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With the emergence of human-centered urban development goals and the increasing pursuit of a better quality of life, the architectural façades of cities are receiving growing attention. However, during the process of urban development, architectural façades often experience physical disorder. This phenomenon tends to be overlooked in targeted urban management practices or lacks cohesive urban renewal planning at a macro scale. This oversight can negatively impact the livability and attractiveness of a region. This study aims to quantify the architectural façades encountered daily by urban residents by measuring the physical disorder of architectural façades to inform better urban renewal using deep learning and space syntax. First, streetscape images of architectural façades were collected using the Baidu Maps Street View service. Subsequently, an evaluation system for architectural façades was developed, and machine learning was employed to conduct high-resolution measurements and assessments of these façades. Simultaneously, street network data is extracted and analyzed using space syntax to quantify the accessibility of architecture on each street. Finally, by integrating the analysis of architectural façades and accessibility, the study identifies priority areas for building renewal, thus providing a decision-support tool for sustainable urban renewal planning. Overall, the paper presents an innovative method that combines image data, deep learning, and space syntax-derived architectural accessibility for a quadrant analysis. It offers designers and decision makers new perspectives and enhances the livability of residents by focusing on the physical condition of architectural façades, thereby making urban renewal practices more human-centered and better aligned with the actual needs of city dwellers.
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1 Introduction

Urban construction has slowed as cities enter a stage of high-quality development, and urban renewal has gradually shifted from incremental updates to stock updates (Dai et al., 2023). People have begun to pay more attention to the problems of extensive urban construction. Such as concerns over the quality and diversity of buildings and the loss of architectural diversity (Monastyrskaia, 2016), as well as how to adapt to current social development while preserving the historical façade of traditional buildings (Zhou et al., 2017), thereby creating a better urban appearance.

The decision-making process in Chinese urban renewal efforts is related to whether a specific area is within the urban renewal plans formulated by local governments (Cheshmehzangi et al., 2023). Most of these plans are macro-level controls from the top down (Wang et al., 2022), lacking public participation and failing to fully consider residents’ perceptions and needs for actual urban space. The development of urban renewal plans at this stage still relies on government officials’ assessments of social, economic, and environmental factors (Zheng et al., 2014). To address this, some scholars have proposed sustainable urban renewal decision theory models (Zheng et al., 2017) and comprehensive benefit evaluation indicators (Hao and Wang, 2023). Others suggest integrating urban planning principles with residents’ needs (Sheikh and van Ameijde, 2022) and studying livability indices about health and well-being data (Badland et al., 2014; Chi and Mak, 2021) to inform urban planning policies.

Architectural façades are one of the most crucial elements in urban spatial indicators. Current methods for assessing architectural façades include implicit association tests (IAT) (Mastandrea et al., 2011) and environmental perception and emotional evaluation of contemporary versus traditional styles through 360-degree videos of natural environments (Mouratidis and Hassan, 2020). However, there is still a lack of intuitive and quantitative measurement methods. Traditional aerial photography focuses more on building outline data. With the rapid development of artificial intelligence, street view images, and machine learning, they provide technical support for comprehensively and rapidly simulating perceptions of street views from pedestrain, offering new approaches to simulating people’s perceptions of buildings (Jiao and Zhao, 2019; Ma et al., 2021; Olaode and Naghdy, 2019).

Currently, many scholars are beginning to use space syntax to quantify some aspects of urban space. With the rise of artificial intelligence, digital technologies are being integrated into architectural design (Zhang Z. et al., 2023) and urban renewal processes and development (Shach-Pinsly, 2021). Through network topology measurement models, the order and disorder of street networks can be quantified (Mohajeri et al., 2013). Using OSM data and the OSMnx tool, combined with actual measurements, urban spatial order can be visualized (Boeing, 2019). Additionally, by defining physical disorder phenomena, visual characteristics, and auditing guidelines, physical disorders can be evaluated and monitored in community environments (Chen et al., 2023). Training diffusion models also explore the potential for preserving and renovating historical architecture (Zhang et al., 2024).

