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Abstract

Amid China’s shift from a model of urban “incremental expansion” to one focused on
“stock optimization”, the renewal of streetscapes has taken center stage as a critical ap-
proach to improving the human experience within urban environments. However, empir-
ical insight into how visual interventions affect aesthetic perception across different road
types remains notably limited. This study addresses that gap through a spatiotemporal
investigation of Zhengzhou's streetscape transformations between 2017 and 2022. Major
roads were categorized into four functional types—freeway, under-freeway, regular road,
and tunnel—to better capture perceptual variation. Leveraging a Fully Convolutional
Network (FCN), we extracted nine visual components from historical street views and
paired them with crowd-sourced “beauty” ratings from the MIT Place Pulse 2.0 dataset.
Statistical analyses, including paired t-tests and Kernel Density Estimation (KDE), indi-
cated marked improvements in perceived beauty following renewal, with the exception
of tunnel segments. Through Random Forest (RF) regression and SHapley Additive ex-
Planations (SHAP) interpretation, greening emerged as the most influential driver of aes-
thetic enhancement—most prominently on regular roads (SHAP = 2.246). The impact of
renewal was found to be context-specific: green belts were most effective in under-free-
way areas (SHAP = +0.8), while improvements to pavement (SHAP = +0.97) and street
vitality were key for regular roads. Notably, SHAP analysis revealed non-linear relation-
ships, such as diminishing perceptual returns when green coverage exceeded certain
thresholds. These findings inform a “visual renewal-perceptual response” framework,
offering data-driven guidance for adaptive, human-centered upgrades in high-density ur-
ban settings.

Keywords: streetscape renewal; urban perception; road-type streetscape; urban built
environment; urban visual intelligence; SHAP analysis
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1. Introduction

Following a period of rapid urbanization, China’s urban development has entered a
new phase characterized by a shift from “incremental renewal” to “stock renewal” [1].
This transition places greater emphasis on the efficient use of existing urban resources and
adopts a more human-centered perspective by prioritizing the experiences and needs of
urban residents [2,3]. Within this context, street space has emerged as a crucial medium
through which urban life is experienced and interpreted. It serves not only as a transpor-
tation corridor but also as a vital platform for engaging with the city from a humanistic
perspective [2,4,5]. Consequently, streetscape renewal has become a key strategy in the
sustainable transformation of high-density urban environments in China. In response, nu-
merous cities have introduced street design guidelines aimed at shifting roadways away
from vehicle-centric models toward people-oriented spaces that enhance urban quality
and vibrancy [5-8].

In tandem with these policy and design efforts, technological advances have trans-
formed how scholars study urban streets [8]. The rise in big data—with its volume, vari-
ety, and velocity —has made it the backbone of modern urban analysis [5,6,8]. Platforms
such as Google Street View and Baidu Street View provide extensive visual datasets that
allow for large-scale, spatially precise investigations [9]. With the support of advanced
image analysis techniques [10,11], researchers can now extract a range of features from
street view imagery, including spatial layout, architectural styles, greening conditions,
and public amenities [12]. Over time, the focus of street landscape research has evolved —
from early studies centered on green coverage [7,13,14] to more comprehensive inquiries
into human behaviors and spatial perception [15], supported by increasingly diverse data
sources [16]. However, significant limitations remain: most existing research examines the
relationship between current spatial configurations and landscape quality [17,18], without
adequately quantifying perceptual change before and after renewal or differentiating be-
tween perceptual experiences across distinct road types. Nonetheless, ongoing urban re-
newal practices have generated a large volume of relevant case data, enabling more robust
spatiotemporal comparative analyses.

In this regard, subjective perception is just as essential as objective physical metrics
in understanding how urban environments are experienced. Kevin Lynch’s seminal “ur-
ban image” theory emphasized that people’s mental maps of cities are formed through a
dynamic interplay between spatial form and personal interpretation [19]. In recent years,
perception-based research has grown increasingly sophisticated, thanks to big data meth-
odologies [20,21]. By integrating multiple data sources—such as social media, location
data, and point of interests (POIs)—scholars are now able to examine how urban land-
scapes are perceived emotionally and cognitively [22]. Some studies have even begun to
target specific demographic groups [23,24], exploring perception in dimensions like
safety, comfort, and convenience [25]. Yet, the majority of current studies rely on data
from a single time point, lacking longitudinal comparisons that would allow for analysis
of perceptual change before and after physical upgrades. This temporal blind spot limits
our understanding of how urban renewal actually reshapes user perception.

Developments in deep learning have introduced new tools for studying perception
in urban spaces [11,26]. Convolutional Neural Networks (CNNs) and Fully Convolutional
Networks (FCNs) are now widely used for parsing street view imagery [26], while ensem-
ble models like Random Forest (RF) and Extreme Gradient Boosting (XGBoost) have
proven effective in revealing the relationships between visual features and subjective re-
sponses [21,27]. More recently, SHapley Additive exPlanations (SHAP) has emerged as a
powerful interpretive technique that assigns feature-level importance scores and helps
unpack complex, nonlinear relationships in predictive models [18,28]. The integration of
deep learning and SHAP has already improved the interpretability of street view analyses
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[29,30]. This integration enables researchers to unpack complex urban data structures and
accurately capture the non-linear dynamics embedded within them [31]. However, the
use of SHAP in analyzing renewal effects across different road types remains notably ab-
sent from the current literature, highlighting a key methodological gap. Considering that
biophilic design theory identifies natural elements (e.g., vegetation) as fundamental driv-
ers of urban aesthetic preference [32], the absence of such analysis becomes significant.
Additionally, this combined approach—merging interpretable machine learning with
street view analytics—has yet to be systematically applied in urban perception studies.

