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Abstract: Reinforced-concrete shear walls stand as the primary construction method for urban resi-
dential structures in northern China. In alignment with national carbon neutrality goals for residential
construction, this study developed a set of prediction models with which to estimate the building
material carbon emissions of reinforced-concrete shear-wall urban residential buildings. Specifically,
this study clarified the boundaries, content, and calculation method for carbon emissions in the stage
of material production. Using consumption data for building materials from 20 reinforced-concrete
shear-wall urban residential buildings in northern China, the study evaluated the composition and
distribution of building material carbon emissions. Linear and ridge regression was performed
to fit the coupling relationship between spatial design parameters and building material carbon
emissions. Adopting two technical approaches of direct and indirect prediction, 10 carbon emission
prediction models based on residential design parameters were established and validated. The results
indicate that, although the indirect prediction models, based on concrete, steel, cement mortar, and
the transparent envelope, had relatively low accuracy in estimating carbon emissions from cement
mortar and the transparent envelope, they performed well overall. Additionally, the prediction
performance of the four models was similar. In contrast, except for M1 and M3, the other direct
prediction models, based on the number of building stories, number of basement levels, number of
primary rooms on the standard floor or in the unit, and building width and depth, also had good
fitting and prediction performance. These models effectively predicted the total building material
carbon emissions in the phases of conceptual design, schematic design, preliminary design, and
working drawing. Three prediction models could produce fast and effective data support for the
low-carbon design of urban residential buildings.

Keywords: building material carbon emissions; production stage; prediction model; design parameter

1. Introduction

Numerous studies have investigated factors affecting carbon emissions and their re-
duction strategies in an effort to achieve carbon neutrality goals proposed by China [1–6]. In
the field of architecture, it has been found that carbon emissions from material production
and building operation stages contribute largely to the building carbon footprint [7–11].
Urban residential buildings are undoubtedly the main building type in new and exist-
ing construction. In northern China, reinforced concrete (RC) shear wall structures are
commonly used for urban residential buildings. The spatial designs of these buildings
have similarities in terms of building orientation and room configuration. Energy-saving
and green building evaluation standards impose strict restrictions on the thermal perfor-
mance of envelope structures and the effective control of operational carbon emissions.
Thus, technical strategies for reducing carbon emissions during the building operational
stage have been developed [12–15]. Accordingly, technical strategies for reducing carbon
emissions in the material production stage could be implemented through an analysis of
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material types and amounts. The method of using inventory statistics, established by the
United Nations Intergovernmental Panel on Climate Change, serves as the foundation for
evaluating carbon emissions during the material production stage.

Currently, there is relatively little research on the characteristics of carbon emissions
during the material production stage and their relationship with residential design pa-
rameters. A unified system for architects to predict building carbon emissions in different
design phases has not yet been established in China. Among the various stages of the
building lifecycle, the material production stage of urban residential buildings, generating
what is referred to as building material carbon emissions in this study, makes the greatest
contribution to the embodied carbon emissions. However, the analysis of building material
carbon emissions relies on the inventory statistics method to obtain basic data. The support
of fast and effective low-carbon design through the prediction and evaluation of building
material carbon emissions is thus limited. This study proposes a method of calculating
the building material carbon emission in the material production stage (as the dependent
variable) using residential design parameters (as independent variables). Using data on the
bill of quantities and technical drawings for project cases, the composition and distribution
characteristics of carbon emissions are analyzed. Accordingly, through the evaluation of
emission curves and regression analysis, the study investigates a set of prediction models
of building material carbon emissions based on residential design parameters.