To objectively evaluate the physical disorder of architectural façades and street accessibility, thereby providing references for urban renewal, two key issues must be addressed: 1) How to quantitatively measure the degree of physical disorder in urban architectural façades; 2) The correlation between the degree of physical disorder in urban architectural façades and architectural accessibility, and its significance for urban renewal. To address these issues, this research combined machine learning, which simulates human perceptions of actual architectural façades, and space syntax, which can analyze architectural accessibility, revealing the relationship between spatial organization and human activity in a quantitative manner. By understanding spatial structures, we can infer how a city functions. Therefore, this study aims to use big data to collect information and machine learning to assess the condition of architectural façades. By integrating these assessments with architectural accessibility, the research forms a complete analytical loop—from human perceptions of urban spaces to inferring possible human activities based on urban spatial structure. This approach provides a solid foundation for more informed decisions in urban architectural renewal. To jointly analyze the accessibility and visibility of architectural façades from a human perspective, this paper: 1) Defines and quantitatively analyzes the physical disorder of architectural façades using street view images; 2) Analyzes architectural accessibility; 3) Integrates the physical disorder of architectural façades with architectural accessibility to determine building renovation priorities, proposing a more evidence-based workflow for urban renewal.



2 Literature review


2.1 Research on physical disorder in architectural façades

The architectural façade is an organic unity of a city’s external image and intrinsic spirit, intuitively displaying its heritage, uniqueness, and quality. It reflects the comprehensive and positive portrayal of the city’s physical characteristics, social culture, and economic features. The architectural façade of Chinese cities is influenced by natural geography, historical culture, lifestyle habits, and architectural technology (Zhao, 2020). With rapid urban development and a weakening of conservation awareness, some historic districts have suffered varying degrees of damage, with some even being demolished, leading to changes in local architectural façades. As urban construction enters a stage of stock development, finding a balance between preserving the historical character of traditional buildings and adapting to contemporary urban development is a crucial issue in urban renewal.

Physical disorder in architectural façades refers to irregularity, chaos, or disorder within a building and its environment. Since the 2010s, architects from China and abroad have increasingly focused on existing urban architectural façade issues. They initiated a series of studies on urban architectural façades and urban form, cultural identity, urban renewal and transformation, sustainable urban development, and social psychology. Research on the relationship between order and disorder in urban architecture has revealed a close connection between the spatial properties of urban environments produced by architectural façade physical disorder and antisocial behavior (Friedrich et al., 2009; González Martínez, 2020). Extensive related research indicates that disordered physical environments in districts can harm physical health (Chen et al., 2023), affect neighborhood relationships (Ross and Jang, 2000), and exacerbate racial issues (Franzini et al., 2008; Sampson and Raudenbush, 2004).

For scientific method-based studies on the identification and analysis of architectural façades (Diego, n.d.), there are feature extraction modules based on Deformable Part Models (DPM) preprocessing of images (Zhao et al., 2018); architectural model selection based on style constraints (Chavez et al., 2009); computation of dark original color feature information of architectural images, improvement of architectural image clarity through adaptive wavelet denoising; feature detection for architectural images of different styles to achieve intelligent computation and classification recognition of architectural styles (Chen, 2018).

Dense convolutional networks (DenseNet) have found widespread application in image feature extraction. They alleviate the vanishing-gradient problem, strengthen feature propagation, encourage feature reuse, and substantially reduce the number of parameters (Huang et al., 2022). DenseNet performs exceptionally well in computer vision tasks, particularly image classification and object detection. The image classification performance under the DenseNet architecture is superior and can be applied to tasks such as detecting and classifying cracks in building concrete (Akgül, 2023; Zhang et al., 2019) and recognizing and classifying different types of waste (Oktaviana and Azhar, 2021). Additionally, when applied to pedestrian detection, the DenseNet model can accurately detect, track, and predict pedestrians’ expected behavior (Qi, 2024; Saleh et al., 2020).



