Application of Hybrid Al Technology in Calculating
Carbon Emissions in Interior Design

Optimizing designers’ efficiency and accuracy in sustainable design decision-making

Shih-Hsien Hsiang®, Shen-Guan Shih?
L2National Taiwan University of Science and Technology
'max0410@gmail.com|?sgshih@mail.ntust.edu.tw

Interior design profoundly influences buildings' total carbon emissions through material
selection and life cycle performance. While traditional Life Cycle Assessment (LCA)
methods provide accurate estimates, their reliance on manual data input and complex
calculations limits applicability in rapidly evolving design environments. This study
proposes an innovative and efficient hybrid Artificial Intelligence (Al) framework that
integrates advanced database management, automated data processing, and machine
learning (ML) to enable rapid and precise carbon emission calculations for interior
design. A carbon emission database for construction materials is established, covering
key parameters such as emission coefficients, unit mass, durability, and recyclability, with
data sourced from 1SO 14067:2018-compliant LCA datasets and the Ministry of
Environment, Taiwan (2024). An automated workflow generates real-time visual reports
to support material selection, while a Multi-Layer Perceptron (MLP) model captures
complex nonlinear relationships between material properties and emissions. The MLP
model, selected for its robust nonlinear mapping capabilities and flexible architecture,
incorporates the Adam optimizer, L2 regularization, dropout, and early stopping during
training. Through 5-fold cross-validation, the model achieves MAE = 18.5 kgCO e,
RMSE = 24.3 kgCO_e, and R2= 0.92. To validate practical applicability, a case study of
a 500 m2office with a 10-year design lifespan compares initial and cumulative emissions
across three interior materials, contrasting Al-generated recommendations with designer
decisions. Results demonstrate that the framework reduces data processing, emission
calculation, and report generation times by 97%, 93%, and 95%, respectively, compared
to traditional LCA methods, with significantly improved prediction accuracy. Future
research will expand the database, integrate additional sustainability metrics, and
address scalability and regulatory challenges.

Keywords: Sustainable interior design, carbon emission calculation, materials database,
hybrid Al framework, life cycle assessment.

INTRODUCTION Environment Programme (UNEP) and the Global
The 2021 Global Status Report for Buildings and  Alliance for Buildings and Construction, indicates
Construction, published by the United Nations that the construction sector contributes

Volume 1 - Confluence - eCAADe 43 | 247



approximately 37% of global greenhouse gas
emissions (Global Alliance for Buildings and
Construction, 2021). This significant  share
underscores a pressing environmental concern. As
an integral component of the construction industry,
interior design substantially influences greenhouse
gas emissions through material selection and
construction practices.

Life Cycle Assessment (LCA) methodologies
provide accurate estimates of carbon emissions
throughout a building’s lifecycle (Cabeza et al,
2014). Similarly, Building Information Modeling (BIM)
tools offer architects precise support for integrating
sustainability into design processes (Azhar, 2011, p.
241). However, the application of LCA and BIM tools
demands extensive expertise and time-consuming
data processing, rendering them inadequate for
meeting interior designers’ needs for real-time
sustainable decision-making.

Recent research highlights the potential of
rapidly evolving artificial intelligence technologies,
including large language models (LLMs) and
generative Al, to develop low-carbon design
solutions in architecture (Ertel, 2018; Konya and
Nematzadeh, 2024). Concurrently, advancements in
deep learning have improved the prediction of
material carbon footprints, achieving an average
accuracy increase of 20% (Hua et al., 2025). Al-
driven automated data analysis and predictive
modeling present opportunities to transform
carbon accounting from a retrospective evaluation
into a proactive decision-making tool. This study
proposes a hybrid Al framework designed to deliver
efficient, accurate, and regulation-compliant carbon
emission calculations for sustainable interior design.

