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Abstract


This study aims to investigate the spatial distribution and structural characteristics of urban greening in Beijing, focusing on three typologies: Single Tree (S-T), Tree–ush (T-B), and Tree–Bush–Grass (T-B-G). The analysis examines how socio-economic factors and the COVID-19 pandemic have influenced these structures across three time periods: pre-pandemic, during the pandemic, and post-pandemic recovery. To achieve this, a deep learning-based approach utilizing the DeepLabV3+ neural network was applied to analyze the features extracted from Baidu Street View (BSV) images. This method enabled the precise quantification of the structural characteristics of urban greening. The findings indicate that greening structures are significantly influenced by commercial activity, population mobility, and economic conditions. During the pandemic, simpler forms like S-T proved more resilient due to their lower maintenance requirements, while complex systems such as T-B-G experienced reduced support. These results underscore the vulnerability of green infrastructure during economic strain and highlight the need for urban greening strategies that incorporate flexibility and resilience to adapt to changing socio-economic contexts while maintaining ecological and social benefits.
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1. Introduction


With the development of society and the improvement of quality of life, there has been increasing attention paid to the urban environment. Urban street greening (including border trees, shrubs (Bush), grass, and other forms of vegetation) has long been recognized as an important component of urban ecosystems [1], providing significant environmental, economic, and social benefits [2]. It not only reflects urban characteristics but also mitigates the negative impacts of human activities on the natural environment [3]. Good urban street greening can bring multiple environmental benefits, such as carbon sequestration and oxygen production [4], the absorption of air pollutants [5], the alleviation of the urban heat island effect [6,7], and a reduction in noise pollution and stormwater runoff [8,9]. Moreover, urban street greening also reflects various social attributes, such as the population density, economic development, healthcare, and education, across different city areas, which are often mirrored in the Urban Street Greening General Structure (USGGS) [10]. Research has shown that residents in areas with higher income levels tend to benefit more from street greenery, raising concerns about environmental justice. Therefore, urban street greening not only serves environmental functions but is also closely tied to social, economic, and cultural contexts, making it a crucial indicator of urban sustainability and human well-being.



To effectively assess and improve urban street greening and its ecological functions, it is necessary to quantify various aspects of street greening. This requires not only identifying and describing the types of vegetation, but also quantifying their proportions and distribution in street spaces [11]. Traditional methods of urban street greening assessment rely heavily on field surveys conducted by professionals, but these methods are time-consuming, inefficient, and prone to errors due to external influences [12]. In large-scale urban surveys especially, data collection often relies on volunteers without professional expertise, which further increases uncertainty [13]. Therefore, enhancing the accuracy of assessments, reducing human resources, and scaling assessments to larger urban areas remain key challenges.



In recent years, remote sensing technologies, particularly satellite and aerial imagery, have provided new avenues for urban green space analysis [2]. These remote sensing methods allow researchers to analyze green space coverage on a large scale [14]. However, challenges remain with these methods, such as their inability to accurately capture the fine details of street-level vegetation and their sensitivity to weather and lighting conditions [15]. As a result, assessing street-level greenery with high precision remains a significant challenge that requires innovative solutions [10].



In this context, the use of street view images has gained traction as a promising approach to urban greening assessment. Unlike traditional remote sensing imagery, street view images offer a ground-level perspective that is more aligned with human visual perception, providing a more intuitive and accurate view of urban street greening. Researchers have increasingly turned to open-source street view data, such as Google Street View (GSV), Baidu Street View (BSV), and Tencent Street View (TSV), to quantify street greening and explore the relationship between street greenery and human perception [16,17]. By calculating metrics such as the Green View Index (GVI) and the Green Landscape Index (GLI), these methods provide insights into the distribution and effectiveness of street greening from a pedestrian perspective [18,19]. However, while street view images offer a novel methodological framework, current approaches have limitations. GVI, for example, can only calculate the percentage of green vegetation, without distinguishing between different plant types, making it difficult to assess the structural quality of street greening comprehensively.



With the advancement of computer vision technologies, deep-learning-based image recognition methods offer a new solution to address these challenges. Through techniques such as semantic segmentation, deep neural networks can accurately identify and classify objects in images, improving classification efficiency [20]. Recent studies have applied deep learning models to automatically process street view images and classify street greening into different vegetation types [16,19]. However, these methods still rely on public datasets, such as ADE20K and Cityscapes, which were not specifically optimized for street greening, leading to an unsatisfactory performance when applied to street view imagery [21].



In summary, previous studies have primarily focused on assessing urban greenery at the street level [16,19,22,23,24], quantifying trees at the urban level through tree cover calculations [18,25,26,27] and exploring urban street perception [28]. However, the assessment of the street-level greening quality has primarily focused on the Green View Index (GVI), which only calculates the percentage of greenery without categorizing different types of vegetation. As a result, it is unable to assess the quality of street greening from a spatial structural perspective. Recently, Zhang et al. introduced a new dataset, SGSS [29]; models trained on this dataset are capable of accurately quantifying the generalized structure of urban street greening, filling a gap in the field.



In this context, the aim of this study is to investigate the spatial distribution and structural characteristics of urban greening in Beijing, focusing on three types of greening structures: Single Tree (S-T), Tree–Bush (T-B), and Tree–Bush–Grass (T-B-G). By analyzing their distribution patterns across different socio-economic and temporal contexts, particularly before, during, and after the COVID-19 pandemic, this study seeks to uncover the underlying socio-economic dynamics that shape urban greening structures. The study hypothesizes that socio-economic factors such as commercial activity, population mobility, and economic conditions significantly influence the resilience and adaptability of these greening structures, with simpler forms like S-T being more resilient during economic stress, while complex forms like T-B-G are more vulnerable to socio-economic disruptions.




