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Abstract
Crop revenue insurance has become an important form of agricultural insur-
ance in China, and will be implemented in all major producing counties across
13 major grain-producing provinces in 2022. This paper first reviews the over-
all application history of remote sensing technology in agricultural insurance.
Secondly, by elaborating on the business model of existing crop revenue insur-
ance, it presents the current application scenarios of remote sensing technology
within this model, and reviews the research progress on key technologies in
various application scenarios, including farmland parcel extraction, crop classifi-
cation, crop disaster assessment, and crop yield estimation. Finally, it enumer-
ates the commonly used remote sensing data sources for crop revenue insurance.
Through this review, two most important technical-level issues in the applica-
tion scenarios of crop revenue insurance are identified: first, parcel extraction
and crop classification are not sufficiently automated; second, yield estimation
lacks strong mechanistic basis and has low accuracy. This further leads to
two industry-level issues: first, the inherent limitations of the remote sensing
industry itself; second, compatibility issues between the current insurance in-
dustry practices and remote sensing technology integration. To address these,
this paper proposes five specific recommendations: establishing a data distri-
bution platform to solve problems of data acquisition, processing difficulties,
and initial data standardization; improving farmland parcel and crop type sam-
ple databases to promote automation of parcel extraction and crop classification;
conducting interdisciplinary research to achieve faster, more accurate, and more
scientific yield estimation; standardizing the application of remote sensing tech-
nology in agricultural insurance; and contractualizing the application of remote
sensing technology. Looking forward, the application model of remote sensing
technology in crop revenue insurance and even all agricultural insurance should
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be a new model with available data, more automated and intelligent technology,
enforceable standards, and contractual backing.
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Abstract: Plant income insurance has become an important form of agricul-
tural insurance in China. Since 2016, the Chinese government has recommended
pilot programs in several counties, and by 2022, implementation is required in all
major grain-producing counties across 13 major grain-producing provinces. The
measurement of yield for plant income insurance at such scale urgently requires
support from remote sensing technology. This paper first reviews the overall
application history of remote sensing technology in agricultural insurance. Sec-
ond, by elaborating on the existing business model of plant income insurance, it
demonstrates current application scenarios for remote sensing technology within
this model and reviews research progress on key technologies under various sce-
narios, including cultivated plot extraction, crop classification, crop disaster
assessment, and crop yield estimation. Finally, commonly used remote sensing
data sources for plant income insurance are enumerated. Through this review,
two critical technical problems are identified in the application scenario of plant
income insurance: first, plot extraction and crop classification are insufficiently
automated; second, yield estimation lacks mechanistic rigor and sufficient accu-
racy. These technical issues extend to two industry-level problems: the inher-
ent limitations of the remote sensing industry itself, and compatibility issues
between current insurance industry practices and remote sensing technology
integration. Accordingly, this paper proposes five specific recommendations: es-
tablishing a data distribution platform to address difficulties in data acquisition,
processing, and initial data standardization; improving cultivated plot and crop
type sample databases to promote automation in plot extraction and crop clas-
sification; conducting interdisciplinary research to achieve faster, more accurate,
and more scientific yield estimation; standardizing remote sensing technology
applications in agricultural insurance; and contractualizing remote sensing tech-
nology applications. Looking forward, the application model of remote sensing
technology in plant income insurance—and indeed all agricultural insurance—
should be a new model with readily available data, more automated and intel-
ligent technology, standards to follow, and contractual backing.
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1 Introduction
Agriculture is a vulnerable industry facing dual risks: production risk from
natural disasters and market risk from price fluctuations. As an effective tool
for agricultural risk management, agricultural insurance plays a crucial role
in avoiding agricultural risks, ensuring stable farmer income, and maintaining
rural social stability. Since the implementation of policy-supported agricultural
insurance in 2007, China’s agricultural insurance has developed rapidly. In
2020, agricultural insurance premiums reached 81.5 billion RMB [?], ranking
first in the world for the first time, and continued to grow to 96.5 billion RMB
in 2021 [?].

