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Urban physical disorder (UPD) is used to describe urban landscapes that are characterized by significant
decay and deterioration. The phenomenon of UPD is also undergoing a process of evolution in conjunction
with the developments that are taking place in urban areas. Measuring the evolution of UPD remains a
challenge, however. This study innovatively employed time-series street view images and deep learning to
analyze the temporal evolution of UPD on a nationwide scale, encompassing both overall levels and diverse
manifestations. A total of 20 million street view images were collected in China from 2013 to 2022. The
YOLOVS object detection model was trained to accurately identify fourteen UPD elements. Subsequently,
each element was assigned a weight to reflect the overall level of UPD. A clustering analysis based on graph
neural networks identified four distinct manifestations, which were found to vary considerably across cities:
good quality, vacancy and decay, under construction, and poor maintenance. The findings indicate a
decrease in the overall level of UPD in China, with the primary issue shifting from poor maintenance to
vacancy and decay. Economic growth correlates with overall improvements in UPD, whereas cities
experiencing population decline tend to have more vacancies. The approach to measuring the evolution of
UPD allows for a more nuanced understanding of the phenomenon and facilitates the prediction of urban
space quality challenges, hence assisting urban planners in devising specific strategies for improvement.
Key Words: graph neural networks, neighborhood disorder, spatiotemporal changes, street view image, urban space

quality.

rban physical disorder (UPD) refers to highly
l |decayed and deteriorated urban landscapes.
This includes damaged and poorly maintained
facades, abandoned buildings, street litter, graffiti, and
broken roads in public spaces (Skogan 1990; Seo
2018). Such conditions not only have a detrimental
impact on the quality of life of residents but are also
associated with adverse public health and social stabil-
ity outcomes. The challenge of UPD confronts cities
worldwide. Consequently, the swift and precise identi-
fication of UPD represents a pivotal step (Sampson
and Raudenbush 1999; Hu et al. 2023).
It is crucial to recognize that the urban environ-
ment is susceptible to change over time (Kropf
2001; Batty 2022). In addition to the typical wear

and tear associated with the use of public spaces by
residents, the issue of UPD is perpetually evolving
due to a multitude of factors, including economic
growth, policy implementation, ecological condi-
tions, and population migration. Initiatives such as
the East New York Neighborhood Plan in the
United States (East New York Neighborhood Plan
2013), and China’s Urban Renewal Actions (Urban
Renewal Actions 2021) are actively addressing UPD
and revitalizing public spaces. Meanwhile, the indus-
trial decline and economic recession have left a con-
siderable number of residential properties unoccupied
or abandoned in the cities of the Rust Belt in the
United States (Hackworth 2018; Pottie-Sherman
2020). Several European countries are experiencing
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refugee crises. The establishment and subsequent
mismanagement of refugee camps has resulted in the
deterioration of sanitary conditions and the accumu-
lation of waste (Crawley and Skleparis 2018; Valvis
et al. 2021). Given the constant complex transfor-
mations cities undergo, it is plausible that preexisting
UPD concerns have either resolved, exacerbated, or
given rise to new challenges. Just as urban life cycle
theory delineates the stages of a city’s development
from inception to decline (Hall 2014), it is plausible
that the UPD issues that cities face can evolve
through these stages.

The majority of studies have concentrated on the
evaluation of UPD at a specific point in time, with
minimal consideration given to its temporal evolu-
tion (Dassopoulos et al. 2012; Milam et al. 2012).
Quantifying the evolution of UPD can assist policy-
makers and researchers in identifying effective strate-
gies to predict and mitigate UPD, which is essential
for developing safe, healthy, and sustainable urban
environments. This study examined the evolution of
UPD on a large scale, prompting the formulation of
two research questions:

1. How can the evolution of UPD over time be
quantified?

2. What are the dynamic features and patterns of the
evolution of UPD in a vast and diverse geographic
area’

To address these questions, this study proposes a
novel approach that combines time-series street view
images and deep learning to reveal the temporal
evolution of UPD on a large scale, both at the over-
all level and in different manifestations. China is a
vast country with a diverse range of urban areas,
exhibiting considerable variation in terms of devel-
opment and socioeconomic background (Deng et al.
2020), as well as the significant changes in the
urban environment during the previous rapid urbani-
zation process, providing a suitable environment for
the application of the approach. Simultaneously, the
majority of previous UPD studies were based in
developed countries in Europe and the United
States, providing only a limited understanding of
China’s circumstances. Therefore, the empirical
study was undertaken in China with the objective of
confirming the usability of the methodology while
portraying the dynamic features and patterns of UPD
evolution.

Specifically, the study collected more than 20 mil-
lion street view images (SVIs) in China from 2013
to 2022. Deep learning models were then trained to
automate the identification of fourteen UPD ele-
ments applicable to Chinese cities. Subsequently,
each UPD element was assigned a weight in accor-
dance with its reflection of the extent to which pub-
lic space quality was undermined. This was done to
ascertain the overall level of UPD and its changes.
Meanwhile, cluster analysis was employed to discern
disparate UPD manifestations and to examine their
interconversion and spatial patterns. Finally, the
relationship between the economy, population,
urban development, and the UPD evolution was
investigated to ascertain the trends in UPD in
China.