2. Study Area and Data


2.1. Study Area


The study area covers six districts in Beijing: Chaoyang, Dongcheng, Fengtai, Haidian, Shijingshan, and Xicheng. These districts were chosen for their range of urban landscapes, socio-economic characteristics, and levels of greening, making them ideal for studying the relationship between urban greening and human behavior. Chaoyang is the most populous and economically vibrant, while Dongcheng contrasts with historical landmarks. Fengtai, Haidian, Shijingshan, and Xicheng offer a mix of industrial, residential, and green spaces, each contributing unique insights into urban greening dynamics. Data from Baidu Street View (BSV) over the past decade will be used to quantify and analyze street greening features such as trees, bushes, and grass (Figure 1).




2.2. Data


This study utilizes urban road network data obtained from OpenStreetMap (OSM), a widely used, open-source platform offering detailed geographic information. The road network was processed using the GeoPandas library in Python 3.8, a powerful tool for handling geospatial data; this helped establish a foundation for generating streetscape data points. These points were then used to scrape Baidu Street View (BSV) images, marking a departure from previous studies that relied on Google Street View (GSV). The use of BSV provides a more localized and relevant data source for Beijing’s urban streetscape analysis.



The data collection process involved the use of ArcGIS 10.8 to establish 72,922 capture points along the road network at 50 m intervals [19]. These points were carefully selected to ensure diverse representation across different street segments, neighborhoods, and urban types in Beijing. This comprehensive coverage was essential for capturing a wide range of streetscape characteristics. The BSV images corresponding to these points were retrieved and stitched into panoramic images with a resolution of 2560 × 1440 pixels, allowing for the high-definition visualization of fine urban details such as the tree, bush, and grass distribution, which are crucial for analyzing urban greening structures (Figure 2).



In total, 3,932,752 street view images and 491,594 panoramic images were collected. These images were accompanied by metadata including geographic coordinates, timestamps, and image identifiers, which enabled a further analysis of how the streetscape had evolved over time. Additionally, socio-economic data from the Beijing Statistical Yearbook, including variables like population, per capita income, regional GDP, and education statistics, were incorporated to examine the relationship between urban socio-economic factors and the structure of urban greening (Table 1).



The study focused on three key years representing the pre-pandemic, mid-pandemic, and post-pandemic periods, respectively: 2016, 2019, and 2022. These time slices were chosen to explore how the urban streetscape, particularly the distribution and structure of urban greening, evolved in response to the socio-economic changes brought on by the COVID-19 pandemic. The year 2016 serves as a baseline, representing the pre-pandemic period when the urban environment was relatively stable. The year 2019 represents the final year before the pandemic’s onset, capturing any trends in urban greening just prior to the global health crisis. The year 2022 was selected to reflect the post-pandemic recovery phase, allowing for an analysis of how urban environments and greening structures have responded to the pandemic’s long-term socio-economic impacts.



This temporal approach enables a nuanced understanding of how urban greening patterns may have shifted in relation to major global events and socio-economic disruptions.





3. Methodology


3.1. Data Verification


To ensure the scientific rigor and validity of the research, the data were subjected to essential statistical analyses, such as tests for missing values and multicollinearity. Before testing, all data were normalized. In this study, MMS normalization (Max-Min normalization) was chosen.



Variance Inflation Factor (VIF) is a statistical method used to detect multicollinearity in regression models. Multicollinearity occurs when independent variables are highly correlated, leading to unstable regression coefficients and unreliable model interpretations. Usually, the VIF value should not be greater than 10 and preferably less than 5. High VIF values indicate strong correlations among variables, which inflate the variance of the coefficients and affect the model’s predictive ability. VIF quantifies this correlation by comparing the variance of an independent variable in the model to its variance when regressed independently, helping identify multicollinearity and improving the model’s stability and reliability. The calculation formula is as follows:


  V I F     X   i     =    1   1 −   R   i   2       



(1)







Among them,   V I F     X   i       represents the variance inflation factor of the independent variable     X   i     and the coefficient of determination (    R   2    ) obtained when conducting regression analysis, with the independent variable     X   i     as the dependent variable and all other independent variables as independent variables.     R   i   2     denotes the linear correlation between the independent variable     X   i     and other independent variables. If the value of     R   i   2     is high, it indicates a strong correlation between     X   i     and other independent variables, and the VIF value will also increase accordingly.



When the VIF value is low (usually less than 10), it indicates that the correlation between the independent variable     X   i     and other independent variables is low, that the estimation of regression coefficients is stable, and that there is no significant multicollinearity problem. When the VIF value is high (usually greater than 10), it indicates a strong correlation between the independent variable     X   i     and other independent variables, which may cause multicollinearity problems and lead to unstable regression coefficients.



The advantages of using matrix operations to calculate the VIF values are as follows: firstly, compared to the VIF values calculated using one regression method, the matrix operation method is more efficient, especially when there are many independent variables, which can significantly improve the calculation speed. Secondly, matrix operations can simultaneously calculate the VIF values of multiple independent variables, avoiding repeated calculations when regressing one by one. Finally, through the inverse operation of the matrix, the VIF value of each independent variable can be accurately calculated, ensuring the accuracy of the calculation results.



Firstly, all independent variables are organized into a matrix   X  , where each column represents an independent variable and each row represents an observation value. The second step is to calculate the correlation matrix   R   of the independent variable matrix   X  , which describes the linear correlation between the independent variables. Finally, the inverse matrix of the correlation matrix is used to calculate the VIF value of each independent variable. Specifically, the VIF value is the reciprocal of the diagonal elements of the inverse matrix of the correlation matrix. The formula is


  V I F     X   i     =    1   1 −   R   i   2      =    1   1 − d i a g         X   T   X     − 1         



(2)







Among them,     X   T   X   is the covariance matrix of the independent variable matrix   X  .         X   T   X     − 1     is the inverse matrix of the covariance matrix.   d i a g         X   T   X     − 1       is the diagonal element of the inverse matrix, representing the linear correlation between each independent variable and all other independent variables.



