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Abstract


Urban recreational spaces (URSs) are pivotal for enhancing resident well-being, making the accurate assessment of public perceptions crucial for quality optimization. Compared to traditional surveys, social media data provide a scalable means for multi-dimensional perception assessment. However, existing studies predominantly rely on single-modal data, which limits the comprehensive capturing of complex perceptions and lacks interpretability. To address these gaps, this study employs cutting-edge large vision–language models (LVLMs) and develops an interpretable model, Qwen2.5-VL-7B-SFT, through supervised fine-tuning on a manually annotated dataset. The model integrates visual-linguistic features to assess four perceptual dimensions of URSs: esthetics, attractiveness, cultural significance, and restorativeness. Crucially, we generate textual evidence for our judgments by identifying the key spatial elements and emotional characteristics associated with specific perceptions. By integrating multi-source built environment data with Optuna-optimized machine learning and SHAP analysis, we further decipher the nonlinear relationships between built environment variables and perceptual outcomes. The results are as follows: (1) Interpretable LVLMs are highly effective for urban spatial perception research. (2) URSs within Beijing’s Third Ring Road fall into four typologies, historical heritage, commercial entertainment, ecological-natural, and cultural spaces, with significant correlations observed between physical elements and emotional responses. (3) Historical heritage accessibility and POI density are identified as key predictors of public perception. Positive perception significantly improves when a block’s POI functional density exceeds 4000 units/km2 or when its 500 m radius encompasses more than four historical heritage sites. Our methodology enables precise quantification of multidimensional URS perceptions, links built environment elements to perceptual mechanisms, and provides actionable insights for urban planning.
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1. Introduction


Urban recreational spaces (URSs) are defined as publicly accessible open spaces, buildings, and related facilities that primarily serve leisure, social interaction, and tourism experiences [1]. As a vital component of urban public space systems, URSs not only function as an important indicator of urban social civilization, but also embody the core dimension of residents’ quality of life, highlighting significant potential in enhancing urban livability and resident well-being [2]. URS perception refers to a comprehensive subjective evaluation derived from an individual’s direct experience, cognitive processing, and behavioral interactions within recreational spaces [3]. As a fundamental metric for assessing recreational experience satisfaction, it directly influences an individual’s intention to revisit, recommend the location, and place attachment formation [4]. Therefore, accurate evaluation of public perception is crucial for optimizing URS quality and for realizing its profound social value.



Despite the growing recognition of the importance of URS perception assessment, the spatial diversity of URSs poses significant evaluation challenges. Current research mainly focuses on specific URS types. Studies on ecological-natural recreational spaces (e.g., parks, green spaces, and scenic areas) constitute the majority of current perception research [5], focusing primarily on core dimensions such as esthetics, attractiveness, restorativeness, accessibility, and usability [6,7,8]. Considerable research has also utilized the cultural ecosystem services (CES) framework [9] to analyze human–environment affective bonds, where recreational activities, esthetic value, social interaction, and sense of place emerge as the most frequently perceived CES categories [10]. Concurrently, historical heritage spaces have gained scholarly attention as significant URSs that synergistically blend recreational functions with cultural significance. Research efforts have specifically concentrated on visual perception within heritage spaces [11] and cultural meaning [12,13]. Additionally, scholars have investigated public perception in urban pedestrian spaces [14], cultural venues [15], and shopping centers [16].



The advent of social media platforms in recent years has precipitated the emergence of distinctive phenomena characterized by “check-in” behaviors and “Internet Celebrity” effects. These developments have catalyzed the redesign and optimization of urban spaces, and have substantially transformed URS usage patterns [17], comprehensive space evaluations [18], and visitor–resident interaction dynamics [19]. In this context, “Internet Celebrity” check-in destinations have evolved beyond their physical attributes into media that convey spatial narratives and serve as “associative places,” bridging public cognition and emotional responses to urban environments [20]. Concurrently, extensive user-generated content from platforms such as Weibo, Xiaohongshu, and Douyin is characterized by voluntary participation, openness, and shareability. These characteristics make it a valuable resource for analyzing public spatial perception by providing genuine reflections of users’ spatial experiences [21].



In contrast to conventional survey methodologies, social media data (SMD) offer a transformative approach that overcomes traditional limitations in acquiring large-scale, multidimensional perceptual information. Previous methodological approaches employing SMD in urban spatial perception research can be classified into three principal analytical frameworks: text-based analysis, image-based analysis, and integrated text–image analysis. The text-based approach predominantly utilizes computational techniques such as word frequency analysis, topic modeling, and sentiment analysis [22,23] to identify key discussion themes regarding urban spaces from large-scale textual datasets. This approach demonstrates advantages in processing efficiency, rapid assessment of public attitudes, and strong temporal relevance [24]; however, it encounters challenges stemming from textual characteristics including internet slang, sarcastic expressions, and information noise [6]. The image-based approach concentrates on implementing computer vision techniques to automatically classify and characterize visual features in social media images. Particularly effective for visual representation of spatial information, this approach has demonstrated value in quantifying preferences for recreational cultural ecosystem services [25]. However, its limitations stem from the inherent inability of image data to directly convey emotional context, which complicates the precise differentiation of user perception tendencies [26]. Integrated text–image approaches offer a more comprehensive perspective by synergistically analyzing textual and visual information. Early multi-modal fusion studies typically analyzed text and image data independently before correlating the results. Although achieving basic information complementarity, these approaches essentially constitute simple superimpositions of single-modal analyses, failing to reveal deeper semantic relationships between textual and visual data [22,27].



The emergence of large language models (LLMs) has revolutionized natural language processing. Representative models like GPT-4 and LLaMA demonstrate advanced reasoning capabilities in text generation and language understanding. LLMs have demonstrated exceptional performance in task-specific applications through few-shot learning and prompt engineering [28,29]. However, LLMs are inherently limited in processing visual information, which is crucial for urban spatial perception. Large vision–language models (LVLMs) represent a groundbreaking advancement of LLMs. By pretraining on large-scale multi-modal corpora comprising text, images, and other data types, LVLMs demonstrate enhanced cross-modal semantic understanding and joint representation capabilities, opening new pathways for advancing built environment perception assessment through the deep integration of textual and visual information [30]. Following this trend, researchers have increasingly used vision–language tasks to study urban spatial perception. For instance, recent studies have leveraged ChatGPT’s visual reasoning capabilities to automate the evaluation of walkability [31], attractiveness [32], and perceived safety [23] in urban street environments using streetscape imagery. Sun et al. [33] have integrated LLaMA and LLaVA to analyze social media image–text data, identifying the key perceptual factors associated with the popularity of coastal spaces. These studies provide preliminary evidence of LVLMs’ efficacy in urban spatial perception assessment, demonstrating their potential to process complex multi-source data and generate comprehensive insights, which offer valuable technical support for assessing URS perception in this study [34].



Despite these advancements, three critical research gaps remain. First, there is a notable lack of large vision–language models (LVLMs) specifically designed for multidimensional URS perception assessment. Owing to challenges in data acquisition and measurement complexity, current studies predominantly focus on isolated perceptual dimensions within specific types of spaces—such as parks, green spaces, or historic districts—and fail to establish comprehensive frameworks for systematic, multidimensional URS perception analysis. Furthermore, much of the existing literature relies on generic sentiment analysis APIs derived from natural language processing (NLP) platforms. While these models are optimized for general-purpose applications, they are ill-suited to capturing the subtle and context-dependent aspects of human perception [35]. As a result, the development of domain-specific annotation datasets and specialized deep learning architectures for multidimensional URS perception has been largely overlooked. Second, limited attention has been paid to explainability in identifying perceptual drivers. By examining environmental features that influence perceptual outcomes, many studies employ rudimentary text analysis techniques, such as high-frequency keyword extraction. This approach does not effectively capture contextual semantics, syntactic structures, or inter-word relationships, and is susceptible to irrelevant lexical interference, resulting in limited explanatory power. Explainable LVLMs present a promising alternative by enabling the simultaneous evaluation of perceptual dimensions and the generation of interpretable rationales, thus elucidating the underlying spatial characteristics that shape public perception. Nevertheless, few studies have investigated the integration of established public perception assessment frameworks with explainable LVLMs. Third, empirical research on the complex nonlinear relationships between public perception and environmental attributes remains insufficient. Most current approaches rely on correlation analyses and linear regression models, which are inherently constrained by their ability to capture nonlinear patterns and threshold effects [36]. Moreover, by focusing on data from discrete locations, these studies often overlook the broader urban spatial context and its influence on perceptual responses. Research employing interpretable machine learning methods—such as ensemble models combining Light Gradient Boosting Machine (LightGBM) and Random Forest (RF) with SHapley Additive exPlanations (SHAP) interpretation techniques—to investigate the intricate associations between environmental factors and public perception remains scarce.



To address these gaps, this study employs cutting-edge large vision–language models (LVLMs). We developed an interpretable model, Qwen2.5-VL-7B-SFT, by performing supervised fine-tuning (SFT) on a manually annotated perception dataset. The model is designed to achieve a precise assessment of multi-dimensional perceptions of URSs and to simultaneously generate textual explanations for the spatial features that trigger different public perceptions based on the prediction results. Furthermore, this study employs explainable machine Learning techniques and integrates multi-source geospatial data (e.g., POIs, street view imagery, road networks) to investigate nonlinear relationships and threshold effects in public perceptions. This study aims to answer three core research questions:




	
How can advanced LVLMs be optimized for precise multidimensional evaluation of URS perceptions?



	
What typologies characterize URSs, and how do key spatial elements relate to specific affective responses (e.g., pleasure, interest, comfort, nostalgia) across different perceptual dimensions?



	
What nonlinear relationships and threshold effects exist between built environment features and URS perceptions?









