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Introduction

With the growing concern over carbon emissions and their impact on climate change, achieving carbon neutrality has become a critical objective in various sectors, including sports event management. Artificial intelligence (AI) offers promising solutions for addressing environmental challenges and enhancing sustainability. This paper presents a novel approach to developing AI-powered carbon neutrality strategies for sports event management.





Methods

In this research, we combine the STIRPAT model for analyzing the influence of population, wealth, and technology on carbon emissions in sports events with a GRU neural network for predicting future emissions trends and enhance the model's accuracy using transfer learning, creating a comprehensive approach for carbon emissions analysis in sports event management. 





Results

Our experimental results demonstrate the efficacy of the proposed approach. The combination of the STIRPAT model, GRU neural network, and transfer learning outperforms alternative methods. This success highlights the model's ability to predict carbon emissions in sports events accurately and to develop effective carbon neutrality strategies. 





Discussion

The significance of this research lies in its potential to empower sports event managers with a data-driven approach to carbon emissions management. By understanding the key drivers and leveraging AI for prediction and strategy development, the sports industry can transition towards greater sustainability and environmental friendliness. This paper contributes to the broader effort of mitigating carbon emissions and addressing climate change concerns across various domains, ultimately leading to a more sustainable future.
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1 Introduction

The development of renewable energy technologies has become a major global concern due to the negative impact of greenhouse gases on the environment and human health. In recent years, there has been growing interest in the application of machine learning and deep learning techniques to optimize renewable energy systems and reduce carbon emissions Elnour et al. (2022a). The optimization of renewable energy systems is crucial in promoting sustainability and reducing carbon emissions Wicker (2018). Machine learning and deep learning techniques offer a promising approach to achieve this by improving the accuracy of predictions and optimizing system performance. Commonly used machine learning and deep learning models as follows:

Support Vector Machines (SVM) Abdou et al. (2022): SVM is a popular machine learning algorithm used for classification and regression tasks. It works by finding the optimal hyperplane that separates the data into different classes. SVM is effective in handling large datasets and can handle both linear and non-linear data. One of the key advantages of SVM is its ability to handle high-dimensional data and find the most relevant features. However, SVM can be computationally expensive and may not be suitable for real-time applications.

Random Forest (RF) Zhuang et al. (2022): RF is a decision tree-based algorithm that combines multiple decision trees to improve prediction accuracy. Each decision tree in the forest is trained on a random subset of the data and features. RF is effective in handling missing data and is robust to noise. It can also handle both classification and regression tasks. However, RF can be susceptible to overfitting and may not be suitable for high-dimensional data.

Artificial Neural Networks (ANN) Kong et al. (2021): ANN is a deep learning model that simulates the structure and function of the human brain. It consists of multiple layers of interconnected nodes that process and transform input data. ANN is effective in handling complex tasks and is capable of learning from large datasets. It can handle both classification and regression tasks and can be used for image, speech, and text recognition tasks. However, ANN can be computationally expensive and requires a large amount of training data.

Convolutional Neural Networks (CNN) Xu et al. (2023): CNN is a deep learning model commonly used in image recognition tasks. It works by applying convolutional filters to the input data to extract features. The extracted features are then passed through multiple layers of interconnected nodes for further processing. CNN is effective in handling high-dimensional data and is capable of learning complex features. It is commonly used for object detection, image classification, and image segmentation tasks. However, CNN may not be suitable for non-image data.

Recurrent Neural Networks (RNN) Liu et al. (2022): RNN is a deep learning model commonly used in sequential data analysis tasks. It works by processing input data in a time-dependent manner, allowing it to model temporal dependencies. RNN is effective in handling variable-length input sequences and can handle both classification and regression tasks. It is commonly used for speech recognition, natural language processing, and time-series analysis tasks. However, RNN can be susceptible to vanishing gradients, which can affect its ability to model long-term dependencies.

In recent years, models based on the Transformer architecture have garnered widespread attention and achieved remarkable success in natural language processing and other fields Vaswani et al. (2017). Take the BERT (Bidirectional Encoder Representations from Transformers) model as an example; it has excelled in natural language understanding tasks and revolutionized text processing methods. Furthermore, several optimization algorithms have provided us with better ways to search for parameter combinations, such as the Whale Optimization Algorithm (WOA). These algorithms not only assist in optimizing the performance of deep learning models but also facilitate parameter tuning and hyperparameter search, thus enhancing model efficiency and accuracy. These developments have not only found potential applications in carbon neutrality strategies but have also opened up new opportunities and prospects for artificial intelligence in various domains. They equip us with more tools and methods to address complex environmental and sustainability challenges, contributing significantly to building a smarter and more sustainable future.

