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In light of the heightened awareness of climate change, the construction 
industry is under significant pressure to reduce its carbon footprint. 
This study aims to apply two advanced intelligent methods, Support 
Vector Machine (SVM) and Gaussian Process Regression (GPR), to 
predict carbon emissions during the construction stage of building 
projects. The models were trained and tested using four input 
parameters: quantity of construction machinery, fuel consumption 
rate, carbon emission factor per unit of fuel or electricity consumed, 
and operating hours of the machinery. The performance of the models 
is compared to determine the most accurate and reliable predictor. The 
results demonstrate that the GPR model consistently outperforms the 
SVM model in terms of accuracy and consistency. The proposed GPR 
model is poised to be a valuable tool for policymakers and 
organisations in making informed decisions to mitigate carbon 
emissions. 
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1. Introduction 
The construction industry is currently facing a critical imperative to urgently reduce carbon emissions to mitigate 
the imminent threats of climate change. The alarming surge in atmospheric carbon dioxide, which has increased 
from 278 ppm in 1750 to 421 ppm in 2023 [1], is primarily attributed to human activities, particularly 
construction activities. This significant increase vividly illustrates the industry's substantial contribution to global 
warming, posing severe risks to infrastructure, ecosystems, and human health. Addressing carbon emissions in 
the construction sector is paramount due to its considerable impact on climate change. Immediate and effective 
measures are imperative to curb emissions and ensure sustainable development. This urgency underscores the 
need for innovative and accurate predictive models to guide the industry's efforts to reduce its carbon footprint. 

Considering the tendency to increase carbon emissions in the future, it is imperative to strengthen current 
environmental laws to minimise these emissions. Understanding and forecasting carbon emissions during 
construction is pivotal for devising effective policies and strategies. Thus, developing a robust model for predicting 
carbon emissions is crucial. This model can serve as a valuable tool for organisations to create and enhance their 
policies and strategies. While traditional methods are often reactive, capitalising on the latest technology for 
predicting and reducing carbon emissions is essential [2]. With advancements in artificial intelligence, new 
opportunities are emerging to address this issue more progressively through data-driven approaches. 
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 Recently, soft computing methods have demonstrated great effectiveness in addressing complex issues, 
particularly in predicting carbon emissions. As an advanced artificial intelligence approach, artificial neural 
networks (ANNs) have emerged as a highly effective tool for predicting carbon emissions, showcasing superior 
accuracy compared to traditional statistical methods [3], [4]. The capacity of ANNs to comprehend intricate non-
linear connections has resulted in their extensive application in forecasting emissions at different levels of detail, 
ranging from regional sizes [5] to national and global dimensions [6]. Nevertheless, a recognised drawback of 
ANNs is their inclination towards overfitting, which occurs when the model becomes too tailored to the training 
data, compromising its ability to perform well on unseen data [7]. Hence, it is crucial to employ careful 
regularisation techniques and extensive cross-validation to reduce overfitting and ensure the robustness of ANN 
models in predicting carbon emissions [8]. This model poses complex and highly intricate challenges for problem-
solving. While ANN models have been widely used, Support Vector Machine (SVM) and Gaussian Process 
Regression (GPR) are more likely to exhibit lower overfitting than ANN when dealing with high-dimensional data 
[9], [10]. Furthermore, SVM and GPR can give the best results when the number of samples or data is limited [11], 
[12]. On the other hand, the ANN model requires a large amount of data to minimise the impact of noise during 
training. 

In this study, support vector regression (SVR) and Gaussian process regression (GPR) models were utilised 
to predict carbon emissions during the building construction phase. The study aimed to assess the ability of these 
models to process complex and nonlinear data and to determine which model was most accurate at predicting 
carbon emissions. A total of 100 data sets were available, containing information such as the number of 
construction plants and machinery, the carbon emission factor per unit of fuel or electricity consumed by these 
plants and machinery, the number of hours these plants and machinery operate, and the rate at which they 
consume fuel or electricity. The SVR and GPR models were trained using 70 datasets and then tested on 30 
additional datasets. To enhance prediction accuracy and reliability while mitigating overfitting, 5-fold and 10-fold 
cross-validation were implemented during the training phase. The SVR and GPR models were trained with optimal 
parameters using Bayesian optimisation to enhance their prediction accuracy. The study revealed that the GPR 
model outperformed the SVR model. The most effective model was then used to conduct a sensitivity analysis on 
the parameters, employing the method developed in this study to determine their significance. 