Literature Review
Measuring UPD

The concept of UPD encompasses the phenome-
non of neighborhood neglect and blight, which per-
tain to the disruption of residents’ lives and public
spaces through the presence of noticeable or visible
signs (Skogan 1990). Previous research has employed
a variety of methods to assess UPD, including ques-
tionnaires, interviews, and qualitative field work
(Dassopoulos et al. 2012; Benediktsson 2014;
Hackworth 2018). These traditional methods are fre-
quently costly, time-consuming, and even hazardous
(Wallace and Schalliol 2015; D. Johnson et al.
2016). The advent of SVIs and deep learning tech-
niques has facilitated the development of automated
methods (N. Yang et al. 2024; F. Zhang et al. 2024).
The utilization of SVIs for virtual audits has been
demonstrated to reduce the time costs associated
with UPD measurement without compromising accu-
racy (Mooney et al. 2017; L. Yang et al. 2024).
Novack et al. (2020) applied a VGG16 CNN model
to identify instances of graffiti on building facades,
and Y. Li and Long (2024) used a Faster R-CNN
model to identify vacant stores. In addition to stud-
ies focusing on specific UPD elements, Hu et al.
(2023) developed a transformer-based framework for
the comprehensive detection of UPD. Chen et al.
(2023) assessed the prevalence of UPD in China,
confirming its pervasiveness and offering valuable
insights.
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Regardless of whether traditional methods or
approaches enabled by artificial intelligence (Al) are
used, most studies employ checklists to identify UPD
elements (Wei et al. 2005; Marco et al. 2017; Mayne
et al. 2018). UPD is a complex and multifaceted phe-
nomenon, however, and existing studies often provide
a composite score to represent its level, which is insuffi-
cient for a comprehensive understanding of it. First,
existing studies that employ indicator lists to measure
UPD often assume that the contributions of the various
elements are equal (Milam et al. 2012; Ndjila et al.
2019). The impact of different UPD elements on peo-
ple’s perception of space quality varies, however (W. Li
et al. 2022). For instance, despite both being indicative
of low-quality space, compared to the stores with poor
signboards, damaged buildings could be perceived as a
more significant space quality issue that is more chal-
lenging to accept. Therefore, the objective is to assign
weights to the elements when measuring UPD to more
accurately assess the overall level of UPD. Furthermore,
there are cluttered and disorganized spaces due to mis-
use by many people and abandoned and vacant spaces
due to lack of use. Both of these are regarded as forms
of UPD and elicit negative emotional responses; how-
ever, their underlying causes are distinct. Therefore, an
understanding of UPD that is limited to a numerical
score is insufficient; it could manifest in various forms
that need to be identified.

Observing the Evolution of Urban Appearance
with SVIs

Urban environments are not static; rather, they
evolve over time due to a multitude of factors, includ-
ing urbanization, public policy, urban renewal, and
economic development. Such alterations have the
potential to markedly influence the well-being of resi-
dents, necessitating monitoring and evaluation (M. T.
J. Johnson and Munshi-South 2017; Sarkar and
Webster 2017). Time-series SVIs offer a valuable
means of tracking and monitoring changes in the built
environment over time. Wang, Ito, and Biljecki
(2024) examined the temporal evolution of visual per-
ception in New York and Singapore, assessing changes
in perceptions of safety, vibrancy, boredom, wealth,
and prosperity. Y. Li, Ma, and Long (2024) employed
a multiyear approach, combining both self-collected
and commercial SVIs to examine changes in UPD in
Xining, China, over the period from 2014 through
2020. In another noteworthy study, Liang, Zhao, and

Biljecki (2023) proposed a clustering method based
on the convolutional neural network that considers
both visual features and spatial dependency, thereby
highlighting the manner in which these features
evolved over time. These studies collectively confirm
the utility of multiyear SVI with time stamps in
detecting the evolution of urban appearance. There is
a dearth of studies, however, that scrutinize the trans-
formation of urban space from the perspective of nega-
tive space issues at the national level, highlighting
their unique characteristics and trends.

Methods
Study Area and Data

This study employs China as the case study to
elucidate the dynamic features and patterns of the
evolution of UPD. In the case of Chinese cities,
there is frequently a discrepancy between the admin-
istrative boundaries and the actual urban areas. The
concept of a natural city posits that the spatial clus-
tering of geographic features, including points of
interest (POls), road intersections, and artificial
impervious areas, offers a more precise representation
of urbanized regions than traditional administrative
or statistical boundaries (Wang and Long 2023; Tu,
Wang, and Long 2024).

To gain a comprehensive understanding of UPD
changes in China, we sought to collate all SVIs of
all natural cities across the country for all available
years. The SVIs used in this study were obtained
from Baidu Maps (see https://map.baidu.com/). Baidu
Maps is currently the largest and only company in
China providing updated multiyear commercial SVIs
(Tencent Maps previously offered Chinese street
views but has since ceased updating them).
Specifically, sampling points were generated at 50-m
intervals along all roads within the natural cities,
and the Baidu Maps application programming inter-
face (API) was used to query and download SVIs in
four directions (front, back, left, and right) at each
sampling point. Further details on the collection of
SVIs and their code can be found in the protocol
(Y. Li, Ma, and Long 2024). In conclusion, a total
of 55.4 million images were collected from 2013 to
2022, encompassing 2,665 natural cities.