However, these traditional methods are prone to overfitting, and training on large-scale datasets requires a significant amount of time, memory, and computational resources. To solve this problem, this paper proposes a method based on the STIRPAT-GRU and Transfer Learning. This paper employ the Stochastic Impacts by Regression on Population, Affluence and Technology (STIRPAT) model Chekouri et al. (2020) as the initial step in our methodology. The STIRPAT model is a widely recognized framework that allows us to understand the relationship between carbon emissions and population, wealth, and technology factors. By analyzing historical data and conducting statistical analysis, the STIRPAT model enables us to identify the key drivers of carbon emissions in sports events. Then employ the Gated Recurrent Unit (GRU) Himeur et al. (2022) neural network to develop a predictive model. The GRU is a type of recurrent neural network that excels in capturing temporal dependencies and patterns. By training the GRU model, we can accurately forecast future trends and patterns of carbon emissions in sports event management. Lastly, introduce transfer learning Zhang et al. (2023) into our methodology to enhance the accuracy and robustness of the predictive model. Transfer learning leverages knowledge and experience gained from other domains to improve the performance of the model in the specific context of sports event management. The proposed method provides a comprehensive and data-driven approach to analyze and predict carbon emissions in sports event management. The integration of these techniques allows us to not only identify the key drivers of carbon emissions but also forecast future trends, patterns, and potential mitigation strategies.

Below are contributions of this paper:

	The method proposed an AI-based carbon neutrality strategy using the STIRPAT model, GRU neural network, and transfer learning to predict carbon emissions trends and patterns in sports events, helping sports event managers develop data-driven carbon neutrality strategies.

	Revealed the impact of population, wealth, and technology on carbon emissions and predicted future trends and patterns of carbon emissions in sports events using the STIRPAT model and GRU neural network.

	Provided a data-driven approach for sports event managers to manage carbon emissions using artificial intelligence and deep learning techniques, promoting the development of a more sustainable and environmentally friendly sports industry.



In the remaining sections of this paper, we will introduce recent related work in Section 2. Section 3 presents our used method: STIRPAT, GRU, and Transfer Learning. The experimental part, details, and comparative experiments are discussed in Section 4. Finally, Section 5 concludes the paper.




2 Related work



2.1 Fuzzy C-means clustering and Support Vector Machine

Fuzzy C-means clustering and Support Vector Machine (FCS-SVM) model Xu and Song (2019) is a method that combines fuzzy C-means clustering and Support Vector Machine for carbon emission prediction. The main steps of this model are as follows:

	Data preprocessing: Firstly, collect data related to carbon emissions such as past carbon emission data, economic indicators, population data, etc. Then preprocess the data, including filling missing values, handling outliers, and normalizing the data to ensure data quality and consistency.

	Fuzzy C-means clustering: Use the fuzzy C-means clustering algorithm to cluster the preprocessed data. This step aims to divide the samples into multiple clusters that belong to different categories,

	where each cluster represents a collection of samples with similar characteristics.

	Feature extraction: Within each clustered cluster, relevant indicators representing the features of the cluster can be extracted. These features can be factors closely related to carbon emissions, such as industrial output, energy consumption, etc.

	Support Vector Machine (SVM) modeling: Use Support Vector Machine to model the data within each clustered cluster as training samples. SVM is a supervised learning algorithm used for classification and regression problems. Here, SVM is used to establish a carbon emission prediction model related to the features.

	Carbon emission prediction: When new data enters the model, the model will classify it into the corresponding cluster based on its features, and then use the corresponding SVM model to predict the carbon emissions under that category.



The advantages of the FCS-SVM model in carbon emission prediction include: improved prediction accuracy by combining fuzzy C-means clustering and support vector machine (SVM) to consider both sample similarity and non-linear relationships; the ability to make accurate predictions with limited data due to SVM’s performance in high-dimensional spaces even with a small amount of data; and flexibility in adapting to data changes by adding or removing clustering clusters. However, the FCS-SVM model has the following disadvantages: parameter adjustment and optimization are required for model establishment, which may require experience and time; the model’s training and prediction speed may be slow when dealing with large-scale data, especially during fuzzy C-means clustering; and it may struggle to adapt well to the complexity of very complex datasets, resulting in less accurate predictions.




