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Abstract

In the pursuit of building sustainable and healthy cities, a critical disconnect persists between macro-scale urban greening assessments and the 
micro-scale experiences of pedestrians. This study addresses this gap by establishing an artificial intelligence (AI)-empowered dynamic exposure 
assessment framework. By integrating deep learning-based semantic segmentation of street-view imagery with multi-source dynamic 
environmental data, we quantified the disparity between pedestrian-perceived greenness and the actual supply of two key ecosystem services: 
green-space cooling and atmospheric purification. Using the area within Beijing’s Fifth Ring Road as a case study, we developed the Ecological 
Integration Score to unify these diverse benefits into a standardized dynamic metric. The AI-assisted analysis revealed two critical phenomena: 
① a stark green-visibility deficit, where pedestrian-visible greenness is substantially lower than macro-scale vegetation coverage, and crucially, 
②  a profound perception–function decoupling. Specifically, high visual greenness often creates a resilience illusion that does not guarantee 
functional protection against heat or pollution. These findings highlight the limitations of static planning and demonstrate the transformative 
potential of AI analytics in diagnosing hidden urban vulnerabilities. Theoretically, this study enriches the human–environment coupling 
framework; practically, it has a forward-looking impact on refined urban governance, offering conceptual guidance to better align green 
infrastructure with public health objectives.
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1. Introduction

In the face of global climate change and expanding urban populations, building resilient, sustainable, safe, and healthy 
cities has become a global priority, deeply aligned with the Sustainable Development Goal (SDG) 11. Urban Ecosystem 
Services (ESs) are fundamental to achieving these goals by enhancing resident well-being and mitigating environmental 
stressors. This is particularly salient from the perspective of daily pedestrian activities, where direct and continuous exposure 
to ES significantly influences both physical and mental health. Therefore, accurately assessing the provision and human 
reception of ESs at the street level is imperative for evidence-based green infrastructure planning.

Considerable achievements have been made in transitioning from macro-scale greening assessments to micro-scale 
pedestrian perception. Traditional evaluations predominantly relied on remote sensing indicators like green coverage ratios 
to quantify supply. However, while satellite imagery resolution has improved significantly, aerial perspectives inherently 
capture the upper canopy and fail to represent the vertical profile of greenery visible from the human vantage point [1]. 
Consequently, high green coverage at the urban scale does not guarantee a commensurate green view index at the street level. 
To bridge this gap, scholars have increasingly adopted street-view imagery to quantify the ground-level visibility of urban 
greenery [2]. Recent studies corroborate that street-view metrics correlate significantly with actual perceived greenness [3] 
and are associated with public health outcomes, including mental health improvements in adolescents [4] and enhanced 
emotional regulation during walking [5]. The integration of artificial intelligence (AI) has further catalyzed this field. Deep 
learning algorithms such as SegNet [6], DeepLab [7], and PSPNet [8] enable the high-throughput extraction of diverse visual 
elements to quantitatively characterize street space. For instance, Li et al. [9] utilized deep learning algorithms to calculate 
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the spatial pattern of green landscape index (GVI) in Beijing, offering a foundation for refined greening management. Other 
studies have employed semantic segmentation technology to extract proportions of diverse elements such as sky, vegetation, 
buildings, pedestrians, and vehicles from street-view images, thereby quantitatively characterizing the visual ecological 
features of street space [10]. Additionally, Nagata et al. [11] analyzed Google Street View images using deep learning 
semantic segmentation to quantify the composition of street visual elements (architecture, vegetation, sky), this approach 
constructing a street walkability assessment model. Furthermore, these technologies have proven pivotal in enhancing urban 
ecological modeling, particularly in utilizing the sky view factor to simulate thermal comfort and pollutant dispersion [12]. 
These advancements highlight value of integrating AI-assisted pedestrian perspective into ecosystem service assessment.

Despite these methodological advancements, several critical limitations remain unresolved in contemporary research. First, 
the issue of perception–function decoupling remains prominent. The supply function of urban green spaces often fails to align 
with actual pedestrian perception. Evidence suggests a weak correlation between street-level visibility and traditional green 
coverage [13], implying that merely increasing the total quantity of vegetation is insufficient to enhance the ESs perceived by 
pedestrians [14]. This disconnect indicates that current planning efforts have not effectively matched ecological functions 
with human experience. Second, there is a distinct lack of dynamic exposure analysis. Most existing assessments evaluate 
residents’ access to ESs based on static spatial distributions, neglecting the dynamic changes in human exposure over the 
temporal dimension [15]. Building safe and resilient cities requires understanding how residents interact with fluctuating 
environments, yet previous assessments lack analysis of variations in pedestrian ecological exposure across times and seasons 
[16]. Third, the problem of scale mismatch persists. Data on ES supply are typically aggregated at regional or grid scales, 
whereas pedestrian perception occurs at the fine scale of streets, hindering the direct comparison of supply and demand 
relationships [17]. Finally, existing methodological models are often fragmented. Existing studies tend to focus on a single 
aspect, failing to simultaneously consider the pedestrian perspective, objective functional quantification, and dynamic 
temporal processes. Addressing these critical gaps, this study proposes an AI-assisted integrative assessment framework that 
combines street-view semantic segmentation, multi-source environmental data, and dynamic exposure modeling. The 
framework introduces a novel indicator, the Ecological Integration Score (EIS), which integrates multiple ESs into a unified 
and comparable metric. Using the area within Beijing’s Fifth Ring Road as a case study, we simulate time-variant pedestrian 
exposure to operationalize these theoretical gaps into three explicit research questions: ① To what extent does pedestrian-
level perceived greenness quantitatively deviate from macro-scale vegetation coverage across diverse urban road hierarchies? 
② Does high visual ecological perception consistently translate into proportional bio physical ESs, or is there a systematic 
mismatch driven by street morphology and species composition? And ③ how do temporal dynamics, particularly diurnal 
rhythms and extreme seasonal shifts, modulate the supply of ESs and subsequent pedestrian exposure? Theoretically, this 
paper enriches the dynamic matching framework of ES supply and demand; practically, it provides analytically precise, data-
driven decision support for smart urban governance.

