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Beyond surveys: high-resolution mapping of rural
wealth in China using satellite and street view
Imagery
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High-precision and wide coverage data on rural household wealth are essential for bridging
national-level rural revitalization policies with micro-level rural entities, enabling the precise
allocation of public resources. However, the vast number and dispersed distribution of rural
communities in China make wealth data difficult to collect and scarce in availability. To
address this challenge, this study proposes an integrated technical framework that combines
“sky"” remote sensing imagery with “ground” village street view imagery to construct a fine-
grained, computable representation of rural household wealth. Centered on the intelligent
interpretation of rural housing features, we extract wealth-related visual elements from
imagery and regress them against benchmark survey-based household wealth indicators to
develop a high-accuracy township-level wealth prediction model (R* = 71%). This model is
used to generate a nationwide, township-scale rural household wealth map. Our findings
reveal a distinct “bimodal” spatial distribution of rural wealth in China, characterized by a
polarization pattern: higher in the south and east, and lower in the north and west. This
approach offers a scalable and cost-effective alternative to traditional household surveys,
supporting the identification of rural development gaps and facilitating more targeted and
effective rural policy implementation.
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Introduction

hina is vigorously advancing its rural revitalization strat-

egy, aiming to address the long-standing issues of unba-

lanced and insufficient rural development with greater
precision. In this context, the spatial differentiation of rural
wealth and poverty, along with the formulation of targeted policy
responses, has become a central topic in geographical research
(Zhou and Liu, 2022). With the increasing complexity of rural
dynamics, fine-grained, timely and scalable data have become
essential in designing responsive policies and evaluating their
impact on improving the well-being of rural populations (Li et al.,
2022, 2023). Nonetheless, comprehensive micro-level spatial data
delineating rural wealth remains exceedingly scarce. For example,
the “Urban and Rural Construction Statistical Yearbook” reports
a 40% decline in rural population alongside a 68% increase in
total rural housing area between 1990 and 2022 (Ministry of
Housing and Urban-Rural Development, 2023), indicating sub-
stantial wealth redistribution of wealth However, these statistics
are aggregated at national or provincial levels, and the spatial
distribution of assets at the township or village scale remains
largely unclear.

Currently, rural household wealth data in China primarily
relies on questionnaire-based surveys. Yet with approximately 3.4
million natural villages widely dispersed across the country (Yang
et al,, 2016), implementing such surveys at scale is both chal-
lenging and costly. This methodology faces limitations in scope,
high financial and labor costs, and temporal challenges, particu-
larly in remote regions (Dang et al., 2019). Most low- and middle-
income countries often face difficulties in conducting similar
social surveys. For example, only about 50% of countries or
regions have internationally comparable data related to Zero
Poverty (SDG 1) (Sachs et al,, 2022). These constraints under-
score the need for a scalable, cost-efficient, and spatially detailed
data framework to complement and enhance existing survey-
based approaches.

Rural housing stands out as the primary spatial asset for rural
wealth, reflecting the investment, both long-term investment
behavior and aspirations for improved living standards (Xu et al.,
2022). Over the past decades, transformations in rural housing—
from simple cottages to multi-story buildings—have mirrored
China’s broader socioeconomic development. The proportion of
housing in total rural household wealth increased from 33% to
60% of household wealth from 1990 to 2013 (Knight et al., 2020).
Household surveys, such as the Demographic and Health Surveys
(DHS), widely used in low- and middle-income countries, often
assess household wealth by examining housing structure, size,
materials, and associated assets such as vehicles and appliances
(Corsi et al., 2012). Researchers have developed composite wealth
indices by combining these features, demonstrating their effec-
tiveness as proxies for long-term economic status (Corsi et al.,
2012). Due to their interpretability and cross-context compar-
ability, such indices have been widely applied in global and
continental-scale wealth studies (Jean et al., 2016; Yeh et al., 2020;
Chi et al.,, 2022). Consequently, the intelligent interpretation of
rural housing features has emerged as a key approach to mea-
suring household wealth in rural settings.

Remote sensing imagery offers a promising, cost-effective
solution for large-scale wealth prediction. Initial studies used
nighttime light (NTL) data as a proxy for economic activity
(Elvidge et al., 2009; Henderson et al, 2011, 2012; Xu et al,
2018, 2019; Wang et al,, 2021), but its predictive performance
varies across spatial scales—strong at national levels but prone to
noise at finer scales such as villages (Elvidge et al., 2020). Large-
scale efforts have used high-resolution satellite data to char-
acterize urbanization, focusing on urban land use classification
(Gong et al.,, 2020; Li et al., 2023c), urban impervious surface (Sun
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et al,, 2019) and urban dynamics (Li et al., 2018). High-resolution
daytime imagery captures explicit wealth-related features,
including housing structures and road networks, offering more
explainable results for rural studies (Li et al., 2023b; Huang et al.,
2024). Pioneering studies have demonstrated the potential of
neural networks trained on satellite images to predict poverty and
wealth patterns with high accuracy (Jean et al.,, 2016; Yeh et al,
2020). With the advent of sub-meter resolution in remote sensing
imagery, global (Microsoft Corporation, 2022),continental-scale
(Chamberlain et al., 2024), or national (Li et al., 2023a; Deng
et al., 2023) building footprint datasets have become available,
significantly enhancing the spatial clarity of housing asset data. In
the rural China context, scholars try to construct a large-scale
benchmark label dataset (Deng et al., 2024) and age-informative
building footprint (Li et al.,, 2021), finally complete the China
Rural Housing Database (CRHD) (Li et al., 2022). CRHD could
provide essential support for deriving wealth-related attributes
such as the number, area, and age of rural houses.

Street view imagery offers a valuable complement to satellite-
based approaches. Capturing horizontal perspectives, it reveals
structural and material details that top-down remote sensing
often misses. Large-scale street view data are increasingly utilized
to predict the wealth level of communities (Gebru et al., 2017; Fan
etal, 2023; Li et al., 2024). Enabled by the widespread adoption of
smartphones and the rise of rural social media engagement, this
bottom-up data generation approach yields vast volumes of
grassroots visual data (Xu et al, 2022). These images offer
observable cues such as building height, construction materials,
facade finishes, air conditioning units, and even safety-related
aspects, enriching the understanding of rural household assets.