Not all locations in Baidu Maps have multiyear
SVIs, necessitating the processing of vast data to fur-
ther refine the study area. In this study, the ten-year
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period was divided into two intervals. The initial
period, designated as Period 1, was followed by a sub-
sequent period, Period 2. The fundamental data for
these two time frames are derived from the years 2015
and 2020, respectively. In the event that a sampling
point was devoid of data for the years 2015 or 2020,
the data were supplemented with information from
the two preceding or two subsequent years. A total of
2.93 million sampling points exhibited SVIs for both
Period 1 and Period 2 and thus were defined as valid
points. Ultimately, to explore the evolution of UPD
at the urban scale, it is essential to ensure that each
city has an adequate number of valid points to repre-
sent the city’s condition. A 500-m buffer zone was cre-
ated around all valid points, with the distance
measured as half the spacing between adjacent main
roads in Chinese cities. The proportion of the buffer
area covered by valid points was then calculated in
relation to the total area of the natural city. Cities
were included in the study if the proportion of valid
points within the buffer zone exceeded 50 percent and
if the city possessed a minimum of forty valid points.
In conclusion, our study encompassed 698 natural cit-
ies in China, comprising 2.64 million valid points and
21.11 million SVIs (Figure 1).

Furthermore, the subsequent analysis employed data
pertaining to the economy and population. Urban area,
average gross domestic product (GDP) per square kilo-
meter (the Resources and Environmental Science Data
Platform), population density (see https://hub.world-
pop.org/), investment in municipal utilities construc-
tion, and investment in municipal sanitation (China
Statistical Yearbook of Urban Construction) were
obtained for each natural city in 2015 and 2020. Urban
vitality was obtained by calculating the density of
Dianping in 2014 and 2023 (see https://www.dianping.
com/). The amount of change in these above indicators
over the two time periods and the cumulative amount
of investment in municipal utilities construction and
investment in municipal sanitation from 2015 to 2020
were also calculated.

Detection of UPD Elements

The UPD indicator system, which has been
adapted for use in Chinese cities (Chen et al. 2023),
was employed in this study. This system, which under-
went an audit process comprising both field surveys
and virtual audits, includes fifteen elements distrib-
uted across five dimensions: architecture, commerce,

road, greenery, and infrastructure. Given the consider-
able climatic variations across China’s diverse regions,
however, and the fact that SVIs were captured during
different seasons, the assessment of greenery in the
images was significantly influenced. Consequently,
the element of greenery disorder was excluded, and
the remaining fourteen elements were retained
(Figure 2).

To accurately and expeditiously identify UPD ele-
ments, we developed a deep learning model. The initial
step involved the generation of a training set.
Following training using the virtual audit manual
(Figures A.1-A.4 in the Appendix), auditors conducted
virtual audits of randomly selected SVIs on the
Roboflow platform (see https://roboflow.com/). All
UPD elements present in the indicator system and
observed in each SVI were annotated using rectangular
boxes. This means that each image can be annotated
with zero, one, or more instances of UPD elements. A
total of 132,877 SVIs were annotated, and the data set
was automatically divided into training, validation, and
test sets, comprising 80 percent, 10 percent, and 10 per-
cent, respectively. To enhance the model’s capacity to
detect objects from disparate angles, the images were
subjected to augmentation through techniques such as
horizontal flipping, 20 percent cropping, and fifteen-
degree vertical and horizontal shearing.

Considering the huge amount of data and future
generalizability of this study, a deep learning algo-
rithm that is lightweight, efficient, and adaptable to
hardware is needed for UPD target detection. As
one of the latest iterations of the You Only Look
Once (YOLO) model series, YOLOVS, implemented
in Ultralytics, stands out due to its exceptional speed
and accuracy, coupled with a streamlined architec-
ture suitable for deployment on both high-end and
low-end hardware (Sohan, Sai Ram, and Rami
Reddy 2024). It has been widely used in remote
sensing, transportation, and other fields (Shen, Lang,
and Song 2023; Talaat and ZainEldin 2023; Bakirci
2024). Consequently, this study involved training
the YOLOv8 model to identify fourteen UPD ele-
ments based on the training data set (Y. Li, Ma, and
Long 2024). The learning rate, batch size, and num-
ber of epochs were set to 0.001, 4, and 200, respec-
tively. As illustrated in Figure 3, the training results
exhibited an average precision of 86.2 percent (the
mean average precision [mAP] when the predicted
bounding box overlaps with the true bounding box
by at least 50 percent).
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A) Generating sampling points
along roads at 50-meter intervals

B) Collecting the SVIs of four
directions on each sampling point

C) The sampling point with SVIs from
both two periods is defined as a valid point

® Sampling points

LTS period2

Period 2

D) Locations of the 698 natural cities and the number of valid points

The number of valid points
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Figure 1. The process of collecting street view images (SVIs) within the study area.

Assigning Weights to UPD Elements

The Delphi method was employed to assign
weights to the aforementioned elements, due to its
simplicity, reliability, and ease of generalization
(Steurer 2011). In particular, twenty-one experts
from the fields of architecture and urban planning
were invited to participate. The participants were

presented with a list of fourteen UPD elements and
the corresponding diagrams. Subsequently, the par-
ticipants were requested to assign a score on a scale
of 0 to 10 to each element, indicating the extent to
which they believed it undermined the quality of
urban public space. Following the initial scoring
phase, the results were presented to the experts for
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Figure 2. The indicator system of urban physical disorder in China.

discussion, after which a second round of scoring UPD Features Clustering

ducted. The af tioned ielded
Was conducte ¢ atorementioned process yleide This study employs the theoretical tenets of

Tobler’s first law of geography, the broken windows
theory, and a synthesis of urban studies (Tobler
and averaged to form a weighted UPD indicator sys- 1970; Yao et al. 2021) to posit that areas situated in
tem that is suitable for China. close spatial proximity within a city tend to exhibit

a highly consistent outcome (Cronbach’s alpha coef-
ficient of 0.81), which was subsequently standardized



