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Abstract

Carbon emissions refer to greenhouse gases, mainly carbon dioxide, released
into the atmosphere through human activities or natural carbon cycles.
Accurate estimation of carbon emissions helps promote the transformation
of social and economic systems toward sustainable development. However,
existing methods for estimating carbon emissions have some drawbacks such
as low accuracy and large errors. Therefore, this study utilizes two optimiza-
tion algorithms, namely random search and recursive feature elimination,
the stochastic gradient descent optimizer, and regularization techniques, to
optimize and improve the gradient boosting decision tree algorithm. On this
basis, a carbon emission estimation model for urban energy consumption is
constructed. Experimental results show that the model achieves a precision
of 98.3%, a recall of 96.3%, an F1 score of 97.9%, an efficiency of 95.7%,
a precision error of 0.36%, and a false positive rate of 3.7%. All the above
experimental data are superior to the three comparison models. Moreover, the
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research model still demonstrates strong robustness, generalization and appli-
cability when facing different conditions and scenarios, fully demonstrating
the superiority and feasibility of the research model. This provides a new
approach for carbon emission estimation under urban energy consumption
and contributes to promoting green economic development.

Keywords: Energy consumption, gradient boosting decision tree, optimiza-
tion algorithms, regularization techniques, carbon emissions.

Introduction

With the intensification of urban energy consumption, carbon emissions
have become a critical issue. Accurate estimation of carbon emissions is
important for environmental protection [1]. Traditional estimation methods
include direct measurement, model calculation, and inventory accounting.
Each method has limitations. For example, direct measurement is easily
affected by weather and covers only fixed points, making it impossible to
cover the entire city [2, 3]. The model calculation method mainly relies on
intelligent algorithms to mine the feature relationships of data. The selection
of algorithms and parameter Settings directly affect the performance of
the determinant. Intelligent algorithms are highly dependent, and their data
processing and model iteration take a relatively long time, which easily leads
to the problem of lagging results. Meanwhile, the influencing factors of
carbon emissions are rather complex, and the algorithm’s ability to capture
high-dimensional nonlinear relationships is insufficient, making it difficult
for the accuracy to reach the expected goal. A more comprehensive and
accurate estimation method is urgently needed [4]. The Gradient Boosting
Decision Tree (GBDT) iteratively trains weak classifiers to minimize the loss
function, improving estimation quality. It applies to various regression and
classification problems [5]. However, when GBDT estimates actual carbon
emissions, its adaptability to high-dimensional energy consumption data is
relatively weak. It also tends to fall into local optima and has limited accuracy.
Combining GBDT with other optimization algorithms can improve estima-
tion performance. Therefore, the research is based on the GBDT framework.
The Recursive Feature Elimination (RFE) algorithm, Random Search (RS)
algorithm and Stochastic Gradient Descent were introduced respectively.
The SGD optimizer optimizes GBDT to obtain a fusion algorithm and uses
regularization techniques to improve it to enhance the generalization ability
of the fusion algorithm. On this basis, a carbon emission estimation model
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that fully considers urban energy consumption was constructed. It is expected
that it can solve the defects existing in the current estimation methods, and
it is expected that the error range of its carbon emission estimation will be
smaller than that of the existing estimation models. The innovation of the
research lies in the following three points. The first one is to introduce intel-
ligent algorithms and optimizers to optimize the traditional GBDT, thereby
obtaining a fusion algorithm. Second, regularization techniques improve the
fusion algorithm’s generalization, forming a model targeting urban energy
consumption. Third, the model is successfully applied to real problems with
promising results.

1 Related Works

GBDT, as an ensemble learning algorithm, excelled at handling nonlinear
relationships and high-dimensional data. It iteratively trained each decision
tree to fit the residuals of the previous iteration, gradually approaching the
optimal solution. Based on this, many domestic and international scholars
conducted studies on it. For example, Feng Q et al. proposed an eval-
uation framework combining Genetic Algorithm with GBDT to improve
the accuracy of urban flood risk assessment under frequent flood disasters.
They applied weighted estimation on historical data from 16 prefecture-level
cities in Shandong Province. The results showed that GBDT achieved higher
accuracy and lower errors in identifying urban floods [6]. To address the
high computational complexity of traditional exhaustive search in calculating
numerous antenna combinations, Yang L’s team proposed an efficient antenna
selection algorithm based on GBDT. The algorithm mainly optimized system
security capacity and computational complexity. Experiments found that
it significantly reduced computational complexity [7]. Facing the problem
of low accuracy in transformer fault diagnosis by existing models, Wang
L’s group proposed a new transformer fault diagnosis method based on
GBDT and introduced intelligent algorithms to optimize GBDT. The results
demonstrated that this method had high accuracy, low error, and stable
performance [8]. Guo G et al. designed an optimized framework based on
GBDT to better capture interaction effects among parameters in the garbage
diffusion segment. The framework simulated datasets and established nonlin-
ear mappings to determine interactions among parameters. Results showed a
significant improvement in capturing interaction effects [9]. Because current
click-through rate prediction methods had low accuracy in handling large-
scale data, Zhao B’s team proposed a prediction method combining GBDT
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with input-aware factorization machines. By refining feature weights of data,
the method completed precise prediction. Experiments showed it improved
click-through rate prediction accuracy [10].

Currently, research on carbon emission estimation models has made
certain progress, and many scholars gradually applied them to practical
scenarios. For instance, to estimate real-time carbon emissions of genera-
tors more accurately, Liu J’s group proposed a piecewise nonlinear UDEF
model. This model fully considered data breakpoints and extremum points
to estimate carbon emissions. Results showed it could perform real-time
carbon emission and cost estimation for generators [11]. To quantify car-
bon emissions caused by forest fires in Canada, Byrne B’s team proposed
a model based on satellite carbon monoxide observation. They quantified
carbon emissions before and after fire occurrences and found that fire-related
emissions were comparable to the annual emissions from major fossil fuel-
consuming countries [12]. Li T et al. developed a large-scale data-driven
framework to accurately quantify carbon emissions of China’s 5G mobile
networks. Using collaborative deep reinforcement learning and graph neural
networks, they revealed the carbon efficiency trap of 5G networks. The
study found that the framework effectively alleviated 5G network carbon
emissions [13]. Facing the challenge of reducing greenhouse gases, especially
carbon dioxide, Sousa V et al. proposed a carbon emission estimation method
based on a new cement production process using mortar. By thermally
activating cement slurry, they completed estimation. Results indicated that
cement produced by this method had lower carbon dioxide emissions [14]. To
better explore the impact of nuclear energy on carbon dioxide emissions in
major countries, Pan B’s team proposed a quantile-on-quantile estimator. By
considering nonparametric and conventional analyses, the method enhanced
unbiasedness and consistency. Experiments showed that nuclear energy and
carbon dioxide emissions could estimate and predict each other in most
cases [15].