This paper synthesizes remote sensing with street view imagery
to construct a national, township-level rural wealth index cen-
tered on housing characteristics. We assess over 1.85 million
street view images from more than 30,000 townships, building a
model that combines subjective visual quality evaluation with
objective indicators such as housing dimensions, construction
materials, and amenities. By integrating these features with
survey-based wealth labels, we develop a machine learning model
capable of accurately predicting sub-indices and a composite
wealth score, ultimately producing a high-resolution map of rural
wealth distribution across China.

The study’s culmination provides a wealth distribution map
that speaks directly to policy-makers, equipping them with the
precise data necessary for targeted rural policy formulation and
effective revitalization initiatives. It’s an endeavor that not only
maps wealth but also the pathways to a sustainable rural future, in
alignment with the global Sustainable Development Goals.

Methods

This paper first establishes an actual wealth label database based
on rural household questionnaire survey data and establishes a
regression relationship with the feature characteristics of intelli-
gent image interpretation to form a wealth prediction model.
Furthermore, this paper extends the wealth prediction model to
areas where questionnaires have not been conducted, based on
large-scale remote sensing imagery and village street view ima-
gery, forming a township-scale wealth distribution map of China.
In terms of actual wealth label generation, this paper uses the
rural household questionnaire database from the Rural Con-
struction  Evaluation Project (https://www.mohurd.gov.cn/
gongkai/zc/wjk/art/2022/art_17339_766562.html) in 2022, cov-
ering 28 provinces, 124 counties, 1,678 townships, and 180,000
questionnaires. These questionnaire data have a wide spatial
coverage and a large volume, recording information on farmers’
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income, property, consumption, etc., and involving counties with
different natural geographic conditions and development levels,
which have high statistical representativeness. For feature input,
the paper collected about 1.85 million rural housing street view
images from the “Cun Cun Pai” crowdsourced mini-program and
Rural Human Settlement Environment Survey Database for
intelligent interpretation, combining the features of the existing
rural housing vector database to train a wealth prediction model
for multiple wealth indicators. Based on this, the paper first
reveals the regional differences in the wealth of rural households
in China at a national scale, using townships as units. Finally, the
paper conducts an in-depth study on the regional differences in
rural household wealth in China, studying the impact of natural
and economic factors on wealth accumulation through regression
analysis.

Research data. The research data of this paper mainly covers
three aspects (Fig. 1): First, rural household questionnaire survey
data, as a measure of actual rural wealth, used for label input in
the prediction model. Second, village street views and remote
sensing interpretation of the rural housing database, used for
feature input in the prediction model. Among them, part of the
data corresponding to the questionnaires is used to train the
machine learning model, and the imagery data from areas not
covered by the questionnaires is used to predict wealth distribu-
tion nationwide. Third, statistical data on natural, social, and
economic aspects, used to analyze the factors affecting the
regional distribution of wealth in China.

Village questionnaire survey for generating wealth labels. The
village questionnaire survey of the Rural Construction Evaluation
Project is an important basis for the wealth labels in this paper. In
2022, the evaluation covered 102 national sample counties and 22
provincial sample counties, totaling 124 sample counties. These
sample counties have a wide coverage and strong regional
representativeness. When selecting national sample counties, 3 to
5 counties from each province are selected to report, considering
different regional environmental backgrounds and economic
development levels. Therefore, using the sample counties from
the Rural Construction Evaluation Project as data labels ensures
the typicality and representativeness of label input and aids in
extending the prediction model nationwide. The paper collected
about 180,000 valid questionnaires, covering 1678 townships. The

Data Collection Index generation

Model training

content of the questionnaires mainly involves family basic
information, rural housing and supporting facilities, and includes
rich information on wealth elements such as income, assets, and
consumption. The volume of questionnaire data is sufficient, and
the content dimensions are rich, which helps to train a high-
performance model.

Wealth is commonly viewed as an asset. From a dynamic
perspective, income can be converted into savings and solidified
into stock assets, while consumption is the expenditure of stock
assets (Pender et al., 2012). Therefore, this paper proposes to
assess the wealth level of rural households from three dimensions:
income, assets, and consumption. There are a total of 7 related
questions in the villagers’ questionnaire, as shown in Table S3 in
the Supplementary Materials (SM). In terms of income, since
income information is relatively private, the questionnaire is
designed to use ranges as answer options. Although setting
income intervals reduces precision, it can better avoid the issue of
respondents concealing information. In terms of assets, core
assets such as rural housing, home appliances, and cars are
mainly considered. Among them, rural housing is the most
important asset for farmers, accounting for nearly 60% of
household wealth. Cars are also one of the more important
assets. In terms of consumption, electricity consumption is
mainly considered. The higher the wealth level, the higher the
electricity consumption tends to be.

Village street view imagery and rural housing database for gen-
erating wealth features. The village street view imagery used in
this study was primarily sourced from Cun Cun Pai, a grassroots
image crowdsourcing platform that encourages local residents to
document their own villages under the slogan “Every village
deserves to be seen.” The platform supports the collection of rural
human settlement imagery and the implementation of ques-
tionnaire surveys in designated sample counties as part of a
public-interest initiative. It has accumulated a substantial volume
of village street view imagery that is spatially matched with vil-
lagers' questionnaire responses. Approximately 100,000 street
view images—primarily featuring rural housing—were selected to
ensure geographic alignment with the 180,000 household survey
responses, allowing the survey data (used as wealth labels) to be
associated with corresponding imagery for wealth feature
extraction. For model extension and large-scale prediction, this
study further utilized the Village Human Settlement Environment
Survey Database, which contains approximately 1.85 million

Wealth prediction Factor analysis
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Fig. 1 Comprehensive measurement process of rural household wealth in China. This flowchart illustrates the overall analytical framework of the study,
including data sources, image-based feature extraction, survey data integration, machine learning modeling, and spatial mapping of wealth.
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village street view images covering 30,667 townships across
China, accounting for roughly 75% of all townships nationwide.
Based on this comprehensive dataset, a national, township-level
map of rural household wealth was generated.