We found through the variance inflation factor (VIF) test that there was a high correlation between independent variables, and that the VIF values of multiple independent variables were much higher than the common thresholds (e.g., VIF > 10), indicating serious multicollinearity issues in the model. When there is high collinearity between independent variables, standard ordinary least squares (OLS) regression may lead to unstable regression coefficients, thereby affecting the predictive ability and interpretability of the model. To address this issue, we chose to use the ridge regression model as an alternative.




3.2. DeepLabV3+ Neural Network Model Quantification of USGGS


In this study, a semantic segmentation network based on the DeepLabV3+ neural network architecture, which was open-sourced by Chen [30], was selected. This decision was guided by the model’s exceptional performance in terms of both accuracy and processing speed, which make it stand out among the wide array of models available in the domain of computer vision (CV). Compared to traditional segmentation models, DeepLabV3+ represents a significant advancement, offering enhanced capabilities in complex tasks such as urban feature extraction. Its design is particularly suitable for urban scene analysis, enabling the precise identification and segmentation of landscape features within urban streetscapes.



The DeepLabV3+ neural network architecture builds upon DeepLabV3 as its encoder, leveraging advanced convolutional operations to generate multidimensional feature representations. A key feature of this model is its utilization of Atrous convolutions, which allow for the extraction of features at multiple scales without losing spatial resolution. To further enhance its feature extraction capabilities, DeepLabV3+ employs the Atrous Spatial Pyramid Pooling (ASPP) strategy, which facilitates multi-scale analysis by aggregating contextual information at different receptive fields. This multi-scale extraction mechanism is crucial for addressing the inherent complexity and variability of urban landscapes, where features often appear at diverse scales and orientations.



In addition to the encoder, DeepLabV3+ integrates a cascaded decoder mechanism designed to refine the segmentation output, particularly in terms of boundary details. Urban features, such as the edges of sidewalks, greenery, and other streetscape elements, often have intricate and fine-grained details that require precise delineation. The decoder mechanism in DeepLabV3+ ensures that these details are accurately captured. Furthermore, the model incorporates depthwise separable convolutions, a computationally efficient operation that simplifies the overall structure of the model, reduces the number of parameters, and enhances both accuracy and speed. These combined features position DeepLabV3+ as a highly effective tool for semantic segmentation tasks, especially those involving the analysis of urban environments. Figure 3 illustrates the operational workflow of the DeepLabV3+ neural network, highlighting its key components and processes.



To train the DeepLabV3+ model, this study utilized the Cityscape dataset, a benchmark dataset widely used for understanding urban scenes. However, recognizing the limitations of using a single dataset, the training process was further augmented with the SGSS dataset, which was specifically tailored to the study’s objectives. By integrating these two datasets, the model was equipped to accurately identify key vegetation elements within urban streetscapes, such as trees, bushes, and ground cover plants. These elements were identified based on their distinct features, enabling the model to extract and represent the structure of urban street greenery with high precision.



The enhanced DeepLabV3+ model proved particularly effective in extracting not only greenery structures but also other characteristic elements of urban streetscapes. For instance, the model demonstrated its ability to segment roads, sidewalks, buildings, and other features commonly found in urban environments. This comprehensive segmentation capability is critical for urban studies, where a detailed understanding of the spatial arrangement and composition of streetscapes is often required.



The DeeplabV3+ training freeze phase parameters used in the study are as follows: Init_Epoch = 0, Freeze_Epoch = 1000, Freeze_Batch_Size = 16 and Freeze_Lr = 5 × 10−4. The parameters for the thawing stage are as follows: UnFreeze_Epoch = 2000, UnFreeze_Batch_Size = 16 and UnFreeze_Lr = 5 × 10−3.



The results of the DeepLabV3+ model’s application are illustrated in Figure 3, which shows how the model effectively extracts urban street greenery structures and highlights the characteristic elements of urban streets. These outputs validate the model’s capacity to handle complex urban environments and provide high-quality segmentation results. Table 2 further presents some of the segmentation results, offering a quantitative assessment of the model’s performance across various feature categories.



Overall, the integration of state-of-the-art techniques in the DeepLabV3+ architecture, including ASPP and depthwise separable convolutions, combined with the use of diverse datasets for training, underscores the model’s superiority in urban scene segmentation. The ability to capture the intricate details of urban features and greenery structures marks a significant advancement in the field, providing a robust tool for urban studies and landscape analysis. Through this study, the DeepLabV3+ model has demonstrated its potential to contribute to a deeper understanding of urban environments, paving the way for further applications in landscape architecture and urban design research.




3.3. Construction of Ridge Regression Model


In linear regression models, when there is covariance between input features (i.e., high linear correlation between multiple features), the regression coefficients estimated by least squares can become very large, causing the model to perform poorly in predicting new data. Ridge regression reduces the sensitivity of the model to the data by introducing a regularization term (the square of the L2 norm) in the loss function, thus placing a limit on the size of the regression coefficients. The goal is to estimate the regression coefficients by minimizing the following objective function:


      min   β    ⁡      ∑  i = 1   n          y   i   −   β   0   −   ∑  j = 1   p      β   j     x   i j         2     + λ   ∑  j = 1   p      β   j   2          



(3)




where     y   i     is the actual output of the   i  th observation,     x   i j     is the   j  th eigenvalue of the   i  th sample,     β   0     is the bias term (intercept),     β   j     is the regression coefficient corresponding to the   j   th eigenvalue, and   λ   is the regularization parameter, which is called the “ridge coefficient” or the “penalty coefficient”, When   λ = 0  , the ridge regression is degraded to a linear regression model. Meanwhile, in ridge regression, adding the penalty term can force the regression coefficient to become smaller, thus controlling the complexity of the model and avoiding overfitting. The objective function expressed in the form of a matrix is as follows:


      min   β    ⁡        Y − X β     T     Y − X β   + λ   β   T   β      



(4)




where   Y   is the   n × 1   output vector,   X   is the   n × p   identity matrix,   β   is the   p × 1   vector of regression coefficients, and   λ   is the regularization parameter. The gradient of the objective function is as follows:


    ∇   β   = − 2   X   T     Y − X β   + 2 λ β  



(5)







Therefore, its other gradient is 0, which in turn yields an expression for the solution:


  β =       X   T   X + λ I     − 1     X   T   Y  



(6)




where   I   is the   p × p   unit matrix. The   λ I   in Equation is used to regularize the     X   T   X   matrix so that it is invertible, avoiding the case in which multicollinearity leads to a singular (irreversible) matrix.