Measuring Temporal Evolution of Nationwide Urban Physical Disorder

Roads stacked with personal belongings
Construction fence remnant |
Abandoned buildings
Broken infrastructure |
Vacant and pending stores
Stores with poor facades
Stores with poor signboards |
Damaged public interface |
Buildings with damaged facades
Garbage/litter on street 1
Graffiti/illegal advertisement
Broken roads
Buildings with unkempt facades
Illegal/temporary buildings
Average precision

97.6
95.4
93.2

90.1
89.2
86.3
85.6
82.7
81.8
81.5
80.9
79.2
71.6
86.2

T T

0 10 20

. . . ; . . . mAP@50 (%)
40 50 60 70 80 90 100

Figure 3. Accuracy of urban physical disorder target detection model represented by mAP@50.
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Figure 4. Generating graphs and feature matrices based on subdistricts. Note: UPD = urban physical disorder.

analogous characteristics. This is based on the pre-
mise that UPD in one area is often influenced by
that in adjacent areas. To account for this spatial
similarity, we employed network analysis to harmo-
nize UPD features in accordance with geographical
relationships. This approach improves the accuracy
of clustering and reveals different manifestations
of UPD.

To account for spatial correlation, an undirected
graph was established, comprising nodes and edges. In
this context, the smallest administrative unit in China,
the subdistrict (jiedao), was selected as the study unit
(Figure 4A). Each subdistrict was treated as a node in
the graph network. In the event that two subdistricts
are situated in close proximity to one another, an undi-
rected edge is established to signify the spatial interac-
tion between them (Figure 4B). Furthermore, the
fourteen UPD elements within each study unit’s SVI
were aggregated to represent the UPD features. Each of

the fourteen UPD features of the SVIs was subjected to
a process of normalization, with values ranging from O
to 1, using a min-max normalization technique.
Subsequently, a feature matrix was constructed based
on the features of all nodes. To achieve an effective
integration of the undirected graph with the feature
matrix, it is essential to employ a suitable feature
embedding model for information extraction (Figure
4C). In this study, a spatial-based graph neural network
(GNN) was employed to capture spatial correlations
and to aggregate node information via graph convolu-
tion operations. The spatial-based GNN, specifically
GraphSAGE (Hamilton, Ying, and Leskovec 2017),
serves as an inductive framework for generating node
embeddings. The method incorporates network struc-
ture while sampling and aggregating features from
nodes’ neighborhoods to derive low-dimensional vector
representations of the nodes (Figure 4D). The afore-
mentioned embeddings can be employed for subsequent
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tasks, such as classification and clustering. Their effi-
cacy in urban studies has been demonstrated (Liang,
Zhao, and Biljecki 2023).

Following the separate encoding of all features and
spatial structures of the study units in Period 1 and
Period 2 using neural network embeddings, the vector
representations were clustered by K-means and hierar-
chical clustering to illustrate the division of UPD
manifestations. K-means has been widely used in
urban studies, successfully capturing essential spatial
patterns for its simplicity, efficiency, and interpretabil-
ity (Jain 2010; Spielman and Singleton 2015; Cai
et al. 2019). To address the sensitivity of K-means to
initial cluster assignments, we employed the K-mean-
s++ initialization method and ran multiple iterations,
ensuring robust convergence to stable cluster centers.
Hierarchical cluster analysis using the Ward method
was also employed. Instead of specifying the number
of clusters in advance, the method represents the
hierarchical structure of the data by building a den-
drogram (Murtagh and Heck 2012). We compared
these two clustering results to decide the most appro-
priate method. To ensure the comparability of identi-
fied clusters over time, data from both time periods
were incorporated into the clustering process.
Ultimately, the mean values of the diverse UPD com-
ponents were determined for each cluster, thereby elu-
cidating the distinctive attributes of these clusters.

Quantifying the Evolution of UPD

The evolution of UPD was investigated from both
the weighted overall level and the manifestations. For
each SVI, a value of 1 was assigned if a specific UPD
element was present and O if it was absent. The stan-
dardized weights were then applied to each element to
calculate the overall level of UPD, with the overall
UPD score for each image ranging from O to 100. The
mean value of all SVIs in a natural city was calculated
to represent the overall UPD level. The changes in this
overall level were quantified using Equation 1.

AN = N; - N; (1)

where AN stands for the changes in the overall lev-
els of UPD, Nj represents the overall levels of UPD
of a city in Period 1, and N; represents the overall
levels of UPD of a city in Period 2.

To identify UPD manifestations, we first embed-
ded the average identification results of the fourteen
elements from all images within each subdistrict and

performed clustering to ascertain the UPD manifes-
tations of each subdistrict. Subsequently, the spatial
distribution characteristics of each manifestation
were observed at the city scale. In examining the
relationship between economic and population shifts
and the progression of UPD, we employed Equation 2
to quantify the evolution of UPD manifestations.

AM; =2 -2 (2)
Sall  Sall

where i stands for UPD manifestation types, includ-
ing vacancy and decay, under construction, and
poorly maintained; AM; represents the change of a
city in the manifestation type i; s;; represents the
number of subdistricts in the city with manifestation
type i in Period 1; sp represents the number in
Period 2; and s, represents the total number of sub-
districts in the city.