In summary, although research on carbon emission estimation methods
has achieved some results, existing methods still face issues such as long
estimation periods and poor accuracy. Therefore, this study introduced RFE,
RS, and SGD to optimize GBDT, resulting in a fusion algorithm. Regular-
ization techniques are applied to improve the generalization. On this basis,
a carbon emission estimation model considering urban energy consumption
was constructed. The model aims to estimate carbon emissions accurately
under the premise of urban energy consumption and provides a new approach
for carbon emission estimation research.
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2 The Carbon Emission Estimation Based on
Regularization and SGD-RS-RFE-GBDT

2.1 GBDT Structure Optimization Based on RS and RFE

Carbon emission estimation refers to the quantitative calculation of carbon
dioxide and other greenhouse gases using scientific methods or intelligent
algorithms. The main sources of carbon emissions include energy consump-
tion, industrial production, and waste treatment and the development of
renewable energy power generation can reduce carbon emissions [16, 17].
Estimating carbon emissions requires a comprehensive consideration of vari-
ous factors such as energy structure and population density. GBDT estimates
carbon emissions by leveraging its strong ability to fit nonlinear relationships
and handle mixed data. The structure of GBDT is shown in Figure 1.

As shown in Figure 1, GBDT, as a decision tree algorithm, builds input
data into weak decision trees and fits the residuals of each iteration. Then
it enhances data features of the new decision tree based on the previous
residuals through gradient boosting. It continues iterating until reaching
an optimal solution that meets the conditions. The estimation process of
carbon emissions under urban energy consumption using GBDT is shown
in Equation (1).

ŷ =

K∑
k=1

fk(x) (1)

In Equation (1), ŷ represents the estimated value of carbon emissions.
K is the number of decision trees. fk(x) indicates the prediction of the k-
th decision tree with data x. When estimating carbon emissions from urban
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Figure 1 Structure diagram of GBDT (Source from: author self-drawn) 

As shown in Figure 1, GBDT, as a decision tree algorithm, builds input data into weak 

Figure 1 Structure diagram of GBDT (Source from: author self-drawn).
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decision trees and fits the residuals of each iteration. Then it enhances data features of the new 

decision tree based on the previous residuals through gradient boosting. It continues iterating until 

reaching an optimal solution that meets the conditions. The estimation process of carbon 

emissions under urban energy consumption using GBDT is shown in Equation (1). 

1
ˆ ( )

K

kk
y f x


     (1) 

In Equation (1), ŷ  represents the estimated value of carbon emissions. K  is the number of 

decision trees. ( )kf x  indicates the prediction of the k -th decision tree with data x . When 

estimating carbon emissions from urban energy consumption, GBDT identifies various 

influencing factors to generate corresponding leaf nodes. This process is shown in Equation (2). 

1
( )

n

n
L x


    (2) 

In Equation (2),   represents the objective function of GBDT. ( )L x  refers to the loss 

function of input data x , and n  is the number of iterations. However, using GBDT alone may 
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retains only those that contribute most to the results, thus reducing complexity [18]. This study 
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Figure 2 Structure diagram of the RFE-GBDT fusion algorithm (Source from: author 
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Figure 2 Structure diagram of the RFE-GBDT fusion algorithm (Source from: author self-
drawn).

energy consumption, GBDT identifies various influencing factors to generate
corresponding leaf nodes. This process is shown in Equation (2).

η =

n∑
n=1

L(x) (2)

In Equation (2), η represents the objective function of GBDT. L(x) refers
to the loss function of input data x, and n is the number of iterations. How-
ever, using GBDT alone may lead to high computational complexity and long
estimation periods. Therefore, optimization is necessary. RFE, as a feature
selection algorithm, recursively eliminates unimportant features and retains
only those that contribute most to the results, thus reducing complexity [18].
This study introduces RFE to optimize GBDT, forming the fusion algorithm
RFE-GBDT. Its structure is shown in Figure 2.

As shown in Figure 2, the RFE-GBDT fusion algorithm first uses GBDT
to extract data features and generate decision trees. It then fits the residuals
through continuous iteration. Next, RFE removes redundant features – such
as unimportant trees and residuals – via recursive elimination, and continues
training with the remaining features. This process eventually outputs the best
feature set. Each decision tree generated by GBDT contributes to the final
result, as shown in Equation (3).

Importance(j) =

t∑
t=1

∑
i

(i, j) (3)

In Equation (3), Importance(j) denotes the importance score of feature
j. i is the leaf node, and t is the number of iterations. RFE evaluates the
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( )
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In Equation (4),   defines the evaluation and selection of remaining features by RFE. P  
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Figure 3 Structure diagram of the RS-RFE-GBDT fusion algorithm (Source from: author
self-drawn).

remaining features after each elimination step to select higher-quality data
features. The process is shown in Equation (4).

δ =
1

P

P∑
p=1

δ(p) (4)

In Equation (4), δ defines the evaluation and selection of remaining
features by RFE. P represents the number of cross-validations during the
evaluation process. However, in the RFE-GBDT hybrid algorithm, the feature
selection process of RFE is relatively dependent on the evaluation of feature
importance by GBDT. This recursive elimination mechanism is prone to
limiting the local optimal solution and still needs to be further optimized. RS
generates multiple sets of parameter combinations with certain probabilities
in the parameter space and evaluates them to select the best-performing
group, thus avoiding local optima [19]. This study introduces RS to optimize
RFE-GBDT and forms the fusion algorithm RS-RFE-GBDT. The structure is
shown in Figure 3.