Additionally, this study utilized the vector boundary map of
Chinese townships to perform spatial statistical analysis on the
Chinese Rural Housing Vector Database (Li et al, 2022)
(CRHVD). CRHVD used in this study is a high-resolution
geospatial dataset that contains detailed polygon features of
individual rural residential buildings across China. Each building
footprint is associated with attributes such as construction area,
construction age (modern or traditional), and geographic
coordinates, enabling spatial analysis at both the village and
township scales. Importantly, the vector database includes full
coverage of the 1678 townships considered in this study. For each
of these townships, we extracted structural indicators such as:
Number of rural houses, Average building area, Proportion of
old-style rural houses. These variables were used to supplement
the wealth prediction model and interpret patterns of rural
housing development. The integration of this vector dataset
ensures spatial consistency between remotely sensed building
data, street view imagery, and household-level survey labels,
thereby strengthening the model’s explanatory power and
interpretability.

Natural, social, and economic data explaining regional differences
in rural household wealth. After predicting the wealth of rural
households nationwide and revealing their regional differences,
this paper further analyzes their influencing factors. The main
dimensions are natural geography and socio-economy. The data
was obtained and integrated from statistical yearbooks, popula-
tion censuses, network collection, remote sensing products, and
other approaches. In terms of natural geography, it mainly
involves elevation, temperature, river systems, etc., with data
coming from spatial statistics on map products. Elevation data
comes from 30 m resolution DEM data, temperature data from
the National Earth System Science Data Center (https://www.
geodata.cn/data), and river system data from publicly available
online data (https://zhuanlan.zhihu.com/p/590827818). From a
socio-economic perspective, urbanization rate and per capita
GDP are employed as explanatory variables. The data are derived
from the County Statistical Yearbook 2020 (https://cnki.istiz.org.
cn/CSYDMirror) and the Seventh National Population Census
(https://www.stats.gov.cn/sj/pcsj/rkpc/7rp/zk/indexch.htm).

Wealth measurement method

Real wealth labels based on villagers' questionnaires. This paper
calculates and obtains related wealth indicators from the rural
household questionnaire data. Starting from three dimensions—
income, assets, and consumption—a total of 13 sub-indexes were
obtained (Table S4). In addition, principal component analysis
was used to reduce dimensions and aggregate these 13 sub-
indexes, with the first principal component being used as a
composite wealth index. Both these sub-indexes and the com-
posite index were used for model training.

Sub-indexes: A series of characteristics, such as rural housing,
living facilities, and energy consumption, are closely related to the
wealth of farmer households. Especially for rural housing, hous-
ing construction is an important indicator of rural economic
development, with more than 60% of farmers’ income being
invested in their homes (Knight et al.,, 2020). As income levels
increase, cars also become a major tool for wealthier farmers to
enjoy a better life, which in turn indirectly reflects the wealth level
of farmer households.

Therefore, in the 13 sub-indexes of this paper, housing-related
indicators make up the majority, totaling 10 items. The rest
include family income, car ownership, and electricity consump-
tion indicators. The specific indicators are defined in Table S4.
Housing-related indicators mainly consider factors such as floor
height, base area, house structure, exterior wall decoration, toilet,
kitchen, bathroom, and internal facilities such as tap water, air
conditioning, broadband, etc. Farmers invest their income in
upgrading their homes to achieve their ideal comfortable living
environment. From the basic size and safety of the house to the
esthetic appearance and the comfort and convenience of facilities,
these are all reflections of the gradual increase in farmers’ wealth
accumulation levels. Clearly, larger houses and more robust
structures require more capital investment, and the same goes for
purchasing more air conditioning, broadband, and other facilities.

In addition, the functional zoning within the house and
comprehensive construction are characteristics of modernized
rural housing, where independent kitchens, bathrooms, and flush
toilets are also important guarantees of housing quality. However,
the provision of these facilities is still not widespread in many
backward areas. For example, only 54% of self-built homes
nationally are equipped with flush toilets (Table S4), and some
areas still use pit latrines. Cars are another important asset for
farmer households. According to the questionnaire survey, about
62% of farmer households in China own a car. Since farmers
usually count the cars of family members working away from
home and not just those residing in the village, this percentage
may be an overestimate of local rural assets. The average monthly
electricity bill in the summer reflects the rural households’
capacity to use household appliances and is another important
representation of wealth level.

Composite index: This paper further aggregates the above 13
indicators to form a composite wealth index. The method of
principal component analysis is used to reduce the dimensions of
the 13 indicators, and the first principal component is used as the
composite wealth index. This type of operation is widely used in
the process of composite wealth analysis to generate reliable and
stable labels for machine learning (Jean et al., 2016; Yeh et al,
2020; Chi et al., 2022).

For the combination of economic variables related to family
wealth, the first principal component obtained through principal
component analysis can often be interpreted as a family wealth
index, or a proxy variable for the overall and long-term
socioeconomic level of a family. When dimensionality reduction
is performed on a set of related household economic variables
using principal component analysis, the first principal component
often captures the largest variance in the data. Since these
economic variables all reflect family wealth, such as housing and
cars, the first principal component is likely to represent a
common wealth factor that explains the most significant variance
in the data. In fact, from an economic sense, this implies an
assumption: wealth is the most important factor affecting the
differentiation of these economic variables. Therefore, it is
reasonable to interpret the first principal component as a wealth
index or a proxy variable for socioeconomic status.

+ WXy M

From Eq. (1), in principal component analysis, each principal
component is a linear combination of the original variables,
where each variable is multiplied by its corresponding weight.
These weights, also known as loadings or coefficients, are
different for each variable in each principal component. Suppose
there are n related variables x,, x,, ..., x,. The first principal
component pc, can be expressed as: (1) Here, w,, w,,... w,, are the
weights assigned to each variable x,, x,... x,, in pc,. These weights

pep = wix; +wyx, + ...
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determine the contribution of each variable to pc,. The selection
of weights aims to maximize the variance explained by pc, while
ensuring that the first principal component is uncorrelated with
the other principal components.

