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Abstract: As urbanization accelerates, urban greenery, particularly street greenery, emerges as a
vital strategy for enhancing residents” quality of life, demanding attention for its alignment with
pedestrian flows to foster sustainable urban development and ensure urban dwellers’ wellbeing. The
advent of diverse urban data has significantly advanced this area of study. Focusing on Chengdu’s
central urban district, this research assesses street greening metrics against pedestrian flow indicators,
employing spatial autocorrelation techniques to investigate the interplay between street greenery and
pedestrian flow over time and space. Our findings reveal a prevalent negative spatial autocorrelation
between street greenery and pedestrian flow within the area, underscored by temporal disparities
in greenery demands across various urban functions during weekdays versus weekends. This
study innovatively incorporates mobile phone signal-based population heat maps into the mismatch
analysis of street greenery for the first time, moving beyond the conventional static approach of space
syntax topology in assessing pedestrian flow. By leveraging dynamic pedestrian flow data, it enriches
our understanding of the disconnect between street greening plans and pedestrian circulation,
highlighting the concept of urban flow and delving into the intricate nexus among time, space,
and human activity. Moreover, this study meticulously examines multiple street usage scenarios,
reflecting diverse behavior patterns, with the objective of providing nuanced and actionable strategies
for urban renewal initiatives aimed at creating more inviting and sustainable urban habitats.

Keywords: urban greenery; pedestrian flow; space syntax; sustainable urban development

1. Introduction

By 2023, China’s urbanization rate of its permanent population exceeded 65%, with the
rapid urban development bringing about a slew of issues associated with haphazard urban
expansion, colloquially known as “urban diseases” [1]. In pursuit of more sustainable urban
development, governments worldwide have initiated urban renewal programs aimed at
rectifying unreasonable structures and fostering sustainable urban growth patterns [2].
Urban greenery, especially street greening—a component of urban green spaces frequently
encountered by city residents—plays a pivotal role in these renewal efforts [3]. Extensive
research underscores the benefits of street greening, from enhancing physiological health
and beautifying living environments [4] to improving mental wellbeing [5], fostering
community vitality [6], and mitigating urban microclimates [7]. Such positive impacts
have sparked scholars’ interest in the strategic planning of street greening [8] and have
endeavored to apply various methodologies for its measurement.

However, methodologies remain contentious. Previous methods include two-dimensional
assessments of green coverage, often substituting the Normalized Difference Vegetation Index
(NDVI) [9] or the red-edge Normalized Difference Vegetation Index (NDVIre), and others
using greenery land ratios (GLRs) as a mandatory index in unit planning [10]. Another
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approach involves three-dimensional “Green View Indexes” (GVIs), which use street-level
images analyzed with image recognition technology [11]. This approach has also been applied
in studies exploring the relationship between other street furniture and pedestrians’ percep-
tions [12]. The latter, offering a pedestrian perspective, arguably reflects pedestrians’ real
experiences on the street and the direct benefits of street greenery on urban dwellers’ physical
and mental health more accurately [13]. Therefore, further studies have been conducted on
how the GVI at different neighborhood scales affects residents” walking behavior [14].

Despite numerous studies on the perceptual differences between these greenery met-
rics, challenges persist. For instance, Ye et al. [15] introduced the concept of “daily accessible
greenery” by coupling street-level greenery metrics with pedestrian and vehicular traffic
volumes using street network space syntax, a methodological framework established in
the 1970s by Bill Hillier at University College London inspired by graph theory. This
framework posits that movement within space is guided not only by physical distance but
also by geometric and topological relationships [16,17], making space syntax a powerful
tool in urban analysis across various contexts, such as predicting urban street vitality to
optimize urban renewal projects and analyzing the connectivity of spatial units in the
urban spatial network to study the morphological evolution of cities during historical peri-
ods [18-20]. These applications demonstrate how space syntax quantifies and standardizes
complex spatial relationships using mathematical formulas, achieving a comprehensive
and systematic examination of inherently unstable study subjects.

