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Introduction

In sports competitions, using energy-saving and emission-reduction measures is an important means to achieve the carbon neutrality goal.





Methods

In this paper, we propose an attention mechanism-based convolutional neural network (CNN) combined with the gated recurrent unit (GRU) for carbon neutral energy saving and emission reduction prediction model in sports competitions, CNN is a feedforward neural network whose input is a two-dimensional matrix. The main feature of CNN is that it can handle multi-channel input data, and the use of GRU can make the model structure simple and largely reduce The use of GRU can make the model structure simple, which largely reduces the hardware computational power and time cost and also better solves the long dependency problem in RNN networks. CNN-GRU extracts the data for features and then optimized by the attention mechanism.





Results

The model collects real-time carbon emissions data from sports events, including game times, lighting usage, air conditioning emissions and other carbon emissions data, and uses deep learning algorithms to predict and compare carbon emissions from sports competition.





Discussion

In identifying energy saving and emission reduction measures conducive to the realization of the goal of carbon neutral sports events, the model has a certain reference value for realizing energy saving and emission reduction in sports competitions under carbon neutrality goals.
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1 Introduction

With the application of various technologies in sports competitions, the carbon emissions generated by big sports competitions are increasing (Ning et al., 2023). In sports competitions, adopting energy-saving and emission reduction measure schemes is an important means to achieve the carbon neutrality goal, which not only helps reduce the organizers’ resource consumption but also achieves the carbon neutrality goal. Since the previous algorithms of deep learning technology cannot handle the relationship between data very well, especially the research on sports events with multiple influencing factors, and the calculation of data cannot be performed well, and with the iteration of deep learning technology, in The data prediction of energy-saving and emission-reduction measures has better performance than traditional linear and machine learning models. Therefore, this paper proposes a fusion model: the CNN-GRU model based on the attention mechanism, so as to be used in the research of energy-saving and emission-reduction schemes for sports events. The CNN-GRU-AM model we proposed can fully mine the features in time series data and extract multi-scale and multi-time domain feature information, so it can improve the modeling accuracy of the model. In the study of energy saving and emission reduction programs for sports events, the relationship between multiple variables and the analysis and modeling of historical game data can be processed to better predict the interaction between various indicators, and use this to predict The benefits of energy saving and emission reduction programs; the most important thing is that it can process time series data in real time and make predictions quickly, so the research results can be displayed in real time. The main methods commonly used in carbon-neutral research are statistical methods, machine learning algorithms, reinforcement learning algorithms, and deep learning algorithms:

Statistical model is a model that uses statistical methods to model and predict data, and is often used in climate change simulation, carbon sink assessment and other fields (Ran et al., 2023). Common statistical methods include time series analysis, spatial statistical analysis, regression analysis, etc. The advantages of this model are as follows: first, it can improve the interpretability of the model through the interpretation of formulas and parameters, so as to better understand the change law of data and predict the results; second, statistical models are usually based on simple mathematical formulas and Statistical methods do not require a large amount of data, so the data requirements are relatively low, and it is easier to understand and apply. However, in the study of energy-saving and emission-reduction schemes for sports events, statistical models can be used to analyze and predict energy-saving and emission-reduction indicators of competitions, such as energy consumption and carbon emissions during competitions. But its disadvantages are also obvious: statistical models are usually based on linear relationships, and the ability to model nonlinear relationships is weak. In sports events, indicators such as energy consumption and carbon emissions may have a nonlinear relationship, so statistical models may not be able to handle these indicators well. In addition, statistical methods have limitations and cannot fully reflect the research on carbon neutrality, complexity and variety (Ning et al., 2020).