Against this backdrop, the present study leverages historical street view big data in
combination with deep learning techniques to quantify the spatiotemporal dynamics link-
ing visual elements and subjective perceptions across various road types. This is the first
research effort to propose a perception-oriented classification of urban roads, introduce a
SHAP-based framework stratified by road type for analyzing heterogeneous effects, and
develop tailored renewal strategies accordingly. The resulting dataset lays a solid foun-
dation for future multi-objective optimization efforts that integrate visual comfort, day-
lighting performance, and energy efficiency considerations [33]. Using the city of Zheng-
zhou, China—which recently completed a significant phase of urban street renewal —as a
case study, the research establishes a four-stage methodological framework: (1) the acqui-
sition of street view imagery, (2) the quantification of perceptual responses, (3) the classi-
fication of renewal components, and (4) the interpretive modeling of perceptual outcomes
using machine learning. By combining traditional statistical approaches with explainable
artificial intelligence techniques, the study enables a structured and interpretable assess-
ment of how visual interventions influence urban perception, thereby offering more nu-
anced support for data-informed, human-centered street renewal policies.

2. Study Area and Data Collection
2.1. Study Area

Zhengzhou, a major urban center in central China, was selected as the focal area for
this study (Figure 1). The city recently completed a comprehensive renewal of its primary
arterial roads within the urban core, thereby offering a robust case dataset that meets the
study’s analytical needs. Guided by the Zhengzhou Street Design Guidelines, the renewal
efforts were designed to achieve multiple objectives: enhancing traffic safety, promoting
ecological street design, strengthening street vitality, and creating distinctive urban corri-
dors. By 2021, most of the key renewal projects across the city’s main roads had been com-
pleted, generating a substantial body of practical outcomes that provide a solid empirical
foundation for the present analysis.
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Figure 1. Geographic location of study area in Zhengzhou, China.

https://doi.org/10.3390/buildings16030653



Buildings 2026, 16, 653

4 of 23

2.2. Baidu Street View Image Data

Street view imagery used in this study was obtained from the Baidu Maps street view
platform (https://Ibsyun.baidu.com). Initial geospatial data on Zhengzhou’s primary ur-
ban roads were retrieved using OpenStreetMap (https://www.openstreetmap.org) and
processed with QGIS software (3.28.0). To define the study area, renewal sections within
the city’s third ring road were identified via API access, with sampling points systemati-
cally distributed at 50 m intervals. In alignment with prior studies, images were captured
in four directions—0°, 90°, 180°, and 270°—using a fixed 90° field of view to ensure con-
sistency and comparability [17,18] (Figure 2). A total of 57,536 street view images were
collected for the years 2017 and 2022 (28,768 per year), covering 7210 georeferenced sam-
pling locations. Of these, 18 sites lacked valid imagery due to unavailable street view ac-
cess, resulting in 7192 usable points. For each valid point, four directional images were
stitched together to create a single panoramic view, ultimately yielding 7192 matched pan-
oramic image pairs for longitudinal spatiotemporal analysis.

To account for potential variability in road features and their perceptual effects, roads
were classified into four functional types to enable more accurate analysis of renewal out-
comes. Classification focused on five major expressways in Zhengzhou—3rd-Ring,
Jingguang, Longhai, Nongye, and Zhongzhou—where freeway, under-freeway, and tun-
nel segments are prevalent (Figure 1). All remaining roads were designated as “regular”
based on field observations and expert judgment. Road type classification was inde-
pendently conducted by five academic annotators with backgrounds in urban planning,
achieving full agreement (100%) across all 7192 sampling points. This rigorous protocol
ensured the consistency and reliability of the typology used in subsequent analysis.
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Figure 2. Baidu Street view image collection at sampling points for 2017 and 2022.

3. Method

3.1. Conceptual Framework

The analytical framework proposed in this study illustrates the relationship between
streetscape renewal—specifically, changes in visual elements—and shifts in perceived
beauty across different road types (Figure 3). This framework consists of four sequential
stages. Firstly, historical street view imagery is collected to construct a comparative da-
taset spanning different time points. Secondly, both visual element indices and beauty
perception scores are extracted and organized for analysis. Thirdly, the temporal dynam-
ics between visual transformations and perceptual change are quantitatively assessed. Fi-
nally, interpretable machine learning techniques are employed to determine the relative
influence of each visual element on beauty perception, disaggregated by road type. To-
gether, these steps offer both methodological innovation and practical insight for more
nuanced, data-driven approaches to human-centered street renewal.
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3.2. Statistical Analysis of Semantic Segmentation Data

This study utilizes the ADE20K dataset in conjunction with a FCN model to convert
street view images into semantic segmentation maps. The proposed segmentation archi-
tecture employed (ADE20K-resnet50dilated-ppm_deepsup) features a DilatedResNet-50
backbone integrated with a Pyramid Pooling Module (PPM) and Deep Supervision
(DeepSup), achieving a mean Intersection over Union (mloU) of 34.90% on the 150-class
ADE20K validation set (n = 2000 images). This performance surpasses the commonly ac-
cepted 30% threshold for reliable semantic index generation [34,35], thereby ensuring ro-
bust segmentation accuracy and minimal error propagation in the derivation of visual
element metrics. This study focuses on visual features associated with three major catego-
ries of streetscape renewal in Zhengzhou: street section upgrades, greening improve-
ments, and vitality enhancements. Specifically, nine non-traffic-related visual elements
were extracted: road, fence, plant, tree, understory planting, sidewalk, ground, furniture,
and wall (Table 1 and Figure 4). These features were selected based on their relevance to
the visual and landscape functions of the street environment, while excluding transporta-
tion-specific components such as streetlights, signage, and vehicles, in order to focus
solely on aesthetic attributes linked to urban renewal.
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Figure 4. Three Street renewal types and associated visual elements.
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Table 1. Formulae for nine visual element indices.

Name Type Abbreviation Formula Explanation
Road Street Section S-R SR =R, R:Road pixel ratio (0-1) in the i-th image.
Fence Street Section S-F SF, =F, Fi Fence pixel ratio (0-1) in the i-th image.
Street Section
Plant & S&G-P SGP.=F  P: Plant pixel ratio (0-1) in the i-th image.
Street Greening
Tree Street Greening G-T GT, =T, T: Tree pixel ratio (0-1) in the i-th image.
Pi: Plant pixel ratio (0-1).
Unders'tory Street Greening GU GU =P+ GGi: Grass pixel ratio (Ofl)' o
Planting GU:: Understory planting coverage for that individual
image.
Street Greening
Ground & G&V-G GVG, =G, Gi: Ground pixel ratio (0-1) in the i-th image.
Street Vitality
Ti: Table pixel ratio (0-1).
Ci: Chair pixel ratio (0-1).
Furniture Street Vitality V-F VF, =T, + C, + LLi: Lounge pixel ratio (0-1).
Si: Seat pixel ratio (0-1).
VFi: Furniture coverage for that individual image.
Wall Street Vitality V-W VW, =W, W:Wall pixel ratio (0-1) in the i-th image.
Street Vitality
Sidewalk & V&S-S VSS, =S, S:Sidewalk pixel ratio (0-1) in the i-th image.