2. Literature Review

The inventory statistics method, applied to calculate carbon emissions throughout the
building life cycle, has been extensively explored from various perspectives in the field of
architecture. Cang [16] collected basic data resources and compiled a database of carbon
emission factors for structural components. Rock [17] analyzed 238 life cycle assessment
case studies to determine increases in the relative and absolute contributions of embodied
carbon emissions from the manufacturing and processing of building materials [18]. Li [19]
investigated the embodied energy consumption and carbon emissions driven by the infras-
tructure engineering of buildings from a multi-scale perspective. Chen [20] undertook an
assessment of the annual total embodied energy and carbon emissions to identify potential
opportunities for reducing CO2. Accordingly, by combining the inventory statistics method
with a process-based [21,22] life cycle assessment, it was revealed that the construction
scale, building structure type, and material production efficiency were important factors
in reducing carbon emissions during the construction stage [23]. Additionally, different
carbon emission prediction models and design approaches to reduce carbon emissions
were proposed on the basis of the inventory statistics method and linear regression fitting
models [24–26]. Several other studies employed different machine learning approaches to
predict and evaluate the correlation between buildings and carbon emissions. Notably, a
random forest prediction model for construction-stage carbon emissions, applied during
the early design stage, demonstrated efficacy in fostering the development of more environ-
mentally sustainable buildings [27]. Furthermore, support vector machines and artificial
neural networks were used to enhance the precision and reliability of carbon emission
predictions [28,29].

In the realm of urban planning, the inventory statistics method has been used in
carbon emission studies on the energy consumption structure [30,31], carbon emission
calculations based on energy balance sheets [32], carbon emission assessment based on
multi-source data [20,33], evaluations of carbon emission factors with a geographic infor-
mation system [14,34], analysis of the correlation between resident income and carbon
emission intensity [35], assessment of the relationships between carbon emissions and
embodied energy in building construction based on “emergy synthesis” [36], and quota-
based carbon footprint calculations for construction processes [37]. However, owing to the
extensive data required and the lack of pertinence to architectural design, the inventory
statistics method has typically been used by professional engineers rather than architects.
Nevertheless, with the development of visual programming techniques and models based
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on virtual prototyping technology, architects are now able to visualize the prediction and
evaluation process [38,39].

The studies mentioned above used various methods, including data analysis, regres-
sion, and machine learning, to explore the mechanism of coupling between architectural
design parameters and carbon emissions. Specifically, a multiple linear prediction model
provides greater interpretability and a more intuitive guidance for architectural design.
However, as it is greatly affected by the building floor area as an independent variable [24],
the model including building floor area weakens the synchronization between the design
process and emission assessment. In addition, the prediction error tends to be higher due
to the limitation of data samples [26]. It is thus difficult for architects to conduct low-carbon
design optimization based on changes in the spatial scale, volume, and room configu-
ration, which limits the applicability of the prediction model. To address these issues,
the building carbon footprint (BCF) method, supported by statistical analysis and linear
regression fitting for a large number of building cases in Taiwan, China, was developed.
This method involves the use of four carbon emission calculation models, namely, BCFs
(for planning), BCFd (for building design), BCFc (for working drawings), and BCFo (for
post-occupancy) [40]. Based on various architectural design parameters, the BCF method
enables the prediction of carbon emissions for building spatial units in different design
phases. Through the integration of estimations and actuarial calculations into architectural
design, the BCF method increases the priority of design and promotes optimization and
synergy in reducing carbon emissions.

3. Methodology
3.1. Research Objects

In China, residential buildings with seven or more stories are required to be equipped
with elevators. Moreover, there are currently fewer new residential projects with six or
fewer stories being constructed. This study reports a case study of 20 urban residential
buildings in northern China. These buildings were constructed with RC shear walls after
2017. Their design and construction techniques reflect the average standards of urban
residential building in northern China’s cold zones, making them representative examples.
Detailed information on each building is given in Table 1. Buildings 1–5 were high-rise
residential buildings with four apartments per floor, whereas Buildings 6–14 were high-rise
residential buildings with two apartments per floor. Among them, Buildings 6–10 had one
independent unit, Building 11 had three units, and Buildings 12–14 had two units. Here, a
unit refers to a space containing apartments that share the same staircase or lift. Buildings
15–20 were multi-story residential buildings. All buildings were oriented toward the south,
and their envelope structures were designed in accordance with energy-saving standards.
Additionally, the floor height of residential buildings in China typically ranges from 2.8
to 3.3 m, with the height of the ground floor possibly being slightly higher. The main
insulation materials used in the buildings were extruded polystyrene panels, polyurethane,
and rock wool panels. The external windows were triple-glazed and had frames made
from heat-break aluminum alloy or plastic steel. The infill walls were primarily composed
of shale porous bricks and shale solid bricks.
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Table 1. Description of the 20 urban residential buildings.

