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Evaluating residents’ subjective perceptions of the rural environment is crucial for formulating effective rural
planning. Due to the difficulty in obtaining rural data and the limitations of traditional questionnaire survey
methods, existing research mostly focuses on small-scale perception evaluations in specific areas, making it
difficult to reveal rural perception characteristics at the regional scale. To address this issue, our study
proposes a rural living environment perception evaluation model based on street view images and deep
neural networks, achieving a quantitative evaluation of rural perception in 118 cities nationwide. We
collected a large data set of rural street view images nationwide through crowdsourcing and established an
index system comprising five subjective perception dimensions: wealthy, tidy, lively, habitable, and terroir.
By training a multidimensional quantitative evaluation model, we comprehensively evaluated residents’
subjective perceptions of China’s rural environment. Furthermore, we explored the relationship between
these subjective perceptions and objective socioeconomic indicators. The model achieves an average
evaluation accuracy of 75 percent across five dimensions, with the wealthy dimension exceeding 80 percent.
Rural environment perception is comprehensively influenced by various factors such as economic base and
traditional feature protection, showing significant differences between different regions. The perception of
rural environment in the eastern region is closely related to economic levels, whereas perception in the
western region is more affected by infrastructure improvement and social development. Overall, this study
provides scientific evidence for formulating more targeted and effective rural planning. Key Words: human
perception, rural environment, social sensing, street view.

hina’s “industry-first, city-first” strategy rap-

idly transformed the urban landscape while

neglecting rural living environments, leading
to a pronounced disparity between urban and rural
living conditions (Hu and Wang 2020). To address
this issue, the Chinese government introduced the
rural revitalization strategy in 2017—a national
strategy aimed at promoting comprehensive rural
development, encompassing rural economic growth,
agricultural modernization, rural infrastructure devel-

opment, and other areas (Y. Liu 2018; Y. Zhou, Li,

and Xu 2020). Improving the rural living environ-
ment was highlighted as a critical objective within
this strategy (Shi, Xu, and Ma 2023). As rural revi-
talization progresses, China’s rural environment has
been greatly improved (Fang et al. 2022). In this
context, quantifying residents’ subjective perceptions
of the rural living environment is vital for measuring
the effectiveness of environmental improvement and
provides a scientific basis for devising more effective

rural planning and development policies (Ho et al.
2020).
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The rural living environment refers to the rural
settlement environment involved in the daily life
and production activities of rural residents. It
includes both hard environments such as living con-
ditions, infrastructure, and public service facilities,
and soft environments such as economic develop-
ment level, social service level, and life comfort
level (R. Liu et al. 2024; H. Zhang, Liu, and Guo
2024). Compared with urban environments, rural
environments often have more natural landscapes
and lower building density, while also retaining
more traditional characteristics in lifestyle and pro-
duction methods (Y. Wang, Zhu, and Yu 2019; Y.
Wang et al. 2024). Furthermore, the rural living
environment in different regions also has consider-
able differences in economic level, infrastructure
construction, social development, and more, making
China’s rural street view present significant diversity
(Y.-R. Li et al. 2022). These disparities pose signifi-
cant challenges to the subjective perception evalua-
tion of rural environments.

Current assessments of subjective perceptions of the
rural living environment primarily rely on traditional
methods, such as questionnaire surveys, to capture spe-
cific groups’ (e.g., villagers) perceptions of the rural
environment (Y.-R. Li et al. 2022). For instance, P.
Wang, Qin, and Li (2021) conducted field interviews,
telephone surveys, and online surveys to explore the
satisfaction levels of rural residents in the northwest
region with their living environments. Xiao et al.
(2022) undertook a questionnaire survey and in-depth
interviews with forty-one villagers from two villages in
Puyang City to analyze improvements in the rural
environment. Traditional methods such as field inter-
views and questionnaire surveys, however, primarily
depend on language and text, which might introduce
recording and communication biases, potentially limit-
ing their ability to accurately capture residents’ percep-
tions. Furthermore, such studies are often limited by
time, funding, and manpower, and can usually only
cover specific areas and a small number of villages,
making it difficult to apply to large-scale subjective
perception evaluations.

In recent years, the emergence of street view images
has provided a solid data foundation for large-scale
capturing of residents’ subjective perceptions. As a typ-
ical type of geo-tagged data, street view images can
directly reflect environmental characteristics and have
been widely used in urban environment perception

research (J. Chen et al. 2023; Y. Zhang et al. 2023; Z.

Wang, Ito, and Biljecki 2024; Yang et al. 2024). For
example, the livability, safety, and aesthetics of urban
areas can be revealed by analyzing green spaces, archi-
tectural styles, and the distribution of public facilities
in street view images (Lu and Chen 2024; Qi et al.
2024; H. Zhou et al. 2024). Therefore, it is very feasi-
ble to obtain residents’ subjective perceptions of the
rural living environment through rural street view
data. The collection and updating of street view data,
however, are mainly concentrated in urban areas,
whereas the coverage of rural street view images is rel-
atively low, making the application of relevant
research extremely limited in rural environments (Y.
Yuan et al. 2023). To address this issue, our study
employs a crowdsourcing approach to collect rural
street view data, thereby supporting subsequent quanti-
tative analysis.

Furthermore, combining street view data with
deep learning technologies has become a mainstream
method for evaluating residents’ subjective percep-
tions (Ji et al. 2021; Y. Zhang et al. 2021; Ogawa
et al. 2024; Z. Wang, Ito, and Biljecki 2024). Kruse
et al. (2021) used a deep residual network (ResNet)
model trained on tagged street view data to evaluate
human perceptions of urban playability. S. Chen
et al. (2024) used street view image data sets and
deep learning methods to assess the sense of safety
in public spaces. These studies primarily concentrate
on modeling and evaluating subjective perceptions
within urban settings, however, and there remains a
significant deficiency of deep learning models tai-
lored for rural environments.

