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Abstract: Energy optimization in intelligent buildings is a multi-objective decision-making problem that requires the
consideration of uncertainties on both supply and demand sides. However, existing optimization strategies often consider
a single indicator in isolation and lack collaborative system optimization, resulting in poor overall performance. To address
this issue, this study proposes an intelligent building energy optimization model based on deep reinforcement learning and
multi-criteria decision-making. This model integrates Long Short-Term Memory Transformer network for multi-source
temporal feature extraction and modeling, uses differential evolution algorithm to optimize Proximal Policy Optimization
reinforcement learning strategy, and introduces analytic hierarchy process to allocate weights to competitive indicators
such as energy efficiency, economy, comfort, to construct a comprehensive incentive function that guides the intelligent
agent to generate optimization strategies that benefit both supply and demand sides in synergy. The results indicate that the
proposed model achieves a 40% convergence rate and a 95.5% policy performance achievement rate. The proposed
strategy achieves a maximum energy optimization efficiency of 15.8% and a maximum economic benefit improvement of
16.2%. In simulation tests, the proposed strategy achieved a maximum satisfaction rate of 92.1% on the supply side and
95.6% on the demand side. These results demonstrate that the proposed method can effectively address uncertainties from
both the supply and demand sides to formulate optimal strategies that consider energy consumption, economic performance,
and other key indicators. This method provides a new perspective for smart building energy optimization and promotes the
application of deep learning algorithms in diverse decision-making tasks.
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process
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1. Introduction

To achieve this goal, many researchers have explored optimization strategies for smart buildings (Apanavic¢iené and
Shahrabani, 2023). Energy optimization remains a major focus in this field, but existing research often lacks comprehensive
strategies and relies on limited evaluation metrics. In deep learning, various algorithms have been developed, each with
unique strengths applicable in different domains depending on specific needs and device characteristics (Volkov et al.,
2022). Among them, the Long Short-Term Memory (LSTM) network effectively processes long-term sequential data,
while the Transformer architecture performs parallel computation across multiple information channels and models global
dependencies in multi-dimensional data (Al-Selwi et al., 2023; Dalla-Torre et al., 2025). The Proximal Policy Optimization
(PPO) algorithm is a policy gradient method known for its fast convergence and high accuracy (Van Hezewijk et al., 2023).
The characteristics of LSTM and Transformer align well with the long-term and multi-dimensional nature of smart building
data. Therefore, this study proposes an energy optimization model for smart buildings that combines LSTM, Transformer,
and PPO. The model innovatively integrates different algorithms according to the data characteristics of its various
optimization processes. Simultaneously, it introduces a strategy design approach that considers uncertainties on both the
supply and demand sides. The goal is to effectively optimize energy efficiency and economic performance, thereby
supporting the development of smart buildings into more energy-efficient and comfortable environments.
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2. Related Works

The LSTM network and Transformer architecture are deep learning algorithms with strong capabilities in extracting and
modeling time series features. Ma et al. (2023) proposed a new model based on an LSTM network and a Transformer to
address the low accuracy of traditional industrial forecasting models for multivariate time series. The model captured
important data by stacking multiple encoding layers and achieved satisfactory results in practical tests on four datasets.
Mazraedoost et al. (2025) developed a bidirectional sequence processing and fusion model based on the Transformer and
LSTM network to improve the accuracy of retention time prediction in liquid chromatography. The model achieved a mean
absolute error of 26.23 seconds and a mean absolute percentage error of no more than 3.25%. The PPO algorithm is also
widely applied in various fields by researchers around the world due to its strong adaptability and strategy development
capability. For instance, Bhourji et al. (2024) developed an intelligent control system based on PPO algorithm that
incorporated deterministic policy gradients to achieve precise control of a rotary inverted pendulum system. A comparison
with a traditional controller showed that the proposed method outperformed the traditional one. To address the problem of
rapidly increasing energy consumption during Internet of Things data transmission, Lee et al. (2023) proposed an edge
computing-based autonomous transmission control system using PPO algorithm. In tests on three different datasets, the
system effectively reduced energy consumption by decreasing total data transmission by 73.849%, 89.931%, and 81.310%,
respectively. Park et al. (2023) introduced a multi-agent algorithm based on the PPO algorithm to improve communication
performance in terahertz data transmission. The algorithm treated data transmission as a mixed-integer nonlinear
programming problem and computed optimal solutions. Simulation results showed that it improved network utilization by
17.77%.