2. Materials and Methods


2.1. Study Area


This study focuses on Beijing’s Third Ring Road area as the case study area (Figure 1). As China’s capital and political-cultural center, Beijing represents both a 3000-year urban development legacy and a contemporary showcase of China’s modernization. The city’s rapid urbanization has produced a distinctive urban morphology, characterized by the symbiotic coexistence of historic preservation and modern functional development [37]. The study area encompasses the principal section of Beijing’s “Capital Function Core Area” as defined in the Beijing Urban Master Plan (2016–2035), converging diverse URS typologies ranging from historically significant districts and ecological leisure zones to contemporary commercial hubs. The spatial concentration of resident daily activities and tourist recreational patterns within this area generates particularly rich social media data streams. This unique combination of spatial heterogeneity and behavioral data density makes the Third Ring Road an exemplary research setting for examining differential public perceptions of URSs in global megacities.




2.2. Research Framework


The research framework is illustrated in Figure 2. During the data collection and model training phase, we systematically collected and processed 100,389 user check-in records related to URSs from two major Chinese social media platforms, following rigorous screening and data cleaning procedures. Esthetics, attractiveness, restorativeness, and cultural significance were identified as four core dimensions for evaluating public perceptions of URSs. These dimensions were selected based on a comprehensive assessment of data availability, conceptual distinctiveness, and their established relevance in both academic literature and practical applications. From this dataset, a random sample of 5050 comments was annotated manually to construct a labeled perception dataset across the four dimensions. This annotated dataset was subsequently used for SFT the advanced large vision–language model Qwen2.5-VL-7B. The resulting fine-tuned model (Qwen2.5-VL-7B-SFT) was then applied to perform a large-scale automated evaluation of perceptual attributes and semantic content across all 100,389 user comments. In the recreational perception interpretation stage, we utilized the interpretive outputs generated using Qwen2.5-VL-7B-SFT to accurately identify spatial features and their associated emotional connotations underlying public perceptions across different dimensions. Furthermore, to examine nonlinear effects on URS perceptions, we adopted the well-established “5D model” from urban studies as the theoretical foundation to systematically quantify characteristics of the built environment. After applying feature selection methods to determine salient predictive variables, multiple machine learning models were developed and optimized using the Optuna hyperparameter tuning framework. The best-performing model, combined with SHAP interpretability techniques, enabled a robust analysis of the nonlinear relationships between built environment attributes and multidimensional URS perceptions.




2.3. Data Acquisition


This study utilizes SMD sourced from two platforms: Xiaohongshu and Weibo. Xiaohongshu is renowned for its user-generated, experience-based rich text and image sharing, while Weibo is distinguished by its real-time updates and extensive user base [38]. The user demographics of these platforms, within the Chinese context, exhibit notably youthful and highly urbanized characteristics. Consequently, the perceptual patterns examined in this study primarily reflect the perspectives of this young and active demographic. Notably, “check-in” behavior is strongly associated with both platforms, where recreational “check-in” content not only reflects high user engagement, but also often includes detailed geolocation data.



Data collection was conducted from May to July 2024 using a custom Python script (integrating browser simulation and Mitmproxy packet capture), following a standardized workflow: (1) keyword-based search, (2) note detail collection, (3) geographic coordinate extraction, and (4) image link retrieval. Through systematic analysis of prevalent recreational tags on the platform, five representative keywords were identified for iterative retrieval: “Beijing Check-in”, “Beijing Weekend Destinations”, “Beijing Tourism”, “Beijing Citywalk”, and “Beijing Shop Exploration”. This methodology yielded a preliminary dataset of 225,524 geotagged entries spanning the entire Beijing metropolitan area. To ensure data quality and representativeness, we implemented a three-tier filtering process: First, we geographically clipped the raw dataset to the study area. Second, we filtered out contradictory data where the same user appeared at different locations simultaneously. Finally, to focus on spontaneous public check-ins, we excluded work-related check-ins and frequent advertisements from merchants. The exclusion criteria were defined as a user checking in at the same location more than three times per week or posting more than three identical notes per week. Following this rigorous filtering process, we obtained 100,389 validated recreational check-in records with precise geographic coordinates within Beijing’s Third Ring Road area. Subsequently, corresponding image data were systematically collected. To optimize processing efficiency and minimize content redundancy, given that multiple images per note often exhibit high similarity, we selectively downloaded the first two images from each post, yielding a final curated image dataset of 172,556 images (see Table 1 for spatial distribution).




2.4. Development of Interpretable LVLMs


2.4.1. Manually Annotated Dataset


From the collected dataset comprising 100,389 URS check-in records, we initially randomly selected 3000 posts for annotation. Using a Python-based labeling platform, we assessed each post’s textual and visual content across four dimensions, where “0” denotes a negative evaluation, “1” indicates a positive evaluation, and “2” represents irrelevant content. To improve LVLM performance and ensure label balance, we augmented the evaluation labels for underrepresented samples in the original annotated dataset, yielding a final dataset of 5050 posts (Table 2). The annotation process was performed collaboratively by two researchers, with discrepancies resolved through iterative discussions to ensure consistency and scientific validity of the training data. Detailed specifications and illustrative examples of the four URS perception themes are provided in Appendix A.




2.4.2. Model Structure


This study developed a customized Qwen2.5-VL-7B-SFT based on Qwen2.5-VL for multidimensional perception analysis of URSs. Qwen2.5-VL, an LVLM released by Alibaba Group on 28 January 2025, exhibits exceptional capabilities in visual recognition, object localization, document parsing, and long-video comprehension. Its native dynamic resolution processing capability, which accommodates images of arbitrary resolutions, renders it suitable for both static and dynamic tasks. The flagship Qwen2.5-VL-72B model has demonstrated comparable or superior performance to leading models such as GPT-4o and Claude 3.5 Sonnet in document and chart understanding, while maintaining robust capabilities in text-based tasks [39]. In this study, we utilized the more compact Qwen2.5-VL-7B variant to balance computational efficiency and model performance.



The architecture of Qwen2.5-VL-7B-SFT comprises three hierarchical layers: data layer, prediction layer, and interpretation layer (Figure 3). The data layer constructs model training inputs through systematic integration of the image–text dataset developed in Section 2.4.1 with carefully engineered prompts. These prompts guide the model to generate outputs meeting predefined quality standards. The prompt design in this layer incorporates two key components: a task definition, which specifies the model’s required computational tasks, and a perceptual feature definition, which provides descriptive guidance for target perceptual characteristics (more details in Appendix A).



The prediction layer takes, as input, the structured information output from the data processing layer. The training process utilizes Low-Rank Adaptation (LoRA) for fine-tuning Qwen2.5-VL, which introduces trainable low-rank parameter layers to capture task-specific features while preserving the majority of pretrained model weights. This approach significantly reduces the number of trainable parameters and computational costs, thereby facilitating efficient task transfer [40]. During training, the visual encoder and cross-modal fusion layers remain frozen, whereas trainable LoRA structures are incorporated into both the language model backbone and cross-modal interaction modules for targeted refinement of joint visual–textual representations. As detailed in Table 3, this layer ultimately generates emotional classification labels for the input image–text pairs across specified perceptual dimensions.



The interpretation layer is designed to provide post hoc text-based rationales for the classification results generated using the prediction layer. Unlike intrinsic interpretability approaches that focus on a model’s internal mechanisms, post hoc interpretation does not require specific constraints on model architecture or training interventions. This offers greater flexibility and generalizability for applications across various pre-trained complex models [41]. Building on this principle, the interpretation layer in this study shifts its analytical focus from the direct parsing of raw image–text data to joint reasoning based on predicted emotion labels and their corresponding textual content. This shift significantly reduces the complexity of interpretation generation and alleviates the model’s computational burden. Methodologically, this layer leverages the language model backbone within the LVLM and incorporates few-shot learning along with Chain-of-Thought (CoT) prompt engineering to generate justifications, thereby producing corresponding explanatory text for each predicted label. The CoT prompt template guides the model through a structured, two-phase reasoning process: text segment localization and keyword extraction. The text segment localization phase identifies comment segments that manifest specific URS perceptual characteristics, while the subsequent keyword extraction phase isolates relevant theme words and their associated modifiers from the identified segments. Theme words represent concrete urban spatial entities or environmental elements that elicit particular perceptions (e.g., “temple”, “park”, “sunset glow”, “lake surface”), whereas modifier words characterize inherent environmental qualities or typical activities within these spaces (e.g., “breathtaking”, “leisurely”, “shop exploration”, “social gathering”). The layer ultimately produces structured explanatory outputs formatted as “text segment + modifier word + theme word”.




2.4.3. Model Evaluation


The prediction layer utilizes the cross-entropy loss function to compute the training loss; see Equation (1):


  L o s s =    1   N      ∑  i = 1   N    (   y   i   × l o g (   p   i   ) + ( 1 −   y   i   ) × l o g ( 1 −   p   i   ) )    



(1)




where N represents the sample size, yi denotes the ground truth label, and pi indicates the predicted probability for the positive class. The model evaluation employs four performance metrics: Accuracy (ACC), Precision, and F1 score.


  A C C =   ( T P + T N )  /  ( T P + T N + F P + F N )    



(2)






  P r e c i s i o n =   T P  /  ( T P + F P )    



(3)






  R e c a l l =   T P  /  ( T P + F N )    



(4)






  F 1 S c o r e = 2 ×   ( P r e c i s i o n × R e c a l l )  /  ( T P + F N )    



(5)







TP, TN, FP, and FN correspond to true positives, true negatives, false positives, and false negatives, respectively. To ensure rigorous comparative analysis, we selected the InternVL-3.0 as our primary baseline—a LVLM with parameter dimensionality matching Qwen2.5-VL. Developed by Shanghai AI Laboratory released on 16 April 2025, InternVL-3.0 attains state-of-the-art results on 12 standardized benchmarks through its multi-stage pretraining architecture, including specialized evaluations for expert-level and multi-modal assessments. The model shows particular efficacy in specialized applications, including graphical user interface (GUI) systems, architectural plan analysis, and spatial cognition tasks [42]. The control model’s training protocol exactly replicated our experimental parameters: employing LoRA fine-tuning with AdamW optimization (learning rate = 0.0001, batch size = 16) while maintaining frozen visual encoder weights. For reference, we incorporated the original Qwen2.5-VL base model in zero-shot benchmarking to assess performance improvements from SFT on target tasks.