To address the aforementioned issues, this study
proposes a method for evaluating subjective percep-
tions of the rural living environment by combining
rural street view images with deep learning models,
filling the gap in existing research regarding large-
scale quantification of rural environment percep-
tions. To our knowledge, this is the first study to use
large-scale rural street view data and deep learning
technologies to evaluate rural environment percep-
tions across multiple cities nationwide. Meanwhile,
this study also makes several theoretical contribu-
tions. First, we expanded the index system of rural
perception, replacing the single satisfaction indicator
in traditional studies with rich dimensions. Second,
the study reveals significant differences in rural envi-
ronment perceptions between different regions, find-
ing that these differences are influenced by various
factors such as economic foundations and traditional
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characteristics. Third, the study finds that the rela-
tionship between rural subjective perceptions and
objective indicators is complex, with obvious spatial
heterogeneity. Perceptions in the eastern regions are
mainly influenced by economic levels, whereas the
western regions reflect the roles of infrastructure
construction and social development more. These
findings provide important scientific references for
the improvement of rural environments.

Related Works

Subjective Perception Evaluation of Rural
Environment

Residents’ subjective perceptions of the rural envi-
ronment serve as a crucial basis for formulating pub-
lic health intervention measures. For instance, areas
with poor sanitation conditions can be identified by
evaluating residents’ satisfaction with environmental
sanitation, thus providing critical data support for
the precise formulation of relevant policies (Fang
et al. 2022). Traditional evaluations of rural percep-
tion primarily depend on interviews and question-
naires. Y. Wang, Zhu, and Yu (2019) conducted
field surveys and collected 370 questionnaires to
examine the satisfaction of residents in Xianju
County, Zhejiang, regarding the habitability of rural
areas. Moor et al. (2022) employed both written and
online questionnaires to assess the satisfaction of all
households in four pilot villages in the Netherlands
with their living environments. Pang et al. (2024)
gathered 466 questionnaires from twenty-five villages
in Beijing to study respondents’ satisfaction with the
habitability of rural areas there. Although these
methods offer relatively comprehensive research
insights, their applicability to nationwide assessments
of subjective rural environment perceptions is lim-
ited due to the significant labor and time costs of
conducting questionnaires and interviews, as well as
the restricted sample coverage.

With the rapid development of multisource geo-
spatial data, a large amount of geotagged data has
become more accessible (Y. Liu et al. 2015). Among
these, street view data can accurately simulate the
visual elements of cities (L. Liu et al. 2016). These
specific physical scenes can evoke aesthetic and
emotional responses in people, thereby forming sub-
jective perceptions of a location in the human brain,
such as beautiful, safe, or depressing (Dubey et al.

2016). In recent years, rural street view images have
been shown to effectively reflect human perception
of traditional rural areas (Sjaf et al. 2022; Xing and
Leng 2024). Because the street view data collected
by map service providers such as Google, Tencent,
and Baidu do not cover extensive rural areas, how-
ever, researchers often need to collect rural street
view data on their own. This data collection is often
limited to individual villages or towns, making it
challenging to meet the demands of large-scale
research. Therefore, the difficulty in data acquisition
has become the main obstacle to applying rural
street view images in large-scale evaluations of the
subjective perception of rural environments.

The rapid development of volunteered geographic
information (VGI) provides an effective solution to
this problem. Individuals can capture rural scenes
through photos and upload them to open map serv-
ices, providing a reliable data source for assessing
rural perception (Goodchild 2007). The rural street
view data obtained through crowdsourcing effectively
addresses many of the limitations associated with tra-
ditional data collection methods, enabling quantita-
tive evaluations of the subjective perception of the
rural environment on a larger scale (Krupowicz,

Czarnecka, and Grus 2020).

Evaluation System of Rural Environment
Perception

In recent years, researchers have increasingly used
street view data to study residents’ perceptions of
urban areas (Min et al. 2020; Yao et al. 2021; Qiu
et al. 2023; Z. Wang, Ito, and Biljecki 2024). This
type of research has developed a comprehensive
evaluation system, particularly focusing on the
dimension of perception. For example, Salesses et al.
(2013) explored questions such as “Which place
seems safer!?” and “Which place seems wealthier?” by
comparing street view images of New York, Boston,
Linz, and Salzburg. Dubey et al. (2016) used the
Place Pulse 2.0 data set to quantify global urban per-
ceptions across six dimensions: safety, lively, boring,
wealthy, depressing, and beautiful. These six dimen-
sions have become significant reference points for
numerous subsequent studies on urban perception
(F. Zhang et al. 2018; Ji et al. 2021; Zhao, Lu, and
Wang 2024). Moreover, Ogawa et al. (2024) further
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broadened the research by evaluating up to twenty-
two subjective perception items in the Setagaya dis-
trict of Tokyo.

Due to the significant differences between urban
and rural landscapes, however, the perception
dimensions captured by urban street views do not
fully apply to rural areas (Yusheng and Ntarmah
2021). To address this gap, this study constructs an
evaluation system based on the characteristics of
rural environments, incorporating five dimensions:
wealthy, lively, habitable, tidy, and terroir. The first
three indicators (wealthy, habitable, and tidy) are
derived from the explicit requirements put forward
in the policy documents on rural construction by the
Chinese government, namely building a rural envi-
ronment with “wealthy life,” “habitable ecology,”
and “tidy village appearance” (General Office of the
State Council of the Communist Party of China
2021). “Wealthy” is the core dimension for measur-
ing economic levels, reflecting the psychological
feelings of residents toward the economic develop-
ment status of rural areas (Lv, Xie, and Li 2019).
“Habitable” focuses on whether the rural environ-
ment is comfortable, natural, and suitable for living,
including considerations of the completeness of
infrastructure, comfort of the living environment,
and environmental affinity (Y. Wang, Zhu, and Yu
2019; X. Li et al. 2021). “Tidy” reflects the level of
environmental sanitation and public space manage-
ment in villages, and its quality directly affects the
health and happiness of residents, serving as an
important indicator for measuring the quality of the
rural environment (Fang et al. 2022). Therefore, the
wealthy, tidy, and habitable dimensions are undoubt-
edly important for assessing residents’ subjective feel-
ings toward the rural living environment and should
be included in the evaluation system of rural envi-
ronment perception.