Following established practice in asset-based wealth index
construction (Corsi et al.,, 2012; Jean et al., 2016; Yeh et al., 2020;
Chi et al, 2022), we retain the raw scale of the first principal
component from PCA. This allows the index to preserve the
proportionate variance across units and better reflect relative
disparities without artificial compression into a fixed range.

Wealth feature indicators from the imageries. This paper further
extracts related wealth proxy variables from national remote
sensing and street view imagery, realizing low-cost, large-scale,
and high-precision feature extraction of rural household wealth
elements (see S1 of Supplementary Materials). A total of 10 major
wealth feature characteristics were identified, mainly including
housing features and facility features. The specific feature indi-
cator definitions and data sources are as follows in Table S5.

In the housing dimension, this paper primarily identified
features such as the base area of rural housing, number of floors,
exterior wall decoration types, and rural housing quality, while
also counting the number of houses in townships. These variables
collectively reflect the scale and quality of rural housing. The base
area of the building and the number of floors complement each
other, together representing the scale of the rural housing. Both
the building’s base area and the number of floors serve as
indicators of the scale of rural housing construction—larger
footprints and taller structures each reflect greater household
investment and housing size. The scale of rural housing is directly
linked to the cost of raw construction. The costs of construction
materials and labor, such as steel, cement, and bricks, are basically
proportional to the size of the rural housing. Therefore, the larger
the rural housing, the more wealth is embedded in it.

The type of exterior wall decoration further reflects the
financial strength of the rural household. Houses with tiled
exteriors are more esthetically pleasing and sought after by many
modern rural housing constructions, and the material cost is also
higher, hence farmers who opt for tiles usually have more
substantial financial resources. In contrast, houses with exposed
exterior walls indicate that the rural household does not have
sufficient funds to build a better house, reflecting a lower level of
wealth accumulation. This paper also uses the quality of rural
housing as one of the features reflecting the wealth of farmers.
The quality of rural housing has a strong correlation with the
disposable income of farmers (Xu et al., 2022). Families with
higher income levels are likely to build higher-quality houses.
Therefore, the quality of rural housing can be used to predict
wealth levels. The total number of houses in townships reflects
the aggregation degree of housing in the township and may
produce a scale effect on the accumulation of farmers’ wealth.

In the facilities dimension, this paper primarily identified
facilities such as cars, motorcycles, and air conditioners. Cars are
another important asset related to wealth. A car, along with a
house, is an important representation of the economic status of a
rural family. Especially in the rural marriage market, farmer
families with cars often have a competitive edge. In rural areas,
the presence and number of cars can also reflect the wealth level
of farmers and villages. Motorcycles are also an important asset in
the daily life of farmers, but are slightly less indicative of wealth
than cars.

Air conditioning is another important support facility for
modern rural life. With global warming and an increase in
extreme weather events, air conditioners have become an
important guarantee for farmer families to maintain a comfor-
table living environment and combat heat or severe cold.

Operating air conditioners also consumes a large amount of
electricity. Air conditioning is not a rigid need, and families that
can afford air conditioners typically have a significant income.
Additionally, since the air conditioning unit is usually mounted
on the exterior wall, it is easily captured by village street view
imagery. Therefore, this paper conjectures that air conditioning
can be used to predict the wealth level of farmers.

After identifying or extracting the above feature elements, this
paper calculates the average value or proportion of the related
indicators at the township level. Ideally, wealth-related variables
should be calculated at the village level, but there are fewer images
at the village scale. This paper chooses to use townships as the
unit for calculating wealth. Typically, a township contains an
average of more than 20 villages. All wealth-related variables are
aggregated at the township level.

In the dimension of averages, there are four indicators: floor
height, base area, and quality of rural housing. In the proportion
dimension, there are five indicators: car rate, motorcycle rate, air
conditioning rate, rate of tiled exterior walls, and rate of exposed
exterior walls. In the scale dimension, the total number of houses
in each township is obtained using spatial statistics. The
proportion indicators are calculated according to Eq. (2):

N
_Zibi @)
v N
where R, represents the proportion for the corresponding
variable. D; is a dummy variable that equals 1 when the related
element is successfully detected and 0 when it is not detected. N is
the number of houses or images at the township level. Among
them, the rates of tiled exterior walls, exposed exterior walls, and
air conditioners are calculated based on the number of houses.
Since vehicles cannot be identified as belonging to any particular
rural house, the car rate and motorcycle rate are calculated based
on the number of images.

R

Deep learning from the street view imagery. In this study, two
types of models were used to extract wealth-related information
from the 1.85 million village street view imagery. First, we
adopted a pretrained housing quality evaluation model developed
by Xu et al. (Xu et al., 2022), which produces a housing quality
index based on labeled street view imagery with a correlation
coefficient of 0.87 (see Supplementary Material S1 for details).
Second, we independently developed a suite of object detection
models to identify visible wealth-related features from rural street
view imagery.

These features include doors, windows, cars, motorcycles, air
conditioning units, and facade characteristics. The presence of
vehicles and air conditioning equipment serves as a proxy for
household economic status and modern living standards, while
door and window counts are used to infer the number of storeys.
Collectively, these elements provide a comprehensive, multi-
dimensional representation of rural housing conditions.

For these tasks, we selected YOLOv5 due to its proven balance
between detection accuracy and computational efficiency, parti-
cularly in small-object scenarios common in rural environments
(Zhao et al, 2019; Ge et al, 2021). The model’s real-time
performance and deployment flexibility have made it a widely
adopted framework in both academic and applied vision tasks
(Jocher, 2020). To improve model precision, we manually
annotated a large number of training samples for each target
category and trained separate YOLOv5 models for each feature.
Regarding the storey height variable, it refers to the number of
floors of a building, rather than the vertical height in meters. This
is estimated from street view imagery based on a rule-based post-
processing step applied to YOLOv5 detection outputs. Specifi-
cally, for each detected window or door, we generate a vertical
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line through the image and count the number of doors/windows
it intersects. The maximum count across all such vertical lines is
used to infer the number of storeys.