Building
Number Location

No. of
Building
Stories

No. of
Basement

Levels

Building
Height/m

Building
Floor Area

/m2

Standard
Floor

Area/m2

Shape
Coefficient
of Building

No. of
Bedrooms

on a
Standard

Floor

No. of
Toilets on
a Standard

Floor

No. of
Rooms on
a Standard

Floor

Average
Window-
to-Wall

Area Ratio

Building
Surface

Area
/m2

Building
Width

/m

Building
Depth

/m

1 Shandong 32 1 93.95 13,499.50 423.30 0.36 10 6 31 0.17 12,882.36 35.00 16.90
2 Shandong 32 2 93.85 15,585.47 451.98 0.35 12 6 33 0.19 13,667.60 37.70 15.90
3 Shandong 34 2 99.65 16,564.25 451.98 0.35 12 6 33 0.19 14,365.02 37.70 15.90
4 Beijing 34 2 99.65 16,674.01 456.54 0.31 12 6 41 0.19 13,920.36 37.70 15.90
5 Beijing 33 2 99.90 19,357.51 548.90 0.32 14 8 45 0.23 15,543.90 42.80 18.20
6 Beijing 11 2 32.45 3814.94 291.80 0.35 8 4 20 0.17 3191.94 26.60 10.80
7 Tianjin 10 1 24.10 1981.66 204.58 0.40 6 2 14 0.14 2060.24 17.20 14.10
8 Tianjin 11 2 32.45 4139.65 316.02 0.35 8 4 20 0.17 3420.75 29.80 12.60
9 Tianjin 11 2 32.45 4139.65 316.02 0.34 8 4 22 0.25 3641.68 29.80 12.60
10 Shandong 11 2 32.45 3786.50 291.80 0.35 6 4 24 0.17 3191.94 26.60 10.80
11 Shandong 11 2 34.05 10,624.90 846.97 0.29 18 12 63 0.26 8602.44 68.31 17.10
12 Shandong 12 2 39.30 8159.60 533.54 0.29 16 8 40 0.19 5737.96 45.80 13.90
13 Beijing 17 2 52.80 10,972.32 548.25 0.31 12 8 42 0.20 8967.44 49.40 15.55
14 Beijing 17 2 52.80 11,548.63 610.19 0.31 16 8 46 0.20 9007.44 55.40 13.75
15 Beijing 7 1 23.30 4603.70 727.50 0.35 18 12 48 0.21 4112.53 64.10 14.10
16 Tianjin 8 2 32.45 7263.93 730.39 0.36 18 12 48 0.16 6210.27 64.10 14.10
17 Tianjin 8 2 25.05 7768.88 811.29 0.32 18 12 48 0.20 6191.22 69.90 15.90
18 Tianjin 8 2 25.05 8483.89 827.98 0.28 24 12 60 0.20 6160.28 68.90 13.05
19 Shandong 8 2 26.00 5421.01 558.02 0.36 12 8 40 0.24 4232.93 46.00 13.30
20 Shandong 8 2 26.00 3008.90 317.31 0.38 8 4 24 0.23 2310.30 28.70 18.50
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3.2. Statistical Principles and General Characteristics
3.2.1. Statistical Principles of Building Material Carbon Emissions

Based on Chinese standards for building carbon emission calculations and carbon
emission factor databases [41,42], this study compiled statistics on building material usage
and carbon emissions during the production stage based on the bills of quantities and
technical drawings of the 20 urban residential buildings. Carbon emissions from the
maintenance and renewal of building materials during the operational stage were not
considered. In addition, considering material recycling, emissions relating to steel and the
transparent envelope were deducted from the total building material carbon emissions at
rates of 0.45 and 0.40, respectively [43–45]. Other building materials, such as shale bricks,
concrete, and insulation materials, were not considered for recycling for three reasons.
First, the methods of material recycling vary widely. Second, it is difficult to determine the
exact types, methods, and quantities of materials that are recycled during the demolition
stage, as the residential buildings have not yet reached the end of their service life. Third,
because the carbon emissions from shale bricks and insulation materials account for a small
fraction of the overall carbon emissions, the recycling of these materials makes a limited
contribution to the reduction in carbon emissions.