2.2 Urban architectural accessibility: Space Syntax

Accessibility refers to the time, distance, and convenience required for people to reach their target buildings. It focuses on the travel distance needed to reach a target building, where shorter distances reduce travel time and costs, usually resulting in better accessibility. As a critical theory in urban planning, Space Syntax can quantitatively analyze the spatial relationship between buildings and street networks, assess their accessibility, and predict the flow of movement within the street network (Hillier and Iida, 2005). Space Syntax software such as Depthmap or sDNA can quantify traffic flow in street networks. Spatial Design Network Analysis (sDNA), developed by Cardiff University in 2011, is a widely used tool for sDNA (Malleson et al., 2015).

With the application of technologies like GIS, researchers have studied architectural accessibility at the human scale well. Scholars use Space Syntax to assist in quantifying the accessibility of urban parks and street vitality and to evaluate daily access to street greenery and housing prices (Huang et al., 2020; Xu et al., 2018; Ye et al., 2019b). From these, results evaluating the spatial quality of urban living streets can be concluded, and the findings provided the strategic basis for citywide planning (Duan et al., 2023; Xiao et al., 2017).

Some studies have linked space syntax with machine learning and deep learning. For example, systems have been developed that integrate space syntax and use street view images and deep learning to assess the quality of urban street greenery (Xia et al., 2021); measuring greenery in frequently visited streets (Ye et al., 2019a); evaluating the inequity of urban daily accessible green resources (Zhang J. et al., 2023). Additionally, some researchers have applied these methods to urban street space assessments, using machine learning and street view images of architectural façades to conduct large-scale evaluations of façade quality and building interface continuity (Liu et al., 2017).

In summary, with the support of image data and artificial intelligence, new research potential has emerged for in-depth evaluation of daily visible and accessible architectural façades. While some studies have applied AI to assess façade styles (Chen, 2018), the combination of everyday accessibility and visible architectural quality remains unexplored. Large-scale quantification of physical disorder in architectural façades is worth investigating. Additionally, integrating accessibility and visible architectural quality indices as critical indicators in urban renewal planning is a valuable direction for future research.




3 Research methods


3.1 Study area

Nanjing, the capital of Jiangsu Province in eastern China, is a significant central city in the region. As a “National Historical and Cultural City,” the city greatly emphasizes its architectural façade. Gulou District, located in the central part of Nanjing and one of the eight main urban districts, serves as the center for economy, culture, and education in Nanjing, as well as the political, cultural, and administrative center of Jiangsu Province. The study area spans 54.18 square kilometers with a permanent population of 940,400, resulting in a high population density. With the city’s development, changes in the architectural façade have led to various degrees of disorder, thereby affecting architectural accessibility. Therefore, with its significant research value, the Gulou District of Nanjing has been selected as the study area (Figure 1).

[image: Figure 1]

FIGURE 1
 Study area.




3.2 Research framework

This study primarily encompasses four main stages. First, detailed road network data and Street View Images (SVI) of Gulou District are collected using Open Street Map (OSM) and the Baidu API. Then, through manual curation and preprocessing techniques, a machine learning model based on DenseNet169 is trained to discern whether architectural façades are disordered and identify physical disorders in the captured street view images. Subsequently, using the Space Syntax tool sDNA and considering a 15-min living circle with an 800 m travel distance as the standard, the accessibility of streets is quantified. Finally, by analyzing whether physical disorder exists in the architectural façade and the level of architectural accessibility, the study offers planning recommendations for urban architectural façade renewal from different dimensions (Figure 2).

[image: Figure 2]

FIGURE 2
 Research framework.




