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Abstract

To manage the carbon emissions of zero carbon buildings, a building infor-
mation model is used to construct a carbon emission model for zero carbon
buildings, and a multi-objective optimization method based on non domi-
nated genetic algorithm is developed to optimize the carbon emissions. The
performance of the carbon emission model is analyzed using the China
Energy and Carbon Emission Database (MEIC) public database, and the
outcomes reveal that the data matching error rate of the model is less than
5%, and the model’s coverage of the whole span of carbon emissions reaches
87.9%. By reusing the data from Global Carbon Budget (GCB) database to
predict the carbon reduction effect of the optimization plan, the outcomes
reveal that the optimization plan can reduce the carbon emissions through-
out the whole span by 35% to 45%, and the carbon reduction during the
operation phase can reach 43.7%. From the above outcomes, the emission
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reduction plan based on carbon emission model and multi-objective opti-
mization method can effectively reduce the carbon emissions. This can foster
sustainable development, and provide ideas for carbon reduction plans in
other fields.

Keywords: Decarbonization and emission reduction, carbon emissions,
non-dominated genetic algorithm, building information modeling, multi-
objective optimization.

Introduction

The issue of carbon emissions (CEs) has garnered worldwide attention due
to global climate change, and carbon reduction is urgently needed [1].
However, in the realm of building CE management, traditional methods
are often limited to single stage or single factor control, lacking systematic
consideration of the whole span of buildings [2]. In the field of architecture,
zero carbon buildings usually refer to buildings that achieve zero net carbon
emissions throughout their entire lifecycle through comprehensive measures
such as energy-saving design, renewable energy utilization, and carbon off-
set mechanisms [3]. According to internationally recognized standards, the
accounting for zero carbon buildings should include the following bound-
aries. Time boundary: covering the entire life cycle of a building, including
the production and transportation of building materials, construction, opera-
tion and maintenance, and demolition and recycling stages; Space boundary:
including the building itself and its associated energy systems, as well as
indirect emissions such as transportation and waste disposal. Carbon offset
mechanism: allows offsetting the remaining carbon emissions that cannot
be reduced through technological means by purchasing nationally certified
voluntary emission reductions (CCERs), green electricity certificates, or
investing in carbon sequestration projects. The research by Wang G et al.
showed that CEs throughout the building process were relatively concentrated
and intense, which validated the importance of full lifecycle management [4].
Roijen E V et al. found that achieving net-zero greenhouse gas emissions
might not only require reducing emissions but also the deployment of carbon
dioxide (CO2) removal technologies. This explored the potential of storing
carbon dioxide in building materials each year. The research found that in
new infrastructure, completely replacing traditional building materials with
carbon dioxide storage alternatives could store up to 16.6 + 2.8 billion tons
of carbon dioxide annually. In addition, the carbon storage pool for building
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materials will increase proportionally to the demand for these materials,
which may reduce the need for geological, terrestrial or Marine storage that is
more costly or poses higher environmental risks [5]. This study quantitatively
analyzes the distribution of carbon emissions throughout the entire life cycle
of buildings, using industrial and civil buildings as samples. The statistics
show that the carbon emissions during the construction phase account for
40%—-60% of the total emissions throughout the life cycle, and the emission
intensity is 2—3 times that of the operation phase. Its core contribution lies
in the empirical verification of the concentration and intensity of carbon
emissions during the construction phase, directly supporting the importance
of full lifecycle management. Building Information Modeling (BIM), as an
integrated technology platform, can integrate data information from various
stages of project planning, design, construction, and operation, providing
comprehensive and accurate data support for CE management. Liu J et al.
used system dynamics combined with multi-objective optimization (MOO)
methods to effectively forecast the effects of various energy consumption
modes on the future energy structure [6]. Mullen D et al. found that zero-
carbon hydrogen from steam methane reforming (SMR) was too expensive,
and the cost of carbon dioxide capture increased exponential as the remaining
emissions approached zero. It was found that through the long-term price
estimation of natural gas usage and DACCS, as well as the long-term price
estimation of electrolytic hydrogen production, the cost of avoiding carbon
dioxide from the fuel shift from natural gas to hydrogen was prospected [7].
This study adopts a coupling method of system dynamics and MOO to
construct a system dynamics model of energy consumption, carbon emis-
sions, and economic costs in Shandong Province as a case study. The MOO
algorithm is used to predict the impact of different energy consumption
modes such as coal power reduction, wind power and photovoltaic increment
on the energy structure in 2030. Its core contribution lies in verifying the
effectiveness of multi-objective optimization methods in energy structure
optimization, but the research object is regional energy systems, which are
not adapted to the multi-objective coupling scenarios of building carbon
emissions, construction period, and cost. To achieve systematic management
and optimization of carbon emissions throughout the entire life cycle of
zero-carbon buildings, this research follows a closed-loop research process
of “modeling — verification — optimization — prediction of emission
reduction effects”. Specifically as follows: (1) Modeling stage: Based on BIM
technology, integrate the data of the entire life cycle of buildings to construct
a dynamic calculation model for carbon emissions; (2) Verification stage:
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Use the MEIC database to verify the accuracy of the model and evaluate the
error rate and coverage rate; (3) Optimization stage: The improved NSGA-II
algorithm is adopted to conduct multi-objective collaborative optimization of
carbon emissions, construction period and cost; (4) Effect prediction stage:
Simulate the emission reduction potential under different energy scenarios in
combination with the GCB database, and evaluate the carbon emission reduc-
tion effect of the optimization plan. Compared with the existing methods, this
research approach has constructed a BIM-based dynamic coupling model
for carbon emissions throughout the entire life cycle, breaking through the
disconnection between design and carbon emission calculation in traditional
modeling and achieving data integration from design, construction to opera-
tion and demolition. Meanwhile, a three-layer progressive coding mechanism
for the construction process of buildings was proposed, and the coding
logic of the NSGA-II algorithm in the building scheduling problem was
improved, making the optimization results have both theoretical optimality
and engineering feasibility. In addition, a dual-database collaborative verifi-
cation system of MEIC and GCB has been established. The former is used
for model accuracy verification, while the latter is used for multi-scenario
emission reduction prediction, enhancing the credibility and cross-scenario
applicability of the model. The innovation of the research is mainly reflected
in the following three aspects: (1) A three-layer progressive coding logic
was proposed, and an automatic data exchange mechanism between the BIM
model and the NSGA-II algorithm was constructed, achieving a closed-loop
flow of data throughout the entire life cycle. Specifically, the first layer of
coding determines the priority of construction activities, the second layer of
coding selects construction plans for each activity, and the third layer of cod-
ing allocates corresponding resources. This coding method enables NSGA-II
to synchronously adjust the construction sequence, process plan and resource
combination during the optimization process, thereby achieving collaborative
optimization among carbon emissions, construction period and cost. (2) The
model was verified and the emission reduction effect was predicted by using
the dual public databases of MEIC and GCB, which enhanced the reliability
and applicability of the model.