A machine learning algorithm is an algorithm that uses computers to automatically learn patterns in data, classify and make predictions. It is often used in carbon emission prediction, energy management, climate change simulation and fields (He and Ye, 2022). Common models such as decision tree (Decision Tree), support vector machine (SVM), linear regression, etc. The advantage of this model is that it can process large-scale data, including nonlinear data and high-dimensional data, and improve the accuracy and efficiency of data analysis; it can automatically extract features from data, thereby reducing the work of manual feature engineering Quantity, and machine learning algorithms can help improve the modeling accuracy of the model by learning the patterns and characteristics of the data. But the disadvantage is that the realization of carbon neutrality goals in sports events is affected by many factors, and machine learning algorithms are usually presented in the form of black boxes, making it difficult to explain the prediction results of the model and the importance of features. Therefore, machine learning algorithms may not be suitable and machine learning algorithms require a large amount of high-quality data for training and testing (Hussain and Lee, 2022). If the data quality is poor or insufficient, the accuracy and predictive ability of the algorithm will be affected (Zhang et al., 2023).

The reinforcement learning algorithm is an algorithm that learns the optimal strategy through the interaction between the agent and the environment, and is often used in energy management, carbon emission control and other fields. Common reinforcement learning algorithms include Q-learning, policy gradient, etc. (Zhao et al., 2022). The model can handle dynamic and uncertain environments, and can learn optimal strategies in unknown or complex environments, so it can be applied to variable and complex problems in carbon neutrality research. At the same time, it can learn and optimize strategies independently to improve the intelligence and adaptability of carbon neutral decision-making. But the disadvantage is that the reinforcement learning algorithm usually requires a lot of time and computing resources for training and optimization, and the experimental conditions of some carbon neutral research problems may be limited, which may affect the efficiency and feasibility of the algorithm; and the reinforcement learning algorithm in the learning process There may be a problem of over-exploration in the game, resulting in low learning efficiency. In sports events, over-exploration may affect the energy-saving and emission-reduction effects of the game, so a reasonable exploration strategy design is required (Zhang et al., 2019).

Deep learning algorithms are a neural network-based learning method with excellent feature learning and representation learning capabilities and are commonly used in areas such as image recognition, natural language processing, and climate simulation. Common deep learning algorithms include deep recurrent neural networks (RNN), generative adversarial networks (GAN) (Shen et al., 2017), and bi-directional long and short-term memory neural networks (BiLSTM) (Shen et al., 2018), which learn from large amounts of data by automatically extracting data. The advantage of this model is that deep learning algorithms can handle large amounts of data and can learn nonlinear relationships between data, thus achieving higher accuracy in predicting carbon emissions. At the same time, deep learning algorithms can learn features automatically, allowing the algorithm to automatically find patterns and patterns in the data. However, the disadvantage is that its training time is long and its interpretability is poor, making it difficult to convince.

Based on the advantages and disadvantages of the above models, a convolutional neural network (CNN) and recurrent gated unit (GRU) prediction model based on the attention mechanism is proposed in this paper. As the first layer of the model, CNN can perform convolution operations on the input data to extract features with strong local correlation. These features play an important role in the classification or prediction tasks of sequence data. As the second layer of the model, GRU can model sequence data and solve the long-term dependency problem in sequence data. As the third layer of the model, AM can pay attention to the important parts of the sequence data and improve the model’s ability to understand the data and accuracy.

	The ability to deal with non-linear relationships that cannot be handled by statistical methods, and its scope of application is broader than that of statistical methods;

	The model is more capable of learning and more reliable and interpretable than machine learning models such as decision trees and support vector machines;

	Compared with deep learning algorithms such as RNN, GAN, and BiLSTM models, GRU models instead of LSTM models have a simple structure, can process data more quickly, and incorporates an attention mechanism to improve their prediction accuracy further.



The rest of the paper presents recent related work in Section 2. Section III presents our proposed approach: overview, convolutional neural network (CNN); gated recurrent unit (GRU); attention mechanism (Gui-xiang et al., 2018). Section IV presents the experimental part, including experimental details, experimental group comparison, etc. The fifth section concludes.