As urban big data research flourishes, scholars increasingly integrate space syntax with
multi-source urban data to guide street greenery planning, examine spatial equity, guide the
renewal of historic districts, explore the fairness in the spatial distribution of urban facilities,
improve urban resilience to disasters, and conduct urban intention perception studies using
street view imagery [1,7,18,21-24]. Analyzing differences between various data types not
only elucidates spatial uniqueness but also reveals regional disparities and underlying
principles, becoming a focal point in urban science research [25]. Nonetheless, current
studies face challenges in data acquisition and the integration of multi-source data, which
can limit research depth and breadth. Particularly, discrepancies in data formats, temporal
scales, and spatial resolutions may impact the analytical accuracy. Additionally, the data
quality and reliability across different sources require careful consideration. For instance,
urban population heatmaps derived from mobile signaling can compensate for the dynamic
vacancy of space syntax street vitality metrics, offering a “fluid space” rather than “place
space” planning perspective and reflecting a more accurate street pedestrian flow [26-28].
In the past, the concept of urban flow has mostly been applied to urban transportation
route planning and traffic area division [29]. This is based on an understanding of the
complex dynamics of modern cities, emphasizing how various flow processes—such as
pedestrian traffic, logistics, and information flows—affect the spatial structure and function
of urban areas. Urban heatmaps were also commonly used to analyze the distribution
of commercial hotspots, plan the locations of public service facilities, and predict the
direction of urban development. This study, taking the central urban district of Chengdu
as a case, employs a multidimensional comparative analysis based on spatial correlations
between street greenery metrics (including GVI and NDVI) and street vitality metrics
(integration and choice indexes of space syntax among others) alongside street dynamic use
data. This approach aims to optimize the spatial alignment between urban street greenery
and pedestrian flow, providing deeper insights for urban renewal and street greening
optimization decisions.

This study introduces three innovative aspects: (1) In analyzing the mismatch between
street greenery and pedestrian flow, it incorporates mobile signaling data into a heatmap
as a means to refine and compare with the space syntax analysis of the urban road network
topology, thereby adopting a perspective of urban flow to understand street greenery.
By incorporating real-time pedestrian data to capture dynamic street flows, this study
enhances previous methods that relied heavily on space syntax to represent pedestrian
movements for studying the alignment between pedestrian flows and street greenery.
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Previous methods, such as those by Ye et al. in 2019 [15], although theoretically sound,
failed to capture fluctuations in pedestrian flow caused by temporary events, time changes,
or other dynamic social factors. They treated pedestrian flow as a static, unchanging
quantity, ignoring the real-time dynamics of urban environments, leading to errors in the
evaluation of street usage. (2) Acknowledging the spatial and temporal variances in the
elements involved, this study employs bivariate spatial correlation analysis to investigate
the mutual spatiotemporal mechanisms between street flow and greenery. This further
delves into the integration of time, space, and people within the urban matrix [30]. This
extends previous research that largely focused only on the spatial distribution of variables,
such as the study by Zhu et al. in 2023 [10], which overlooked the impact of temporal
variables in the dynamic relationship between urban environments and human activities.
(3) By taking into account various scenarios such as walking, commuting, crossing, and
arriving, and measuring street greenery from both top-down and bottom-up perspectives,
this study identifies human-centric, nuanced perceptual differences to propose specific
and viable street greenery optimization strategies. These contributions aim to enhance the
precision and effectiveness of urban renewal initiatives. This approach addresses gaps left
by previous studies that only analyzed different travel radii, such as the study by Ye et al.
in 2019 [15], by utilizing the fundamental principles of space syntax algorithms to explain
different states of human activity.

2. Materials and Methods

The research framework, depicted in Figure 1, begins with calculating urban street
greenery and flow indicators, including GVI, NDVI, normalized weekday, weekend, and
average heatmaps, and angular integration and choice indexes within 1000 m and 9500 m
radii. Subsequently, indicators from both categories are analyzed pairwise through bi-
variate global and local spatial autocorrelation to derive the bivariate global Moran’s I
index and spatial clustering images. Finally, by comparing the differences in greenery
perception, patterns of pedestrian flow, and street usage, this study aims to inform better
urban planning.
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Figure 1. Research framework for the present study.

