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Carbon emissions and climate change is a significant challenge faced by the world today. The effects of climate change are felt globally, and many countries are making efforts to tackle this problem. The paper aims to analyze the carbon emissions data of 159 countries spanning from 1860 to 2016. By using the method of time-series visualization, the research aims to transform this data into complex networks to uncover any hidden information that might be useful in reducing emissions. By employing k-means, cluster analysis and other methods, we found that 1) While global carbon emissions continue to rise, there is a deceleration or reduction in carbon emissions in high-income countries. This deceleration or reduction may be attributed to factors such as policy measures and industrial shifts. 2) Additionally, our analysis highlights the significant increase in carbon emissions in certain economies that are not among the world’s leading nations in terms of overall economic size. This indicates the importance of these countries recognizing the relationship between carbon emissions and their economic development levels. 3) In addition, comparing the carbon emission levels of China and the United States, it can be found that even if the total amount of economic development is similar, their carbon emission patterns may be greatly different. Finally, we suggest that in the formulation of carbon emission policies, we should not only pay attention to the similar national models of economic development, but also take into account the actual development industry and stage of the country.
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1 INTRODUCTION
Global warming has become one of the major problems of modern environmental protection, which influences things both living and inanimate [1]. The increasing greenhouse gas emissions is the main cause of global warming. In order to reduce the harm caused by greenhouse gas emissions, the Paris Agreement was adopted in 2015, which provides guidance for global action on climate change. Its overarching objective is to cap the worldwide average temperature increase at 2°C relative to pre-industrial levels, while making efforts to restrict the temperature rise to within 1.5°C. At the same time, countries all over the world have taken independent actions to achieve the low-carbon target, such as reducing carbon dioxide emissions, using clean energy, and building renewable energy. However, in some developing countries, especially those with incomplete industrialization and urbanization, urban low-carbon development is still far away. Taking China as an example, urbanization and industrialization are two pillar industries in China. And thus fuel consumption, especially coal consumption caused by thermal power stations, seriously pollutes its urban climate and environment. In India and other poorer and backward countries, the idea of environmental protection has not been deeply rooted in the hearts of the people, and the government still adheres to the path which first polluted and then governed and pursues high GDP and national development at a cost of environmental pollution, which greatly hinders the process of urban low-carbon development. The research on reducing carbon emissions is a key issue for the world. It helps to reduce the atmospheric dust pollution and the damage to mineral resources, and accelerate the research process of green energy, and thus promoting the transformation of the world economy to a green and sustainable development.
In recent years, as awareness of the detrimental effects of excessive greenhouse gas emissions has grown, along with concepts of sustainable and eco-friendly progress, researchers worldwide have become increasingly focused on the advancement of low-carbon economies and renewable energy sources. Key climate processes (particularly deep-sea warming) involve long lag times, with important greenhouse gases (especially carbon dioxide) remaining in the atmosphere for many years after they have been emitted. Climate change analysis therefore necessarily involves emissions projections that span decades, often a century or more [2]. Zhou et al. [3] analyzed the carbon emission performance through Malmquist index analysis and concluded that each country’s total factor carbon emission performance is progressively improving over the years. This is due to the continuous activities of various industries around the world, such as the well-known construction and power generation industries [4], which are regarded as industries with huge carbon emissions [5]. During the production, construction, and later operation and maintenance of building materials, a large amount of carbon emissions is generated. Many scholars’ research focuses on energy conservation and emission reduction in the construction industry [6–9]. Some industries that are traditionally difficult to pay attention to, such as reservoir construction [10] Astronomical research [11] will also make significant contributions to carbon emissions. In reference 10 [10], N. Barros et al. A large amount of terrestrial organic carbon has been found to be stored in