Street Section

To examine the characteristics of change resulting from the 2017-2022 streetscape
renewal, the study calculates descriptive statistics—including mean values and standard
deviations—for a range of visual indices. In addition, the distributional properties of the
data are analyzed across multiple dimensions to capture broader patterns and variations.
The results are presented in a visually intuitive manner.

3.3. Statistical Analysis of Subjective Perception Data

Statistical analysis of perception data serves as a critical foundation for understand-
ing individuals’ subjective responses to urban street views [18,36]. In this study, perceived
“beauty” was quantified using a deep learning model built upon the Ranking Siamese
(RSS)-CNN architecture, as introduced in prior research [37]. The model was trained on
the MIT Place Pulse 2.0 dataset, which contains approximately 111,000 street-view images
from around the world, annotated through more than 1.2 million pairwise comparisons
conducted by human raters. These annotations span six perceptual dimensions: beautiful,
safe, lively, wealthy, boring, and depressing. As reported in the original study [37], the
RSS-CNN model achieved a pairwise prediction accuracy of 64.2% on held-out Google
Street View images, demonstrating strong cross-platform generalizability in estimating
relative perceptual judgments. Given its methodological rigor and broad applicability, the
Place Pulse 2.0 framework has since become a widely recognized benchmark in both do-
mestic and international research on urban visual perception [26,28,36,38].

To apply the RSS-CNN model to Baidu Street View panoramas, the frontal view (az-
imuth = 0°) was extracted from each equirectangular image (Figure 2) and resized to 224
x 224 pixels using ImageNet-style normalization, strictly adhering to the input protocol
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outlined in the original study [37]. No fine-tuning or domain adaptation was applied. All
Baidu Street View images collected between 2017 and 2022 were processed using the same
pipeline to generate continuous beauty scores, which were subsequently scaled to a 0-100
range to improve interpretability. To reduce potential bias introduced by transient visual
artifacts—such as construction barriers, parked vehicles, or suboptimal lighting condi-
tions—initial model outputs were calibrated following best practices in urban visual ana-
lytics [39]. Specifically, images exhibiting more than 30% visual occlusion or captured un-
der non-daylight conditions (e.g., dawn, dusk) or in poor illumination (e.g., heavy cloud
cover) were either excluded or adjusted based on contextual evaluation, ensuring that the
resulting scores more accurately reflected the underlying streetscape quality. The “beauty”
dimension was selected as the primary perceptual indicator in this study, as it most di-
rectly captures visual transformations associated with urban renewal interventions. This
conceptual focus is informed by established theories in environmental psychology, where
aesthetic preference is consistently associated with perceptual qualities such as natural-
ness, coherence, and visual complexity [40]. Such attributes are more reflective of public
sensibilities rather than formal or industrial aesthetics, especially in infrastructural set-
tings like freeways.

Following the generation of “beauty” perception scores using the prediction model,
the study proceeds to analyze four distinct road types. The analysis begins with a paired-
sample t-test to assess whether streetscape renewal leads to significant differences in per-
ceived aesthetic quality as reflected in street view imagery. For road types exhibiting no-
table perceptual changes, a combined approach Error! Reference source not found. in-
tegrating Kernel Density Estimation (KDE) and growth rate statistics
Error! Reference source not found. is adopted to examine the distributional patterns and
change characteristics of beauty perception scores. Finally, spatial variations in perceptual
change are visualized through perception difference maps generated using QGIS soft-

@) =%ZK(X7) )

where x is the density point to be estimated; x; is the “beauty” value of the i-th sample

ware.

(i =1, ...,n); K is the kernel function; and h is the bandwidth parameter.

X2022 — X2017
r= <_— X 100% ()
X2017
where %,p,, and X,417 are the sample means of “beauty” values for a certain type of

road in the corresponding year; and r is the percentage growth rate.

3.4. RF Regression+ SHAP Method

This study employs a RF regression model in combination with SHAP to examine
the relationship between changes in street view visual elements and shifts in subjective
aesthetic perception. As an ensemble learning technique [41], RF has become a widely
used method in the analysis of large-scale street view datasets [18,42].

SHAP, a model interpretability tool grounded in Shapley value theory from cooper-
ative game theory [43], enables the decomposition of model outputs by quantifying the
individual contribution of each feature to a given prediction. By calculating SHAP values,
the approach offers transparent insight into the decision-making process of complex ma-
chine learning models [44,45]. Notably, the application of SHAP to road-type-specific re-
newal evaluation has yet to be systematically addressed in existing street view research,
representing a methodological gap that this study seeks to fill.
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To facilitate interpretation, SHAP values for the nine individual visual elements were
aggregated into three overarching renewal categories: street section renewal, street green-
ing renewal, and street vitality renewal (Table 2). This aggregation produced the net
SHAP contribution of each renewal type to changes in perceived “beauty”. To further il-
lustrate these findings, radar charts were constructed to visualize the relative magnitude
and directional influence (positive or negative) of each renewal type across the different
road classifications.

Table 2. Definition of aggregate SHAP contributions for street renewal types.

