions of AI model108

training and deployment. Studies have investigated the carbon109

footprint of various machine learning models, including large110

language models (23; 24; 25), highlighting the energy demands111

and environmental implications of complex AI. These works112

often utilize tools like CodeCarbon (25; 23)for emissions track-113

ing, advocating for sustainable AI practices. Martiny et al. (25)114

notably explores energy consumption patterns of different ML115

algorithms, including LSTM for time-series data, using Code-116

Carbon to monitor emissions.117

This study distinguishes itself by integrating the carbon118

impact assessment of AI models with optimized PV production119

prediction, particularly in challenging winter conditions.120

Unlike prior work focusing solely on PV’s lifecycle emissions121

or the general carbon footprint of AI, we combine both aspects122

for a more sustainable and accurate PV integration. By using a123

hybrid deep learning approach, evaluating the carbon footprint124

of different models, and employing TOPSIS for model selec-125

tion based on both performance and environmental impact,126

this study contributes a more holistic and environmentally127

responsible framework for PV energy prediction.128

This paper presents a innovative hybrid multivariate deep129

learning approach to predict PV energy production in winter130

homes under winter conditions, with a focus on energy-efficient131

models with minimal environmental impact. Careful selection132

of models and optimizers for accurate solar energy prediction133

is essential to this approach, contributing significantly to the134

optimization and planning of solar energy systems under135

harsh winter conditions. We present a methodology to assess136

the environmental footprint of these models, considering137

factors such as material consumption and CO2 emissions, with138

the aim of minimizing their negative environmental impact139

while maximizing predictive performance. This focus on the140

selection of environmentally friendly models underlines the141

relevance of the study for the field of renewable energy.142

143

Key Contributions of the Study144

This study proposes several notable advances in the field of145

low greenhouse gas emission photovoltaic (PV) production pre-146

dicting and in favor of maximum decarbonization:147

• Hybrid methodology and carbon impact assessment:148

We propose a new methodology combining a hybrid CNN-149

LSTM model and a Carbon Impact Assessment of Models150

for a more accurate and eco-responsible prediction. This151

approach takes into account both predictive performance152

and environmental sustainability.153

• TOPSIS-based model selection: We use the TOPSIS154

method to select the best performing and least environ-155

mentally impactful model among different deep learning156

models. This multi-criteria approach allows for a more157

informed and objective selection. This is particularly rel-158

evant given that future work is oriented towards exploit-159

ing the increasing availability of production and irradiation160

data, requiring the selection of low-impact models.161
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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

CO2

Econometric analysis PV innovation correlated with CO2 reduc-
tion

(20) LCA of PV systems LCA calcul method of decarboniza-
tion

PV’s lower carbon footprint vs. fossil fuels

(23) Carbon footprint of AI mod-
els

CodeCarbon AI Models have significant carbon footprint

(24) Carbon emissions of ML
models

Empirical analysis ML training has environmental costs

(21) PV’s contribution to carbon
peak

BiLSTM forecasting, scenario analy-
sis

PV crucial for achieving carbon peak targets

(25) Sustainable AI, energy con-
sumption of ML

Empirical analysis, CodeCarbon Strategies for reducing ML energy con-
sumption

This
Study

Optimized and decar-
bonized PV energy integra-
tion in the PEWH

Hybrid deep learning, Carbon Impact
Assessment, TOPSIS, Decarboniza-
tion Method

Accurate and low-carbon LSTM model for
PV prediction, with optimized panel place-
ment enhancing energy decarbonization for
the PEWH (Positive Energy Winter House).

• PV Panel Placement Optimization: We demonstrate the162

importance of PV panel placement optimization to maxi-163

mize energy production and decarbonization, particularly164

in cold regions. The PEWH case study highlights the sig-165

nificant gains achievable through strategic placement.166

• Winter Conditions Analysis: This study specifically ad-167

dresses the challenges of predicting PV production in win-168

ter conditions, taking into account factors such as limited169

sunlight and snow accumulation.170

The primary objective of this study is to develop an AI-driven171

methodology that enhances the accuracy of PV energy predict-172

ing in winter houses while minimizing the carbon footprint173

of model training. By integrating a hybrid CNN-LSTM deep174

learning model, a carbon impact assessment, and the TOPSIS175

decision framework, The aim is to provide a sustainable and176

high-precision solution for optimizing PV integration in cold-177

climate buildings.” It is noteworthy the primary objective of this178

research is to address a critical challenge in solar energy sys-179

tems: the accurate prediction of PV energy production in win-180

ter houses, particularly in high-snow regions. The deep learn-181

ing models are tools used to achieve this goal, but the core182

focus remains on optimizing PV energy production, improv-183

ing energy efficiency, and enhancing decarbonization in build-184

ing key topics within the solar energy domain. The paper is185

structured as follows: Section 2 details the scientific methodol-186

ogy, encompassing the architectures of the deep learning mod-187

els (CNN, LSTM, and the proposed hybrid CNN-LSTM) and188

the carbon impact assessment methodology, which considers189

hardware energy consumption (CPU, GPU, RAM), CO2 emis-190

sions from electricity production, and potential energy savings191

from PV production optimization. Section 3 describes the ex-192

perimental setup, including the training data process, perfor-193

mance metrics, and the dataset used. Section 4 presents the re-194

sults and discussion, covering the environmental impact assess-195

ment, model ranking using TOPSIS, performance comparison196

with conventional software (PVsyst, BIMSolar), and analysis197

of energy efficiency and decarbonization potential under vari-198

ous PV panel placement scenarios. This integrated approach,199

balancing predictive accuracy with environmental responsibil-200

ity, aims to contribute to a more sustainable solar energy pre-201

diction framework. Our findings highlight the importance of202

considering the full environmental footprint of predictive mod-203

els, especially given the increasing availability of PV produc-204

tion and irradiation data, paving the way for more informed and205

environmentally conscious model selection in future research.206

2. Scientific Methodology207

2.1. Methodological architecture208

In this research, data collected from the Positive Energy Win-209

ter House (PEWH) to analyze PV energy production. The210

power output of the system was meticulously documented at211

five-minute intervals, measured in kilowatt-hours (KWh), and212

stored in a dedicated database. Located in Poschiavo, Switzer-213

land, within the canton of Grisons, as depicted in Fig. 1, the214

winter house is equipped with PV panels seamlessly integrated215

across its facades and roof. This comprehensive setup encom-216

passes a total of 435 panels, resulting in an impressive annual217

production capacity of approximately 45,000 kWh.218

Figure 1: PEWH equipped with PV panels.