reservoirs, leading to significant greenhouse gas emissions. The carbon emissions in the process of astronomical research are generated in related scientific experiments, global navigation for academic exchanges, and other processes [11]. A Razzaq.et al. [12] employed quarterly information spanning from the first quarter of 1995 to the fourth quarter of 2017 to investigate the influence of technological innovation and tourism growth on carbon emissions via different pathways. They proposed that, considering the long-term asymmetrical effects of tourism and technological innovation on emissions reduction, the Chinese government should enact integrated policies that combine both “tourism” and “technology”. These studies indicate that the issue of carbon emissions should attract the attention of the entire industry. In the field of reducing carbon emissions, Donald et al. [13] investigated technological innovations and policy interventions to improve energy efficiency and reduce carbon emissions in industry, construction and agriculture of different scales, and concluded that energy conservation and emission reduction can be achieved mainly through three methods: one is to improve energy efficiency in industry, construction, agriculture, transportation and other sectors; the other is to widely implement low fossil carbon renewable energy systems. Three is CCUS (carbon capture, utilization, and storage) and earth engineering plan. In addition to specific industry measures, carbon emission allocation is a strategy to reduce carbon emission from the perspective of economics and macro policies. Carbon emission allocation mechanism will have a great impact on regional development and enterprise production [14]. N. ABSI et al. [15] introduced a polynomial dynamic program with cyclical carbon emission restrictions, aiming to meet carbon emission limits via ecological constraints. After reviewing the popular allocation methods in recent years, Zhou Peng et al. [16] believe that the method using composite index can combine multiple conflicting criteria, making the allocation results more acceptable. It is evident that current studies on carbon emission reduction predominantly concentrate on two areas: lowering carbon emissions either by enhancing emission performance or altering existing emission methodologies; alternatively, by discovering new energy sources or utilizing renewable resources, among others.
Time series visualization is an approach that examines the attributes of pertinent data across time and displays them using various forms such as graphs, animations, and, etc. The data in time series are closely related to time and arranged in the order of time. The basic purposes of time series visualization involve query, prediction analysis, classification, clustering, and so on. The visualization chart includes the tree chart, heat chart, calendar chart, spiral chart, and so on. The essence of time series analysis is to compress the data. Given a time series, the data is classified and summarized by several characteristic numbers. Feature number is generally extracted from a large number of measurement samples with certain system characteristics, making it representative.
Because of the periodicity of greenhouse gas emissions, it is not rare to use time series to analyze greenhouse gas emissions. Many scholars use this method to identify factors that affect carbon emissions or analyze the characteristics of carbon emission data, for example, based on time series modeling and analysis, R. Kaufmann [17] argued that human activities have a greater impact on global surface temperature, and the rise of surface temperature changes the flow of greenhouse gases into and out of the atmosphere, causing a vicious circle. C. Shuai et al. [18] examined the influence of population, wealth, and technology on carbon emissions across 125 nations with varying income levels spanning the period from 1990 to 2011. Their results show that the key influencing factor at the global level is affluence, followed by technology and population. Zhang et al. [19] also reached similar conclusions. Sharma.et al. [20] examined economic income and carbon emission data from 69 countries over the period 1985–2005, it is concluded that GDP per capita and urbanization are the main determinants of carbon dioxide emissions in these groups of countries. Using the orthogonal GARCH (OGARCH) model, Luo et al. [21] found that carbon dioxide contributed the most to climate change from 1750 to 2005. Based on the time series method, Du et al. [22] also determined the data of 71 economies from 1996 to 2012, and investigated the impact of green technology on carbon dioxide emissions. It showed that for low-income economies, green technology innovation has no impact on the contribution to reducing carbon dioxide emissions, while for economies whose income level exceeds the threshold, it is slowing effect is significant, the result shows that factors such as forestry production, rainfall, and temperature positively impact carbon dioxide emissions. In contrast, crop production, livestock production, energy consumption, and population growth have a detrimental effect on carbon dioxide emissions.