The regularization parameter   λ   is very important in the ridge regression model because it controls the complexity of the model. When   λ = 0  , the ridge regression degenerates into an ordinary linear regression without any regularization. When   λ   is too large, the regression coefficient tends to be close to 0, the model becomes too simple, and underfitting may occur. When   λ   takes a suitable value, it can effectively reduce the variance of the model, prevent overfitting and improve the generalization capabilities of the model.



In the construction of the model, data standardization is needed first. In ridge regression, it is usually necessary to standardize the input features (i.e., the mean of each feature is changed to 0 and the variance is changed to 1) because the regularization term will be affected by different feature measures, resulting in the regression coefficients of some features being over-penalized. Second, the regularization parameter   λ   needs to be selected The most appropriate regularization parameter   λ   is selected through methods such as cross-validation, and   λ = 0.04   is a relatively small value for the model, as determined in this study through the ridge trace plots; this means that the study expects the model to penalize the data to some extent, but still retains enough fitting ability to strike a balance between the training and test sets. Third, the regression coefficients were solved for, using the closed-form solution of ridge regression (Equation (4)) to calculate the regression coefficients. Finally, the obtained regression coefficients are used to construct a model that is used to make predictions for new samples.





4. Results


This section presents the results of the ridge regression analyses for three different urban streetscape types, conducted for the years 2016, 2019, and 2022: Single Tree (S-T), Tree–Bush (T-B), and Tree–Bush–Grass (T-B-G). The dependent variables in all models were S-T, T-B, and T-B-G, representing various streetscape greening characteristics, and the independent variables included BX, RK, LDP, SR, XF, and ZXS, which correspond to different street features and conditions.



4.1. S-T (Single Tree) Ridge Regression Results


The ridge regression analysis for Single Tree (S-T) structures in 2016 identified several significant predictors, with BX (2016) showing a strong positive relationship (β = 0.285, p < 0.01), indicating that areas with more BX attributes are associated with higher levels of street greening. This suggests that the presence of certain urban features, such as wide roadways or specific land-use patterns, can foster urban greening. However, RK (2016) exhibited a significant negative effect (β = −0.171, p < 0.01), implying that road-related variables, such as road density or infrastructure, could limit the establishment of green spaces, especially in densely built areas. Figure 4 shows the visualization of variables.



Interestingly, XF (2016) had a strong positive effect (β = 0.364, p < 0.01), which might initially suggest that greater financial resources or consumption patterns correlate with more extensive green cover. However, this positive effect could also reflect areas where economic activity generates demand for public spaces, including green infrastructure, rather than a direct causal relationship. On the other hand, ZXS (2016) showed a strong negative association (β = −0.357, p < 0.01), which could reflect the reduction in green space availability caused by population density and educational infrastructure, where spaces are prioritized for development rather than greening. These findings imply that, while economic factors can drive greening efforts, population pressures and infrastructure constraints can reduce the space available for urban greening (Table 3).



By 2019, the predictors for S-T structures remained largely consistent, with BX (2019) showing a continued positive relationship, but XF (2019) losing its significance (p = 0.604). This weakening suggests that while economic factors initially drove greening efforts, their influence may have diminished over time due to changing priorities or other socio-economic challenges, such as the shifting focus towards infrastructure development rather than environmental concerns. LDP (2019) showed a modest positive effect (β = 0.090, p < 0.01), pointing to the continued role of local development plans in shaping green spaces, though the effect size is smaller than in previous years (Table 4).



In 2022, BX (2022) remained a significant positive predictor (β = 0.270, p < 0.01), reinforcing the idea that specific urban features conducive to greening, such as open spaces or planned developments, continue to be crucial. However, ZXS (2022) continued to show a negative impact (β = −0.188, p < 0.01), signaling that areas with a higher population density, especially in educational zones, may face greater challenges in incorporating green spaces due to land use competition. XF (2022) exhibited a small yet significant negative effect (β = −0.042, p = 0.011), suggesting that, despite economic recovery, resources may still be redirected away from green space investments due to other competing urban priorities (Table 5).




4.2. T-B (Tree–Bush) Ridge Regression Results


For the Tree–Bush (T-B) structures, significant predictors in 2016 included BX (2016) (β = 0.312, p < 0.01), RK (2016) (β = −0.221, p < 0.01), and XF (2016) (β = 0.447, p < 0.01). These results confirm that urban greening in residential areas (which often contain T-B structures) is influenced by a combination of spatial and economic factors. The BX attributes again demonstrate a positive association with green space, while RK indicates that road infrastructure may interfere with space availability for more complex green systems, such as T-B. The positive correlation between XF and T-B structures in 2016 also suggests that higher consumption expenditure may facilitate the creation of more diverse green spaces, particularly where economic activity and residential development intersect. Figure 5 shows the visualization of variables.



However, the results for ZXS (2016) show a strong negative effect (β = −0.436, p < 0.01), reinforcing the notion that educational zones, characterized by high student populations, may not prioritize green infrastructure due to the competition for land for educational purposes. LDP (2016), while still significant, had a much smaller effect (β = 0.016, p = 0.008), indicating that local development plans continue to have some influence on T-B structures, but that this influence is not as strong as economic or spatial factors (Table 6).