However, China’s current policy-supported agricultural insurance is predom-
inantly physical cost insurance, which primarily compensates for yield losses
caused by natural disasters at the level of physical input costs. With economic
globalization, the correlation of agricultural product prices across countries has
increased, and the impact of agricultural market risk has become increasingly
prominent. Frequent price fluctuations have seriously affected the stability of
agricultural income. Traditional physical cost insurance, also known as yield in-
surance, can no longer meet the risk protection needs of agricultural producers.
International experience shows that agricultural income insurance is an impor-
tant means of protecting farmers against production and market risks and has
become a key agricultural insurance product promoted in developed countries
such as the United States, Canada, and Japan [?]. Compared with insurance
products that cover only price or only yield, agricultural income insurance com-
pensates producers for income losses caused by dual risks of yield or price. It
offers more comprehensive risk protection, lower underwriting risk, stronger risk
diversification capacity, and lower entry barriers, making it an inevitable choice
for high-quality development of agricultural insurance in China.

Since 2016, China has emphasized the implementation and promotion of agri-
cultural income insurance, particularly plant income insurance. The central
government’s No. 1 Document has mentioned exploring pilot programs for
plant income insurance every year since 2016. Under policy guidance, multiple
provinces and cities in China have actively carried out plant income insurance
pilots, mostly in the form of area-based income insurance. In June 2021, the Min-
istry of Finance, Ministry of Agriculture and Rural Affairs, and China Banking
and Insurance Regulatory Commission jointly issued the“Notice on Expanding
the Implementation Scope of Full Cost Insurance and Plant Income Insurance
for Three Major Grain Crops”(Caijin [2021] No. 49) [?], which expanded the
2021 plant income insurance pilot from 4 major grain-producing counties in

chinarxiv.org/items/chinaxiv-202302.00173 Machine Translation

https://chinarxiv.org/items/chinaxiv-202302.00173


each of 6 major grain-producing provinces in 2020 to 500 major grain-producing
counties across all 13 major grain-producing provinces, accounting for 60% of
major grain-producing counties. The 2022 central government No. 1 Document
further clarified the need to“achieve full coverage of full cost insurance and plant
income insurance for three major grain crops in major grain-producing counties
of major grain-producing provinces,”and added new requirements to “explore
full cost insurance and plant income insurance for sugarcane.”Thus, for plant
insurance, income insurance has become an important product encouraged by
national policy for the current and future periods.

During the pilot and large-scale development of plant income insurance, insur-
ance stakeholders have continuously encountered new challenges in real-time
and accurate yield acquisition, claim area delineation, and basis risk identifi-
cation during claims settlement. Among these, real-time and accurate yield
acquisition is the most prominent challenge. Remote sensing (RS) technology
has been applied in agriculture for over 50 years, covering agricultural resource
surveys, monitoring of the four agricultural conditions (area, growth, disaster,
and yield), and agricultural environmental protection [?]. With its advantages
of wide coverage, objective recording, and short revisit cycles, remote sensing
technology has been introduced into income insurance pilot projects, accumulat-
ing certain experience. However, with the rapid development of the insurance
industry and government policy guidance, remote sensing technology applica-
tions in agricultural insurance face new opportunities and significant challenges.
These challenges include: (1) the short history of remote sensing technology
application in China’s agricultural insurance and insufficient experience accu-
mulation; (2) varying service demands for remote sensing technology across dif-
ferent insurance products without unified models or standards; (3) uncertainty
in recognition of remote sensing technology by agricultural insurance parties
(government providing premium subsidies, insurance companies as insurers, and
farmers as insured) since its introduction is not mandatory by government or
regulators and lacks explicit contract terms; (4) immature integration between
remote sensing technology and agricultural insurance, especially loss compensa-
tion insurance (as opposed to index insurance); and (5) inherent limitations of
remote sensing technology itself [?, ?].

Therefore, this paper first reviews the development history of remote sensing
technology in agricultural insurance, elaborates on existing problems in yield
acquisition for plant income insurance, and focuses on the plant income insur-
ance product. By presenting the business process of plant income insurance and
intervention scenarios for remote sensing technology, it reviews key technologies
related to the business, and finally discusses the current application status and
future prospects of remote sensing technology in plant income insurance, aiming
to promote in-depth application of remote sensing technology and high-quality
development of agricultural insurance in China.
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2 Development History of Remote Sensing Technology in
Agricultural Insurance
2.1 International Development History