2 Related work



2.1 ARIMA model

ARIMA model is a forecasting model based on the analysis of time series (Han and Fu, 2023). The parameters of the ARIMA model can be obtained by analyzing the autocorrelation and partial autocorrelation functions of the time series to predict future time series values. The ARIMA model consists of three components: autoregression (AR), the difference (I) and moving average (MA)(Yang et al., 2023). The general steps of the ARIMA model include time series Visualization and preliminary analysis performed to determine whether differencing and smoothing are required. For the smoothed time series, the parameters of the ARIMA model are determined through the analysis of autocorrelation and partial autocorrelation functions, as well as the evaluation and optimization of the model type. The model is then tested and predicted, and the accuracy and reliability of the prediction results are evaluated.

ARIMA models are widely used in time series analysis and forecasting in finance, economics, meteorology, environment, etc. The disadvantages of ARIMA models are that they may require higher model orders and more historical data when forecasting long-term and complex time series, thus increasing the computational and time costs, and the model may not be suitable for time series analysis of multivariate and nonlinear relationships, requiring Combination of other methods for analysis and forecasting.




2.2 Decision tree model

The decision tree model is a classification and regression method based on a tree structure. In a decision tree model, each internal node represents an attribute or feature, each branch represents one value of that attribute or feature, and each leaf node represents a classification result or regression result. After the above operation, the decision tree may have a good classification ability for the training dataset (Li et al., 2023). Still, it may not have the same effect on the unknown dataset. To avoid the overfitting phenomenon, the generated tree needs to be pruned to simplify the tree so as t to better generalization ability.

Decision tree models are risk-based decision methods often used in artificial intelligence, medical diagnosis, planning theory, cognitive science, engineering, data mining, etc.




2.3 LSTM model

The LSTM (Long Short-Term Memory) model is a recurrent neural network model commonly used for sequence data analysis and prediction (Song et al., 2020). The main feature of the LSTM model is that it can effectively capture and process the long-term dependencies in sequence data through the gating mechanism, avoiding the gradient disappearance or explosion problem in traditional recurrent neural networks, and therefore is widely used in the fields of natural language processing, speech The basic structure of LSTM model includes input gates, forgetting gates, output gates and memory units, where input gates are used to control the weighted sum of input sequences, forgetting gates are used to control the update and forgetting of information in memory units, output gates are used to control the weighted sum of output sequences, and memory units are used to store the long-term dependencies in sequences.

However, the training time required for the LSTM model is too long due to the large number of parameters required and the complexity of parameter adjustment.





3 Methodology



3.1 Overview of our network

The CNN-GRU model based on the attention mechanism proposed in this paper can predict the impact data of energy-saving and emission-reduction measures on carbon neutral goals in sports competitions, which can effectively prevent gradient explosion and cumbersome algorithms, and at the same time improve the reliability and practicability of the prediction model.

Firstly, the data set of energy saving and emission reduction measures for carbon neutral targets in the sports competitions game is input, the data is pre-processed and normalized in the data input layer, and then the data set is put into the CNN unit for feature extraction, to make more effective feature extraction for carbon neutral data, here we choose the convolutional layer with one-dimensional structure, the data set is convolved and downscaled with the one-dimensional convolutional layer, after pooling After sampling and merging, the data is reorganized by the fully-connected layer to output the feature sequence, and then the feature data is entered into the GRU gated cyclic unit for carbon neutral feature learning, and finally into the attention module to obtain the optimal parameters of the model, improve the accuracy of prediction, optimize the CNN-GRU structure, and finally output the prediction results.

The CNN-GRU-AM model includes three parts: the CNN module, the GRU module and the attention module. The three parts complete the prediction of the carbon neutrality target of energy saving and emission reduction measures in sports competitions through their own merits, and the overall structure of the model is shown in Figure 1.




Figure 1 | Detailed flow diagram of CNN-GRU-AM overall model.