In 2019, BX and RK continued to show significant positive and negative effects, respectively, with ZXS again displaying a significant negative impact (β = −0.257, p < 0.01). This suggests that educational pressures continue to limit the availability of green space. Interestingly, XF (2019) became non-significant (p = 0.300), further supporting the idea that economic factors may not be as influential over time, possibly due to shifting priorities in urban development (Table 7).



By 2022, BX remained a key positive predictor (β = 0.308, p < 0.01), while LDP (2022) became significant again (β = 0.022, p < 0.01), suggesting a renewed focus on local development plans in urban greening. However, the negative impact of ZXS (2022) (β = −0.221, p < 0.01) and the mixed effect of XF (2022) (β = −0.025, p = 0.120) reflect ongoing challenges in balancing socio-economic pressures with the need for diverse urban green spaces (Table 8).




4.3. T-B-G (Tree–Bush–Grass) Ridge Regression Results


For Tree–Bush–Grass (T-B-G) structures, BX (2016) was again a significant positive predictor (β = 0.168, p < 0.01), reinforcing the trend that urban features conducive to large green spaces positively influence more complex greening systems. However, RK (2016) showed a minor negative effect (β = −0.037, p < 0.01), which could indicate that while T-B-G structures require larger areas, certain urban infrastructure or roads limit the potential for such comprehensive green systems. Figure 6 shows the visualization of variables.



Interestingly, ZXS (2016) also exhibited a negative relationship (β = −0.196, p < 0.01), which further highlights the spatial competition between educational facilities and urban green spaces. LDP (2016) had a small positive impact (β = 0.047, p < 0.01), but XF and SR were not significant, indicating that for T-B-G structures, other urban variables may be more influential (Table 9).



In 2019, BX (2019) remained a positive predictor (β = 0.070, p < 0.01), but RK and LDP showed weak or no significant effects, suggesting a weakening of infrastructure’s impact on green space availability. Similarly, ZXS (2019) remained negative, further emphasizing the spatial challenges posed by education facilities (Table 10).



By 2022, BX (2022) maintained its significant positive impact (β = 0.273, p < 0.01), and ZXS (2022) continued to exert a negative influence (β = −0.155, p < 0.01). However, RK (2022) was no longer significant (p = 0.998), indicating that by this time, road infrastructure was less of a barrier to T-B-G structures. This change might reflect a shift in urban development priorities towards more sustainable and flexible green spaces that can coexist with other infrastructure. However, the negative impact of XF (2022) (β = −0.115, p < 0.01) suggests that financial constraints and economic challenges continue to affect the implementation of such green spaces (Table 11).





5. Discussion


5.1. Changes in Urban Greening Structure Before and After COVID-19: Distribution Patterns and Their Impact


This study reveals significant insights into the spatial distribution of three types of urban greening structures—Single Tree (S-T), Tree–Bush (T-B), and Tree–Bush–Grass (T-B-G)—and how their distribution is influenced by socio-economic factors in the context of Beijing. The results indicate that the distribution patterns of these structures are closely linked to the degree of commercialization, population mobility, and available space for greening in different urban areas. Understanding these patterns is crucial for interpreting the performance of each structure and its response to socio-economic changes during and after the COVID-19 pandemic.



Single-Tree (S-T) structures are most commonly found in areas with dense road networks and higher levels of commercialization. These areas, characterized by a prevalence of hard surfaces such as pavements, restrict the available planting space, which consequently affects the distribution of S-T structures. The pandemic highlighted the resilience of these structures, as S-T proved to be well suited to areas with high commercial activity and foot traffic but limited space. The low maintenance and space-efficient nature of S-T structures made them more adaptable to economic constraints and reduced public spending during the pandemic. However, while S-T structures are practical in commercial zones, their ecological value is limited compared to more complex green systems. Future research should explore the long-term ecological impacts of the widespread use of S-T structures in high-density urban areas, as well as strategies for enhancing their biodiversity.



Tree–Bush (T-B) structures are typically located in residential areas with lower levels of commercialization. These areas tend to have more available space for planting, making them better suited to the development of T-B structures, which require more room and maintenance. The decline in support for T-B structures during the pandemic, especially in areas facing greater economic pressure, reflects a broader trend of prioritizing simpler, low-maintenance greening forms in times of economic uncertainty. While T-B structures provide a range of ecological and social benefits, including enhanced air quality and social cohesion, their higher maintenance costs and space requirements make them vulnerable during financial crises. The reduced support for T-B structures during the pandemic underscores the challenge of maintaining complex green infrastructure in areas with limited resources. Future urban greening strategies should focus on integrating T-B structures into residential areas in ways that balance ecological benefits with cost-effective management.



The Tree–Bus–-Grass (T-B-G) structure is primarily found in suburban and lower-commercial activity areas, where space is more abundant. However, this structure experienced a significant decline in support during the pandemic, particularly in highly commercialized regions. T-B-G structures, which require larger spaces and more resources for maintenance, were less likely to be prioritized in areas where economic pressures led to the reallocation of funds. The reduction in support for T-B-G highlights the growing tension between the demand for multifunctional green spaces and the financial constraints faced by urban areas. While T-B-G structures offer essential ecological services, such as biodiversity enhancement and stormwater management, their complexity makes them less feasible during periods of economic downturn. The pandemic, by shifting priorities toward immediate economic recovery and basic infrastructure, has highlighted the need for more flexible and resilient green infrastructure that can adapt to varying economic conditions. Future urban greening efforts should explore how T-B-G structures can be integrated into more densely built environments or adapted to smaller spaces to ensure their continued ecological contribution.



As the post-pandemic recovery continues, urban greening strategies must be more flexible and resilient to changing socio-economic conditions. The distribution of S-T, T-B, and T-B-G structures suggests that different areas of the city require different approaches to urban greening. In highly commercialized districts, where space is limited, simpler greening forms like S-T are more feasible. Meanwhile, in suburban or less commercialized areas, where more space is available, T-B and T-B-G structures can be implemented to enhance ecological diversity and environmental quality. Future urban greening policies should aim to balance the needs of different urban areas, integrating simple and complex green structures in a way that maximizes both ecological benefits and social well-being.