As shown in Figure 3, the unique feature of RS-RFE-GBDT is that RS
treats each result from data processing in RFE-GBDT as a parameter group.
Then, the RS mechanism filters the results to find the best match. Ultimately,
it identifies a globally optimal solution that satisfies all problem constraints.
The process of combining parameters based on their distribution is expressed
in Equation (5).

Θ = θg ∼ IntegerUniform(c, d) (5)

In Equation (5), Θ represents the set of parameter groups. θg refers to one
parameter group selected with a probability of g. c and d are data features
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such as the number of decision trees or residuals. Before RFE removes
features, it needs to calculate the importance of each one. This is expressed
in Equation (6).

Ij′ =
T∑
t=1

∑
b∈j′

(Gini(z)−Gini(z′)) (6)

In Equation (6), Ij′ denotes the contribution of the j′-th feature. b repre-
sents other data features. Gini(z) refers to the Gini impurity of leaf node z
before iteration, and z′ is the Gini impurity after iteration. Gini impurity is a
metric for measuring uncertainty in decision tree algorithms. The function is
shown in Equation (7).

Gini(z) = 1−
R∑

r=1

(
|zr|
|z|

)2

(7)

In Equation (7), Gini(z) is the Gini impurity. R is the number of parame-
ter categories. |zr| refers to the combination of the r-th category of parameters
in leaf node z.

2.2 Carbon Emission Estimation Model Construction Based on
SGD and Regularization Improved RS-RFE-GBDT

Although RS-RFE-GBDT has efficient feature selection and extraction abil-
ity, high computational efficiency, and good prediction accuracy and gener-
alization, it still lacks strong dependence on temporal data when estimating
carbon emissions. As an optimizer used to improve machine learning and
deep learning, SGD can enhance the stability and convergence speed of
algorithms by iteratively updating their parameters [20]. Therefore, this study
improves the RS-RFE-GBDT fusion algorithm using SGD and develops
a fusion algorithm that fully considers urban energy consumption, named
SGD-RS-RFE-GBDT. Its structure is shown in Figure 4.

As shown in Figure 4, the fusion algorithm processes data in four steps.
First, GBDT extracts features and constructs decision trees to fit residuals.
Second, RFE and RS work together to remove and select features, then
optimize parameters to generate new decision trees and residuals. Third,
RS generates feature data by randomly selecting parameter combinations.
Fourth, SGD uses its specific gradient descent mechanism to select only part
of the data in each iteration for gradient calculation and parameter updating,
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As shown in Figure 4, the fusion algorithm processes data in four steps. First, GBDT extracts 

features and constructs decision trees to fit residuals. Second, RFE and RS work together to 

remove and select features, then optimize parameters to generate new decision trees and residuals. 

Third, RS generates feature data by randomly selecting parameter combinations. Fourth, SGD 

uses its specific gradient descent mechanism to select only part of the data in each iteration for 

gradient calculation and parameter updating, significantly reducing computational complexity and 

ultimately achieving high-quality data processing. In the fusion algorithm, GBDT generates new 

decision trees based on the gradient descent mechanism of SGD, as shown in Equation (8). 
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In Equation (8), 'r  represents the negative gradient of the current iteration, 1ky   is the 

prediction value of the previous 1k   decision trees, and y  is the prediction value of the 

current decision tree. By continuously generating new decision trees, the algorithm produces the 

best prediction value that satisfies all conditions of the solution, as shown in Equation (9). 
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Figure 4 Structure diagram of the SGD-RS-RFE-GBDT fusion algorithm (Source from:
author self-drawn).

significantly reducing computational complexity and ultimately achieving
high-quality data processing. In the fusion algorithm, GBDT generates new
decision trees based on the gradient descent mechanism of SGD, as shown in
Equation (8).

r′ = −
[
∂L(ỹ, yk−1)

∂ỹk−1

]
(8)

In Equation (8), r′ represents the negative gradient of the current iteration,
yk−1 is the prediction value of the previous k − 1 decision trees, and ỹ is the
prediction value of the current decision tree. By continuously generating new
decision trees, the algorithm produces the best prediction value that satisfies
all conditions of the solution, as shown in Equation (9).

y∗ = ỹk−1 + v · fk(x) (9)

In Equation (9), y∗ is the best prediction value. v is the learning rate, with
a value range of [0, 1], used to prevent overfitting. When SGD selects part of
the data for calculation and updating, it needs to determine the optimization
target. Its function is shown in Equation (10).

J(φ) =
1

n∗ =
n∗∑

n∗=1

L′(φ) (10)

In Equation (10), J(φ) indicates the process of finding the parameter
φ to be optimized. n∗ is the dataset containing all data, and L′(φ) is the
loss function. The process by which SGD updates parameters is shown in
Equation (11).

φt∗+1 = φt∗ − γ · ∇φL
′(φ) (11)

In Equation (11), φt∗+1 represents the parameter optimization and update
process of SGD during the t∗ + 1-th iteration. γ is its constraint constant,
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of [0, 1], used to prevent overfitting. When SGD selects part of the data for calculation and 

updating, it needs to determine the optimization target. Its function is shown in Equation (10). 
*

** 1

1
( ) '( )

n

n
J L

n
 


     (10) 

In Equation (10), ( )J   indicates the process of finding the parameter   to be optimized. 

*n  is the dataset containing all data, and '( )L   is the loss function. The process by which SGD 

updates parameters is shown in Equation (11). 