Compared with the first three criteria, the lively
and terroir dimensions are also crucial in evaluating
rural environment perception. “Lively” captures the
vibrancy and vitality of rural life, serving as a key
dimension for evaluating social interactions within
villages, population mobility, and residents’ engage-
ment in community activities (M. Yuan et al. 2024).
A lively village is typically characterized by frequent
daily activities, high utilization of public spaces, and
proactive community involvement from residents
(Zheng, He, and Tang 2023). The term terroir origi-
nates from French, initially used to describe the

unique regional flavors of agricultural products such
as wine. Its use has gradually expanded to other
fields to denote local characteristics or regional fea-
tures. Terroir focuses on the village’s natural land-
scape, cultural traditions, and local characteristics,
which are core features distinguishing rural from
urban areas (M. Zhou, Chu, and Du 2019; F. Wang
and Prominski 2020). Overall, the indicators
selected in this study comprehensively reflect the
actual conditions of the rural environment. They
also provide important references for the scientific
evaluation of rural environment perception. Notably,
although livable is commonly used in urban percep-
tion studies, we adopt the term habitable to gauge
the suitability of the environment for living. This
choice aims to avoid potential confusion for readers
due to the visual and semantic similarity between
lively and livable.

Deep Learning Techniques in Existing Street
View Research

With the rapid development of high-performance
computing systems, current deep learning technology
can extract higher dimensional information from
images and has gradually become a mainstream
method in the study of human subjective perception.
For example, Dubey et al. (2016) collected volun-
teers’ perceptions to construct a street view percep-
tion data set and developed a Siamese-structured
convolutional neural network (CNN) to evaluate
perceptions on a global scale. F. Zhang et al. (2018),
based on the MIT Place Pulse data set, segmented
street view images by landscape elements and pro-
posed a deep convolutional neural network (DCNN)
model to quantify the impact of physical scenes on
perception dimensions. Rossetti et al. (2019) used
Place Pulse 2.0 and applied discrete choice models
and subdivision models to develop six binary models
of subjective items. Yao et al. (2021) developed a
scoring framework based on human-machine con-
frontation to evaluate the perception scores of street
views.

Studies indicate that deep learning technology
has significant effectiveness in urban perception
research. In the rural domain, though, there is still a
lack of deep learning models for the systematic eval-
uation of rural environment perception. Due to the
significant  differences in physical characteristics
and residents’ lifestyles between rural and urban
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environments, existing urban perception models are
difficult to directly apply to the evaluation of rural
settings. To address this issue, we develop a deep
learning model for the subjective perception of rural
environments based on previous studies and using
the method of paired image comparison (Salesses,
Schechtner, and Hidalgo 2013). This study aims to
provide a more accurate, effective, and intuitive way
to systematically evaluate the subjective perception
of the rural environment.

Methodology

The technical process of this study is shown in
Figure 1, primarily including three steps: (1)
Collecting 23,287 rural street view images, con-
structing an evaluation index system after rigorous
data processing, and evaluating the images by volun-
teers, with the scoring results stored in the rural
street view database; (2) using 78,613 sets of com-
parison data in the database, training the evaluation
models for various indicators through data augmenta-
tion and ResNet feature extraction, and scoring the
comparison results with the TrueSkill model to gen-
erate the index score ranking chart; and (3) combin-
ing street view data and volunteer scoring data,
calculating the rural landscape score through the
TrueSkill model, followed by model accuracy analy-
sis, national rural landscape score distribution pat-
tern analysis, perceptual dimension correlation
analysis, and the correlation analysis between subjec-
tive perception and objective indicators.

Construction of Rural Street View Data Set

To construct a comprehensive rural street view
data set, this study organized a volunteer team to
collect data across the country. In detail, we took
prefecture-level cities in twenty-eight provinces of
China as basic units and selected representative rural
areas within each unit. The collection routes were
planned according to the distribution of rural road
networks to ensure that the diverse village landscape
environment within each sampling unit was covered.
Volunteers employed two methods for data collec-
tion: first, capturing static rural street view images
using mobile phone cameras, and second, recording
dynamic video data with the Trace Video 2.0

software. The integration of these two approaches
enhanced the efficiency of data collection and ensured
multiperspective coverage of rural environments.

In each village, volunteers took photos based on
specified categories such as farmhouses, roads, and
public facilities to ensure the data’s comprehensive-
ness and representativeness. The principle was to
reflect the true appearance of the countryside as
accurately as possible, without considering the qual-
ity of the rural street view. This guideline ensured
that the collected data genuinely represented the
current state of the countryside and avoided the bias
introduced by selective shooting, thereby providing a
more objective and comprehensive basis for rural
environment assessment.

To ensure data quality, the study conducted strict
screening and processing of the collected rural street
view images and videos. For video data, we extracted
key frame images through frame rate control and
conducted preliminary manual screening to remove
invalid frames with excessive similarity or inverted
images, reducing redundant data while ensuring
image quality. Subsequently, a further fine-grained
screening was conducted on the initially selected key
frames and static captured images, eliminating inva-
lid images that are blurry, incomplete, and lacking
in information (e.g., those containing only the sky
or tree). The high-quality street view images
obtained after screening were stored in a database,
forming the final rural street view data set.

Rural Street View Scoring Model Based on
Human-Machine Collaboration

The rural street view evaluation method based on
human-machine collaboration involves two main
processes: comparison and scoring. We designed a
deep learning network, termed PAIR-CNN, to facili-
tate large-scale comparisons of rural street view data,
and employed the TrueSkill algorithm to compute
the score of each rural street view. We also estab-
lished a Web platform (http://computable-rural.
urbancomp.net) to gather and record comparison
data of rural street views while training the deep
learning model in the background. Once the model
stabilizes and achieves the required accuracy, volun-
teer scoring is discontinued. This human—machine
collaboration approach significantly improves the
decision-making process for comparisons, reduces
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Figure 1. Technical flowchart of the study.

labor costs, and mitigates the errors caused by sub-
jective biases. Consequently, it offers a convenient,
accurate, and efficient evaluation method for large-
scale rural street view perception. In the following
section, we provide a detailed description of the
design, training, and extensive application of the
comparison model, and further elaborate on how
comparison data are used to calculate the score of
each rural street view.