5.2. The Influence of Socio-Economic Factors: Shifts in Consumption Patterns and Population Mobility


The analysis of socio-economic variables, such as the per capita disposable income (SR) and consumption expenditure (XF), provides important context for understanding how economic shifts influence urban greening. During the pandemic, as disposable income increased, there was a significant rise in the demand for more complex green spaces, particularly T-B-G structures. This trend indicates that as residents’ incomes grew, they began to place greater emphasis on environmental quality, particularly in residential areas. The increase in disposable income likely reflects a broader societal shift toward prioritizing quality of life and environmental health. However, this shift also underscores the disparity in green space demand across different socio-economic groups. Wealthier neighborhoods, where residents have more disposable income, are more likely to invest in multifunctional greening forms, while lower-income areas may face challenges in prioritizing green infrastructure. Future research should investigate how socio-economic disparities influence residents’ engagement with urban greening and how policies can bridge this gap to ensure that all communities benefit from green space investments.



During the pandemic, XF expenditures were largely directed toward essential goods and healthcare, leading to a reduction in financial support for urban greening projects. This was particularly noticeable for T-B-G structures, which are resource-intensive and require higher levels of investment. The shift in consumption patterns reveals a direct link between economic pressure and the prioritization of urban infrastructure. As financial resources were diverted towards immediate needs, such as healthcare, the long-term sustainability of green infrastructure was compromised. The findings suggest that, in future crises, urban greening projects must be designed with greater flexibility to withstand financial fluctuations. Diversifying funding sources, including public–private partnerships (PPP), could ensure the continued support and development of green spaces, even during periods of economic instability.



The significant negative impact of the number of high school students (ZXS) on T-B and T-B-G structures, particularly during the pandemic, highlights how disruptions to education affect the demand for green spaces. With the shift to online learning, there was a reduction in the time students spent in school and, by extension, a decrease in the need for green spaces around schools. This was especially true for T-B-G structures, which are often present in school environments and their surrounding areas. The redirection of funds from campus greening to online education infrastructure further exacerbated the decline in green space investment in educational settings. This trend raises concerns about the future role of school-based greening in promoting students’ mental and physical health. Urban greening policies should consider the importance of green spaces in educational environments, even as educational models shift, to ensure that students continue to have access to beneficial green spaces.




5.3. Limitations and Future Research Directions


This study also has some limitations that provide directions for future research. First, due to limited data sources, this study focuses solely on Beijing and does not compare the impact of individual characteristics versus urban environments across different cities or countries. Future research should extend this analysis to multiple cities or representative cities from different countries, and obtain more granular socio-economic and urban environmental data to conduct regression analyses on various types of urban greening and infrastructure.



Second, although we differentiate between trees, bushes, and grass within the streetscape physical environment, we did not account for factors like tree health or aesthetic quality, which are suggested by the “broken windows theory” to be key factors; this emphasizes the importance of active street monitoring and maintenance. Future studies should explore how these factors influence the effectiveness and sustainability of urban greening projects, as maintaining green spaces in a healthy, aesthetically pleasing state can significantly enhance their ecological and social benefits.



Despite these limitations, the findings of this study provide valuable insights into the role of urban greening in shaping socio-economic dynamics and highlight important areas for further research in the field of urban sustainability and resilience.





6. Conclusions


This study explores the relationship between urban greening structures and socio-economic factors in Beijing, focusing on three types of urban greening: Single Tree (S-T), Tree–Bush (T-B), and Tree–Bush–Grass (T-B-G). The analysis utilized a combination of statistical methods, including ridge regression, to quantify the impact of socio-economic variables and urban features on the distribution of these green structures across different districts. The key findings of this study are as follows:




	(1)

	
Urban Greening Structures and Their Socio-Economic Determinants: The distribution of S-T, T-B, and T-B-G structures is significantly influenced by socio-economic factors such as population mobility, disposable income, and consumption patterns. In highly commercialized areas, Single-Tree (S-T) structures are more prevalent due to the limited space and lower maintenance costs, while Tree–Bush (T-B) and Tree–Bush–Grass (T-B-G) structures are more common in suburban areas where space for green development is abundant. The results underscore the need for tailored urban greening strategies that account for both space constraints and socio-economic conditions across different urban districts.




	(2)

	
Impact of Socio-Economic Factors on Urban Greening: Socio-economic variables such as the per capita disposable income (SR) and consumption expenditure (XF) were found to be significant predictors of the distribution of complex green spaces like T-B and T-B-G. As residents’ income levels increased, the demand for more sophisticated green spaces also rose, particularly in residential areas. However, the pandemic led to a shift in consumption patterns, with increased spending on essential goods and healthcare reducing financial support for urban greening projects. This highlights the vulnerability of green infrastructure during economic downturns and suggests that urban greening policies must incorporate greater flexibility to adapt to fluctuating economic conditions.




	(3)

	
Pandemic’s Impact on Urban Greening: The COVID-19 pandemic significantly influenced urban greening, with a noticeable decline in support for complex green spaces such as T-B-G, particularly in highly commercialized regions. The pandemic shifted priorities toward immediate economic recovery, which led to a reallocation of resources away from urban greening. This study demonstrates the need for more resilient green infrastructure that can withstand economic pressures and adapt to changing circumstances. Future urban greening efforts should consider how to integrate multifunctional green spaces into denser urban areas to ensure their continued ecological and social benefits.




	(4)

	
Future Research and Policy Implications: This study advances our understanding of the relationship between urban greening and socio-economic dynamics. It highlights the importance of incorporating socio-economic disparities and shifting consumption patterns into urban greening strategies. The findings suggest that urban greening policies should promote more equitable green space distribution, particularly in lower-income areas, and emphasize the importance of maintaining green spaces even during economic crises. Further research is needed to explore the long-term ecological impacts of different types of urban greening and the role of socio-economic factors in shaping green infrastructure.