3.3 Collection of street space street view images

This study’s road network data were sourced from the Open Street Map. To comprehensively display the extent of architectural façade disorder in the street views of Gulou District, we conducted a thorough analysis of 4 images in each site with 360°view using the Baidu open platform. Sampling points at equal intervals were generated based on a 30-meter sampling distance. For each sampling point, street view images from Baidu in four directions were collected, resulting in front, back, left, and right street view images for a total of 12,349 sampling points. Ultimately, two perspectives perpendicular to the street were selected to simulate the visual experience of a person observing the architectural façade while walking along the street, akin to a human viewpoint (Figure 3).

[image: Figure 3]

FIGURE 3
 Sample point street view examples.




3.4 Developing an evaluation system for physical disorder in architectural façades and using deep learning for assessment

Redefining physical disorder in architectural façades on this basis allows for establishing more specific quantitative standards in the evaluation system for physical disorder in architectural façades. The evaluation criteria for architectural façade physical disorder are divided into four parts:

1) The comprehensive quality score of the façade; 2) the additional architectural decoration score; 3) the street-facing commercial storefront score; 4) the completeness score of the ancillary infrastructure of the building (Figure 4).

[image: Figure 4]

FIGURE 4
 The redefinition of physical disorder in architectural façades.


In terms of the overall quality of architectural façades, the study examines factors such as the building’s age, level of deterioration, harmony of different architectural styles, and unauthorized constructions. Except for buildings designated as cultural heritage, the longer a building has been in use, the more severe its damage, the less uniform its architectural style, and the greater the number of illegal constructions, the higher the degree of physical disorder in the architectural façades is likely to be.

Regarding additional architectural decorations, the chaotic sizes and colors of billboards, privately added long clotheslines and unauthorized network cables impact the overall architectural façade. The more types of additional decorations and the more disordered their scale and color, the higher the degree of physical disorder in the architectural façade.

For street-facing commercial storefronts, when renovating, businesses often focus solely on their own design rather than coordinating with neighboring shops. Therefore, it is essential to consider the overall harmony and tidiness of the storefront signage. The older the storefront and the more out of sync it is with surrounding shops, the higher the degree of physical disorder in the architectural façades will likely be.

Regarding the completeness of architectural ancillary infrastructure, factors such as temporary construction areas, differences in the styles of ancillary infrastructure from different eras, and disorderly vehicle parking can all impact the overall architectural façades (Figure 4).

This study employs deep learning to automatically extract pixel semantic information, simulate the human perception of architectural façades, and comprehensively analyze the degree of physical disorder in architectural façades using the Baidu API. The scoring standards for physical disorder in architectural façades were determined through manual scoring discussions, where examples corresponding to different scores for each sub-item were selected. Subsequently, machine deep learning was used to score each sample area individually.

After filtering out images without buildings, the remaining images were scored based on four aspects: comprehensive quality of the façade, quality of additional architectural decorations, condition of street-facing commercial storefronts, and completeness of the building’s ancillary infrastructure. According to the redefinition of physical disorder in architectural façades, a score of 3 is given for no disorder, 2 for one type of disorder or mild disorder, 1 for two types of disorder or severe disorder, and 0 for three types of disorder or extremely severe disorder.

The street view images obtained were then scored, forming a relatively complete evaluation system. A total score of 9–12 indicates good perception of architectural façade quality, 5–8 indicates some degree of physical disorder (medium quality of architectural façade), and 0–4 indicates severe physical disorder (low quality of architectural façade).

To enhance the accuracy of the evaluation, this study invited seven scholars with architectural education or experience in façade renovation design to score a sample of 2,786 sampling point images. Images without buildings were labeled as “none,” and the selected images with buildings were labeled as “high,” “medium,” or “low” according to the scoring standards. The other samples were also labeled as “high,” “medium,” or “low” based on the scoring criteria.

The scored samples are randomly fed into the deep learning training process. First, construct an image classification dataset and divide it into training and test sets. Next, a pre-trained image classification model from ImageNet will be used to make initial predictions. Then, train an image classification model using transfer learning in PyTorch, predicting images with the trained model and evaluating its classification accuracy on the test set. Finally, deploy the model.