A total of six detection models—including those for cars,
motorcycles, and air conditioners—were trained on datasets split
into training (70%), validation (10%), and testing (20%) subsets.
All models were trained under consistent experimental settings
on a workstation equipped with an Intel® Core™ i7-10700K CPU
and an NVIDIA GeForce RTX 3060 GPU. Model performance
was evaluated using standard object detection metrics, including
average precision (AP) and F1-score.

Random forest for establishing the regression relationship between
wealth features and labels. This paper uses random forest to train
a regression model for inferring family wealth from image feature
indicators. Random forest is a classifier that includes multiple
decision trees, where the final prediction result depends on the
mode of the outputs from each decision tree. Random forests
have the following advantages: they do not require normalization
of the data, can perform nonlinear prediction tasks, and can
eliminate the interference of missing values, thereby ensuring a
broader range of prediction. In addition, sub-indexes are often
non-linearly distributed, such as floor height, car rate, etc., which
are mainly long-tail distributions. Random forests can avoid
estimation bias caused by non-normality of the data. Therefore,
this paper selects random forest as the machine learning model.

This paper uses ten-fold cross-validation for model training.
Specifically, the 1,678 townships are randomly divided into 10
groups; each group is used as the validation group, and the other
9 groups are used as the training group for training and
validation. By averaging the evaluation of multiple models, a
more robust model with generalizable predictive effects is
obtained. During the model training process, some parameter
indicators are set. The number of decision trees is set to 100
(ntree = 100), which means the random forest model contains
100 decision trees. The number of features randomly sampled at
each node is set to 1 (nfeature = 1), indicating that each decision
tree randomly selects 1 feature to evaluate when splitting a node.

Result
Performance of image-based feature detection. The six deep
learning models developed in this study achieved strong perfor-
mance (Table 1), with an average overall precision of 94.53%.
This indicates that, on average, the models accurately detected
94.53% of the target features across all categories. Among them,
the model for exposed exterior wall detection achieved the highest
precision (99.43%), demonstrating excellent accuracy in identi-
fying wall materials. The car detection model also performed
robustly, with an average precision of 98.29%, while the model for
door and window detection—used for estimating storey height—
achieved a slightly lower precision of 88.95%, likely due to
occlusion, structural variation, or complex image conditions.
The remaining models, including those for motorcycles, air
conditioners, and tiled exterior walls, all exceeded 90% in precision,

Table 1 Performance of wealth-related detection models.

Wealth variable Labels Average precision F1-score
Storey Height 1807 88.95% 89.01%
Car 3610 98.29% 98.71%
Motorcycle 5597 96.43% 96.43%
Air Conditioning 5597 91.09% 94.84%
Tiled Exterior Wall 7120 92.97% 89.85%
Exposed Exterior Wall 1580 99.43% 98.04%
Average 94.53% 94.48%
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suggesting consistent reliability across a diverse set of visual targets.
Overall, these detection models demonstrate strong generalization
capabilities and high predictive accuracy under uniform training
conditions. These results provide a solid foundation for the
downstream construction of wealth-related feature indicators and
support the broader goal of linking visual attributes of rural
housing with household wealth estimation at scale.

Performance of wealth-related index prediction. To validate the
reliability of household facility measurements derived from street
view imagery, we conducted a comparative analysis between the
image-derived indicators and corresponding values from our
ground truth household survey data. As shown in the heatmap
below (Fig. 2), the correlation coefficients between survey-based
and image-based indicators demonstrate consistently positive
and, in many cases, strong associations.

For instance, the Pearson correlation coefficient between
image-derived and survey-reported floor height reaches 0.80,
and that for toilet rate is 0.61, indicating strong agreement
between the two sources. Other key indicators also show
moderate correlations, including independent bathroom rate
(r =0.54), cooling facility rate (r = 0.42), and car ownership rate
(r =0.32). These results support the validity of our imagery-based
measurements and demonstrate that visual features extracted
from street-level imagery can effectively capture various aspects
of household infrastructure.

This comparison demonstrates the credibility and robustness
of using street view imagery for large-scale measurement of
household infrastructure. To further improve the predictive
accuracy of each survey-based indicator, we employed a random
forest model that integrates all available survey-based indicators
as reference variables. This modeling approach enhances the
consistency and interpretability of the predicted results. Conse-
quently, our method enables spatially continuous estimation of
rural housing conditions and household facilities, particularly
valuable in regions where traditional household surveys are
unavailable, infrequent, or costly to conduct.

The random forest models demonstrate strong predictive
performance for the composite wealth index and its sub-
indicators (Table 2). The predicted composite index demonstrates
a strong correlation with the actual values (r=0.85), accom-
panied by a root mean square error (RMSE) of 0.55 and a
coefficient of determination (R*> = 0.71), confirming that features
extracted from remote sensing imagery and village street view
imagery can effectively estimate rural household wealth at the
township level. The composite index shows the second-highest
correlation among 13 indicators, following only floor height,
indicating its robustness in capturing wealth-related information.

Among sub-dimensions, income prediction is less accurate
(R2=10.55, r = 0.66), likely due to the indicator’s reliance on a
binary income threshold, which fails to reflect income variability
and introduces noise. In contrast, summer monthly electricity
consumption performs well (R2=0.66, r=0.81), as it is a
continuous variable with clear recall and strong links to
household economic capacity.