1 Building Decarbonization and Emission Reduction
Method Based on BIM and NSGA-II

The research uses the BIM technology to analyze the CEs of buildings
throughout their whole span, and to model and calculate the CEs throughout
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the building process. Based on this analysis, it develops a calculation plu-
gin for CEs throughout the building process using programming software.
Finally, the NSGA-II algorithm is used for MOO of decarbonization and
emission reduction in zero carbon buildings.

1.1 Modeling Method for CEs of Zero Carbon Buildings Based
on BIM Technology

To accomplish the objective of zero carbon buildings, it is necessary to
effectively assess and reduce their CEs throughout their whole span. How-
ever, traditional CE modeling methods mostly rely on manual calculations
and simplified models, often neglecting the comprehensive consideration of
various aspects in the design, construction, operation, and decommissioning
stages of buildings [8]. The information data contained in BIM models can
run through the whole span of buildings, and therefore are often used as the
basis for building construction management and operation maintenance [9].
To clarify the accounting scope of the research object, the accounting bound-
ary of zero carbon buildings will be set as follows in this study. Implied
carbon: carbon emissions covering stages such as building material produc-
tion, transportation, and on-site construction; Operating carbon: including
energy related emissions from building heating, cooling, lighting, equipment
operation, etc; Demolition and carbon recycling: covering emissions from
building demolition, waste disposal, and material recycling processes; Car-
bon offset and green electricity substitution: Allow offsetting some emissions
through purchasing CCERs, green electricity, and other means. Based on
this, research is being conducted to integrate CE data from various stages
of buildings using BIM technology. The full lifecycle CE analysis process
grounded in BIM technology is presented in Figure 1.

From Figure 1, the modeling process grounded in BIM technology covers
building environment information, usage requirements, and other data. After
completing the design optimization of building building functional require-
ments, structural layout, and CE benefits, the BIM model is created. The BIM
model will be further analyzed according to the construction requirements.
Throughout the building process, the building model will undergo real-time
modifications grounded in the actual building entity to ensure consistency
between the model and the actual building. After entering the operational
phase, the BIM model continues to simulate management and optimize
CEs during the building operation process. Ultimately, with the end of the
building’s lifecycle, BIM models guide the demolition work. Therefore, BIM
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Figure 1 The whole span CE analysis process grounded in BIM technology.
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Figure 2 Factors affecting CEs throughout the building process.

models can provide simulation analysis data for the whole span of building
structures. Throughout the whole span, CEs throughout the building process
are relatively concentrated and intense [10]. Therefore, research is needed
to establish a CE calculation platform based on BIM models throughout the
building process, to achieve quantitative analysis of CEs during that phase.

To quantitatively analyze the CEs throughout the building process of
buildings, a CE modeling of zero carbon buildings is studied based on the
basic concept of CEs. The factors affecting CEs throughout the building
process are presented in Figure 2.

In Figure 2, the construction of building buildings involves a large number
of civil engineering projects, in which building materials such as steel,
concrete, doors and windows, and coatings are used, accounting for 99% of
the total CEs [11]. Therefore, to improve computational efficiency, the study
only considers projects and related building materials with a high proportion
of CEs as CE sources for detailed analysis. For projects and materials with
low CEs throughout the building process, detailed calculations will not be
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conducted. The mathematical model for calculating CEs is presented in

Equation (1).
minE:ZZCﬁj 1)

i=1 j=1
In Equation (1), £ is the total CEs throughout the building process of the
building, and C; is the CEs of the jth project in the ith construction scheme.
The computation of the CEs of each project is presented in Equation (2).