2.4.4. Topic Analysis Based on the Interpretation Layer


To further uncover latent explanatory sub-themes within each perceptual dimension, we implemented a thematic clustering workflow after acquiring modifier words and theme words associated with specific perceptions from each comment:




	(1)

	
Synonym consolidation: High-frequency keywords were semantically integrated using a predefined synonym dictionary to eliminate terminological inconsistencies and improve analytical accuracy. For instance, variants including “coffee shop”, ”café”, and “coffee bar” were standardized as the canonical form “coffee shop”.




	(2)

	
Keyword vectorization: We employed Tencent AI Lab’s Chinese Word and Sentence Embedding Corpus to convert both keyword categories into 200-dimensional semantic vectors. This comprehensive corpus provides vector representations for over 8 million Chinese lexical items, effectively establishing a high-dimensional semantic space for subsequent cluster analysis while preserving nuanced linguistic relationships.




	(3)

	
Thematic term clustering: The K-means clustering algorithm was implemented on the vectorized thematic terms, with the optimal cluster number determined through a combined evaluation of the elbow method and silhouette coefficient. For visualization, we applied UMAP to reduce the high-dimensional vectors to two-dimensional space, generating scatter plots where point diameters correspond to term frequencies and color gradients represent distinct thematic clusters.




	(4)

	
Modifier word cloud generation: Within each perceptual cluster, we generated weighted word clouds based on modifier term frequency distributions, using cluster-specific color schemes. This approach effectively reveals the systematic relationships between spatial elements represented by theme terms and their associated emotional qualities captured by modifier terms, enabling comprehensive perception deconstruction.











2.5. Exploring the Nonlinear Influencing Mechanisms of the Built Environment on URS Perception


2.5.1. Variable Selection


Considering the scale effect and spatial heterogeneity of urban spaces, this study adopts the “urban street block” as the fundamental unit of analysis, defined as the smallest urban plot enclosed by main roads, secondary roads, and branch roads. Grounded in the actual urban fabric, this unit effectively captures the internal morphological characteristics of the block and provides a consistent basis for the quantitative comparison of multi-dimensional spatial perceptions. Using the spatial density of positive perceptions across various dimensions within URSs at the block level as the dependent variable, we selected features based on the “5D model” [43]. This model encompasses density, diversity, distance to transit, design, and destination accessibility; detailed calculation methods are provided in Table 4. For design-related indicators, we obtained batch street view imagery within Beijing’s Third Ring Road using the Baidu Map API and analyzed streetscape composition using the Mask2Former semantic segmentation model pre-trained on the Cityscapes dataset. This approach facilitated pixel-level quantification of 19 environmental elements (e.g., sky, buildings, walls, roads, sidewalks, trees) to calculate their proportional coverage within the streetscape imagery.




2.5.2. Machine Learning Modeling


To investigate the key influencing factors and underlying mechanisms associated with multidimensional URS perceptions, we adopted a four-stage analytical framework: In the initial stage, we performed feature selection using both the Boruta algorithm and recursive feature elimination (RFE) on the 22 variables for each perceptual dimension. Subsequently, the selected feature subsets were incorporated into four machine Learning algorithms: eXtreme Gradient Boosting (XGBoost), Gradient Boosted Decision Trees (GBDT), LightGBM, and RF. These algorithms have proven effective for nonlinear modeling and overfitting prevention in urban perception studies [44,45,46]. During model training, the 2026 street block samples were divided into 8:2 training-test sets, while hyperparameter optimization was automated using the Optuna framework. Model performance was assessed through three evaluation metrics, Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and R-squared (R2), which guided the selection of optimal prediction models. In the final stage, SHAP was employed to interpret the complex relationships between built environment characteristics and URS perceptions (more details in Appendix B).






3. Results


3.1. Training and Evaluating the Qwen2.5-VL-7B-SFT


Table 5 demonstrates the performance of the Qwen2.5-VL-7B-SFT in URS perception evaluation tasks. The model attained high ACC scores across four perceptual dimensions, esthetics (0.935), attractiveness (0.872), culturality (0.937), and restorativeness (0.915), showing significant improvements compared to the base Qwen2.5-VL model’s zero-shot performance, demonstrating the effectiveness of SFT. Notably, it consistently surpassed the InternVL3-8B-SFT model in all metrics: Accuracy, Precision, Recall, and F1 score. These results collectively demonstrate that our Qwen2.5-VL-7B-SFT provides reliable URS perception assessment capabilities.



Our model’s automated analysis of 100,389 social media posts revealed that 45,308 comments (45.1%) were classified as Category 2 due to their irrelevance to the predefined perceptual dimensions. This pattern reflects fundamental characteristics of social media check-in behavior, where many users primarily engage in location tagging or social interaction rather than environmental evaluation. These posts typically contain objective scene descriptions (e.g., “crowded on weekends”, “Beijing Hutongs”) or event records (e.g., “dinner with friends”, “successful check-in”), without subjective environmental assessments. Following data filtering, the analysis retained 55,081 valid perception-related comments, constituting 54.9% of the original dataset. As shown in Table 6, positive evaluations were most prevalent for attractiveness at 44.3% and restorativeness at 38.1%, indicating strong user appreciation of these URS qualities. Positive assessments were less common for esthetics at 18.4% and culturality at 17.6%, likely because these dimensions require more sophisticated esthetic discernment and cultural interpretation. Negative evaluations remained consistently low across all dimensions, ranging from 0.4 to 3.9%. Notably, restorativeness showed the highest negative evaluation rate of 3.9%, exceeding other dimensions by 4.9 to 9.8 times. This suggests that shortcomings in restorative environmental features are particularly noticeable to users. Given the minimal absolute and relative frequency of negative evaluations, subsequent analyses focused exclusively on positive assessment data.



Figure 4 illustrates the block-scale spatial distribution patterns of positive evaluation density for the four perceptual dimensions through ArcGIS mapping. The esthetics and attractiveness dimensions exhibit significant spatial clustering. Their density peaks are strongly correlated with prominent historic districts such as Shichahai, Nanluoguxiang, and Dashilan. Notably, major urban open spaces, including Temple of Heaven Park and Yuyuantan Park, serve as focal points for esthetic perceptions. The attractiveness dimension forms dual cores in both the traditional commercial-tourism zone of Wangfujing-Qianmen and the modern consumption area of Sanlitun. In comparison, culturality and restorativeness display relatively uniform distributions within Beijing’s old city, and their spatial patterns closely correspond to traditional hutong network configurations. These findings collectively demonstrate that the old city functions as the primary spatial container for multidimensional perceptual values. Meanwhile, specialized urban functional zones and ecological-natural spaces create distinct spatial differentiation patterns across various perceptual dimensions.




3.2. Thematic Analysis of URS Perception


The interpretation layer’s integration of Cot prompting and few-shot learning effectively filters irrelevant information, allowing for the accurate identification of urban spatial features that correlate strongly with users’ specific perceptual responses. Based on this framework, we performed thematic clustering analysis of positive evaluations across all perceptual dimensions.



The esthetics dimension revealed four distinct clusters (Figure 5). Historic districts that present the ancient capital’s nocturnal charm, including “Shichahai”, “Wudaoying”, and “Guozijian” (Cluster #1), along with traditional architectural elements such as “vermilion wall”, “traditional architecture”, and “glazed tile” (Cluster #4), collectively demonstrated the dominant role of heritage-driven visual appreciation in esthetic perception. This form of appreciation stems from the historical sense and esthetic uniqueness conveyed by traditional neighborhoods and buildings that function as cultural symbols. Natural weather phenomena, including “sunset”, “evening glow”, and “dusk”, together with seasonal flora such as “ginkgo”, “magnolia”, and “peach blossoms” (Cluster #2), although not permanent built environment features, significantly enhanced esthetic experiences derived from urban blue–green infrastructure [47,48]. Furthermore, specific typologies of urban spaces represented by “Monet Garden”, “coffee shops”, and “terrace” (Cluster #3), frequently characterized as “atmospheric”, “beautiful”, and “charming”, indicate their significant potential for creating distinctive visual experiences. These spaces essentially represent a form of commercially curated visual consumption, catering to contemporary urban dwellers’ pursuit of heterogeneous and distinctive visual experiences.



The attractiveness dimension revealed six distinct clusters (Figure 6). Modern consumption spaces with distinctive stylistic identities or functional attributes, including cultural venues offering “immersive” and “awe-inspiring” experiences (Cluster #2), “cafe shops”, “bookstores”, and “bars” described as “internet celebrity” or “industrial style” (Cluster #4), “gardens”, “malls”, and “hotels” characterized as “design-forward”, “large”, and “luxurious” (Cluster #6), and event-based elements or emerging entertainment spaces that create “joyful” and “youthful” experiences, such as “bazaar” and “talk shows” (Cluster #3) all effectively enhance venue attractiveness and stimulate exploration. The core appeal of these spaces lies in their ability to craft distinctive place imagery through strong stylistic identities or deeply engaging experiential programs, which effectively addressing younger audiences’ aspirations for self-expression and novel sensory engagement. Simultaneously, high-traffic areas such as “Sanlitun”, “Nanluoguxiang”, and “Houhai” (Cluster #1) attract crowds for “photo-taking” and “check-in” behaviors due to their social media propagation value. The act of checking in at these recognized “internet-famous landmarks” reflects both the public’s need for leisure experiences and daily enjoyment, as well as their desire for social recognition and inclusion within group practices [49]. Additionally, historic built environments that carry historical memories (Cluster #5), including “Siheyuan”, “drum and bell tower”, and the “church” described as “mysterious”, “antique”, or “magnificent”, become important sources of attractiveness by creating unique place imagery. These heterogeneous environments, which contrast markedly with contemporary urban routines, fulfill deep-seated psychological needs for exploration and nostalgia.