The overarching framework of our methodology is illustrated219

in Fig. 2. The novelty of this study lies in the advancement of220
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a multivariate approach for short-term PV prediction using ar-221

tificial deep learning models, tailored to optimize performance.222

This approach enables us to predict solar power in the extremely223

short term, requiring a brief training period on multivariate time224

series. Essentially, the study seeks the most effective approach225

for a winter house to predict production, emphasizing both226

prediction accuracy and efficient training. The evaluation of227

our models incorporates metrics such as Mean Absolute Error228

(MAE), Root Mean Square Error (RMSE), and Mean Square229

Error (MSE). In our context, an optimal model is characterized230

by minimal MAE and a reduced training duration. In Fig. 2,231

we introduce a innovative method for predicting PV production232

in the Positive Energy Winter House (PEWH), utilizing a mul-233

tivariate approach. Precision in prediction is crucial over very234

short periods and extended training intervals, considering mul-235

tivariable input data that incorporates meteorological data, lo-236

cation, orientation, and Building Information Modeling (BIM)237

data of the house. Furthermore, our hybrid approach is distin-238

guished by the combination of a convolutional neural network239

(CNN) and a long short memory neural network (LSTM). The240

CNN allows to extract spatial features from meteorological and241

irradiance data, while the LSTM models the temporal depen-242

dencies of PV production time series. This synergy, inspired243

by recent studies (see for example (14), (17)), aims to signif-244

icantly improve the accuracy of forecasts in winter conditions245

while reducing the environmental cost of artificial intelligence246

models.247

2.2. Deep Learning models248

In this work, we compare three deep learning approaches for249

short-term prediction of PV production: (i) the LSTM model,250

adapted to capture temporal dynamics; (ii) the CNN model,251

which extracts spatial features from the input data; and (iii) a252

hybrid CNN-LSTM architecture that combines these two ap-253

proaches and shows the interest of hybridization to improve the254

accuracy and robustness of forecasts in complex environments255

(14).256

2.2.1. Convolutional Neural Network (CNN):257

The convolutional neural network (CNN) is a fundamental258

component of artificial neural networks, renowned for its adept-259

ness in various applications, notably excelling in tasks like fa-260

cial and vocal emotion recognition, where it demonstrates an261

impressive capacity for extracting intricate features (26; 27).262

However, its utility extends far beyond these domains; it proves263

to be remarkably effective in the domain of short-term PV en-264

ergy prediction as well. This assertion finds support in the work265

of Yuchi, S. et al., who devised a proficient CNN-based model266

specifically tailored for predicting PV energy at 15-minute in-267

tervals (28).268

The architecture of the CNN model is structured around four269

fundamental layers, each serving a unique function: the con-270

volution layer, pooling layer, rectified linear unit (ReLU) acti-271

vation layer, and fully-connected layer. The convolution layer272

acts as the backbone of the CNN, responsible for detecting pat-273

terns and features within the input data through convolution op-274

erations. These operations involve applying a set of learnable275

filters to the input data, resulting in feature maps that highlight276

relevant spatial patterns. Following the convolution layer, the277

pooling layer plays a pivotal role in downsampling the feature278

maps, reducing their spatial dimensions while preserving es-279

sential information. Common pooling techniques include max280

pooling and average pooling, which help to enhance the net-281

work’s translational invariance and reduce computational com-282

plexity.283

The rectified linear unit (ReLU) activation layer introduces284

non-linearity into the network by applying the ReLU function285

element-wise to the feature maps. This activation function en-286

hances the model’s capability to capture complex relationships287

within the data, promoting faster convergence during training288

and mitigating the vanishing gradient problem. The ReLU289

function sets all negative values to zero while leaving positive290

values unchanged, resulting in sparse, more discriminative rep-291

resentations.292

Finally, the fully-connected layer, also known as the dense293

layer, serves as the interface between the convolutional lay-294

ers and the output layer, facilitating the transformation of the295

high-level features extracted by the preceding layers into pre-296

dictions or classifications. Each neuron in the fully-connected297

layer is connected to every neuron in the preceding layer, allow-298

ing for comprehensive information integration and abstraction.299

By leveraging the combined functionality of these key layers,300

the CNN architecture proves to be a formidable tool for short-301

term PV energy prediction, enabling the extraction of relevant302

temporal and spatial features from solar irradiance and other303

relevant meteorological data, thereby enhancing the accuracy304

and robustness of the prediction model.305

Figure 3: CNN architecture.

2.2.2. Long Short-Term Memory (LSTM):306

Long Short-Term Memory (LSTM) is a type of Recurrent307

Neural Network (RNN) designed to effectively learn and re-308

member long-term dependencies in sequential data (29). It is309

widely recognized as a prominent example in predictive mod-310

eling, as noted by Hochreiter and Schmidhuber (30). LSTM’s311

efficacy lies in its ability to address various challenges in time312

series prediction, accommodating both univariate and multi-313

variate scenarios. Its distinctive architecture, which includes a314

central cell state and three essential gates, enables LSTM to se-315

lectively assimilate, release, or retain information. This unique316

feature enhances its capacity to recognize and model complex317

temporal patterns, making LSTM especially effective at under-318

standing and modeling complex temporal patterns within data.319

The architecture of this model is illustrated in Fig. 4, with the320
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Figure 2: Architecture of the proposed methodology.

following parameters: Ct−1: memory at time t − 1; Ct: memory321

at time t; ht: hidden layer at time t; ht−1: input to hidden layer322

t − 1; Xt: cell input; σ and tanh are activation functions used in323

neural networks.324

Figure 4: LSTM architecture.