Type SHAP Aggregation
STREET SECTION  SHAPszcrion = SHAP(S-R) + SHAP(S-F) + SHAP(S&G-P) + SHAP (V&S-S)
STREET GREENING SHAP;zzzvive = SHAP(G-T) + SHAP(G-U) + SHAP(S&G-P) + SHAP(G&V-G)
STREET VITALITY  SHAP,;paLry = SHAP(V-F) + SHAP(V-W) + SHAP(V&S-S) + SHAP(G&V-G)

4. Results
4.1. Descriptive Statistics of the Segmented Results

Due to the data acquisition mechanism of Baidu Street View, images are captured
from randomly distributed positions near the designated sampling points along the road
centerline. This randomness is particularly evident in complex road environments such
as overpasses and underpass tunnels, where captured images may originate from freeway
surfaces, beneath elevated segments, or within enclosed tunnel structures. As a result,
freeway segments required careful manual screening and classification to ensure road-
type accuracy. In the complete dataset comprising 7192 groups of paired panoramic im-
ages, road-type statistics for 2017 included 313 tunnel images, 1637 freeway images, 1393
under-freeway images, and 3849 regular road images. By 2022, the distribution had
shifted to 317 tunnel images, 1167 freeway images, 1875 under-freeway images, and 3833
regular road images. After implementing a road-type matching and verification process,
the final dataset used for analysis included 258 groups of tunnel images, 986 freeway
groups, 1191 under-freeway groups, and 3823 regular road groups (Figure 5a).

Figure 5b presents the results of semantic segmentation performed using the FCN
model, which effectively categorizes a range of visual components into distinct classes,
each represented by a unique color for clear identification. This visual output illustrates
the model’s ability to differentiate elements such as vegetation, built features, and surfaces
within the streetscape. Building on this, the study conducts a statistical analysis of the
variation patterns of nine visual elements—namely, road, fence, plant, tree, understory
planting, sidewalk, wall, furniture, and ground —across different road types (Table 3).
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Figure 5. (a) Distribution map of road types; (b) Segmentation results for different road types.

Table 3. Comparative statistics of semantic segmentation results from street view images across

different road types.
Visual Elements Road Type N 2017 Mean 2022 Trend Feature

Freeway 986  0.331704 Decreased to 0.331157

Road Under Freeway 1191  0.315178 Increased to 0.315550

Regular Road 3823  0.331109 Decreased to 0.330373

Tunnel 258  0.213788 Increased to 0.227118

Freeway 986  0.003117 Decreased to 0.002450

Plant Under Freeway 1191 0.03239 Increased to 0.034237
Regular Road 3823  0.025301 Slightly decreased to 0.025199

Tunnel 258  0.001632 Decreased to 0.000788

Freeway 986  0.025943 Increased to 0.029974

Fence Under Freeway 1191  0.024559 Decreased to 0.016756

Regular Road 3823  0.019368 Decreased to 0.017088

Tunnel 258  0.011873 Decreased to 0.008987

Freeway 986 0.041102 Decreased to 0.038730

Tree- Under Freeway 1191  0.065359 Increased to 0.080756

Regular Road 3823  0.176513 Increased to 0.182190

Tunnel 258 0.0061 Increased to 0.008085

Freeway 986 0.005088 Decreased to 0.004030

Understory planting Under Freeway 1191  0.040781 Increased to 0.046818

Regular Road 3823  0.034815 Increased to 0.041105

Tunnel 258  0.014044 Decreased to 0.008351

Freeway 986 0.003477 Decreased to 0.002266

Ground Under Freeway 1191  0.006448 Decreased to 0.002376
Regular Road 3823  0.001413  Slightly decreased to 0.001289

Tunnel 258  0.004167 Decreased to 0.003241
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Freeway 986  0.012302 Slightly decreased to 0.012092

Sidewalk Under Freeway 1191  0.022287 Decreased to 0.019494
Regular Road 3823  0.026448 Decreased to 0.020221
Tunnel 258  0.006806 Decreased to 0.005859
Significantly increased to
Freeway 986 0.000059 0.000428
. Under Freeway 1191  0.000496 Increased to 0.001350
Furniture Reeular Road 3823 0.000089 Significantly increased to
cgtiarfoa ' 0.000753
Tunnel 258 0.000785 Increased to 0.001680
Freeway 986  0.029852  Slightly decreased to 0.028670
Wall Under Freeway 1191  0.024142  Slightly decreased to 0.023503

Regular Road 3823  0.00553 Increased to 0.007493
Tunnel 258  0.319283 Slightly decreased to 0.313546

In Table 3, the analysis reveals nuanced changes in visual element composition across
different road types between 2017 and 2022. In the Freeway section, the mean value of the
Road element experienced a marginal decline (0.331704-0.331157), while the Plant ele-
ment decreased more noticeably (0.003117-0.002450). Conversely, the Fence element
showed an upward trend (0.025943-0.029974). Other elements, such as Tree and Under-
story planting, exhibited varying degrees of fluctuation, collectively reflecting the dy-
namic adjustment of visual components in this segment. In Under-Freeway sections, the
mean value of the Plant element increased (0.032390-0.034237), accompanied by a sub-
stantial reduction in the Fence element (0.024559-0.016756) and a marked increase in Tree
coverage (0.065359-0.080756). These shifts indicate a clear enhancement in green coverage
and vegetation structure in shaded or transitional spaces. In Regular Road areas, the mean
value of the Road element declined slightly (0.331109-0.330373), while both Tree
(0.176513-0.182190) and Understory planting (0.034815-0.041105) continued to rise, un-
derscoring a growing visual emphasis on green infrastructure. In contrast, the Tunnel seg-
ment displayed limited change. Although the Plant element declined significantly
(0.001632-0.000788), all other visual components exhibited changes below 5%, suggesting
a relatively stable visual composition over time.

Opverall, the comparative results from 2017 to 2022 demonstrate divergent patterns of
visual element adjustment across road types, reflecting the differentiated strategies and
impacts of streetscape renewal efforts in Zhengzhou [46]. Prior to incorporating visual
element variables into the RF model, a rigorous data preprocessing step was conducted.
Specifically, Min-Max Normalization was applied to standardize the dataset. This method
is well-suited for ensuring comparability across heterogeneous, multisource data inputs
and is widely adopted in machine learning workflows [47].