A CNN-based machine learning model under deep supervised learning is used to train an objective classification model. After multiple rounds of training with sample images of architectural façades and achieving an accuracy rate of 83% on comparison samples, the model is applied to sample images from the Gulou District of Nanjing for analysis. This results in 10,600 sampled street view images of buildings being labeled as “high,” “medium,” or “low” based on the scoring criteria (Figure 5).

[image: Figure 5]

FIGURE 5
 CNN model.




3.5 Integration of architectural accessibility measurement and physical disorder of architectural façades

This study utilizes space syntax to analyze the street network, selecting an 800-meter radius as the daily activity radius to analyze the integration and choice of the street network (Kim and Penn, 2004). Based on this, a simulated analysis of architectural accessibility is conducted. Integration measures a space’s ability to attract traffic as a destination, reflecting its centrality within the system (Sharmin and Kamruzzaman, 2018). Choice examines the advantages a spatial unit has as the shortest path of travel, reflecting the possibility of the space being traversed. These two parameters complement each other and can reveal the street network’s impact on the city’s physical formation (Kim and Sohn, 2002), as well as pedestrian movement patterns under changes in spatial and temporal resolution (Ericson et al., 2021).

[image: image]

In Equation 1, [image: image] represents the number of line segments experienced from the given line segment to all other line segments, and [image: image] represents the sum of the shortest angles from the given line segment to all other line segments.

[image: image]

In Equation 2, [image: image] refers to the shortest path from line segment j to line segment k, and [image: image] refers to the shortest path from line segment j to line segment k that includes line segment i.

At the same time, Kernel Density Estimation (KDE) is used, which is a method for estimating the density of spatial point distributions (Cai et al., 2013; Okabe et al., 2009), based on the assumptions of smoothness, locality, and uniformity. By applying KDE to sample points with different qualities of architectural façades, it is possible to clearly observe the distribution of “low,” “medium,” and “high” categories of façades.

[image: image]

In Equation 3, ([image: image]) represents the position of each point, ([image: image]) is the distance from ([image: image]) to ([image: image]), ([image: image]) determines the smoothness of the density estimation and the scope of influence of the kernel function, ([image: image]) is the kernel function, and the choice of this function affects the results of the density estimation.

By integrating the analysis of the degree of physical disorder in architectural façades with architectural accessibility analysis, overlaying the accessibility analysis obtained from sDNA with the final score of each sampling point on a plane, a comprehensive judgment result of accessibility and façade quality scores is obtained. This result can identify areas with low degrees of physical disorder in architectural façades and high architectural accessibility. These areas, featuring pleasing architectural façades and convenient transportation, can be considered well-developed areas. Meanwhile, areas with severe physical disorder in architectural façades and high accessibility can be prioritized for architectural renovation.

Integrating the analysis of the physical disorder of architectural façades and building accessibility, a quadrant analysis method can be used to determine renovation priorities. This method provides scientific evidence and decision support for urban renewal and development. It also identifies areas needing enhanced transportation infrastructure to improve accessibility and attractiveness. This method boasts high accuracy and applicability, holding broad prospects for application in actual urban renewal efforts (Figure 6).

[image: Figure 6]

FIGURE 6
 Architectural accessibility and its correlation with physical disorder in architectural façades.





4 Results


4.1 Analysis of architectural façade quality based on Baidu maps

Figure 7 shows the analysis integrating the evaluation of the physical quality of architectural façades at each sampling point. The evaluation of physical disorder in architectural façades for each street is expressed based on the average score of physical disorder in architectural façades from the Baidu API.

[image: Figure 7]

FIGURE 7
 Schematic of the physical disorder of architectural façades in Gulou District, Nanjing City.


As shown in the chart below, the average score for physical disorder in architectural façades is 9.6. The highest score within the study area is 11, while the lowest score is 2. The majority of the area’s scores for physical disorder in architectural façades are concentrated between 8 and 10. Through classification based on DenseNet169, the quality of street architectural façades is divided into three categories: low, medium, and high.