Cy = Qi x F )
In Equation (2), Qf«j and F}Y represent the engineering quantity and com-

posite CEs under this scheme. The mathematical expression for composite
CE:s is presented in Equation (3).

FY9 =M+ R/ +EY 3)
In Equation (3), M,fj R f,j , and Ef;j represent the CEs released by mate-
rials, labor, and machinery for the jth project in the ith construction scheme.
The computation for material CEs is presented in Equation (4).
a
MY =" M x E )
=1
In Equation (4), M* is the consumption of the material used in this

scheme, x is the total quantity of materials, and a is the CE factor under
this material. The computation for artificial CEs is presented in Equation (5).

b
R => RYx E, (5)
y=1
In Equation (5), RY is the consumption of the yth type of worker under
the rth construction scheme in the ith project, b is the total amount of workers,

and E:,’J is the CE factor of the yth type of worker. The computation for
mechanical CEs is presented in Equation (6).

(&
EJ =Y EF xE. (©)
z=1
In Equation (6), E¥* is the consumption of the type of machinery used in

this scheme, z is the total amount of machinery, and c is the CE factor of the
type of machinery.



382 Xueli Yin et al.

1.2 Zero Carbon Building Decarbonization and Emission
Reduction Design Based on MOO

Based on the modeling of CEs throughout the whole span of zero carbon
buildings, to achieve a balance between cost, schedule, and CEs, MOO
theory is used to solve the constructed mathematical model. MOO theory
is a mathematical method that studies how to find the best compromise
between multiple potentially conflicting objectives. Among numerous MOO
algorithms, NSGA-II has high optimization accuracy [12, 13]. Therefore,
the study utilizes the NSGA-II algorithm for MOO of decarbonization and
emission reduction in zero carbon buildings. The coding of decarbonization
and emission reduction design for buildings based on NSGA-II algorithm is
presented in Figure 3.

As shown in Figure 3, each construction activity corresponds to an indi-
vidual code. The first layer of individual coding is the construction activity
list, which uses priority relationships to determine the order of construction
activities. The second and third layers represent the construction plans and
resources for each activity, respectively. As there is no sequential constraint
on the plans and resources during the construction process, the population
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Figure 3 Design coding for decarbonization and emission reduction in buildings based on
NSGA-II algorithm.



Modeling and Multi-objective Optimization of Carbon Emissions 383

individuals representing the construction plans and resources are initialized
randomly. Through this encoding method, the NSGA-II algorithm can auto-
matically adjust the order, scheme, and resources of various construction
activities during the optimization process, thereby achieving comprehensive
optimization of multiple objectives such as CEs, construction period, and
cost. The objective function of the general NSGA-II algorithm often adopts
abstract mathematical expressions, while the multi-objective function in this
study is completely based on the carbon emission data of the entire lifecycle
of buildings, and achieves dynamic data linkage with BIM models. The MOO
model is presented in Equation (7).

n m
minE:ZZ(Q?‘ x F)
i=1 j=1
n m
minT =3 > (QF x HY) (7)
i= 1j 1
min W = ZZ (QY x PY)
i=1 j=1

In Equation (7), I, T', and W represent CEs, construction period, and
cost. HY and P represent the planned time and unit cost of the ith project in
the jth construction plan. The computation for the duration objective function
is presented in Equation (8).

n n m n m
minT:Zﬂ:ZZIﬁj—ZZ (QY x HY) (8)
i=1 j=1

i=1 j=1 =

In Equation (8), 7T} is the construction time of the ith project, and 1,7 is
the construction time of the rth item in the ith project under the jth con-
struction plan. The computation for the cost objective function is presented
in Equation (9).

minW:iWi:iiS?:ii(Q? x P7) ©)
i=1 i=1 j=1 i=1 j=1

In Equation (9), W; is the total cost of the ith construction project, and
S is the cost of the jth item in the ith project under the rth construction
plan [14]. The computation for unit cost is presented in Equation (10).

P9 =UY 4 VI 4 K9 (10)
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Figure 4 Zero carbon buildings decarbonization and emission reduction process based on
NSGA-II MOO.

In Equation (10), U,”?, V;”7, and K;’ indicate the material, labor, and
machinery costs for the jth project in the ith project under the rth con-
struction plan. In addition, the constraints of the above-mentioned objective
function are set as follows. Resource constraints require that the usage of
labor, mechanical equipment and key materials for each type of work does not
exceed the total available amount. The construction period constraint requires
that the total construction period must not exceed the latest completion time
stipulated in the contract. Cost constraints require that the total cost be
controlled within the budget range. Carbon emission constraints require that
the carbon emissions at each stage do not exceed the local environmental
protection policy limits. The decarbonization and emission reduction process
of zero carbon buildings based on NSGA-II MOO is presented in Figure 4.