Asset-related indicators also show strong predictive accuracy.
Floor height exhibits the highest correlation with survey-based
values (r=0.89, R* = 0.80), supported by its reliable detectability
in street view imagery. The presence of flush toilets and
independent bathrooms also shows strong correlations—
r=0.83, R*=0.67 and r=0.81, R*=0.66, respectively—high-
lighting their importance as key indicators of rural housing
improvements. The cooling facility rate performs similarly well
(r=0.82, R*=0.68), largely attributable to the visibility of
external air conditioning units in the imagery. In contrast,
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Survey-based indicators

Housing Quality| 0.64 | 0.62 | 0.60 [ 0.58 | 0.56 | 0.46 | 0.44 | 0.43 | 038 | 0.31 | 0.31 [ 0.16 | 0.15 | 0.07

Floor Height| 0.59 [ 0.80 | 0.61 | 0.54 | 0.47 | 0.42 | 0.36 [ 0.32 | 027 | 0.21 | 0.18 | 0.04 [ 026 | 0.08

8 Rate of Air Conditioner| 0.58 | 0.50 | 0.45 | 0.46 | 0.57 | 0.48 [ 0.58 | 0.33 | 0.32 | 0.33 [ 0.27 [ 0.09 | 0.23 | 0.04
<
-2

'g Rate of old houses| 0.44 | 0.63 [ 0.57 | 0.49 | 0.29 | 0.28 [ 0.19 | 0.34 | 0.14 |-0.02 [ 0.07 | -0.02 | 0.14 | 0.09

'8 Rate of Motorcycle| 0.31 | 0.39 | 036 [ 0.32 | 0.27 [ 0.15 [ 0.18 | 0.21 | 0.13 [ 0.02 | 0.12 | 0.01 | 0.18 | 0.07
3

—? House Base Area| 0.25 | 0.43 | 031 | 0.24 | 0.14 | 0.13 [ 0.06 [ 0.12 [ 0.01 | 0.07 | 0.06 | 0.24 | 0.11 | 0.02
(5]

an

g Rate of car| 0.24 | 0.21 | 0.16 | 0.18 | 0.25 | 0.22 | 0.18 | 0.13 | 0.14 | 0.28 | 0.16 | 0.07 [ 0.12 | 0.05
—_

Rate of Tiled Wall| 0.24 | 0.19 | 0.21 | 0.20 | 0.24 | 0.10 | 0.19 | 0.18 | 0.27 | 0.12 | 0.15 [ 0.05 [ 0.03 | -0.10

Number ofhouses| 0.18 [ -0.13 [ 0.04 [ 0.14 [ 0.19 | 0.09 [ 0.28 | 0.15 | 0.07 | 0.27 | 0.21 | 0.24 | -0.01 | 0.06

Rate of Red-brick \Vaﬂn -0.18 [ -0.31 -0.28 | -0.25 | -0.07 | -0.09

Fig. 2 The heat map of the correlation coefficients between survey-based and image-based indicators.

This heat map shows the Pearson correlation

between each ground-truth survey indicator and the corresponding features derived from image data. Strong correlations are highlighted in red, indicating

high predictive potential.

Table 2 Performance indicators of the predictive model for related wealth indexes.
Dimension Type Indicator R2 Correlation coefficient Mean absolute error Root mean square error
Composite Wealth Index 0.71 0.85 0.42 0.55
Income Income Household Income Level 0.44 0.66 0.10 0.4
Consumption  Electricity Summer Monthly Electricity Bill 0.66 0.81 27.46 37.04
Assets Rural Housing  Floor Height 0.80 0.89 0.21 0.30
Building Base Area 042 0.67 10.98 15.29
Flush Toilet Rate 0.67 0.83 0.1 0.14
Bathroom Rate 0.66 0.81 0.10 0.13
Independent Kitchen Rate 0.43 0.65 0.09 0.12
Cooling Facility Rate 0.68 0.82 0.10 0.14
Exterior Wall Tiling Rate 0.38 0.61 0.09 0.12
Broadband Coverage Rate 025 0.49 0.10 0.13
Tap Water Supply Rate 0.73 044 0.10 0.14
Frame Structure Rate 0.07 0.29 0.04 0.07
Car Car Ownership Rate 032 0.57 0.10 0.13

indicators less directly tied to housing quality yield weaker results;
for instance, car ownership demonstrates a lower correlation
(r=0.57, R*=0.32), likely due to overreporting of vehicles
owned by migrant family members but not residing locally.

Overall, these results validate the effectiveness of using
machine learning and image-based features to predict rural
wealth patterns, providing a scalable and high-resolution
alternative to traditional survey-based approaches.

Spatial  distribution and  characteristics of  rural
household wealth. Analysis of the composite wealth index for
rural households reveals a national average of —0.06, reflecting
relative economic status rather than deficits, with pronounced
wealth disparities across regions. Higher wealth concentrations
appear along the Yangtze River and southeastern coastal regions,
while a bimodal distribution pattern suggests two distinct clusters
of wealth levels in the country (Fig. 3).

As shown in Table 3, the average quality score of rural housing
in national townships is 5.78. The average floor height is 1.59
floors, of which 85.6% of townships have floor heights of less than
2 floors, indicating that rural housing in China mainly consists of
1 or 2 floors. The difference in rural housing quality and floor

height is more pronounced in the north-south direction, with
larger building areas in the mid-latitude regions. The average
building base area is 107 square meters, which is close to the
110 square meters reported in the questionnaire statistics. An
average of 24% of rural houses have air conditioning facilities,
with higher air conditioning rates mainly concentrated around
the Beijing area and along the Yangtze River. 34% of rural houses
have tiled exterior walls, while 11% have exposed exterior walls.
Exposed exterior walls are more common in the western regions.
The distribution of tiling rates is relatively less distinct. In terms
of transportation tools, cars were captured in 14% of the images,
while motorcycles accounted for only 11%. While vehicle
presence is often associated with rural wealth, the image-
derived car and motorcycle rates should be interpreted cautiously.
Differences in photo timing, camera angles, and local parking
behaviors may lead to visibility biases—particularly in northern
regions where outdoor parking is more common. These
limitations reinforce the need to interpret such indicators in
combination with other wealth features rather than in isolation.