2. Methodology

2.1. Research framework

The methodological architecture of this study is orchestrated into three integrated modules (Fig. 1), designed to bridge the 
gap between AI-assisted perception and ecological function: ①  Quantification of pedestrian-perceived ecological 
environment via AI Analysis. This component leverages computer vision techniques to process large-scale street view images 
(SVIs). We employed deep learning algorithms to identify roadside vegetation and extracted six key perceptual indicators: 
vegetation ratio (VR), green view index (GVI), sky view factor (SVF), hardscape ratio (HR), human–vehicle ratio (HVR), 
and richness. ② Integrated assessment of actual ES functions. We focused on quantifying the dynamic supply of two critical 
ES for urban health and safety: green space cooling and atmospheric purification. This module innovatively accounts for 
dynamic fluctuations driven by distance decay, meteorological conditions, temporal shifts, and green space structure. To unify 
these distinct functions, we proposed the EIS, a standardized indicator that re-quantifies and integrates the actual functional 
benefits received by pedestrians. ③ Simulation and analysis of pedestrian dynamic Exposure. At the road segment level, 
this module analyzes the spatial heterogeneity of six perceived indicators and identifies dominant roadside vegetation types 
via AI-assisted botanical recognition. By coupling these perceptual metrics with the calculated EIS, we simulate the dynamic 
exposure of pedestrians along their daily routes. Finally, a correlation analysis is conducted to diagnose the “perception-
function” decoupling, providing data-driven evidence for resilient urban planning.



Fig. 1. Research framework of the study process and methods. EC: ecological credits; RGB: red–green–blue; API: application programming 
interface.

2.2. Extraction of ecological indicators via AI-assisted semantic segmentation

To capture the high-resolution visual environment experienced by pedestrians, road network data were acquired from 
OpenStreetMap. Sampling points were generated at 50-meter intervals along the road centerlines using the Generate Points 
Along Lines tool in ArcGIS 10.8 (Fig. 2(a)). To construct a comprehensive 360° panoramic view for each location, four street-
view images with a 90° field of view (north, east, south, and west) were retrieved via the Baidu Maps API (Fig. 2(b)).



 

Fig. 2. Flowchart of ecological indicator extraction based on SVIs: (a) distribution of street view sampling points at an interval of 50 meters, (b) 
setting of the viewing angle for capturing street view images at the sampling points, and (c) structure of the Pyramid Scene Parsing Network 
(PSPNet). CNN: convolutional neural network; CONV: convolution; POOL: pooling layer; UPSAMPLE: upsampling layer; CONCAT: 
concatenation.

To achieve high-precision quantification of the street-level environment, we employed the Pyramid Scene Parsing Network 
(PSPNet). PSPNet utilizes a Pyramid Pooling Module (PPM) to systematically aggregate multi-scale global context. 
Compared to earlier semantic segmentation architectures such as fully convolutional network (FCN) and U-Net, the PPM 
more effectively captures hierarchical contextual features, enabling highly robust recognition and interpretation of complex 
urban streetscapes [8]. Although newer segmentation models, such as SegFormer and DeepLabV3+, have achieved slightly 
higher overall mean intersection over union (mIoU) scores on benchmark datasets [18], these improvements are mainly 
associated with small or infrequent object categories, including billboards, poles, and bicycles [19]. The model was trained 
on the Cityscapes dataset—a benchmark for autonomous driving and urban scene understanding—containing 5000 finely 
annotated images across 19 categories. We utilized a rigorous data split (2975 for training, 500 for validation, and 1525 for 
testing) to train the model (Fig. 2(c)). Furthermore, we conducted manual sample verification to determine the reliability of 
semantic segmentation. We randomly selected 200 SVIs covering different road levels in the city as representative samples. 
The precise masks of key ecological components (mainly “vegetation” and “sky”) were generated through manual annotation. 
The verification results showed that the PSPNet framework performed robustly in local environments. There is a high degree 
of consistency between the manual interpretation and the model output. The overall classification accuracy rate is 80.68%, 
and the Cohen’s Kappa coefficient is 0.80. This confirmed the high credibility of the AI-assisted image processing module, 
thereby ensuring the rigor of the subsequent perception function decoupling evaluation. Subsequently, six visual feature 
indicators were extracted from the segmentation outputs: VR, GVI, SVF, HR, HVR, and Richness (Table 1), following the 
calculation protocols established by Chen et al. [20]. Specifically, in this study, we clearly distinguished between VR and 
GVI. GVI strictly quantifies the proportion of green vegetation (leaves and grass), reflecting the visual greenness perceived 
by pedestrians. In contrast, VR encompasses all vegetation pixels, including non-green structural parts such as tree trunks and 
leafless branches. Separating these two indicators is crucial for analyzing temperate cities like Beijing, as these cities are 
mainly dominated by deciduous tree species [21]. During winter, although the GVI drops sharply due to the shedding of 
leaves, the bare tree trunk structures captured by VR still exist and continue to have a physical impact on the micro-
environment of the streets [22]. By using these two indicators, the seasonal visual perception can be precisely distinguished 
from the permanent physical structure.