4.2. Analytical Description of Subjective Perception Result

In Table 4, the results of the paired-samples t-test indicate that the streetscape re-
newal program in Zhengzhou had no statistically significant effect on the perceived
“beauty” of tunnel segments (t=0.226, p=0.821, Cohen’s d =-0.014, 95% CI [-0.660, 0.831]).
The effect size was negligible (d <0.2), and the confidence interval included zero, both of
which confirm the absence of any meaningful perceptual change—despite the relatively
large sample size (n = 258). This null finding supports the hypothesis that physical trans-
formation of the spatial entity is a necessary condition for altering aesthetic perception
[5,46]. In this case, the lack of visual or structural intervention in tunnel areas corre-
sponded to a stable perceptual outcome.
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In sharp contrast, all other road types that underwent renewal exhibited statistically
significant and practically meaningful improvements in beauty perception (all p <0.001).
Specifically, effect sizes exceeded the threshold for practical significance (Cohen’s d > 0.2)
across all categories: freeways (d = 0.261), under-freeway spaces (d = 0.273), and regular
roads (d = 0.325). These results affirm that targeted physical interventions were associated
with positive shifts in aesthetic perception—an outcome of relevance for evidence-based

urban design and policy-making.

Table 4. Paired-samples T-test results for “beauty” perception across different road types and years.

2017 2022 Paired ,
Road Type Mean (SD) Mean (SD) Differences! t df Pz Cohen’s d*
Freeway 35.180 (4.688) 36.859 (5.241) -1.678 -8.193 985 <0.001 0.261
Under-Freeway  33.686 (6.449) 35.671 (5.886) -1.985 -9.433 1190  <0.001 0.273
Regular Road 36.620 (5.582) 39.094 (5.964) -2.475 -20.110 3822  <0.001 0.325
Tunnel 29.807 (5.005) 29.721 (5.617) 0.086 0.226 257 0.821 -0.014

! Paired differences = 2017 score—2022 score; negative values indicate higher beauty in 2022. 2 95%
confidence interval for the mean difference; intervals excluding zero indicate statistical significance
at a=0.05.3 Cohen’s d 2 0.2 is considered the threshold for practical significance in urban perception

studies.

The analysis of beauty perception density curves across different road types reveals
substantial differences in distribution patterns between 2017 and 2022 (Figure 6a). For
freeway sections, both years exhibited a unimodal, approximately normal distribution. In
2022, the peak value was slightly lower than in 2017; however, the distribution was more
concentrated around the mean, with a noticeable extension at the upper end of the value
range. This shift indicates an increased likelihood of higher beauty scores. In contrast, the
2017 data were more dispersed, with a broader distribution and fewer samples in the high-
value range, suggesting lower overall perceptual quality. For under-freeway sections (Fig-
ure 6b), the 2017 density curve displayed a flat and wide profile, indicative of high disper-
sion and limited clustering. In 2022, the curve became significantly taller and narrower,
with values more tightly grouped around the mean. The peak shifted toward a higher
score range, and the high-value tail extended further, resulting in a greater probability of
high beauty scores. Although the 2017 data covered a wider overall range, the proportion
of high-quality values was notably lower compared to 2022, which showed a clear positive
trend. A similar pattern was observed in regular road segments (Figure 6¢). The 2017 data
exhibited a broad, low-density distribution with considerable variability. By 2022, the
curve had become taller and more centralized, with the peak shifting toward higher val-
ues and the upper tail extending, indicating improved perceptual outcomes. While the
earlier data showed greater value dispersion, the density of high beauty scores in 2022
was markedly higher. Overall, the 2022 data reflect a reduction in dispersion and a pro-
nounced concentration of scores within higher-value intervals. This observed trend sug-
gests that streetscape renewal efforts yielded significant improvements in the visual qual-
ity of urban roads, particularly in areas where targeted interventions were implemented.
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Figure 6. Result of “beauty” perception change.

Perception data from 2017 and 2022 were used to calculate the growth rates of beauty
perception across different road types. In Figure 6d, the growth rate for freeway sections
ranged from -60% to 80%, with most values concentrated between —20% and 30%. The
right side of the distribution—representing positive growth—showed a significantly
higher frequency than the left, indicating that increases in beauty perception were more
prevalent and that the overall trend was upward. Figure 6e shows similar results for un-
der-freeway sections, where growth rates also ranged from -60% to 80%, with a primary
concentration between —20% and 40%. Once again, right-sided bars dominated the histo-
gram, suggesting that the majority of samples experienced perceptual improvement. Alt-
hough negative growth existed, instances of increasing beauty perception were more fre-
quent and pronounced, highlighting a clear overall positive trend. In regular road seg-
ments (Figure 6f), the growth rate distribution ranged from -80% to 80%, with most ob-
servations falling between —20% and 20%. As in the other categories, right-side bars (indi-
cating perceptual gains) significantly outnumbered those on the left, reinforcing the find-
ing that visual improvements were more common than deterioration. The growth pattern
here was particularly stable, albeit with slightly narrower concentration around the mean.

Temporal trends are further visualized in Figure 7a. Regular roads demonstrated a
steady and consistent increase in beauty perception over time following the renewal pro-
cess. In contrast, freeways and under-freeway sections showed greater variability and
fluctuation in growth patterns. A detailed case analysis (Figure 7b) further illustrates how
different spatial contexts benefited from tailored interventions. For instance, overpasses
achieved effective “non-structural beautification” through the addition of surrounding
green elements, while under-overpass spaces improved their visual coherence via up-
grades to public facilities and vegetation design. Regular roads followed differentiated
renewal trajectories: some segments enhanced quality through pavement restructuring,
greening, and fence installation; others emphasized safety features, vertical landscaping,
or the integration of public amenities. Overall, these findings underscore that both infra-
structural and non-infrastructural improvements led to marked enhancements in the per-
ceived aesthetic quality of urban streetscapes. The results affirm the necessity of imple-
menting context-sensitive, road-type-specific renewal strategies to achieve meaningful
perceptual gains in varied urban environments [2,48].
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4.3. Effects of Street Visual Elements on Beauty Perception