2. Methodology 
Powerful machine learning algorithms, specifically SVR and GPR, were employed to predict carbon emissions 
during building construction. The main objective was to assess and compare these models for complex and non-
linear construction datasets. The methodology began with the selection of four crucial input parameters: the 
running hours of construction machinery, the carbon emission factor per unit of fuel or energy used, the total 
number of construction machinery and plants, and the fuel or electricity consumption rate. These attributes 
directly impact carbon emissions, and the data were obtained from relevant literature. The models were trained 
using 100 records with complete parameter information. The data were normalised, outliers were removed, and 
the dataset was divided into training and testing subsets to ensure its quality and consistency. Bayesian 
optimisation was employed to optimise the model parameters for optimal performance. To minimise overfitting 
and enhance prediction accuracy, 5-fold and 10-fold cross-validation were utilised to evaluate the robustness of 
the models.  

2.1 Dataset and Pre-processing 
In this study, four variables are considered: the number of operating hours of these plants and machinery, the 
carbon emission factor per unit of fuel or electricity consumption, the total number of construction plants and 
machinery, and the rate of fuel or electricity consumption, which is determined using the formula for carbon 
emissions, as stated in Eq. (1). Each data for this input parameter consists of a range of different values and is 
based on the literature, as presented in Table 1. 
 

=

= × × ×∑
1

n

j j j j
j

CE M r h F  (1) 

 
In this equation, CE represents carbon emissions, Mj stands for the quantity of the jth piece of construction 
machinery or plant (where j = 1,2, 3, … n), n is the total number of building sites, and j is the specific type of building 
site. Fj represents the carbon emission factor per unit of fuel or power consumption for the jth construction plant 
and machinery; hj denotes the number of hours these machines are operational; and ri, represents the rate of fuel 
or electricity consumption for these machines.  

To develop accurate prediction models, effective data pre-processing is crucial. This includes cleaning the 
data, normalising it, removing outliers, selecting features, and segmenting the data to ensure that it is clean, 
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relevant, and reliable.  Using the Min-Max normalisation technique, each value is transformed to a scale of 0 and 
1 based on the minimum and maximum values of each parameter. Additionally, the study employs Boxplot and 
Interquartile range (IQR) techniques to identify and eliminate outliers that can cause bias and inaccuracy. After 
pre-processing, the data is divided into training and test sets. In this study, 70% of the data is randomly selected 
as the training set to develop the model, while the remaining data is used as a test set to evaluate the model's 
performance. 

Table 1 Range of parameter input value 
Input parameter Range value 

Mj  1-5 
rj (L/h) or (kW/h) 500-1000 
hj 8-18 
Fj (kgCO2e/L) or (kgCO2e/kW) 0.5-3 

2.2 SVM Model Development 
This study utilised support vector machines and Gaussian process regression to analyse the data. The SVM is a 
learning technology first introduced by Cortes & Vapnik [13].  SVM is a machine-learning technique for problem-
solving through classification. The application of SVM to address regression difficulties is known as support vector 
regression (SVR). The SVR technique effectively addresses complex issues that are not linear and involve multiple 
variables, but have limited data [14]. Additionally, SVR achieves this by mitigating the risks associated with the 
problem's structure. Su et al. [15] found that SVR converges quickly. Mamat et al. [16] found that SVR's capacity 
to discover correlations between input and output data makes it a more efficient solver of multidimensional 
function estimation issues.  

As previously discussed, SVR is a supervised machine-learning algorithm used to predict discrete values. It 
operates on the same underlying principle as SVM. In contrast to traditional regression models that aim for one-
to-one mapping, the SVR seeks the best-fit line [17]. The hyperplane with the most points is considered the best 
match in the SVR model. The main purpose of SVM is to determine the appropriate decision hyperplane to 
maximise the distance between two classes of samples on both sides of the hyperplane while maintaining good 
generalisation ability. What is interesting is that SVR can be applied in various domains, including estimation, and 
is particularly well-suited for small datasets with nonlinear characteristics. For this reason, SVR is proposed as a 
computational tool to predict carbon emissions. The following is a linear regression representation of the data set: 

 

( ) ( ) ( ){ }= ∈ ∈ 1 1 2 2, , , ,... , ,n n mD x y x y x y x y  (2) 
 
where x and y represent the linear function’s attributes and labels, respectively. 
 