As smart buildings have continued to evolve, energy optimization remains a key research focus. For example,
Muhammad and Hossain (2022) proposed an urban smart building energy allocation system to address population overload
and energy shortages in smart cities. The system effectively scheduled devices and reduced energy distribution costs and
delays in smart building grids. However, it did not consider other types of energy consumption. Maizana and Putri (2022)
developed a smart grid allocation system based on photovoltaic solar power for campus smart buildings. Although
simulation results showed that the system reduced energy usage, it did not account for indicators on the demand side.
Chakraborty et al. (2022) proposed a power grid control algorithm based on a variable gain-enhanced second-order
generalized integrator phase-locked loop to improve energy efficiency in smart buildings under extreme conditions. The
algorithm showed promising performance in terms of economy and energy-saving in simulations, but did not address
subjective demand-side experiences. Zhao and Wu (2022) proposed a decentralized scheduling framework that used
blockchain technology to optimize traditional centralized aggregators in smart buildings. Simulation results showed that
the framework reduced energy scheduling costs. However, the research only focused on energy efficiency and did not
consider demand-side indicators. Zhang et al. (2024) developed a renewable, wood-based power generation technology to
improve smart building energy efficiency. The Seebeck coefficients of heated wood increased to 320.5 and 436.6 pV/K in
the vertical and parallel directions, respectively. Although this method improved the utilization of wood energy, it did not
account for other energy types in smart buildings.

In summary, although existing research has made progress in optimizing energy consumption in smart buildings, most
studies focus on a single perspective, either supply or demand and fail to consider energy strategies from a supply-demand
synergy perspective, resulting in poor overall performance. For example, Muhammad and Hossain (2022) did not consider
multiple energy types, and Chakraborty et al. (2022) did not address subjective experiences. To address this gap, this study
aims to resolve the key challenges of supply and demand synergy optimization. The LSTM network, Transformer
architecture, and PPO algorithm have distinct advantages in time series feature extraction, modeling, and decision-making.
This provides a technical foundation for simultaneously handling uncertainties on both supply and demand sides while
formulating comprehensive strategies. Therefore, this study proposes an energy optimization model that integrates these
algorithms to account for uncertainties on both the supply and demand sides. The aim is to develop a global optimal strategy
through collaborative modeling of supply and demand uncertainties to improve energy allocation and provide residents
with a better experience.

3. Smart Building Energy Optimization Model Integrating Deep Learning Algorithms
3.1. Algorithm-based Modeling and Strategy Design for Smart Buildings

Formulating intelligent building energy optimization strategies requires the consideration of numerous uncertain factors
(Abbasimehr and Paki, 2022). The LSTM network captures long-term data variations through its gating mechanism, while
transformer architecture models global dependencies in time series data and performs virtual spatial fitting of
multidimensional data (He et al., 2023). Therefore, this study proposes a multidimensional information modeling algorithm
for intelligent buildings that integrates the LSTM and Transformer, referred to as the LSTM-Transformer model. The
structure of this model is shown in Fig. 1.

As shown in Fig. 1, the LSTM first extracts temporal features. It is a two-layer network composed of multiple subunits.
Each subunit consists of an input gate, a forget gate, and an output gate, and its operational process is defined by Eq. (1).

Ji=ow,e(h_,x,)+b,)
i =c(we(h_,x)+b)

o,=c(w,®(h_,x)+b,) (1)
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Fig. 1. LSTM-Transformer structure diagram

In Eq. (1), h’ -1 represents the LSTM subunit state at t—1 ,and X is the input at ! O js the activation function. Wi ,
by b aa® . fi o
,and Wo are the weights of the three gates, while ",and ° are the bias terms. “*, *,and "’ are the outputs of
each gate. Then, the Transformer performs spatial modehng The Transformer consists of a multi-head attention mechanism,
a normalization mechanism, and a feed-forward structure. The weighted calculation of the multi-head attention mechanism
is shown in Eq. (2).