In this study, a series of RF regression models were constructed to explore the rela-
tionship between streetscape changes and shifts in beauty perception. The models used
the change in visual element indices between 2017 and 2022 as the independent variables
(x), and the corresponding change in beauty perception scores as the dependent variable
(y). The tunnel category (n = 258) was excluded from modeling, as no statistically signifi-
cant perceptual changes were observed in this group over the study period (paired ¢-test,
p = 0.821; Table 4). The RF models developed for the three remaining road types—Free-
way, Under-Freeway, and Regular Road—exhibited strong and differentiated predictive
performance (Table 5), consistent with prior findings on the model’s robustness in high-
dimensional perception data analysis [41] (Table 5). The Freeway model demonstrated
excellent explanatory power, with an R? of 0.8291, a Mean Absolute Error (MAE) of 2.0113,
and a Root Mean Square Error (RMSE) of 2.6736. The Under-Freeway model explained
76.77% of the variance in perceptual change (R? = 0.7677), with an MAE of 2.5288 and an
RMSE of 3.0000, indicating a slightly higher degree of residual variation but still strong
overall performance. The Regular Road model achieved the highest predictive accuracy,
with an R? of 0.8408, an MAE of 2.3428, and an RMSE of 3.0254, highlighting the consid-
erable influence of specific visual element modifications—such as green belt additions and
paving improvements—on perceived beauty. Collectively, the three models demonstrate
high predictive reliability and model stability across diverse street typologies.
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Table 5. RF model performance.
Beauty Perception R? MAE RMSE
Freeway 0.8291 2.0113 2.6736
Under Freeway 0.7677 2.5288 3.5012
Regular Road 0.8408 2.3428 3.0254

Note: Tunnel samples (n =258) were excluded from model construction due to absence of significant

changes in beauty perception (paired t-test, p = 0.821).

The SHAP analysis reveals that changes in the characteristics of various visual ele-
ments exert complex, non-uniform influences on the predicted changes in beauty percep-
tion, with effects varying in both direction and magnitude (Table 6). Some features con-
tribute positively to perceptual enhancement, while others are associated with reductions
in perceived aesthetic quality. In the SHAP summary plots, feature contributions are
color-coded to indicate their directional impact: red denotes a positive contribution to the
model output, while blue represents a negative contribution [45,49].

Table 6. SHAP values for visual elements across road types.

Visual Element Freeway Under-Freeway Regular Road

S-R -0.145 0.220 -0.067
S&G-P -0.156 0.229 0.968
S-F 0.456 0.289 0.555

G-T 0.301 0.797 0.117
G-U -0.806 0.250 0.449
G&V-G -0.732 -0.054 0.712
V&S-S -1.610 -0.104 0.270
V-F 0.187 0.092 0.780

V-W -0.540 -0.159 -0.998

For the Freeway section (Figure 8a), the SHAP force plot indicates that the S-F feature
(SHAP = +0.46) is the most influential positive predictor, contributing most substantially
to the increase in the model’s predicted beauty perception score. Additional features, such
as G-T (SHAP = +0.30) and V-F (SHAP = +0.19), also show positive effects, though with
lower intensities. In contrast, V&S-S (SHAP = -1.61) emerges as the strongest negative
contributor, exerting a substantial downward effect on the model output. The SHAP sum-
mary plot further reveals that high-value samples of G-T, V&S-S, G-U, and G&V-G are
predominantly distributed to the right of the SHAP baseline (x = 0) and appear in red,
indicating strong positive contributions. In comparison, V-F displays a more complex dis-
tribution: low values (blue) contribute negatively, while high values (red) contribute pos-
itively —highlighting variability in both direction and magnitude. A comprehensive inter-
pretation suggests that features such as street trees, pavement improvements, understory
planting, and public plazas tend to enhance perceived aesthetic quality along freeway
corridors.
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Figure 8. SHAP Analysis of visual elements and beauty perception.

For the Under-Freeway section (Figure 8b), the most significant positive predictor is
G-T (SHAP = +0.80), followed by S-F (SHAP = +0.29) and G-U (SHAP = +0.25), all of which
contribute meaningfully to the model output. On the negative side, V-W (SHAP = -0.16)
and V&S-S (SHAP
plot shows that high-value samples of features such as G-T, S-F, G-U, and S&G-P are con-
centrated on the right side of the SHAP axis and marked in red, signifying strong positive
influence. In contrast, low-value samples of V&S-S (blue) appear on the left, indicating

—0.10) exhibit relatively modest adverse effects. The SHAP summary

negative effects at low presence levels. These findings suggest that vegetation elements—
especially street trees, fences, and green infrastructure—play a vital role in improving
perceived beauty in under-freeway spaces. However, sidewalk elements may exert mild
negative effects, possibly due to visual disorder or functional conflict in constrained envi-
ronments.

For the Regular Road section (Figure 8c), S&G-P (SHAP = +0.97) stands out as the
most influential positive factor, followed by V-F (SHAP = +0.78), both contributing signif-
icantly to perceptual improvement. Among the negative contributors, V-W (SHAP
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-1.00) exerts the strongest negative influence, while S-R (SHAP =-0.07) shows only a mi-
nor effect. The SHAP summary plot illustrates that high-value samples of S&G-P, G&V-
G, G-U, and S-F are strongly associated with positive outcomes, appearing to the right of
the SHAP baseline in red. For V-F, the contribution again varies by value: low-value sam-
ples reduce perception scores (blue, left of zero), while high-value samples enhance them
(red, right of zero). These patterns indicate that green belts, public plazas, understory
planting, and roadside fences positively influence perception in regular street environ-
ments, while urban furniture may detract from visual appeal, possibly due to clutter or
outdated design.

Across all road types, SHAP values enable a nuanced understanding of how individ-
ual visual features affect beauty perception—both in terms of direction (positive vs. neg-
ative) and intensity. By statistically aggregating SHAP values across the three major re-
newal categories (Table 7), this study quantifies the relative contribution of each design
strategy —including street section, greening, and vitality upgrades—while accounting for
variation across distinct road typologies.

Table 7. Aggregate SHAP contributions of street renewal types across different road categories.

Road Type Street Section  Street Greening Street Vitality
Freeway -1.455 -1.392 -2.695
Under Freeway 0.635 1.221 -0.225
Regular Road 1.726 2.246 0.763

Note: Negative values indicate inhibitory effects on predicted “beauty”; positive values indicate

enhancing effects.