* *1
'( )

t t
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
      (11) 

In Equation (11), * 1t


  represents the parameter optimization and update process of SGD 

during the * 1t  -th iteration.   is its constraint constant, with a value range of [0, 1]. To 

improve the generalization ability of the fusion algorithm in estimating carbon emissions, this 

study applies L1 and L2 regularization to optimize the loss function. The optimization process is 

illustrated in Figure 5. 
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As shown in Figure 5, the optimization process using regularization techniques includes two 

parts. The first part applies L1 regularization to constrain the loss function during feature selection, 

reducing selection complexity and improving effectiveness. The second part uses L2 

regularization to restrict the data update and iteration process, preventing overfitting and 

improving the generalization of the fusion algorithm. The overall loss function optimized by L1 

regularization is shown in Equation (12). 
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In Equation (12), 1L  represents the overall loss function during the feature selection process 

after L1 regularization. lossL  is the original loss function, and   refers to the feature selection 

process. The loss function improved by L2 regularization during data updates is shown in 

Equation (13) [21]. 
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Figure 5 Schematic diagram of the improved loss function using regularization techniques
(Icon source from: https://iconpark.oceanengine.com/home).

with a value range of [0, 1]. To improve the generalization ability of the
fusion algorithm in estimating carbon emissions, this study applies L1 and
L2 regularization to optimize the loss function. The optimization process is
illustrated in Figure 5.

As shown in Figure 5, the optimization process using regularization tech-
niques includes two parts. The first part applies L1 regularization to constrain
the loss function during feature selection, reducing selection complexity and
improving effectiveness. The second part uses L2 regularization to restrict the
data update and iteration process, preventing overfitting and improving the
generalization of the fusion algorithm. The overall loss function optimized
by L1 regularization is shown in Equation (12).

L1 = Lloss + λ

n∑
n=1

|ω| (12)

In Equation (12), L1 represents the overall loss function during the feature
selection process after L1 regularization. Lloss is the original loss function,
and ω refers to the feature selection process. The loss function improved by
L2 regularization during data updates is shown in Equation (13) [21].

L2 = L′
loss +

λ

2

n∑
n=1

ω′2 (13)

In Equation (13), L2 represents the overall loss function of the data
update process after L2 regularization. L′

loss is the initial loss function, and
ω′ represents the data update and iteration process. The fusion algorithm
optimized by regularization not only has strong feature extraction ability

https://iconpark.oceanengine.com/home
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In Equation (13), 2L  represents the overall loss function of the data update process after L2 

regularization. 'lossL  is the initial loss function, and '  represents the data update and iteration 
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Figure 6 Flowchart of carbon emission estimation under urban energy consumption (Source 

from: author self-drawn) 

As shown in Figure 6, the model estimates carbon emissions under urban energy 

consumption in seven steps. First, it collects, organizes, and preprocesses the energy consumption 

data in the city. The second step is to extract the features of energy consumption data through 

GBDT to construct a decision tree, and then use the recursive feature elimination mechanism of 

RFE to remove duplicate and reduce noise from the data. After that, RS completes the fitting 

generation of residuals and the random search of parameter combinations. In the sixth step, SGD 

optimizes the selected parameter combinations to improve training efficiency. Finally, the 

regularization techniques constrain the data processing process to avoid overfitting in the 

estimation results, achieving accurate carbon emission estimation under urban energy 

consumption. 

3. Model validation for carbon emission estimation based on SGD-RS-RFE-GBDT 

3.1 Performance testing of SGD-RS-RFE-GBDT 

To verify the performance of the SGD-RS-RFE-GBDT fusion algorithm, the study conducted 

comparative experiments with Convolutional Neural Network and Random Forests (CNN-RF), 

Improved Support Vector Machine (ISVM), and Graph Convolutional Network and Long 

Short-Term Memory networks (GCN-LSTM). Among them, ISVM mainly utilizes adaptive kernel 

functions to improve the traditional SVM, thereby enabling it to dynamically adjust the kernel 

function parameters according to the distribution of samples. The experimental environment and 

parameter settings were as follows: the operating system was Windows 11 Professional Edition, 

the CPU was AMD Ryzen 8845H with a main frequency of 3.8 GHz and the GPU was NVIDIA 

RTX 4070. The programming language was Python 3.8, the memory was 64 GB DDR5 at 6000 

MHz and the storage included a 2 TB solid-state drive and a 2 TB mechanical hard drive. The 

dataset used was the IEA dataset, which contained statistical data on global energy consumption 

and carbon emissions. The four algorithms were named Algorithm 1 to Algorithm 4 in the order 

mentioned above. The study compared the estimation accuracy and error of these algorithms for 

urban carbon emissions, and the experimental results are shown in Figure 7. 

Figure 6 Flowchart of carbon emission estimation under urban energy consumption (Source
from: author self-drawn).

and high computational speed but also avoids overfitting in the final results.
Therefore, this study builds a carbon emission estimation model based on
the improved SGD-RS-RFE-GBDT fusion algorithm. The overall process is
shown in Figure 6.

As shown in Figure 6, the model estimates carbon emissions under
urban energy consumption in seven steps. First, it collects, organizes, and
preprocesses the energy consumption data in the city. The second step is to
extract the features of energy consumption data through GBDT to construct
a decision tree, and then use the recursive feature elimination mechanism of
RFE to remove duplicate and reduce noise from the data. After that, RS com-
pletes the fitting generation of residuals and the random search of parameter
combinations. In the sixth step, SGD optimizes the selected parameter combi-
nations to improve training efficiency. Finally, the regularization techniques
constrain the data processing process to avoid overfitting in the estimation
results, achieving accurate carbon emission estimation under urban energy
consumption.

3 Model Validation for Carbon Emission Estimation Based
on SGD-RS-RFE-GBDT

3.1 Performance Testing of SGD-RS-RFE-GBDT

To verify the performance of the SGD-RS-RFE-GBDT fusion algorithm,
the study conducted comparative experiments with Convolutional Neural
Network and Random Forests (CNN-RF), Improved Support Vector Machine
(ISVM), and Graph Convolutional Network and Long Short-Term Memory
networks (GCN-LSTM). Among them, ISVM mainly utilizes adaptive kernel
functions to improve the traditional SVM, thereby enabling it to dynamically
adjust the kernel function parameters according to the distribution of samples.
The experimental environment and parameter settings were as follows: the
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Figure 7 Experimental results of estimation accuracy and error (Source from: author 

self-drawn) 

As shown in Figure 7(a), Algorithm 1 reached a maximum accuracy of 98.3%, which was 

significantly higher than the 93.5% of Algorithm 2, 89.8% of Algorithm 3, and 86.7% of 

Algorithm 4. Its average accuracy was 94.7%, also outperforming the other algorithms. Figure 7(b) 

showed that the estimation error of Algorithm 1 was 0.36%, which was clearly lower than the 

0.79% of Algorithm 2, 1.24% of Algorithm 3, and 1.88% of Algorithm 4. This indicated that 

Algorithm 1 achieved the smallest difference between estimated and actual values, leading to 

more accurate and reliable results. Next, the study conducted comparative experiments on the 

memory usage and computational efficiency of different algorithms in carbon emission estimation. 