( ) = +f x w x b  (3) 
 
The regression function can be obtained as: 
 

( )ξ ξ ξ− +Φ = + +∑
 
 
 

21
min , min

2
w w c i ii

 (4) 

 
where W and C stand for the cost and support vector, respectively, to modify the training model. To eliminate 
errors, the slack variables are 𝜉𝜉𝑖𝑖−and 𝜉𝜉𝑖𝑖+. To obtain satisfactory results in SVM, the Loos function minimises the 
error between the label and the prediction data. In this study, the ε-insensitive loss function was employed, as 
follows: 
 

( )
( )

ε

ε

−
=

− −

  
 
  

0

,

for f x y
Le f x y otherwise

 (5) 

 
Next, Eq. (4) needs to be solved with the following subjects: 
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Considering that ξ𝑖𝑖

+≥ 0, the following is a representation of the solution to Eq. (4): 
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where 𝛼𝛼𝑖𝑖  and α𝑖𝑖∗+ are the Lagrange multipliers subject to the subsequent limitations:  
 

( )α α∗− =∑ 0
l

i ii
 (9) 

 
α α∗< ≤ =0 , , 1,...,i li i  (10) 

2.3 GPR Model Development 
Gaussian process regression is a popular machine-learning technique for predicting and modelling complex 
system behaviour. The Gaussian process uses the infinite-dimensional Gaussian distribution, which is a 
generalisation of the multivariate normal distribution. Gaussian processes are useful for statistical modelling, 
regressing to multiple target values, and analysing higher-dimensional mappings [18]. Gaussian processes are 
stochastic in the fields of probability theory and mathematical statistics. This multivariate Gaussian distribution 
has applications in machine learning, signal processing, and other domains.  

The GPR is a machine-learning regression algorithm that assumes noise and a Gaussian process prior, with 
Bayesian inference as the solution. This Bayesian technique offers the added benefit of providing a degree of 
prediction uncertainty and can handle both linear and nonlinear regression issues [19]. A prior probability 
distribution over functions in function space can be defined using Gaussian processes. With a covariance matrix 
and a mean vector, they expand the idea of a Gaussian distribution to the context of functions. GPR is a general 
approximation of continuous functions in a compact space, regardless of the kernel function's form. 

Gaussian processes can predict new data without needing validation, since they consider previous data 
knowledge and functional correlations [20], [21]. This allows Gaussian process regression models to discover the 
prediction distribution corresponding to a new test input. Essentially, the Gaussian process is a multivariate 
Gaussian distribution. 

The idea or concept of the Gaussian process is crucial and fundamental to GPR. In simple terms, a Gaussian 
process is a probability distribution over functions, where each function is essentially a random variable. Similar 
to fundamental fitting methods, GPR does not require the anticipated order of approximation to be specified [10]. 
The Gaussian process is fully defined by the covariance function, k(x, x'), and the mean function, m(x), which 
characterise the covariance between any two data points and x's. In a finite dataset with n observations,                          
D = [xi, yi]timexl=1, xi is the ith instance's input vector, and yi is the ith instance's observation value. The random 
variables f(x1), f(x2), … f(xn) have a joint Gaussian distribution, as illustrated in Eq. (11): 
 

( ) ( ) ( )( )= ', ,f x GP m x k x x  (11) 

 
In this case, the mathematical expressions for the mean function m(x)  and the kernel function k(x, x’) are found in 
Eq. (12) and Eq. (13): 
 

( ) ( )=   m x E f x  (12) 
 

( ) ( ) ( )( ) ( ) ( )( )= − −  , ' ' 'k x x E f x m x f x m x  (13) 
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The noise in the measurements can be considered when developing a general model of the GPR problem, as shown 
in Eq. (14). 
 