2.1. Research Area

Chengdu, located in western China, serves as a pivotal support for the inland economic
development of the country [31] and is renowned as a leading example of China’s new
development philosophy of park cities. The study area, shown in Figure 2, encompasses the
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central urban district of Chengdu, located within the city’s fourth ring road, facilitating the
examination of street greenery and pedestrian traffic flow. The area spans from 103°55’ E
to 104°15' E and from 30°30’ N to 30°50" N, covering 544.6 km?.
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Figure 2. Overview of the study area: (a) location of Chengdu, (b) location of Chengdu’s central
urban district, (c) the elevation of Chengdu’s central urban district.

2.2. Measurement of Street Greenery Indicators

Initially, this study acquired linear data of the entire road network for the study area
from the open-source website OSM (https://www.openstreetmap.org, accessed on 15
September 2023) and performed pre-processing tasks using Arcgis 10.8 software, including
extracting by mask, extracting the main roads, merging dual lines, removing miscellaneous
lines, and checking network topology. Subsequently, roads were segmented at 50 m
intervals to generate sampling points for street view images and obtain the latitude and
longitude coordinates for each sampling point. Each sampling point was oriented with true
north at 0°, and street view maps from Baidu at 0°, 90°, 180°, and 270°—four directions
perpendicular to each other—were obtained using Python code, as shown in Figure 3. The
pitch value was set to 20, and the fov value was set to 90. In total, 69,649 sampling points
and 278,596 valid street view photos were collected. Further, the pre-trained Deeplabv3+
model from the Cityscapes dataset was used for semantic segmentation of the four street
view images to determine the vegetation coverage ratio. This method, offering enhanced
accuracy over previous green color recognition methods, has been extensively applied
in various urban research fields [13,32]. The Green View Index for each sampling point
was averaged from the four directional images to obtain a composite score, with Figure 3
illustrating examples of street views ranked from high to low Green View Indices.

GVI_x = pvegetationi—x/ Piotali—x (1)

GVL, =Y  GVI_./4 @)


https://www.openstreetmap.org
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where i represents the sampling point, x represents the four directions (0°, 90°, 180°, 270°),
Pyecetationi_x 18 the proportion of vegetation pixels in the x direction at sampling point i,
and p,..1i_x refers to the total pixels in the x direction at sampling point i.

a)Street view image
acquisition

b) Green View Index (GVI)
calculation

)

Low vegetation » High vegetation

Figure 3. GVI calculating process: (a) an example of street view image acquisition, (b) different
calculation results using semantic segmentation.

This study utilized Landsat 8 satellite remote sensing images for the study area from
the Geospatial Data Cloud platform (https://www.gscloud.cn, accessed on 2 August 2023),
specifically for August 2019, when vegetation was at its peak and the cloud cover was
less than 5%. The Landsat 8 satellite, providing 15 m panchromatic resolution and 30 m
visible and near-infrared band resolution, facilitates the creation of more accurate greenery
distribution maps [33]. After radiometric calibration and masking using ENVI software
(version 6.0), the NDVI values were calculated from the infrared and near-infrared bands
of the image. Higher NDVI values indicate greater vegetation coverage.

NDVI = (NIR — RED)/ (NIR + RED) 3)

where NIR is the reflectance value of the near-infrared band, and RED is the reflectance
value of the infrared band.


https://www.gscloud.cn
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2.3. Measurement of Street Pedestrian Flow Indicators

Previous research has shown that the distribution of urban heatmaps from Monday to
Friday is similar, as well as the distribution on Saturday and Sunday [34]. Therefore, this
study selected the hourly accumulated Baidu heatmaps for 23 August and 26 August 2023,
representing the weekday and weekend street population density from 7 AM to 11 PM. The
heating value, indicative of pedestrian density, was estimated using an hourly average, as
mobile base stations record data every 15 min [28]. The Baidu heatmaps used in this study
are sourced from the Baidu Huiyan population location data, which aggregate statistics
on the location of terminals that call the Baidu Map positioning SDK within one hour.
This statistical value is assigned to the centroid of a 200 x 200 coordinate grid. Based on
sunrise and sunset times for Chengdu in August 2023, 7 a.m. to 8 p.m. was selected as the
calculation period. Kriging interpolation was used to generate complete and continuous
Baidu heat raster maps, which were then normalized to create weekday, weekend, and
average heatmaps using Arcgis 10.8.