OK”
A(Q,K,V) = soft max(===)V
I (@)

In Eq. (2), Q , K , and V represent the query, key, and value vectors, respectively. T s the transpose of a matrix,

and dK is the dimension of the matrix. The output of the weighted data is calculated as shown in Eq. (3).

H(Q,K.,V) = Contact(h,h,,....h )W’ 3

In Eq. (3), h s the data obtained through different weighting methods, and W' s the spatial projection matrix. The
feed-forward structure performs the calculation process as shown in Eq. (4).

FFN =max(0, xw' +b")w’ + b @

In Eq. (4), w and w’ are the weights of the two normalization layers, while b and b’ are the corresponding terms.
Following the modeling of various types of intelligent building data, optimization strategies can be formulated. PPO is a
strategy planning algorithm with strong adaptability that works well in various complex scenarios. However, PPO’s update
constraints can often lead to convergence on local optima (Hassan et al., 2023). The Differential Evolution (DE) algorithm
can be used to tune PPO’s hyperparameters, ensuring the PPO remains in its optimal state, improving the accuracy of the
resulting strategies. Therefore, this study employs a DE-optimized PPO (DP), to formulate intelligent building energy
optimization strategies. The process and structure of DP algorithms are shown in Fig. 2.

As shown in Fig. 2, DE optimizes PPO parameters prior to the PPO execution phase. First, the PPO parameters are
parsed and encoded as multi-dimensional data. Then, two random parameters from the data points are used to compute
vector differences and are scaled and fused with the initial parameters. This process is shown in Eq. (5).

p

Si * (52 53
e =X, FLF(x) —x)) ,n#Es #Es, 5,

(6))
In Eq. (5), & is the number of mutation iterations, /? is the number of parameters, L s the search step size, X is a

s, S S . . .
random parameter, and ~!, "2 and "3 represent different mutation levels. The crossover operation on the new parameters
are shown in Eq. (6).
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Fig. 2. DP algorithm flow diagram

In Eq. (6), U is the intermediate unit of the crossover calculation, J s the parameter dimension, Jrand s 3 random

number between 0 and -/ , and CR s the crossover probability. Then, the parameters that meet the requirements are
selected from the new and old ones, as shown in Eq. (7).

L A BN

X
g+l .
x; otherwise

()

n n
In Eq. (7), Ygr is the retained parameter unit. Based on e , PPO parameters are set to reach the optimal state and
proceed with strategy formulation. Upon receiving data, PPO first sets a group of virtual environment parameters for the
policy network. Then, the value network updates the state and discount factors in the virtual environment. The gradient for
each update step is calculated using Eq. (8).

AS = Expl 2L 00 (g 4 y10g p, (4[]
pg'(At > Et) (8)

o
In Eq. (8), Py and Po represent the probability of a specific policy before and after the update, & s the average

advantage function, and ’? is the number of trajectories. Finally, the intelligent building energy model and optimization

algorithm integrating LSTM-Transformer and DP (LTDP) is constructed. Its structure and workflow are shown in Fig. 3.

As shown in Fig. 3, the LTDP framework consists of two main components: LSTM-Transformer and DP. These parts
are responsible for data modeling and strategy formulation, respectively. The subunits LSTM and Transformer within
LSTM-Transformer are in a serial configuration. During modeling, LSTM extracts data features, and Transformer performs
global dependency modeling. The DE component interfaces only with PPO and has no direct connection to the front-end
LSTM-Transformer. DE tunes PPO’s parameters before decision-making to ensure optimal performance. PPO then
evaluates energy utilization strategies based on various intelligent building information from both the supply and demand
sides, modeled by LSTM-Transformer, and develops new strategies that outperform the incumbent ones.