( ) ξ= +y f x  (14) 

2.4 Training and Testing of Model 
The data on carbon emissions, calculated through Eq. (1), underwent a pre-processing step where they were 
normalised between 0 and 1. To simulate the SVM and GPR models, the data were randomly divided into training 
and test sets, with 70% allocated for training and 30% for testing. Four statistical indicators were used to assess 
the effectiveness of the models: mean absolute percentage error (MAPE), coefficient of determination (R2), mean 
absolute error (MAE), and root-mean-squared error (RMSE). In regression analysis, R² was utilised to assess the 
goodness of fit [22]. This method assesses sample predictability. MAE is the mean absolute difference between 
each sample and the mean, while RMSE is the difference between the measured and projected variables. It 
determines the unit of mistake size. MAPE computes the average percentage of absolute errors and assesses model 
reliability. The formulas for calculating these statistical indicators are listed below, as shown in Eq. (15) to               
Eq. (18): 
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where 𝐶𝐶𝐶𝐶𝐶𝐶  represents the average of calculated carbon emissions, while 𝐶𝐶𝐶𝐶𝑝𝑝  represents the predicted carbon 
emissions and 𝐶𝐶𝐶𝐶𝑝𝑝����� is the average of predicted carbon emissions. 

3. Results and Discussion 
To gain insight into the future sustainability performance of cities, it is crucial to accurately predict carbon 
emissions in construction. This involves a critical task for environmental management and law. In this study, two 
experiments were conducted using 100 computed data points to compare the predictive capabilities of SVR and 
GPR models for carbon emissions. MATLAB R2022b was used to develop and test the GPR and SVR models. In this 
study, the regression learner tool was selected due to its excellent features for building, training, and optimising 
regression models, as well as its intuitive interface. The tool supports various hyperparameter optimisation 
methods, including Bayesian, random, and grid searches, and also allows for parallel processing. The study 
excluded other methodologies that did not fulfil the required standards.  

In this study, the effectiveness of support vector machines and Gaussian process regression was assessed for 
predicting carbon emissions. The focus was on their accuracy, ability to handle non-linear data, and suitability for 
complex construction data. To improve prediction accuracy, the hyperparameters of both models were 
systematically fine-tuned within a predefined range. For the SVM model, the hyperparameters explored were the 
box constraint, kernel scale, epsilon, and kernel function. Through 60 iterations of Bayesian optimisation, the best 
hyperparameters were determined for an SVM with a Gaussian kernel: a kernel scale of 0.055635, an epsilon of 
0.00102244, and no data standardisation. 
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For Gaussian process regression, the hyperparameter tuning process included variables such as sigma, the 
base function, various kernel functions, the kernel scale, and whether to standardise the data. Utilising Bayesian 
optimisation, the most effective hyperparameters for GPR were pinpointed. The optimal configuration comprised 
a constant base function, a Matern 5/2 kernel, a sigma of 0.012030, a kernel scale of 0.0202626, and no data 
standardisation. These refined settings were crucial in accurately identifying the dataset's underlying patterns, 
thereby enhancing the model's predictive accuracy. The Matern 5/2 kernel, in particular, proved to be highly 
effective due to its ability to handle non-linearities and capture intricate relationships in the data. This kernel 
function is known for its flexibility and robustness in modelling complex phenomena, which is crucial when 
dealing with multifaceted construction data. By eschewing data standardisation, the model retained the original 
data distribution, which can sometimes enhance the interpretability and performance of the GPR model in specific 
contexts. 

This optimisation process not only highlighted the GPR model's superior capability in dealing with complex, 
non-linear datasets, but also underscored the importance of meticulously selecting and fine-tuning 
hyperparameters. The chosen sigma and kernel scale values were critical in defining the smoothness and variance 
of the predictions, directly impacting the model's ability to generalise from the training data to unseen data. The 
Bayesian optimisation method provided a systematic approach to navigating the hyperparameter space, ensuring 
that the selected parameters maximised the model's predictive performance. A summary of the hyperparameter 
search ranges and the final optimised parameters for both models is presented in Table 2. 

Both 5-fold and 10-fold cross-validation methods were utilised to train and evaluate each model, ensuring a 
thorough assessment of their robustness and generalizability across different data partitions. This approach, 
which involved using the entire dataset for training and validation, effectively minimised the risk of overfitting. 
The effectiveness of this methodology is illustrated in Fig. 1(a) and Fig. 1(b), which depict the R² and Mean 
Absolute Percentage Error (MAPE) values for the refined SVM and GPR models during the testing phase, utilising 
5-fold cross-validation. Likewise, Fig. 2(a) and Fig. 2(b) display the performance metrics for the optimised GPR 
and SVM models with 10-fold cross-validation.  
 