Average Heating Value = 2:;1 Heating Value/n 4)

where Heating Value represents the heat interpolation for a given time period, and n is the
number of heatmaps aggregated.

This study analyzed the street network using the space syntax angular shortest seg-
ment model, selecting 1000 m and 9500 m as analysis radii for walking and commuting,
respectively. Integration and choice indexes were calculated for these radii. The 1000 m
radius was chosen because most people can walk approximately 1 km within 15 min, which
typically defines the range of personal living circles, and the 9500 m commuting distance
was based on average daily car commuting distances in Chengdu reported by Baidu Maps
and Gaode Maps over the past three years [21]. The integration index describes a street’s
centrality within the network, reflecting its attractiveness as a destination and accessibility
for collective movement [17].

(Node Count;)?

Total Depth; ©)

Integration; =

where Node Count; represents the number of segments traversed from the chosen segment
to all other segments, and Total Depth, is the shortest sum of angular distance to all
other segments.

The choice index measures the likelihood of collective pedestrian movement through
a segment, reflecting the accessibility of through-movement for the collective. Space syntax
offers various analytical parameters for measuring street flow, with the angular-based
choice and integration parameters used in this research being among the most frequently
utilized for their superior analytical outcomes [35]. While streets primarily serve as conduits
for movement, as vital public spaces within the city, their transformation directed towards
activity destinations is becoming a significant trend in urban renewal, especially under
the current conditions of increasingly scarce urban land resources. Therefore, these two
parameters can be seen as complementary, representing pedestrian flow under different
modes of travel [36]. Ultimately, by linking street segment values to sampling points and
excluding outliers, 68,954 valid points were obtained. The data used in the study are
presented in Table 1.

Choice; = Z,.“:l Y o dic(d) /di (G < k) (6)

where djx represents the shortest path from segment j to segment k, and djy (i) represents
the shortest path from segment j to segment k that includes segment i.
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Table 1. Summary of the data used in the study.
Category Indicator Data Source Description and Method
. Road network data OpenStreetMap (OSM) Linear data for roagl network;
Research preparation data pre-processing
Area of Interest (AOI) Baidu map Polygons of different fu'nctlonal
areas; pre-processing
Street view images at 69,649
Street greenery indicator Green View Index (GVI) Baidu street map sampling pomts;.semantlc
segmentation
Normalized Difference Geospatial data cloud Satellite remote sensing images
Vegetation Index (NDVI) platform (Landsat8); NDVI calculation

Street pedestrian flow
Indicator

Baidu Huiyan population Hourly heatmaps for 23, 26 August
location data 2023; Kriging interpolation

Centrality within the street network;

Integration index Space syntax analysis calculated for 1000 m and 9500 m

radii

Likelihood of pedestrian movement

Choice index Space syntax analysis through a segment; calculated for

1000 m and 9500 m radii

Heatmap value

2.4. Bivariate Spatial Autocorrelation (BSA)

After obtaining street greenery and pedestrian flow indicators, to better explore the
spatial association between these two indicators, this study conducted bivariate global
and local spatial autocorrelation analyses following the procedures suggested by Anselin,
Syabri, and Smirnov [37]. The Geoda software (version 1.22) was used to create a distance
band-based spatial weight matrix, calculating high—high, high-low, low-high, and low-
low spatial clustering patterns for in-depth analysis, a method widely applied in spatial
correlation analysis of physical objects [38]. Previous studies have also used numerical
rankings as a basis for clustering [23], although they did not consider the lag effect of
adjacent spaces.

[— nyly Ykog Wik (5 —X) (yx = ¥) )

(Zjnzl Yk ij> Ut (% —X) (Yj - V)
where L is the bivariate global Moran’s I index, n is the total number of spatial units, wj; is
the spatial weight matrix which determines the relationship of geographical units, x; and
yy are the attributes of locations j and k, respectively, and X and y are the average values of
xandy.