Rural Street View Comparison Model Based on
PAIR-CNN Network. PAIR-CNN predicts the
winner in pairwise comparison tasks by inputting a
pair of images (Figure 2). The network’s design is
inspired by the Siamese network (Chopra, Hadsell,
and LeCun 2005), primarily comprising two subnet-
works: feature extraction and feature fusion. In the
feature extraction stage, the two images share a net-
work with identical weights. We use ResNet50
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Figure 2. Schematic diagram of PAIR-CNN network structure.

pretrained on Places2 (http://places2.csail.mit) for
this process. ResNet50 is a deep learning model
based on residual networks, which effectively miti-
gates the vanishing gradient problem by introducing
residual connections, thus exhibiting outstanding
performance in large-scale image classification tasks
(F. Zhang et al. 2018). Places2 is a large-scale image
database containing 10 million images and encom-
passing 434 types of scenes (B. Zhou et al. 2018). By
pretraining on Places2, the model’s generalization
capability will be significantly improved, and it can
capture various scene features, thereby more effec-
tively addressing the challenges of scene diversity
and complexity in rural street view images.

In the feature fusion stage, an early fusion method
is employed, concatenating the two features along
the vector dimension to capture the correlated fea-
tures between the two images (Barnum, Talukder,
and Yue 2020). Subsequently, a set of convolutional
layers and fully connected layers output softmax loss
to achieve a binary classification task. If the output
is 0, the perceived score of the first image is higher
than that of the second image; if the output is 1, the
opposite is true. Therefore, the cross-entropy loss
function is used to calculate the softmax:

K
L=2 6iver ; — 1]y = k[log (g(xi, x;)) (1)

where (i,j,y) represents the sample, y is the true
label (with a value of 0 or 1), K=2, and g is the
softmax of the final activation layer.

It is worth noting that the collection of rural
crowdsourced street view data predominantly relies
on smartphone photography. The parameters of the
devices are difficult to standardize, however, result-
ing in issues such as low light or distortion in the
images. To mitigate the impact of these issues on
model performance, it is necessary to enhance the
saturation of village scene images before training and
use GridMask to improve the robustness of the net-
work learning (P. Chen et al. 2020). Finally, we use
the Accuracy score to measure the performance of
the model:

TP+ TN
TP +TN + FP + EN

where Accuracy denotes the accuracy of the model,
TP is the number of correctly predicted positive
samples, TN is the number of correctly predicted
negative samples, FP is the number of incorrectly
predicted positive samples, and FN is the number of
incorrectly predicted negative samples.

During the optimization stage, exponential learn-
ing rate (ExponentialLR) is used to adjust the learn-
ing rate to enable the model to converge quickly.
The initial learning rates for the five models—weal-
thy, tidy, lively, habitable, and terroir—are all set to
0.085, with momentum set to 0.90, and decay factors
set to 0.50, 0.25, 0.25, 0.20, and 0.65, respectively.
On validation, the model performs best under this
parameter setting (Tables S.1-S.5).

Rural Street View Scoring Model Based on
TrueSkill. TrueSkill is a Bayesian theory-based
multiplayer ranking algorithm (Graepel, Minka, and
Herbrich 2007). In this study, two images in a

(2)

Accuracy =
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sample set are regarded as two contestants. Initially,
each image has the same score. Then, the scores of
the two images are adjusted simultaneously according
to the competition results, with the winning image
scoring higher. When the number of comparisons for
each image reaches twenty-four to thirty-six times, a
stable ranking score can be obtained (Dubey et al.
2016; Gong et al. 2023; Qiu et al. 2023).

Given the large scale of data in this study, we
randomly selected forty images to pair with each
rural street view image, ensuring no duplicates in
the comparison records. This setting ensures the sta-
bility and convergence of the ranking scores and
avoids score fluctuations that might be caused by
insufficient comparison times, enhancing the gener-
alization ability of the model’s comparison results.
Ultimately, a 20,000 x 40 comparison data set was
generated and input into the PAIR-CNN model to
obtain comparison results of the large-scale rural
street view data.

This study uses the TrueSkill algorithm to analyze
the large-scale rural street view comparison data. All
images are initially assigned a score of zero and given
a Gaussian distribution with a mean variance of
0.0833 and a draw probability of 0.0001. This con-
figuration accommodates diverse image comparison
scenarios. After all comparison results have con-
verged, to make score differences more significant
and facilitate subsequent analysis, we normalize the
initial scores to a range of zero to ten as follows:

Score — Scorepin

§$=10x (3)

Scoremax — Scoremin

where Scorenin is the lowest score in this perception
dimension, Scoreqy,, is the highest score in this per-
ception dimension, and Score is the original score.

Analysis of Rural Landscape Score Results

This study uses a correlation matrix to show the
correlation and significance levels between each
indicator. We wuse SPSS’s correlation analysis
method to analyze the scores of 20,000 street view
images based on the PAIR-CNN network and
TrueSkill model in five indicators: wealthy, lively,
habitable, tidy, and terroir. Then, we calculated the
Pearson correlation coefficients between the five
indicators and used a two-tailed test for significance
testing.

To further explore the relationship between the
subjective perception of the rural environment and
objective socioeconomic characteristics, this study
investigated existing literature and selected twelve
representative variables from three categories: eco-
nomic level, environment and infrastructure, and
social development (Hu and Wang 2020; Guo et al.
2023; H. Zhang, Liu, and Guo 2024). These varia-
bles comprehensively cover key areas affecting the
rural living environment. Then, the scores of all
street view images in each city on five subjective
perception dimensions were calculated, and the aver-
age of these scores was used as the composite index
of the corresponding dimension for that city. Finally,
we calculated the rank correlation coefficients
between the five subjective perception dimensions
and various objective indicators.

The economic level indicators include regional
gross domestic product (GDP; X11), per-capita GDP
(X12), fiscal revenue (X13), and farmers’ per-capita
disposable income (X14). These indicators directly
reflect the level of regional economic development
and are important factors in measuring the wealth of
villages and the quality of life of residents (Brambert
and Kiniorska 2018). The environment and infra-
structure indicators include the prevalence rate of
public toilets (X21), rural greening rate (X22), road
hardening rate (X23), and the proportion of culti-
vated land and water conservancy facilities used land
(X24). These indicators directly affect the “hard
environment” of rural residents’ daily lives (Sharp
et al. 2002). Among them, the proportion of culti-
vated land and water conservancy facilities used land
(X24) measures the proportion of traditional agricul-
tural landscapes such as cultivated land and canals
in the land-use structure, and these landscapes are
an important part of the rural environment. Social
development indicators include the urban—rural
income ratio (X31), the proportion of rural residents’
cultural and entertainment expenditure (X32), the
number of rural cultural stations (X33), and the
number of traditional villages (X34). These indica-
tors reflect the distribution of urban-rural income
differences and social and cultural resources (Guo
et al. 2023). Among them, the number of rural cul-
tural stations (X33) refers to the number of cultural
activity venues in rural areas, reflecting the accessi-
bility and richness of cultural facilities. Refer to the
Supplemental Material for a detailed description of
the data sources for objective indicators.
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Figure 3. Spatial distribution of collected rural street view images across seven geographical zones in China, where (A) to (G) show the
typical village scenes of the representative cities in each geographical zone.