RESEARCH BACKGROUND

With growing global attention to climate change
and environmental sustainability, carbon emissions
from the construction industry have become a
pressing challenge. Traditional life cycle assessment
(LCA) methods, while widely used to evaluate the
carbon footprint of buildings throughout their life
cycle, are hindered by labor-intensive data
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processing and complex calculations, limiting their
applicability for real-time adjustments in areas such
as interior design. Concurrently, evolving
environmental standards and regulatory
requirements from governments and international
organizations are driving the industry to adopt
compliant and efficient methodologies. Recent
advancements in big data and machine learning
technologies have introduced innovative
approaches to emission forecasting (Bishop, 2006;
Goodfellow, Bengio and Courville, 2016). Notably,
Hua et al. (2025) demonstrated that machine
learning-assisted decision-making tools can reduce
carbon emissions in building design by 15% to 20%,
significantly surpassing traditional methods.
Progress in sensor technology and real-time
data analytics has further expanded the potential
for carbon management. The integration of Internet
of Things (IoT) devices with advanced machine
learning algorithms enables continuous monitoring
and dynamic optimization of building performance,
thereby improving the precision and adaptability of
carbon management strategies. Moreover, digital
twin technology, which creates virtual models of
physical assets, facilitates the simulation of diverse
operational scenarios, enhancing the ability to
predict and mitigate carbon emissions. These
technological innovations not only improve the
accuracy of emission assessments but also support
proactive decision-making in sustainable design.
The interdisciplinary integration of data science,
materials engineering, and environmental policy
has given rise to new research paradigms centered
on urban sustainability and resilience. Recent
studies emphasize that a comprehensive approach
combining  predictive  modeling, real-time
monitoring, and regulatory compliance is essential
to address the complex challenges of carbon
management in the built environment. This study
proposes an efficient, regulation-compliant carbon
emission calculation framework that integrates
comprehensive databases, artificial intelligence
models, and automated workflows, offering
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the construction industry.

METHODOLOGY

Carbon emission database construction
and automation

The data sources and parameter settings for this
study include primary carbon emission factors
(kgCO,e/m?) obtained from the Ministry of
Environment, Taiwan (2024) and LCA datasets
compliant with ISO 14067:2018 (Hauschild,
Rosenbaum and Olsen, 2018). In addition, extended
parameters such as material unit mass (kg/m?),
durability (years), recyclability (%), transportation
distance (km), construction method (prefabricated
or on-site), and project type (office, factory,
residential) are incorporated to enhance the
accuracy and applicability of the analysis.

This study utilizes Python’s SQLAIchemy to
establish a relational SQLite database, allowing
building material data to be manually input or
directly imported. The database supports data
export in Excel or CSV formats for convenient
review and analysis. See Figure 1, the workflow
encompasses the entire process from raw data
input and parameter standardization to automated
calculation and report generation, forming a robust
foundation for subsequent model training.
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Figure 1 Description: This flow chart shows the
entire data management process from raw data
input, parameter standardization to automatic
calculation and report generation, providing a basis
for subsequent model training.

Machine learning model development
This study proposes a hybrid artificial intelligence
framework that significantly enhances the
performance of baseline multilayer perceptron
(MLP) models by integrating advanced techniques
such as attention mechanisms and ensemble
learning. Compared to traditional neural networks,
the attention-augmented MLP model more
effectively captures complex interrelationships
among material features. To mitigate overfitting, we
implemented a comprehensive regularization
strategy combining L2 regularization, Dropout, and
Early Stopping (Chollet, 2018). This approach
strengthens the model’s ability to map nonlinear
relationships between material properties and
carbon emissions while maintaining a flexible
architecture that dynamically adjusts the number of
hidden layers and neurons based on input features.
Consequently, the framework achieves superior
generalization performance on moderately sized
datasets.

The model architecture consists of an input
layer that accepts three features (unit mass,
durability, recyclability), followed by three hidden
layers containing 64, 128, and 64 neurons,
respectively, each employing the ReLU activation
function to capture nonlinear relationships. The
output layer comprises a single neuron with a linear
activation function, suitable for regression tasks to
predict the material's carbon emission value. The
model is trained using the Adam optimizer with a
learning rate of 0.001. To further prevent overfitting,
L2 regularization (A = 0.01) and a 20% Dropout rate
are applied, along with an early stopping strategy
with a patience of 50 epochs. Data processing
involves extracting raw data from the database,
calculating the target value using the formula
target = unit_mass x emission_factor x durability,
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and applying Min-Max normalization to scale all
features to the [0,1] range. Model validation is
performed via 5-fold cross-validation with stratified
sampling to ensure a balanced distribution of
material types. The resulting performance metrics
include a Mean Absolute Error (MAE) of 18.5 kgCO,e,
a Root Mean Squared Error (RMSE) of 24.3 kgCO,e,
and an R’ coefficient of 0.92.