Furthermore, to link visual characteristics with biological traits, we employed AI-powered computer vision for vegetation 
identification. Specifically, we utilized the plant recognition API provided by Baidu AI Cloud. This intelligent service 
processes input images to return plant identification results with associated confidence scores. The implementation involved 



rigorous technical procedures: obtaining authentication credentials (API Key and Secret Key), executing HyperText Transfer 
Protocol (HTTP) POST Method requests (Request the URL and set the parameters (Table 2). For detailed instructions, please 
refer to the official request examples provided by Baidu AI Cloud.) and parsing the returned JavaScript Object Notation 
(JSON) data to select the result with the highest confidence score as the identified vegetation type. This automated, AI-assisted 
approach allows for efficient, large-scale botanical surveying that would be infeasible with manual methods.

Table 1
Types of ecological indicators and calculation methods.

Indicators
Pixels Formula Definitions

Richness
Richness 𝑅𝑖 = 𝑑𝑖        (1)

di represents the number of different types of street scene elements in the ith 
image; 𝑅𝑖 represents the richness of visual street scene elements in the ith image; 
i denotes the ith sampling point, where i∈{1, 2, ⋯, n}, n represents the number of 
images associated with that sampling point.

GVI
Green 
vegetation

𝐺𝑖 = 1
𝑛∑𝑛

𝑖=1 𝐺𝑛        (2)
G𝑛 represents the proportion of green trees and herbaceous plants in the image; 𝐺𝑖 
represents the proportion of green vegetation pixels in the ith image.

VR
Vegetation 𝑉𝑖 = 1

𝑛∑𝑛
𝑖=1 𝑣𝑛        (3)

𝑣𝑛 represents the proportion of pixels of trees and grass in the image; 𝑉𝑖 
represents the total proportion of vegetation pixels in the ith image.

SVF
Sky 𝑆𝑖 = 1

𝑛∑𝑛
𝑖=1 𝑆𝑛           (4)

S𝑛 represents the proportion of sky pixels; Si represents the proportion of sky 
pixels in the ith image.

HR

Road
Wall
Building
Sidewalk

𝐻𝑖 = 1
𝑛

(∑𝑛
𝑖=1 RO𝑛 + ∑𝑛

𝑖=1 𝑊𝑛 + ∑𝑛
𝑖=1 BU𝑛 + ∑𝑛

𝑖=1 SI𝑛)   
(5)

ROn represents the proportion of road pixels; Wn represents the proportion of wall 
pixels; BUn represents the proportion of building pixels; SIn represents the 
proportion of pedestrian path pixels; Hi represents the total proportion of hard 
scenery in the ith image.

HVR

Car
Bus
Rider
Person

𝑃𝑖 = 1
𝑛(∑𝑛

𝑖=1 𝐶𝑛 + ∑𝑛
𝑖=1 𝐵𝑛 + ∑𝑛

𝑖=1 RI𝑛 + ∑𝑛
𝑖=1 PE𝑛)

          (6)

Cn represents the pixel ratio of cars; Bn indicates the pixel ratio of buses; RIn 
denotes the pixel ratio of riders; PEn represents the proportion of human pixels; Pi 
indicates the total proportion of people and vehicles in the ith image.

Table 2
Request Parameters and Descriptions

Parameter 
name

Type
Descriptions

image
string

Image data, base64 encoded, the size after base64 encoding should not exceed 4 Megabyte (MB), the shortest side should be at least 15 pixels 
(px), and the longest side should be no more than 4096 px; supports jpg/png/bmp formats.

url
string

Complete image URL, with the URL length not exceeding 1024 bytes. The base64 encoded size of the image corresponding to the URL should 
not exceed 4M. The shortest side should be at least 15px and the longest side should be no more than 4096 px. The supported formats are 
jpg/png/bmp. When the "image" field exists, the "url" field becomes invalid.

2.3. Construction of the perceptual EIS System

To systematically quantify the actual ecological benefits accrued by pedestrians—a critical determinant of urban health—
we conceptualized the EIS. This novel metric transforms diverse ESs into a unified unit, "ecological credits (EC)", allowing 
for the standardized evaluation of environmental exposure across different spatio-temporal contexts. Among the four primary 
categories of ESs (provisioning, regulating, cultural, and supporting), regulating services have the most immediate and 
profound intersection with daily human activities in urban settings [23]. Within this category, we specifically isolated 
microclimate regulation (cooling) and air quality regulation (particulate matter with an aerodynamic diameter ≤ 2.5 μm (PM2.5) 
interception). This selection is strictly driven by the context of urban pedestrian health: In high-density streetscapes, heat 
stress and fine particulate matter represent the two most acute and pervasive environmental hazards [24,25]. The integration 
of heterogeneous biophysical processes (cooling and PM2.5 interception) into a comparable EIS is conceptually analogous to 
established macro-ecological accounting frameworks, such as Ecological Value Accounting [26] or Eco-credit [27]. While 
macro-frameworks convert disparate physical services (e.g., carbon sequestration, water retention) into unified monetary or 
energy metrics, our EIS framework performs this integration under a public health paradigm. By mapping absolute physical 
reductions (°C and %) onto human physiological perception thresholds and marginal health benefits, the 10-point scale 
transforms divergent thermodynamic and aerodynamic indicators into a unified, dimensionless metric of health-equivalent 
ecological exposure.