Results
Data and Volunteer Scoring Results

This study enlisted volunteers to collect street view
images of rural areas across the nation, and the data
collection time was uniformly arranged from April to
October 2023. This time period covered three seasons
of spring, summer, and autumn, which could fully dis-
play the diversity and seasonal characteristics of rural
scenery in different regions, and also effectively avoid
the possible impacts of climate anomalies or long-term
changes between different years on data consistency
(Biljecki and Ito 2021; Qiu et al. 2023). Ultimately,
23,827 rural street view images were gathered, covering
twenty-eight provinces, 118 prefecture-level cities, and
121 county-level regions, forming a large-scale rural

street view data set. On average, each county contains
197 images, ensuring the diversity and representative-
ness of the data.

The spatial distribution of the data is illustrated
in Figure 3, which shows the sampling quantity of
prefecture-level cities nationwide against the back-
drop of seven geographical divisions. In addition,
Figure 3 showcases the typical features of rural street
views in various regions, including the modernized
villages of the southeast (e.g., Hangzhou), pastoral
landscapes of the south (e.g., Zhaoging), farmyards
of the north (e.g., Hulunbuir), traditional village
dwellings in the northwest (e.g., Xining) and north-
east (e.g., Songyuan), as well as regionally distinct
rural street views in the southwest (e.g., Guiyang).
The results indicate that the rural street view data
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Figure 4. Loss and precision variations during the model’s training process. (A) The loss curves during fifty epochs of model training
under different metrics. (B) The accuracy curves during fifty epochs of model training under different metrics.

collected in this study cover a wide range of distribu-
tion and reflect the diversity of Chinese rural land-
scapes in terms of architectural style, natural
environment, and cultural characteristics, providing
a solid data foundation for subsequent research.

Although the data collected in this study cover a
wide range, there is still some imbalance in the col-
lection quantity between various regions. To reduce
the potential impacts of this difference on the
results, we randomly selected 3,500 rural street view
images from the entire rural street view data set,
with 500 images from each geographical division.
This sampling strategy effectively balanced the num-
ber of images in each region, minimizing the bias
that might be brought by the difference in collection
quantity (Howell et al. 2020; Hou et al. 2024).
Subsequently, we conducted a manual quality check
on the selected images to ensure that all images
could clearly and truly reflect the characteristics of
rural landscapes in each region, laying a reliable data
foundation for subsequent scoring and analysis.

We invited eighty volunteers to score these
images using a human—machine collaboration scoring
system to gather subjective perception data. The vol-
unteers, between twenty and forty years old, were all
students and faculty members specializing in geo-
graphic science, human geography, and urban-rural
planning. They possessed professional knowledge in
geographic information systems (GIS) applications
and urban-rural planning theory, effectively

mitigating perception assessment bias (Yao et al.
2019). Each volunteer scored 1,000 pairs of images.
In total, 78,613 valid ratings were collected, provid-
ing ample high-quality labeled samples for subse-
quent model training. Each image was compared an
average of forty-one times, closely aligning with the
comparison frequency in Yao et al. (2021), ensuring
the adequacy of the scoring.

[t should be noted that although the experience
of local villagers has important reference value for
the optimization of specific villages, the subjective
perception evaluation on a national scale must prior-
itize ensuring the cross-regional consistency of evalu-
ation standards. Therefore, this study selected a
group of volunteers with homogeneous professional
backgrounds to avoid the impact of the limitations
of villagers’ perspectives or regional cognitive biases
on the comparability of results (S. Liu et al. 2022).
This method has been verified to be feasible in
macro perception studies (Lu and Chen 2024).

Rural Street View Image Scoring Results Based on
Human-Machine Collaboration

The study divided the 78,613 volunteer scoring
results data into a training set and a test set at a
ratio of 7:3 (Z. Wang, Ito, and Biljecki 2024; Yu
et al. 2024). After fifteen rounds of training, the
accuracy and loss of the model both tended to stabi-
lize. Figure 4 illustrates the model’s training process
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Figure 5. Examples of typical rural street view images under each indicator. The indicator axis represents the five perceptual dimensions,

and the score axis represents the scores of the rural street view images.

across the five perception dimensions. The results
indicate that the accuracy for the wealthy dimension
reached 80 percent, and the lively, habitable, and
tidy dimensions all achieved accuracies above 70
percent. These results are comparable to the accu-
racy of most existing street view studies (e.g., 71.8
percent in Z. Li et al. [2022] and 72 percent in M.
Sun et al. [2022]), demonstrating that our model is
accurate and reliable. The accuracy for the terroir
dimension was the lowest (64.6 percent), but this
result is consistent with the range of [0.60, 0.70]
reported by Min et al. (2020), suggesting that the
model has a certain level of usability in this dimen-
sion as well. The poorer performance in the terroir
dimension compared to the other four dimensions
reflects the significant variation in people’s percep-
tion of unique rural features. This variability could
arise from the complex nature of the terroir concept,
which involves numerous factors that are difficult to
quantify, making it challenging for the model to pre-
dict and evaluate accurately (Shucksmith 2018).

We applied the model to a data set of 20,000 rural
street view images to obtain large-scale comparison
results. Using the TrueSkill algorithm, we calculated
the scores of each image across five perceptual dimen-
sions. To visually demonstrate the reliability of the
model’s evaluation results, Figure 5 presents typical
examples with different scores under the five indica-
tors. These images reflect the score variations across
each dimension. For instance, in the wealthy dimen-
sion, high-scoring images (above eight points) display
tidy and modern buildings and infrastructure, whereas
low-scoring ones (below two points) show dilapidated
houses and rudimentary environments. In the lively
dimension, high-scoring images (above eight points)
depict bustling streets and vibrant community activi-
ties, whereas low-scoring ones (below two points)
reflect desolation and lack of vitality.