I = ociaz;l Wi ocL (8)
. X

ah =X, — 5" ©
n

where I is the local Moran’s I index at location i, n is the total number of spatial units, Wij

is the spatial weight matrix, o, is the standardized parameter, Xl is the observed value at
location i, X, is the mean value of variable n, and &, is the variance of variable n.

3. Results
3.1. Spatial Heterogeneity of Different Indicators

Figure 4 displays the spatial distribution of nine calculated indicators in this study.
A comparison between street integration and choice indices reveals a more concentrated
distribution for integration, forming several peak areas within the city that effectively
identify urban pedestrian centers likely to facilitate interaction, socialization, and even
commerce [36]. Conversely, the choice index is more dispersed, better reflecting paths
frequently traversed and known to locals, as these represent the shortest visual paths. The
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analysis at different scales shows that the 1000 m walking scale primarily reflects the local
central areas, while the 9500 m commuting scale reflects the overall transportation hubs of
the city. For instance, the commuting scale integration identified the southwestern areas of
the city as dense work zones central to commuting activities, and the choice at the same
scale identified key arterial roads and beltways as important commuting channels.

The differences between the weekday, weekend, and average heatmap values were
notably significant in the southern part of the city along Tianfu Avenue, with higher values
during workdays correlating with dense office distributions and a significant working
population. Compared to the weekdays, the weekend heatmap values are more dispersed,
with increased concentrations around residential clusters. However, all three exhibit a
radiating pattern of decreasing thermal intensity from the city center towards the outskirts.

The spatial distribution of the urban greenery indicators shows lower central city
NDVI values compared to higher peripheral values, especially around major transportation
loops. The GVI distribution shows more specificity, with some rapid roads achieving high
GVI values despite their features, and the overall distribution does not exhibit a clear
centrifugal pattern. This is likely due to NDVI’s larger scale of measurement being easily
influenced by surrounding buildings and water bodies. However, NDVI data retrieval and
processing are relatively easier, allowing it to serve as an interpolative complement in areas
where GVI is unobtainable.

N

A A

KM HigT TM —_ KM — - — KM sl ——
0 25 8 10 0D 28 § 10 High Low 0 25 5 10 High Low
(a) Integration R1000m (b) Choice R1000m (c) Integration R9500m

KM — KM — KM - o

10 HigT Low 0 25 5 10 HIgT Low 0 25 5 10 High Low
(d) Choice R9500m (e) Normalized Average (f) Normalized Weekday
Heating Value Heating Value

KM High Low T KM — o
25 § 10 0 25 5 10 High Low
(g) Normalized Weekend (h) NDVI

Heating Value

Figure 4. Spatial distribution of research data.
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3.2. Bivariate Global Spatial Distribution Characteristics

Table 2 presents the results of fourteen bivariate global spatial autocorrelation calcula-
tions. All the global Moran’s I index values are negative, indicating a widespread negative
spatial autocorrelation between street flow and greenery, suggesting that areas with high
GVI or NDVI values tend to neighbor areas with low choice indexes, integration indexes,
and street heat. The highest global Moran’s I index value is found between the GVI and
walking scale choice, indicating a suitable green environment for pedestrian activities in
Chengdu. In contrast, the lowest value occurs between the NDVI and weekday heatmaps,
highlighting the need for improved green coverage in office-dense areas. Additionally, the
differences between the weekday and weekend analyses for the GVI and NDVI suggest the
need for varied greenery strategies across different urban areas to support sustainable de-
velopment. Furthermore, significant discrepancies between integration and choice suggest
a combined analysis reflecting different travel modes is necessary. The commuting-scale
matches outperform walking-scale ones, indicating future urban renewals should prioritize
high-traffic pedestrian streets for enhanced accessible greenery.

Table 2. Bivariate global Moran’s I index (BGMI) spatial autocorrelation analysis. The Moran’s I
index ranges from —1 to 1, with positive values indicating positive spatial correlation between the
bivariate, and negative values indicating negative spatial correlation between the bivariate [39].