2.2.3. Hybrid model (CNN-LSTM):325

The integration of hybrid models combining the convolu-326

tional neural Network and the LSTM network presents a signif-327

icant advantage by combining the strengths of both paradigms.328

A hybrid approach is explored in which CNN and LSTM are329

synergistically used for enhanced time series prediction.The ar-330

chitecture of the proposed hybrid model that we call ConvL-331

STM is illustrated in Fig. 5. The model integrates two distinct332

phases: feature extraction and sequential learning.333

Figure 5: Architecture of the hybrid model.

First, the CNN component is employed to extract signifi-334

cant features from the input time-series data. CNNs are adept335

at identifying and capturing spatial hierarchies and patterns,336

which makes them highly effective in preprocessing time-series337

data to highlight important features. Following feature extrac-338

tion, the identified features are fed into the Long Short-Term339

Memory (LSTM) network. LSTMs are designed to handle and340

learn from sequential data by capturing temporal dependencies341

and long-range relationships. This phase enables the model to342

analyze and predict based on the sequential nature of the fea-343

tures extracted by the CNN. This hybrid approach proves to be344

effective for handling complex time series datasets. The CNN’s345

role in extracting relevant features enhances the LSTM’s abil-346

ity to manage and learn from sequential data. This combination347

allows the model to achieve a high level of accuracy and robust-348

ness in prediction tasks. A critical aspect of our study is the re-349

finement of the model’s hyperparameters. Key parameters such350

as the number of convolutional filters, kernel sizes, the number351

of LSTM units, learning rates, and regularization techniques352

have been meticulously optimized. This optimization process353

aims to improve the model’s performance and ensure its effec-354

tiveness across diverse and complex time series datasets.355

2.3. Carbon Impact Assessment of Models356

In order to quantify the environmental impact of our deep357

learning models, the Python library CodeCarbon was inte-358

grated. This allows us to measure the energy consumption of359

the hardware (CPU, GPU, RAM) during training, by taking pe-360

riodic readings. The associated CO2 emissions are calculated361

via a carbon intensity factor (gCO2eq/kWh), based on the re-362

gional energy mix obtained from public data sources. The train-363

ing time is also analyzed, since a reduction in computation time364

directly reduces the carbon footprint. This approach, aligned365

with recent work (25), provides a transparent and reproducible366

assessment, essential for models deployed at large scale.367

Fig. 6 illustrates CodeCarbon’s methodology: energy con-368

sumption (in kWh) is multiplied by the carbon intensity of elec-369

tricity (in gCO2eq/kWh) to estimate total CO2 emissions. In370

the absence of specific regional data, CodeCarbon uses a global371
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average value. CodeCarbon’s minimal impact on performance372

is a key advantage. Its scheduler periodically measures en-373

ergy consumption, ensuring negligible overhead on the main374

application. This allows for seamless integration of emissions375

monitoring into Python code, without significantly impacting376

performance or requiring major changes. While CodeCarbon377

is a valuable tool, it has limitations. Like any tool, it relies378

on assumptions and approximations. For example, for proces-379

sors not referenced in its database, CodeCarbon uses a constant380

value. Similarly, in the absence of precise data on the carbon381

intensity of the local electricity grid, it uses global average val-382

ues. Despite these limitations, CodeCarbon remains a powerful383

and accessible solution for quantifying the environmental im-384

pact of model development. Other methodologies, such as life385

cycle assessment (LCA) and product carbon footprint calcula-386

tions, offer alternative approaches. As the technology industry387

increasingly places emphasis on sustainability, we can expect388

more sophisticated tools and best practices to emerge, improv-389

ing the accuracy of emissions tracking and providing a more390

comprehensive understanding of the carbon footprint of soft-391

ware projects. Our method for calculating CO2eq emissions,392

illustrated in Fig. 6, follows an approach commonly used in the393

life cycle assessment (LCA) of information and communication394

technologies (ICT) (31). It consists of multiplying energy con-395

sumption (kWh) by the carbon intensity of the electricity mix396

(gCO2eq/kWh) (32), which reflects the average greenhouse gas397

emissions per unit of electricity produced, taking into account398

the energy mix (33).399

3. Experimental Setup400

3.1. Training401

Four models (ANN, CNN, ConvLSTM, and LSTM) were402

trained to predict the PV energy production of the winter house.403

The architectures of these models are detailed in Fig. 7. The404

ANN model is composed of three densely connected layers,405

each designed to progressively extract and learn features from406

the input data, followed by an output layer that generates the fi-407

nal predictions. The CNN model consists of two convolutional408

layers that specialize in capturing spatial features from the input409

data. These layers are followed by a dense layer, which further410

processes the extracted features, and an output layer that pro-411

vides the final output. The LSTM model is structured with two412

LSTM unit layers, which are particularly effective for captur-413

ing temporal dependencies in sequential data. These layers are414

followed by an output layer that produces the final prediction.415

Finally, the hybrid model combines elements of both convo-416

lutional and recurrent networks by incorporating two ConvL-417

STM1D layers. These layers blend convolutional operations418

with LSTM units to capture both spatial and temporal patterns419

in the data. The ConvLSTM1D layers are followed by a dense420

layer and an output layer, which together deliver the final pre-421

diction. Table. 3 details the parameter count for each model,422

providing an indication of their respective complexities. The423

ANN model consists of 95,555 parameters, highlighting its rel-424

atively lower complexity in comparison to the other models.425

Table 2: Dataset description.