The culturality dimension identified five primary cultural sources and their spatial manifestations based on Chen et al.’s [12] cultural cognition framework for Beijing’s historic urban areas (Figure 7). Among these, Beijing-style culture (Cluster #4) predominantly manifested in the historical street network texture, and ancient capital culture (Cluster #5), represented by historical relics such as “temples”, “central axis”, and “former residences”, constitute significant sources of culturality. Both are rooted in the city’s long historical accumulation and regional characteristics, forming the core of local identity. Celebrity culture (Cluster #1), associated with historical figures such as “Mei Lanfang”, “Lao She”, and “Li Dazhao”, has established a more emotionally warm cultural connection by concretizing abstract history into vivid character narratives and relying on their former activity sites. This cultural form is often closely intertwined with historical evaluations and collective memories such as “loyal spirit”, “reputation”, and “humiliation”. Furthermore, Red culture (Cluster #2), centered on national symbols such as the “Great Hall of the People”, the “Five-Star Red Flag”, and “flag-raising ceremonies”, evokes transcendent collective emotions and national identity through the sublime nature of its political landmarks and ritual activities. These experiences are frequently expressed through terms like “prosperity”, “greatness”, and “pride”. Meanwhile, innovative culture (Cluster #3), characterized by “intangible cultural heritage”, “exhibitions”, and “museums”, provides a contemporary interpretation and display of traditional cultural resources. Thereby, it enables the public to gain systematic cultural cognition through evaluations such as “precious”, “artistic”, and “profound”.



The restorativeness dimension identified three characteristic clusters (Figure 8). Commercial spaces, including “coffee shops”, “bars”, and “terraces” (Cluster #1), function as “third places” by providing comfortable and secure environments, enabling individuals to obtain social support and stress relief through activities described as “chatting”, “gathering”, and “drinking”. Outdoor environments comprising physical spaces such as “rooftops”, “courtyards”, and “gardens” and integrated with natural elements like “autumn”, “sunshine”, and “breeze” (Cluster #2) create tranquil, relaxing, and psychologically safe settings through their open and bright vistas. These environments are posited to reduce cognitive load, thereby enhancing psychological restorativeness [23], and frequently evoke emotional experiences described as “pleasant”, “romantic”, and “peaceful”. Furthermore, in areas such as historical alleys and heritage parks (Cluster #3), terms such as “Citywalk”, “strolling”, “leisurely”, and “quiet” are frequently mentioned. This pattern suggests a tendency among participants to establish a positive interaction between physical activity and mental wandering through walking. This process allows for them to perceive and understand the city’s cultural heritage, artistic ambiance, and daily life scenes in a more relaxed state.




3.3. Analysis of Influencing Factors on URS Perception


This study integrated optimal feature subsets identified through both Boruta and RFE screening methods with four machine Learning algorithms. Employing the Optuna framework for hyperparameter optimization, we determined the optimal models for each perceptual dimension. The comparative analysis revealed that RFE-selected feature subsets generally surpassed Boruta-selected subsets in model performance, demonstrating R2 improvements ranging from 0.008 to 0.066 across most models (see Appendix B). When implementing the RFE-optimized feature subsets uniformly, predictive performance variations persisted across different perceptual dimensions. LightGBM emerged as the superior algorithm for modeling esthetics, attractiveness, and culturality dimensions, while XGBoost achieved optimal performance for restorativeness. Consequently, this study adopted the LightGBM model, which exhibited more robust overall fitting performance, to examine influencing factors and nonlinear effects in public perception based on the RFE-optimized feature subsets.



SHAP analysis was employed to quantify the contribution of various built environment characteristics to each perceptual dimension (Figure 9). For esthetics, AHH and PFD demonstrated the highest importance, followed by NTAD and EI. Attractiveness was primarily governed by PFD, with secondary influences from AHH, RND, and PR. Culturality showed a similar pattern to esthetics, dominated by AHH and PFD but supplemented by RND and PR. Restorativeness maintained PFD and AHH as predominant factors while incorporating significant contributions from RND and EI. To characterize these nonlinear relationships, we implemented SHAP dependence plots with Locally Weighted Scatterplot Smoothing curves for enhanced interpretation.



Regarding density indicators, PFD demonstrated a crucial role across all perceptual dimensions, exhibiting significant nonlinear positive correlations. The analysis revealed a threshold effect: when the PFD fell below approximately 4000 units/km2, it had negative effects on perceptual evaluations; however, above this threshold, the marginal effects transitioned to positive.



Regarding distance to transit indicators, RND showed a nonlinear positive correlation with public perception. When RND was below approximately 50 km/km2, it had negative effects on perception; however, above this threshold, the effects became positive. NBSD exhibited a weak positive correlation with culturality, possibly because scenic areas with higher perception levels tend to be located in larger neighborhood units, resulting in greater distances between block centers and bus stops.



Regarding design indicators, SVF showed a positive correlation with esthetics. When SVF values were low, they suppressed public perception; however, when SVF exceeded approximately 0.15, the marginal effects became positive, leading to significant improvements in esthetic perception. For GVI, values below 0.1 had positive effects on attractiveness, likely because traditional alleys in the study area generally exhibited low greening coverage; however, this did not inhibit overall positive perception in these areas. When GVI exceeded 0.3, the marginal effects shifted from negative to positive, indicating that sufficient visible greenery actively enhances environmental perception. PR exhibited an initial positive and then negative correlation with both attractiveness and culturality. When PR was below 1.5, it showed positive effects; between 1.5 and 2.5, the positive effects gradually weakened; and beyond 2.5, the marginal effects turned negative. EI demonstrated an initial positive and then negative correlation with both esthetics and restorativeness. It showed prominent positive effects within the 3.0–6.0 range, while excessive enclosure did not further enhance positive perception and could even induce negative impacts such as oppression and monotony.



Regarding destination accessibility indicators, AHH emerged as the dominant factor across all perceptual dimensions, with an average contribution rate of 21.1%. When the number of historic heritage sites within a 500 m walking distance of a block was below four, it exerted a negative influence on public perception. SHAP values increased sharply with additional historic heritage sites, stabilizing when approximately seven heritage sites were present nearby. NTAD showed positive correlations with esthetics, attractiveness, and restorativeness. At lower values of NTAD, negative effects were observed across these three dimensions, potentially due to disturbances common in commercial districts, such as noise, crowding, and pedestrian interference, which reduced public experience; when NTAD exceeded approximately 1.0 km, the marginal effects transitioned from negative to positive. Notably, compared to its impact on esthetics, NTAD exhibits less pronounced positive effects on attractiveness and restorativeness.



Regarding diversity indicators, PFM demonstrated no statistically significant impact on public perception in this study. SHDI showed negative correlations with culturality and restorativeness, although its explanatory power reached only 6.52%. While these findings initially appear inconsistent with Jacobs’ diversity theory, when considered in conjunction with the distinctive characteristics of the study area, the relatively low visual complexity in the old city may enhance cultural identity and the sense of place through strengthened spatial narrative coherence and overall ambiance.





4. Discussion


4.1. Methodological Contribution


SMD, characterized by its large-scale availability, cost-effectiveness, and voluntary generation, offers multidimensional insights for URS perception research, encompassing macro-level patterns through micro-level experiences. Such data have become a primary source for analyzing public behavioral preferences and emotional responses [19,50]. Utilizing extensive datasets from two leading Chinese social media platforms, Xiaohongshu and Weibo, this study employs interpretable LVLMs to conduct a comprehensive analysis of multidimensional public perceptions toward URSs.



Previous studies on urban space perception predominantly relied on single-modal data analysis, focusing exclusively on either textual or visual data. Text-based approaches focused on semantic mining of unstructured comment data, whereas image-based approaches primarily employed computer vision techniques to extract scene characteristics. However, single-modal approaches fail to capture the synergistic effects between textual and visual data, limiting their ability to comprehensively characterize the public’s complex perceptual experiences. Recent studies have demonstrated the growing potential of vision–language fusion methodologies in urban space perception research [32,51,52]. This study utilizes a high-quality dataset comprising 5050 manually annotated entries and employs cutting-edge LVLMs technology to develop a Qwen2.5-VL-7B-SFT through LoRA fine-tuning, facilitating automated evaluation and in-depth semantic analysis of 100,389 image–text pairs. Through cross-modal semantic alignment, the proposed model effectively identifies complex urban space perception scenarios and accurately evaluates four distinct types of public perceptions regarding URSs, achieving an average accuracy of 91.4%.



To evaluate the cross-city applicability of the Qwen2.5-VL-7B-SFT model, we designed an additional few-shot comparative experiment, selecting Tianjin—geographically adjacent to Beijing yet distinct in urban character—as a comparative case. Tianjin is renowned for its unique modern colonial architecture, vibrant local life, and open port-city culture. Following consistent data preprocessing standards, we collected and annotated 500 image–text data samples from recreational spaces within Tianjin’s historic urban area to form an independent test set. Inference with the Qwen2.5-VL-7B-SFT model achieved an average accuracy of 91.2% on the Tianjin dataset (see Appendix C for details), a result highly comparable to the 91.4% accuracy on the Beijing Third Ring Road test set. This outcome indicates that, despite significant differences in built environment characteristics and cultural contexts between the two cities, the model’s learned multi-modal perceptual logic exhibits strong robustness and cross-regional generalization capabilities, enabling its adaptation to diverse urban spatial contexts.