3.2.2. Overall Characteristics of Building Material Consumption and Carbon Emissions

All quantities were converted to mass (kg) according to the classification and density
of the building materials. Concrete and cement mortar accounted for 90.00% of the total
mass of the building materials of the residential buildings. Polyurethane waterproofing
coating and iron components accounted for less than 0.10% and were disregarded in this
analysis [41]. Among the building materials included in the carbon emission calculation,
the average mass proportion was 79.91% for concrete, 9.48% for cement mortar, 6.19% for
shale bricks, 3.62% for steel, and less than 0.50% for insulation materials and the transparent
envelope. Moreover, the mass of concrete per unit building floor area was 1328.99 kg/m2,
the mass of cement mortar was 157.59 kg/m2, the mass of steel was 60.28 kg/m2, and the
mass of shale bricks was 102.97 kg/m2.

Considering the characteristics of the different building materials, the carbon emission
intensity of the transparent envelope was calculated per unit material area, whereas the
intensity for other building materials was calculated per unit building floor area. The
study assessed the carbon emission intensities of the different building materials for the
20 buildings (Figure 1). The results varied greatly in both magnitude and range. Concrete
had the highest mean carbon emission intensity at 167.40 kg/m2 and was followed by
the transparent envelope, cement mortar, and steel at intensities of 124.04, 115.83, and
77.58 kg/m2, respectively. The mean carbon emission intensity was lowest for insulation
materials and shale bricks, being 18.78 and 15.17 kg/m2, respectively. The standard
deviation of the range of the carbon emission intensity was more concentrated for insulation
materials, shale bricks, and steel than for concrete, the transparent envelope, and cement
mortar. The reasons for this are: (1) the thickness of the concrete and cement mortar used
for constructing exterior walls and floor slabs varies; (2) the number of shear walls in
the standard floors of different buildings differs; (3) the window-to-wall area ratio varies
between different buildings.

In general, concrete (40.19%), cement mortar (27.81%), and steel (18.62%) accounted
for substantial proportions of the carbon emission, collectively accounting for 86.62% of
the total. The carbon emission proportion of the transparent envelope was 5.23%, which
was higher than that of the insulation materials and shale bricks, as presented in Figure 2.
Concrete, cement mortar, steel, and the transparent envelope were thus considered as
the four major building materials in the analysis of building material carbon emissions.
Moreover, the recycling of steel and the transparent envelope reduced the total building
material carbon emissions by 15.72%. The total carbon emissions per unit building floor
area of the urban residential buildings ranged from 354.92 to 591.08 kg/m2 and averaged
422.99 kg/m2.
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Figure 2. Proportions of building material carbon emissions.

Primary building materials, such as shale bricks, concrete, and cement mortar, have
been widely used in urban residential buildings with RC shear wall structures. Therefore,
despite their low carbon emission factors, they greatly contribute to carbon emissions. It
remains necessary to reasonably determine the scale, volume, and configuration of different
types of space in residential buildings to minimize the wastage of space and building
materials. Furthermore, even with recycling efforts, a considerable proportion of the carbon
emissions are attributed to steel and the transparent envelope. It is thus crucial to improve
the material recycling rate, in addition to selecting durable materials, to minimize the
frequency of maintenance and replacement, in an effort to reduce carbon emissions.

3.3. Analysis of the Correlation between Design Parameters and Building Material Carbon
Emissions

The design of residential buildings affects the total building material carbon emissions,
which can be attributed to various aspects such as the building scale, volume, and internal
room configuration. Design parameters related to the building scale and volume include
the building width, building depth, number of stories, number of basement levels, building
height, building floor area, standard floor area, and building surface area, among others.
Similarly, design parameters related to the internal room configuration include the layout
and number of rooms on the standard floor.

Figure 3 shows that the distributions of the selected design parameters and statistical
values deviate from a normal distribution. Hence, a Spearman correlation analysis was
conducted to examine the relationship between the basic residential design parameters
(F0–F24) and statistical values (F25–F37), using IBM SPSS Statistics 26 software (Figure 4).
Two technical approaches, direct prediction based on residential design parameters and
indirect prediction based on the four major building materials, were adopted to develop
carbon emission prediction models (Figure 5).
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Figure 4 presents positive correlations between the total building material carbon
emission and various residential design parameters, such as the building surface area
(F7), building floor area (F5), number of building stories (F0), and number of basement
levels (F1), as well as the number of bedrooms (F10) and the number of bathrooms (F12).
In addition, the building width (F21) had a strong positive correlation with the number of
apartments (F3), number of rooms on the standard floor (F13), standard-floor perimeter
(F23), and standard-floor area (F6). Conversely, the shape coefficient of the building (F8)
had a negative correlation with other residential design parameters. This suggests that
an increase in building scale or volume resulted in a decrease in the shape coefficient and
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an increase in the total building floor area, leading to higher building material carbon
emissions and a lower carbon emission intensity.