China’s rural household wealth is markedly heterogeneous.
County-level analyses show a bimodal wealth distribution,
suggesting polarization into higher and lower wealth zones
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Fig. 3 Composite wealth index. This figure presents the spatial distribution of the composite rural household wealth index across China at the township
level. a shows the town-level composite wealth index, while b-k show housing quality, building base area, floor height, rate of air-conditioner, rate of car,
rate of motorcycle, rate of tiled exterior wall, number of houses and rate of old houses, respectively.
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Table 3 Descriptive statistical features of wealth elements.

Dimension Feature indicator Average Maximum Minimum Variance

Wealth Composite Wealth Index —0.06 2.27 —2.52 0.82

Housing Number of Houses 13,072 161,718 1524 10,828.63
Building Base Area 107 181 0 18.90
Rate of Old-Style Rural Housing 0.26 1.00 0 0.18
Floor Height 1.59 6.93 1 0.42
Quality of Rural Housing 5.78 7.10 2.06 0.33
Rate of Tiled Exterior Walls 0.34 1.00 0 0.15
Rate of Exposed Exterior Walls 0.11 0.86 0 0.10

Facilities Air Conditioning Rate 0.24 8.48 0 0.30
Car Rate 0.4 1.00 0 0.10
Motorcycle Rate 0.1 1.00 0 0.08

(Fig. 4d-f). Wealthier areas, particularly in the Yangtze River and
southeastern coastal regions, contrast starkly with poorer
counterparts in the northwest, northeast, and Tibetan Plateau.

Geographic disparities are pronounced, with wealth typically
greater in the south than in the north and in the east more than in
the west. The demarcating Hu Line and Qinling Huaihe Line
reflect these disparities, with wealth indices on their east and
south sides considerably higher than on their west and north
sides. Within China’s nine major agricultural zones, wealth peaks
in the Yangtze River’s fertile basin and subsides in the remote
Qinghai-Tibet, Northeast, and Inner Mongolia regions.

A granular view, informed by intelligently interpreted features,
confirms southern regions surpass the north in wealth indices, with
homes here averaging higher floor counts and larger base areas
Table 4. Modern construction materials, air conditioning, and
vehicle ownership rates further delineate the divide, showcasing the
South’s deeper investment in housing and development.

China’s wealthiest rural counties, representing the top 10% in
household wealth index, cluster along the Yangtze River and
southeast coast, forming economic belts enriched by decades of
progressive reform (Fig. 4). Notably, these regions harness the
advantages of special economic zones like Xiamen and Shenzhen,
blending traditional agriculture with modern enterprises. Models
of urbanization, such as the Wenzhou and Putian models,
exemplify the seamless integration of rural spaces into the
economic fabric without uprooting communities.

The fecund basins around Dongting, Tai, and Poyang Lakes
bolster this wealth, supporting rice agriculture that thrives on
surplus for both local sustenance and nationwide supply. This
prosperity has allowed for significant reinvestment in rural
infrastructure and housing, amplifying the wealth of these areas.

Conversely, the bottom 10% of counties, predominantly west of
the Hu Line and in the northeast, struggle with geographic and
infrastructural barriers. Over half of these counties lie in border
areas with limited access to national economic streams and
infrastructural support, hampered by rugged plateau terrains and
underdeveloped agriculture. The disparity underscores China’s
diverse economic landscape and highlights the need for targeted
development strategies in its remote rural regions.

Explanatory analysis of natural and economic drivers of rural
household wealth. The growth and accumulation of rural
household wealth is shaped by a combination of natural and
economic factors. This process unfolds within the relatively stable
natural geographic environment of rural China, while also being
influenced by regionally differentiated economic development
patterns in the eastern, central, and western parts of the country
since the reform and opening-up era. Accordingly, this study
investigates the factors contributing to rural wealth accumulation
from both natural and economic perspectives.

In the natural geography dimension, we consider three
foundational variables: elevation, average annual temperature,
and river network density, all measured at the county level. These
variables tend to be stable over time, yet exert strong, long-term
effects on agricultural production capacity and regional develop-
ment. In the economic geography dimension, we include per
capita GDP and the urbanization rate, both of which are widely
recognized as indicators of regional development stages and have
significant explanatory power for differences in household
income and wealth. To control for spatial heterogeneity, we also
include dummy variables for China’s nine major
agricultural zones.

Based on these variables, this article further constructs an OLS
regression model to explain rural family wealth, as follows:

)

Where w is the composite wealth index, ¢ is the constant term, h
is the altitude, t is the average temperature, r is river density, g is
per capita GDP, u is urbanization rate, D; is the dummy variable,
and e is the residual term. § series are the estimated coefficients.
All variables except the urbanization rate u have been log-
transformed. The regression results are shown in Table 5.

In Model (1), which includes only elevation and temperature,
the model already achieves a strong fit (R*=0.65), with both
variables highly significant (p <0.01). Adding river density in
Model (2) does not notably change the model fit, but river density
itself remains statistically significant (p <0.05). The findings
suggest that rural areas at higher elevations tend to have lower
composite wealth scores—likely due to harsher terrain, weaker
agricultural productivity, and less developed infrastructure. In
contrast, warmer regions, mainly in southern China, exhibit higher
rural wealth levels. These areas benefit from more favorable
climatic conditions, longer growing seasons, and stronger popula-
tion attractiveness. For instance, southern rice-producing regions
often support multiple harvests per year, generating greater
agricultural surplus and facilitating household wealth accumula-
tion. Warmer climates also attract seasonal migrants from colder
regions, such as northeastern China, further enhancing local
economic vitality. Areas with dense river networks, such as those
surrounding Dongting Lake, Poyang Lake, and Tai Lake in the
Yangtze River Basin, show stronger rural development supported
by abundant water resources and intensive agriculture.