Although contemporary advanced LVLMs can process multi-modal data concurrently, their decision-making processes are frequently characterized as “black boxes”, owing to their limited traceability, rendering enhanced model interpretability essential [53]. In analyzing model predictions, this study comprehensively capitalizes on LVLMs’ robust textual sentiment analysis capabilities. The interpretation layer incorporates few-shot learning and two-stage CoT prompt engineering to construct a comprehensive post hoc explanation framework. This framework initially accurately identifies key textual segments (e.g., “The Hall of Prayer for Good Harvests looks absolutely stunning when illuminated”), subsequently methodically deconstructing perceptual subjects (“Hall of Prayer for Good Harvests”) and their associated emotional descriptors (“illuminated”, “stunning”). This methodology effectively circumvents the semantic noise prevalent in conventional word-frequency statistics or topic modeling [54]. It achieves a clear separation between keywords denoting physical spatial attributes and those representing subjective sensory experiences. Consequently, it distinctly elucidates the profound semantic relationships between spatial elements and emotional features. These methodological innovations furnish novel technical pathways and analytical perspectives for forthcoming urban space perception research utilizing multi-modal data.




4.2. Thematic Composition of URS Perception


Based on the spatial elements identified through URS perception analysis, the primary recreational spaces within Beijing’s Third Ring Road area can be classified into four distinct categories: historic heritage spaces, commercial entertainment districts, ecological-natural spaces, and cultural facilities. These URS categories significantly influence public engagement behaviors and experiential perceptions through their unique environmental characteristics and functional orientations, creating differentiated perceptual landscapes. Historic heritage spaces, represented by “Hutongs”, “Forbidden City”, and “Drum and Bell Tower” demonstrate the highest levels of public recognition and attention. Their architectural style, color schemes, and light–shadow effects constitute key attributes affecting their esthetic quality, consistent with the well-established esthetic value of urban historic environments [55,56]. The frequent occurrence of user-generated descriptors including “check-in”, “photogenic”, and “interesting” confirms the strong appeal of these spaces as premier sightseeing destinations. Concurrently, recurring expressions of identification with Beijing’s local culture and imperial heritage strongly demonstrate the pivotal role of historic heritage spaces in shaping local cultural identity [57,58]. Notably, public preference strongly favors experiencing these historic environments through spontaneous walking activities, popularly termed “city walks”, deriving significant enjoyment and satisfaction. Nevertheless, this study also reveals that negative evaluations regarding attractiveness and esthetics are frequently associated with physical environmental conditions described as “dilapidated” and “desolated”. Criticism concerning cultural value stems from urban renewal practices characterized as “vanished” and “demolitioned”, particularly in cases involving demolition of “Hutongs”, resulting in disruptions to collective memory and cultural continuity [59]. Additionally, excessive commercialization which compromises authenticity has emerged as another significant focus of public concern [60]. Negative perceptions related to restorative quality are predominantly linked to overcrowding, reduced thermal comfort, and physical fatigue (see Appendix C).



Commercial entertainment spaces constitute another important category of recreational spaces that evoke positive public perceptions, particularly in terms of attractiveness, esthetics, and restorativeness. Descriptors including “atmospheric”, “internet celebrity”, and “design-forward” are strongly associated with modern consumption spaces, reflecting contemporary consumers’ preference for personalized, high-quality environments [22]. These spaces have transformed from purely transactional venues into “third places” [61], serving multiple functions such as social leisure, temporary workspaces, and relaxation. Keywords such as “comfortable”, “chatting”, and “resting” demonstrate these spaces’ capacity to facilitate psychological and emotional restoration. Beyond functionally defined URSs, ephemeral urban elements and emerging entertainment spaces [62] offer users joyful, liberating, and highly interactive experiences. Negative perceptions of commercial entertainment spaces mainly arise from overcrowding, noise pollution, monotonous content or formats, and excessively high pricing.



Ecological and natural recreational spaces, including parks, green spaces, and waterfront areas, serve as significant sources of esthetic perception and demonstrate notable psychological benefits through their restorative qualities. Analysis reveals that keywords such as the “20min park effect” frequently appear in reviews, reflecting a common public desire for “being away”—that is, to temporarily detach from daily routines and immerse themselves in environments characterized by a soft fascination with natural elements such as the sunset, breeze, and sunlight. The coherent organization of these spaces provides sufficient scope for immersive experience. The observed harmony between individual behaviors and environmental rhythms demonstrates high compatibility, often manifesting as emotional feedback described as “peaceful”, “healing”, and “enjoyable”. This empirically corroborates the fundamental premise of Attention Restoration Theory, which posits that natural spaces, with their low cognitive-load esthetic appeal, can effectively facilitate the restoration of mental states [63]. Consequently, these ecological spaces function as indispensable “psychological buffers” in high-density urban contexts. Conversely, factors such as vegetation withering or inclement weather may diminish environmental coherence and soothing charm, thereby impairing their restorative function by disrupting the essential components of a restorative experience.



Cultural spaces, including museums, memorial halls, and art galleries, predominantly shape public perceptions of culturality and attractiveness. Contemporary public cultural venues have transformed from traditional educational exhibition spaces into visitor experience-centered public cultural environments [64]. Thoughtfully designed immersive environments and meaningful exhibition content effectively evoke visitors’ emotional engagement and substantially improve cultural assimilation [65]. Negative experiences primarily arise from insufficient exhibition interactivity or unengaging content, leading to visitor disinterest.




4.3. Effects of Built Environmental Characteristics on URS Perceptions


This study reveals nonlinear relationships and threshold effects between the built environment and URS perception. AHH and PFD were identified as the factors most strongly associated with URS perception. Clusters of historical and cultural heritage strengthen place identity by evoking cultural recognition and collective memory, consistent with Jacobs’ assertion regarding historic buildings’ essential role in fostering vibrant neighborhoods [66]. Existing research similarly demonstrates strong correlations between historic structures and both pedestrian activity intensity [67] and neighborhood spatial vitality [68]. Concurrently, our thematic analysis of URS perception confirms that the distinctive architectural features and spatial environments of historic heritage sites constitute important sources of positive public perception. As a highly influential characteristic, PFD exhibits a threshold effect, with URS perception showing significant improvement once the density exceeds 4000 units/km2. This indicates that high functional density enhances both service accessibility and positive spatial experiences through facilitating diverse social interactions and activity opportunities [69].



Regarding spatial morphological elements, elevated RND demonstrates robust correlations with favorable public perceptions, a relationship consistently confirmed in empirical studies [70]. Optimized RND contributes to enhanced spatial vitality and perceptual quality through improved intra-zonal circulation efficiency and superior spatial connectivity. Correspondingly, SVF manifests a nonlinear positive association with URS esthetic evaluation, corroborating established research demonstrating that open spaces with moderate building heights generate expansive visual fields that enhance perceptual comfort [46,69]. Although the importance of GVI is emphasized in several studies, its contribution in our research is relatively limited, only showing a noticeable influence in the dimension of spatial attractiveness. Our analysis further reveals that moderate EI positively influences both esthetic and restorativeness. Conversely, PR of the block surpassing 3.0 negatively affects attractiveness and cultural identity metrics. These findings substantiate the existing theoretical frameworks which associate excessive density with increased psychological stress and reduced spatial clarity and visual permeability [71].



Contrary to previous studies [72], NTAD exhibited no significant effect on public perception measures. Dependency plot analysis indicated that greater distances from core commercial zones were associated with enhanced perceptual experiences. This implies that cultural experience values in historic districts may create spatial premium effects that supersede conventional commercial convenience requirements. Moreover, diversity metrics show generally weak correlations with URS perception, while higher SHDI values demonstrated negative associations with public perception. These results suggest that visual coherence may more effectively support cultural narrative continuity than excessive element diversity.




4.4. Research Limitations and Future Directions


First, the SMD sample exhibits inherent representational biases. The data sources primarily rely on Weibo and Xiaohongshu, platforms whose user demographics exhibit pronounced youth-oriented and metropolitan characteristics. This makes it difficult to fully capture the perceptual experiences of elderly populations, children, and individuals from diverse socioeconomic backgrounds. This limitation also precludes an in-depth examination of how individual user attributes—such as age, income, and residential status (e.g., resident versus tourist)—moderate perception formation. For instance, tourists may prioritize landmarks and cultural appeal, whereas local residents might place greater value on daily restorativeness and practical functionality. Future research should therefore aim to integrate multi-source data to construct a more comprehensive perception map. This could include combining satisfaction surveys released by urban management authorities, cross-platform travel reviews (e.g., from Mafengwo or TripAdvisor), and structured interviews and questionnaires targeting specific groups to obtain detailed user profile data [21,73]. Such approaches would enable a finer-grained analysis of the heterogeneous mechanisms underlying perception formation at the individual attribute level.



Second, the data collection process faced challenges related to insufficient geotag coverage. During data collection, only 70,807 out of the initially retrieved 189,400 Xiaohongshu posts contained valid geolocation tags based on predefined keyword searches, yielding an effective tagging rate of merely 37.38%. This limitation partially constrains both data collection efficiency and spatial coverage in geographic analysis. To address this issue, future research could explore spatial localization enhancement methods that integrate natural language processing and computer vision techniques. For instance, spatial coordinates for non-geotagged data could be inferred by identifying toponyms, road segments, or prominent landmarks mentioned in textual content. Alternatively, similarity comparisons could be performed between non-geotagged images and street-view image libraries with known geographical ranges. These methods would improve the utilization rate and completeness of spatial data.



Third, the scope of influencing factor analysis requires further expansion. Although this study primarily examines the impact mechanisms of built environment characteristics on public perception, the perceptual experience of urban spaces constitutes a complex socio-spatial process inevitably shaped by socioeconomic background factors. Future research could incorporate variables such as neighborhood housing price gradients, resident income levels, and age structure into the analytical framework to explore how the interaction between these factors and the built environment collectively shapes public spatial perception.