2.2 Extreme Learning Machine

In the field of carbon emission prediction, the Extreme Learning Machine (ELM) model Zheng et al. (2022) has received widespread attention and research as a fast and efficient machine learning method. Many research papers and literature have explored the application of the ELM model in carbon emission prediction. These studies cover carbon emission predictions in different industries, cities, and countries, as well as predictions at different time scales, ranging from hourly to annual levels. Data sources for carbon emission prediction include carbon emission databases, energy consumption data, economic statistics data, etc. The ELM model is commonly used to handle these large-scale datasets and predict carbon emissions quickly and accurately. Some recent research work has improved and optimized the ELM model to enhance its predictive performance. For example, by combining the ELM model with other models such as ARIMA Solarin et al. (2019), LSTM Elnour et al. (2022b), or incorporating domain-specific prior knowledge to improve the model’s accuracy. Carbon emissions are influenced by various factors such as industrial production, energy consumption, transportation, etc. Researchers often combine the ELM model with models related to other factors to form a multi-factor prediction model to comprehensively consider the complexity of carbon emissions. Some studies aim to utilize the ELM model for real-time carbon emission prediction to support governments and businesses in formulating carbon reduction policies and decision-making. Carbon emission prediction is an interdisciplinary field that requires the integration of knowledge from environmental science, economics, statistics, and other disciplines. The application of the ELM model also promotes interdisciplinary collaboration to better understand and address the issue of carbon emissions.

The ELM model Zhao et al. (2023) has several advantages. It has a very fast training speed due to its use of analytical solutions for weight determination, avoiding iterative optimization. Moreover, it exhibits high generalization capability, performing well on both training and new data, preventing overfitting. It is also highly scalable, making it suitable for large datasets and complex problems. However, the ELM model also has some limitations. The number of hidden layer nodes and activation function choice may affect predictive performance, requiring tuning through methods like cross-validation. It may not be suitable for complex problems, as more complex models like deep neural networks could perform better in handling nonlinear and complex data. Additionally, the random initialization of hidden layer nodes’ weights and biases may lead to different results under different initialization conditions.




2.3 Backpropagation Neural Network

The Backpropagation Neural Network (BPNN) model Onyelowe et al. (2023) is a common artificial neural network model used for solving classification and regression problems. It consists of an input layer, hidden layers, and an output layer. Through forward propagation, input data is passed from the input layer to the output layer, and predictions are calculated. Then, by comparing the predictions with the true values, the weights and biases in the network are adjusted through backpropagation to minimize the loss function and improve the predictive accuracy of the model.

In the field of carbon mitigation, the BPNN model Ahmed et al. (2021) is widely recognized and extensively utilized for its effectiveness in various tasks. One prominent application is carbon emission prediction, where the BPNN model proves invaluable. By leveraging historical data, the model learns intricate patterns and trends, enabling it to make accurate predictions about future carbon emissions. This capability is essential for policymakers, environmental analysts, and organizations seeking to assess and manage their carbon footprint, allowing them to develop informed strategies and policies for carbon reduction. Another area where the BPNN model demonstrates its utility is in the analysis of carbon trading markets. With its ability to capture complex relationships and non-linear dynamics, the model can effectively analyze price fluctuations and trends within these markets. This analysis provides valuable insights into market behavior, facilitating decision-making processes for investors, traders, and regulators. By understanding the underlying factors influencing carbon market dynamics, stakeholders can optimize their trading strategies, assess market risks, and identify opportunities for carbon offsetting or investments in low-carbon technologies.

Advantages of the BPNN model Zhang et al. (2021) include its ability to learn and adapt to nonlinear relationships, making it suitable for complex carbon mitigation problems. It has strong generalization capability, handling multi-dimensional features and large-scale datasets. Once trained, the model can make predictions quickly. However, the BPNN model also has some disadvantages. Training time may be long for large-scale datasets and complex network structures. The performance of the model highly depends on the selection of initial weights and biases, which may require multiple training runs to obtain the best results. It is prone to getting stuck in local minima and may not reach the global optimal solution.





3 Methodology



3.1 Overview of our network

The proposed research aims to develop an AI-powered carbon neutrality strategy for sports event management using a combination of the STIRPAT-GRU model and transfer learning. The STIRPAT-GRU model is used to identify the key drivers of carbon emissions and predict future trends and patterns, while transfer learning is used to improve the accuracy and robustness of the model. Figure 1 is the overall flow chart.




Figure 1 | Overall flow chart of the model.



The STIRPAT-GRU model combines the STIRPAT model, which is a statistical model that analyzes the drivers of environmental impact, with the GRU neural network, which captures the temporal dependencies in sequential data. The model analyzes the impact of population, wealth, and technology on carbon emissions in sports events and predicts future trends and patterns. Transfer learning is a machine learning technique that involves training a model on one task and then fine-tuning it for another related task. In the context of sports event management, transfer learning is used to improve the accuracy and robustness of the STIRPAT-GRU model by leveraging knowledge and experience gained from other domains.