Cases of remote sensing technology applied to agricultural insurance can be
traced back to 1975. In 1980, Towery et al. [?, ?] used aerial infrared imagery
to qualitatively assess the impact of hail and other disasters on crop yield, deter-
mining damaged area and location. According to De Leeuw et al.’s [?] review of
the potential and actual adoption of remote sensing in insurance, during the 40
years before 2014, remote sensing applications in loss compensation insurance
were very limited, almost exclusively restricted to several studies conducted by
the U.S. government. De Leeuw et al. [?] also found that remote sensing technol-
ogy combined better with index insurance, with a much higher maturity level
than its combination with loss compensation insurance, mainly used for forage
or livestock index insurance. Subsequently, in 2019, Vroege et al. [?] reviewed
remote sensing applications in forage index insurance, noting the high potential
of remote sensing imagery for different types of agricultural insurance, with high-
resolution imagery for loss compensation insurance, medium-resolution imagery
for area yield insurance, and low-resolution meteorological parameter-related
imagery for weather index insurance.

Around 2014, agricultural insurance in developing countries, especially China,
began rapid development. Due to the late start of agricultural insurance in
developing countries and severe information asymmetry between insurance par-
ties, remote sensing technology began to be applied in non-index insurance in
many countries, such as rice yield estimation in India [?], wheat drought risk
assessment in China [?], and rice loss assessment in Indonesia [?]. These studies
explored remote sensing technology to assist insurance loss assessment or yield
estimation, requiring transformation of remote sensing information into yield
loss-related information.

2.2 Development History in China

China is an emerging market for agricultural insurance. Since the Chinese gov-
ernment began providing premium subsidies in 2007, agricultural insurance has
entered a stage of rapid development [?], and research on remote sensing ap-
plications in agricultural insurance also began during this period. In 2013, the
People’s Insurance Company (Group) of China Limited (PICC) jointly launched
the “National Development and Reform Commission Satellite and Application
Industry Development Special Project—Remote Sensing Technology-Based Agri-
cultural Insurance Precision Underwriting and Rapid Claim Settlement Compre-
hensive Service Platform and Application Demonstration”with Beijing Normal
University and other institutions [?], marking a milestone in the integration of
agricultural insurance and remote sensing technology. In 2014, Guo and He [?]
analyzed the“underwriting by map, claim settlement by map”application model
of remote sensing technology in agricultural insurance, detailing the technical
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process of underwriting and claim settlement supported by remote sensing.

Since the introduction of remote sensing technology, Chinese researchers have
not only learned from foreign experience [?] but also actively explored product
design based on remote sensing technology, full-process auxiliary technology
applications, and business scheme designs based primarily on remote sensing
technology supplemented by Geographic Information System (GIS) and Global
Positioning System (GPS) technology, tailored to China’s national conditions.
Product design is mainly reflected in index insurance, such as Li et al. [?] de-
signing a livestock drought index insurance product based on remote sensing
vegetation indices for Nagqu, Tibet. Full-process auxiliary applications based
on remote sensing technology involve post-underwriting inspection and yield
estimation during claim settlement. Meng et al. [?] conducted a systematic
case study applying remote sensing technology to planting insurance under-
writing and claim settlement in Kulun Banner, Inner Mongolia, including crop
classification, planting area extraction, drought grade assessment, crop growth
monitoring, and yield assessment. Specialized case studies have also introduced
remote sensing technology into plant income insurance, such as Chen et al. [?]
studying soybean remote sensing yield estimation and its application process in
regional income insurance based on Sentinel-2 satellite data, and Zhu et al. [?]
conducting detailed exploration in Shanxi potato regional income insurance.

Since China’s agricultural insurance entered rapid development, various groups
including insurance companies [?], research institutes [?], regulatory depart-
ments [?], and technology companies [?, ?] have independently or jointly stud-
ied the extensive application of remote sensing-centered 3S technology in agri-
cultural insurance. Applications cover both grain crops and economic crops,
forestry, and forage insurance; from product perspectives, both loss compen-
sation insurance and index insurance; and data sources include meteorologi-
cal satellites, medium-low resolution multispectral satellites, radar satellites,
medium-high resolution satellites, high-resolution satellites, and UAV aerial
data. Meteorological satellite data can be used for disaster assessment, such
as NOAA satellite rainfall products for drought assessment [?] and GPM pre-
cipitation radar satellite data for yield assessment [?]. Medium-low resolution
data can be used for growth assessment, such as Moderate-resolution Imag-
ing Spectroradiometer (MODIS) products [?], and also for yield estimation [?].
Medium-high resolution satellite data can be used for cultivated plot delineation,
such as Sentinel-2 [?, ?], crop classification, such as environmental satellites [?],
and growth assessment and yield estimation [?]. Ultra-high resolution satellite
and UAV data are mostly used for plot extraction, crop classification, and yield
estimation [?].