In the economic dimension, Model (3) adds urbanization rate
and per capita GDP to the baseline specification. Both variables
exhibit strong and significant positive effects (p <0.01) on rural
wealth. Higher per capita GDP reflects stronger regional
economies and greater household disposable income, which
translates into greater investment and consumption capacity in
rural areas. Urbanization serves as a key driver of income growth,
as rural residents benefit from access to urban labor markets.

w=Byc+ pih+ Byt + Byr + fug + Psu+ Z?=8Di +e
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Fig. 4 Differentiation map of the composite wealth index. a is the county-level composite wealth index; b is the composite wealth index of the nine major
agricultural zoning areas; c is the village street view imagery of different wealth levels from north to south; d is the frequency histogram of the composite
wealth index at the county level; e is the frequency histogram grouped by the east and west sides of the Hu Line; f is the histogram grouped by the sides of
the Qinling Huaihe Line.
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Table 4 Differences in wealth variables between rural areas in the North and South.

Dimension Feature indicator Hu Line Qinling-Huaihe Line
East side West side
Wealth Composite Wealth Index 0.07 —0.99
Housing Number of Houses 14,475 7740
Building Base Area 107.56 95.96
Rate of Old-Style Rural Houses 0.25 0.15
Floor Height 1.63 1.29
Quiality of Rural Housing 5.80 5.56
Rate of Tiled Exterior Walls 0.34 0.26
Rate of Exposed Exterior Walls 0.1 0.13
Facilities & Equipment Air Conditioning Rate 0.28 0.06
Car Rate 0.16 0.12
Motorcycle Rate 0.12 0.09

the county level.

Table 5 Regression relationship between natural and economic variables and the composite index of rural household wealth at

Standard error 0.444 (df =1827) 0.443 (df =1826)

Wealth index
m (2) 3) (C)) (5)
Elevation —0.189™" —0.182""" —0.160"" —0.158"" —0.168"
(0.007) (0.007) (0.007) (0.007) (0.009)
Temperature 1.014™ 1.000™" 1.027" 1.016™ 0.2917"
(0.023) (0.023) (0.023) (0.023) (0.035)
River Density 0.043™ 0.0417 0.043™ 0.020"
(0.015) (0.015) (0.014) (0.012)
Urbanization Rate 0.813™ 0.599™" 0.343™
(0.077) (0.095) (0.078)
Per Capita GDP 0.098™" 0.048™
(0.026) (0.021)
Constant Term —4.656"" —4.777" —5.441"" —5.443™ —0.581"
(0.139) (0.145) (0.154) (0.153) (0.226)
Number of Samples 1830 1830 1830 1830 1830
R2 0.654 0.655 0.675 0.678 0.799

0.430 (df =1825) 0.429 (df =1824) 0.340 (df =1816)

‘p<0.1; "'p<0.05 "p<0.01

Over the past four decades, rural-to-urban labor migration has
played a central role in raising household incomes. When the
agricultural zone dummies are added in Model (5), all variables
remain significant, and the model fit increases to R*>=0.799,
indicating the robust influence of both natural and economic
factors on rural wealth accumulation.

In sum, this analysis highlights that rural wealth is shaped by
the foundational constraints of geography and the dynamic
opportunities of economic development. Natural variables such as
elevation, temperature, and river density influence wealth
through their effects on agricultural productivity and accessibility.
In parallel, regional economic conditions—captured through per
capita GDP and urbanization—exert a strong and positive
influence on household wealth accumulation.

Discussion

This study presents a comprehensive technical framework for
evaluating Chinese rural family wealth through the intelligent
interpretation of rural housing assets. By integrating overhead
remote sensing imagery with ground-level street view images, and
applying deep learning methods, we constructed a finely-resolved,
township-scale composite index of rural family wealth across the
country. This is the first attempt to generate such a national-level
wealth map that systematically captures both structural and
functional aspects of rural assets.

Our results demonstrate strong overall model performance,
with the composite index achieving a Pearson correlation coef-
ficient of 0.85 and a coefficient of determination (R* = 0.71) when
compared to survey-based data. Specifically, image-derived indi-
cators such as housing height, independent bathroom rate, flush
toilet rate, and cooling facility rate all exhibit correlation coeffi-
cients exceeding 0.80, underscoring the model’s effectiveness in
capturing infrastructure-based proxies of rural wealth. In terms of
household consumption, summer electricity expenditure also
shows strong predictive alignment (r=0.81, R*=0.66). In con-
trast, the model performs less effectively in predicting household
income (r=0.66, R* = 0.44), likely because income is less directly
observable through visual cues captured in imagery.

Despite the model’s promising results, several limitations
remain. Most notably, the current index is developed at the
township level, rather than at the more granular village level,
which limits its applicability for fine-scale rural governance and
policy design. Villages represent the fundamental spatial unit of
rural revitalization efforts and the primary interface for policy
implementation. While remote sensing imagery can provide
house-level precision, the availability of street view images is still
limited. In this study, the average number of images per village is
approximately five, which may result in inadequate sample
representation. Consequently, township-level aggregation was
adopted. In future work, as crowdsourced rural street view plat-
forms become more prevalent, it will be feasible to scale this
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framework to the village level, enabling more detailed wealth
diagnostics and localized intervention planning.

Additionally, some indicators, such as car and motorcycle own-
ership, exhibited relatively lower correlations. This is likely due to
two factors: (1) survey-reported ownership may include vehicles
belonging to migrant family members who no longer reside locally,
thus overestimating local wealth; and (2) street-level imagery may fail
to consistently capture mobile assets due to seasonal usage, shared
ownership, or occlusions. These limitations highlight the challenges
of using static, image-based methods to assess non-permanent or
mobile assets. To address this, our composite wealth index integrates
a variety of household characteristics, ensuring greater robustness by
reducing the weight of any single noisy indicator.

Lastly, while PCA was effective in synthesizing multi-
dimensional wealth indicators and capturing their variance
structure, it does not explicitly account for spatial autocorrelation
across townships. Future studies may consider employing spa-
tially weighted PCA or geographically weighted PCA to better
incorporate the influence of local spatial patterns and enhance the
spatial sensitivity of wealth assessments.

Data availability

The datasets used for training the models and predicting
township-level rural wealth indices, as well as the datasets used
for explaining spatial wealth differentiation, are publicly available
at: https://doi.org/10.6084/m9.figshare.28946042.v1.
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