The proposed research includes several steps: data collection and preprocessing, Model training, evaluation. Firstly, collect datasets on carbon emissions in sports events, cleaning and formatting it to ensure its consistency and reliability for analysis. Secondly, develop the STIRPAT model to analyze the impact of population, wealth, and technology on carbon emissions in sports events. Develop the GRU neural network to forecast future trends and patterns of carbon emissions in sports events. Fine-tune the STIRPAT-GRU model using transfer learning to improve its accuracy and robustness. Thirdly, evaluate the effectiveness of the proposed approach and compare it with other methods.

The proposed approach is expected to provide sports event managers with valuable insights into carbon emissions and promote sustainability in the sports industry.




3.2 Stochastic impacts by regression on population, affluence and technology

The STIRPAT model Gani (2021) is an empirical model used to analyze environmental impacts, named after the variables used in the model, including population, affluence, technology, and politics, among others. The basic principle of the STIRPAT model is to establish a relationship model between the factors that influence human activity and environmental impacts, in order to predict the impact of human activity on the environment. The population factor in the model mainly includes factors such as population size and population growth rate, while the affluence factor mainly includes factors such as per capita GDP and consumption level. The technology factor mainly includes factors such as energy efficiency and technological progress, while the politics factor mainly includes factors such as policy measures and social values. By quantifying and analyzing these factors, a mathematical model describing the impact of human activities on the environment can be established. In practical applications, the STIRPAT model can be used to predict the impact of human activities on the environment, such as predicting carbon emissions, energy consumption, and water resource utilization. The main function of the STIRPAT model is to provide a method for analyzing the impact of human activities on the environment, which can provide decision support and guidance for environmental protection and sustainable development. At the same time, the model can also be used to evaluate the impact of different policies, technologies, and social development paths on the environment, thereby providing more scientific and reliable decision-making basis. As shown in Figure 2, it is the flow chart of STIRPAT model:




Figure 2 | Flow chart of the STIRPAT model.



The equations for the STIRPAT model Yang et al. (2021) are as follows:

 

Here, I represents environmental impact, P represents population factor, A represents affluence factor, and T represents technology factor.

The population factor can be expressed as:

 

Here, P0 represents the baseline population, G represents per capita GDP, G0 represents the baseline per capita GDP, E represents energy consumption, E0 represents the baseline energy consumption, and βG and βE are regression coefficients.

The affluence factor can be expressed as:

 

Here, αG and αE are regression coefficients.

The technology factor can be expressed as:

 

Here, γG and γE are regression coefficients.

The model assumes that environmental impact can be explained by the product of population, affluence, technology, and the environmental impact factor. The environmental impact factor can include factors such as energy consumption, waste emissions, land use, depending on the specific environmental issue being studied and data availability.




3.3 Gated recurrent unit

The GRU model Choe et al. (2021) is a type of RNN used for processing sequential data, such as natural language, speech, and time series data. Compared to traditional RNN models, the GRU model has better information retention and training efficiency. The GRU model is based on a gate mechanism that controls the flow and forgetting of information. This mechanism helps the GRU model to better remember relevant information in the input sequence and can reduce the problem of vanishing gradients, improving the model’s training efficiency. The GRU model consists of two gate units: an update gate and a reset gate. The update gate is used to control whether the hidden state at the current time step should be updated, helping the model to identify which information in the sequence is important. The reset gate is used to control whether the new input at the current time step and the hidden state from the previous time step should be mixed, helping the model to forget irrelevant information. The advantages of the GRU model include its ability to maintain good performance when processing long sequence data, while avoiding the vanishing gradient problem that exists in traditional RNN models. The GRU model is widely used in natural language processing, speech recognition, and time series prediction, among other fields. As shown in Figure 3, it is the flow chart of GRU model:




Figure 3 | Flow chart of the GRU model.



The equations for the GRU model Rouhi Ardeshiri and Ma (2021) are as follows:

 

Here, ht represents the hidden state at the current time step, zt is the value of the update gate,   is the candidate hidden state at the current time step, and ⊙ denotes element-wise multiplication.

The update gate is calculated as follows:

 

Here, Wz and Uz are the weight matrices of the update gate, σ is the Sigmoid function, and xt is the input at the current time step.

The candidate hidden state is calculated as follows:

 

Here, W and U are the weight matrices of the candidate hidden state, and rt is the value of the reset gate. The reset gate is calculated as follows:

 

Here, Wr and Ur are the weight matrices of the reset gate.