Parameters Description Units
Air temp The air temperature at 2 meters

above surface level

◦C

Albedo The average daytime surface re-
flectivity of visible light

0 − 1

Azimuth The angle between the horizon-
tal direction of the sun, and due
north

◦

Clearsky
DHI

The diffuse irradiance received
on a horizontal surface (if there
are no clouds)

W/m2

Clearsky
DNI

The direct irradiance received
on a horizontal surface (if there
are no clouds)

W/m2

Clearsky
GHI

Total irradiance on a horizontal
surface (if there are no clouds).
The sum of direct and diffuse
irradiance components received
on a horizontal surface

W/m2

Clearsky
GTI

Total irradiance received on a
surface (if there are no clouds),
with defined tilt and azimuth
(sum of direct, diffuse and re-
flected components), fixed or
tracking.

W/m2

Cloud opac-
ity

The attenuation of incoming
sunlight due to cloud

%

Dewpoint
temp.

The dewpoint temperature at 2
meters above surface level

◦C

DHI The diffuse irradiance received
on a horizontal surface

W/m2

DNI Irradiance received from the di-
rection of the sun

W/m2

GHI Total irradiance on a horizon-
tal surface. The sum of direct
and diffuse irradiance compo-
nents received on a horizontal
surface

W/m2

GTI Total irradiance received on a
surface with defined tilt and
azimuth (sum of direct, dif-
fuse and reflected components),
fixed or tracking.

W/m2

Precipitation
water

Precipitable water of the entire
atmospheric column.

Kg/m2

Precipitation
rate

An estimate of the average pre-
cipitation rate

mm/h
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Figure 6: CodeCarbon methodology.

The CNN model, with 206,849 parameters, demonstrates a sig-426

nificantly more complex architecture. The Long LSTM model427

occupies an intermediate position, with a total of 129,345 pa-428

rameters. In contrast, the ConvLSTM model, with 60,801 pa-429

rameters, exhibits the lowest parameter count among the mod-430

els analyzed. These differences in parameter counts underscore431

the varying levels of architectural complexity across the mod-432

els. Having fewer parameters in the ConvLSTM model offers

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

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

433

several advantages, including reduced computational complex-434

ity and improved generalization. A model with fewer parame-435

ters generally requires less memory and computational power,436

leading to faster training and inference times. This efficiency437

is particularly beneficial in resource-constrained environments438

and for real-time applications. Additionally, fewer parameters439

reduce the risk of overfitting, as the model is less likely to mem-440

orize noise from the training data, thereby improving its perfor-441

mance on unseen data. This reduction in parameter count also442

simplifies the hyperparameter tuning process and can lead to443

more stable training, enhancing the model’s robustness and in-444

terpretability.445

To ensure a fair comparison among the models, the training446

procedures were standardized across all models. For training,447

the Adam optimizer was used with a learning rate set to 10e−3.448

Each model was trained for 50 epochs with a batch size of 512,449

and the training was conducted on a single Tesla T4 GPU. This450

setup ensures consistent and comparable performance metrics451

for each model, facilitating a thorough evaluation of their pre-452

diction capabilities. Our model assessment strategy involves453

dividing the data into 80% for training, 10% for validation, and454

10% for testing. This approach ensures a robust evaluation by455

allowing the model to learn from the majority of the data, while456

the validation set is used to fine-tune the model’s hyperparam-457

eters and prevent overfitting. Finally, the testing set provides458

an unbiased assessment of the model’s performance on unseen459

data, giving us a clear indication of how well it is likely to gen-460

eralize to new, real-world data.461

3.2. Metrics462

To evaluate the performance of the models in prediction PV463

energy production, several key metrics are used. Each metric is464

defined as follows:465

• R-squared (R2): This metric measures the proportion of466

variance in the target variable that is explained by the467

model. It is calculated as:468

R2 = 1 −
∑n

i=1(yi − ŷi)2∑n
i=1(yi − ȳ)2 (1)

where:469

– yi is the actual value for the i-th observation,470

– ŷi is the predicted value for the i-th observation,471

– ȳ is the mean of the actual values,472

– n is the number of observations.473

The R2 metric, used to evaluate model performance, is de-474

fined in Equation 1. An R2 value of 1 indicates that the475

model explains all the variance, while a value of 0 indi-476

cates no explanatory power.477

• Mean Absolute Error (MAE): This metric measures the478

average magnitude of errors in predictions, without con-479

sidering their direction. The MAE is computed using480

Equation 2. It is given by:481

MAE =
1
n

n∑
i=1

|yi − ŷi| (2)

where:482
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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,483

– |yi − ŷi| is the absolute error for the i-th observation.484

• Mean Squared Error (MSE): This metric measures the485

average squared difference between predicted and actual486

values, giving more weight to larger errors. The MSE is487

given by Equation 3 and calculated as:488

MS E =
1
n

n∑
i=1

(yi − ŷi)2 (3)

where:489

– n is the number of observations,490

– (yi − ŷi)2 is the squared error for the i-th observation.491

• Root Mean Squared Error (RMSE): This metric is the492

square root of the MSE and provides a measure of the aver-493

age magnitude of the errors, expressed in the same units as494

the target variable. The RMSE is determined using Equa-495

tion 4. It is computed as:496

RMS E =

√√
1
n

n∑
i=1

(yi − ŷi)2 (4)

where:497

– n is the number of observations,498

– (yi − ŷi)2 is the squared error for the i-th observation.499

• Mean Absolute Percentage Error (MAPE): This metric500

calculates the average absolute percentage error relative to501

the actual values, providing insight into the model’s accu-502

racy across different scales. The MAPE is given in Equa-503

tion 5. It is given by:504

MAPE =
100%

n

n∑
i=1

∣∣∣∣∣yi − ŷi

yi

∣∣∣∣∣ (5)

where:505

– n is the number of observations,506

–
∣∣∣∣ yi−ŷi

yi

∣∣∣∣ is the absolute percentage error for the i-th ob-507

servation.508

These collective metrics provide a comprehensive guide to509

choosing the best performing model, based on the accuracy of510

its predictions and the characteristics of its errors. The param-511

eters of the measures used in the equations are summarized in512

Table 4.513

Symbol Description
yi Actual value of the i-th observation
ŷi Predicted value of the i-th observation
ȳ Mean of actual values
n Total number of observations