As shown in Figure 4, in this process, the system first initializes the con-
struction plan with a population and subsequently conducts non-dominated
sorting and congestion calculation on the initial population. Then, it generates
a new generation of subgroups through selection, crossover, mutation, and
other operations, and merges the parent and offspring generations. At this
stage, the system performs fast non-dominated sorting and crowding calcula-
tion on the new population and selects appropriate members to create a new
parental generation. Next, it determines whether the maximum evolutionary
number has been attained. If the number has not been reached, the system
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repeats the generation of subgroups and subsequent operations. If the number
has been reached, it obtains a Pareto frontier solution. Finally, the system
selects a solution based on the three objectives of CEs, cost, and project dura-
tion. The study used the roulette wheel method to select parent individuals,
and the individual’s selection probability is presented in Equation (11).
fi
P=— (11)
> im fi
In Equation (11), P; is the probability of individual ¢ being selected, N
is the population size, and f; is the fitness of individual i. The population
crossover process is presented in Equation (12).

{ai]’ = aij(l — Oé) + a;

(12)
Q5 = aij(l — Oé) + Qi

In Equation (12), a;; is the chromosome of individual 7, and « is a number
chosen at random within the range of 0 to 1. The mutation operation process
is presented in Equation (13).

{aij + (aij — amaz) ¥ f(g), B> 05 .

aij + (amin — aij) X f(g), <05

In Equation (13), amax and ani, represent the max and min values of the
chromosome in individual i, f(g) is the mutation factor, and § is a number
chosen at random within the range of 0 to 1. The computation of congestion
is presented in Equation (14).

T

P(i)distance = D _[P(i+1) fr, — P(i—1) - fi] (14)

k=1

In Equation (14), P(7)4istance i the crowding distance of individual 4, f
is the value of the objective function k, r is the total number of objective
function, P(i+ 1) and P(i — 1) represent the adjacent solutions of individual
1. To systematically evaluate the performance of the carbon emission model
constructed in this study, the mean absolute percentage error (MAPE) and the
full life cycle coverage were adopted as the core validation indicators. The
error calculation is strictly based on the measured data of similar buildings
in the MEIC database. The calculation method of MAPE is as shown in
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Equation (15).

1 n m
MAPE =

In Equation (15), MAPE represents the average error, n represents the
number of building samples in the MEIC database that match the research
case, m represents the number of core sub types of carbon emissions through-
out the lifecycle of the building, Y;; represents the true carbon emissions of

Yii— Yij

ZU— Y100 15
Y, X % (15)

the j-th sub item in the i-th sample, and Y’;; represents the predicted carbon
emissions of the j-th sub item in the ¢-th sample. In the data preprocessing
stage, multiple interpolation methods are used to supplement the missing
values in the MEIC database, and Winsorize the extreme values to improve
the data quality. The formula for calculating the full lifecycle coverage is
shown in Equation (16).

Po = Seovered 109 (16)
Stotal

In Equation (16), Pc represents the coverage rate of the entire lifecycle,
Scovered Tepresents the total emissions corresponding to the core carbon
emission sources covered by the model, and Sy, represents the total emis-
sions of all potential carbon emission sources throughout the lifecycle of
the building. The evaluation criteria are as follows: A MAPE below 10%
is generally considered to have good prediction accuracy of the model, and
a MAPE below 5% is regarded as excellent. A coverage rate higher than
80% indicates that the model has a relatively complete coverage capacity
for carbon emissions throughout the entire life cycle. The input data of the
general NSGA-II algorithm relies heavily on manual sorting and input, which

can lead to data lag or omission.

2 Analysis of Decarbonization and Emission Reduction
Effects in Zero Carbon Buildings

2.1 Model Performance Analysis

To verify the capability of the model, an experimental environment was first
set up. The experiment was based on the Ubuntu 16.04.7 LTS operating
system, equipped with 128GB DDR4 RAM, RTX A5000 GPU, and using a
4TB NVMe SSD RAID 0+20TB HDD storage system. Meanwhile, modeling
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was carried out using Autodesk Revit 2023 combined with Dynamo 2.13’s
BIM platform, and the optimization process was carried out using MATLAB
R2022b software. The database used MySQL 8.0 and employed two publicly
available datasets, MEIC and GCB. After preprocessing operations such as
supplementation and cleaning on the basis of the original data, these datasets
were categorized into training and testing sets in an 8:2 ratio. The public
website for the MEIC dataset is: http://www.meicmodel.org/, the source
of the GCB dataset is: https://www.globalcarbonproject.org/index.htm.
Among them, the MEIC data is sourced from its public platform, covering the
carbon emission factors and construction-related activity levels by province
and industry in China from 2018 to 2022. The GCB data is sourced from the
official website of the Global Carbon Initiative and includes global and major
national energy-related CO2 emissions and carbon sink data from 1960 to
2022. The data processing is as follows: Firstly, the MEIC data is screened
to extract the emission categories related to the construction industry, and
then mapped and matched with the material, energy and process data in the
BIM model. At the same time, based on the historical trend of GCB and
the shared socio-economic path scenario, two emission scenarios, namely
“standard operation” and “low-carbon energy allocation”, are constructed,
and global data is regionally adapted according to the proportion of China’s
energy structure. Missing values are interpolated using the mean of similar
data, and outliers are truncated by £3 times the standard deviation. Finally,
the organized data is divided into a training set and a test set in an 8:2 ratio
for model training and independent validation. The algorithm’s population
was configured with a size of 100, while the crossover and mutation rates
were established at 0.9 and 0.1, respectively. Set the evolutionary algebra to
200 to ensure the algorithm converges fully. Cross-operation only involves
the exchange of plans and resources within the same construction activity.
Mutation operations allow for random adjustments to the sequence of activ-
ities, changes to construction plans or resource types within the scope of
compliance. Constraint processing adopts the constraint-Domination Prin-
ciple, placing the infeasible solutions at a lower ranking level to guide the
population to evolve towards the feasible domain. Detailed information about
the experimental setup can be found in Table 1.