Based on these studies, it can be seen that there is a clear correlation between economic development and carbon emissions. What are the characteristics of global time serialized data in terms of time dimension? But do countries with similar economic development also have similarities in their carbon emission patterns? This is the main purpose of our research. The goal of this research is to examine the carbon dioxide emissions of countries with different levels of the economic situation (low, middle and high-income areas) all over the world in recent decades based on time series visualization. Due to the differences in policies, and economic and social development of different countries, it is difficult to find a general improvement method to reduce the carbon emissions for all countries. Our final results indicate that there is a clear correlation between the total carbon emissions data and the level of economic development. The carbon emissions data of countries with higher economic development levels remained stable until 2005, but after 2005, the carbon emissions were surpassed by countries with medium, medium, and high levels. Therefore, the current carbon emission policies of these countries should receive more attention. In addition, even if the total economic development is at a relatively high level (such as China and the United States), there are still significant differences in studying their carbon emission patterns. Therefore, when formulating specific policies, it is not necessary to solely rely on the level of economic development as the basis for decision-making, but to conduct in-depth analysis of their industrial models, carbon emission data development, etc. Therefore, by dividing the countries into samples with different levels of income, we can put forward corresponding solutions to reduce carbon emissions according to the local conditions, and finally achieve global low carbon.
2 PREPARATORY KNOWLEDGE
2.1 Principles of time series visualization
In 2008, Lacasa et al. [23] proposed a novel algorithm, known as the Visibility Graph (VG), to represent time series data through complex network structures. This mapping process is a fundamental problem in time series research. The VG algorithm builds a network using a simple principle: each node in the network symbolizes a discrete time series data point. The algorithm establishes connections between two nodes that comply with pre-set visibility rules, thus creating the network’s edges. The fundamental concept of the algorithm is depicted in Figure 1.
[image: Figure 1]FIGURE 1 | Limited traversal horizontal visibility graph.
In the upper part of Figure 1A, twenty consecutive squares symbolize the initial 20 data points in a cyclical time series. The height of each square reflects the corresponding data value at that time point. If the top of one square is visible to the top of another, in Figure 1B, the respective points are linked in the network. Within this diagram, each node represents a data point in the time series. It is worth noting that a node cannot connect to itself, and each line of visibility must not intersect any straight bar.
Definition 2.1. principles of visualization: if any two data points [image: image] and [image: image] in the time series are visible to each other, for any point [image: image], where [image: image],
[image: image]
2.2 Complex network
A network is a graph that consists of nodes and edges, which can be mathematically represented as G=(N,V), where N is the set of nodes and V is the set of edges connecting the nodes. Complex networks have demonstrated their worth as analytical instruments in a multitude of domains, such as societal issues, business management studies, computational sciences, and statistical analysis. In this paper, we employ complex networks to analyze time series data by transforming it into a network. This method allows for the extraction of additional valuable information from the time series, leading to more precise analytical outcomes through the investigation of the statistical attributes of the complex network. The statistical features of such networks comprise.
1. Degree and degree distribution
Definition 2.2. Degree: In a network [image: image], the degree of a node [image: image] represents the number of edges connected to the node [image: image], donated as [image: image]. The average degree [image: image] represents the mean of the degrees across all nodes,
[image: image]
Definition 2.3. Degree distribution: In a complex network [image: image], the frequency [image: image] of the number of nodes with degree K in the whole network is the distribution function of [image: image].
2. Average path length and network diameter
Definition 2.4. Average path length L: In a network, [image: image] is the shortest distance between two nodes [image: image] and [image: image], represents the number of sides on the shortest path,
[image: image]
Definition 2.5. Network diameter D, is the maximum value of the shortest path between any two nodes,
[image: image]
Definition 2.6. [image: image] is the number of neighbors of node [image: image], [image: image] is the number of edges witch [image: image] connected to other nodes and [image: image] represents the number of edges that exist in theory. The ratio of [image: image] to [image: image] is the clustering coefficient [image: image] of this node, as shown in Formula 2.5. The average clustering coefficient [image: image] is the average clustering coefficient of all nodes, as shown in Formula 2.6.
[image: image]
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2.3 K-means cluster analysis and determination of the best category
In the real world, utilizing interpretable methods for effective clustering of complex networks is an important analytical tool. For example, H.Li.et al. [24]introduced a novel clustering method called BMCL, which aims to provide a more accurate depiction of cluster architecture. However, in this paper, we utilized the widely-used clustering method K-means for our analysis. The K-means method, a prevalent partition-oriented clustering technique, splits a group of n elements into k clusters, wherein the parameter K is predetermined. The approach adopted promotes maximum homogeneity within individual clusters and enforces minimal likeness across separate clusters.