The results are presented in Figure 8. 
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Figure 8 Results of memory usage and computational efficiency (Source from: author 

self-drawn) 

As shown in Figure 8(a), the maximum memory usage of Algorithm 1 during carbon 

emission estimation was only 241 MB, which was significantly lower than 379 MB for Algorithm 

2, 420 MB for Algorithm 3, and 486 MB for Algorithm 4. The memory usage of Algorithm 1 

reached its peak at the 400th iteration and remained stable afterward, while the other three 

algorithms showed a clear increasing trend throughout the process. According to Figure 8(b), the 

computational efficiency of Algorithm 1 consistently exceeded that of the other algorithms and did 

not experience any decrease during iterations. In contrast, the other algorithms showed varying 

degrees of efficiency decline across different iteration intervals. The maximum computational 

efficiency of Algorithm 1 was 95.7%, noticeably higher than the 85.6% of Algorithm 2, 88.3% of 

Algorithm 3, and 78.7% of Algorithm 4. In summary, Algorithm 1, which referred to the proposed 

Figure 7 Experimental results of estimation accuracy and error (Source from: author self-
drawn).

operating system was Windows 11 Professional Edition, the CPU was AMD
Ryzen 8845H with a main frequency of 3.8 GHz and the GPU was NVIDIA
RTX 4070. The programming language was Python 3.8, the memory was 64
GB DDR5 at 6000 MHz and the storage included a 2 TB solid-state drive
and a 2 TB mechanical hard drive. The dataset used was the IEA dataset,
which contained statistical data on global energy consumption and carbon
emissions. The four algorithms were named Algorithm 1 to Algorithm 4 in
the order mentioned above. The study compared the estimation accuracy and
error of these algorithms for urban carbon emissions, and the experimental
results are shown in Figure 7.

As shown in Figure 7(a), Algorithm 1 reached a maximum accuracy
of 98.3%, which was significantly higher than the 93.5% of Algorithm 2,
89.8% of Algorithm 3, and 86.7% of Algorithm 4. Its average accuracy
was 94.7%, also outperforming the other algorithms. Figure 7(b) showed
that the estimation error of Algorithm 1 was 0.36%, which was clearly
lower than the 0.79% of Algorithm 2, 1.24% of Algorithm 3, and 1.88% of
Algorithm 4. This indicated that Algorithm 1 achieved the smallest difference
between estimated and actual values, leading to more accurate and reliable
results. Next, the study conducted comparative experiments on the memory
usage and computational efficiency of different algorithms in carbon emission
estimation. The results are presented in Figure 8.

As shown in Figure 8(a), the maximum memory usage of Algorithm 1
during carbon emission estimation was only 241 MB, which was significantly
lower than 379 MB for Algorithm 2, 420 MB for Algorithm 3, and 486 MB
for Algorithm 4. The memory usage of Algorithm 1 reached its peak at
the 400th iteration and remained stable afterward, while the other three
algorithms showed a clear increasing trend throughout the process. According
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significantly higher than the 93.5% of Algorithm 2, 89.8% of Algorithm 3, and 86.7% of 

Algorithm 4. Its average accuracy was 94.7%, also outperforming the other algorithms. Figure 7(b) 

showed that the estimation error of Algorithm 1 was 0.36%, which was clearly lower than the 

0.79% of Algorithm 2, 1.24% of Algorithm 3, and 1.88% of Algorithm 4. This indicated that 

Algorithm 1 achieved the smallest difference between estimated and actual values, leading to 

more accurate and reliable results. Next, the study conducted comparative experiments on the 

memory usage and computational efficiency of different algorithms in carbon emission estimation. 

The results are presented in Figure 8. 

0

500

400

300

200

100M
em

or
y 

us
ag

e 
(M

B
)

0 100 200 300 400 500

Algorithm 1
Algorithm 2
Algorithm 3
Algorithm 4

Number of iterations
(a) Comparison of memory usage for estimating 

carbon emissions by different algorithms

Algorithm 1
Algorithm 2

Algorithm 4
Algorithm 3

0
0 100 200 300 400 500

20

40

60

80

100

E
ff

ic
ie

nc
y 

(%
)

600 700
Number of iterations

(b) Comparison of the computational efficiency of 
different algorithms in estimating carbon emissions

 

Figure 8 Results of memory usage and computational efficiency (Source from: author 

self-drawn) 
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emission estimation was only 241 MB, which was significantly lower than 379 MB for Algorithm 

2, 420 MB for Algorithm 3, and 486 MB for Algorithm 4. The memory usage of Algorithm 1 

reached its peak at the 400th iteration and remained stable afterward, while the other three 

algorithms showed a clear increasing trend throughout the process. According to Figure 8(b), the 

computational efficiency of Algorithm 1 consistently exceeded that of the other algorithms and did 

not experience any decrease during iterations. In contrast, the other algorithms showed varying 

degrees of efficiency decline across different iteration intervals. The maximum computational 

efficiency of Algorithm 1 was 95.7%, noticeably higher than the 85.6% of Algorithm 2, 88.3% of 

Algorithm 3, and 78.7% of Algorithm 4. In summary, Algorithm 1, which referred to the proposed 
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to Figure 8(b), the computational efficiency of Algorithm 1 consistently
exceeded that of the other algorithms and did not experience any decrease
during iterations. In contrast, the other algorithms showed varying degrees
of efficiency decline across different iteration intervals. The maximum com-
putational efficiency of Algorithm 1 was 95.7%, noticeably higher than the
85.6% of Algorithm 2, 88.3% of Algorithm 3, and 78.7% of Algorithm 4.
In summary, Algorithm 1, which referred to the proposed fusion algorithm,
achieved more accurate estimation results and higher performance when
estimating carbon emissions under urban energy consumption.