It can be known from Table 1 that the selection of software versions
is based on its stability, functional compatibility and industry-wide appli-
cability. Ubuntu 16.04.7 LTS is the long-term supported version, which is
stable and compatible with most scientific computing libraries. Autodesk
Revit 2023 supports complete export of BIM data and Dynamo 2.13 visual
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Table 1 Experimental environment configuration

Environment Configuration

Operating system Ubuntu 16.04.7 LTS

CPU Intel Core i7-9700

GPU NVIDIA RTX A5000
Memory 128GB DDR4 RAM

Storage system 4TB NVMe SSD RAID 0 + 20TB HDD
BIM modeling platform Autodesk Revit 2023 + Dynamo 2.13
Optimization software MATLAB R2022b

Database MySQL 8.0

programming. MATLAB R2022b provides a mature toolkit of optimiza-
tion algorithms and support for parallel computing; MySQL 8.0 performs
exceptionally well in data query and transaction processing efficiency. The
hardware configuration is mainly aimed at computationally intensive tasks
such as BIM model processing, NSGA-II large-scale population iteration,
and database parallel query, ensuring that the model is trained and optimized
within a reasonable time. The research case was a building that adopted a
multi-layer framework structure. The design life of the building was 50 years,
with a total construction area of 3742.6 m?, a land area of 753.69 m?, a
total building height of 18.4 m, and a total of 5 floors. Due to the large foot-
print, complex construction, and high material consumption of this building
project, a substantial quantity of CEs was generated during the construction
process. To verify the capability of the proposed model, construction data
of the project was collected and a BIM model was constructed. The Pareto
solution of the multi-objective model studied is presented in Figure 5. From
Figure 5(a), the model studied in the training set successfully provided 8
Pareto solutions. Among them, the optimal solution had a CE of 105.64 tons,
corresponding to a construction period of 253 days and a cost of 9.57 million
yuan. The worst-case scenario for CEs was 751.67 tons, with a construction
period of 479 days and a cost of 16.72 million yuan. From Figure 5(b), the
Pareto solution scheme was also successfully provided in the test set.

The reason why the population size is set to 100 but only generates 8
sets of solutions is that this is a natural result of the core mechanism of
NSGA-II algorithm, non dominated sorting. The initial 100 individuals need
to go through multiple rounds of selection, crossover, and mutation iterations.
In each iteration, most individuals are eliminated due to being dominated,
while only non dominated individuals are retained, ultimately forming 8
sets of non dominated Pareto solutions. This is not an algorithmic flaw, but
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Figure 5 Pareto solution of multi-objective model.

a reflection of the algorithm’s ability to select the truly optimal trade-off
solution. The reason why the three objectives that do not converge are not
directly merged is that convergence here refers to the gradual stabilization of
each objective within a reasonable range as the number of iterations increases,
rather than the convergence of the three objectives to the same value or
becoming interchangeable with each other. Each of the 8 Pareto solutions
represents a unique trade-off relationship. If these solutions are merged, the
diversity of trade-off schemes will be lost and they will not be able to adapt to
different engineering scenarios. The study adopts a dual criteria approach of
non dominated sorting combined with crowding distance calculation, which
is a recognized scientific method in the field of multi-objective optimization.
Among them, non dominated sorting divides individuals into different ranks
based on their dominance relationships, with individuals with lower ranks
being superior to those with higher ranks because the former is not domi-
nated by any other individuals. The calculation of crowding distance is for
individuals of the same non dominated level. The crowding distance reflects
the sparsity of the individual in the solution set. The larger the crowding dis-
tance, the lower the similarity between the individual and adjacent solutions,
providing a more unique trade-off solution. Therefore, when selecting the
final solution from 8 sets of Pareto solutions based on the above dual criteria,
decision-makers can prioritize individuals with larger crowding distances to
ensure that the selected solution covers the most valuable trade-off scenarios,
rather than relying on subjective judgments. The final selection process of
Pareto front based on TOPSIS method is as follows: first, clarify the decision
attributes and weight allocation, then standardize the Pareto solution data,
and determine the positive ideal solution and negative ideal solution based on
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this. Then, calculate the weighted Euclidean distance between each solution
and the ideal solution, and calculate the comprehensive closeness. Sort and
select the optimal solution based on the size of the comprehensive closeness.
From the above, the zero carbon building CE modeling method based on BIM
technology was feasible and successfully obtained an MOO solution.