The ecological benefits of urban green spaces vary with spatial distance. The buffer zone ranges considered for different 
service types differ. Moreover, within a given range, as distance increases, the ecological benefits tend to diminish and 



eventually stabilize. The regression relationship between two types of ESs was analyzed. Vegetation in green spaces releases 
water vapor through transpiration, thereby absorbing heat. This makes the green space a cold source, and the released cold air 
affects the surrounding environment. The cold air gradually spreads into non-green areas, lowering surrounding temperatures 
[28]. The influence range depends on the distance from the green space. Within a certain range (assuming an influence range 
of 800 m for green space cooling), the temperature difference (ΔT) gradually decreases, and the rate of decrease slows as 
distance increases, eventually stabilizing. The regression equation for cooling magnitude versus distance from the green space 
[29] is given by Eq. (7). In addition, plant leaves are covered with fine hairs and secrete mucus, which can effectively adsorb 
particles in the air. Some plants absorb and degrade these particles through physiological processes. Rainfall-induced erosion 
enables plant leaves to repeatedly adsorb particles. The influence range of PM2.5 reduction by green space is related to the 
distance from the green area. Within a certain range (assuming a 100 m green area buffer around roads), the PM2.5 reduction 
rate initially increases and then decreases as distance increases [30]. The regression equation for PM2.5 reduction versus 
distance from the green space [31] is given by Eq. (8). Finally, the benefits of each ES type are converted into corresponding 
EISs, as detailed in Table 3.

ΔT = –0.1752 × In(l)+2.152 (R2=0.8720) (7)

where, ΔT represents the degree of temperature reduction (°C), and l is the distance from the research point to the green area 
(m). R2 is the coefficient of determination.

y = –2×10–5l3 + 0.0002l2 + 0.1207l + 1.9237   (R2=0.8642) (8)

where, y represents the interception rate of particulate matter (%), and l is the distance from the research point to the green 
space (m).

Table 3
Conversion of benefits from ESs into EIS.

Green Space Cooling
(°C)

Particulate matter interception rate (%)
EIS

≥  2.5
≥  35

10

[1.5, 2.5)
[25, 35)

8

[1, 1.5)
[10, 25)

6

[0.2, 1)
[5, 10)

4

(0, 0.2)
(0, 5)

2

≤  0
≤  0

0

Only PM2.5 was considered when intercepting particulate matter. The corresponding EIS division basis has been described in Section S1 in 
Appendix A.

At the road segment level, the road network is constructed as a directed graph. Each road segment is an edge in the graph, 
and the sampling points along the road are the nodes. Each node has EIS-related attributes, and each edge has a length attribute 
representing the segment’s length. The route-based EIS calculation is implemented using Python’s NetworkX library. The 
specific calculation method is provided in Eq. (9).

𝐸𝐼𝑠𝑒𝑔𝑚𝑒𝑛𝑡―𝐿 =
1

𝛼 × 𝐿 + (1 ― 𝛼) × 𝑘 ×

𝑁node

𝑖=1
𝐸𝐼𝑖 ― max(𝐸𝐼𝑖) ― min(𝐸𝐼𝑖) (9)

where, 𝐸𝐼𝑠𝑒𝑔𝑚𝑒𝑛𝑡―𝐿 represents the EIS calculated jointly by nodes and lengths on the road. 𝑁node is the total number of 
nodes (total number of sampling points) of the route. L is the total length of the route (m). k is the total number of sections of 
the route. 𝛼 is the coefficient for weight distribution of length and sections, in this study it is set to 0.5, and this is mainly 
determined based on the physical and topological conditions of pedestrian activities in the urban road network [32], where 
max(𝐸𝐼𝑖) is the maximum value of the original EIS, min(𝐸𝐼𝑖) is the minimum value of the original EIS, and 𝐸𝐼𝑖 represents 
the original EIS of the sampling point. 

2.4. Dynamic exposure assessment method

Urban ESs are not static; they exhibit profound spatio-temporal heterogeneity driven by meteorological volatility and 
phenological cycles. To assess urban resilience under dynamic conditions, this study established a multi-dimensional exposure 
model incorporating three axes of variability: ①  meteorological dynamism. Capturing real-time fluctuations in air 
temperature, relative humidity, solar radiation, wind speed, and atmospheric pressure at 3-hour high-frequency intervals. ② 



Temporal dynamism: differentiating between diurnal cycles (daytime: 9 a.m.–9 p.m.; nighttime: 9 p.m.–9 a.m.) and seasonal 
shifts, which are critical for evaluating year-round urban safety. ③  Spatial/structural dynamism: accounting for the 
heterogeneity of green space configurations, including patch area, perimeter, shape index, and vegetation density.

For green space cooling, the dynamic magnitude is modulated by landscape metrics. We introduced a structural correction 
factor (Cr) (Eq. (10)) and a meteorological correction factor (Sr) (Eq. (11)) to refine the baseline distance-decay model, 
resulting in a dynamic cooling exposure model (Δ𝑇𝑗) that responds to real-time conditions (Eq. (12)):

𝐶𝑟 =
𝑛

𝑖=1
𝑤𝑖𝑦𝑖

(10)

where, Cr is structural correction factor, which dynamically corrects the variation in cooling reduction during the green space 
exposure period; wi is the weight of factor i; yi is the calculated value of factor i’s contribution to the cooling reduction of the 
green space.

𝑆𝑟 =
𝑛

𝑖=1
𝑚𝑖𝑜𝑖

(11
)

where, Sr is meteorological correction factor. mi represents the weight of each factor i, and oi is the calculated value of factor 
i’s contribution to the cooling reduction of the green space.

Δ𝑇𝑗 = Δ𝑇 + ∂ (12)

where, Δ𝑇𝑗 represents the decrease in temperature of the jth green space under dynamic exposure conditions, which varies 
with distance and time. ∂ is the correction factor. The detailed calculation method is provided in Appendix A Section S2.