3.2 CNN model

Convolutional Neural Network (CNN) (Wenya, 2021) is a deep learning model commonly used in image recognition and computer vision. The CNN model is divided into three main layers, convolutional layer, pooling layer, and fully connected layer. The convolution operation is the core of CNN, which extracts local features by sliding a convolution kernel (also called a filter) over the input feature map. The convolution layer convolves the input image with convolution kernels, the size and number of which can be adjusted as needed. After the convolution operation, a nonlinear mapping by an activation function is usually required to increase the expressiveness of the model (Song et al., 2021). Commonly used activation functions include ReLU and Tanh, etc. The feature maps obtained by convolution processing then enter the pooling layer for pooling, which reduces the dimensionality of the feature maps to reduce the model parameters and computation. Then the fully connected layer expands the feature map output from the pooling layer into a one-dimensional vector and performs classification or regression by a set of fully connected weight matrices. Finally, the loss function and optimizer are used to get the desired data. CNNs can be divided into one-dimensional CNNs and multidimensional CNNs according to their dimensions. In terms of data processing, multidimensional CNN models can handle multi-channel input data, i.e., they can simultaneously process data from multiple sensors, such as temperature, humidity, light, etc., which can provide a more comprehensive understanding of the environmental state of the game stadium. Since monitoring the sports competitions game Since monitoring carbon emissions in sports competitions requires considering multiple dimensions of data, these data cannot be represented by a single one-dimensional sequence. Therefore, we choose a multidimensional CNN model to process these multidimensional data better and extract the correlation between different dimensions for carbon emission prediction and monitoring. The model structure diagram is shown in Figure 2.




Figure 2 | Multidimensional CNN network structure.



Since the CNN convolutional layer is the core layer of the convolutional neural network, and the convolutional layer is mainly composed of some convolutional kernels, we introduce the formula of convolutional kernels and the formula of convolutional kernels as follows:



In Equation (1),   are the kth weight of the i-th convolution kernel in the l-th layer;   are the k-th local region to be convolved in the lth layer; n are the width of the convolution kernel; yl(i,k) are the corresponding output. A pooling layer is inserted periodically between successive convolutional layers, and its function is to gradually reduce the spatial size of the data set to reduce the number of parameters in the network, save computational resources, and effectively control overfitting. After performing convolution and pooling operations on the input data, the extracted features are compressed into a one-dimensional feature vector and fed into the fully connected layer for classification.




3.3 GRU model

GRU model is a commonly used recurrent neural network model (Yang et al., 2022). Compared with the traditional recurrent neural network, the GRU model introduces a gating mechanism with the main structure of the input gate-update gate-reset gate, which can better capture the long-range dependencies in the time series while reducing the gradient disappearance and gradient explosion problems in the model. In studying energy saving and emission reduction scenarios for sports competitions under the carbon neutrality goal, we use the GRU model to model and predict the energy consumption data in sports competitions processed by CNN (Wan et al., 2022). Through the historical analysis of the energy consumption data during sports competitions under different energy saving and emission reduction schemes, it can be found that additional energy saving and emission reduction schemes have a large impact on energy consumption, and energy consumption varies greatly in different periods. Therefore, the GRU model is used to model the energy consumption data during sports competitions with other energy saving and emission reduction schemes to better understand the data characteristics of the impact of different schemes on achieving carbon neutrality in sports competitions and to predict the optimal energy saving and emission reduction scheme, which provides a reference basis for energy saving and emission reduction schemes in sports competitions under the carbon neutrality target. It is shown in Figure 3.




Figure 3 | GRU model flow chart.



GRU processes the hidden state ht–1 at the last moment and the external input information xt at the current moment through two multiplication gates, the reset gate and the update gate, to update the hidden state ht at the current moment for model training, which is calculated as follows:









In (2)–(5), W(z),W(r),W,U(z),U(r),U are the corresponding input weight matrix.   is the current memory content. ⊙ is a Hadamard operation. σ is the Sigmoid activation function in 1 (Table 1).


Table 1 | The meanings represented by each parameter.






3.4 Attention mechanism

Attention Mechanism (AM) is a technique commonly used in machine learning to focus the model’s attention on certain parts of the input data to process complex sequential data better (Osorio et al., 2022). In our CNN-GRU model, introducing the Attention Mechanism can help the model better process the data for achieving the carbon neutrality goal of the sports competitions game under different energy-saving and emission-reduction schemes.