Variable BGMI p-Value

GVl vs. Integration R1000 -0.112 0.001 *
GVI vs. Choice R1000 —0.073 0.001 *
GVl vs. Integration R9500 —0.093 0.001*
GVI vs. Choice R9500 —0.098 0.001 *
GVIvs. Average heatmap —0.145 0.001 *
GVIvs. Weekday heatmap —0.140 0.001 *
GVI vs. Weekend heatmap —0.146 0.001 *
NDVI vs. Integration R1000 —0.210 0.001 *
NDVI vs. Choice R1000 —0.127 0.001 *
NDVI vs. Integration R9500 -0.183 0.001 *
NDVI vs. Choice R9500 —0.097 0.001 *
NDVI vs. Average heatmap —0.238 0.001 *
NDVI vs. Weekday heatmap —0.244 0.001 *
NDVI vs. Weekend heatmap —0.226 0.001 *

*: 5% level of significance.

3.3. Bivariate Local Spatial Distribution Characteristics

This study conducted a bivariate local spatial autocorrelation analysis of seven dif-
ferent indicators representing street flow, alongside the GVI and NDVI for street greenery.
The results across these indicators show a consistent overall structure, aligning with find-
ings from previous research. Figure 5 depicts the entire study area, revealing a mismatch
between the high pedestrian flow but low greenery in the city center regions and the
low pedestrian flow but high greenery in the periphery. This misalignment between the
street flow and greenery indicates that current street greening efforts are not adequately
accessible to urban residents [14], also reflecting a disconnect between ecological flow
and vitality flow within the city. In areas of high flow-high greenery and low flow-low
greenery, a significant concentration is observed at the city center’s edge, suggesting spatial
inequalities in the urban layout and public facility distribution.
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The integration parameter tends to cluster more than the choice parameter, particularly
in commuting scales where high flow-high greenery points are more numerous. This
reveals streets that gather a wide range of vitality metrics were more focused on in past
urban constructions and underscores the need for a network of walkable streets where
people frequently travel, as a comprehensive pedestrian network offering a good walking
experience is yet to be established [40]. Comparisons across different analytical scales show
a more severe mismatch between street flow and greenery in the northern part of the city
at the walking scale and in the southern part at the commuting scale, suggesting a need
for finer urban renewal actions considering the primary travel modes of street users. The
different analysis periods show a similar spatial distribution across four categories, but
a slightly increased need for greenery optimization around residential areas during the
weekends, indicating further improvements are needed for street greenery surrounding
areas where weekend crowds concentrate. This research on urban street greenery and its
dynamic utilization complements existing studies on the temporal differences in the use of
urban park green spaces [27].

Comparing Figures 5 and 6, the match between the GVI and street flow parameters is
higher than that of the NDVI, especially in the city center areas where the NDVI values are
lower than those of the GVI. This may be due to the NDVTI’s larger calculation resolution
being easily influenced by surrounding commercial buildings, making it less precise in
representing street greenery. Therefore, using the GVI as a guide for urban street renewal
and transformation is more accurate relative to the NDVI, consistent with the findings of
previous research [41]. Table 3 compares the values of the NDVI and GVI between the city
center and city periphery, showing that the NDVI values are significantly increased in the
urban periphery compared to the city center. Additionally, this study selected a radius of
100 m for buffer zones centered on residential and commercial functional areas within the
study region. This range was chosen because it represents a typical radius for frequent
human activities [42]. The comparison results indicate that both the NDVI and GVI values
are higher around residential areas, suggesting a better green environment compared to
commercial areas. Similarly, the NDVI values show greater variation, indicating that the
NDVl s less suitable for detailed urban renewal planning due to its changeability.

Table 3. Comparison of NDVI and GVI value distribution in different areas of the study region.