Finally, the geographical generalizability of the research findings requires further validation. The distinctive perception patterns identified in this study are shaped by the built environment characteristics of Beijing’s Third Ring Road area, which is characterized by dense historical districts and prominent cultural symbols. However, varying urban cultural contexts, spatial structures, and resident behavioral patterns may result in differentiated mechanisms. Subsequent research could apply the analytical framework developed in this study to other types of urban cases by creating targeted SMD datasets with relevant labels and fine-tuning LVLMs such as GPT-4o and Qwen2.5-VL, thereby enabling a systematic distinction between universal mechanisms in urban spatial perception and context-specific patterns highly dependent on local conditions. Furthermore, while the current study primarily relies on image and text modalities, future work could integrate video, audio, and dynamic geospatial data to construct more comprehensive multi-modal large models, enabling interdisciplinary, multidimensional automated perception evaluation of the built environment.





5. Conclusions


This study utilizes cutting-edge LVLMs to develop an interpretable Qwen2.5-VL-7B-SFT. Using a LoRA fine-tuning strategy, the model achieves multi-modal fusion analysis of social media image–text data, enabling precise evaluation of public perception across four dimensions of URSs: esthetics, attractiveness, culturality, and restorativeness. Simultaneously, it systematically identifies objective the spatial elements and subjective emotional characteristics associated with each perceptual dimension from the public experience perspective. Furthermore, this study introduces the Optuna hyperparameter optimization framework to iteratively train multiple mainstream machine Learning models, combined with SHAP interpretability techniques, investigating the nonlinear impacts of built environment features on multidimensional public perception. Our findings include the following: (1) Interpretable LVLMs demonstrate significant efficacy in urban spatial perception research. The supervised fine-tuned Qwen2.5-VL-7B-SFT effectively addresses the limitations of traditional single-modal data sources, achieving notable performance improvements in SMD sentiment analysis tasks. This model integrates a post hoc interpretation framework with few-shot learning and two-stage CoT prompting, which provides clear reasoning processes and justifications for perceptual predictions, thereby significantly enhancing the interpretability and credibility of the outputs. (2) URSs within Beijing’s Third Ring Road are classified into four categories: historical heritage spaces, commercial entertainment spaces, ecological-natural spaces, and cultural spaces. SMD analysis reveals specific spatial elements and their associated emotional features that trigger distinct perceptual dimensions: esthetics is shaped by architectural styles, color schemes, and light–shadow effects in historical heritage spaces, floral and celestial landscapes in ecological spaces, and the unique esthetic appeal of commercial spaces. Attractiveness correlates strongly with functional diversity, design quality, and social dissemination potential in commercial entertainment spaces, as well as cultural experiences and place imagery embedded in historical architecture. Culturality derives from the “ancient capital culture” and “Beijing-style culture” embodied in historical heritage spaces, “innovative cultural” expressions in designated cultural spaces, “red culture” through national symbolism elements, and “celebrity culture” intertwined with historical contexts. Restorativeness manifests through physiological and psychological relaxation experiences, primarily originating from environmental comfort and tranquility in ecological spaces, along with recreational value from strolling through historical spaces. (3) AHH and PFD are the core built environment factors most strongly associated with positive public recreational perception. When PFD of a block exceeds 4000 units/km2 or when the number of historical heritage sites within a 500 m radius surpasses 4, their positive effects on public perception become particularly pronounced.



In summary, this study innovatively integrates social media multi-modal data with vision–language model technology to achieve the precise quantification of public perception in URSs, while elucidating linkage mechanisms between built environment elements and perceptual dimensions. Our workflow demonstrates notable scalability and adaptability, supporting diverse applications from recreational space planning to urban management. Methodologically, this research expands analytical dimensions of urban spatial studies and establishes a user perception-centric evaluation paradigm, providing scientific evidence for “people-oriented” urban governance to enhance urban management precision.
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Appendix A. Urban Recreational Spaces Perception Dimensions Description




 





Table A1. Label description and examples of URS perception dimensions.






Table A1. Label description and examples of URS perception dimensions.





	

	
Description

	
Examples






	
Esthetics




	
Positive

	
Favorable visual experience and appreciation of spatial quality. Emphasizing explicit expressions of admiration for visual beauty.

	
Beihai Park · White Pagoda Peach Blossoms and Willow Banks are called Spring and Jingming, still remembered in the children’s song: “Let’s swing our sculls, and the boat pushes away the waves. “ The sea surface reflects the beautiful White Pagoda, surrounded by green trees and red walls……

	
[image: Land 14 02155 i001]




	
Negative

	
Unfavorable visual experience and criticism of spatial quality. Emphasizes explicit expressions of dissatisfaction with visual defects and environmental discordance.

	
Wintersweet near Qingyin Pavilion has bloomed late, and recently it has not been the flowering period of Taoranting. The slightly overcast sky, the dead wood, and the residual lotus are somewhat dark and windy. The Chinese National Garden reproduces many famous gardens in the south. It is estimated that it will look good when the north winter is gone and there are green trees and flowing water……

	
[image: Land 14 02155 i002]




	
Attractiveness




	
Positive

	
Spatial characteristics that inspire interest and participation. Emphasizes environments with captivating, worth-exploring qualities.

	
Huguo Temple | The online celebrity ladder in the courtyard was evaluated some days ago, and grass has been planted. It is located in the courtyard of Huguo Temple, where there is a scenic courtyard and Z03 coffee……

	
[image: Land 14 02155 i003]




	
Negative

	
Spatial characteristics lacking appeal or participatory value. Emphasizes environments perceived as dull or not worth exploring.

	
Is this the online celebrity punch-in place? It is really not so good; it is too ordinary. It is recommended to go all the way north to Wangfujing.

	
[image: Land 14 02155 i004]




	
Culturality




	
Positive

	
Successful preservation and presentation of cultural heritage.

Emphasizes well-conserved cultural traditions or historical features.

	
Shijia Hutong is said to be “one hutong, half of China”. Many celebrities and scholars once lived in this hutong, and Prince William of England also visited the first Hutong museum in China. Shu Yi, the signature on the plaque, is the son of writer Lao She.

	
[image: Land 14 02155 i005]




	
Negative

	
Loss or compromise of cultural-historical values. Emphasizes damaged or inappropriately modified cultural elements.

	
For many years, this street recorded many memories of my life in the hutong: joys, sorrows, and further joys. Now it is full of commerce and no fireworks and no smell.

	
[image: Land 14 02155 i006]




	
Restorativeness




	
Positive

	
Positive experiences of physical or mental restoration. Emphasizes environments conducive to stress relief and mental recovery.

	
Beijing Hutong! This is a small shop overlooking the Lama Temple. It is so good to drink coffee in the alley in autumn. I met a little stray cat by chance. Cat lovers are friendly. When the weather is fine, I come to the terrace with my friends to drink coffee and bask in the sun.

	
[image: Land 14 02155 i007]




	
Negative

	
Negative experiences causing physical or mental discomfort.

Emphasizes environments with adverse psychological or physiological impacts.

	
11 May 2024: The last day of traveling to Beijing with my roommate. Let me be the first to say that the conclusion is very bad. It is terrible. In particular, when I walked in the Guomao Building myself, I found that I felt depression instead of prosperity. Maybe I should not have come……

	
[image: Land 14 02155 i008]









Appendix A.1. Prompt for Qwen2.5-VL-7B-SFT


	
[Task Description]






To identify four perceptual dimensions of urban recreational spaces (URSs) based on social media “image–text” data and conduct sentiment polarity annotation. Specific requirements:



Perception Dimensions: Asthetics, Attractiveness, Culturality, Restorativeness.



Sentiment Annotation Standards: Positive = 1, Negative = 0, Irrelevant = 2



	
[URS Perception Description]






	
Esthetics:






Positive Perception: Favorable visual experience and appreciation of spatial quality. Emphasizing explicit expressions of admiration for visual beauty.



Positive Keywords: picturesque, beautiful, stunning, magnificent, etc.



Negative Perception: Unfavorable visual experience and criticism of spatial quality. Emphasizing explicit expressions of dissatisfaction with visual defects and environmental discordance.



Negative Keywords: messy, dilapidated, dirty, etc.



Irrelevant Perception: Content that does not pertain to visual esthetic evaluation.



	
Attractiveness:






Positive Perception: Spatial characteristics that inspire interest and participation. Emphasizing environments with captivating, worth-exploring qualities.



Positive Keywords: interesting, vibrant, fun, lively, etc.



Negative Perception: Spatial characteristics lacking appeal or participatory value. Emphasizing environments perceived as dull or not worth exploring.



Negative Keywords: boring, deserted, monotonous, uninteresting, dead, etc.



Irrelevant Perception: Content unrelated to the space’s appeal or ability to attract visitors.



	
Culturality:






Positive Perception: Successful preservation and presentation of cultural heritage. Emphasizing well-conserved cultural traditions or historical features.



Positive Keywords: cultural, historical, artifacts, etc.



Negative Perception: Loss or compromise of cultural-historical values. Emphasizing damaged or inappropriately modified cultural elements.



Negative Keywords: over-commercialized, gentrified, demolished, artificial, etc.



Irrelevant Perception: Content without cultural/historical relevance.



	
Restorativeness:






Positive Perception: Positive experiences of physical or mental restoration. Emphasizing environments conducive to stress relief and mental recovery;



Positive Keywords: comfortable, leisurely, healing, pleasant, relaxed, etc.



Negative Perception: Negative experiences causing physical or mental discomfort. Emphasizing environments with adverse psychological/physiological impacts.



Negative Keywords: crowded, stuffy, oppressive, irritable, overwhelming, etc.



Irrelevant Perception: Content unrelated to restorative experiences.





Appendix B. Machine Learning Model Performance Enhancement Technology


Appendix B.1. Feature Screening


Feature selection plays a pivotal role in identifying key predictors and enhancing the model’s capability to capture complex data patterns. This study employed two distinct feature selection approaches: The first method utilized the Boruta algorithm, which operates within a random forest framework by generating randomly permuted copies (shadow features) of each original feature and comparing their importance scores through an iterative process. Features demonstrating lower importance than their shadow counterparts are progressively eliminated until all variables are either confirmed or rejected [74]. The second approach implemented recursive feature elimination (RFE), which first calculates feature importance using trained XGBoost regression models and then iteratively removes the least important features while evaluating model performance (R2) within a cross-validation framework. The optimal feature subset is determined based on the performance curve derived from cross-validation.