3.2. Energy Optimization Model Considering Supply and Demand Uncertainties

LTDP performs feature extraction, spatial modeling, and energy optimization strategy formulation using data in intelligent
buildings. However, LTDP cannot directly extract various types of physical information, nor can it obtain the prices or
economic returns of electricity and natural gas. Traditional intelligent building energy optimization models usually rely on
a combination of physical sensors, computer systems, and human-computer interfaces to complete the energy optimization
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process (Sivakumar et al., 2024). The traditional process is shown in Fig. 4.
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Fig. 3. LTDP intelligent building energy optimization algorithm flow diagram
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Fig. 4. Process of energy optimization strategy formulation for intelligent buildings

As illustrated in Fig. 4, the energy optimization process for intelligent buildings requires the collection of three
categories of data, most of which are dynamic and uncertain. Following collection, the data undergoes preprocessing to
remove abnormal and invalid values, thereby reducing the computational burden during subsequent feature analysis and
modeling. Then, an intelligent algorithm is used to obtain the optimal energy strategy. Energy control in intelligent
buildings involves multiple indicators from different domains, including physical and economic factors. In practice, directly
evaluating indicators with different dimensions is challenging. The Analytic Hierarchy Process (AHP) is used to allocate
weights to these multi-dimensional, competitive indicators from both the supply and demand sides, constructing a unified
comprehensive evaluation system (Candra et al., 2025). This study applies AHP to derive the relative weights of each
indicator. These weights are then used to construct the reward function of PPO algorithm, guiding it to formulate energy
strategies that balance both supply and demand objectives. Therefore, this study proposes an AHP-based weighting scheme
for supply and demand side indicators. The process is shown in Fig. 5.

In Fig. 5, AHP first classifies the data into supply side indicators, demand side indicators, and joint indicators. Then, a
matrix is constructed for each category as shown in Eq. (9).

A, 4,000 4,
Ay A, 00 4,
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In Eq. (9), A represents the importance of specific indicators which can be assigned based on actual needs. ? is the
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Fig. 5. AHP-based supply and demand side indicator quantification method for intelligent buildings

The importance of indicators is then compared. This starts by calculating the weight vector of the matrix, as shown in
Eq. (10).

_ T
w. W,

In Eq. (10), !, "2, and v, represent the eigenvectors of the corresponding indicators. The comparison matrix is
then obtained as shown in Eq. (11).

A:[aij]n*n (11)

In Eq. (11), @ represents the elements of the comparison matrix, while I and / are the indexes of the two elements
being compared. The relationship between the comparison matrix and the weight vector is shown in Eq. (12).

AW =nW (12)
Based on Eq. (12), the relationship between the comparison matrix and its maximum eigenvalue is given in Eq. (13).
AW =2_W )

In Eq. (13), ;tmax is the maximum eigenvalue of the comparison matrix, which represents the importance of the
indicator. The consistency of the weighting process is evaluated using Eq. (14).

CI — /,tmax _n
n-1 (14)

In Eq. (14), a consistency coefficient CI closer to 0 indicates a better result of the comprehensive weighting. In multi-
level analysis, the combination weight of each level is calculated using Eq. (15).

B./' = Zaibj (15)

In Eq. (15), b s the importance weight of the corresponding level. Finally, the intelligent building energy optimization
model based on AHP and LTDP (A-LTDP) is constructed. The structure is shown in Fig. 6.

As shown in Fig. 6, the proposed A-LTDP model comprises four main modules: data collection, data integration,
modeling and decision-making, and a control output. During the energy strategy optimization process, the data collection
module first gathers uncertain information from both the supply and demand sides. Then, AHP quantifies all collected data
to enable integrated evaluation of different indicators. The modeling and decision-making module uses LTDP as the core
algorithm. Within this module, PPO connects to AHP and uses the AHP-calculated weights as the basis for strategy
formulation. After the PPO algorithm generates the optimal energy strategy, the control system adjusts the parameters of
energy-consuming devices to implement energy optimization for the intelligent building.

4. Performance Verification of Intelligent Building Energy Optimization Model
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4.1. Performance Verification of LTDP Algorithm for Energy Optimization Strategy Design

This study first used the Building Data Genome Directory (BDGD) to verify the performance of the LTDP algorithm.
BDGD was an open data-sharing platform that included multidimensional data on energy and weather in smart buildings.
Trust Region Policy Optimization (TRPO), Deep Deterministic Policy Gradient (DDPG), and Soft Actor-Critic (SAC)
were selected as comparison algorithms. All algorithms were run under the same conditions. The test environment included
Ubuntu 22.04.3 LTS as the operating system, Java 17 as the programming language, and TensorFlow 2.12 as the deep
learning framework. The central processor was an Intel Core 19-13900K. The parameter settings during the experiments

are shown in Table 1.
A-LTDP model
fmode LTDP algorithm

Sensors and LSTM+Transformer DP Equipment controller
computers, networks
y y L
ﬂ Data > Data Decision- Control >
collection integration making output
Intelligent Optimized
building Intelligent building