Our CNN-GRU model combines a convolutional neural network and a gated recurrent unit network for processing data on achieving carbon neutrality goals for sports competitions under different energy-saving and emission-reduction schemes. In this model, the convolutional neural network extracts feature from the data and the gated recurrent unit network is used to model the features. However, the model has some minor problems, such as gradient disappearance or gradient explosion, easily when dealing with long sequence data. To solve these problems, we introduce an attention mechanism – an attention layer is added to the GRU network, which can dynamically calculate the attention weights for each time step based on the input time series data. In this way, the model can pay more attention to the important time steps, thus better capturing the important features in the time series data and improving the model’s prediction performance to derive our desired energy-saving and emission-reduction solutions more accurately. The structure diagram is shown in Figure 4.




Figure 4 | Attention mechanism flow chart.



When current deep learning models process sequence features, they tend to treat the information in each step of the sequence as equivalent and are unable to focus selectively on certain information, thus ignoring the correlation between features and the temporal differences between input information, which affects the model’s effectiveness. The core idea of the attention mechanism is to introduce attention weights on the input sequences to evaluate the importance of different input information. This can help the model focus more directly on the input information with a higher correlation to the desired output and enhance the model’s accuracy.

Using a time series [x1, x2,…, xn] with span n as an example, the attention weight vector αt and the weighting vector xt are calculated by the below rules.







In (6)–(8), W(α) is the weight matrix. ⊙ is a Hadamard operation. σ is the Sigmoid activation function.

This is the algorithm flow of the model in Algorithm 1; firstly, the data input of additional energy saving and emission reduction programs to achieve carbon neutrality for sports competitions, preprocess and normalize the data in the data input layer, then put the data set into a multi-dimensional CNN unit for feature extraction, reduce the dimensionality of the data set, and finally output the feature sequence after pooling sampling and merging and reorganization in the fully connected layer, then put the feature data into the GRU module with the attention layer for carbon neutral feature learning, get the optimal model parameters, improve the accuracy of prediction, and finally output the predicted results.



Algorithm 1
 Training Process for CNN-GRU-A




Table 2 | The meanings represented by each parameter.



The variables used in the training process are in label2:

The formulas used in the training process are:



The loss function used in the training process is a combination of cross-entropy loss and L2 regularization:



where m is the number of samples, y is the ground truth,   is the predicted output, λ is the regularization parameter, L is the number of layers, and wl is the weight matrix of layer l.

The parameter updating step uses the Adam optimizer with a learning rate of α:



where   is the gradient of the loss function with respect to the weights, β1 and β2 are the exponential decay rates for the first and second moment estimates, and ϵ is a small constant to avoid division by zero.

The adversarial training step uses the Fast Gradient Sign Method (FGSM) to generate adversarial examples:



where ϵ is the perturbation magnitude,   is the gradient of the loss function with respect to the input, and sign(·) returns the sign of its argument (Table 2).

The complete training process for CNN-GRU-AM is as fllows3.4.

	1: Initialize the weights and biases of the model.

	2: while not converged do

	3: Randomly sample a batch of data from the dataset.

	4: Extract features from the data using convolutional neural networks.

	5: Preprocess the data to remove noise and outliers.

	6: Normalize the data to ensure that all features are on the same scale.

	7: Apply dropout regularization to the data.

	8: Feed the data into the model and obtain the predicted output.

	9: Calculate the loss of the model using cross-entropy loss and L2 regularization.

	10: Calculate the gradients of the loss with respect to the weights using backpropagation.

	11: Update the weights and biases of the model using the Adam optimizer

	12: Apply adversarial training to the model to improve its robustness.

	13: end while







4 Experiment



4.1 Datasets

This paper uses raw data from the Qatar World Cup Greenhouse Gas Accounting Report, CEADs, UNFCCC, and Climate Watch databases.