Results
Overall UPD Levels

To more accurately reflect the overall UPD level,
the weights of the various indicators were determined
through expert scoring. The most detrimental factors to
the quality of public space were identified as damaged
building facades and construction fence remnant.
Conversely, stores with poor signboards were found to
have the least impact on the quality of space (Table 1).
Based on these weights, the overall UPD level was cal-
culated, revealing a decline from an average of 2.16 in
Period 1 to 1.73 in Period 2 across all valid points. At
the city scale, 563 natural cities (80.7 percent)
exhibited a decline in overall UPD levels, whereas
135 natural cities (19.3 percent) demonstrated an
increase (Figure 5). Cities with improved quality were
predominantly located in proximity to the Yangtze
River Delta, whereas those with deteriorating
conditions were situated primarily in the central and
northeastern regions.

Identification of UPD Manifestations

Following the encoding of all UPD features and
spatial structures of the study units for Period 1 and
Period 2, validation measures representing connect-
edness (connectivity), compactness (Dunn index),
and cluster separation (silhouette width) were calcu-
lated to decide on the most appropriate method and
the most appropriate number of clusters. Figure 6
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illustrates the internal validity measures for K-means
and hierarchical clustering. K-means had lower con-
nectivity values (Figure 6A) and produced higher
Dunn index values (Figure 6B). In addition, in both
methods, the mean silhouette width of four clusters

Table 1. Weights of urban physical disorder (UPD)

elements
UPD elements Weights
Buildings with damaged facades 9.70
Construction fence remnant 9.35
[llegal/temporary buildings 8.81
Garbage/litter on street 8.44
Roads stacked with personal belongings 8.09
Damaged public interface 8.00
Broken infrastructure 1.72
Broken roads 7.64
Buildings with unkempt facades 6.65
Graffitifillegal advertisement 6.20
Vacant and pending stores 5.75
Stores with poor facades 5.18
Abandoned buildings 4.58
Stores with poor signboards 3.90
Total 100

Changes in the overall

UPD levels
® -235--0.59 N
-0.58 - 0.00
0.00 - 0.24 A
® 0.25-2.54 0 250 500 1.000 km

Y Y T Y S |

.

is only surpassed by that of the two clusters (Figure
6C). These values indicate that K-means signifi-
cantly outperforms hierarchical clustering, and there-
fore K-means was chosen as the preferred clustering
algorithm in this study, and the number of clusters
was determined to be four.

To facilitate the interpretation of our findings,
the mean values of each UPD element within each
cluster were calculated (the results of hierarchical
clustering are shown in the Appendix, Figure A.5.
In accordance with their defining characteristics, the
four clusters represent four distinct types of UPD
manifestations (Figure 7):

e Type 1: Good quality. These areas are distinguished
by a pristine and well-ordered environment, devoid of
any notable UPD concerns. The streets are kept in a
clean state, and the buildings and infrastructure are
well maintained.

e Type 2: Vacancy and decay. These areas are charac-
terized by a paucity of pedestrian traffic and dimin-
ished commercial activity. The primary issue is the
prevalence of vacant stores and buildings.

Figure 5. Changes in the overall urban physical disorder (UPD) levels at the city scale.
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Figure 6. Internal validation measures for two clustering algorithms.

e Type 3: Under construction. These areas are typically
undergoing construction. The primary issues pertain
to the presence of construction fencing and damaged
interfaces.

e Type 4: Poor maintenance. These areas frequently
exhibit evident indications of residential activity,
including concerns such as damaged infrastructure,
garbage, and illegal advertisements.

Evolution of UPD Manifestations

The investigation of the evolution of UPD manifes-
tations is divided into two aspects: quantity and spa-
tial patterns. In terms of quantity, over half of the
subdistricts were found to retain good quality. The
most notable change was observed in 5.89 percent of
subdistricts, which exhibited a shift from good qual-
ity to vacancy and decay. The most prevalent UPD
issue shifted from poor maintenance to vacancy and
decay (Figure 8A). Examples of the evolution
between different UPD manifestations from Period 1
to Period 2 are shown in Figure 8B.

Regarding the spatial patterns of UPD, we first
find the static UPD spatial distribution patterns. By
synthesizing the distribution characteristics of three
UPD manifestation clusters, which reflect spatial
issues beyond those pertaining to good quality, we
categorize them into four spatial distribution pat-
terns: global, centralized, localized, and scattered
(Figure 9A). Our findings indicate that subdistricts
of vacancy and decay and under construction are
predominantly distributed globally in cities, whereas
subdistricts of poor maintenance exhibit more local-
ized distributions (Figure 9B).

6 7 8 9 10 2 3 4 5 6 7 8 9 10
Number of clusters

Number of clusters

Second, the spatial patterns of the dynamic evolu-
tion of UPD can be classified into three categories:
shrinkage, expansion, and transition (Figure 10). It
is observed that at the national scale, 23.78 percent
of cities experienced an expansion of the phenom-
ena of vacancy and decay, which are distributed
across the country in a relatively even manner.
Cities with shrinking areas under construction are
mainly located in south China (9.89 percent).
Furthermore, cities with shrinking areas of poor
maintenance (11.17 percent) are predominantly situ-
ated in central China (Figure 11).