4.2 Architectural accessibility analysis based on space syntax

Figure 8 illustrates the architectural accessibility of the Gulou District in Nanjing, with varying shades representing different levels of street accessibility. In Figure 8A, accessibility is measured by the ability of a space to attract incoming traffic as a destination. The higher the integration of the space, the better its accessibility, making it more likely to attract foot traffic. Figure 8B reflects the likelihood of a space being traversed; spaces with higher choice values are more likely to be crossed by pedestrians.

[image: Figure 8]

FIGURE 8
 Architectural accessibility. (A) Integration, (B) Choice.


Streets in red indicate higher accessibility, suggesting that these areas have well-developed transportation networks, allowing pedestrians or vehicles to reach these locations efficiently. Streets shown in blue indicate lower accessibility. The figure indicates that pedestrian accessibility in Gulou District is generally good, especially in historical, commercial, and residential areas with higher accessibility. However, Figure 8 also shows lower choice values in the northeastern part of the district, likely due to efforts to preserve the natural environment by limiting the density of transportation networks in that area.



4.3 Comprehensive analysis of physical disorder in architectural façades and architectural accessibility

Figure 9, through a kernel density map, shows the distribution of sampling points with “low-1, medium-2, and high-3” architectural façade quality across the city, along with accessibility results. The density distribution gradually increases from blue to red. This indicates a certain similarity between the distribution density of various sampling points and the distribution of accessibility results. Areas with higher accessibility tend to have more buildings, which are more likely to exhibit either pleasing architectural façades or cases of architectural façade disorder.

[image: Figure 9]

FIGURE 9
 Kernel density map of sampling points by façade quality classification and accessibility kernel density map. (A) Low architectural façade quality kernel density map, (B) medium architectural façade quality kernel density map, (C) high architectural façade quality kernel density map, (D) accessibility kernel density map.


To determine the priorities for building renovation, this study employs the quadrant analysis method, also known as the BCG Matrix. It analyzes two dimensions: the physical disorder of architectural façades and building accessibility. By integrating the degree of physical disorder in architectural façades with architectural accessibility, it is possible to help determine the priorities for architectural renovation, providing data support for urban renewal. Areas with severe physical disorder in architectural façades and high architectural accessibility indicate an urgent need for façade renovation. These areas have a higher priority for renovation because they are urban spaces that people use more conveniently and frequently, making architectural façade renovation significant. Conversely, areas with pleasing architectural façades and low architectural accessibility have a lower priority for renovation.

Additionally, areas with a medium level of architectural façade disorder and architectural accessibility should consider both factors’ results in a weighted manner when determining renovation priorities. In summary, in the process of urban renewal, areas with severe physical disorder in architectural façades and high architectural accessibility should be given priority. Following this principle, urban renewal efforts can be progressively implemented (Figure 10).

[image: Figure 10]

FIGURE 10
 Relationship between accessibility and architectural renovation priority.





5 Discussion


5.1 Measuring architectural façade conditions: an exploration of urban renewal practice methods

By integrating the degree of physical disorder of architectural façades with the accessibility of architecture, the accuracy of assessing the practical benefits of renovation plans can be enhanced, providing a theoretical basis for urban renewal. This combined assessment offers a quantitative approach to identifying potential priority areas for architectural renovation by exploring the relationship between the physical disorder of architectural façades and their accessibility. It also helps prioritize renovation projects, improving decision-making accuracy for urban planners and, to some extent, reducing the costs associated with planning issues. In particular, the Gulou District of Nanjing, where urbanization occurred earlier, presents a strong demand for building renovations due to the presence of numerous aging neighborhoods and architectural sites from different periods. This district also has a high population density, leading to higher costs for building renovations.

In summary, this paper’s main contribution is introducing a quantitative and rapid method for measuring architectural façades, fully considering human perception of architecture. While a human-centered approach has always been emphasized in urban planning, it often remains superficial in practice due to the challenges of quickly and universally measuring human perception. Inspired by recent machine learning applications for Baidu API content processing, this study aims to explore further objective evaluations of human perception of architectural façades in practical renovation planning.