To verify the rationality of the decision-making scheme, a computer algo-
rithm was introduced to iteratively calculate by assigning different weights to
the indicators of CEs and cost. The iterative results of CEs and costs are
presented in Figure 6. From Figure 6, as the iteration count increased, the
two indicators of CEs and cost gradually converged to a stable optimization
result. This indicated that the model had good convergence and optimization
effects, and could effectively solve the balance optimization problem between
CEs and costs.

To further assess the model’s effectiveness, it was benchmarked against
other common CE models, including the Model from the China Energy
and CE Database (MEIC), Long range Energy Alternatives Planning System
Model (LEAP), and Economic Input Output Life Cycle Assessment Model
(EIO-LCA) [15-17]. Figure 7 illustrates how various models performed when
evaluated on the MEIC dataset. From Figure 7(a), under the training set, the
average error rate of the MOO model studied was only 4.20%. Compared
with the average error rates of models such as MEIC, LEAP, and EIO-LCA,
which were 6.57%, 5.82%, and 7.35%, they decreased by 2.37%, 1.62%, and
3.15%. The lifecycle coverage of the research model was as high as 87.92%,
while the coverage of other models was 80.45%, 85.10%, and 75.69%. The
research model improved by 7.47%, 2.82%, and 12.23% compared to them.
From Figure 7(b), in the test set, the average error rate and lifecycle coverage
of the research model were 4.15% and 88.23%, which were also better
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Figure 7 Performance comparison of various models on the MEIC dataset.

Table 2 Performance comparison of various models on the training and testing sets

Data Set Index Research Model  MEIC LEAP EIO-LCA

Training set ~ Training time/h 3.48 5.72 4.21 6.15
Inference time/s 0.02 0.18 0.12 0.16
R? 0.93 0.84 0.86 0.79

MSE 0.0028 0.0094  0.0076 0.0132
Test set Training time/h 3.51 5.12 4.24 6.04
Inference time/s 0.02 0.15 0.08 0.12
R? 0.92 0.85 0.88 0.80

MSE 0.0025 0.0085  0.0064 0.0127

than other models. In summary, the MOO model based on BIM technology
showed significant advantages in the accuracy and lifecycle coverage of CE
prediction.

To comprehensively verify the performance of the model, the study
compared the performance of various models on the training and testing
sets, as shown in Table 2. From Table 2, the performance of the research
model was significantly better than other models on both the training and
testing sets. In regard to computational efficiency in the test set, the training
time for the research model was only 3.51 hours, while the training time
for other models was all over 4 hours. In addition, its inference time only
took 0.02 seconds. Although other models had shorter inference times, the
research model still had significant advantages, demonstrating its superior
computational performance and deployment adaptability. In terms of fitting
accuracy, the determination coefficient R2 of the research model was as high
as 0.92, which was 8.23%, 4.54%, and 15% higher than the determination
coefficients of models such as MEIC, LEAP, and EIO-LCA. In terms of
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generalization ability, the mean squared error (MSE) of the research model
was only 0.0025, which was 70.58%, 60.93%, and 80.31% lower than the
other three models. In summary, MOO models based on BIM technology had
superior performance in CE modeling applications.

2.2 Analysis of Emission Reduction Effects

To verify the energy-saving and emission reduction effects of the MOO
model scheme based on BIM technology, this study compared the CE data
of the optimized scheme and the unoptimized scheme, evaluated the CE
reduction effects of the optimized scheme at different stages, and verified
the CE reduction effects throughout the whole span and operation stages.
The experimental group used the optimization scheme in the MOO model for
comprehensive CE monitoring, while the control group used the unoptimized
traditional scheme for CE monitoring. GCB data were used to simulate the
CEs of unoptimized and optimized schemes.

The comparison of emission reduction effects before and after optimiza-
tion is presented in Figure 8. From Figure 8(a), under standard operating
conditions, the optimized scheme had a CEs of 2108.51 tons throughout its
whole span, a reduction of 35.06% compared to the pre optimization level
of 3246.94 tons. The CEs during the operation phase of the optimized plan
were 1193.95 tons, a reduction of 43.69% compared to 2120.69 tons before
optimization. From Figure 8(b), under the condition of low-carbon energy
allocation, the optimized scheme had a CE of 1786.83 tons throughout its
whole span, which was a 44.96% reduction compared to the pre optimized
3246.82 tons. The CEs during the operation phase of the optimized plan were
1097.52 tons, a reduction of 47.93% compared to 2108.13 tons before opti-
mization. From Figure 8(c), under standard operating conditions, the energy
consumption of the optimized and non optimized schemes was 2561.87 MWh
and 1489.62 MWh, a reduction of 41.85%. Meanwhile, the CE intensity
before and after optimization were 0.18 kgCO2/kWh and 0.12 kgCO2/kWh,
respectively, a decrease of 33.33%. From Figure 8(d), under the condition
of low-carbon energy allocation, the energy consumption of the optimized
and non optimized schemes were 2397.08 MWh and 1328.54 MWh, a
reduction of 44.57%. The CE intensity before and after optimization were
0.16 kgCO2/kWh and 0.11 kgCO2/kWh, a decrease of 31.25%. In summary,
the research method effectively reduced energy consumption and CE inten-
sity. In summary, the research method achieved significant carbon reduction
effects in different scenarios.
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Figure 8 Comparison of emission reduction effects before and after optimization of the
plan (a) Under standard operating conditions, the optimized carbon emissions throughout the
entire lifecycle are reduced by 35.06%, and during the operational phase, they are reduced
by 43.69%; (b) Under the conditions of low-carbon energy allocation, the optimized carbon
emissions throughout the entire lifecycle are reduced by 44.96%, and the operational phase is
reduced by 47.93%; (c) Under standard operating conditions, energy consumption decreased
by 41.85% and carbon intensity decreased by 33.33%; (d) Under low-carbon energy allocation
conditions, energy consumption decreased by 44.57% and carbon intensity decreased by
31.25%.