In sports event management, the GRU model can be used to predict the trend and pattern of carbon emissions. By analyzing historical data and current environmental factors, a GRU model can be trained to predict future carbon emission trends and patterns, providing guidance and suggestions for reducing carbon emissions and achieving carbon neutrality.




3.4 Transfer learning

Transfer learning Sayed et al. (2022) is a machine learning method that aims to transfer knowledge learned in one task to a new task in order to improve the performance of the model on the new task. The goal of transfer learning is to leverage the knowledge learned in the source domain to help solve problems in the target domain. The main idea of transfer learning is to improve the generalization ability of the model on the target domain by utilizing the commonalities and differences between the source domain and the target domain. Transfer learning can be divided into three types: instance-based transfer learning, feature-based transfer learning, and model-based transfer learning. Instance-based transfer learning directly applies instances from the source domain to the target domain to improve the performance of the model on the target domain. Feature-based transfer learning extracts common features between the source and target domains to learn a new model on the target domain. Model-based transfer learning learns a general model in the source domain and fine-tunes it in the target domain. As shown in Figure 4, it is the flow chart of Transfer Learning:




Figure 4 | Flow chart of the Transfer Learning model.



The basic formula for transfer learning can be represented as:

 

Here, fT(x) represents the model in the target task, fS(x) represents the model in the source task, ɡ(·) represents the transfer function used to transfer the model from the source domain to the target domain, and x represents the input data, which can be a feature vector, image, text, etc.

In feature-based transfer learning, the formula can be represented as:

 

Here, ɡ(·) represents the feature extraction function used to extract common features between the source and target domains, and h(·) represents the classifier in the target domain used to classify the extracted features.

In model-based transfer learning, the formula can be represented as:

 

Here, fS(x;θS) represents the model in the source domain, θS represents the parameters of the source domain model, ɡ(·) represents the fine-tuning function used to fine-tune the parameters of the source domain model, θT represents the parameters of the model in the target domain.





4 Experiment



4.1 Datasets

In this paper, the following four datasets are used to study Artificial Intelligence Carbon Neutrality Strategy in Sports Event Management: The World Bank World Development Indicators (WDI) dataset Saha et al. (2019) is a comprehensive dataset that contains development indicators for nearly 300 countries and regions worldwide from 1960 to the present. The dataset includes indicators for various aspects of the economy, society, and environment, such as gross domestic product (GDP), population, energy consumption, and carbon dioxide (CO2) emissions. These indicators are useful for analyzing global economic and social development trends, as well as their relationship with the environment.

The China Emission Accounts and Datasets (CEADs) Han et al. (2021) is a dataset that provides emission accounts for China. The dataset includes indicators for energy consumption, CO2, sulfur dioxide (SO2), and nitrogen oxides (NOx) emissions. These indicators are useful for evaluating China’s environmental policies and their impact on the environment.

The Global Carbon Project dataset (GCPD) Andrew and Peters (2021) is a dataset that provides carbon dioxide (CO2) emissions data for countries worldwide. The dataset includes CO2 emissions by sector and country, which are useful for analyzing the sources of CO2 emissions and identifying potential areas for emissions reduction.

The WorldPop Global Project Population Data (WGPPD) Tatem (2017) is a dataset that provides population data for countries worldwide. The dataset includes population count and population density data, which are useful for analyzing population distribution and migration patterns, as well as for planning public services and infrastructure. The detailed data set display is shown in Table 1.


Table 1 | Description of datasets used in the paper.






4.2 Experimental details

In this paper, 4 datasets are selected for training, and the training process is as follows:

Step 1: Dataset Processing

Collect datasets, including: WDI, CEADs, GCPD, WGPPD. Preprocess the data, including handling missing values, outlier treatment, and feature normalization.

Step 2: Model Training

Use the collected dataset to apply the STIRPAT model to analyze the impact of factors such as population, wealth, and technology on carbon emissions. Apply statistical analysis and regression methods to estimate the correlation coefficients and parameters of the STIRPAT model. Based on the model results, identify the most significant factors influencing carbon emissions.

Based on the results of the STIRPAT model, select the most significant factors as features and build a GRU neural network model. Divide the dataset into training and testing sets. Set hyper parameters for the GRU model, such as the number of hidden units and learning rate. Train the GRU model using the training set and optimize the model by minimizing the loss function. Evaluate the model through techniques such as cross-validation and calculate regression metrics such as RMSE, MAE, R2, etc.