E%JHE
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Fig. 6. Structure of the A-LTDP intelligent building energy optimization model

Table 1. Algorithm parameter settings in the experiment

Parameter Parameter description Parameter value
Lr Learning rate le-3
Dropout Discard rate 0.5
Batch size Lot size 32
Hidden dims f The finance n}odule. hides the layer 256
- - dimension
Hidden_dims_t Text modules hide layer dimensions 512
Kernel size Convolution kernel size 2,3,4)
Concat_size Fusion dimension 256
Max_length Maximum length of model input 800*3
Embed dim Text embedding dimension 960

The effectiveness of these strategies is one of the most important evaluation indicators for optimization algorithms. The
Receiver Operating Characteristic (ROC) curve was also commonly used to validate algorithm performance. The
achievement rate of strategy performance and ROC curves were compared, as shown in Fig. 7.

As shown in Fig. 7(a), the LTDP algorithm achieved a strategy performance achievement rate of 95.5% upon
convergence, while the SAC algorithm reached 78.2%, the DDPG algorithm reached 83.4%, and the TRPO algorithm
reached 80.6%. Furthermore, the LTDP algorithm converged after only 40% of the total iterations. As shown in Fig. 7(b),
the area under the ROC curve of the LTDP algorithm was 0.965, while that of SAC was 0.872, DDPG was 0.910, and
TRPO was 0.941. These results demonstrate that the LTDP algorithm achieved superior overall performance compared to
the benchmark algorithms. Subsequently, to evaluate whether the LTDP algorithm could meet both supply and demand
indicators in energy optimization, 100 data groups from the dataset were used for testing. The adaptability score is the
comprehensive performance score for the strategies generated by each algorithm across supply and demand-side indicators.
The degree to which each algorithm satisfied both sides was analyzed, and the results are shown in Fig. 8.

In Fig. 8(a), the energy optimization strategies generated by the LTDP algorithm demonstrated high adaptability to both
the supply and demand sides, with all adaptability scores above 0.7. Figures 8(b) and 8(c) showed that the TRPO algorithm
prioritized the supply side, whereas the DDPG algorithm demonstrated greater adaptability on the demand side. In contrast,
Fig. 8(d) shows that the SAC algorithm exhibited relatively low adaptability to both sides. In summary, the LTDP algorithm
comprehensively balanced both supply and demand considerations, resulting in superior energy optimization strategies. To
further validate the LTDP algorithm's ability to integrate multiple objectives, the strategies produced by each algorithm
over a five-hour period were evaluated across four metrics: energy, economy, comfort, and stability. The results of this
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multi-objective evaluation are presented in Fig. 9.
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Fig. 8. Comparison of each algorithm’s adaptability to supply side and demand side indicators

As shown in Fig. 9(a), the LTDP algorithm’s strategies significantly improved energy efficiency, achieving a maximum
improvement of 15.8% and outperforming all benchmark algorithms. Fig. 9(b) shows that the LTDP algorithm significantly
reduced economic consumption, with a maximum reduction of 16.2% over the five-hour period. As shown in Fig. 9(c), the
satisfaction level of strategies generated by LTDP reached a maximum satisfaction level of 93.1%, significantly higher
than benchmark algorithms. Finally, Fig. 9(d) demonstrates that the strategies generated by LTDP had smaller deviations
from the optimal strategy, with a maximum deviation within five hours of no more than 4.0%, which was substantially
lower than other algorithms.