The specific measures for achieving zero carbon are as follows: 1. For the
core energy load during the operation phase of the building, a distributed pho-
tovoltaic combined with energy storage system is configured to achieve zero
carbon substitution of electricity consumption. 2. For the remaining carbon
emissions that cannot be further reduced through technological means during
the construction and retirement phases, they will be offset by purchasing
nationally certified voluntary emission reductions (CCERs). 3. Incorporate
the full lifecycle emission reduction of buildings into the local carbon market,
and form an economic guarantee mechanism for zero carbon targets through
quota surplus trading combined with emission reduction pledge. In summary,
zero carbon is not an absolute absence of carbon, but a net carbon of zero
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throughout the entire lifecycle. Therefore, it requires a three-layer system
of technological emission reduction, carbon offsetting and offsetting, and
carbon market sustainability to achieve.

From this, it can be known that this result is highly representative in
the following situations. First, the building type is actually applicable to
medium-scale and medium-complexity public buildings, whose structural
and energy system characteristics are similar to those of schools, office
buildings, community centers and other types of buildings. For special types
such as super high-rise buildings, industrial plants or historically protected
buildings, parameter adjustments need to be made based on their structural
systems, material usage and energy consumption patterns. The second factor
is the influence of regional climate and energy structure. If it is applied
in the extremely cold northern regions or the hot southern regions, the
performance of the enclosure structure and the energy efficiency parameters
of the equipment should be adjusted in combination with local climate data.
In addition, the carbon intensity of regional power grids directly affects the
carbon emissions during operation. In application, the carbon emission fac-
tors need to be updated based on the local energy structure. The third aspect is
the portability of emission reduction measures. The emission reduction mea-
sures studied and adopted, such as distributed photovoltaic + energy storage,
high-efficiency envelope structures, and construction process optimization,
have good universality. However, the specific implementation effects will be
affected by local resource conditions, such as sunshine hours, the origin of
building materials, construction technology levels, and policy environments.
Therefore, it is recommended that when promoting and applying it, the
model be calibrated in combination with the type characteristics of the target
building, regional climate, energy structure and local carbon emission factors
to ensure the accuracy and applicability of emission reduction predictions.

To confirm the MOO effect of the model, the CE reduction effects under
different optimization schemes were compared and studied, as shown in
Table 3. From Table 3, the MOO scheme in the study reduced the project
duration by 12.08%, cost by 0.91%, and CEs by 5.09% compared to the
original scheme. This indicated that the plan has achieved an ideal balance
between project duration, cost, and CEs. Compared to this, although the
single objective optimization plan for construction period shortened the con-
struction period by 18.12%, the cost increased by 4.73%, and the CEs also
increased by 2.65%. The cost reduction of the cost single objective optimiza-
tion plan was 9.01%, but its construction period was only reduced by 2.68%,
and CEs were only reduced by 2.78%. In the single objective optimization
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Table 3 Comparison of CE reduction effects under different optimization schemes

Change Rate of  Cost/ Cost CE
Optimization Duration/  Construction 10000  Change Change
Plan Day Period/% Yuan  Rate/% CE/t Rate/%
Original scheme 149 / 2205.67 / 10805.69 /
MOOn 131 —12.08% 2185.64 —091% 10254.25 —5.09%
Single objective 122 —18.12% 230992  4.73% 11091.08  2.65%
optimization of
construction period
Cost target 145 —2.68% 2009.41 —9.01% 10504.16 —2.78%
optimization
Optimization of CE 137 —8.05% 215593 —-2.26% 10263.28 —5.00%
Single Target

scheme for CEs, although CEs were reduced by 5.00%, the construction
period and cost were only reduced by 8.05% and 2.26% respectively, both of
which were lower than the effect of the MOO scheme. In summary, the MOO
method studied could effectively improve overall efficiency and successfully
achieve a balance between project duration, cost, and CEs.

3 Discussions

With the increasing importance of global low-carbon development and green
energy conservation, carbon reduction has emerged as a major focus for
nations globally. Therefore, to promote decarbonization, emission reduction,
and low-carbon energy applications, a zero carbon building CE management
method based on full lifecycle CE modeling and MOO was proposed. The
outcomes revealed that the decarbonization and emission reduction scheme
for zero carbon buildings based on MOO successfully provided 8 Pareto
solutions, providing feasible solutions for the optimization design of CE
reduction schemes for zero carbon buildings.