The K-means algorithm, based on a specified set of N entities, forms k partition clusters, where each partition stands for a cluster. The data is partitioned into n clusters, with every cluster containing at least one data entity, and each entity is exclusively associated with one cluster. It is important to note that entities within the same cluster exhibit high similarity, while those in different clusters demonstrate low similarity. The average value of the entities in each cluster is used to compute clustering similarity.
Regarding the operational flow of the K-means algorithm, it begins by randomly selecting k data entities, each representing a cluster center. Following that, the remaining entities are allocated to the cluster they most resemble, based on their similarity (or distance) to each cluster center. Following this, the method recalculates the average value of all elements within each group, thereby setting a fresh cluster centroid. This iterative process persists until the objective function reaches a steady state—implying that the cluster centroid does not experience substantial shifts. The criterion function usually employed is the mean square error, which aims to minimize the sum of the squared distances from each point to its nearest cluster center.
The computational steps of the K-means algorithm are as follows.
Input: Dataset D, Number of clusters K
1. Randomly select K data points from dataset D as initial centroids
2. Repeat the following steps until convergence:
2.1 Assign each data point in dataset D to the cluster represented by the nearest centroid
2.2 Update the centroids as the average of all data points in each cluster
Output: Labels indicating the cluster membership of each data point.
3 CASE ANALYSIS
3.1 Global CO2 emissions analysis
We analyzed the total carbon dioxide emissions of 159 countries and regions from 1960 to 2016. These data are from the World Bank. In 2019, the World Bank [25]categorized countries into four groups based on their economic indicators and income levels: high-income countries (HIC), upper-middle countries (UMC), lower-middle countries (LMC) and low income countries (LIC). In this paper, in order to better analyze the relationship between economic development and carbon emissions in different countries, we have referred to the United Nations’ methodology for country classification in creating these additional categories. In addition to the four categories mentioned above, we have added two additional categories: Least Developed Countries (LDC): This category includes countries with the lowest levels of socio-economic development, often facing significant challenges such as poverty, limited infrastructure, and vulnerability to environmental and climate risks. Middle-Income Countries (MIC): This category includes countries with moderate income levels, indicating a relatively higher level of economic development compared to low-income countries but not yet reaching high-income levels. The statistical characteristics and change trends of total emissions in high-income countries (HIC), least developed countries (LDC), low and middle-income countries (LMC), low-income countries (LIC), middle-income countries (MIC), middle and high-income countries (UMC) and the world (WLD) are shown in Table 1 and Figure 2.
TABLE 1 | Statistical characteristics of total global CO2 emissions by income level (kt).
[image: Table 1][image: Figure 2]FIGURE 2 | Broken line chart of total global CO2 emissions by income level.
As shown in Figure 2 and Table 1, we can find that the trend of global carbon emissions is still increasing, while carbon emissions of high-income countries are gradually slowing down in recent years, and the emissions are even gradually decreasing. The potential reasons may be as follows.
1. High-income countries pay more attention to carbon emissions. For example, Netherlands began to levy carbon tax in 1990, and the European Union is also more active in carbon tax. The carbon tax will reduce carbon emissions to a certain extent.
2. As the labor cost in developed areas is higher and the labor force is less in high-income countries, some large manufacturing enterprises will move some industries to underdeveloped countries, which will also reduce the carbon emissions in these areas;
3. The tertiary industry plays an important role in high-income countries, characterized by high added value and low energy consumption and emissions.
Although the growth trend of carbon emissions in high-income countries is slowing down or even reducing, the global carbon emissions have been increasing. Therefore, reducing carbon emissions is still an urgent matter.
3.2 Time series network construction
Based on the finite crossing level method, the time series network of carbon emissions is obtained. The flow-process diagram is shown in Figure 3.
[image: Figure 3]FIGURE 3 | Flow chart of time series network construction.