Average  Variance Max Min Average Variance .
Area NDVI NDVI NDVI NDVI GVI GVI MaxGVI  Min GVI
City center 0.02 0.02 0.62 —0.51 0.22 0.02 0.71 0.01
City periphery 0.11 0.03 0.68 —0.47 0.23 0.02 0.91 0.01
Residential areas 0.08 0.03 0.68 —0.51 0.21 0.02 0.92 0.01
Commercial areas 0.04 0.03 0.67 —0.51 0.20 0.02 0.92 0.01

The calculation results also show that the heat distribution is more similar to the
integration parameter results, possibly due to the influence of internal building equipment
signals on the street heat maps, indicating that integration better reflects the city’s actual
vitality, encompassing both pedestrian circulation and dwell times within the city. In
contrast, the choice parameter supplements the daily use of streets by residents, suggesting
the integration parameter should be used when identifying large-scale public streets, such
as urban center commercial streets and civic activity plazas, for greenery transforming.
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Figure 5. NDVI-related bivariate local spatial autocorrelation. The numbers in the legend represent
the number of points for each high and low clustering result.
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Figure 6. GVI-related bivariate local spatial autocorrelation. The numbers in the legend represent the
number of points for each high and low clustering result.

4. Discussion
4.1. Flow Perspective in Urban Design

Utilizing the concept of urban flow enhances our understanding of the relationship
between street integration and the choice of space syntax. The choice index represents the
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frequency of street traffic, reflecting the planar aspect of urban flow, while the integration
index signifies the accumulation of street traffic, reflecting the sectional aspect of urban
flow. Thus, the results of the heatmap and integration parameters, both characterizing
the sectional features of urban flow, exhibit similarities. This shows that consideration
for different traffic characteristics corresponds to distinct travel modes: streets primarily
used for transit should prioritize timely and adequate greening, whereas those used for
gatherings should focus on esthetic and comfort enhancements in greening, in order to
meet the 5D design standards of pedestrian greenway networks [43].

4.2. Temporal Mismatch in Urban Greenery

By incorporating weekday and weekend heat maps, this research compares the tempo-
ral differences in the spatial mismatch between street greenery and street pedestrian flow,
suggesting vital points for greening construction in different urban functional areas. It was
found that the spatial mismatch between street greenery and pedestrian flow is more severe
during weekends, highlighting the necessity of enhancing greening near residential areas
and shopping malls. This suggests that the planning of the overall urban greening system
should differentiate targets for different functional areas. For example, in predominantly
commercial or industrial urban areas, the focus should be on assessing the green coverage
rate of surrounding streets, while in residential areas, the focus should be on the green
view rate of the streets. Additionally, mobile greening methods such as greenery boxes
could be used to dynamically adjust urban greening to achieve the optimal result under
multiple objectives.

4.3. Guidance for Precise Urban Renewal

The detailed management of streets, tailored to the specific characteristics of different
indicators and the intrinsic attributes of the streets themselves, is essential for guiding more
precise urban renewal efforts. In this research area, there is a general spatial mismatch
between street greenery and pedestrian flow. This mismatch occurs because urban green
spaces are often designed to provide areas for leisure and relaxation rather than for efficient
transit. Therefore, these areas may not be the preferred routes for pedestrians who have
specific destinations and want to reach them quickly. Additionally, some rural green spaces,
despite their good landscape and abundant vegetation, lack regular maintenance, which
reduces the likelihood of pedestrians choosing these areas, as these areas often harbor
potential for crime. This mismatch may also be due to the statistical time not covering
all periods, leading to an underestimation of the actual pedestrian flow on streets. In
future urban renewals, more attention should be paid to the streets frequently used by
residents for greening construction, and there should be regular maintenance of green areas
to increase people’s willingness to use these areas. Attention should also be given to the
equitable distribution of resources within the city, especially by enhancing the quality of
greenery and the accessibility of public facilities in peripheral areas. Urban peripheries
often suffer from lower greenery and walkability due to land price factors, resulting in a
concentration of low-greenery, low-accessibility sampling points in these areas.

Further urban studies should enhance the richness and accuracy of data, technical
methods, and analytical frameworks. Consideration should be given to incorporating
the surface data of urban green spaces, perceptible greenery within buildings, data on
the functional points of buildings [44], subjective perception data [45], social evaluation
data [46], and other indicators for a more accurate and in-depth analysis of the mismatch
between greenery and street traffic. Additionally, combining demographic information such
as the population composition of different blocks, average housing prices, and population
density could further deepen the research on green justice in urban spaces.