3.2 Effect Validation of Carbon Emission Estimation Model
Combining Regularization and SGD-RS-RFE-GBDT

After verifying the performance of the fusion algorithm, the study further
evaluated its feasibility through field experiments. The proposed model was
compared with the CNN-RF model, the ISVM model, and the GCN-LSTM
model. The study selected the capital cities of 34 provincial-level admin-
istrative regions in China as the research area and collected their energy
consumption data over the past ten years as the original training data. These
data were separately input into the four models to estimate carbon emissions,
and the results were analyzed and compared. The study first compared the
estimation accuracy and F1 score of the four models when dealing with
different types of energy consumption. The results are shown in Figure 9.

As shown in Figure 9(a), the proposed model reached its maximum
accuracy of 96.3% at the 50th iteration and remained stable afterward without
significant fluctuations. Its maximum accuracy was notably higher than that
of the GCN-LSTM model (89.8%), the CNN-RF model (81.4%), and the
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fusion algorithm, achieved more accurate estimation results and higher performance when 

estimating carbon emissions under urban energy consumption. 

3.2 Effect validation of carbon emission estimation model combining regularization and 

SGD-RS-RFE-GBDT 

After verifying the performance of the fusion algorithm, the study further evaluated its 

feasibility through field experiments. The proposed model was compared with the CNN-RF model, 

the ISVM model, and the GCN-LSTM model. The study selected the capital cities of 34 

provincial-level administrative regions in China as the research area and collected their energy 

consumption data over the past ten years as the original training data. These data were separately 

input into the four models to estimate carbon emissions, and the results were analyzed and 

compared. The study first compared the estimation accuracy and F1 score of the four models when 

dealing with different types of energy consumption. The results are shown in Figure 9. 
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Figure 9 Estimation accuracy and F1 score of carbon emissions (Source from: author 

self-drawn) 

As shown in Figure 9(a), the proposed model reached its maximum accuracy of 96.3% at the 

50th iteration and remained stable afterward without significant fluctuations. Its maximum 

accuracy was notably higher than that of the GCN-LSTM model (89.8%), the CNN-RF model 

(81.4%), and the ISVM model (77.5%). As seen in Figure 9(b), the F1 score of the proposed 

model reached its peak of 97.9% within the first 20 iterations, which was significantly higher than 

the GCN-LSTM model (88.3%), the CNN-RF model (83.7%), and the ISVM model (85.1%). 

Next, the study conducted a comparative experiment to evaluate the sensitivity of each model 

when estimating carbon emissions from four sectors: industry, transportation, construction, and 

residential. The results are presented in Table 1. 

Table 1 Sensitivity of carbon emission estimation for different energy consumption types 

Energy 

consumption type 

Experiment 

time 

Sensitivity/% 

Proposed model GCN-LSTM CNN-RF ISVM 

Industry 

Experiment 10 92.2 73.8 80.3 63.8 

Experiment 20 94.6 76.4 83.7 69.2 

Experiment 30 95.3 79.9 86.6 76.5 

Transportation 

Experiment 10 91.9 82.6 77.0 85.3 

Experiment 20 93.0 83.1 81.2 88.0 

Experiment 30 94.8 85.5 84.9 90.7 

Architecture 

Experiment 10 93.5 83.0 87.1 79.2 

Experiment 20 92.7 79.7 83.8 83.5 

Experiment 30 94.1 82.4 85.4 87.0 

Figure 9 Estimation accuracy and F1 score of carbon emissions (Source from: author self-
drawn).

Table 1 Sensitivity of carbon emission estimation for different energy consumption types
Energy
Consumption Experiment Sensitivity/%
Type Time Proposed Model GCN-LSTM CNN-RF ISVM
Industry Experiment 10 92.2 73.8 80.3 63.8

Experiment 20 94.6 76.4 83.7 69.2
Experiment 30 95.3 79.9 86.6 76.5

Transportation Experiment 10 91.9 82.6 77.0 85.3
Experiment 20 93.0 83.1 81.2 88.0
Experiment 30 94.8 85.5 84.9 90.7

Architecture Experiment 10 93.5 83.0 87.1 79.2
Experiment 20 92.7 79.7 83.8 83.5
Experiment 30 94.1 82.4 85.4 87.0

Life Experiment 10 96.8 88.9 88.2 82.4
Experiment 20 98.2 90.1 90.4 86.8
Experiment 30 97.0 89.2 91.5 85.7

ISVM model (77.5%). As seen in Figure 9(b), the F1 score of the proposed
model reached its peak of 97.9% within the first 20 iterations, which was
significantly higher than the GCN-LSTM model (88.3%), the CNN-RF model
(83.7%), and the ISVM model (85.1%). Next, the study conducted a compar-
ative experiment to evaluate the sensitivity of each model when estimating
carbon emissions from four sectors: industry, transportation, construction,
and residential. The results are presented in Table 1.

As shown in Table 1, the average sensitivity of the proposed model for
industrial, transportation, construction, and residential energy consumption
was 94.03%, 92.23%, 93.43%, and 97.33%, respectively. All values were
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Life 

Experiment 10 96.8 88.9 88.2 82.4 

Experiment 20 98.2 90.1 90.4 86.8 

Experiment 30 97.0 89.2 91.5 85.7 

As shown in Table 1, the average sensitivity of the proposed model for industrial, 

transportation, construction, and residential energy consumption was 94.03%, 92.23%, 93.43%, 

and 97.33%, respectively. All values were higher than those of the three comparison models. In 

particular, the average sensitivity for residential energy consumption reached a maximum of 

98.2%, which was noticeably higher than the values for the other three types of energy 

consumption. Subsequently, the study randomly added Gaussian white noise to the IEA dataset to 

test the robustness of the models. By comparing the false positive rate and Mean Absolute Error 

(MAE) under strong noise conditions, the study assessed how well each model performed. The 

experimental results were shown in Figure 10. 
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Figure 10 False positive rate and MAE under strong noise interference (Source from: author 

self-drawn) 

As illustrated in Figure 10(a), the proposed model had a maximum false positive rate of only 

3.7%, which was significantly lower than that of the GCN-LSTM model (6.9%), the CNN-RF 

model (8.1%), and the ISVM model (9.6%). Moreover, the false positive rate of the proposed 

model remained stable in the noise ranges of 20–30 dB and 50–60 dB. According to Figure 10(b), 

the MAE of the proposed model remained lower than those of the comparison models throughout 

the experiment. When the noise level was 40 dB, the MAE reached a maximum of 21.4%, which 

was clearly lower than that of the GCN-LSTM model (29.6%), the CNN-RF model (32.1%), and 

the ISVM model (34.7%). Additionally, the maximum MAE of the proposed model increased by 

only 7.2% compared to its initial value, indicating good robustness. Finally, the study introduced 

the CEADs dataset and conducted comparative experiments on the recall rate of carbon emission 

estimation using the four models across two different datasets to evaluate their generalization 

ability. The comparison results were shown in Figure 11. 