Qatar World Cup Greenhouse Gas Accounting Report: The Qatar World Cup Greenhouse Gas Accounting Report is the official report of Qatar hosting the 2022 FIFA World Cup, which aims to account for and assess greenhouse gas emissions during the tournament and recommend measures to reduce carbon emissions.

The report provides a detailed investigation and analysis of greenhouse gas emissions during the World Cup tournament, including data on energy consumption in the tournament venues and surrounding facilities, carbon emissions from transportation, waste disposal, and water management (Al Sholi et al., 2023). The total GHG emissions during the tournament were calculated, analyzed, and compared based on these data. Among the analysis results, the report identifies the areas with the highest carbon emissions during the competition, including transportation, energy consumption, and waste disposal. The report also explores how to reduce carbon emissions during the tournament, offering a series of feasible recommendations and measures, including measures to adopt renewable energy, improve transportation, and optimize waste disposal.

In addition, the report describes Qatar’s efforts and achievements in reducing greenhouse gas emissions, including measures in renewable energy development, building low-carbon cities, and promoting public transportation (Habib and Al-Ghamdi, 2021). Finally, the report calls for greater cooperation among countries and regions worldwide in reducing carbon emissions and jointly addressing the challenge of climate change. The Qatar World Cup greenhouse gas accounting report thus provides a useful reference and reference for the sustainable development of global sports competitions events, as well as guidance and support for the future environmental protection and sustainable development of Qatar.

CEADs: China Carbon Accounting Database is a national carbon accounting database established by the Chinese Academy of Environmental Sciences, the Institute of Geographical Sciences and Resources of the Chinese Academy of Sciences, and other institutions (Liu et al., 2022b). By collecting and organizing carbon emission data from various industries and fields, this database provides important support and data support for carbon emission monitoring, management, and emission reduction in China. The China Carbon Accounting Database includes carbon emission data from various sectors and industries, including energy, transportation, industry, construction, agriculture, forestry, waste disposal, etc. The database adopts the international standard carbon emission measurement method and data processing method to ensure the accuracy and comparability of data. At the same time, the database is constantly updated and improved to adapt to the changing carbon emission environment and needs.

Through the China Carbon Accounting Database, government departments, enterprises, and research institutions can access carbon emission data from various fields and industries, conduct carbon emission assessment and accounting, and formulate and implement carbon emission reduction plans and policies (Zhang et al., 2022). The database can also provide data support and reference for enterprises’ environmental protection and sustainable development, promoting China’s low-carbon economic development and efforts to combat climate change. The China Carbon Accounting Database is an important data support and infrastructure for China in addressing climate change and promoting sustainable development, providing important support and guarantee for China to achieve carbon neutrality and low-carbon economic development.

UNFCCC: The United Nations Framework Convention on Climate Change (UNFCCC) is an international treaty addressing global climate change (Wang et al., 2021). It was adopted in 1992 at the Earth Summit in Rio de Janeiro and currently has 197 parties, including 196 countries and the European Union. UNFCCC aims to mitigate greenhouse gas emissions and address the impacts of climate change on human and natural systems through international cooperation. The main goal of the UNFCCC is to promote global emissions reduction and climate change response through international cooperation efforts. To achieve this goal, the UNFCCC has established an annual Conference of the Parties (COP) and various institutions and mechanisms, such as the Technical Executive Board (TEC), the Intergovernmental Panel on Climate Change (IPCC), and the International Panel on Climate Change (IPCC). The UNFCCC has established various bodies and mechanisms, such as the Technical Executive Board (TEB) and the Intergovernmental Panel on Climate Change (IPCC), to facilitate cooperation and communication among countries in reducing emissions and addressing climate change (Dong et al., 2022). In addition, UNFCCC has established a series of regulations and guidelines, such as the Paris Agreement, to regulate countries’ actions to reduce emissions and respond to climate change and to promote the achievement of global emission reduction targets. The UNFCCC is an important international legal framework for the global response to climate change, providing an important program for countries to coordinate and launch actions to reduce emissions and respond to climate change.

