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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 (AI) 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 ISO 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 kgCO₂e, 

RMSE = 24.3 kgCO₂e, and R² = 0.92. To validate practical applicability, a case study of 

a 500 m² office with a 10-year design lifespan compares initial and cumulative emissions 

across three interior materials, contrasting AI-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. 
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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 techniques 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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