R2 Coefficient of determination
MAE Mean Absolute Error
MS E Mean Squared Error

RMS E Root Mean Squared Error
MAPE Mean Absolute Percentage Error

Table 4: Summary of notation used in the equations.

3.3. Dataset514

The dataset used for training the models includes meteoro-515

logical data and PV energy production (table 2), with the latter516
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being the target variable.517

Meteorological Data: This includes various weather-related518

features that are essential for prediction PV energy production.519

The data points include, but are not limited to, temperature, hu-520

midity, wind speed, and solar radiation. These variables are521

crucial for understanding the environmental conditions impact-522

ing PV energy generation.523

PV Energy Production: This is the target variable of our pre-524

diction models. It represents the amount of energy produced525

by the PV system and is recorded at regular intervals. Accurate526

prediction of this variable is critical for optimizing energy man-527

agement and planning. The meteorological data was obtained528

from the Solcast platform and spans from July 1st, 2021, to529

May 31st, 2022. This dataset comprises a total of 28 columns,530

which are detailed in Table. 2.531

4. Results and discussions532

4.1. Environmental Impact Assessment: Energy Consumption533

and CO2 Emissions534

This section presents a comprehensive evaluation of the per-535

formance and environmental impact of the LSTM, ANN, CNN,536

and ConvLSTM models. Fig. 8 illustrates the performance of537

each model, using the metrics defined in Section 3.2. The hy-538

brid model is distinguished by an R2 score comparable to that539

of the LSTM model, but with a smaller number of parameters,540

suggesting better resource efficiency. The model performance541

evaluation, presented in Fig. 8, indicates that the hybrid model542

offers promising results. Indeed, the hybrid CNN-LSTM model543

achieves the best predictive accuracy with an R2 of 0.975, out-544

performing the standalone CNN (R2 = 0.928) and the LSTM545

(R2 = 0.971), confirming that the integration of spatial and546

temporal feature extraction improves robustness, especially in547

fluctuating winter conditions. The RMSE and MAE values in-548

dicate that the CNN-LSTM model maintains lower prediction549

errors compared to other models, which is particularly rele-550

vant for managing energy storage and grid stability in winter551

houses. The MAPE metric highlights that prediction accuracy552

decreases slightly during extreme snow conditions, requiring553

adaptive training strategies. However, a more detailed anal-554

ysis of its environmental impact, performed using the Code-555

Carbon library (Section 2.3) and illustrated in Fig. 9, reveals556

unexpected complexity. Indeed, while the hybrid model ini-557

tially seems lighter in terms of parameters, its carbon footprint558

is not systematically the lowest. This observation highlights559

the need for a multidimensional assessment of deep learning560

models, taking into account both technical and environmen-561

tal aspects. To assess the environmental impact, we analyzed562

the energy consumption and corresponding CO2 emissions dur-563

ing model training, using the CodeCarbon library (described in564

Section 2.3) (Fig. 9). CodeCarbon measures the energy con-565

sumption of the hardware (CPU, GPU, RAM) and calculates566

CO2 emissions based on the carbon intensity of the local elec-567

tricity grid. Although the hybrid model initially seems greener,568

a deeper analysis of its training time and energy consumption569

reveals that it is not necessarily the optimal choice.570

4.2. Model Ranking by the TOPSIS Method571

In order to obtain a comprehensive ranking of models, tak-572

ing into account both performance and environmental impact,573

we applied the TOPSIS method (34). TOPSIS, a multi-criteria574

analysis method using compensatory aggregation, compares al-575

ternatives by weighting the criteria, normalizing the scores, and576

calculating the geometric distance to an ideal solution. This ap-577

proach allows ranking models according to their proximity to578

this ideal solution, by considering several often contradictory579

criteria (35). The steps of the TOPSIS method are detailed be-580

low:581

1. Decision Matrix: This matrix X is constructed with m582

models (rows) for n criteria (columns), with xi j as the per-583

formance of model i with respect to criterion j.584

2. Weights: A weight w j is assigned to each criterion to in-585

dicate its importance. The weights are usually chosen to586

sum to 1 and are shown in table 5.587

3. Normalization: The decision matrix is normalized to588

form the matrix R = [ri j], with ri j =
xi j√∑m
i=1 x2

i j

.589

4. Weighted Normalized Decision Matrix: Each normal-590

ized criterion is then multiplied by its respective weight to591

obtain the weighted normalized decision matrix V = [vi j],592

with vi j = w j · ri j.593

5. Ideal and Negative-Ideal Solutions: The ideal solution594

A∗ and negative ideal solution A− are defined as A∗ =595

{v∗1 j, v
∗
2 j, ..., v

∗
n j} and A− = {v−1 j, v

−
2 j, ..., v

−
n j}, where for all j596

except for the R2 score, v∗j = mini(vi j) and v−j = maxi(vi j),597

and for the R2 score, v∗j = maxi(vi j) and v−j = mini(vi j).598

6. Separation Measures: The separation from the ideal so-599

lution S +i and the separation from the negative ideal so-600

lution S −i are calculated as S +i =
√∑n

j=1(vi j − v∗j)
2 and601

S −i =
√∑n

j=1(vi j − v−j )2.602