 
(a) 

 
 

 
(b) 

Fig. 1 Performance index for SVR and GPR models trained with 5-fold cross-validation for (a) R2; and (b) MAPE 
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(a) 

 
(b) 

Fig. 2 Performance index for SVR and GPR models trained with 10-fold cross-validation for (a) R2; and (b) MAPE 

The comparative analysis reveals minimal differences in the performance metrics between the two cross-
validation techniques. This indicates that both models maintain consistent accuracy and reliability across different 
validation schemes. Such consistency underscores the robustness of the models, ensuring stable and dependable 
results irrespective of the cross-validation method applied. Upon closer examination, the use of cross-validation 
serves multiple purposes. Primarily, it allows for the comprehensive utilisation of the dataset, ensuring that each 
subset of the data is used for both training and validation, thus providing a balanced and exhaustive evaluation of 
the model's performance. The 5-fold cross-validation divides the data into five subsets, where each subset is used 
as a validation set while the remaining four are used for training. This process is repeated five times, with each 
subset being used as the validation set exactly once. Similarly, the 10-fold cross-validation follows the same 
procedure but divides the data into ten subsets, enhancing the granularity of the assessment. 

The results presented in Fig. 1 and Fig. 2 demonstrate that the models exhibit minimal variance in their 
performance metrics across the two cross-validation techniques. This lack of significant variation suggests that 
the models are not overfitting to any particular subset of the data, thereby confirming their robustness. The stable 
R² values indicate a high degree of correlation between the predicted and actual values, while the consistent MAPE 
values reflect the models' precision in prediction across different data splits. 

Table 3 presents a comparative analysis of the performance of the GPR and SVM models using 5-fold and 10-
fold cross-validation techniques. This table showcases the average performance metrics for predicting carbon 
emissions on the test data. Remarkably, the GPR model consistently surpasses the SVM model in all evaluation 
metrics across both cross-validation settings. Specifically, under the 5-fold cross-validation regime, GPR achieves 
an impressive R² value of 0.9989, whereas SVM records a slightly lower R² value of 0.9875. This substantial 
difference underscores GPR's superior predictive accuracy and its ability to capture the underlying patterns in the 
data more effectively. 

In the 10-fold cross-validation scenario, GPR not only maintains its superiority but also enhances its 
performance with an even higher R² value of 0.9996 compared to SVM's R² value. This consistent outperformance 
of GPR indicates its robustness and reliability in different cross-validation settings, making it a more dependable 
model for predicting carbon emissions in complex datasets. The results emphasise the importance of selecting 
appropriate models and hyperparameters tailored to the specific characteristics of the data. The higher R² values 
achieved by GPR suggest that its kernel functions, particularly the Matern 5/2 kernel, are better suited for 
capturing the intricate nonlinear relationships present in the construction data. On the other hand, the SVM, while 
still effective, does not achieve the same level of precision, potentially due to its kernel function and parameter 
settings. The minimal differences in performance metrics between the 5-fold and 10-fold cross-validation for both 
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models indicate their stability and reliability. This stability is crucial for practical applications, where consistent 
performance across different data splits ensures that the model's predictions will be reliable and robust in real-
world scenarios. 

Table 2 Optimisation results of SVR and GPR utilising the Bayesian optimisation 

Model Search range for hyperparameter Optimisation of 
hyperparameters 

SVR 

Box constraint: 0.0001 – 10000  
Kernel function: Gaussian, Quadratic, Linear, and Cubic  

Kernel scale: 0.001 – 10000  
Epsilon: 1.22552 e-06 – 1.22552  
Standardise data: true and false 

Kernel function: Gaussian  
Kernel scale: 0.055635  

Epsilon: 0.00102244  
Standardise data: no 

GPR 

Sigma: 0.0001 – 0.3725  
Basic function: Constant, zero, and linear  

Kernel function: Exponential, Matern 5/2, Rational Quadratic, and 
Squared Exponential  

Kernel scale: 0.001 – 10000  
Standardise data: true and false 

Sigma: 0.012030  
Kernel function: Matern 5/2  

Basic function: Constant  
Kernel scale: 0.0202626  

Standardise data: no 

Table 3 Bayesian optimisation results for SVR and GPR 
Index R2 RMSE MAPE MAE 

Model 5 – Fold Cross-Validation 
SVR 0.9875 0.0222 1.3426 0.0186 
GPR 0.9989 0.0048 0.1925 0.0052 

 10 – Fold Cross-Validation 
SVR 0.9888 0.0208 1.2632 0.0174 
GPR 0.9996 0.0022 0.0882 0.0024 

 
Moreover, the GPR model shows a substantial reduction in RMSE, MAE, and MAPE values, highlighting its 

superior prediction accuracy and precision. Although the SVM model is relatively less accurate, these metrics 
indicate that it remains a valuable tool for estimating carbon emissions. The data demonstrate that the GPR model 
outperforms the SVM model in predicting carbon emissions. 