Overall, this study provides valuable insights into the evolving dynamics of urban greening in Beijing and offers recommendations for developing more sustainable and resilient urban green spaces. By addressing the challenges posed by socio-economic disparities and economic uncertainties, future urban greening strategies can contribute to creating more livable and sustainable urban environments.
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Figure 1. Study area. 
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Figure 2. Street view collection process. 
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Figure 3. DeepLabV3+ neural network model. 
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Figure 4. Temporal distribution of S-T structure in Beijing main urban area. 
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Figure 5. Temporal distribution of T-B structures in Beijing main urban area. 
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Figure 6. Temporal distribution of T-B-G structures in Beijing main urban area. 
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Table 1. Abbreviations of variables and time spans.






Table 1. Abbreviations of variables and time spans.





	Abbreviation
	Full Name of Independent Variable
	Data Time Span





	BX
	Number of participants in the basic pension insurance for enterprise employees
	2015–2022



	RK
	Permanent population
	2015–2022



	LDP
	Regional Gross Domestic Product
	2015–2022



	SR
	Per capita disposable income of residents
	2015–2022



	XF
	Per capita consumption expenditure of residents
	2015–2022



	ZXS
	Number of students on campus
	2015–2022







Dependent variable: S-T (Single tree), T-B (Tree–Bush), T-B-G (Tree–Bush–Grass). BSV Time span: 2013–2023. Note: The number of employees participating in the basic pension insurance of enterprises refers to the number of enterprise employees who have participated in the basic pension insurance in accordance with national laws, regulations, and relevant policies at the end of the reporting period. These data reflect the extent to which companies provide social security coverage for their employees, and is one of the important indicators used for measuring corporate social responsibility and employee welfare levels.













 





Table 2. Partial segmentation results of DeepLabV3+ neural network model (partially displayed).






Table 2. Partial segmentation results of DeepLabV3+ neural network model (partially displayed).





	Year
	Month
	Latitude
	Longitude
	Bush
	Grass
	Tree





	2016
	1
	116.1970
	39.9326
	0.0000
	0.0000
	0.0238



	2016
	1
	116.1978
	39.93258
	0.0000
	0.0000
	0.0063



	2016
	1
	116.1990
	39.93255
	0.0000
	0.0000
	0.0001



	2016
	1
	116.1997
	39.93252
	0.0004
	0.0000
	0.0014



	2016
	1
	116.1999
	39.9330
	0.0000
	0.0000
	0.0011



	…
	…
	…
	…
	…
	…
	…







Note: ‘…’ represents the omission of some data, as there is too much data to fully display. The result file link is as follows: https://github.com/muteisdope/Semantic-segmentation-results.git, accessed on 16 January 2025. 













 





Table 3. S-T ridge regression analysis results for 2016.
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Non-Standardized Coefficient

	
Standardization Coefficient

	
t

	
p

	
VIF




	
B

	
S.E.

	
Beta






	
Constant

	
0.084

	
0.004

	
-

	
20.551

	
0.000 **

	
-




	
BX

	
0.101

	
0.005

	
0.285

	
19.127

	
0.000 **

	
1.178




	
RK

	
−0.069

	
0.004

	
−0.171

	
−15.683

	
0.000 **

	
0.629




	
LDP

	
0.005

	
0.002

	
0.015

	
2.381

	
0.017 *

	
0.200




	
SR

	
−0.041

	
0.008

	
−0.097

	
−4.986

	
0.000 **

	
2.011




	
XF

	
0.124

	
0.007

	
0.364

	
16.525

	
0.000 **

	
2.573




	
ZXS

	
−0.130

	
0.006

	
−0.357

	
−20.712

	
0.000 **

	
1.576








Note: dependent variable = S-T (2016). * p < 0.05 ** p < 0.01.













 





Table 4. 2019 S-T ridge regression analysis results.






Table 4. 2019 S-T ridge regression analysis results.





	

	
Non-Standardized Coefficient

	
Standardization Coefficient

	
t

	
p

	
VIF




	
B

	
S.E.

	
Beta






	
Constant

	
0.043

	
0.003

	
-

	
15.428

	
0.000 **

	
-




	
BX

	
0.073

	
0.004

	
0.310

	
19.866

	
0.000 **

	
1.283




	
RK

	
−0.039

	
0.004

	
−0.144

	
−10.931

	
0.000 **

	
0.911




	
LDP

	
0.020

	
0.002

	
0.090

	
12.318

	
0.000 **

	
0.283




	
SR

	
0.017

	
0.005

	
0.063

	
3.457

	
0.001 **

	
1.732




	
XF

	
−0.002

	
0.003

	
−0.007

	
−0.519

	
0.604

	
1.097




	
ZXS

	
−0.066

	
0.003

	
−0.274

	
−19.452

	
0.000 **

	
1.048








Note: dependent variable = S-T (2019). ** p < 0.01.













 





Table 5. S-T ridge regression analysis results for 2022.
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Non-Standardized Coefficient

	
Standardization Coefficient

	
t

	
p

	
VIF




	
B

	
S.E.

	
Beta






	
Constant

	
0.019

	
0.003

	
-

	
5.609

	
0.000 **

	
-




	
BX

	
0.077

	
0.005

	
0.270

	
14.560

	
0.000 **

	
1.759




	
RK

	
−0.016

	
0.004

	
−0.049

	
−3.808

	
0.000 **

	
0.861




	
LDP

	
−0.002

	
0.001

	
−0.009

	
−1.730

	
0.084

	
0.125




	
SR

	
0.029

	
0.006

	
0.093

	
4.996

	
0.000 **

	
1.787




	
XF

	
−0.010

	
0.004

	
−0.042

	
−2.543

	
0.011 *

	
1.386




	
ZXS

	
−0.056

	
0.003

	
−0.188

	
−16.285

	
0.000 **

	
0.683








Note: dependent variable = S-T (2022). * p < 0.05 ** p < 0.01.













