
  

Research on Innovative Applications of AI in Sustainable 

Architecture: Blueprint for Future Building Technology 

Jingwen He1, Haoran Xu2, Xinshi Li3 and Qian Meng4* 
1 Samfox School of Architecture, Washington University in St. Louis, California, 94608, USA 

2 Graduate School of Architecture, Planning and Preservation, Columbia University,  

New York, 10027, USA 
3 Feliciano School of Business, Montclair State University, NJ, 07043, USA 

4 School of Architecture and Design, University of Technology Sydney,  

Sydney, 2007 Australia 

Abstract. With increasing concerns over climate change and resource scarcity, 

sustainable construction has become a key priority. The proposed model inte-

grates a multi-layer AI structure with three modules: data collection, intelligent 

prediction, and dynamic control. IoT sensors first gather real-time environmental 

data, which the AI system uses to operate effectively. A deep learning network 

then predicts building energy demand, enabling dynamic energy adjustments us-

ing LSTM neural networks. Finally, reinforcement learning algorithms adap-

tively control energy and environmental systems, incorporating climate predic-

tions, building thermal properties, and energy prices to maximize efficiency. The 

model dynamically adjusts energy consumption based on predicted demand and 

factors such as climate forecasts, building thermal properties, and energy prices. 

Experimental simulations confirm the model’s effectiveness in reducing energy 

use and emissions across various building scenarios. 

Keywords: Sustainable Construction, Artificial Intelligence, Energy Optimiza-

tion, Dynamic Control.  

1 Introduction 

As global climate change intensifies, the environmental responsibility of the construc-

tion industry is becoming increasingly evident, given its substantial contribution to 

global carbon emissions and resource consumption. Statistical data indicates that the 

building and construction industry is responsible for approximately 40% of global en-

ergy consumption, while contributing approximately 30% of CO2 emissions. The op-

erational phases of buildings, such as heating, cooling, ventilation, and lighting, repre-

sent the primary source of energy consumption. This elevated consumption and emis-

sion rate not only has a direct impact on climate change but also exerts considerable 

pressure on global issues such as resource depletion and ecological imbalance [1]. Fur-

thermore, the rapid urbanisation and global population growth that have occurred in 

recent decades have resulted in a corresponding increase in demand for resources. This  
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has led to a significant rise in the consumption of energy, materials and land, which in
turn is causing long-term damage to the natural environment. In light of these chal-
lenges, it is imperative that sustainability goals in the construction industry adopt a
holistic approach to optimisation, encompassing the entire design and management pro-
cess, rather than focusing on isolated improvements [2].

The conventional models of building design and management are constrained in their
ability to effectively address the intricate challenges that arise in this field. Firstly, the
traditional model is reliant on pre-set fixed parameters or manual monitoring, which is
challenging to align with the dynamic energy demand. Given the frequent changes in
climate, seasons, building usage, and human activities, there is a considerable degree
of uncertainty in energy demand. Traditional management methods are unable to adjust
the system in real time to adapt to the rapidly changing environment, resulting in the
inefficient use of resources [3]. Secondly, traditional building design tends to prioritise
short-term costs and functionality, with a consequent disregard for energy efficiency
and environmental impact over the life cycle of the building. In the context of the grow-
ing scarcity of resources, the improvement of resource efficiency in buildings and the
reduction of energy consumption have become the central objectives of the global con-
struction industry [4]. It is therefore imperative that an efficient, intelligent and flexible
sustainable building system is constructed which can be dynamically regulated accord-
ing to real-time data and which balances the use of resources and user comfort.

Recent advancements in sustainable building research have focused on areas such as
green materials, energy-saving technologies, and intelligent energy management sys-
tems. For example, low-carbon cement, recycled wood, and energy-efficient glass are
increasingly used to reduce the carbon footprint of buildings [5]. Energy-saving technol-
ogies, like solar panels, wind energy systems, and LED lighting, have also helped de-
crease direct energy consumption. However, these solutions often target individual as-
pects of buildings and lack coordination across systems. True building sustainability
requires a holistic approach, integrating energy management, data monitoring, equip-
ment control, and user behavior to create a fully optimized building ecosystem.

2 Related Work

Ben-Nakhi and Mahmoud employed a General Regression Neural Network (GRNN) to
predict cooling loads for commercial buildings [6]. Their findings demonstrated that a
well-designed GRNN could accurately predict a building’s cooling load based solely
on external temperature. Similarly, Ekici and Aksoy utilized a Back Propagation Neural
Network (BPNN) to estimate the heating energy requirements of three distinct build-
ings [7]. Their research validated the reliability and accuracy of BPNN in predicting
building heating loads. Yokoyama et al. also applied BPNN for cooling demand pre-
diction in buildings, incorporating a global optimization technique called "Modal Trim-
ming Method" to optimize model parameters and enhance predictive performance [8].
The SVM method is appropriate for small-scale data sets; however, there are limitations
in large-scale environments. The random forest (RF) method has been demonstrated to
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be effective in the context of high-dimensional data; however, it has been observed to
exhibit accuracy issues in scenarios characterised by extreme climatic conditions.