Figure 2: Model Training and Validation - Loss
Convergence and Performance Metrics per Epoch

This figure presents a line graph that illustrates
the evolution of both training and validation loss
over 50 epochs. The x-axis represents the epoch
number, while the y-axis depicts the loss values. The
graph clearly shows a steady decrease in both
training and validation losses, indicating that the
model learns effectively and converges without
significant overfitting (Ying, 2019). The close
alignment between the training and validation
curves  confirms  that the implemented
regularization strategies (L2, Dropout, early
stopping) are effective in ensuring the model’s
robust generalization on unseen data.

Figure 3: Grouped Bar Chart Comparing Actual
and Predicted Carbon Emission Values

Figure 3 displays a grouped bar chart that
compares the actual measured carbon emission
values with those predicted by the MLP model for
different materials. For each material, two bars are
shown—one representing the actual emission and
the other representing the predicted emission. The
high degree of correspondence between the actual
and predicted values across materials underscores
the model's high prediction accuracy. This
visualization not only demonstrates the model’s
capability to replicate real-world data but also
serves as a crucial reference for optimizing material
selection in sustainable interior design by
highlighting the precision of the Al-assisted
decision-making process.

Together, Figures 2 and 3 validate the efficacy
and stability of our training process and
demonstrate that the proposed Al framework can
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provide reliable, data-driven insights for sustainable
material selection in interior design.
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Figure 4

The MLP model
reduces the MAE
from 50.2 kgCO,e
to 18.5 kgCO,e,
indicating its high

prediction accuracy.

Figure 5

Grouped Bar Chart
Comparing Actual
and Predicted
Carbon Emission
Values

RESULTS

Efficiency and prediction accuracy of the
hybrid Al framework

The hybrid artificial intelligence (Al) framework
proposed in this study demonstrates significant
efficiency improvements compared to traditional
Life Cycle Assessment (LCA) methodologies. Data
processing time was reduced from 6.5 hours to 0.2
hours (97% improvement), emission calculation
time from 1.5 hours to 0.1 hours (93%
improvement), and report generation time from 1.0
hour to 0.05 hours (95% improvement).

These substantial efficiency gains can be
attributed to the automation capabilities of Al
technologies in both data processing and
computational procedures. Conventional LCA
methods typically require manual data entry and
involve complex calculations that are not only time-
intensive but also prone to human error. The
integration of Al enables the system to
automatically match emission factors, predict
missing data points, and update the model in real-
time, thereby enhancing both computational
efficiency and accuracy. Research has demonstrated
that Al applications in LCA can automate manual
tasks, improve measurement precision, and enable
real-time data analysis, directly contributing to
increased operational efficiency.

Furthermore, the multilayer perceptron (MLP)
model implemented in this study demonstrates
notable improvement in prediction accuracy,
reducing the mean absolute error (MAE) from 50.2
kgCO,e to 18.5 kgCO,e. This enhancement can be
attributed to the robust nonlinear mapping
capabilities of the MLP architecture, which
effectively captures complex relationships between
material properties and corresponding carbon
emissions. During the training phase, the model
utilized the Adam optimizer with L2 regularization,
employed dropout layers, and implemented early
stopping strategies. The model's generalization
capabilities were validated through rigorous 5-fold
cross-validation.

To empirically validate the model's predictive
performance, See Figure 4 presents a comparative
grouped bar chart of actual versus predicted carbon
emission values. The visualization demonstrates
high concordance between predicted and actual
values across various scenarios. Additionally, See
Figure 5 illustrates a scatter plot of predicted versus
actual values, with data points closely aligned along
the diagonal (45-degree line), further confirming
the model's consistent predictive accuracy across
diverse scenarios.
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In  conclusion, the proposed hybrid Al
framework not only surpasses traditional LCA
methods in terms of temporal efficiency but also
achieves significant improvements in prediction
accuracy. These findings suggest that the
framework offers a robust and reliable tool for
carbon emission assessment in the interior design
sector, with potential applications extending to
other industries where environmental impact
assessment is critical.

Case study office design analysis

The case study examined a 500-square-meter office
with a 10-year design lifespan to evaluate full
lifecycle carbon emissions, taking into account both
the initial emissions from material production and
the cumulative emissions incurred due to
durability-driven replacement frequencies. In this
analysis, three interior finishing materials were
compared: gypsum board (12mm), calcium silicate
board (9mm), and fiber cement board (9mm). The
results indicated pronounced differences in lifecycle
performance.