Factors Associated with UPD Evolution

To gain further insight into the evolution of
UPD, multiple regression models were constructed to
explore the relationship between changes in UPD
and economic, demographic, and urban development
factors (Table 2). The expansion of the urban area
has resulted in an increase in UPD of vacancy and
decay and under construction. Furthermore, popula-
tion loss and reduced vitality are also associated with
increased vacancy and decay, but a growing popula-
tion puts increased pressure on maintenance. From
an economic standpoint, an uptick in GDP tends to
diminish the overall UPD levels. Investments in
municipal utilities construction and municipal sani-
tation have been shown to be effective in curbing
UPD of poor maintenance, but they have not been
observed to exert a notable influence on other forms

of UPD.
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Type 1 Good Quality

The average number
of UPD elements in
each cluster

1 Abandoned buildings

2 Buildings with damaged facades
3 Buildings with unkempt facades
4 Graffiti/illegal advertisement

5 Illegal/temporary buildings

6 Stores with poor signboards

7 Stores with poor facades

= 8 Vacant and pending stores

9 Broken roads

10 Garbage/litter on street

11 Roads stacked with personal belongings
12 Broken infrastructure

13 Damaged public interface

14 Construction fence remnant

Figure 7. The average number of each urban physical disorder (UPD) elements and examples of the street view for the four manifestations.
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A) Proportion of subdistricts with UPD manifestation evolution from Period 1 to Period 2
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B) Examples of evolution among different UPD manifestations from Period 1 to Period 2
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N

Good Quality Under Construction
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Figure 8. Proportion and the examples of evolution among urban physical disorder (UPD) manifestations from Period 1 to Period 2.

Discussion novel approach for elucidating the temporal
evolution of UPD. The primary contributions of this

UPD has an adverse impact on the quality of pub- study are twofold: First, a comprehensive measure of
lic space in cities. Researchers have proposed various the temporal evolution of UPD is achieved based on

methods for assessing UPD. This study introduces a time-series SVIs and deep learning; second, an
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A) Spatial distribution patterns of UPD
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Figure 9. Spatial distribution patterns of urban physical disorder (UPD) manifestations and the proportion of each pattern in Period 1
and Period 2.

empirical investigation in China reveals the dynamic Global Perspectives on UPD

features and patterns of the evolution of UPD in the This study focuses on the evolution of UPD in

China. Indeed, UPD is a problem faced by cities across
the globe. Mooney et al. (2017) conducted a study in

vast and diverse geographic area over the past

decade.
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Figure 10. Spatial patterns of the urban physical disorder (UPD) manifestation evolution.

Detroit, Michigan, to assess UPD and validate the uti-
lization of virtual audits via SVI. O’Brien and
Sampson (2015) employed large-scale administrative
data, comprising the nonemergency services records of
Boston, Massachusetts, to quantify changes in UPD.
Plascak et al. (2022) constructed spatiotemporal
regressions to predict UPD in Essex County, New
Jersey. The evolution of residents’ perceptions of UPD
in the Netherlands was tracked through the adminis-
tration of questionnaires at different points in time. A
review of studies on UPD in Latin America revealed
that the elements of UPD that have received the most
attention are public street features such as litter and
vacancy (Magalhaes et al. 2023). These studies con-
firm the widespread presence of UPD worldwide. The
final assessment of the aforementioned methods, how-
ever, is limited to a judgment of an overall value and
fails to provide an in-depth discussion of the forms
and spatial patterns of UPD.

This study offers a dynamic assessment of the
overall level of UPD, while also identifying the evo-
lution of the different manifestations of UPD in
China. The reasons for the formation of different
UPD manifestations vary and confirm the need to
refine the manifestations of UPD. Meanwhile, it
makes us realize that different regions of the world
are at disparate stages of urbanization, and they
could experience different UPD problems. To illus-
trate, numerous cities in Europe and the United
States that have reached the zenith of industrializa-
tion have subsequently undergone a period of

decline, leading to socioeconomic and physical envi-
ronment problems such as vacant housing and urban
decay (Shetty and Reid 2014; Hartt 2019; Hou et al.
2025). Japan’s street space is generally considered to
be of high quality, with few features of UPD
(Annear, Fristedt, and Laddawong 2024), but many
cities are experiencing vacant housing as aging
increases (Yui, Kubo, and Miyazawa 2017). India, on
the other hand, is facing a demographic challenge
with overpopulation, resulting in littering, poor air
quality, and dilapidated streets becoming typical
manifestations of UPD (Saroha 2016). Meanwhile, a
significant proportion of the population in Latin
American countries resides in informal settlements
characterized by a lack of basic utilities and sanita-
tion (Sandoval and Sarmiento 2020). The various
manifestations have not been differentiated and por-
trayed in previous studies measuring UPD but rather
described by a single numerical value, which pre-
vents a more comprehensive understanding of UPD.

The rapid identification of the evolution of UPD
in China with high precision and on a large scale
can be regarded as a beginning. The methodological
framework can serve as a foundation for elucidating
the evolution of UPD in terms of elemental weights,
manifestations, and relationships with population
and economy in a greater number of regions across
the globe. It is important to note, however, that
many studies measure UPD based on lists of indica-
tors derived from U.S. cities, such as the
Neighborhood Disorder Scale proposed by Sampson
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Figure 11. Distribution of cities with different spatial patterns of
the urban physical disorder (UPD) manifestation evolution.

and Raudenbush (2004) and NIfETy (Furr-Holden
et al. 2008). In this study, the UPD list applicable
to China excludes elements such as needles on the
street and graffiti, which are not common in
Chinese cities, and adds elements such as illegal
construction, which are common in China. To assess

UPD in an area, it is necessary to construct more

targeted indicator lists, which is what we are putting
forth.