The innovation core of the research is not the invention of new algo-
rithms, but rather the scenario based transformation and cross technology
integration of mature algorithms around the optimization of carbon emissions
throughout the life cycle of zero carbon buildings. The three innovative
points of three-layer coding logic, BIM linkage objective function, and data
optimization closed-loop have solved the problems of infeasible solutions
and data fragmentation in the application of the general NSGA-II algorithm
in the field of buildings. In addition, the study innovatively constructed
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an integrated method system combining BIM modeling and dual database
verification. BIM technology achieves full lifecycle data integration, the mod-
ified NSGA-II algorithm achieves multi-objective collaborative optimization,
MEIC database verifies model accuracy, and GCB database predicts multi
scenario emission reduction effects. This systematic innovation is not limited
to the use of the NSGA-II algorithm alone, and can effectively support
engineering feasibility.

From the perspective of model performance, the average error rate of the
MOO model proposed in the study was 4.20%, while other models were all
greater than 5%, indicating that this model had a significant advantage in
the accuracy of CE calculation. Furthermore, the lifecycle coverage of the
research model was as high as 87.92%, which could more comprehensively
cover the CEs of the whole span of the building. This was because the
research was based on models constructed using BIM technology. Safikhani S
et al.’s research also confirmed that BIM technology could achieve coverage
of information in various stages of engineering by integrating data from the
whole span [18]. In terms of computational efficiency and fitting accuracy,
the training time of the research model in the test set was only 3.51 h,
and the inference time only took 0.02 s. Compared with other models with
training time of more than 4 h, it was more conducive to practical deployment
and application. Furthermore, in regard to fitting accuracy, the determination
coefficient R? of the research model was as high as 0.92, which was more than
5% higher than other models, indicating that the model had a better fitting
effect on the data. In terms of generalization ability, the MSE of the research
model was only 0.0025, reflecting a stronger ability to adapt to different sce-
narios. Disney O et al.’s research also confirmed the efficiency and stability
of BIM technology in data processing in the field of architecture [19].

From the perspective of emission reduction effect, the optimization plan
achieved significant emission reduction and energy conservation effects
under both standard operating conditions and low-carbon energy alloca-
tion conditions. Under standard operating conditions, the optimization plan
resulted in a 35.06% reduction in CEs throughout the whole span compared
to before optimization. Under low-carbon energy allocation conditions, CEs
were reduced by 44.96%. This indicated that the optimization plan could
effectively reduce CEs throughout the whole span, with a reduction rate
between 35% and 45%. In addition, compared to the original plan, the
optimized plan reduced the construction period by 12.08%, cost by 0.91%,
and CEs by 5.09%. This indicated that the plan achieved an ideal balance
between project duration, cost, and CEs. This was because the study used
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the NSGA-II algorithm for MOO. The study by Canbolat A S et al. also
confirmed that such algorithms could find the optimal solution to balance
various objectives under multiple constraint conditions [20].

In summary, the zero carbon building lifecycle CE modeling and MOO
method studied showed excellent performance in model performance, com-
putational efficiency, and optimization effects.

4 Conclusion

With the increasing demand for low-carbon development worldwide, carbon
reduction has become an important goal in promoting energy transition.
Therefore, modeling and MOO analysis were conducted on the CEs through-
out the whole span of zero carbon buildings. The outcomes revealed that the
average error rate of the research model was 4.20%, which was 2.37%-3.15%
lower than other models. The lifecycle coverage reached 87.92%, an increase
of 2.82%-12.23% compared to other models. In terms of computational
efficiency, the training time of the research model was 3.51 h, and the
inference time was only 0.02 s, both significantly better than other models.
In addition, the R? of the model was as high as 0.92, and the MSE was only
0.0025, indicating its excellent model performance. From the perspective of
emission reduction effect, the optimization plan achieved a 35.06% reduction
in CEs throughout the whole span under standard operating conditions, while
under low-carbon energy allocation conditions, the reduction rate reached
44.96%. Meanwhile, the optimized plan reduced energy consumption and CE
intensity by 41.85% and 33.33% respectively under standard operating con-
ditions, indicating that the optimized plan achieved an ideal balance between
schedule, cost, and CEs. In summary, the zero carbon building whole span CE
modeling and MOO method studied effectively achieved energy conservation
and emission reduction. However, in the modeling process, the research
mainly focuses on core projects and materials with high carbon emissions,
such as steel, concrete, construction machinery, etc., and does not conduct
detailed calculations for projects and materials with low carbon emissions,
such as some decorative materials, auxiliary processes, etc. However, due to
the relatively low proportion of low-carbon projects in total carbon emissions,
usually less than 10%, their impact on the overall emission reduction con-
clusion is limited. Future research can further introduce a carbon emission
grading accounting mechanism to classify and refine calculations for high,
medium, and low-carbon emission projects, and explore the coupled emission
reduction effects of low-carbon technologies throughout their entire lifecycle,
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in order to improve the completeness and accuracy of the model’s evaluation
of zero carbon technologies.
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