Figure 10 False positive rate and MAE under strong noise interference (Source from: author
self-drawn).

higher than those of the three comparison models. In particular, the aver-
age sensitivity for residential energy consumption reached a maximum of
98.2%, which was noticeably higher than the values for the other three types
of energy consumption. Subsequently, the study randomly added Gaussian
white noise to the IEA dataset to test the robustness of the models. By
comparing the false positive rate and Mean Absolute Error (MAE) under
strong noise conditions, the study assessed how well each model performed.
The experimental results were shown in Figure 10.

As illustrated in Figure 10(a), the proposed model had a maximum false
positive rate of only 3.7%, which was significantly lower than that of the
GCN-LSTM model (6.9%), the CNN-RF model (8.1%), and the ISVM model
(9.6%). Moreover, the false positive rate of the proposed model remained
stable in the noise ranges of 20–30 dB and 50–60 dB. According to Figure
10(b), the MAE of the proposed model remained lower than those of the
comparison models throughout the experiment. When the noise level was
40 dB, the MAE reached a maximum of 21.4%, which was clearly lower
than that of the GCN-LSTM model (29.6%), the CNN-RF model (32.1%),
and the ISVM model (34.7%). Additionally, the maximum MAE of the
proposed model increased by only 7.2% compared to its initial value, indi-
cating good robustness. Finally, the study introduced the CEADs dataset and
conducted comparative experiments on the recall rate of carbon emission
estimation using the four models across two different datasets to evaluate
their generalization ability. The comparison results were shown in Figure 11.

In Figures 11(a) and 11(b), the average recall rate of the proposed model
was 93.8% on the IEA dataset and 92.7% on the CEADs dataset. These
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Figure 11 Recall rate of carbon emission estimation across different datasets (Source from: 

author self-drawn) 

In Figures 11(a) and 11(b), the average recall rate of the proposed model was 93.8% on the 

IEA dataset and 92.7% on the CEADs dataset. These values were significantly higher than those 

of the CNN-RF model (87.5% and 82.1%), the GCN-LSTM model (84.9% and 80.3%), and the 

ISVM model (77.3% and 85.7%). Furthermore, the difference in average recall rate for the 

proposed model between the two datasets was only 1.1%, which was substantially smaller than 

those of the comparison models. This result demonstrated the strong generalization ability of the 

proposed model. In conclusion, the proposed model achieved high estimation accuracy and F1 

score in estimating carbon emissions under urban energy consumption. It also maintained a low 

false positive rate and MAE while demonstrating robust performance. 

To evaluate the robustness of the research model, the study named this model, the mass 

balance model, the Transformer-based gated recurrent unit model, and the extreme gradient 

boosting tree model as Models 1 to 4 in sequence, and deployed them respectively on the Internet 

of Things terminals in 34 provincial capital cities. The average operating speed and power 

consumption proportion of 30 carbon emissions estimates under three weather conditions of heavy 

rain, high temperature and severe cold were evaluated to verify its adaptability to extreme weather. 

The comparison results are shown in Table 2. 

Table 2 shows a comparison of the average operating speed and power consumption of four 

models in estimating carbon emissions 30 times under different extreme weather conditions 

Weather 
Operating speed/ms Power consumption/mW 

Model 
1 

Model 
2 

Model 
3 

Model 
4 

Model 
1 

Model 
2 

Model 
3 

Model 
4 

Normal 81.5 50.3 162.4 146.7 32.8 3.5 118.0 84.9 

Heavy rain 78.3 47.2 201.9 112.8 34.6 3.7 102.5 73.1 

High 
temperature 

86.4 50.8 157.6 131.5 31.0 3.3 120.9 80.7 

Severe cold 93.1 48.6 184.5 167.2 35.8 3.4 134.0 92.3 

As can be seen from Table 2, since Model 2 estimates carbon emissions based on chemical 

reaction principles and the law of conservation of materials, without involving neural network 

calculations or iterative training, and is not affected by extreme weather, it has the fastest running 

speed and the lowest power consumption. Furthermore, it can be seen from Table 2 that the 

operating speed and power consumption of Model 1 for estimating carbon emissions under normal 

weather conditions are 81.5ms and 32.8mW respectively, which are the closest to Model 2. The 

slowest operating speed under severe cold conditions is only 93.1ms, and the maximum power 

Figure 11 Recall rate of carbon emission estimation across different datasets (Source from:
author self-drawn).

Table 2 Shows a comparison of the average operating speed and power consumption of four
models in estimating carbon emissions 30 times under different extreme weather conditions

Operating Speed/ms Power Consumption/mW
Weather Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4

Normal 81.5 50.3 162.4 146.7 32.8 3.5 118.0 84.9
Heavy rain 78.3 47.2 201.9 112.8 34.6 3.7 102.5 73.1
High temperature 86.4 50.8 157.6 131.5 31.0 3.3 120.9 80.7
Severe cold 93.1 48.6 184.5 167.2 35.8 3.4 134.0 92.3

values were significantly higher than those of the CNN-RF model (87.5%
and 82.1%), the GCN-LSTM model (84.9% and 80.3%), and the ISVM
model (77.3% and 85.7%). Furthermore, the difference in average recall rate
for the proposed model between the two datasets was only 1.1%, which
was substantially smaller than those of the comparison models. This result
demonstrated the strong generalization ability of the proposed model. In
conclusion, the proposed model achieved high estimation accuracy and F1
score in estimating carbon emissions under urban energy consumption. It also
maintained a low false positive rate and MAE while demonstrating robust
performance.