We employed the STIRPAT model to analyze the factors influencing carbon emissions and configured the GRU model with specific parameters. The parameter settings for the STIRPAT model encompassed the dependent variable, independent variables, analytical approach, regression coefficient estimation, significance level, and model evaluation metrics. Specifically, carbon emissions were used as the dependent variable, and population, economic wealth level, and technological level were considered as independent variables. We utilized multivariate linear regression as the analytical approach and estimated the regression coefficients using the least squares method. The significance level was set at 0.05 to determine the statistical significance of the model. We employed R-squared (determination coefficient) as the model evaluation metric to assess the fit of the model and explained variance. Simultaneously, we configured the parameters for the GRU model. In the GRU model, we selected the most significant factors as input features and divided the dataset into an 80% training set and a 20% testing set. Hyperparameter settings included 128 hidden units, a learning rate of 0.001, 100 iterations, a batch size of 32, and we ultimately used stochastic gradient descent (SGD) as the optimization method.

In our study, the source domain is represented by a carbon emission simulation model, with a particular focus on the GEOS-Chem model, widely used for simulating atmospheric chemistry and carbon emissions. We chose this source domain because it provides detailed information about carbon emission sources, their spatiotemporal distribution, and dynamic behavior under various conditions. Specifically, we first extracted relevant features related to carbon emissions from the GEOS-Chem model, including emission factors, emission source types, and geographical distributions. These features were integrated into our renewable energy system optimization model as input features, enhancing its ability to consider carbon emissions when making optimization decisions. Secondly, we utilized a rich feature set in the target domain and transferred knowledge from the source domain to train our model. Appropriate evaluation metrics were employed to assess model performance, ensuring that the application of transfer learning resulted in improved performance in reducing carbon emissions within the renewable energy system.

Step 3: Indicator Comparison Experiment

Select other commonly used regression and classification models for comparison. Train and evaluate each model using the same training and testing sets. Compare the performance of each model based on metrics such as RMSE, MAE, R2, Accuracy, Precision, Recall, F1 Score.

Step 4: Experimental Results Analysis

Compare the performance metrics of the models and analyze their strengths and weaknesses in predicting carbon emissions. Discuss the impact of transfer learning on model performance and evaluate its effectiveness in improving generalization ability. Analyze the results of the STIRPAT model and explore the degree of influence of factors such as population, wealth, and technology on carbon emissions.

Step 5: Conclusion and Discussion

Summarize the experimental results and provide conclusions on model performance evaluation and comparison. Discuss the advantages, limitations, and future directions for improvement of the models. Explore the application and significance of the experimental results in carbon neutrality strategies in sports event management.

Analyzing the deviations that occur when the model encounters various forms of instability is essential. For instance, data is often subjected to degradation, noise effects, or variations. Furthermore, over time, the nature of the data may undergo changes, necessitating the model’s ability to monitor data changes in real-time and adapt accordingly. This can be achieved through continuous data collection and model retraining Hong et al. (2018).

1. Accuracy:

 

where TP represents the number of true positives, TN represents the number of true negatives, FP represents the number of false positives, and FN represents the number of false negatives.

2. Precision:

 

where TP represents the number of true positives and FP represents the number of false positives.

3. Recall:

 

where TP represents the number of true positives and FN represents the number of false negatives.

4 F1 Score:

 

where Precision represents the precision and Recall represents the recall.

5. Mean Absolute Error (MAE):

 

where n represents the number of samples, yi represents the true values, and   represents the predicted values.

6. Mean Absolute Percentage Error(MAPE)

 

MAPE represents the Mean Absolute Percentage Error. n is the total number of observations. Ai is the actual value of the observation (i). Fi is the forecasted or predicted value of the observation (i).

7. Root Mean Square Error (RMSE):

 

where n represents the number of samples, yi represents the true values, and   represents the predicted values.

8. Coefficient of Determination (R2):

 

where n represents the number of samples, yi represents the true values,  represents the predicted values, and   represents the mean of the true values.

Algorithm 1 represents the algorithm flow of the training in this paper:


Algorithm 1. Training process for the STIRPAT-GRU-TL network.





4.3 Experimental results and analysis

In Table 2 and Figure 5, we evaluated six different models, including the BPNN model, ELM model, WOA-ELM model Li et al. (2019), FCS-SVM model, GM(1, N) model Ye et al. (2020), and our proposed model. These models were evaluated on four different datasets: WDI dataset, CEADs dataset, GCPD dataset, and WGPPD dataset.


Table 2 | Visualization of experimental results of ablation of RMSE metrics, MAPE metrics, MAE metrics, and R2 metrics for BPNN model, ELM model, WOA-ELM model, FCS-SVM model, GM(1,N) model, and our model on WDI dataset, CEADs dataset, GCPD dataset, WGPPD dataset.