Additionally, the results reveal a weak correlation between the carbon emissions
from concrete, steel, and cement mortar and the number of rooms on the standard floor
(F9, F11, F13, F15, F17, F19). In contrast, the carbon emissions from shale brick and insu-
lation materials had a moderately positive correlation with the aforementioned design
parameters. The material consumption and carbon emissions of the transparent envelope
represented a negligible portion of the total emissions. Furthermore, low correlation was
observed between the average window-to-wall area ratio and carbon emissions from differ-
ent building materials. Importantly, in comparison with the total building material carbon
emissions, the correlation between the carbon emission intensity and residential design
parameters was weak, indicating a lack of effective guidance for low-carbon design in
urban residential areas.

3.4. Construction of Carbon Emission Prediction Models
3.4.1. Construction of Direct Prediction Models

The analysis of fitting linear, logarithmic, quadratic, S-shaped, and logistic curves
revealed that four key residential design parameters had a linear relationship with building
material carbon emissions. These parameters were the building floor area (F5), build-
ing surface area (F7), number of building rooms (F14), and number of primary rooms
(F16) (Figure 6). Furthermore, the fitting performance of this linear relationship is only
slightly lower than that of the quadratic relationship, but the linear relationship is simpler.
Therefore, the multiple linear regression algorithm may be more suitable for constructing
prediction models for carbon emissions during the building materials production phase.
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Given that the dining room is typically integrated into the living room in Chinese
urban residential building design, the number of living rooms on the standard floor was
equivalent to the number of apartments on the standard floor (F3). As a result, the number
of primary rooms on the standard floor could be approximated as the sum of the number
of bedrooms and apartments on the standard floor. Internal rooms on the standard floor
comprised primary rooms, bathrooms, kitchens, and balconies. The total number of rooms
could therefore be calculated by multiplying the number of relevant rooms on the standard
floor by the number of building stories.

The building surface area could not be directly described. Figure 7 shows that a
combination of variables including the building width, building depth, number of building
stories, and number of basement levels reasonably described the building surface area.
Therefore, this combination was substituted into the fitting process for predicting building
material carbon emissions. During the fitting process, a stepwise approach was adopted
to exclude unimportant independent variables, and the collinear design parameters were
reconstructed through ridge regression.
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Through regression analysis, six distinct direct prediction models (M1–M6) were
developed to accurately predict building material carbon emissions. These models are
mathematically expressed as Equations (1)–(6).

y1 = 0.284·(Na + Nb)·w·d + 406.681 (1)

y2 = 0.398·S + 163.938 (2)

y3 = 3.611·(Na + Nb)·(w + d)− 23.136 (3)

y4 = 3.563·(Na + Nb)·(w + d) + 31.331·Nstb − 374.775 (4)

y5 = 3.552·(Na + Nb)·(w + d) + 25.971·Nstm − 396.457 (5)

y6 = 3.565·(Na + Nb)·(w + d) + 14.827·Nsti − 439.001 (6)

Here, S is the building floor area in square meters; w and d are, respectively, the
building width and depth in meters; Nstb, Nstm, and Nsti are, respectively, the numbers of
bedrooms, primary rooms, and rooms in apartments on the standard floor; Na and Nb are,
respectively, the numbers of building stories and basement levels; and y1 − y6 are the total
building material carbon emissions in tons.

Six prediction models were constructed solely from the basic parameters of the scheme
design. The fitting coefficient of determination (R2) was 0.960 or higher for each model,
indicating a satisfactory fitting performance (Table 2). Specifically, M1 simplified residential
buildings into a cubic model and used a combination of variables ((Na + Nb)·w·d) to
represent the building floor area under planning and design conditions. Consequently,
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a fitting model for predicting building material carbon emissions during the building
planning phase was constructed, with the lowest fitting R2 in the six models. M2 predicted
building material carbon emissions based on the final building floor area in working
drawings, resulting in an improved fitting R2. M3 incorporated a combination of variables
((Na + Nb)·(w + d)) to replace the building surface area through basic design parameters
that describe the building scale and volume, leading to a considerable improvement in
the fitting R2. M3 is suitable for the analysis and evaluation of building material carbon
emissions during the residential district master planning phase.