To evaluate the robustness of the research model, the study named this
model, the mass balance model, the Transformer-based gated recurrent unit
model, and the extreme gradient boosting tree model as Models 1 to 4 in
sequence, and deployed them respectively on the Internet of Things terminals
in 34 provincial capital cities. The average operating speed and power con-
sumption proportion of 30 carbon emissions estimates under three weather
conditions of heavy rain, high temperature and severe cold were evaluated to
verify its adaptability to extreme weather. The comparison results are shown
in Table 2.
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As can be seen from Table 2, since Model 2 estimates carbon emissions
based on chemical reaction principles and the law of conservation of mate-
rials, without involving neural network calculations or iterative training, and
is not affected by extreme weather, it has the fastest running speed and the
lowest power consumption. Furthermore, it can be seen from Table 2 that the
operating speed and power consumption of Model 1 for estimating carbon
emissions under normal weather conditions are 81.5 ms and 32.8 mW respec-
tively, which are the closest to Model 2. The slowest operating speed under
severe cold conditions is only 93.1 ms, and the maximum power consumption
is as low as 35.8 mW. The fastest operating speed under heavy rain is 78.3 ms,
and the minimum power consumption under high temperature is 31.0 mW.
Not only is it closer to Model 2, but its adaptability to extreme weather is
also significantly better than that of Model 3 and Model 4. This is because the
core of the research model is the integrated decision tree, and the reasoning
logic is relatively fixed. The fluctuations in energy consumption data caused
by extreme weather only change the values input into the model, without
increasing the feature dimension or computational complexity. Therefore,
its running speed and power consumption are closest to those of the mass
balance model.

To analyze the applicability of the research model in estimating carbon
emissions of different socio-economic cities under non-Gaussian noise and
outlier interference, the study expanded the research area to Nordic cities
dominated by renewable energy, and statistically analyzed the energy con-
sumption of 10 representative Nordic cities in the past 10 years. And they
were input into models 1 to 4 respectively as the original training data to
compare the Mean Absolute Error (MAE) of their estimation of the daily
carbon emissions of the city. The experimental results are shown in Table 3.

It can be seen from Table 3 that the average MAE of Model 1 in the
data infection experimental group is 2.83%, which is significantly lower than
16.63% of Model 2, 17.27% of Model 3 and 8.97% of Model 4. The reason
lies in that the decision tree structure of Model 1 is not sensitive to noise,
and the feature selection of RFE can filter out abnormal features. Meanwhile,
regularization can further suppress the influence of interference on the esti-
mation results. For the cross-border adaptability experimental group, Model 1
estimated that the daily carbon emissions of Chinese cities and Nordic cities
were both lower than those of the comparison model, and the gap between
the two cities mainly consuming different types of energy was only 1.9%.
This is mainly attributed to the fact that Model 1, with its feature selection
capabilities of RFE and RS, can effectively capture nonlinear features and is
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Table 3 Compares the average absolute errors of each model in estimating the daily carbon
emissions of urban energy consumption for 30 times under different experimental groups

Variable MAE/%
Experimental Group Model 1 Model 2 Model 3 Model 4
Data interference Impulse noise 3.2 11.3 17.6 8.8

Outlier 2.8 14.0 15.2 7.4
10% data loss 2.5 15.6 19.0 10.7

Cross-border adaptability Chinese city 2.7 6.9 14.1 9.5
Nordic cities 4.6 22.5 20.4 14.3

Socio-economic situation Benchmark scenario 3.4 5.3 10.7 8.6
Economic recession 4.0 19.8 16.3 11.4
Population growth 3.9 14.2 18.5 10.8

less sensitive to structured data than the comparison models. Furthermore, it
can be seen from Table 1 that the maximum MAE of Model 1 in the socio-
economic scenario experimental group is only 4.0%, which is significantly
lower than the minimum MAE value of 5.3% in the comparison model.
This is because Model 1 can utilize RFE to screen out key socio-economic
features, providing high-quality features for the data processing of GBDT and
having a stronger anti-fluctuation ability. By combining the data in Tables 2
and 3, it can be seen that Model 1, namely the research model, has stronger
robustness, generalization ability and situational adaptability.

4 Conclusion

To address the problems of low accuracy and high error in existing carbon
emission estimation methods, this study optimized the traditional GBDT
algorithm using RFE, RS, and SGD. These improvements formed a fusion
algorithm named SGD-RS-RFE-GBDT. Regularization techniques were also
applied to enhance its generalization ability. Based on this, the study devel-
oped a carbon emission estimation model that fully considered urban energy
consumption. The proposed model was compared with three existing models,
and the results showed that it achieved an accuracy of 98.3% and an efficiency
of 95.7%, with an accuracy error as low as 0.36%. Its memory usage was
only 241 MB. In field experiments, the proposed model achieved average
sensitivities of 94.03%, 92.23%, 93.43%, and 97.33% for industrial, trans-
portation, construction, and residential energy consumption, respectively. It
reached an accuracy of 96.3% and an F1 score of 97.9%. Under strong noise
interference, the maximum false positive rate was only 3.7%, and the MAE



Accurate Modeling of Carbon Emissions Under Urban Energy Consumption 1277

increased by just 7.2% compared to its initial value. In the generalization test,
the proposed model achieved average recall rates of 93.8% and 92.7% on the
IEA and CEADs datasets, respectively. All of the above experimental results
outperformed those of the three comparison models. In addition, the study
separately tested the adaptability of the proposed model under five conditions:
extreme weather, edge deployment, data interference, urban cross-border, and
socio-economic scenarios. The experiments found that the research model
was superior to the existing carbon emission estimation models in all cases,
fully demonstrating the feasibility and superiority of the research model.
Although the model performed well in practical applications, the comparative
experiments did not classify the sources of carbon emissions. They only
focused on urban energy consumption as a single source. Therefore, future
research should explore this limitation further and expand the model to
include multiple emission sources.
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