4.2. Simulation Verification of A-LTDP Model based on LTDP Algorithm and AHP

Building on the LTDP algorithm verification, the integrated A-LTDP model was evaluated using OneSpace digital twin
platform. During verification, Integrated Deep Reinforcement Learning and Model Predictive Control (DRL-MPC), Multi-
Agent Deep Deterministic Policy Gradient (MADDPG), and Imitation Learning-based Energy Management Systems (IL-
EMS) were selected as comparison models. To assess the interpretability and reliability of the A-LTDP model, the accuracy
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and 95% confidence intervals of each model during operation were compared, as shown in Fig. 10.
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As shown in Fig. 10(a), the A-LTDP model exhibited more concentrated accuracy, with values ranging from 87.3% to
93.1%. In contrast, the accuracy ranges for the benchmark models were 75.6% to 90.1% for DRL-MPC, 78.5% to 88.7%
for MADDPG, and 68.7% to 78.5% for IL-EMS. These results confirm that the A-LTDP model achieved superior
accuracy. As shown in Fig. 10(b) the A-LTDP model’s 95% confidence interval was 94.5% to 96.1%, which is substantially
narrower than those of the benchmark models. Therefore, the A-LTDP model demonstrated higher reliability. To further
evaluate the energy optimization performance of the A-LTDP model in smart buildings, the model’s energy optimization
rate over a 24-hour period was compared with that of the real-time optimal strategy. The results are shown in Fig. 11.

As shown in Fig. 11(a), the energy optimization rate of the A-LTDP model closely tracked the optimal strategy,
deviating only slightly at hours 4 and 15. The overall alignment rate over the 24-hour period was 97.2%. Among the
benchmark models, only the DRL-MPC model achieved relatively high alignment, with a 24-hour alignment rate of 85.1%.
The MADDPG and IL-EMS models showed minimal overlap with the optimal curve, achieving alignment rates of only
76.3% and 70.1%, respectively. These results demonstrate that the energy optimization strategies generated by the A-LTDP
model were closer to the optimal strategy and delivered superior performance. To evaluate how well each model balanced
the supply and demand side requirements, the corresponding satisfaction levels were compared across models. Here,



Journal of Engineering, Project, and Production Management, 2026, 16(2), 2025-161

satisfaction quantifies the alignment between strategy performance and expected goals. Its calculation is based on the
deviation between each performance’s actual and target values. The smaller the deviation, the higher the satisfaction. The
final result is the average of all performance satisfaction scores, ranging from 0% to 100%, with higher values indicating
higher satisfaction. The results are shown in Fig. 12.
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Fig. 11. Comparison of alignment between strategies of each model and the optimal strategy
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Fig. 12. Comparison of satisfaction levels for supply side and demand side requirements

As shown in Fig. 12(a), the A-LTDP model consistently maintained a satisfaction level above 90% for both sides,
reaching maximum satisfaction of 92.1% on the supply side and 95.6% on the demand side. As shown in Fig. 12(b), the
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DRL-MPC model's satisfaction levels for both sides remained below 90%, with a maximum of 89.5% on the supply side
and 89.8% on the demand side. As shown in Fig. 12(c) and 12(d), the MADDPG and IL-EMS models demonstrated
significantly lower satisfaction levels for both supply and demand compared to the A-LTDP model. In conclusion, the A-
LTDP model effectively balanced multiple indicators from both the supply and demand sides and generated highly effective
energy optimization strategies.

5. Conclusion

To address the limitations of existing smart building energy optimization strategies in handling supply and demand
uncertainties, this study integrated various deep learning algorithms and proposed an innovative model named A-LTDP,
which considered both supply and demand requirements. Experimental results showed that the LTDP algorithm achieved
a strategy performance accuracy of 95.5% upon convergence, with generated strategies meeting at least 70% of the
requirements on both the supply and demand sides. In the simulation experiments, the A-LTDP model achieved an accuracy
ranging from 87.5% to 93.1%. The 95% confidence interval ranged from 94.5% to 96.1%. During a 24-hour simulation,
the strategy generated by the model deviated from the optimal strategy at only two time points, and the overall alignment
over the full period reached 97.2%, which significantly outperformed the comparison models. These results demonstrated
that the proposed LTDP model successfully integrated the strengths of various deep learning algorithms. It effectively
considered uncertainties from both the supply and demand sides, thereby improving the energy efficiency and economic
performance of smart buildings. However, since the model integrated multiple algorithms, it might have introduced more
computation steps, potentially increasing the response time. This issue was not verified in the current study. In the future,
more simulation experiments and real-world tests will be conducted to evaluate this aspect and further optimize the model.
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