Appendix B.2. Optuna Hyperparameter Tuning


Optuna is an automated hyperparameter optimization framework that iteratively evaluates parameter configurations using objective function calls to identify optimal solutions. Employing an enhanced Bayesian optimization algorithm, it terminates explorations of low-probability parameter spaces and allocates greater computational resources to more promising regions, thereby improving search efficiency [75]. In this study, we integrated the optimal feature subsets obtained from both Boruta and RFE feature selection methods with four machine learning models within the Optuna framework to determine each model’s optimal hyperparameter configuration.



Table A2 presents the optimal feature subsets identified by Boruta and RFE feature selection methods. Using these subsets, we conducted hyperparameter tuning for each model with Optuna (300 iterations), evaluating model performance using five-fold cross-validation for each hyperparameter combination.





 





Table A2. The feature subsets for four dimensional URS perception derived from both Boruta and RFE.






Table A2. The feature subsets for four dimensional URS perception derived from both Boruta and RFE.





	
Perception Dimension

	
Feature Selection

	
Feature Subset






	
Esthetics

	
Boruta

	
BD, NTAD, NBSD, WI, W, AHH, E, SVF, GVI, SHDI, PFD, RND, HSD




	
RFE

	
AHH, PFD, NTAD, E SVF RND NMSD, SHDI, GVI, WI, AOS




	
Attractiveness

	
Boruta

	
BD, NTAD, NMBD, WI, W, AHH, E, GVI, SHDI, PR, PFD, RND, HSD




	
RFE

	
PFD, AHH, RND, PR, GVI, NTAD, NMSD, E, SHDI, BD, W




	
Culturality

	
Boruta

	
BD, BC, NTAD, NMBD, SSI, SSC, WI, W, AHH, GVI, RND, SHDI, PR, PFD, E, HSD




	
RFE

	
AHH, PFD, RND, PR, NMSD, SHDI, NTAD, E, GVI, WI, HSD




	
Restorativeness

	
Boruta

	
BD, NTAD, NMBD, WI, W, AHH, E, GVI, MSD, SHDI, PFD, RND, HSD




	
RFE

	
PFD, AHH, RND, E, NTAD, SHDI, NMSD, GVI, W, WI, HSD










Appendix B.3. Comparison of Machine Learning Models


This study employed four machine Learning models for performance comparison: eXtreme Gradient Boosting (XGBoost), Gradient Boosting Decision Tree (GBDT), Light Gradient Boosting Machine (LightGBM), and Random Forest (RF). We evaluated model predictive accuracy using three metrics: R-squared (R2), Mean Absolute Error (MAE), and Root Mean Square Error (RMSE). R2 measures the proportion of variance in the dependent variable explained by the independent variables, ranging from 0 to 1, with higher values indicating better goodness-of-fit. Both MAE and RMSE quantify prediction errors as non-negative real numbers, where lower values indicate higher predictive accuracy. The calculation formulas are as follows:
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where     y   i     represents the true values,       y   i    ^    denotes the predicted values from the regression model, and n indicates the number of samples in the dataset. The evaluation results are presented in Table A3, which demonstrates that the combination of the optimal feature subset from RFE and the LightGBM model achieved the best overall performance.





 





Table A3. Four types of machine Learning model evaluation indicator results.






Table A3. Four types of machine Learning model evaluation indicator results.





	
Perception Dimension

	

	
Feature Screening

	
XGBoost

	
RF

	
GBDT

	
LightGBM






	
Esthetics

	
R2

	
Boruta

	
0.5487

	
0.4942

	
0.5358

	
0.5436




	
RFE

	
0.5593

	
0.5066

	
0.5575

	
0.5959




	
RMSE

	
Boruta

	
1700.5394

	
1800.2408

	
1724.6631

	
1710.006




	
RFE

	
1680.3977

	
1777.8764

	
1683.7445

	
1609.1301




	
MAE

	
Boruta

	
841.5249

	
890.3494

	
841.0683

	
860.2127




	
RFE

	
839.9607

	
894.5046

	
825.5100

	
792.0527




	
Attractiveness

	
R2

	
Boruta

	
0.7000

	
0.5584

	
0.6444

	
0.7089




	
RFE

	
0.6951

	
0.51628

	
0.6382

	
0.7239




	
RMSE

	
Boruta

	
6278.7616

	
7618.2421

	
6836.3824

	
6184.9220




	
RFE

	
6330.2019

	
7973.0699

	
6895.2056

	
6023.8856




	
MAE

	
Boruta

	
2902.8784

	
3381.3959

	
3104.4383

	
2839.2208




	
RFE

	
3007.9538

	
3514.4672

	
3244.3208

	
2868.1066




	
Culture

	
R2

	
Boruta

	
0.5785

	
0.5692

	
0.5769

	
0.5661




	
RFE

	
0.6311

	
0.5768

	
0.6154

	
0.6319




	
RMSE

	
Boruta

	
2541.9314

	
2569.6580

	
2546.5204

	
2578.9323




	
RFE

	
2378.0264

	
2547.0606

	
2427.8537

	
2375.5058




	
MAE

	
Boruta

	
1271.4136

	
1290.9579

	
1277.9152

	
1319.6692




	
RFE

	
1167.6808

	
1260.8989

	
1175.0645

	
1166.0874




	
Restorativeness

	
R2

	
Boruta

	
0.620294

	
0.54867

	
0.6084

	
0.60921




	
RFE

	
0.64803

	
0.55655

	
0.6275

	
0.63753




	
RMSE

	
Boruta

	
7813.3988

	
8518.4787

	
7935.1976

	
7926.6090




	
RFE

	
7522.5223

	
8443.7944

	
7739.2791

	
7633.9517




	
MAE

	
Boruta

	
3414.1766

	
3584.0825

	
3445.5327

	
3425.2580




	
RFE

	
3361.6974

	
3579.3412

	
3407.0083

	
3330.4188










Appendix B.4. Shapley Additive Explanation (SHAP)


This study employs SHAP interpretability models to analyze the complex relationships between built environment features and URS perceptions. Based on cooperative game theory’s Shapley value concept, this method quantifies each feature’s marginal contribution by calculating its average impact across all possible feature combinations [76]. The approach provides both global interpretation of aggregate feature impacts across the study population and local explanation of individual feature contributions for specific observations, effectively transforming “black-box” models into interpretable machine learning systems. The SHAP value function is formally expressed in Equation (A4):


    ∅   j   =   ∑  S ⊆ F \   j           S   ! (   F   −   S   − 1 ) !     F   !        f   S       x   S ∪   j       −   f   S       x   S          



(A4)




where     ∅   j     is the SHAP value for feature   j  ,   F   is the set of all features,   S   is a subset of features excluding feature   j  ,     S     is the number of features in subset   S  ,     F     is the total number of features,     f   S       x   S ∪   j         is the prediction of the model using the features in subset   S   along with feature   j  , and     f   S       x   S       is the prediction of the model using only the features in subset   S  .





Appendix C. Negative Comments in Urban Recreational Space




 





Table A4. The ACC, Precision, Recall, and F1 score of Qwen2.5-VL-7B-SFT on the Tianjin dataset.
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	Model
	Esthetics
	Attractiveness
	Culturality
	Restorativeness





	ACC
	Qwen2.5-VL-7B-SFT
	0.9226
	0.8607
	0.9691
	0.8994



	Precision
	Qwen2.5-VL-7B-SFT
	0.9265
	0.8604
	0.9684
	0.9013



	Recall
	Qwen2.5-VL-7B-SFT
	0.9226
	0.8607
	0.9691
	0.8994



	F1 score
	Qwen2.5-VL-7B-SFT
	0.9243
	0.8591
	0.9669
	0.9002
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Figure A1. Negative comment word clouds in four dimensions. 
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Figure 1. The study area. 
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Figure 2. Research framework. 
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Figure 3. Structure of the Qwen2.5-VL-7B-SFT. 
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Figure 4. Density distribution of perceived positive evaluations in four dimensions. 
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Figure 5. Clusters related to URS esthetics. The left column displays the spatial elements influencing URS esthetics, while the right column shows their corresponding emotional characteristics. 
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Figure 6. Clusters related to URS attractiveness. The left column presents the spatial elements influencing URS attractiveness, while the right column shows their corresponding emotional characteristics. 
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Figure 7. Clusters related to URS culturality. The left column presents the spatial elements influencing URS culturality, while the right column shows their corresponding emotional characteristics. 
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Figure 8. Clusters related to URS restorativeness. The left column presents the spatial elements influencing URS restorativeness, while the right column shows their corresponding emotional characteristics. 
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Figure 9. Importance of core environmental indicators and nonlinear effects on URS perception. The left column displays the results of the relative importance of environmental attributes on URS perception, while the right column shows the nonlinear effects of the top six environmental attributes. 
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Table 1. Overview of collected data distribution.
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	Geographic Coordinate Data of the Entire City
	Three Ring Geographic Coordinate Data
	Three Ring Picture Data





	Xiaohongshu
	70,807
	23,046
	45,571



	Weibo
	154,717
	77,343
	126,985



	Total
	225,524
	100,389
	172,556










 





Table 2. Overview of annotated data distribution.
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	Label
	Esthetics
	Attractiveness
	Culturality
	Restorativeness





	0
	107
	280
	125
	267



	1
	880
	1,607
	953
	1,298



	2
	4,065
	3,165
	3,974
	3,497










 





Table 3. Experimental parameters.
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Category

	
Parameter

	
Value

	
Description/Function






	
LoRA Configuration

	
rank

	
8

	
Dimension of low-rank matrices




	
alpha

	
32

	
Scaling factor for weight adjustment




	
dropout

	
0.05

	
Dropout rate to prevent overfitting




	
Training

	
learning rate

	
0.0001

	
Initial learning rate for optimization




	
train_val_split_ratio

	
9:1

	
Ratio of training set to validation set




	
epochs

	
4

	
Number of training iterations




	
batch size

	
16

	
Samples processed per GPU per iteration




	
Hardware

	
gradient checkpointing

	
Enabled

	
Reduces GPU memory usage via cross-layer caching




	
mixed precision (BF16)

	
Enabled

	
Accelerates training with bfloat16 precision




	
Vision

	
max pixels

	
602,112

	
Maximum image pixels (448 × 1344)











 





Table 4. Calculation and statistics of influencing factors.