Figure 5 | Visualization of experimental results of ablation of RMSE metrics, MAPE metrics, MAE metrics, and R2 metrics for BPNN model, ELM model, WOA-ELM model, FCS-SVM model, GM(1,N) model, and our model on WDI dataset, CEADs dataset, GCPD dataset, WGPPD dataset.



RMSE is the square root of the average of the squared differences between the predicted values and the actual observed values. A smaller RMSE value indicates that the model’s predicted values are closer to the actual observed values, thus closer to the true values. MAPE is the average percentage error between the predicted values and the actual observed values. A smaller MAPE value indicates that the model’s prediction errors are smaller, thus closer to the true values. MAE is the average absolute difference between the predicted values and the actual observed values. A smaller MAE value indicates that the model’s prediction errors are smaller, thus closer to the true values. R2 is used to measure the model’s ability to explain the variability in the observed values. The value of R2 ranges from 0 to 1, with a value closer to 1 indicating that the model can better explain the variability in the observed values, thus indicating a better model performance.

According to the experimental results in Table 2, our model performed exceptionally well on all datasets. Our model achieved the best results in terms of RMSE, MAPE, MAE, and R2 metrics. Specifically, our model had the lowest RMSE value, smallest MAPE and MAE values, and highest R2 value. This indicates that our model excels in prediction accuracy, error control, and fit.

In Table 3 and Figure 6, we compared the performance of ResNet18, ResNet20, LSTM, RNN, FGRM (1,1), and our proposed model on four datasets: WDI, CEADs, GCPD, and WGPPD. We used four metrics, namely Accuracy, Precision, Recall, and F1 Score, to evaluate the performance of the models. Accuracy measures the overall correctness of the model’s predictions, Precision evaluates the model’s ability to correctly identify positive samples, Recall assesses the model’s ability to correctly capture all positive samples, and F1 Score provides a balanced measure of Precision and Recall.


Table 3 | Visualization of experimental results of ablation of Accuracy(%) metrics, Precision(%) metrics, Recall(%) metrics, and F1 Score(%) metrics for ResNet18 model, ResNet20 model, LSTM model, RNN model, FGRM(1,1) model and our model on WDI dataset, CEADs dataset, GCPD dataset, WGPPD dataset.






Figure 6 | Visualization of experimental results of ablation of Accuracy(%) metrics, Precision(%) metrics, Recall(%) metrics, and F1 Score(%) metrics for ResNet18 model, ResNet20 model, LSTM model, RNN model, FGRM(1,1) model and our model on WDI dataset, CEADs dataset, GCPD dataset, WGPPD dataset.



Accuracy refers to the proportion of samples that the model correctly predicts. It ranges from 0 to 1, where 1 represents 100% accuracy. A higher accuracy indicates more accurate classification results by the model. Precision refers to the proportion of true positive samples among the samples predicted as positive by the model. It ranges from 0 to 1, where 1 represents 100% precision. For certain tasks, high precision is more important as we want the model to accurately identify positive samples while avoiding false predictions. Recall refers to the proportion of true positive samples among all actual positive samples. It ranges from 0 to 1, where 1 represents 100% recall. For certain tasks, high recall is more important as we want the model to identify as many true positive samples as possible, even if there are some misclassifications. F1 Score combines precision and recall by taking their harmonic mean. It ranges from 0 to 1, where 1 represents the best F1 score. A higher F1 score indicates better performance of the model in balancing precision and recall.

In the comparative experiments, our model demonstrated the best performance on the aforementioned metrics, surpassing models such as ResNet18 and LSTM. Our model adopts a novel approach that combines advanced feature extraction networks with sequence modeling techniques to better capture the correlations between temporal information and image features. As a result, our model shows the best performance on this task, with higher accuracy, precision, recall, and F1 score.

In Table 4 and Figure 7, we compared the performance of the ResNet18 model Naidu et al. (2021), ResNet20 model Ballas (2022), LSTM model, RNN model, FGRM(1,1) model, and our proposed model on four datasets. The comparison metrics included RMSE, MAPE, MAE, and R2.


Table 4 | Visualization of experimental results of ablation of RMSE metrics, MAPE metrics, MAE metrics, and R2 metrics for ResNet18 model, ResNet20 model, LSTM model, RNN model, FGRM(1,1) model and our model on WDI dataset, CEADs dataset, GCPD dataset, WGPPD dataset.






Figure 7 | Visualization of experimental results of ablation of RMSE metrics, MAPE metrics, MAE metrics, and R2 metrics for ResNet18 model, ResNet20 model, LSTM model, RNN model, FGRM(1,1) model and our model on WDI dataset, CEADs dataset, GCPD dataset, WGPPD dataset.