Similarly, for atmospheric purification, the dynamic interception efficacy is governed by aerodynamic and structural 
properties. The dynamic exposure model also incorporates the structural correction factor Cr and the meteorological 
correction factor Sr to derive the time-variant PM2.5 reduction rate (Δ𝑃𝑗) (Eq. (13)):

Δ𝑃𝑗 = Δ𝑃＋𝛽 (13)

where, Δ𝑃𝑗 represents the change in particulate matter interception by the jth green space under dynamic exposure conditions, 
which changes with distance and time. β is the correction factor. The detailed calculation method is provided in Appendix A 
Section S2.

2.5. Case study and data sources

This study focuses on the central urban area of Beijing (specifically within the Fifth Ring Road) as the representative case 
study for high-density Asian metropolises (Fig. 3). Geographically situated on the northwestern edge of the North China Plain 
(115°20′E to 117°30′E, 39°28′N to 41°05′N), Beijing experiences a temperate semi-humid continental monsoon climate 
characterized by distinct seasonal variations. As the national political, cultural and innovation hub, Beijing exemplifies the 
challenges of rapid urbanization: a complex “ring and radial” road network approximately 6296 km and a dense permanent 
population of approximately 21.83 million [33].

Beijing continuous expansion has intensified ecological stressors, notably the urban heat island (UHI) effect and 
atmospheric pollution [34–36], which pose significant risks to public health. While the green coverage rate reached 49.8% in 
2024—dominated by roadside species such as Koelreuteria paniculata—the spatial distribution of these services remains 
uneven. Consequently, optimizing these green spaces to enhance climate resilience and environmental equity has become a 
policy imperative [37,38]. Applying AI-assisted assessment frameworks in such a complex, high-stakes environment serves 
as a critical demonstration for smart urban governance globally.



Fig. 3. Location map of the inner Five-Lane Ring Area of Beijing.

To enable robust AI analysis and dynamic modeling, this study integrates a comprehensive dataset comprising geospatial 
big data, environmental monitoring records, and high-resolution imagery (Table 4 [39–41]). The data acquisition and 
preprocessing workflow was designed to ensure compatibility with deep learning algorithms: ①  SVIs To capture the 
pedestrian visual environment at scale, we harvested SVIs from Baidu Maps via its API. Sampling points were generated 
along the road network derived from OpenStreetMap (OSM), covering diverse road hierarchies from bicycle lanes to 
expressways. For each point, four images (90° field of view, 800 × 600 pixels resolution) were captured to form a panoramic 
scene. In total, 1 152 623 images were acquired, forming a massive dataset suitable for training and deploying the PSPNet 
deep learning model. ② Geospatial and ecological foundation: Detailed topological road network data were sourced from 
OSM to construct the graph-based network model. High-precision land use and vegetation data were established using the 1 
m-resolution land use dataset [39] and the 250m-resolution vegetation coverage dataset [40], providing the spatial context for 
ES supply modeling. ③ Meteorological data for dynamic simulation: To support the temporal dynamism of our exposure 
models, we integrated high-frequency meteorological data. Air temperature, pressure, and wind speed were retrieved from 
the high-resolution forcing dataset by He et al. [41]; solar radiation data were obtained from the Climatology Lab website 
(TerraClimate dataset) and relative humidity data were acquired from the China Meteorological Data Service Centre. This 
fusion of static physical data with dynamic meteorological streams is essential for the AI-enhanced simulation of real-time 
urban resilience.

Table 4
Data inventory and sources.

Date type
Data Source

Road network data
OpenStreetMap (OSM) (https://www.openstreetmap.org/)

Study area boundary data
Geospatial Data Cloud platform (https://www.gscloud.cn/)

SVIs
Baidu Map (https://quanjing.baidu.com/)

Land use data
From Li et al. [39])

Vegetation coverage data
From Gao et al. [40]

Meteorological data (air temperature, air pressure, wind speed)
From He et al. [41]

Meteorological data (solar radiation)
Climatology Lab (TerraClimate dataset)

Meteorological data (relative humidity)
China Meteorological Data Service Centre (http://data.cma.cn/)



3. Results

3.1. Spatial heterogeneity of key indicators revealed by AI analysis

The application of AI-based semantic segmentation to over one million street-view images unveiled critical spatial 
disparities in Beijing’s urban ecological fabric. From the perspective of healthy cities, a fundamental finding is the stark 
disconnect between macro-scale green coverage and micro-scale visible greenness. The average VR across the study area was 
23.9%, whereas the pedestrian-perceived GVI was merely 4.9% (Fig. 4(a)), representing less than one-fifth of the VR value. 
This substantial discrepancy indicates a green visibility deficit where the biological presence of vegetation fails to translate 
into direct visual psychological benefits for pedestrians, highlighting a hidden challenge for urban mental health promotion.

At the infrastructure level, AI-derived indicators exposed significant heterogeneity across roads hierarchies (Fig. 4(b)), 
directly impacting urban resilience and safety. Bicycle lanes demonstrated the optimal ecological density, recording the 
highest average VR (31.5%) and GVI (5.8%) among all road types, coupled with the lowest HR (37.4%). This suggests that 
the current non-motorized transport system serves as the primary reservoir for ecological exposure, supporting the Healthy 
Cities agenda by encouraging active travel in greener environments. In contrast, elevated roads and expressways acting as 
weak links. Despite having the highest SVF of 24.0%, they exhibited the lowest VR (15.0%) and GVI (2.8%). These highly 
hardened, vegetation-sparse arteries represent areas of high thermal risk, undermining the city’s climate resilience.