5. Conclusions

This research utilized multi-source urban data, including open-source road networks,
remote sensing images, street view data, and mobile signaling, which is often used for
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analyzing employment activity [47], to examine the spatial distribution differences between
the street flow and greenery. It innovatively applied Baidu heat data in this research area,
transforming previous static space syntax indicators used to represent pedestrian flow
into dynamic ones. Additionally, building on the original focus on spatial distribution,
this study incorporated a temporal variable, comparing the mismatch between the street
greenery and street pedestrian flow on weekdays and weekends, and investigated the
spatiotemporal mismatch between them.

This study discovered that the focus on greenery enhancement differs between week-
days and weekends; the GVI requires more attention during weekends when heatmap
distributions indicate that people are concentrated in residential areas. Thus, there is a
need to enhance perceptible greenery around communities to meet residents’ leisure needs,
improving their satisfaction and wellbeing. During weekdays, the match between the green
coverage indicators and population heatmaps is lower, suggesting an increase in the green
space coverage around office areas to alleviate the severe urban heat island effect caused by
concentrated land hardening. Although urban greenery is mostly static since trees and most
plants cannot be easily moved or adjusted once planted, innovative mobile greenery could
be implemented. On weekends, greenery could be placed around residential streets, and
during weekdays, around office areas to optimize street greening maintenance schedules
and frequencies, ensuring sufficient greenery and services are provided during peak flow
times to enhance urban management efficiency and achieve balance between the supply
and demand of public resources [48]. At the urban planning level, green recreational facili-
ties could be strategically placed in areas of high weekend activity, with ecological buffer
zones set around weekday work areas needing environmental stress relief, improving
the overall rationality of urban greenery layouts. These findings highlight the distinction
between green equity and green justice, suggesting that previous extensive research aimed
at enhancing urban green equity may not necessarily improve urban green justice, as it
often overlooks the actual needs of the residences.

This study found a negative correlation between the overall street flow and greenery,
with significant spatial distribution differences between the city center and periphery. High
flow-high greenery streets are concentrated in the city center, while low flow-low greenery
streets are prevalent in the periphery, suggesting inequalities in the distribution of urban
public resources. Existing research has already utilized methods such as the Gini coefficient
to study the inequity of urban green spaces [22,49]. Therefore, future urban renewals
should pay more attention to the equitable allocation of public resources. Moreover, urban
developers should focus on enhancing the quality of streets with high pedestrian choice and
connecting walkable streets with neighborhoods [8], as these have often been overlooked
in previous large-scale constructions in favor of streets with high integration. This study’s
integration parameters closely resemble the city’s heat distribution, viewing from the
“urban flow” perspective; choice represents the planar distribution of the street pedestrian
flow, while integration reflects the volumetric flow of street traffic. Hence, the dialectical
relationship between street integration and choice should be utilized to create active points
in the next urban setting. Comparing the commuting and walking perspectives, greening
should be tailored to the primary mode of street use, with pollution- and dust-resistant
plant species for vehicular streets to reduce urban environmental dust and esthetically
pleasing plant species for pedestrian walking streets. The results indicate a current lack of
accessible greenery for pedestrians.

Despite utilizing multi-source data for spatial analysis, this study has limitations, such
as bias in the heat data due to its source from mobile signaling, capturing only devices
with Baidu apps installed. This excludes users without smartphones, like the elderly and
children, and those without Baidu apps, potentially causing data inaccuracies. Additionally,
the resolution of data positioning means street heat can be influenced by signals from
mobile users inside buildings, overestimating the actual heat flow on streets. Moreover,
the Panoramic View Green View Index (PVGVI) can also be taken into consideration to
achieve a more human-centered greenery measurement [4]. Similar to green spaces, the
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positive impact of urban blue spaces on physical and mental health has been documented,
suggesting future research could incorporate urban blue space distribution data for a
more comprehensive evaluation of the urban environment [13]. This study also found less
“accessible green” for city residents on weekends compared to weekdays, with the weekend
heatmaps showing a greater concentration in residential areas and less in work areas,
indicating a need for further enhancement of perceivable greenery near residential streets
in Chengdu. Considering most living and working hours are spent indoors, this study
highlights the value of researching exterior perceptible greenery from within buildings.
This study aims to promote more human-centered, high-quality urban renewal, creating a
more sustainable green city.
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