Figure 6(A) shows the score distribution across
the five perception dimensions, with all dimensions
exhibiting a clear normal distribution trend. The
peak values are predominantly concentrated between
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Figure 6. Score distribution and typical areas of rural street views, where (A) shows the distribution of scores on the five perception
dimensions, and (B), (C), and (D) present representative images with high, medium, and low average scores, respectively, along with the

scores for each dimension.

six and eight points, reflecting high consistency in
volunteers’ evaluations of rural street views. Notably,
the score distribution in the terroir dimension is rel-
atively concentrated, mainly ranging from four to
eight points. This pattern indicates that most vil-
lages perform relatively well in maintaining local
characteristics. To further demonstrate the reliability
of the scores, we selected three representative rural
street view images from the sample, each correspond-
ing to high (above seven points), medium (four to
six points), and low (below three points) average
scores, respectively (Figure 6B-D). These scores were
found to align with subjective perceptions. High-
quality (above seven points) rural environments are
clean and tidy, with comprehensive service facilities
and no signs of excessive urbanization (characterized

by a high green-looking ratio and low-density resi-
dential areas). Medium-scoring (four to six points)
rural environments perform relatively average, with
infrastructure and environmental quality at a general
level. In contrast, poor (below three points) rural
environments appear dilapidated and desolate, with
a strong sense of oppression.

Rural Landscape Score Results

To more intuitively illustrate the spatial heteroge-
neity of the five evaluation indicators across China,
we divided the country into seven geographical
regions and calculated their respective scores for
each indicator, as shown in Figure 7. The results
reveal that the east China region outperformed other
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Figure 7. Rural street view scores in seven geographical regions across five evaluation metrics.

regions overall, whereas the northeast region exhib-
ited the lowest overall scores. Specifically, east
China scored notably higher in the wealthy (5.71),
lively (5.54), habitable (5.70), and tidy (5.39)
dimensions, reflecting its significant advantages in
economic development, quality of life, and environ-
mental sanitation. In contrast, the northeast region
scored the lowest in wealthy (4.06), lively (4.23),
and habitable (4.04) dimensions, indicating room for
improvement in these areas. The northeast region,
however, excelled in the terroir dimension with a
score of 5.18, demonstrating its success in preserving
local  characteristics in  rural  development.
Additionally, although the northwest region’s overall
scores were relatively low, its performance across
each indicator was balanced with minimal fluctua-
tion: wealthy (4.80), lively (4.77), habitable (4.78),
tidy (4.93), and terroir (4.83). This suggests that
although the overall development level of the rural
environment in the northwest is limited, its perfor-
mance across various aspects is stable without signifi-
cant shortcomings.

To further investigate the performance differences
among specific cities within various regions, we ana-
lyzed the score distribution of prefecture-level cities
across the country (Figure 8). Overall, cities in the
eastern region outperform those in other regions
across multiple dimensions. For instance, Zhejiang
Province leads in scores for the four indicators: weal-

thy (6.47), lively (6.17), habitable (6.50), and tidy

(5.78). These scores showcase Zhejiang’s significant
advantages in economic development, quality of life,
and environmental hygiene.

In contrast, northern regions such as Jilin have
relatively lower scores in wealthy (3.94), lively
(4.02), habitable (3.91), and tidy (4.22). The rela-
tively low scores suggest that these areas still have
considerable room for improvement in economic
development and living environment enhancement.
In the terroir indicator, however, the northern
regions excel, particularly Heilongjiang, which scores
the highest in terroir (5.37), indicating that it has
better preserved local characteristics. These interre-
gional differences highlight the uneven development
of China’s rural environment across different
regions.

Correlation Results Between Subjective Perception
Dimensions

We conducted Pearson correlation analysis on the
five perceptual dimensions, and Table 1 shows the
Pearson correlation coefficients between them.
The results indicate that all Pearson correlation
coefficients among the dimensions achieve statistical
significance (p < 0.01), suggesting a significant inter-
relationship exists between each dimension. There is
a strong positive correlation between wealthy and
lively (0.84), habitable (0.86), and tidy (0.74).

Lively is significantly positively correlated with
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habitable (0.80) and tidy (0.70). Habitable is signifi-
cantly positively correlated with tidy, with a correla-
of 0.68. Terroir, however, is
significantly negatively correlated with wealthy
(-0.31), lively (-0.25), habitable (-0.14), and tidy
(-0.24). The negative correlation is relatively weak,
making it a relatively independent indicator.

tion coefficient

Results of Correlation Between Subjective
Perception and Objective Indicators

There is obvious heterogeneity in economic lev-
els, infrastructure construction, social development,
and so on, in different regions of China, which
could affect the subjective perception of the rural
environment and its association with objective indi-
cators (Guo et al. 2023). This study investigated the
relationships between five dimensions of subjective

Table 1. Pearson correlation coefficient between each
perceptual dimension

Zhu et al.

perception and three types of objective indicators
across national, eastern, and western scopes through
Spearman correlation analysis (Table 2). On a
national scale, economic level indicators are signifi-
cantly positively correlated with wealthy, habitable,
and lively, confirming the important role of eco-
nomic development in rural environmental percep-
tion (Hu and Wang 2020). Most of the
environment and infrastructure indicators are posi-
tively correlated with subjective perception, but
X24, the proportion of cultivated land and water
conservancy facility land, is significantly negatively
correlated  with  wealthy (-0.401), habitable
(-0.483), and lively (-0.439), reflecting the lack of
convenience and economic vitality in agriculture-
dominated areas. Among the social development
indicators, X34, the number of traditional villages,
exhibits the strongest correlation with terroir
(0.282), indicating that traditional villages are key
factors in shaping the perception of local
characteristics.