7. Relative Closeness to the Ideal Solution: The relative603

closeness of the alternative i with respect to A∗ is calcu-604

lated as Ci =
S −i

S +i +S −i
.605

8. Rank the Preference Order: The alternatives are ranked606

according to Ci, and the one with the highest Ci is chosen.607

Applying the TOPSIS method to the four models (LSTM,608

ANN, CNN, and ConvLSTM) based on their performance met-609

rics yielded the following proximity coefficients:610

• LSTM: 0.836265611

• ANN: 0.801073612

• CNN: 0.692485613

• ConvLSTM: 0.314679614

A higher coefficient indicates a better model. The LSTM model615

is therefore the best performer according to our TOPSIS analy-616

sis.617

The TOPSIS proximity coefficients (LSTM: 0.83; Hybrid618

CNN-LSTM: 0.31) highlight a crucial challenge in sustainable619
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Figure 8: Comparing the performance of the models

Figure 9: Comparative results of energy consumption and CO2 emissions during model training
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AI for renewable energy systems: balancing predictive accu-620

racy with environmental responsibility. As shown in Fig 10,621

the standalone LSTM model achieves near-optimal accuracy622

(R2 = 0.971) while maintaining minimal computational costs623

(0.85 kWh energy, 45 gCO2eq emissions). In contrast, the hy-624

brid CNN-LSTM model provides only a marginal improvement625

in R2 (0.975), a gain of just 0.4%, at a disproportionately high626

environmental cost. It consumes 32% more energy (1.45 kWh)627

and produces 69% higher CO2 emissions (76 gCO2eq). This628

significant divergence illustrates a diminishing returns effect,629

where the hybrid model’s architectural complexity (60,000 pa-630

rameters vs. LSTM’s 129,000) introduces considerable over-631

head without a proportional accuracy gain. The LSTM model632

ranks highest in the TOPSIS evaluation due to its superior bal-633

ance of accuracy, energy efficiency, and low carbon footprint,634

making it a pragmatic choice for most winter house applica-635

tions. However, the hybrid model’s slight accuracy advantage636

may be critical in specific scenarios requiring spatial-temporal637

granularity, such as predicting PV output during rapid snowmelt638

events or multi-facade shading dynamics. For example, in cases639

where localized snow accumulation on south-facing panels cre-640

ates micro-variations in production, the CNN’s spatial feature641

extraction could enhance short-term forecasting.642
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0.0

0.2

0.4

0.6

0.8

1.0

R
² 

/ 
T
O

P
S
IS

 P
ro

x
im

it
y

Optimal Balance (TOPSIS = 0.83)

R²
TOPSIS Proximity

0

10

20

30

40

50

60

70

E
0
e
4g

y
 /

 C
O

₂ 
E
/

i5
5i

1
0
5

+32% E0e4gy / +69% CO₂

Acc74acy v5. E0vi410/e06a. I/2ac6 T4ade1ff

E0e4gy (kWh)
CO₂ (gCO₂(q)

Figure 10: Tradeoff between predictive accuracy and environmental impact for
LSTM and hybrid CNN-LSTM models.

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

R2 0.1

Recent research underscores the importance of tracking the643

environmental impact of software development. For example,644

Sevilla Martinez et al. (36) investigated the CO2 emissions of645

training convolutional neural networks for autonomous driv-646

ing, highlighting the need for energy-efficient algorithms and647

emphasizing energy efficiency as a measure of model qual-648

ity. They utilized CodeCarbon to measure carbon emissions649

associated with their training process, demonstrating the tool’s650

utility in quantifying the environmental footprint of machine651

learning models. Similarly, Sousa et al. (37) employed Code-652

Carbon to evaluate CO2 emission rates for their deep learning653

models (ConformalLayers). They found that ConformalLayers-654

based networks had lower emission rates than their conven-655

tional counterparts, especially as network depth increased, thus656

showcasing the potential of architectural choices to impact the657

environmental sustainability of software systems.658

4.3. Performance of PV Prediction models and comparison659

with conventional software tools660

This section evaluates the performance of our selected low-661

carbon prediction model, a lightweight LSTM, in predicting PV662

production for the Swiss winter house (Fig. 1) during the win-663

ter period. The proposed model is compared to established664

software such as BIMsolar and PVSyst (13). Fig. 11 pro-665

vides a monthly comparison of actual PV production against666

the predictions of our model and the benchmark software. The667

LSTM model effectively captures seasonal production trends,668

especially during the winter, while BIMsolar and PVSyst sys-669

tematically underestimate production during this critical period,670

as noted by Othman et al. (38). The LSTM model’s predic-671

tions align more closely with actual production, demonstrating672

its superior performance over traditional software. This vari-673

ability of solar energy production in snowy regions highlights674

the influence of seasonal weather conditions on PV systems,675

emphasizing the need for empirical models, as advocated by676

Nazzareno Diodato et al. (39), especially in climates such as677

the central Mediterranean. The importance of optimized pre-678

diction models for accurate PV integration, especially in winter679

house projects, is further reinforced by the quantitative eval-680

uation presented in Table 6. This table compares the mod-681
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els using standard metrics (MSE, R2, MAE, MAPE), demon-682