Li and colleagues utilized Support Vector Regression (SVR) to predict the hourly
cooling load of an office building [9]. Input parameters such as outdoor dry bulb tem-
perature, relative humidity, and solar radiation intensity were incorporated to improve
prediction accuracy. Similarly, Massana et al. [10] applied SVR, along with multiple lin-
ear regression and artificial neural networks, to forecast short-term loads for non-resi-
dential buildings. Deep neural networks (DNNs) demonstrate efficacy in processing
complex data, however, they are characterised by high computational costs.

3 Methodologies

3.1 Multi-source Feature Extraction and Fusion

The intelligent prediction module employs long short-term memory neural networks to
forecast the energy consumption of buildings and make adjustments in real-time based
on environmental and historical data. The module initially collates a series of real-time
data points, including temperature, humidity, air quality, human activity, and so forth,
in order to construct a characteristic sequence of energy demand. The input data set,
designated comprises all environmental and operational data at a given time point ,(ݐ)ܺ
Each data point within this set includes a range of variables, including temperature .ݐ
air quality index ,(ݐ)ܪhumidity ,(ݐ)ܶ and human activity level ,(ݐ)ܫܳܣ -The lat .(ݐ)ܣ
ter is expressed as Equation 1.

(ݐ)ܺ = .{(ݐ)ܣ,(ݐ)ܫܳܣ,(ݐ)ܪ,(ݐ)ܶ} (1)

Subsequently, the data sequence is fed into the LSTM network. The LSTM network
employs a three-layer gating structure comprising a forgetting gate, an input gate, and
an output gate, represented as ௧݂ , ݅௧ , and ௧, respectively. These gates are utilized to݋
process historical information and current inputs, as illustrated in Equations 2,3,4:

௧݂ = ൫ߪ ௙ܹ ∙ [ℎ௧ିଵ,ݔ௧] + ௙ܾ൯, (2)

݅௧ = )ߪ ௜ܹ ∙ [ℎ௧ିଵ,ݔ௧] + ܾ௜), (3)

௧݋ = )ߪ ௢ܹ ∙ [ℎ௧ିଵ,ݔ௧] + ܾ௢), (4)

where ܹ and ܾ represent the weight and bias parameters, respectively. The term ℎ௧ିଵ
denotes the previous hidden state, while the term ,௧ signifies the current input. Finallyݔ
the term -denotes the activation function. The state update formula of the LSTM net ߪ
work is responsible for transforming data series into predicted outputs. Predicted en-
ergy demand value for each step is expressed as ݐ)ܧ + 1), as illustrated in Equation 5.

ݐ)ܧ + 1) = ݐ)൫ܺܯܶܵܮ − ݐ)ܺ,(݊ − ݊ + 1), … ݐ)ܺ, − .൯(ݐ)ܺ,(1 (5)

The objective of the prediction process is to minimise the prediction error. Therefore,
the loss function is set to mean square error (ܧܵܯ), which is given by Equation 6.
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ݏݏ݋ܮ = ଵ
ே
∑ ቀܧ௔௖௧௨௔௟(݅) ௣௥௘ௗ௜௖௧௘ௗ(݅)ቁܧ−

ଶ
ே
௜ୀଵ . (6)

The objective of this loss function is to optimise the model parameters in order to
enhance the accuracy of the prediction and guarantee that the model is capable of pre-
cise dynamic adjustment when there is a significant fluctuation in energy demand.

3.2 Deep Learning Diagnostics

The dynamic control module employs a reinforcement learning (ܴܮ) strategy to enable
real-time adjustment of the building energy system and environmental control system,
thereby reducing energy consumption and maintaining user comfort. The state of rein-
forcement learning is represented by ௧ܵ , and the action is represented by -௧. Adjustܣ
ments to the built environment are made at time which may include modifications to ,ݐ
the system design or adjustments to the lighting. The objective of the model is ܥܣܸܪ
to optimise the cumulative reward, ܴ௧, as defined by Equation 7.

ܴ௧ = ߙ ∙ ݕ݃ݎ݁݊ܧ) −(ݏ݃݊݅ݒܽݏ ߚ ∙ ݐݎ݋݂݉݋ܿݏ݅ܦ) (ݔ݁݀݊݅ +
ߛ ∙ ݈ܽݐ݊݁݉݊݋ݎ݅ݒ݊ܧ) ,(ݐܿܽ݌݉݅ (7)

where the weighted parameters, ,ߙ and ߚ serve to balance the conflicting objectives ,ߛ
of energy efficiency, user comfort and environmental benefits.