Regarding the actual functional benefits (EIS), the average cooling EIS for central Beijing was 1.57 × 1012 EC (Fig. 4(c)). 
Fuxing Road emerged as a high-performance corridor (1.32 × 1014 EC), with a VR far exceeding the average (Section S3 in 
Appendix A). This confirms that for heat mitigation—a key component of urban safety—high vegetation volume remains the 
dominant driver. The average purification EIS was 4.62×1012 EC (Fig. 4(d)). Interestingly, the Fifth South Ring Road recorded 
the highest score (1.78 × 1014 EC) despite a below-average VR (15.05%). AI-enabled analysis reveals a nuanced mechanism 
here: This road features a significantly higher SVF (Section S3 in Appendix A), indicating that street ventilation (facilitated 
by openness) plays a critical role in pollutant dispersion. This finding suggests that for safe air quality, simply planting trees 
is insufficient; spatial morphology must be optimized to prevent pollutant trapping.

Fig. 4. Results of ecological indicators and ES for individual points and roads. (a) Mean distribution of ecological indicators based on sampling 
points, (b) comparison of mean values of different ecological indicators at different road grades, (c) Green space cooling results at the road level, 
and (d) atmospheric purification results at the road level.

3.2. Patterns of perception-function coupling and decoupling

Further AI-assisted spatial analysis elucidated the intricate interplay “ecological indicators” and actual “ecosystem 
services”, revealing both synergies and critical disconnects relevant to urban safety and health.



In terms of atmospheric purification—a vital service for safe urban living—correlation analysis (Figs. 5(a)–(c)) indicate 
that road VR, GVI, and SVF all exhibit positive correlations with purification capacity. While VR and GVI enhance 
purification through biological deposition [42], the correction with SVF highlights a distinct morphological mechanism: 
Higher SVF typically signifies lower building density [43], creating ventilation corridors that facilitate air mobility and 
prevent the hazardous accumulation of pollutants [44]. Conversely, metrics representing urbanization intensity (HR, HVR) 
showed negative correlations (Figs. 5(d) and (e)), confirming that dense, hardened environments act as barriers to both air 
flow and ecological function [45]. Similar results were observed for green space cooling (Section S4 in Appendix A).

However, the most significant finding enabled by our fine-grained data integration is the identification of a perception–
function decoupling phenomenon. Statistical analysis revealed that road segments with comparable VR often deliver 
drastically different actual benefits, challenging the assumption that looking green equals being resilient. For instance, Wanliu 
East Road and Yangfangdian West Road share nearly identical VRs (about 39%), yet the latter provides nearly five times the 
cooling benefit. AI-powered botanical recognition (Section S5 in Appendix A) pinpointed the driver of this decoupling: 
vegetation community composition. Analysis of roadside vegetation types identified from SVIs shows that Populus L., Salix 
babylonica L., Ginkgo biloba L., Platanus × acerifolia, Pinus bungeana, Koelreuteria paniculata Laxm., Cinnamomum 
camphora (L.) Presl, Metasequoia glyptostroboides, Zelkova serrata (Thunb.) Makino, and Ulmus pumila are the dominant 
tree species in the study area. Cinnamomum camphora (L.) Presl was identified as a superior performer in both atmospheric 
purification and temperature reduction (Figs. 5(g) and (h)), representing an ideal choice for sustainable urban infrastructure. 
In contrast, Platanus × acerifolia despite provided high canopy coverage (high GVI) and shade, exhibited significantly weaker 
physiological efficacy in pollution removal (Fig. 5(g)), likely due to leaf surface characteristics affecting particle adsorption.

Consequently, roads dominated by Platanus × acerifolia create a high perception–low function mismatch, where 
pedestrians may feel visually comforted but remain ecologically vulnerable. Conversely, configurations with Cinnamomum 
camphora (L.) Presl or Populus L. achieved a dual match, optimizing both psychological perception and physiological health 
protection. This insight, derived from AI analytics, is crucial for avoiding “greenwashing” in urban design and ensuring that 
green infrastructure truly contributes to urban resilience.

 



Fig. 5. Multi-scale ecological perception analysis. Correlation between (a) VR and atmospheric purification, (b) GVI and atmospheric purification, 
(c) SVF and atmospheric purification, (d) HR and atmospheric purification, (e) HVR and atmospheric purification, and (f) Richness and 
atmospheric purification; comparison of (g) atmospheric purification performance among different vegetation types of roads, and (h) green space 
cooling performance among different vegetation types of roads.

3.3. Temporal dynamics of ecological exposure: Seasonal fluctuations and diurnal rhythms

The temporal granularity afforded by our multi-source dataset allowed for a precise quantification of how ecological 
resilience fluctuates over time. Our analysis revealed that urban ESs are highly volatile, exhibiting distinct seasonal and 
diurnal patterns that directly impact public health and safety.

Comparing pedestrian exposure under extreme phenological conditions (summer and winter) across 10 representative 
arterial routes, including Zuojiazhuang West Road, Zizhuyuan Road, and Zhugezhuang Road (Table 5), revealed a significant 
seasonal oscillation in ecological quality. The average GVI in summer was approximately 20% higher than in winter. The 
green-rich immersive experience provided by streetscapes near parks (e.g., Zuojiazhuang West Road) during summer 



contrasts sharply with the visual barrenness of winter. More critically, the EIS for atmospheric purification dropped 
precipitously in winter. This indicates that winter pedestrians suffer a dual deficit: a reduction in visual psychological relief 
combined with a significant loss of functional buffering against pollution. From a healthy city perspective, this seasonal trough 
represents a period of heightened environmental vulnerability, particularly on routes dominated by deciduous species, where 
the city’s green shield is effectively lowered.