Economy, Population, Urban Development,

and UPD

In a return to findings of this study, as previously
indicated by urban economic theories of urban
change, improvements in neighborhood environ-
ments are predicted by economic levels and popula-
tion density (Bettencourt 2013; Bilal et al. 2020;
Jamal and Ajmal 2020); our results indicate that
economic development plays an important role in
mitigating UPD. The level of economic develop-
ment in a city is positively correlated with the fund-
ing allocated to infrastructure development and
public services, as well as the efficiency with which
the city is managed, both of which contribute to a
reduction in UPD. IMUC (Investments in
Municipal ~ Utilities = Construction) and IMS
(Investments in Municipal Sanitation) play a posi-
tive role, further demonstrating the critical role of
economic resources in urban governance. Cities
experiencing rapid economic growth might tend to
sprawl, however, leading to UPD of under construc-
tion that requires attention. Concurrently, whereas
increased population density brings about the
adverse consequence of poor maintenance, cities
with declining populations are more prone to indica-
tions of vacancy and decay, which currently repre-
sent the most significant UPD problem in China.

Furthermore, urban development and morphologi-
cal changes are also strongly associated with UPD. It
can be observed that UPD of under construction is
distributed globally and locally in noncentral areas
of cities, and that there is a significant positive cor-
relation between the growth of urban areas and
under construction status. This might imply that
UPD of under construction is closely associated with
urban expansion. It is also noteworthy that the
expansion of urban areas is accompanied by an
increase in vacancy and decay. This, in conjunction
with the large number of subdistricts that have
shifted from good quality to vacancy and decay, sug-
gests that a significant proportion of urban expan-
sion might be excessive, or even a form of sprawl.
Although efforts are made to renovate and redevelop
old cities to improve the quality of poorly main-
tained areas, there is a simultaneous expansion of
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Table 2. Regression analysis of urban physical disorder (UPD) evolution and related factors from Period 1 to Period 2

Changes in overall UPD  Changes in vacancy and

Changes in under Changes in poor

levels construction maintenance
Changes in urban area 0.056 0.102** 0.098** 0.065
Changes in population -0.072 —0.113** 0.135 0.142*
density
Changes in urban -0.059 —0.121** 0.118 0.076*
vitality
Changes in GDP —0.126** 0.079 0.101* —0.167**
IMUC from 2015 to —0.221** -0.071 0.011* —0.128***
2020
IMS from 2015 to 2020 —0.124* -0.010 —-0.009 —0.195%*
N 698
R? 0.256 0.217 0.125 0.174

Note: GDP = gross domestic product; IMUC = investments in municipal utilities construction; IMS = investments in municipal sanitation. Changes in
each indicator represent the difference between the values of that indicator in Period 1 and Period 2. The standardized coefficients (standardized beta)

are listed in the table.
*10% significance level.
**5% significance level.
***1% significance level.

urban boundaries. This could lead to the emergence
of numerous unoccupied and vacant buildings,
potentially hollowing out inner cities or turning new
areas into ghost towns. A number of studies of urban
form and vitality have yielded comparable insights
(Long and Wu 2016; Jin et al. 2017; Jiang et al.
2023; X. Zhang et al. 2023). Although the time
span of this study is not sufficient to observe the
development pattern of the city in depth, in the
future, the evolution of UPD can be used as an entry
point to gain insights into the preliminary trends of
urban development from a micro perspective.

Policy Implications

By analyzing the UPD evolution in China, this
study is expected to provide practical guidance to
urban planners and policymakers. To understand the
relevant policies that already exist in China, a colla-
tion was undertaken of the policies implemented in
the study area between 2015 and 2020 that aim to
improve urban spatial quality. For each policy, the
UPD elements involved were identified (see
Appendix, Figure A.6). The findings demonstrate
that the majority of attention was directed toward
addressing infrastructure issues, whereas the least
attention was allocated to vacant buildings and com-
mercial spaces. The study results suggest, however,
that the most prevalent UPD issue has undergone a
transition from poor maintenance to vacancy and

decay. Therefore, in the face of a changing UPD,
the previous policy has not kept pace and requires
immediate revision and updating.

First, to enhance the efficacious management of
diverse manifestations of UPD, the implementation of
a zoning classification and management mechanism is
recommended. The distribution of resources will be
more rational, according to the extent and type of the
problem, and targeted strategies will be implemented.
The study revealed that the issue of vacancy and
decay is particularly prevalent in Chinese cities, par-
ticularly in areas with declining populations. To
address this issue, it is recommended that economic
and business incentives be implemented in these areas
and that more revitalization projects and policy incen-
tives be introduced with the objective of attracting
investment and enhancing regional vitality. It is also
necessary to consider the limitation of urban sprawl
and the alteration of the function of built-up but
vacant areas to accommodate the impact of popula-
tion loss. Such a process could include the conversion
of commercial, office, and residential land into ecolog-
ical green space or even farmland.

Poor maintenance often reflects a contradiction
between the visible signs of space use and the lack
of maintenance. Community management and the
frequency of public services should be strengthened
from the top, and community participation and pub-
lic awareness should be encouraged from the bottom.
It might therefore be advisable to recommend the
establishment ~ of  community  environmental
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management committees and to organize residents
on a regular basis to participate in the maintenance
of the space, with a view to enhancing their sense of
belonging to the public space.

The under construction UPD can be attributed to
the implementation of large-scale infrastructure devel-
opment or urban renewal projects. In these areas, it is
imperative that more sophisticated construction man-
agement plans be implemented, which will advocate
for environmentally friendly construction techniques
and facilitate enhanced communication with the sur-
rounding residents to mitigate the impact on spatial
quality. Finally, a dynamic monitoring mechanism can
be implemented to track alterations in UPD on a con-
sistent basis. The effectiveness of governance in pivotal
domains can be reassessed as a foundation for policy
modifications, thereby facilitating the rational distribu-
tion of resources and precise governance interventions
to enhance the quality of urban space.