This study reaffirms the outstanding predictive ability of the GPR model in estimating carbon emissions, even 
with a relatively small sample size of 100 data points. By opting not to follow the common trend of using complex 
deep learning models for carbon emissions prediction, this research underscores the potential for accurate 
predictions without relying on intricate frameworks, especially when working with limited datasets. The success 
of simpler machine learning models, particularly GPR, in this context challenges the prevailing notion that complex 
models and extensive datasets are necessary for optimal performance. 

The effectiveness of GPR demonstrated in this study suggests that simpler models can indeed provide robust 
and reliable predictions, thereby offering a viable alternative to more complex deep learning models. This has 
significant implications for practical applications where large datasets are often unavailable. The findings suggest 
that using simpler models, such as GPR, can be a practical and efficient solution when data is limited. This research 
also adds to the ongoing debate about the trade-off between a model's complexity and the amount of data 
required. It provides a compelling example of how basic machine learning models can effectively address real-
world challenges, particularly in fields with constrained data availability. The observed performance of GPR 
indicates that it can capture the essential patterns in the data with less complexity, making it a suitable choice for 
many practical applications. 

In summary, this study emphasises the value of simpler machine learning models in predictive tasks, 
particularly when dealing with limited data. The superior performance of GPR in this context illustrates that high 
accuracy and precision do not necessarily require complex models. These findings advocate for the broader 
adoption of simpler models, such as GPR, which can deliver reliable predictions with less computational burden 
and complexity, thereby making them more accessible and practical for a wide range of applications. This research 
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highlights the need to reassess the role of model complexity in predictive tasks, particularly in scenarios where 
data is a limiting factor. 

3.1 Sensitivity Analysis 
Sensitivity analysis helps understand the impact of model variables on the model. This study employed the cosine 
amplitude method for sensitivity analysis, as it is the most commonly used technique in machine learning models 
[23]. The cosine amplitude sensitivity analytical approach can be expressed as follows: 
 

∑
==

∑ ∑
= =

1
2 2

1 1

n
V Pi iiRI n n

V Pi ii i

 (19) 

 
Eq. (19) calculates the relative importance (RI) of each input variable. In the equation, 𝑉𝑉𝑖𝑖   represents the variable 
input into the models, 𝑃𝑃𝑖𝑖  represents the predicted output, and n indicates the number of training data points. The 
results obtained regarding carbon emissions are depicted in Fig. 3. The most significant model variables for CE 
were Mj and hj, which had a greater influence compared to rj and Fj. 

The sensitivity analysis using the cosine amplitude method indicates that the parameters Mj (total machinery 
and construction plant) and hj (operating hours) have greater relative importance in influencing carbon emissions 
compared to rj (rate of fuel or electricity usage) and Fj (carbon emission factor per unit of fuel or power usage). 
This means that changes in the number of machines and operating hours have a more significant impact on carbon 
emission forecasts compared to changes in the rate of fuel or electricity usage or the carbon emission factor. These 
results are crucial for understanding the factors that most significantly impact carbon emissions in construction 
and can inform more informed decisions to mitigate environmental impacts. 
 

 
Fig. 3 Relative importance of model parameters 
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4. Conclusions 
This study compares support vector machines with regression and Gaussian process regression in predicting 
carbon emissions. The model used data from computational outcomes and various parameter values. The GPR 
model consistently shows better prediction accuracy than the SVR model, with lower average MAPE values 
(0.1925) and higher average R2 values (0.9989 vs. 0.9875). Sensitivity analysis reveals that Mj and hj have a greater 
impact on carbon emissions than rj and Fj. This research demonstrates the effectiveness of machine learning 
algorithms, particularly GPR, in accurately predicting carbon emissions during construction. The paper lays the 
groundwork for improving environmental regulations and makes a significant contribution to the field. To 
enhance the precision and reliability of carbon emissions predictions, future research could incorporate 
additional data sources. A more comprehensive and diverse selection of carbon emission data could improve the 
model's accuracy and applicability across a wider range of civil engineering construction projects. 
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