Table 5
Ecological Perception and EIS of Typical Roads

Summer Winter
Road name

EIS (×1011 

EC) GVI (%) EIS (×1011 

EC)
GVI (%)

Zuojiazhuang West Road
13.28 31.00

4.43 22.72

Zizhuyuan Road
4.43 27.81

3.16 6.40

Zhushikou West Street
4.41 15.58

3.16 7.87

Zhugezhuang Road
12.00 48.76

4.43 8.85

Zhengyi Road
13.28 44.33

6.31 12.19

Changchunqiao Road
6.31 22.32

3.16 2.54

Yuetan South Street
13.25 19.23

4.43 3.20

Yuanda Road
10.74 11.65

3.16 2.54

Yuquanshan Road
31.96 39.04

8.85 13.75

Dongbinhe Road, 
Yongdingmen

50.54 21.55
3.15 11.28

Average
16.02 28.13

4.43 9.13

To evaluate urban resilience against climate change-induced extreme weather, we simulated the dynamic ES supply during 
a summer heatwave event (July 5–10, 2023, a continuous 5-day period with a maximum temperature over 35 °C) near the 
Olympic Forest Park. AI-assisted dynamic modeling captured critical high-frequency variations (Fig. 6(a)) that static 
assessments miss: Vegetation cooling efficacy exhibited a distinct nocturnal peak. The maximum cooling effect (2.5 °C) was 
observed at 0:00 (midnight), stabilized at approximately 2.2 °C during the day. This finding is pivotal for urban safety, as it 
suggests that green spaces play a critical role in mitigating nocturnal urban heat island (UHI) effects, which are strongly linked 
to heat-related morbidity and sleep disruption. The PM2.5 removal rate fluctuated between 38.7% and 43.6%, peaking at 6:00 
and reaching its nadir at 18:00. This rhythm is driven by the dynamic coupling of meteorological factors (Figs. 6(b)–(c)). As 
ambient temperature and wind speed peaked at 09:00 (33 °C, 4 m·s−1), physiological constraints and aerodynamic dispersion 
modulated the vegetation’s interception efficiency.

These results demonstrate that static ecological indicators fail to capture the real-time protection gaps experienced by 
commuters. For instance, the dip in purification efficiency at 18:00 coincides with the evening rush hour, exposing pedestrians 
to higher risks precisely when traffic emissions are high. AI-enabled dynamic monitoring is thus essential for identifying 
these temporal risk windows and informing adaptive management strategies (e.g., traffic regulation during low-resilience 
periods).



Fig. 6. Dynamic data of vegetation cooling and particulate matter removal: (a) the dynamic changes of vegetation cooling (°C) and particulate 
matter removal rate (%) over a day, (b) the dynamic situation of temperature (°C) and the temperature change amount every three hours within a 
day, and (c) the dynamic conditions of wind speed (m·s−1) and the wind speed change amount every three hours within a day.

4. Discussion

4.1. AI-assisted quantification of perceptual–functional synergies in urban environments

The dynamic assessment framework constructed in this study, which integrates deep learning semantic segmentation with 
multi-source environmental data, elucidates the complex relationship between perceived greenness and actual ecosystem 
service provision. By introducing the EIS, we standardized divergent ecosystem functions into a unified analytical metric, 
that capturing fluctuations driven by meteorology and urban morphology. In the context of building resilient cities, this AI-
assisted approach transcends the limitations of traditional static assessments and provides a reproducible analytical framework 
with significant potential for broader urban applications.

Our findings demonstrate that ES supply is not a static constant but a dynamic variable. For instance, seasonal comparisons 
revealed a distinct dynamic exposure deficit during winter, while summer heatwave simulations captured the critical nocturnal 
cooling regulatory patterns of vegetation [46–48]. Although a general synergy exists between visual greenery and ecological 
function, the AI-diagnosed perception–function decoupling phenomenon offers a critical insight for sustainable urban design: 
Visible greenness is a necessary but insufficient condition for functional resilience [49]. Driven by differences in species 
composition (e.g., the visual abundance of Platanus spp. versus the superior physiological efficacy of Cinnamomum 
camphora [50,51]) and street openness (SVF) [52], this decoupling creates an illusion of resilience, in which streets that 
appear visually green may still leave pedestrians ecologically vulnerable to heat and pollution.

The phenomenon of perception–function decoupling is fundamentally rooted in mechanistic discrepancies between visual 
exposure pathways and urban microclimatic processes. Visual perception, quantified by the GVI, is predominantly shaped by 
the vegetation structure within the pedestrians ' horizontal field of view, primarily capturing understory shrubs and lower tree 
canopies [53]. This visual exposure pathway contributes significantly to mental restoration [54]. Conversely, biophysical ESs 
operate through distinct thermodynamic and fluid dynamic principles. Thermal regulation largely depends on canopy shading, 
which reduces mean radiant temperature, and evapotranspiration, which enhances latent heat flux [55]. Consequently, a 
streetscape rich in low shrubs may yield a high GVI, but its cooling effect may remain negligible if overhead canopy cover is 
deficient [56]. Similarly, in terms of air purification, dense eye-level vegetation may enhance visual greenness while 
simultaneously inducing aerodynamic blocking within street canyons. The resulting reductions in wind velocity and 
ventilation traps vehicular emissions, paradoxically increasing PM2.5 concentrations in the pedestrian breathing zone despite 
the high perceived ecological benefit [57]. Therefore, health-oriented urban green infrastructure planning necessitates a 
comprehensive integration of pedestrian-scale perceptual metrics and dynamic biophysical benefits.