In the Freeway segment (Figure 9a), the aggregate SHAP contribution of Street Sec-
tion features is —1.455, indicating an overall negative impact on aesthetic perception. Street
Vitality exhibits the most pronounced negative contribution (-2.695), suggesting that cur-
rent vitality-related elements—such as signage, lighting, or public furniture—exert a
strong inhibitory effect on perceived beauty. Street Greening contributes —1.392, repre-
senting the least negative influence among the three categories. These findings imply that,
in the absence of large-scale structural reconstruction, aesthetic improvements in freeway
corridors may be more effectively achieved through targeted greening strategies—such as
optimizing vegetation layout and ensuring clear visibility of green elements. For the Un-
der-Freeway section (Figure 9b), Street Section features yield a moderate positive contri-
bution (0.635), while Street Vitality shows a minor negative effect (-0.225). In contrast,
Street Greening demonstrates the strongest positive contribution (1.221), confirming its
pivotal role in enhancing aesthetic perception in shaded or spatially constrained environ-
ments. These results point to a potential synergistic strategy —by enhancing both greening
and spatial configuration—through the addition of green belts and improved plant layer-
ing to increase visual coherence and perceived quality. In the context of Regular Roads
(Figure 9c), all three feature categories contribute positively to beauty perception. Street
Section upgrades show a strong impact (1.726), indicating that recent interventions —such
as pavement improvements, curb adjustments, or spatial refinements —have significantly
enhanced visual quality. Street Vitality also exerts a meaningful positive effect (0.763),
highlighting that active street elements (e.g., public amenities, vertical landscaping, small-
scale facilities) positively influence the pedestrian experience. Most notably, Street Green-
ing emerges as the dominant contributor (2.246), providing robust evidence of the sub-
stantial role of vegetation in elevating the perceived aesthetics of regular street environ-
ments.
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Figure 9. Radar chart of aggregate SHAP contributions to “beauty” perception across road types.

In summary, these findings confirm that street greening remains the most effective
intervention for enhancing perceived street beauty across all road types [50,51], though
its impact varies by spatial context. In Regular Roads, the contribution of street section
design is also substantial, supporting the efficacy of conventional geometric and structural
upgrades. In contrast, for Freeway and Under-Freeway sections, the effect of section-level
renovation is limited —likely due to a mismatch between road design logic and the goals
of human-centered urban renewal. Despite its relatively smaller share among visual ele-
ments, Street Vitality can still positively influence aesthetic perception in certain contexts,
particularly in regular street environments. This suggests that once the internal structure
of the roadway reaches a saturation point in terms of perceptual benefit, enhancements to
external or peripheral visual elements —such as plantings, furniture design, or surface fin-
ishes—may provide additional avenues for visual improvement [52].

5. Discussion
5.1. Contribution of Precise Classification Research to Streetscape Renewal

This study establishes a comprehensive analytical framework that integrates the evo-
lution of visual elements, the quantitative evaluation of subjective perception, and corre-
lation analysis using interpretable machine learning techniques. By incorporating spatio-
temporal street view data from Zhengzhou, the framework enables a systematic exami-
nation of the relationships between changes in physical design elements and the percep-
tion of beauty in the context of urban street renewal. Empirical findings highlight the pre-
dominant role of street greening—particularly the presence of street trees and green
belts—in enhancing aesthetic perception across different road typologies. Among all fea-
ture categories, greening demonstrates the strongest contribution in regular road environ-
ments, with a SHAP value of 2.246 (Figure 9c¢), significantly exceeding that observed in
under-freeway spaces (1.221). This result is consistent with existing theoretical perspec-
tives, which suggest that greater vegetation stratification improves visual quality [50,53].
This finding substantiates the argument that the synergistic optimization of vertical veg-
etation structure and interface permeability can effectively enhance the quality of spatial
perception [30]. Simultaneously, it affirms the applicability of the street-view-based green-
ing classification model as a viable analytical tool for guiding stock-oriented urban re-
newal strategies [29]. Importantly, the results also provide empirical support for the
Zhengzhou Street Design Guidelines (2020), which emphasize the creation of “ecological
streets” through multi-layered greening interventions. Our SHAP-based analysis con-
firms that this approach yields substantial improvements in perceived street beauty—par-
ticularly in regular road segments, where greening contributes the highest marginal gains.
This convergence between policy direction, theoretical perspective, and machine learning
interpretation highlights the effectiveness and relevance of evidence-based design strate-
gies in contemporary urban regeneration practices. Collectively, these results offer
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empirical support for the Biophilic city, where natural elements are not only visible and
accessible but embedded as essential components of everyday urban life [54].

5.2. Mechanistic Analysis of Road Type Differential Impacts

The analysis reveals that due to inherent differences in function, spatial scale, and
user composition across road typologies, the behavioral pathways through which visual
elements influence perceived aesthetics exhibit distinct contextual characteristics. For the
Under-Freeway sections, a 40% increase in beauty perception was achieved primarily
through greening interventions (Figure 8b). This improvement can be attributed to two
key mechanisms: (1) the marginal utility gained from transforming residual or negative
spaces, and (2) the visual focusing effect of vegetation in semi-enclosed environments,
which enhances spatial legibility and perceptual coherence [7]. This outcome supports the
argument that street greening in overlooked urban areas should be recognized as funda-
mental components of public infrastructure rather than optional discretionary amenity
[55]. However, the negative SHAP value associated with sidewalk elements in this seg-
ment (SHAP = -0.16) suggests that greening upgrades alone are insufficient; concurrent
improvements to infrastructural elements are necessary to avoid perceptual dissonance
caused by aging or poorly integrated hardscape features. This highlights the imperative
to embed human-scale design principles—particularly perceptual integration and visual
continuity —into the maintenance and renewal of urban infrastructural corridors. In Free-
way segments, the guardrail element yields a comparatively modest positive SHAP con-
tribution (+0.19), markedly lower than that of greening-related components. This dispar-
ity is likely attributable to the limited visual engagement from a pedestrian perspective in
high-speed, vehicle-dominated environments, where opportunities for immersive spatial
experience are inherently constrained [56]. In the case of Regular Roads, both street vital-
ity elements (SHAP =+0.763) and paved ground improvements (SHAP = +0.97) make sub-
stantial positive contributions to perceived aesthetic quality. These findings are in line
with established academic viewpoints, namely that the density of street-level activity cor-
relates positively with perceived visual richness [5,46], and that material renewal —inde-
pendent of greenery —can directly influence visual experience by enhancing textural qual-
ity, spatial rhythm, and user engagement [2].