In the eastern region, economic level indicators

Perceptions Wealthy Lively Habitable  Tidy Terroir exert the most significant impact on perception.
N N o N Among them, X14, farmers’ per-capita disposable
Wealtby 1.00 0.84 0.86 0.74"* 031 income, is highly correlated with wealthy (0.673),
Lively 0.84**  1.00 0.80%* 0.70%*%  —0.25%* ) ) o
Habitable 0.86** 0.80%* 1.00 0.68%* —0.14** 11vely (O673>, and tIdY (0508>, 1nd1cat1ng that eco-
Tidy 0.74%*  0.70%* 0.68%* 1.00 —0.24%* nomic characteristics dominate the influence on
Terroir —031** —0.25** —0.14** -0.24**  1.00 rural perception in the eastern region. In contrast,
% < 0.05. the environment and infrastructure indicators, and
**p < 0.01. social development indicators mostly exhibit a
Table 2. Spearman correlation coefficient between subjective perception and objective indicators
Economic level Environment and Infrastructure Social development
Region Perception ~ X11 X12 X13 X14 X22 X23 X24 X31 X32 X33 X34
Nationwide Wealthy 0.365%* 0.341** 0.350** 0.521** 0.209* 0.209* 0.228* -0.401** —0.245*%* 0.210* 0.216*  0.246**
Lively 0.285%* 0.242** 0.295%* 0.431** 0.200* 0.177 0.225% —0.483** —0.225* 0.206** 0.214** 0.326**
Habitable ~ 0.369** 0.329** 0.358** 0.488** 0.215* 0.200% 0.236* —0.439%* —0.243** 0.222* 0.224*  0.307**
Tidy 0.148 0.274** 0.169 0.457*%*% 0.220%* 0.251** 0.234** —0.165 —0.257** 0.220* 0.220*  0.020
Terroir 0.492 0.101 0.462 0.061 0.142 0.105 0.138 0.128 -0.146 0.150 0.141 0.282%**
Eastern Wealthy 0.319%* 0.411** 0.500** 0.673** 0.313 0.137 0.191 -0.524** 0.259 0.374* 0.237 0.196
Lively 0.155%* 0.232** 0.360* 0.462** 0.266 0.136 0.195 -0.660** 0.227 0.354 0.184 0.279
Habitable  0.333** 0.413** 0.504** 0.673** 0.283 0.139 0.156 -0.588** 0.236 0.310 0.193 0.240
Tidy 0.193* 0.266** 0.451*F 0.508** 0.321 0.069 0.263 -0.147 0.255 0.413* 0.309 0.025
Terroir 0.425 0.348 0.460** 0.377* 0.234 0313 0.123 -0.015 0.207 0.005 0.149 0.055
Western ~ Wealthy 0.106  0.299 0.065 -0.026 0.551** 0.568** 0.577** —0.158 —0.555** 0.570** 0.555** 0.023
Lively 0.040 0.335%  0.020 0.049  0.477** 0.482** 0.517** —0.279  —0.476** 0.519** 0.493** 0.142
Habitable 0.164 0.236 0.136 0.017  0.558** 0.568** 0.588** —0.154  —0.563** 0.590** 0.565** 0.172
Tidy —0.359* 0.249 -0.378* —0.060 0.351* 0.382* 0.374* -0.012 -0.354* 0.360* 0.348* -0.218
Terroir 0.827** 0.193 0.800** 0.159 0.169 0.184 0.217 0.056 -0.179 0.198 0.180 0.202
% < 0.05.

**p < 0.01.
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weaker correlation with subjective perception. This
could be attributed to the relatively well-developed
infrastructure and balanced social development in
the eastern region, which diminishes the marginal
effects on subjective perception.

In the west, the correlation between economic
level indicators and subjective perception is gener-
ally weak. Only X11, regional GDP, and X13, fiscal
revenue, show a certain correlation with tidy and
terroir. The environment and infrastructure indica-
tors (e.g., X21, the prevalence rate of public toilets;
X22, rural greening rate; and X23, road hardening
rate) and social development indicators (e.g., X32,
the proportion of rural residents’ cultural and enter-
tainment expenditure, and X33, the number of rural
cultural stations) are significantly positively corre-
lated with wealthy, lively, habitable, and tidy, how-
ever. This indicates that the improvement of
infrastructure and investment in rural culture and
entertainment can effectively enhance rural percep-
tion in the western region.

In addition, the impact of urban—rural income gap
(X31) on subjective perception shows regional differ-
ences. At the national and western levels, X31 is
significantly negatively correlated with most percep-
tion dimensions, indicating that the widening
urban—rural income gap has a significant negative
impact on the subjective perception of the rural
environment (Ding et al. 2021; Huang et al. 2024).
In the eastern region, however, X31 is weakly posi-
tively correlated with subjective perception and does
not reach a significant level. This might be because
the overall economic development level in the east-
ern region is relatively high, and the gradient differ-
ence in the urban—rural income gap among different
cities is not significant, thereby weakening the nega-
tive impact of X31 on subjective perception.

Discussion
Scientific Contributions

With the implementation of the rural revitaliza-
tion strategy, subjective perceptions of the rural
environment have increasingly become a crucial
dimension for assessing the level of rural environ-
ment construction. Challenges in data acquisition
and the limitations of evaluative methods, however,
have meant that existing research is predominantly
confined to small-scale, specific area assessments.

This limitation hinders the understanding of envi-
ronmental perception characteristics on a regional
scale. This study introduces a method for evaluating
subjective perceptions of the rural living environ-
ment using rural street view images and deep learn-
ing models, addressing this research gap. The
primary contribution of our study is the demonstra-
tion of the feasibility of using deep learning and
street view images for large-scale rural perception
assessments. This method provides a versatile tool
for the rapid and precise quantification of subjective
perceptions in rural environments.

This study uncovers the regional disparities in
perceptions of the rural environment and identifies
the multidimensional complexity of its underlying
formation mechanisms. The east China region excels
across dimensions such as wealthy, lively, habitable,
and tidy, showcasing characteristics of systematic
development. This advantage is related to the
region’s economic foundation and reflects the syner-
gistic improvement of infrastructure, public services,
and the living environment over long-term develop-
ment (Fang et al. 2022). In contrast, the northeast
region exhibits distinctive developmental character-
istics: notable strength in the terroir dimension, yet
comparatively weaker in other areas. This imbalance
highlights the potential tension between the preser-
vation of traditional features and modernization and
indicates that improvement in a single dimension is
insufficient for the overall enhancement of the rural
environment. These findings overcome the limita-
tions of traditional research that overly emphasizes a
single factor, offering a more comprehensive explan-
atory framework for understanding regional differ-
ences in rural environment perception.