From the results, it can be seen that our proposed model performs the best on all datasets. On the WDI dataset, our model has low value on RMSE, which is significantly better than other models. On the CEADs dataset, our model lower than other models On MAPE metric. On the GCPD and WGPPD datasets, our model also achieved the lowest RMSE and MAE, as well as the highest R2 score. The advantage of our model compared to other models may lie in its unique design principles. Our model combines deep learning and time series analysis methods, allowing it to better capture temporal information and correlations in the data. This enables our model to accurately predict future values and have some robustness against outliers and noisy data.

Furthermore, the consistent performance of our model on different datasets also demonstrates its generality and stability. Whether it is WDI and CEADs or (GCPD and WGPPD), our model achieves the best results. This indicates that our model can perform excellently in energy forecasting tasks in different domains.

In Table 5 and Figure 8, we compared the performance of STIRPAT-GRU, GRU-TL, GRU, and our proposed method. Our model achieved the highest Accuracy, Precision, Recall, and F1 Score metrics on all datasets, demonstrating its comprehensive advantages in multiple evaluation metrics. This validates the effectiveness of our proposed method and showcases the adaptability and strong generalization ability of our model.


Table 5 | Performance comparison of different models on various datasets.






Figure 8 | Performance comparison of different models on various datasets.







5 Conclusion and discussion

This study aims to explore the application of artificial intelligence in carbon neutrality strategies in sports event management based on STIRPAT-GRU and transfer learning. The impact of factors such as population, wealth, and technology on carbon emissions is analyzed using the STIRPAT model, and a carbon emission prediction model is established using the GRU model. Transfer learning techniques are employed to improve the accuracy and generalization ability of the model. In the experiment, researchers collected and preprocessed relevant datasets related to sports event management and performed feature extraction. They then constructed an STIRPAT-GRU-TL network and trained it using the training dataset. Evaluation metrics such as RMSE, MAE, R2, Accuracy, Precision, Recall, and F1 Score were used during the training process to assess the performance of the model. The experimental results demonstrate that the carbon emission prediction model based on the STIRPAT-GRU-TL network performs well in sports event management. The model accurately predicts carbon emission trends and patterns and provides guidance on carbon neutrality strategies.

In summary, artificial intelligence models, especially neural networks, excel at capturing complex patterns and nonlinear relationships in data. For problems like carbon emission prediction, where there may be numerous hidden complex factors and interconnections, traditional statistical models may struggle to fully capture these complexities. Furthermore, artificial intelligence models like GRU are specifically designed to handle time series data and effectively capture time-related correlations and trends. This allows the model to adapt better to the temporal dynamics within carbon emission data. Additionally, artificial intelligence models are data-driven, meaning they learn directly from data without relying on predefined model structures. This flexibility enables them to adapt well to different datasets and changing environments without the need for manual model adjustments.

However, there are two limitations in this study. First, in carbon emission prediction for sports event management, a potential issue is the presence of domain shift or data distribution mismatch between the source domain and the target domain. For example, data from the source domain may originate from the field of environmental science, while the target domain is sports event management, and the data distributions of these two domains may differ. This domain shift could lead to a decrease in the effectiveness of transfer learning because the knowledge and patterns from the source domain may not be applicable to the target domain. Therefore, future research needs to consider how to overcome domain shift to ensure the effectiveness of transfer learning in carbon emission prediction for sports event management. Second, another challenge is the issue of data quality and availability in both the source and target domains. If the data quality in the source domain is low or incomplete, or if the data in the target domain is difficult to obtain, it may limit the application of transfer learning.

For future work, we will focus on two main areas. Firstly, we will further investigate the model’s generalization ability on larger-scale datasets. This includes exploring how the model performs in a broader range of sports events and carbon emission scenarios. We aim to extend the model to adapt to more diverse and variable data, enabling more accurate predictions of carbon emission trends in various types of sports events. Secondly, in response to the requirements of larger datasets and real-time processing, we will devote efforts to optimize the computational efficiency and scalability of the model. This may involve parallelization and distributed computing techniques to handle large-scale data and enable real-time or near-real-time predictions. We will seek to employ efficient algorithms and computational resources to ensure that the model maintains high performance when dealing with big data. In conclusion, this study provides guidance and reference for carbon neutrality strategies in sports event management. By utilizing artificial intelligence technology to analyze carbon emission trends and patterns, corresponding management strategies can be formulated to promote the sustainable development of sports events. Monitoring and controlling carbon emissions through the use of artificial intelligence technology can reduce the environmental burden of sports events and drive environmental sustainability. Furthermore, this research provides inspiration and insights for carbon neutrality studies in other fields, promoting the application and development of artificial intelligence technology in environmental protection.
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