 





Table 6. T-B ridge regression analysis results for 2016.
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Non-Standardized Coefficient

	
Standardization Coefficient

	
t

	
p

	
VIF




	
B

	
S.E.

	
Beta






	
Constant

	
0.079

	
0.004

	
-

	
21.778

	
0.000 **

	
-




	
BX

	
0.100

	
0.005

	
0.312

	
21.378

	
0.000 **

	
1.178




	
RK

	
−0.081

	
0.004

	
−0.221

	
−20.762

	
0.000 **

	
0.629




	
LDP

	
0.005

	
0.002

	
0.016

	
2.650

	
0.008 **

	
0.200




	
SR

	
−0.035

	
0.007

	
−0.089

	
−4.674

	
0.000 **

	
2.011




	
XF

	
0.138

	
0.007

	
0.447

	
20.757

	
0.000 **

	
2.573




	
ZXS

	
−0.144

	
0.006

	
−0.436

	
−25.868

	
0.000 **

	
1.576








Note: dependent variable = T-B (2016). ** p < 0.01.













 





Table 7. T-B ridge regression analysis results in 2019.
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Non-Standardized Coefficient

	
Standardization Coefficient

	
t

	
p

	
VIF




	
B

	
S.E.

	
Beta






	
Constant

	
0.052

	
0.003

	
-

	
16.457

	
0.000 **

	
-




	
BX

	
0.071

	
0.004

	
0.270

	
17.156

	
0.000 **

	
1.283




	
RK

	
−0.045

	
0.004

	
−0.147

	
−11.094

	
0.000 **

	
0.911




	
LDP

	
0.024

	
0.002

	
0.095

	
12.850

	
0.000 **

	
0.283




	
SR

	
0.021

	
0.005

	
0.070

	
3.847

	
0.000 **

	
1.732




	
XF

	
−0.004

	
0.004

	
−0.015

	
−1.037

	
0.300

	
1.097




	
ZXS

	
−0.069

	
0.004

	
−0.257

	
−18.069

	
0.000 **

	
1.048








Note: dependent variable = T-B (2019). ** p < 0.01.













 





Table 8. T-B ridge regression analysis results for 2022.
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Non-Standardized Coefficient

	
Standardization Coefficient

	
t

	
p

	
VIF




	
B

	
S.E.

	
Beta






	
Constant

	
0.028

	
0.004

	
-

	
7.831

	
0.000 **

	
-




	
BX

	
0.095

	
0.006

	
0.308

	
16.657

	
0.000 **

	
1.759




	
RK

	
−0.028

	
0.005

	
−0.080

	
−6.195

	
0.000 **

	
0.861




	
LDP

	
−0.007

	
0.001

	
−0.022

	
−4.408

	
0.000 **

	
0.125




	
SR

	
0.033

	
0.006

	
0.097

	
5.207

	
0.000 **

	
1.787




	
XF

	
−0.006

	
0.004

	
−0.025

	
−1.553

	
0.120

	
1.386




	
ZXS

	
−0.072

	
0.004

	
−0.221

	
−19.186

	
0.000 **

	
0.683








Note: dependent variable = T-B (2022). ** p < 0.01.













 





Table 9. T-B-G ridge regression analysis results for 2016.
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Non-Standardized Coefficient

	
Standardization Coefficient

	
t

	
p

	
VIF




	
B

	
S.E.

	
Beta






	
Constant

	
0.029

	
0.002

	
-

	
12.461

	
0.000 **

	
-




	
BX

	
0.034

	
0.003

	
0.168

	
10.990

	
0.000 **

	
1.178




	
RK

	
−0.008

	
0.003

	
−0.037

	
−3.344

	
0.001 **

	
0.629




	
LDP

	
0.009

	
0.001

	
0.047

	
7.430

	
0.000 **

	
0.200




	
SR

	
0.005

	
0.005

	
0.022

	
1.076

	
0.282

	
2.011




	
XF

	
−0.001

	
0.004

	
−0.004

	
−0.174

	
0.862

	
2.573




	
ZXS

	
−0.040

	
0.004

	
−0.196

	
−11.064

	
0.000 **

	
1.576








Note: dependent variable = T-B-G (2016). ** p < 0.01.













 





Table 10. T-B-G ridge regression analysis results for 2019.
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Non-Standardized Coefficient

	
Standardization Coefficient

	
t

	
p

	
VIF




	
B

	
S.E.

	
Beta






	
Constant

	
0.040

	
0.003

	
-

	
13.453

	
0.000 **

	
-




	
BX

	
0.017

	
0.004

	
0.070

	
4.346

	
0.000 **

	
1.283




	
RK

	
0.002

	
0.004

	
0.006

	
0.414

	
0.679

	
0.911




	
LDP

	
0.010

	
0.002

	
0.042

	
5.521

	
0.000 **

	
0.283




	
SR

	
−0.003

	
0.005

	
−0.011

	
−0.579

	
0.562

	
1.732




	
XF

	
−0.001

	
0.003

	
−0.003

	
−0.206

	
0.837

	
1.097




	
ZXS

	
−0.009

	
0.004

	
−0.036

	
−2.439

	
0.015 *

	
1.048








Note: dependent variable = T-B-G (2019). * p < 0.05 ** p < 0.01.













 





Table 11. T-B-G ridge regression analysis results for 2022.
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Non-Standardized Coefficient

	
Standardization Coefficient

	
t

	
p

	
VIF




	
B

	
S.E.

	
Beta






	
Constant

	
0.004

	
0.003

	
-

	
1.538

	
0.124

	
-




	
BX

	
0.068

	
0.005

	
0.273

	
14.926

	
0.000 **

	
1.759




	
RK

	