Climate Watch: Climate Watch is a global online platform developed and maintained by the World Resources Institute (WRI) to provide policymakers, researchers, businesses, and the public with the latest data and information on global climate change (Ibrahim et al., 2022). Climate Watch brings together data on greenhouse gas emissions, energy consumption, renewable energy, and climate policy on a global scale, presented in a visual format that allows users to better understand the trends and impacts of global climate change. At the same time, Climate Watch provides various tools and analyses to help users assess and compare actions to reduce emissions and address climate change in different countries and regions.

Here we use the four selected databases as the initial data set sources and filter the experimental data through different energy-saving and emission reduction measures to achieve the carbon neutral goal. Here we select the energy-saving and emission-reduction measures in sports competitions that can affect the carbon neutral goal, such as environmental protection materials, transportation, the energy efficiency of stadiums, and air conditioning emissions3, which have a greater impact on achieving the carbon neutral goal, to study better the impact of different energy saving and emission reduction measures on achieving carbon neutrality in sports competitions, and to more easily find out the energy saving and emission reduction measures solutions for sports competitions that can efficiently achieve the carbon neutral goal.

We use the first 90% of the selected database as the training set and the last 10% of the data as the test set. Giving the model more training data can make our model’s prediction results more accurate and convincing (Table 3).


Table 3 | Carbon neutral metrics.






4.2 Experimental setup and details

We designed several experiments to demonstrate that our model can achieve the carbon-neutral target prediction for sports competitions with other energy-saving and emission-reduction measures to demonstrate its performance. First, we compared our model with the training time of our selected dataset with the total selected models. We also compared the data inference time of this model with all other models and the performance of different models. We then tested its AUC and accuracy, which outperformed all the other models, proving that the model outperforms the unoptimized model under the attention mechanism; finally, we conducted a comparison experiment between its MAP and other selected models to more comprehensively verify the performance of our model. By comparing the comprehensive performance of the four selected datasets under different models, we can see that the CNN-GRU-AM model outperforms the other models in terms of computational rate, MAP, number of required parameters, and the accuracy and reliability of the experimental results, so that our model can better predict the carbon neutrality target of sports competitions by other energy saving and emission reduction measures.




4.3 Experimental results and analysis

In Figure 5, we first conducted experiments on the inference time of our model for four data sets, recorded the inference time of our model for the four selected data sets, and compared it with other models. However, our model is less affected by the amount of data and has the optimal inference speed with the same data. Hence, the sports competitions game under different energy saving and emission reduction schemes has a brighter performance for predicting the larger data set involved in achieving the carbon neutrality goal.




Figure 5 | Comparison of different models for complex data inference time.



In this set of experiments, we compared the required training time of our model with the rest of the models for all datasets (Figure 6). The performance of the same model varies in the face of different datasets, but the variation of the model is more stable, but with the increase of training data, the training time of the model increases with the increase of data, and the larger the training data, the longer the training time of the rest of the models, but the performance of the CNN-GRU model optimized by the attention mechanism is always more stable and can better adapt to the requirements of our experiments.




Figure 6 | Training time data plots for all models under different data sets.



Then we conducted the experimental comparison of Flops. We compared all the datasets among all the selected models (Figure 7). We found that each model performed differently for different datasets, but comparing all the models, our selected model performed the best in Flops and required fewer Flops than other models for different datasets, so it was more suitable for our scenario study.




Figure 7 | Flops required for all models facing different datasets.



Immediately after we compared the number of parameters required for our model at different levels of difficulty (Figure 8), it was easy to find that the number of parameters required for the experimental model increased with the difficulty of the data, but the number of parameters required for our model were all smaller than the other models, and the difficulty and relevance of the data must be complex in the face of the study of energy saving and emission reduction programs for sports competitions under different energy saving and emission reduction measures, so the model we selected is a good fit for the study we need.




Figure 8 | Experimental plot of the number of parameters required for all models for different difficulty data sets.