Table 2. Components and fitting R2 of the direct prediction models.

Model Component Construction Method Fitting R2

M1 Na, Nb, w, d linear regression 0.962
M2 S linear regression 0.969
M3 Na, Nb, w, d linear regression 0.978
M4 Na, Nb, w, d, Nstb linear regression 0.983
M5 Na, Nb, w, d, Nstm linear regression 0.984
M6 Na, Nb, w, d, Nsti linear regression 0.984

Two additional models (M4 and M5), based on M3, used an expanded number of
independent variables to describe the room configuration. The refinement of the residential
design improved the fitting accuracy of the three models (M3, M4, and M5) to a certain
extent. M6 was based on the explicit determination of the number of internal rooms on
a standard floor and had the highest fitting R2. The six direct prediction models could
facilitate low-carbon optimization in various phases of the residential design process. For
instance, M1 could be used for a feasibility study in the pre-design programming phase.
M2 could be used to predict the building material carbon emissions according to the final
building floor area obtained from working drawings or existing projects. M3–M6 could
guide design in the design refinement phase. Although M6 required the highest level
of design detail, its fitting R2 was not appreciably greater than the R2 values of M4 and
M5. Above all, introducing the number of primary rooms on the standard floor to the set
of independent variables (w, d, Na, and Nb) effectively enhanced the fitting of building
material carbon emissions.

3.4.2. Construction of Indirect Prediction Models

The carbon emissions from concrete, steel, cement mortar, and the transparent enve-
lope accounted for 91.85% of the total carbon emissions. Excluding the emissions from
the transparent envelope, the carbon emissions from concrete, steel, and cement mortar
accounted for 91.40% of the total emissions. In consideration of the importance of design
parameters and the fitting accuracy of each model, specific prediction models were devel-
oped to predict the carbon emissions from concrete (Mc1 and Mc2), steel (Ms1 and Ms2),
and cement mortar (Mce). Here, two models were used for carbon emissions from concrete
and two for carbon emissions from steel because each pair had similar fitting R2 values
and it was thus not known which of the two models would have the best prediction perfor-
mance. Mc1 and Mc2 are expressed by Equations (7) and (8), Ms1 and Ms2 are expressed by
Equations (9) and (10), and Mce is expressed by Equation (11).

ycc1 = 1.444·(Na + Nb)·(w + d) + 3.978·(w + d)− 235.241 (7)

ycc2 = 1.445·(Na + Nb)·(w + d) + 6.115·Nsti − 193.752 (8)

ycs1 = 0.726·(Na + Nb)·(w + d)− 56.691 (9)

ycs2 = 0.306·(Na + Nb)·(w + d) + 1.409·Nstm·Na + 2.912 (10)

ycce = 1.009·(Na + Nb)·(w + d)− 11.957 (11)
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Here, ycc1 and ycc2 are the carbon emissions from concrete in tons, ycs1 and ycs2 are the
carbon emissions from steel in tons, and ycce is the carbon emissions from cement mortar in
tons.

As the design of the transparent envelope is largely separate from the design of the
residential floor plan, the prediction model for carbon emissions from the transparent
envelope (Mwin) can be established using the standard floor perimeter, number of building
stories, and average window-to-wall area ratio, as expressed by Equation (12).

ycwin = 0.383·[2.969·(w + d)− 26.737]·Na·φ + 17.157 (12)

Here, ycwin is the carbon emissions from the transparent envelope in tons; and φ is the
average window-to-wall area ratio.

The indirect prediction models (M7–M10) are specific carbon emission prediction
models for four types of building material, formulated as Equations (13)–(16).

y7 =
ycc1 + ycs1 + ycce

91.40%
+ ycwin (13)

y8 =
ycc1 + ycs2 + ycce

91.40%
+ ycwin (14)

y9 =
ycc2 + ycs1 + ycce

91.40%
+ ycwin (15)

y10 =
ycc2 + ycs2 + ycce

91.40%
+ ycwin (16)

These indirect prediction models estimate the building material carbon emissions from
the consumption of the four main building materials. Despite a slight reduction in the
fitting R2, these models provide a more accessible approach to illustrate the distribution
characteristics and changing trends of carbon emissions from concrete, steel, cement mortar,
and the transparent envelope (Table 3).