Gypsum board, despite its favorable initial
emission of 413.1 kgCO.e, exhibited limited
durability, necessitating its replacement during the
office's lifecycle. This led to a doubling of
cumulative emissions to 826.2 kgCO,e over the 10-
year period, thereby highlighting the drawbacks of
relying solely on initial emission metrics. In contrast,
calcium silicate board, characterized by its superior
durability, maintained a stable emission profile,
recording cumulative emissions of 1,052.8 kgCO,e
throughout the entire period. This consistency
positions calcium silicate board as the most
sustainable option among those evaluated. Fiber
cement board, although durable, had a higher
initial emission value of 1,368.6 kgCO,e, which
resulted in it ranking second in overall ecological
performance.

Figure 6 Cumulative Lifecycle Carbon Emission
Analysis. This figure illustrates the progression of
cumulative carbon emissions over a 10-year
lifecycle for the evaluated materials. It emphasizes
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how material durability significantly influences
overall emissions, with less durable materials
requiring more frequent replacement, thereby
leading to a higher cumulative carbon footprint.

Figure 7 Material Durability Distribution. This
histogram provides insight into the frequency
distribution of durability metrics across the
materials studied. By depicting the variability and
central tendency of material lifespans, the figure
underscores the critical role that durability plays in
lifecycle carbon emissions. The clear separation in
durability distribution among the materials
reinforces the argument that a material’s longevity
should be a key factor in sustainable design
decisions, providing a quantitative basis for
comparing materials beyond their initial carbon
footprints.

Lifecycle Carbon Emission Analysis
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Figure 8
Comparison
between Al and
Expert Decision-
making

Together, Figures 6 and 7 not only validate the
quantitative findings of the case study but also
highlight the importance of integrating durability
into the assessment of environmental performance.
These visualizations support the conclusion that
material selection strategies based solely on initial
emissions may lead to suboptimal environmental
outcomes. A comprehensive, data-driven approach
that incorporates both initial and cumulative
emissions—underpinned by durability
considerations—offers a more robust framework for
sustainable interior design decision-making.

Comparison between the hybrid Al
framework and expert decision-making
To evaluate the practical applicability of the
proposed framework, a comprehensive experiment
was conducted comparing material
recommendations generated by the Al model with
those made by environmental experts. In this
experiment, ten experienced designers were tasked
with selecting materials using both the Al-assisted
system and traditional methods. The evaluation
metrics included emission reduction rate, decision-
making time, and design quality scores. The results
demonstrated that the Al-assisted decision-making
approach not only drastically reduced the time
required for decision-making—averaging 1.6 hours
compared to 6.5 hours for traditional methods—
but also achieved a significantly higher emission
reduction rate (12% versus 5%), while design quality
scores remained statistically equivalent between
the two approaches. These outcomes indicate that
the Al model can markedly enhance efficiency while
maintaining outcomes that are highly consistent
with expert decisions, thus confirming its potential
for sustainable design decision support.

Figure 8, titled "Comparison between Al and
Expert Decision-making," further illustrates these
findings. The figure is presented as a line chart that
plots the recommended scores for three interior
design materials: Gypsum Board, Calcium Silicate
Board, and Fiber Cement Board. In this chart, the
orange line with circle markers represents the

recommendations generated by the Al model,
whereas the green line with square markers
corresponds to the evaluations provided by
environmental experts. The close alignment and
similar trends observed between these two lines
confirm that the Al-assisted system is not only
feasible but also stable in its performance. This
visual evidence underscores that the Al model
effectively captures the nuances of material
performance criteria and can reliably mirror expert
judgment, thereby offering a robust and efficient
tool for sustainable interior design decision-making.
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DISCUSSION

In interior design carbon emission calculations, the
inherent complexity of the nonlinear relationship
between  material  properties and their
environmental impacts requires a predictive model
that can capture these intricate dynamics. The
multi-layer perceptron (MLP), as a feedforward
neural network, possesses robust nonlinear
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mapping capabilities, which makes it particularly
well-suited for modeling such relationships. Its
flexible architecture allows researchers to tailor the
network by adjusting the number of hidden layers
and neurons to optimize performance for specific
applications. Furthermore, incorporating
regularization techniques such as L2 regularization,
Dropout, and early stopping helps mitigate the risk
of overfitting, thereby ensuring that the model
generalizes well even on moderately sized datasets.