Table 4. Calculation and statistics of influencing factors.





	
Domains

	
Variables

	
Formula Description






	
Density

	
BD

(Building density)

	
  B D =      ∑  j   n       m   j      /    S   i      

j is a building in the block, m j is the building base area of the j-th building, and Si is the area of the block (km2).




	
PFD

(POI Functional Density)

	
  P F D =     C   i    /    S   i      

Ci is the sum of the values of the POI points for that facility point within the block i, and Si is the area of the block (km2).




	
PR

(Plot Ratio)

	
  P R =      ∑  j   n       m   j   ×   f   j      /    S   i      

j is a building in the block, mj is the building base area of the j-th building, fj is the number of floors of the building, and Si is the area of the block (km2).




	
HHD

(Historical Heritage Density)

	
  H H D =     H   i    /    S   i      

Hi is the sum of the number of historical heritages in block i, and Si is the area of the block (km2).




	
PFM

(POI Functional Mixture)

	
  P F M = −    ∑  i   n         P   i   ×   l n P   i        

i is the number of POI types in the block i, and Pi is the ratio of the number of types of i-th POI in the block to the total number.




	
SHDI

(Shannon’s Diversity Index)

	
  S H D I = −    ∑  i   n         p   i   ×   l n p   i        

i is the number of visual feature types computed in the semantic segmentation task within block i, and pi is the proportion of visual feature i to the total pixels.




	
Distance to

transit

	
BSD

(Bus Sop Density)

	
  B S D =     B   i    /    S   i      

Bi is the sum of the number of bus stops in block i, and Si is the area of the block (km2).




	
MSD

(Metro Station Density)

	
  M S D =     M   i    /    S   i      

Mi is the sum of the number of metro stations in block i, and Si is the area of the block (km2).




	
NBSD

(Nearest Bus Sop Distance)

	
Straight-line distance from the centroid of block i to the nearest bus stop (km).




	
RND

(Road Network Density)

	
  R N D =     R   l    /    S   i      

Rl is the sum of the lengths of all types of roads in the block, and Si is the area of the block (km2).




	
Design

	
SVF

(Sky View Factor)

	
  S V F =      ∑  k = 1   m          1   4       ∑  j = 1   4       s   j k          /  m    

SVF represents the proportion of the sky visible in the field of vision, sjk is the pixel ratio of the sky in the j-th street view picture of the k-th sample point in block i, and m is the number of street view sample points in block i (the same below).




	
EI

(Enclosue Index)

	
  E I =      ∑  k = 1   m            ∑  j = 1   4         b   j k   +   w   j k   +   t   j k        /     ∑  j = 1   4         p   j k   +   r   j k              /  m    

bjk/wjk/tjk/pjk/rjk is the pixel ratio of buildings/walls/trees/sidewalks/roadways in the j-th street view picture of the k-th sample point in i in the spatial unit.




	
GVI

(Green View Index)

	
  G V I =      ∑  k = 1   m          1   4       ∑  j = 1   4       g   j k          /  m    

gik is the proportion of green plants pixels in the j-th street view picture of the k-th sample point in block i.




	
WAI

(Walkability Index)

	
  W A I =      ∑  k = 1   m            ∑  j = 1   4       p   j k      /     ∑  j = 1   4         p   j k   +   r   j k              /  m    

pjk/rjk: the proportion of sidewalk/roadway pixels in the j-th street view picture of the k-th sample point in block i.




	
BC

(Building Continuity)

	
  B C =     1   m       ∑  k = 1   m            1   4       ∑  j = 1   4       b   j k   −    1   4 m       ∑  k = 1   m        ∑  j = 1   4       b   j k             2       

BC represents the standard deviation of the proportion of buildings in block I, and bjk is the proportion of building pixels in the j-th street view image of the k-th sample point in i in the spatial unit.




	
GSR

(Green Space Ratio)

	
  G S R =     G   r    /    S   i      

Gr is the sum of the areas of the various types of green spaces in the blocks, and Si is the area of the block (km2).




	
WI

(Water Index)

	
  W I = K − N E A R _ D I S T  

K takes the value of 3000 m search radius, and NEAR_DIST is the closest distance to the water.




	
Destination

accessibility

	
NTAD

(Nearest Trade Area Distance)

	
Straight-line distance from the centroid of block i to the nearest business district (km).




	
AHH

(Accessibility of Historical Heritage)

	
Number of historical heritages within 500 m walking of block i, including temples, memorials, churches, etc. (units/500 m).




	
AOS

(Accessibility of Open Space)

	
Number of open spaces within 500 m walking distance of block i, including green spaces, city parks, squares, etc. (units/500 m).




	
Destination

accessibility

	
SSC

(Space Syntax Choice)

	
  S S C =      ∑  j        ∑  k       d   j k     i        /    d   j k      

djk is the shortest path between line segment j and line segment k, and djk (i) is the shortest path between line segment j and line segment k that contains line segment i. r = 1000 m.




	
SSI

(Space Syntax Integration)

	
  S S I =     n       l o g   2     n + 2      /  3 − 1      /    n − 1     ×     M D   i   − 1    

n is the number of units in the street network and MDi is the average depth of segment i. r = 1000 m.











 





Table 5. Comparative performance of the LVLMs based on ACC, Precision, Recall, and F1 score.






Table 5. Comparative performance of the LVLMs based on ACC, Precision, Recall, and F1 score.





	

	
Model

	
Esthetics

	
Attractiveness

	
Culturality

	
Restorativeness






	
ACC

	
Qwen2.5-VL-7B-SFT

	
0.9348

	
0.8715

	
0.9368

	
0.9150




	
InternVL3-8B-SFT

	
0.9187

	
0.8515

	
0.9146

	
0.8972




	
Qwen2.5-VL-7B

	
0.6653

	
0.5257

	
0.6858

	
0.6735




	
Precision

	
Qwen2.5-VL-7B-SFT

	
0.9358

	
0.8703

	
0.9382

	
0.9169




	
InternVL3-8B-SFT

	
0.9187

	
0.8518

	
0.9148

	
0.8978




	
Qwen2.5-VL-7B

	
0.6663

	
0.5244

	
0.6868

	
0.6764




	
Recall

	
Qwen2.5-VL-7B-SFT

	
0.9348

	
0.8715

	
0.9368

	
0.9150




	
InternVL3-8B-SFT

	
0.9187

	
0.8515

	
0.9146

	
0.8972




	
Qwen2.5-VL-7B

	
0.6653

	
0.5257

	
0.6858

	
0.6735




	
F1 score

	
Qwen2.5-VL-7B-SFT

	
0.9348

	
0.8701

	
0.9365

	
0.9155




	
InternVL3-8B-SFT

	
0.9183

	
0.8509

	
0.9144

	
0.8973




	
Qwen2.5-VL-7B

	
0.6653

	
0.5245

	
0.6854

	
0.6739











 





Table 6. Quantitative results of URS perception in four dimensions.






Table 6. Quantitative results of URS perception in four dimensions.





	Label
	Esthetics
	Attractiveness
	Culturality
	Restorativeness





	0
	227 (0.4%)
	1175 (2.1%)
	450 (0.8%)
	2128 (3.9%)



	1
	10,112 (18.4%)
	24,390 (44.3%)
	9703 (17.6%)
	20,978 (38.1%)



	2
	44,742 (81.2%)
	29,516 (53.6%)
	44,928 (81.6%)
	31,975 (58.1%)
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Few-shot learning + Prompt Engineering

Promptl: Task Description

Identify the objective description of UPRS [Esthetics| and [Restorativeness]|
from the comment, first locate the text segments related to [Esthetics] and
[Restorativeness], and then extract the modifiers and theme words related to
[Esthetics] and [Restorativeness] from the text segments.

Prompt2: Chain of Thought

Comment: Today's Shichahai is so beautiful. The water surface reflected by the
sunset is sparkling. It's very pleasant to walk around Shichahai # Beijing Travel
Punch in [Topic]

Text segments:“Today's Shichahai is so beautiful. The water surface reflected
by the sunset is sparkling”,“It's very pleasant to walk around Shichahai”

Modifiers words : [Esthetics| “beautiful”,“sparkling”
[Restorativeness| “pleasant”

Theme words :  [Esthetics] “Shichahai”,“water surface”, “sunset”

\ [Restorativeness] “Shichahai” ’

Beijing ¢ North Luogu Lane! The hutong courtyard full of hydrangeas,
where the romance of spring is hidden ~ There is a sea of hydrangeas in
Beiluogu Lane, which is so beautiful! §PRight in the jm courtyard! I
like to come and sit when the weather is fine 8 Really comfortable....
@ Urban Intelligence Officer

Text segments: “There is a sea of hydrangeas in Beiluogu Lane, |
which is so beautiful!”,“ Right in the jm courtyard! I like to come and |
sit when the weather is fine Really comfortable”

|
Modifiers words : [Esthetics] “beautiful” I

|Restorativeness] “comfortable” I
Theme words :  [Esthetics] “North Luogu Lane”,’hydrangeas” :
[Restorativeness] “jm courtyard” )
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