By analyzing the structure of the visible networks of these countries, statistical indicators of these countries can be obtained, as shown in Figure 4, where Figures 4A–D represent the number of edges, average clustering coefficient, average degree, and average path length, respectively. The darker the color in the map, the larger the values of these four indicators. In complex network theory, average degree and clustering coefficient are larger, the connections between time nodes are closer; but when the average path length and network diameter are larger, the relationships between time nodes are more distant. Therefore, a comprehensive analysis is needed for the analysis of carbon emissions in these countries.
[image: Figure 4]FIGURE 4 | Each country CO2 statistical indicators of total emission. ACC, Average clustering coefficient; AD, Average Degree; APL, Average path length.
3.3 Cluster analysis
Several indexes of the network are adopted to cluster 159 countries, namely, the number of edges, the average shortest path, the average clustering coefficient, and the average degree. First, we use the elbow method to analyze the best number of clusters. According to the elbow method, in the clustered line graph, the point where the line decreases significantly slower is found by visual inspection. This point is called the “bending point”, which represents the optimal number of categories. which is displayed in Figure 5.
[image: Figure 5]FIGURE 5 | Elbow method to determine the best clustering coefficient. SSE, Sum of Square Error.
As shown in Figure 5, the best number of categories is 5 based on the elbow method. Therefore, the number of categories set for k-means clustering of carbon emission countries is 5, and the clustering results are shown in Figure 6.
[image: Figure 6]FIGURE 6 | The results of the cluster.
From Table 2, we find that most countries are in the first and fifth categories, but only two countries are in the fourth category, which are India and Laos. Although there are some differences in the total carbon emissions of the two countries, they show a certain similarity in the whole trend of emission change, as shown in Figures 7, 8. Carbon emission growth is slow in the early stage and increases rapidly in the late stage in the two countries. Especially in Laos, carbon emissions have increased very quickly. The results indicate that the two countries do poorly in controlling or reducing carbon emissions.
TABLE 2 | The cluster of the countries.
[image: Table 2][image: Figure 7]FIGURE 7 | Total CO2 emissions in India and Laos. IND, India; LAO, Laos.
[image: Figure 8]FIGURE 8 | Total CO2 emissions in India and Laos.
Based on the International Monetary Fund (IMF) data for the year 2022, China and the United States are the two largest economies in the world. However, we have identified significant differences in carbon emissions data between these two countries. China and the United States are not in the same category, the trends of carbon emissions are significantly different in the two countries. In Figure 9, we can find that China’s total carbon emissions are increasing in a certain period of time. However, since 2015, the amount of carbon emissions has begun to decrease, which indicates that China has begun to pay attention to the problem of carbon emissions and began to formulate corresponding policies to reduce carbon emissions. The carbon emissions are relatively steady in the United States, which suggests the efforts in reducing carbon emissions. In Figure 10, We can more intuitively find that there are huge differences in the network structure after Data and information visualization of carbon emissions between China and the United States. This demonstrates that although countries may have similar levels of economic development in terms of overall magnitude, the differences in carbon emissions are markedly different due to variations in development patterns. Therefore, specific carbon emissions policies need to be formulated based on classifying emission patterns, and development policies among similar emission patterns can provide valuable insights for policy-making.
[image: Figure 9]FIGURE 9 | Total CO2 emissions in China and the United States. CHN, China; USA, the United States.
[image: Figure 10]FIGURE 10 | Total CO2 emissions in China and the United States.
4 CONCLUSION
This paper focuses on global carbon emission and analyzes the trends in countries with different income levels. It is shown that the time series of carbon emissions do not follow a random walk but have the rule of long memory. The long memory effect makes the future trend of carbon emission change tend to be the same as that of the past. The analysis of carbon emissions reveals that Laos and India have experienced a rapid increase in carbon emissions in recent years. Such countries should prioritize the issue of carbon emissions. When formulating carbon emissions policies, it is important not to rely solely on the stage of economic development as a reference factor. Due to different specific patterns of economic development and influences from factors such as industrial distribution, countries with similar levels of economic development may exhibit significant differences in carbon emissions. Therefore, specific considerations should be taken into account to develop policies that align with each country’s goals in reducing carbon emissions.
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