The control strategy is updated by the strategy gradient method of reinforcement
learning, with the objective of optimising the expected cumulative reward, where ,(ߠ)ܬ
.represents the strategy parameter. The formula for strategy gradient is as Equation 8 ߠ

∇ఏ(ߠ)ܬ = ॱ[∇ఏ݈ߨ݃݋ఏ(ܣ௧| ௧ܵ) ∙ ܴ௧]. (8)

The dynamic control module is not only dependent on real-time data; it also incor-
porates climate prediction data and energy price data (ݐ)ܥ in order to optimise the (ݐ)ܲ
selection of actions at a given time point .as illustrated by Equation 9 ,ݐ

௧ܣ = max݃ݎܽ
஺

ॱ[∑ |௞ܴ௧ା௞ߛ ௧ܵ ஶܣ,
௞ୀ଴ ]. (9)

The ܳ-learning variant algorithm is employed to identify the optimal action in the
continually updated state-action value table, thereby enabling the control system to
demonstrate high adaptability in the context of a complex building environment.

4 Experiments

4.1 Experimental Setups

The dataset employed in the experiment was derived from the ASHRAE Great Energy
Predictor III dataset, published by the ASHRAE Society of Heating, Refrigerating and
Air-Conditioning Engineers. The dataset comprises comprehensive energy consump-
tion and environmental data from a range of commercial buildings, encompassing ex-
ternal meteorological conditions and internal building parameters. A three-layer fully
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connected neural network was employed, with each layer comprising 128 neurons. The
rationale behind the selection of a three-layer structure is based on the following con-
siderations: an analysis of existing literature indicates that a three-layer neural network
architecture can provide an optimal balance in the task of predicting the energy effi-
ciency of buildings. This approach can not only capture sufficient nonlinear features,
but also avoid the problem of overfitting. In order to prevent overfitting, a dropout layer
with a 0.2 dropout rate is added after each layer of the model. The loss function employs
the mean square error as the loss function, the optimiser is set to Adam, and the learning
rate is set to 0.001.

4.2 Experimental Analysis

The graph illustrates a comparison of the mean square error (MSE) of disparate predic-
tion methodologies when utilising varying numbers of features. The mean square error
(MSE) is employed as an evaluation index to quantify the average discrepancy between
the predicted and actual values. A lower MSE value indicates a higher level of predic-
tion accuracy for the model. As illustrated in the figure 1, the MSE of each method
declines progressively with the augmentation of the number of features, thereby sub-
stantiating the assertion that an increased number of features is conducive to enhancing
the prediction accuracy. The "Ours" method demonstrates the lowest MSE across all
feature sets, thereby substantiating its efficacy in energy consumption prediction.

Fig. 1. MSE Comparison for Different Methods.

The reduction in MSE is a direct reflection of the enhanced precision of building
energy efficiency forecasting, which signifies that buildings are capable of more accu-
rately anticipating energy demand and making corresponding adjustments. In practice,
this increase in accuracy can result in notable improvements in energy efficiency and
cost savings. To illustrate, in a commercial office building, the air conditioning system
can be made to adapt in real time to the energy demand by utilising an enhanced energy
efficiency prediction model.

Figure 2 depicts a comparison of energy efficiency ratios (EER) between disparate
methodologies when utilising varying numbers of features. The number of features with
disparate predictive outcomes is fixed, and the evaluation metric is the EER value,



1

12798.
2

Production 376 (2022): 134120.
3

(2023): 12451.

          407Research on Innovative Applications of AI in Sustainable Architecture   

which reflects the efficacy of each method in terms of energy efficiency. The "Ours"
method exhibits the highest EER value for all features, thereby demonstrating its nota-
ble efficacy in enhancing energy efficiency.

Fig. 2. EER Comparison for Different Methods with Varying Features.

5 Conclusion

In conclusion, this study demonstrates the considerable benefits of energy management
and environmental regulation in sustainable buildings through the construction of a
multi-level AI model. The experimental results demonstrate that the proposed method
exhibits superior performance in terms of mean square error and energy efficiency ratio
evaluation index when compared to the traditional method. This evidence substantiates
the assertion that the proposed method is more accurate in predicting energy consump-
tion and is more effective in reducing energy expenditure. The model employs a long
short-term memory network to forecast energy demand and integrates reinforcement
learning algorithms to enable real-time and intelligent dynamic control. Further re-
search could investigate the potential for integrating the AI technology employed in
this study into existing building management systems (BMS). This necessitates not only
the optimisation of algorithms but also a consideration of the compatibility and integra-
tion difficulty of existing systems.
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        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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