5.2 A framework for analyzing the condition of daily visible architectural façades

“Daily visible architectural façades” involves a comprehensive analysis of “Daily visibility,” or “Daily accessibility,” combined with “architectural façades.” This approach focuses on how people perceive actual architecture daily, resulting in theoretical data that better aligns with real-life scenarios. The visible architectural façades are analyzed from a human perspective, emphasizing what people actually see, allowing for a more accurate assessment of the potential impact of architectural façades on human perception. The analytical framework used in this study can be replicated in other areas of architectural perception research.

For the façades themselves, a bottom-up approach can more intuitively and efficiently reflect the architectural façades perceived by everyday city users. Conversely, a top-down evaluation effectively quantifies the state of architectural façades in real-life contexts, focusing on the broader social, cultural, and psychological effects of architectural perception. Therefore, combining these two methods is applicable in this study. By profoundly exploring people’s everyday experiences of architectural perception and quantifying the impact of façades, this research enhances the understanding of the interaction between architecture and human behavior, providing both theoretical and practical foundations for creating more attractive and human-centered urban environments.



5.3 Future applicability and limitations

This study proposes a method for accurately and quickly assessing visible architectural façades over a large area, providing urban planners with crucial data for evaluating urban renewal potential. Traditional urban planning often employs a top-down approach, which frequently lacks insight into the actual perceptions of urban users. By measuring people’s perceptions of physical disorder in architectural façades, this method can effectively reflect public evaluations of façade quality and renewal needs, making it a critical factor in urban renewal decision-making.

However, the architectural renovation potential assessment method proposed in this paper still has room for improvement. Additional important livability indicators, such as street greenery rates and traffic density, must be considered in urban renewal planning. Research should focus on how these indicators affect people’s perception of architectural façades and their needs regarding the urban environment to better highlight the city’s livability. Although street view images supplement perceptions of architectural façades from a human perspective, limitations in image update frequency might lead to cognitive biases regarding newly constructed or renovated buildings. Furthermore, since street view images only capture façades on either side of the street, they do not provide a comprehensive understanding of the internal building conditions within urban blocks, potentially missing some renewal potential.

Future research should explore integrating multidimensional data and advanced algorithms to assess urban architectural façades and renewal potential comprehensively and precisely. Building on this study, the criteria for evaluating physical disorder in façades could be refined, such as identifying the proportion of disorder in specific areas, measuring the severity of the disorder, and examining the weights of different types of disorder in the scoring formula. Additionally, since urban renewal is an ongoing process, future studies should investigate how to align this assessment method with practical urban renewal practices to ensure that renewal activities genuinely enhance the urban environment.




6 Conclusion

This study integrates street view image data and machine learning techniques to construct a measure of the physical disorder of architectural façades. This approach allows for the quantification of architectural conditions over large areas. Additionally, it innovatively combines machine perception of architectural façades with sDNA of building accessibility, using a quadrant analysis method to determine renovation priorities and critical points. This method not only helps identify areas in need of building renovation but also provides theoretical support for urban planners.

Unlike single-dimension studies that rely solely on CNN for semantic recognition and classification of architectural styles, this research analyzes the physical disorder of architectural façades and building accessibility as two dimensions. Quadrant analysis determines renovation priorities based on a feedback loop between people’s perception of urban architectural façades and the feasibility of activities in urban space. Areas with severe physical disorder and high accessibility are prioritized for renovation, while areas with good architectural conditions and low accessibility are given lower priority. Thus, urban renewal should focus on areas with severe physical disorders and high accessibility. This method highlights specific regions that may require attention for building improvements, offering a new perspective and data support for urban planning and renewal.

In summary, this study establishes a rapid and scalable architectural façade scoring system. It analyzes renovation priorities based on the perception of architectural façades and the inherent patterns of human activity in urban space, providing valuable insights for urban renewal.
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