Limitation and Future Work

First, the overall performance of the YOLOvS-
based UPD target detection model still has room for
improvement. The model faces several challenges in
processing SVIs, including strong lighting variations,
shadows, and UPD elements that are partially or
fully occluded by objects such as foliage and
vehicles. Furthermore, the variable appearance of
the UPD elements affected the model’s performance,
exhibiting relatively low accuracy in identifying
diverse forms of illegal or temporary buildings, as
well as small targets such as garbage on the street
and advertisements on the walls. Future work will
focus on expanding the training data set to enhance
the representativeness of the data set and optimizing
the model architecture and hyperparameters to bet-
ter accommodate the specific features of each ele-
ment type. Meanwhile, with the advent of visual Al,
the utilization of multimodal large language models
for zero-sample image recognition could become a
revolutionary new approach in the future.

In terms of data, SVI is deficient in its coverage
of inaccessible paths and alleys. Considering that
these areas tend to be more unregulated and unsu-
pervised, the results of the study might underesti-
mate the actual UPD problem in urban public
spaces. In addition, the coarse temporal granularity
of the commercial SVI collection precludes the iden-
tification of seasonally sensitive UPD elements, such

as greening, which are therefore excluded from the
indicator system. Future research will integrate new
data sources, such as unmanned aerial vehicles and
satellite images, to provide aerial perspectives and
more frequent temporal sampling for more compre-
hensive and realistic UPD identification.

Conclusions

This study introduces an approach for measuring
the temporal evolution of UPD at a large scale, with
a dual focus on both the overall level and the vari-
ous manifestations of UPD. The methodology was
applied in China to reveal the dynamic features and
patterns of the evolution of UPD in a vast and
diverse geographic area. The evolution of UPD was
quantified in 698 natural cities in China. The find-
ings revealed that from 2013 to 2022, the overall
level of UPD in China exhibited a decline. The pri-
mary concern, however, has shifted from poor main-
tenance to vacancy and decay, particularly in cities
experiencing population loss.

Overall, this study illustrates the efficacy of inte-
grating time-series SVIs and deep learning to mea-
sure the temporal evolution of UPD at a national
scale. It offers a rapid and effective approach for gov-
ernment agencies and urban planners to identify
urban spatial quality concerns and ascertain areas
requiring improvement in the future. The applica-
tion in Chinese cities has revealed the dynamic fea-
tures and patterns of the evolution of UPD, thereby
broadening our understanding of this phenomenon.
[t is anticipated that this method will be extended
to more regions and to other urban planning and
geographic studies in the future.
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Appendix

1 Architecture
1.1 Abandoned buildings

The spray paint of "demolition" on the building, or the appearance of unboarded doors and windows can be regarded as
abandoned buildings

TeT—

i
1.2 Buildings with damaged facades
The building wall is missing, or the facade doors and windows are damaged, or the material is damaged

S =

1.3 Buildings with unkempt facades
The facade has obvious stains, rust, dust cover, or a large area of messy plant cover (dead grass and branches, etc.).

g AN

Figure A.1. The virtual audit manual of urban physical disorder in architecture.
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2 Commerce

2.1 Stores with poor signboards
Signs of stores along the street are broken, dirty, old or confuse

" e |
1 e T ¢

2.2 Stores with poor facades
The facade of the store has a large area of stains due to long-term use and unrepaired

2.3 Vacant and pending stores
Stores are closed, unoccupied, vacant or for sale

ﬁ ‘,

i | )
4Nk (EFsJIE
E \

Figure A.2. The virtual audit manual of urban physical disorder in commerce.
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3 Road

3.1 Broken roads

Roads with cracks, potholes, or broken curbs

3.2 Garbagel/litter on the street

Visible, untreated garbage is piled up or scattered in the street
i , K. "5 ) Ee

S 5 “ = - e

3.3 Roads stacked with personal belongings
The accumulation of goods encroaches on public road space and affects traffic

Figure A.3. The virtual audit manual of urban physical disorder in road.
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4 Other Infrastructure

4.1 Broken infrastructure
Power lines, street lights and other infrastructure is chaotic or damaged

4.2 Damaged public interface

Fences in public space are broken or occupied

4.3 Construction fence remnant
Dilapidated or soiled construction fence

) 1 3 T

Figure A.4. The virtual audit manual of urban physical disorder in other infrastructure.
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A) Hierarchical clustering spectrum map
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B) Mean number of UPD elements in each cluster
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The average number
of UPD elements in
each cluster

1 Abandoned buildings

2 Buildings with damaged facades
3 Buildings with unkempt facades
4 Graffiti/illegal advertisement

5 Illegal/temporary buildings

6 Stores with poor signboards

7 Stores with poor facades

8 Vacant and pending stores

9 Broken roads

10 Garbage/litter on street

11 Roads stacked with personal belongings
12 Broken infrastructure

13 Damaged public interface

14 Construction fence remnant

Cluster 3 Cluster 4

Figure A.5. Results of hierarchical clustering. Note: UPD = urban physical disorder.
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Broken infrastructure

Broken roads

Garbage/litter on street
Illegal/temporary buildings

Buildings with unkempt facades
Buildings with damaged facades

Roads stacked with personal belongings

Graffiti/illegal advertisement

UPD elements

Stores with poor signboards
Construction fence remnant
Damaged public interface
Stores with poor facades
Abandoned buildings

Vacant and pending stores
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Number of policies

Figure A.6. Number of policies related to urban space quality improvement. Note: UPD = urban physical disorder.
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