This study reveals the intricate relationship
between subjective perceptions and objective indica-
tors, highlighting significant regional heterogeneity
in these associations. Such heterogeneity can be
attributed to differences in regional development
stages and resource endowments. In the east, after
sustained development, a rural construction model
driven by economic strength has evolved.
Improvements in economic status are directly
reflected in building quality, environmental manage-
ment, and the systematic enhancement of infrastruc-
ture, thus translating more readily into subjective
perceptions. Additionally, because the eastern
region’s infrastructure and social service systems are
relatively  well-developed, further ~ marginal
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improvements have a diminishing influence on resi-
dents’ perceptions, resulting in a relatively subdued
impact of environmental and social development
indicators. Conversely, the western region, charac-
terized by generally lower economic levels and a lack
of resources for comprehensive rural development
(Li et al. 2021), tends to display “point-like” devel-
opment features. Improvements in individual infra-
structure and public services, such as greening rates,
public toilet accessibility, and the presence of cul-
tural facilities, can lead to noticeable enhancements
in local environments (X. Sun et al. 2023). Such
enhancements are more visibly reflected in the vil-
lages, significantly influencing how volunteers rate
aspects like “habitable” and “tidy.” This indicates
that in areas with limited resources, advancing infra-
structure and social services can effectively mitigate
the constraints that insufficient economic develop-
ment places on perception enhancement.

Practical Values

In practice, by quantifying the subjective percep-
tion of the rural environment in numerous cities
nationwide, this study can provide precise rural envi-
ronment perception maps and perception reports for
local governments. These results can assist local gov-
ernments in promptly identifying areas with poor
perception, thus enabling more efficient allocation
of limited resources and preventing “one-size-fits-all”
policies and resource wastage.

Furthermore, this study introduces new perspec-
tives and technical support for village classification.
By evaluating the perceptions across various dimen-
sions of village environments and integrating subjec-
tive perception characteristics into the classification
system, planners can more precisely identify the dis-
tinct features of villages, providing a foundation for
quick screening of different types of villages. For
instance, based on the perception combination of
high terroir-low wealthy, traditional villages with
strong local characteristics but lagging economic
development can be identified, thereby formulating
more targeted planning schemes.

Additionally, local residents can gain insight into
external evaluations of their village environments
through perception score maps, thereby increasing
their concern and sense of identity regarding village
development. This, in turn, encourages more active
participation in rural environment improvement,

cultural preservation, and community governance,
collectively driving the sustainable development of
villages.

Limitations and Future Works

This study also has some limitations that need fur-
ther improvement in future work. First, the existing
model performs relatively poorly in the terroir
dimension. In the future, consideration can be given
to introducing multimodal data (e.g., cultural back-
ground information) and improving volunteer anno-
tation methods to enhance the model’s evaluation
accuracy in the terroir dimension (Yao et al. 2019).
In addition, the specific meaning and influencing
factors of scores in each dimension are still insuffi-
ciently explained, so strengthening the interpretabil-
ity analysis of the scoring results will be an
important direction for future research.

Second, there are certain issues with the image qual-
ity and coverage of rural street view data. Because
crowdsourced data relies on volunteers to capture
images, discrepancies in the photographic skills and
equipment quality of different volunteers might affect
the consistency of image quality (Antequera et al.
2020; Biljecki and Ito 2021). Future research could
improve the consistency of crowdsourced image quality
by standardizing shooting protocols, providing equip-
ment support, or conducting photography training. In
addition, although we invited as many volunteers as
possible to participate in capturing images, the number
of participants is still limited, leading to differences in
image coverage rates across regions. To address this, we
call on major map service providers to further expand
data coverage in rural areas, and emphasize the need to
continue promoting the acquisition of more compre-
hensive rural street view data through crowdsourcing
(Sanchez and Labib 2024). Furthermore, with the
continuous accumulation of image data and volunteer
evaluation data, future research can further carry out
fine-grained perception studies on small-scale areas
(e.g., villages or communities) to reveal more micro-
scopic differences in rural environment perception
characteristics.

Finally, subjective perception also has certain
inherent limitations. The individual characteristics
of volunteers, such as age, gender, and rural living
experience, could influence their subjective percep-
tion of the rural environment, thereby introducing

bias (Fang et al. 2022; S. Liu et al. 2022). Future
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studies should aim to expand the scale and diversity
of volunteer groups, including recruiting rural resi-
dents from diverse regions, to achieve a more com-
prehensive and relevant understanding of the rural
environment (Ito and Biljecki 2021; Lu and Chen
2024). Furthermore, this study’s image collection
period was concentrated between late spring and
early autumn. Seasonal variations in rural street
view characteristics, such as the growth condition of
vegetation, might influence perception results
(Chiang et al. 2023; Z. Wang, Ito, and Biljecki
2024;). Future efforts can involve adding timestamps
to street view images and giving priority to scoring
and analyzing images from the same season, thus
effectively reducing bias introduced by seasonal char-
acteristic differences (Qiu et al. 2023).

Conclusion

Evaluating the subjective perception of the rural
living environment is crucial for optimizing rural
revitalization strategies. This study introduces an
innovative approach that integrates deep learning
algorithms with rural street view images to quantita-
tively evaluate the subjective perception of the rural
environment across 118 cities in China. The results
show that our proposed method is highly reliable
and practical in evaluating the subjective perception
of rural environments.

Our study makes three primary contributions. First,
we confirm the feasibility of using deep learning tech-
nology and street view images to evaluate large-scale
subjective perceptions of the rural environment, offer-
ing new perspectives for future rural environment
research in diverse countries and regions. Second, the
study uncovers the characteristics of regional disparities
in rural environment perception and their complex for-
mation mechanisms. We find that rural environment
perception is shaped by a comprehensive set of factors,
such as economic foundation and protection of tradi-
tional features, with noticeable imbalances observed
across regions. Third, the study identifies the complex
association between subjective perception and objective
indicators and reveals notable heterogeneity in the
eastern and western regions. Thus, it provides a scien-
tific basis for rural environment improvement strategies
in different regions. Overall, this study substantially

supports the quantitative evaluation of rural

environment perception and lays a theoretical founda-
tion for developing more precise and effective rural
revitalization strategies.
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