In that set of experiments (Figures 9, 10), we compared the MAP performance of all datasets under all models, and it can be seen that the MAP of all but four groups of models is greater than ninety percent for the remaining six groups, and although the difference is not significant, our model wins through a slight difference of one percent, and although it is only one percent, the impact of one percent is not to be underestimated when facing a huge dataset.




Figure 9 | The MAP presented by all models facing different datasets.






Figure 10 | The MAP presented by all models facing different datasets.



In the last two sets of experiments (Figure 11), we designed comparison experiments on the AUC and the Accuracy of the models. Here we only selected two datasets because, through the previous experiments, we found that the two datasets other than the selected ones have negligible effects on the experiments, so we selected two datasets for the convenience of the experiments without losing the scientific nature of the experiments In terms of Accuracy, SVM, LSTM, and GNN all perform well. In terms of AUC and Accuracy, LSTM and GNN perform similarly. Still, through the experimental data plots, we can see at a glance the superiority of our model compared to other models. The higher AUC and higher Accuracy are very helpful for our research on energy saving and emission reduction measures for sports competitions games to achieve carbon neutrality goals.




Figure 11 | Experimental plots of AUC and accuracy of all models against different data sets.



This is the total data table of our experiments in Table 4, where we have selected several important metrics and the optimal data values for each group of models, with their error margins indicated, to be able to visualize the results of our experiments.


Table 4 | Comparison of different control methods.







5 Discussion

Although our CNN-GRU-AM model achieves good results in sequence data processing, our model still has some shortcomings; as it uses the GRU network instead of the LSTM network, it is more computationally intensive in processing longer sequences, which can easily lead to an increase in the time cost of model training and prediction and may result in a compromised computing rate. Because of the deep learning complexity and the degree of model combination, the number of required parameters will also increase year-on-year.

The significance of studying other energy-saving and emission-reduction measures to achieve carbon neutrality in sports competitions is to promote the development of sports competitions in a more sustainable direction and reduce their negative impact on climate change, as well as to provide reference and reference for other large-scale activities and events. The implications include the following: 1. Promoting the sports competitions game in a more sustainable direction: It is a global mega-event, such as the World Cup, which attracts millions of spectators every year and therefore has a great potential to reduce its negative impact on climate change. Studying other energy-saving and emission-reduction measures can provide important technical and practical support for the sustainable development of the tournament. 2. Provide references and lessons for other large-scale activities and events: A tournament is a large-scale event, and its energy-saving and emission-reduction measures and practical experiencescan provide references and lessons for other large-scale activities and events. This is important for promoting various large-scale events worldwide to develop in a more sustainable direction. 3. Strengthen cooperation and communication on global climate change response: Studying different energy-saving and emission reduction measures can promote international cooperation and communication and strengthen cooperation and consensus among countries in addressing climate change. This can help promote the process of the global response to climate change and improve the efficiency and effectiveness of the global response to climate change.

Therefore our research is unique in promoting the game in a more sustainable direction, providing references and lessons for other large-scale activities and events, and strengthening cooperation and communication in the global response to climate change.




6 Conclusion

In this paper, we propose a CNN-GRU based on an attention mechanism for a prediction model of energy saving and emission reduction scheme for sports competitions under carbon neutral target, which effectively solves the problem of gradient disappearance and gradient explosion, and at the same time improves the accuracy and practicality of the model. Multidimensional CNN has strong multi-channel input data processing capability. First, there are different energy-saving and emission-reduction schemes for a sports competitions match to achieve carbon-neutral targets. First, the data of other energy-saving and emission-reduction schemes for achieving the carbon-neutral goal of the sports competitions match is input into the multidimensional CNN network. After convolution for feature extraction, it enters the pooled simplified feature data. Then the simplified feature data is input into the GRU network with the attention layer based on one of the LSTM extensions. The GRU model introduces the gating mechanism to better capture the long-range dependencies in the time series. sports competitions with more efficient efficiency in predicting other energy-saving and emission-reduction options.
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