4.2. Policy implications and environmental equity

The empirically supported findings of this study offer targeted implications for evidence-based green infrastructure 
planning. The identification of decoupling phenomena highlights the need for spatially differentiated intervention strategies. 
For high function–low perception areas, planning should focus on improving the accessibility and visibility of existing green 
spaces, for example, by creating transitional green layers along outer sidewalks to reduce ecological isolation [58]. 
Conversely, for low function–high perception areas, urban renewal should optimize species configuration and incorporate 
vertical greening to enhance actual physiological buffering capacity without requiring extensive land inputs [59,60].

Furthermore, examining the spatial distribution of these ES benefits is crucial for addressing urban environmental equity. 
The occurrence of green-visibility deficits and functional decoupling is often unevenly distributed across urban space, 
potentially affecting marginalized communities or high-density older districts more severely than newly planned ecological 
corridors. Achieving high function–high perception should therefore be regarded as an important target for environmental 
justice, ensuring that biophysical protection and psychological benefits are accessible to a broader and more diverse 
population. Future planning must incorporate the mitigation of these territorial inequalities into performance evaluations, 
utilizing mechanisms such as ecological compensation to prioritize interventions in ecologically vulnerable neighborhoods 
[61].

As a forward-looking implication, the analytical framework presented here has the potential to inform the development of 
smart city management systems. Although the current study relies on historical data, integrating such models with emerging 
Internet of Things (IoT) sensors and mobile crowd-sensing platforms [61] could eventually support real-time monitoring of 
ecological perception and exposure. This integration would facilitate a more precise identification of green blind spots, thereby 
guiding urban development toward a more equitable, resilient, and health-oriented future.

4.3. Limitations and scope of applicability

Although this study establishes a rigorous methodological framework, several limitations warrant acknowledgment. The 
geographical definition of the applicable scope requires careful delineation. The central urban area of Beijing represents a 
densely populated metropolis characterized by a temperate, semi-humid continental monsoon climate [62]. Consequently, the 
specific structural correction factors and tree species performance parameters identified in this study may not be directly 
transferable to cities with fundamentally different morphological configurations, climatic constraints, or vegetation 
phenological cycles. When extending this model to alternative urban environments, the baseline parameters governing 
vegetation functional characteristics and ecological service benefits necessitate local calibration.

Beyond geographical constraints, data-level limitations inherent to street view imagery introduce additional challenges. 
The timing of image capture substantially influences the interpretation and inference of visual indicators [63]. Temporal 
variations in pedestrian activity, traffic volume, solar radiation intensity, and shadow patterns may affect image-based 
measurements, while seasonal disparities in capture timing may occur even within the same geographic area [64]. Vegetation 
phenology across seasons directly affects green visibility, particularly in northern regions, and temporal variability thereby 
introduces systematic biases in image acquisition [65]. Panoramic images are predominantly captured during daytime and 
under favorable weather conditions, which may skew the representation of ecological exposure under adverse scenarios such 
as overcast, rainy, or nocturnal conditions [66]. Visual occlusion caused by dynamic elements—including vehicular traffic 
and pedestrians—obscures roadside vegetation, compromising data quality. A fundamental discrepancy also exists between 
the static visual exposure recorded by street view imagery and the continuous dynamic experience of pedestrians in motion.

Collectively, these limitations underscore the need for methodological advancement. Integrating large-scale individual 
trajectory data and real-time physiological monitoring sensors (e.g., heart rate variability) would enable quantification of the 
precise ecosystem service doses received during daily activities [67,68]. Acquiring high-precision three-dimensional 
structural parameters via low-altitude unmanned aerial vehicle (UAV) light detection and ranging (LiDAR) would further 
reduce reliance on two-dimensional image estimation [69]. While this study successfully established the dynamic exposure 
framework and identified the perception–function decoupling, it did not exhaustively quantify the underlying driving 
mechanisms. Therefore, future research should employ advanced path-analysis methodologies, such as structural equation 
modeling [70], to rigorously disentangle the complex, multi-pathway causal mechanisms and interaction effects that drive 
this decoupling under diverse urban contexts, thereby advancing the transition from broad ecological observation to precise, 
human-centered environmental health modeling.

5. Conclusions

This study established an AI-assisted dynamic coupling framework for evaluating urban ESs at the pedestrian scale. Using 
the central urban area of Beijing as a representative case, this study reveals a systemic disconnect between macro-scale 
vegetation coverage and micro-scale pedestrian perception, which manifests as a significant green visibility deficit. Moreover, 
the decoupling of perception and function challenges the traditional reliance on simple visual greening indicators. We 
demonstrated that a high visual green coverage rate is not always equivalent to strong ecological function; it is influenced by 
the composition of roadside vegetation communities, and different vegetation species exhibit significant differences in 
ecological services. This spatial mismatch highlights the necessity of shifting to precise ecological design based on functional 
analysis. Additionally, our dynamic simulation results confirmed that the ecosystem service benefits provided by urban 



greening exhibit significant diurnal and seasonal fluctuations. The proposed Ecological Integration Score effectively 
standardizes and quantifies these temporal variations, providing a robust methodology for multidimensional exposure 
analysis. Ultimately, this study provides a reusable analytical framework with significant potential for larger-scale application 
in other cities. By bridging the gap between subjective visual perception and objective environmental exposure, the framework 
offers urban planners and policymakers with an analytically precise tool for diagnosing hidden ecological vulnerabilities, 
thereby supporting the evidence-based development of equitable, safe, and resilient green infrastructure.
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 AI-driven dynamic framework couples ES perception with actual functional benefits.

 Deep learning reveals a stark gap between macro-green coverage and pedestrian view.

 High visual greenness does not guarantee functional resilience or urban safety.

 EIS metric quantifies seasonal and diurnal fluctuations in public health exposure.

 AI analytics enable precision governance for resilient, safe, and healthy cities.
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