strating that LSTM achieves higher accuracy, with predictions683

closer to real values than those of BIMSOLAR and PVSYST.684

The lower computational requirements of LSTM compared to685

other deep learning models like CNNs and ConvLSTMs align686

with our low-carbon goal, extending from the prediction model687

itself to building decarbonization through efficient PV integra-688

tion. Furthermore, we analyze the relative deviations between689

actual production and predictions of our LSTM model, BIM-690

SOLAR, and PVSyst (Fig. 12). These deviations highlight691

the challenges faced by conventional software, especially in692

winter when weather conditions are highly variable. As high-693

lighted by Salimi et al. (16) and Li et al. (17), dynamic and694

localized data are essential for accurate prediction, outperform-695

ing generic Typical Meteorological Year (TMY) data-based ap-696

proaches commonly used in conventional software. These re-697

sults highlight the need for optimized prediction models like698

our lightweight LSTM, especially for PEWH winter houses, to699

enable efficient and sustainable integration of renewable energy.700

While our hybrid CNN-LSTM model demonstrates strong per-701

formance for PV energy prediction in winter conditions, pre-702

liminary investigations indicate that its generalization to drasti-703

cally different climates (e.g., arid or tropical regions) and archi-704

tectural configurations (e.g., high-density urban buildings) re-705

mains unvalidated. Consequently, future work will explore the706

integration of advanced architectures such as Time Convolu-707

tional Networks (TCNs) and Transformers. These models have708

shown promise in capturing long-term temporal dependencies709

and could further improve prediction accuracy in highly vari-710

able environments. Preliminary investigations into TCNs are711

already underway, and a comparative analysis of their compu-712

tational efficiency, carbon footprint, and robustness in snowy713

climates will be included in subsequent studies. In addition,714

alignment with ISO 14064 carbon accounting standards will715

be pursued to strengthen the benchmarking against global sus-716

tainability metrics, filling a critical gap in AI-driven renewable717

energy systems. These extensions, together with a compara-718

tive analysis of computational efficiency and carbon footprint,719

will provide a more comprehensive assessment of state-of-the-720

art approaches for PV power predicting.721

Figure 11: Monthly PV Output Comparison: monthly PV production on a
south-facing roof by various AI model and sizing software tools.

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

Model MSE R2 MAE MAPE
LSTM 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-722

tial723

To optimize PV installation strategies for positive energy724

winter homes (PEWH), The energy efficiency and decarboniza-725

tion potential of various configurations using data from a726

PEWH case study. This house is currently equipped with PV727

panels on all facades (south, east, west, and north) and roof sec-728

tions (south and north), providing real-world data on PV pro-729

duction, energy consumption, and grid feed-in for each build-730

ing component. This comprehensive dataset, combined with731

our predictive model, allows us to develop optimized decar-732

bonization scenarios, avoiding energy overproduction and ac-733

counting for embodied carbon emissions associated with PV734

manufacturing and transportation. Table 7 compares primary735

energy consumption and GHG emissions with and without PV736

panels. Without PV panels, the house is entirely dependent on737

the Swiss electricity mix, resulting in a primary energy con-738

sumption of 727.03 kWhep/m2S U.year. The integration of739

PV panels significantly reduces this consumption to 266.25740

kWhep/m2S U.year (a reduction of 63%), even without bat-741

tery storage. While 36% of the house’s energy needs are still742

met by the grid, this substantial reduction demonstrates the ef-743

fectiveness of PV systems in meeting the energy demands of744

buildings, consistent with the reported energy savings of 20 to745

50% through the integration of renewables (1; 40). The en-746

vironmental impact is equally significant. Without PV, GHG747
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Figure 12: Comparison of the Effectiveness of PVSyst, BIMSOLAR and the Lightweight LSTM Model in Estimating the Monthly PV Energy Production of a
PEWH House: Relative Deviation Between Actual and Estimated Monthly PV Energy Production

Table 7: Decarbonization Potential of PV Panels: Primary Energy and GHG Emission Reduction in a PEWH House

Electricity consump-
tion in primary energy
(kWhep/mS U.year)

GHG emissions from
Consumption electricity
(kgeqCO2/m2S U.year)

Decarbonization
rate (%)

Without PV
Panels

727.03 16.44 0

Electricity consumption in
primary energy (Grid cover)
(kWhep/mS U.year)

GHG emissions from Elec-
tricity covered by Grid en-
ergy (kgeqCO2/m2S U.year)

GHG emissions
from Electricity
Directly consumed
(kgeqCO2/m2S U.year)

Decarbonization
rate (%)

With PV
Panels

266.25 6.02 8.61 11

emissions reach 16.44 kgeqCO2/m2S U.year. With PV inte-748

gration, GHG grid-supplied electricity emissions decrease to749

6.02 kgeqCO2/m2.S U.year. The electricity consumption of750

the PV system, including embodied carbon, contributes 8.61751

kgeqCO2/m2.S U.year. This translates to a net decarbonization752

rate of 11%, as shown in Table 7. Although this is a significant753

improvement, this lower rate compared to studies excluding754

embodied carbon (41; 42) highlights the importance of consid-755

ering the full lifecycle emissions of the panel before its integra-756

tion into the winter house PEWH. Nevertheless, the transition757

from 0% to 11% decarbonization demonstrates the positive im-758

pact of PV integration. This reduction in grid supplied and PV759

related emissions highlights environmental benefits, consistent760

with trends observed in studies of renewable energy systems761

(43).762

In regions with heavy snowfall, our study shows that installing763

panels on all façades can lead to overproduction and an unde-764

sirable increase in the carbon footprint. On the other hand, by765

opting for targeted configurations such as installing them ex-766

clusively on the south façade or on the north roof, it is possi-767

ble to adjust the production to the actual needs of the build-768

ing. These optimized configurations improve the decarboniza-769

tion rate (with observed rates of 131% and 116%, respectively)770

while reducing energy waste, thus providing an optimal bal-771

ance between production and environmental impact. Recent772

studies have advanced the use of deep learning for PV pre-773

dicting; for example, Kumar et al. (44) demonstrate the ap-774

plication of AI to improve PV system performance, and other775

researchers have proposed hybrid models to improve forecast776

accuracy (45). However, these works generally neglect the en-777

vironmental costs associated with model training and operation.778

In contrast, our study fills this gap by integrating a carbon foot-779

print assessment via the CodeCarbon library and applying the780

TOPSIS framework for multi-criteria model selection. This in-781

tegrated approach not only improves forecast accuracy but also782

ensures that the selected model minimizes energy consumption783
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Figure 13: Decarbonization of PEWH houses with different installation config-
urations of PV panels on the facade or on the roof