Table 3. Components and fitting R2 of indirect prediction models.

Model Component Construction Method Fitting R2

Mc1 Na, Nb, w, d linear regression 0.989
Mc2 Na, Nb, w, d, Nsti linear regression 0.990
Ms1 Na, Nb, w, d linear regression 0.970
Ms2 Na, Nb, w, d, Nstm ridge regression, K = 0.006 0.975
Mce Na, Nb, w, d linear regression 0.825

Mwin Na, w, d, φ linear regression 0.761
M7 Mc1, Ms1, Mce, Mwin combination 0.980
M8 Mc1, Ms2, Mce, Mwin combination 0.982
M9 Mc2, Ms1, Mce, Mwin combination 0.982
M10 Mc2, Ms2, Mce, Mwin combination 0.983

In summary, M1–M10 fitted the total building material carbon emissions of the 20 urban
residential buildings well (Figure 8). Among these models, M6 and M10 had similar
requirements in terms of independent variables and design depth. M10 had the lowest
fitting error as measured by the mean squared error (MSE) and mean absolute error (MAE),
whereas M6 had the highest fitting R2. Although M5 had a slightly greater MAE than M6
and M10 (Figure 9), its MSE was smaller than that of M10, and its fitting R2 was equivalent
to that of M6 (Figure 10). Moreover, M5 required fewer independent variables, making it
suitable for application in the conceptual design phase. In contrast, the comprehensive
fitting performance was lower for M1, M2, M3, and M7 than for the other models. M4,
M8, and M9 offer unique advantages in controlling errors but lack an outstanding fitting
performance in general.
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4. Results

Six additional RC shear-wall urban residential buildings in northern China were
chosen as test samples (Table 4). Table 5 gives the actual building material carbon emissions
and the predicted carbon emissions of the six test samples. The prediction performances of
the 10 proposed models (M1–M10) and six specific prediction models were evaluated in
terms of the MSE, MAE, and R2.

The analysis revealed notable mean absolute discrepancies between the predicted
and actual building material carbon emissions of Buildings 21, 22, and 26, whereas the
predicted and actual values were close for the other buildings. Specifically, the predicted
values for Building 26 were all overestimates, whereas those for Buildings 21–22 were all
underestimates (Figure 11).
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Table 4. Design parameters of the six test samples.

Building Number S/m2 Na Nb w/m d/m φ Nsti Nstm Nstb

21 7768.88 8 2 69.90 15.90 0.22 54 24 18
22 8005.56 9 2 64.10 14.10 0.25 54 24 18
23 8736.01 10 2 64.10 14.10 0.26 54 24 18
24 6087.86 9 2 46.00 13.30 0.24 36 16 12
25 4668.93 6 2 51.50 15.30 0.23 40 18 14
26 5376.14 7 2 57.00 15.30 0.25 44 20 16

Table 5. Building material carbon emissions of the six test samples.