5.3. SHAP-Based Interpretable Modeling for Assessing Streetscape Renewal Outcomes

This study introduces the SHAP technique into the domain of urban renewal assess-
ment, enabling the identification of non-linear and context-dependent effects of visual el-
ement modifications on aesthetic perception. For instance, the SHAP value associated
with green belt enhancements reaches +0.8 in under-freeway segments, signifying a strong
positive impact. However, in regular road environments, the marginal effect of similar
greening interventions is considerably reduced. This variation underscores the im-
portance of functional spatial context, suggesting that the effectiveness of visual elements
is not static but rather dynamically adjusted in relation to their environmental positioning
[49]. Based on these differentiated patterns of contribution, the study proposes a set of
tailored renewal strategies. For traffic-oriented corridors, non-structural beautification—
such as vertical greening or facade treatments —may offer perceptual enhancement with-
out extensive physical reconstruction [2]. For life-oriented streets, a composite approach
integrating greening with rest-oriented infrastructure (e.g., benches, shade elements, or
social spaces) is recommended to support both environmental aesthetics and functional
use [4]. These insights contribute to the development of evidence-based decision-making
frameworks that support fine-grained, typology-specific street renewal.
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5.4. Practical Design Guidelines for Different Road Types

Building upon the differentiated mechanisms identified through SHAP analysis, this
section translates empirical findings into actionable design guidelines for precision-ori-
ented street renewal across distinct road typologies. For under-freeway spaces—areas that
are often visually marginalized — priority should be given to the deployment of continu-
ous green belts to activate residual or negative space. Simultaneously, visual clutter
caused by fencing, utility cabinets, or disorganized infrastructure should be minimized.
This strategy is empirically supported by the high SHAP contribution of greening in this
context (+0.8), indicating its strong potential to elevate aesthetic perception in constrained
environments. In regular road segments, a combinatory strategy is recommended: the in-
tegration of high-quality paved surfaces with understory planting—such as shrubs,
flower beds, or low-height vegetation—can simultaneously enhance material texture and
spatial vitality. This approach is substantiated by elevated SHAP values for paved ground
(+0.97) and street vitality features (+0.76), confirming their joint effect in reinforcing visual
richness and user engagement. For freeway corridors, where pedestrian access is inher-
ently limited, indirect aesthetic improvements are more appropriate. Specifically, the ap-
plication of vertical greening on noise barriers and the visual upgrading of safety infra-
structure—including guardrails and retaining walls—can improve the peripheral visual
experience for adjacent residential or institutional zones. Collectively, these differentiated
guidelines promote a context-sensitive, perception-informed approach to street renewal.
They provide a data-driven foundation for enhancing urban livability and spatial quality
in high-density Chinese cities.

5.5. Limitations and Future Work

Despite its contributions, this study is subject to several limitations that warrant con-
sideration and suggest directions for future research. Firstly, the analysis focuses solely
on the perceptual dimension of “beauty”, which, while significant, does not fully capture
the multidimensional nature of human spatial experience. Future studies are encouraged
to construct multi-dimensional perceptual evaluation frameworks, encompassing attrib-
utes such as safety, thermal and visual comfort, vitality, and accessibility to enable more
comprehensive assessments of streetscape quality [36,57]. Secondly, although this study
successfully quantifies the individual contributions of visual elements, it does not account
for potential interactions between elements—such as synergistic or offsetting effects
among greening, paving, and street furniture. Future research could explore these rela-
tionships using SHAP interaction values, which offer the potential to uncover more nu-
anced mechanisms of perceptual influence. Thirdly, the five-year observation window
(2017-2022) may be insufficient to capture long-term effects, particularly those associated
with vegetation maturation and landscape establishment cycles. To address this, future
studies should consider extending the temporal scope and establishing longitudinal data
collection protocols to support continuous monitoring and temporal trend analysis [58].
Fourthly, the data sample is confined to Zhengzhou’s central urban area, which may limit
the spatial representativeness of the findings. To enhance external validity and test the
generality of the conclusions, future research should include a broader set of cities—across
regions, sizes, and typologies—for comparative or cross-sectional studies [13]. Finally, this
study does not disaggregate perceptual responses by demographic groups, nor does it
address the distinct needs of special user populations such as older adults, children, or
individuals with limited mobility. Incorporating user-specific perception data and con-
ducting targeted subgroup analysis represents an important direction for future inquiry,
particularly in the context of inclusive and age-friendly urban design [15,24].
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6. Conclusions

This study integrates street view big data with interpretable machine learning tech-
niques to quantitatively examine the dynamic relationship between visual elements and
subjective perception in the context of Zhengzhou's street renewal. The results underscore
the dominant role of street greening as a driver of aesthetic enhancement, with greening
elements achieving a SHAP value of 2.246 in regular road segments—demonstrating the
critical influence of vegetation visibility in shaping urban aesthetic perception [50]. The
findings also highlight the necessity of implementing typology-specific renewal strategies.
In under-freeway environments, targeted greening interventions can substantially im-
prove visual quality. In contrast, regular roads require integrated design approaches that
combine greening with vitality-enhancing features such as street furniture and public
amenities [46]. The application of SHAP has proven effective in capturing the heterogene-
ous and non-linear contributions of streetscape elements—particularly features like green
belts—thus offering robust technical support for refined, data-driven decision-making
[49].

From a theoretical standpoint, this research provides empirical validation for Kevin
Lynch’s “Image of the City” theory in the era of big data, reaffirming that the interaction
between physical form and subjective perception remains central to urban spatial quality
[19]. The strong contributions of greening (SHAP = 2.246) and vitality facilities (SHAP =
0.763) in regular road contexts offer quantitative evidence for the “human-oriented street”
design paradigm [3,5], reinforcing the foundational role of greenery in fostering positive
urban experience.

In practical applications, these findings are highly relevant in the context of China’s
ongoing shift from incremental urban expansion to stock-oriented urban renewal [1]. It is
recommended that urban planners develop functionally classified renewal guidelines
based on road typology, leverage machine learning and street view data to pre-assess de-
sign outcomes, and allocate resources with greater precision. By aligning urban transfor-
mation with a people-centered renewal philosophy, cities can achieve more sustainable,
inclusive, and perceptually engaging public spaces.
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