and CO2 emissions, achieving a reduction in primary energy784

consumption of up to 63% and decarbonization rates of up to785

131%. Such a dual focus on technical performance and environ-786

mental sustainability represents a significant advance in sustain-787

able AI for renewable energy applications. Further analysis will788

explore optimized PV configurations to maximize decarboniza-789

tion while minimizing overproduction and its associated envi-790

ronmental impact. Fig. 13 highlights the significant potential of791

PV installations to reduce greenhouse gas (GHG) emissions and792

improve decarbonization in Swiss winter homes (PEWH). Op-793

timizing PV production using lightweight deep learning models794

further amplifies the environmental benefits of this technology.795

We analyze two scenarios: the current configuration and an op-796

timized configuration.797

Current Scenario: Overproduction and Counterproductive De-798

carbonization:799

The current scenario (Fig. 13) depicts the house with PV pan-800

els installed on all facades and roof sections. While this max-801

imizes self-consumption, except during winter nights, it also802

results in substantial overproduction, exceeding the annual pri-803

mary energy consumption of 727 kWhep/m2S U.year by over804

600%, reaching an excess of 93 kgeqCO2/m2.S U.year in GHG805

emissions (Fig. 13). This overproduction, coupled with the806

embodied carbon of the extensive PV system, leads to a de-807

carbonization penalty of 502%. This counterproductive out-808

come highlights the critical importance of considering the entire809

lifecycle emissions of PV panels, including manufacturing and810

transport. When overproduction is this significant, it negates811

the environmental benefits of on-site generation, demonstrat-812

ing that simply maximizing PV coverage can be detrimental to813

overall decarbonization efforts. A more nuanced approach is814

required to balance energy production with actual needs and815

minimize the environmental impact of embodied carbon.816

Optimized Scenario: Balancing Production and Decarboniza-817

tion:818

To address the shortcomings of the current scenario, alter-819

native PV configurations were explored using the lightweight820

LSTM deep learning model (Section 4.2 and Section 4.3), se-821

lected for its energy efficiency and low carbon footprint. The822

results, presented in Fig. 13, suggest two primary optimized823

configurations: PV installations solely on the south facade or824

solely on the north roof. These configurations achieve decar-825

bonization rates of 131% and 116%, respectively, while cover-826

ing 114% and 95% of the energy consumption needs, respec-827

tively.828

These slightly higher-than-required production levels remain829

reasonable, ensuring sufficient energy supply while minimizing830

overproduction. The south facade configuration yields GHG831

emissions of 15 kgeqCO2/m2.S U.year, while the north roof832

configuration results in 4.12 kgeqCO2/m2.S U.year.833

A less conventional scenario, considering the typical south-834

facing preference for PV installations, involves a combined in-835

stallation on the east, west, and north facades, covering 45%,836

10%, and 35% of energy needs, respectively, for a total cov-837

erage of 90%. This configuration results in respective GHG838

emissions of 6, 4, and 4 kgeqCO2/m2.S U.year, totaling 14839

kgeqCO2/m2.S U.year. Although this scenario seems promis-840

ing on an annual basis, it cannot meet instantaneous or daily841

energy demands with this distributed configuration and could842

prove difficult in practice. Therefore, the south or north fa-843

cade/roof configurations remain the most credible optimized844

scenarios.845

The optimized scenarios offer several key advantages:846

• Reduced GHG Emissions: Minimizing unnecessary PV847

installations reduces the overall environmental impact as-848

sociated with embodied carbon.849

• Improved Energy Utilization: Balancing PV production850

with actual consumption avoids overproduction and maxi-851

mizes the efficient use of generated electricity.852

• Enhanced Decarbonization Efficiency: The positive de-853

carbonization rates achieved by the south and north fa-854

cade/roof configurations (exceeding 100%) demonstrate855

the potential for significant carbon footprint reduction856

through optimized PV integration. These scenarios857

achieve high decarbonization and self-sufficiency while858

accounting for full lifecycle emissions of the installed pan-859

els.860

These findings have important implications for sustainable861

building design, especially in regions like Switzerland with862

unique challenges for PV production. Carefully selecting PV863

installation locations and optimizing production using environ-864

mentally conscious deep learning models maximizes the ben-865

efits of PV technology and contributes to a more sustainable866

energy future.867
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5. Conclusion868

This study presented a innovative approach for optimizing869

PV energy production in winter houses using lightweight deep870

learning models while prioritizing environmental sustainabil-871

ity. By integrating carbon footprint assessments with predic-872

tive accuracy, we demonstrated a 63% reduction in primary en-873

ergy consumption and achieved decarbonization rates of up to874

131% through strategic PV panel placement on south facades875

or north roofs. Our hybrid CNN-LSTM model proved highly876

effective in winter conditions, outperforming traditional soft-877

ware like PVsyst and BIMSolar, which systematically underes-878

timated production in snowy environments. These results un-879

derscore the potential of AI-driven models to balance energy880

efficiency with low-carbon practices, addressing both overpro-881

duction challenges and embodied emissions from PV systems.882

Looking ahead, further investigations could integrate advanced883

battery management and real-time satellite weather feeds to re-884

fine predictive reliability and grid autonomy. Expanding this885

methodology to diverse climates such as arid or coastal regions886

and architectural designs (e.g., industrial buildings) would so-887

lidify its global relevance for solar optimization. Bridging888

AI innovation with sustainable engineering, this work lays the889

groundwork for intelligent, climate-resilient energy systems,890

driving progress toward carbon-neutral infrastructure even in891

extreme environments.892
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