Building
Number

Actual
Value

/t

Predicted Value/t Mean Discrepancy
Value

/tM1 M2 M3 M4 M5 M6 M7 M8 M9 M10

21 3549.10 3563.09 3255.95 3075.10 3246.24 3274.46 3420.43 3195.89 3162.82 3230.08 3197.00 289.79
22 3556.11 3230.18 3350.15 3083.05 3254.08 3282.28 3428.27 3193.79 3196.70 3261.06 3263.97 301.76
23 3671.82 3486.87 3640.87 3365.43 3532.70 3560.04 3707.05 3493.30 3497.27 3560.65 3564.62 137.99
24 2412.27 2317.94 2586.91 2332.32 2325.34 2336.05 2420.22 2334.97 2322.43 2363.84 2351.30 79.66
25 1935.05 2196.90 2022.17 1906.58 1967.93 1969.21 2059.22 1924.73 1910.87 1947.59 1933.73 61.70
26 2087.93 2635.77 2303.64 2326.54 2444.97 2434.25 2533.13 2388.41 2370.43 2414.22 2396.24 336.83
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Figures 12–14 show that the prediction performances of M1 and M3 were unsatisfactory.
It is thus inefficient to construct an accurate prediction model using only the approximate
building floor area or the combination of the building width, building depth, number of
building stories, and number of basement levels. Similarly, M7 and M8 had unacceptable
fitting performances despite requiring a high level of design. M4 had moderate prediction
performance, suggesting that a prediction model based solely on the building width,
building depth, number of building stories, number of basement levels, and number of
bedrooms provides limited guidance in low-carbon residential design. In contrast, M2, M5,
M6, M9, and M10 had prediction R2 exceeding 0.90 and negligible error. Notably, M5 is
appropriate for conceptual and schematic design, in that it accurately predicted the total
carbon emissions from the configuration of primary rooms. M2 and M6 are suitable for
preliminary design and working drawing, in that they made precise predictions based on
relatively detailed design parameters. Above all, M2 and M6 had the most comprehensive
prediction performance.
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A comparison of the aforementioned prediction models shows that the direct pre-
diction models, except M1 and M2, would be more effective in supporting low-carbon
residential design throughout the design development process. In particular, M9 and M10
were identified as the best indirect prediction models in terms of prediction performance.
However, it is noted that these two models performed satisfactorily only in predicting the
carbon emissions from steel, and had a lower accuracy in predicting the emissions from
concrete, cement mortar, and the transparent envelope (Figure 15). The main reasons, as
previously mentioned, are the differences in the number of shear walls in various residential
projects. Architectural space and configuration parameters cannot fully reflect the amount
of concrete and cement mortar used. Additionally, due to the extensive use of glass in
building decoration and finishing, the carbon emissions from this part are also included in
the transparent envelope carbon emissions. This contributes to the instability in predicting
the carbon emissions of the transparent envelope. Compared with the direct prediction
models, the indirect prediction models not only lacked the ability to enable the effective
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analysis of carbon emissions from different building materials but also had less success in
predicting the total carbon emissions.
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5. Conclusions

This study of 20 RC shear-wall urban residential buildings in northern China revealed
that concrete, cement mortar, steel, and the transparent envelope contribute appreciably to
the building material carbon emissions. Shear walls are primarily composed of concrete,
cement mortar, and steel. The arrangement of shear walls is typically related to the floor
plan layout of the residential standard floors. Therefore, to reduce space wastage and
building material carbon emissions, it is imperative to reasonably design the configuration
and organization of different spaces in residential buildings. The use of durable and
recyclable materials should be prioritized to minimize replacement and waste, respectively.
In line with the objectives of low-carbon building design, insulation materials with relatively
low carbon emissions should be carefully selected.

This study established 10 building material carbon emission prediction models based
on various residential design parameters. Two technical approaches, direct prediction and
indirect prediction, were developed for different design phases. Prediction performance
tests identified that the overall prediction performance of the indirect prediction models
was inferior to that of the direct prediction models except for M1 and M3. In addition,
it is challenging to ensure the accuracy of the carbon emission analysis of each building
material with the indirect prediction models. Among the direct prediction models, M1,
established with the building floor area under planning and design conditions, had the
least satisfactory prediction performance. In comparison, M5, which was established using
the basic design parameters of the number of building stories, number of basement levels,
building width, building depth, and number of primary rooms on the standard floor, had
excellent performance in fitting and prediction and better applicability to the conceptual
and schematic design stage. M6, which was established using the number of internal rooms
on a standard floor, had superior performance in prediction and would be suitable for
preliminary design. M2 used the final building floor area to achieve the highest prediction
performance and is suitable for working drawings. In general, upon completion of the
standard floor design, substituting the number of primary rooms with the number of
internal rooms on the standard floor or building floor area enhanced the accuracy of the
direct prediction.

In conclusion, existing studies have shown that the predictive R2 of multiple linear
regression models generally ranges from 0.744 to 0.959 [24,46]. In comparison, the predictive
models developed in this study demonstrate higher and more balanced predictive R2 and
are more closely associated with residential design. This makes them better suited for
forecasting carbon emissions and providing design guidance for residential buildings in
cold zones of China. Specifically, M2, M5, and M6 provide fast and effective data support for
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low-carbon urban residential design in northern China through the prediction of building
material carbon emissions.
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