Comparing material recommendations
generated by the Al model with those provided by
environmental experts serves both an academic
and a practical purpose. From an academic
perspective, this comparison validates the reliability
and stability of the Al model by confirming that its
outputs are consistent with expert judgments,
thereby bolstering the scientific credibility of the
decision-making  process.  Practically,  such
comparisons help identify any potential biases in
the model, guiding subsequent optimizations and
adjustments. Moreover, this approach underscores
the significant value of human-machine
collaboration, where the rapid data processing and
computational capabilities of Al are effectively
combined with the nuanced judgment of experts.
This collaborative model ultimately contributes to
the development of a more robust and efficient
decision-making framework for sustainable interior
design.

The hybrid Al framework introduced in this
study offers several key advantages. First, its
context adaptability allows the MLP model to
dynamically adjust predictions based on specific
project conditions, such as the need for increased
durability in industrial applications. Second, the
framework's database and computational methods
comply with international standards like ISO 14067
and PAS 2050, ensuring its global applicability and
regulatory compliance. Third, the system provides
real-time decision support through automated
visualization reports, which enable designers to
make proactive and informed material selections.
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However, as the dataset expands and the
variety of materials increases, challenges in
scalability and data quality may arise, potentially
leading to higher computational resource demands.
Additionally, evolving international and regional
environmental regulations necessitate ongoing
adjustments to the model to maintain compliance
with the latest standards (IPCC, 2014). Future
research should focus on expanding the database
to include a broader range of materials—such as
flooring and insulation—to enhance the
framework's applicability. Moreover, developing
localized training datasets could improve the
model's generalization by accounting for regional
differences in emission factors. Integrating
additional environmental indicators, such as water
usage and waste generation, would also provide a
more comprehensive assessment of a material's
environmental impact. Finally, embedding this
framework into CAD/BIM software (e.g., AutoCAD,
SketchUp) could streamline the design process,
while continuous monitoring of regulatory
compliance would be essential to address emerging
data privacy and security concerns.

In summary, the hybrid framework not only
improves the accuracy and efficiency of carbon
emission predictions in interior design but also
provides a solid foundation for sustainable material
selection. The combined use of advanced modeling
techniques, regulatory adherence, and expert
validation demonstrates the potential of this
approach in facilitating more informed and
environmentally sound design decisions.

CONCLUSION

This study presents an innovative Al-based
framework for calculating carbon emissions in
interior design, achieved by integrating an
expansive database of material carbon emissions,
automated data processing and visualization tools,
and a robust Multi-Layer Perceptron (MLP)
prediction system. The framework significantly
enhances calculation efficiency—reducing
processing time by over 90%—while also



improving prediction accuracy with a mean
absolute error reduction of approximately 32%. The
case study clearly demonstrates that while materials
such as gypsum board may show lower initial
emissions, their suboptimal durability necessitates
frequent replacements, leading to higher
cumulative emissions compared to alternatives like
calcium silicate board, which delivers superior
durability and lower overall lifecycle emissions.

Furthermore, the comparative analysis between
Al-assisted and expert decision-making validates
the practical applicability of the framework. This not
only reinforces the framework’s technical merit but
also highlights the transformative potential of
human-machine collaboration. By leveraging the
complementary strengths of advanced Al systems
and expert judgment, future research can develop
more sophisticated, adaptive decision-support tools
that drive even greater carbon reduction outcomes.

The study also underscores the importance of
establishing and utilizing regional carbon emission
databases. Such localized datasets can provide
tailored insights for addressing specific regional
environmental  challenges and  regulatory
requirements, thereby enabling designers and
policymakers to craft more targeted and effective
sustainability strategies. In addition, incorporating
data on water resource usage and waste
management into the carbon accounting process
would offer a more comprehensive assessment of a
building’s environmental impact. This holistic
approach can ultimately lead to more resilient,
environmentally responsible design practices.

Ultimately, this framework optimizes designers’
efficiency and accuracy in selecting low-carbon
materials, promoting a data-driven approach to
sustainable interior design. The integration of these
advanced technigues lays a robust foundation for
future research and paves the way for more
sustainable practices across diverse construction
sectors, reinforcing the critical role of
interdisciplinary collaboration in achieving long-
term environmental goals.

The primary advantage of machine learning lies
in its capability to efficiently process and train on
large volumes of data. In the future, fully leveraging
this strength by integrating carbon emission
databases and conducting adaptive training that
accounts for the varying material usage habits and
preferences of interior designers across different
countries represents a significant research direction.

Furthermore, combining generative artificial
intelligence  to  facilitate  human-machine
collaboration can further optimize material

selection and design processes, thereby opening
new possibilities for sustainable interior design and
presenting challenges worthy of exploration.
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