Since plant income insurance generally covers individual farmers or townships,
it requires accurate crop classification, area estimation, and yield prediction
at district, township, village, and even plot levels, demanding higher resolution.
The data used are primarily medium-high and high-resolution satellite data and
UAV data [?, ?]. Although the overall technical framework for remote sensing
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in agricultural insurance has formed a standard—“Remote Sensing Technology-
Based Agricultural Insurance Precision Underwriting and Rapid Claim Settle-
ment Specification”(JR/T 0180-2019)—which stipulates work preparation, re-
mote sensing data acquisition, preprocessing and interpretation methods, overall
processes, product content, and accuracy requirements for precision underwrit-
ing and rapid claim settlement, the specification is relatively general. It does not
address specific remote sensing technologies for different insurance types, data
sources, or insurance stages. As De Leeuw et al. [?] noted, remote sensing appli-
cations in agricultural loss claims remain concentrated on technical exploration
with limited research on insurance business integration. While remote sensing
technology can currently meet underwriting and inspection requirements for
“precision underwriting,”its application in precision claim settlement faces chal-
lenges due to the complexity of crop growth and yield formation mechanisms
and influencing factors. Claims settlement remains “one place, one technique,
one case”[?], without forming technical standards or application model norms.

2.3 Problems in Crop Yield Acquisition

Plant income insurance requires actual yield and price data at harvest to sup-
port claim settlement. While actual price data can reference pricing bureau
data, actual yield data sources present a significant challenge. China’s statis-
tical departments typically release yield data with a lag of six months to one
year, making it unavailable for timely claim settlement. Therefore, yield esti-
mation methods, specifically manual yield measurement, are currently widely
used. Since agricultural production in China remains dominated by smallholder
farmers, obtaining individual yields for individual income insurance is extremely
costly and difficult to implement. Current plant income insurance mostly oper-
ates as area-based income insurance, with claims settled based on regional yield
measurements.

Existing manual yield measurement for regional yield acquisition suffers from
five deficiencies: high cost, low efficiency, incomplete regional coverage, subjec-
tive bias leading to result deviation, and inability to resolve basis risk issues.
Remote sensing technology provides a new channel for crop yield estimation,
offering growth grading maps for sampling point layout and yield estimation
modeling, but it also introduces new problems. First, remote sensing yield es-
timation is limited by data availability. Optical satellite data are affected by
weather, UAV data are constrained by flight range and resolution conflicts and
cost [?], and radar data are limited by information content [?]. Second, the
reliability and recognition of remote sensing yield estimation remain uncertain.
Remote sensing yield estimation relies on ground data support, and remote sens-
ing parameters suffer from“same object, different spectrum”or“different object,
same spectrum”phenomena, causing estimation errors. Recognition of remote
sensing technology by insurance parties, especially the insured, needs improve-
ment. Third, data acquisition costs vary dramatically across different remote
sensing data sources, such as archived vs. programmed satellite data, medium
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vs. high-resolution data, and UAV vs. satellite data. If income insurance uni-
formly requires remote sensing data, the substantial cost differences must be
carefully considered.

Thus, remote sensing technology application in plant income insurance is not
only a challenge for remote sensing technology itself but also for insurance com-
panies, government, and regulatory departments.

3 Business Process of Plant Income Insurance and Remote
Sensing Intervention Scenarios
The following uses plant income insurance as an example to illustrate its business
process and remote sensing intervention scenarios, as shown in Figure 1 [Figure
1: see original paper].

From a timeline perspective, plant income insurance begins after target crop
emergence, when insurance institutions enter the underwriting stage. Through
policy issuance, insurance institutions determine the coverage area and define
the operational scope for remote sensing applications. During the crop growth
period, remote sensing technology can be used for cultivated plot extraction and
crop classification in the insured area. Cultivated plots are fundamental data
for income insurance inspection and the basis for subsequent crop classification,
while crop classification maps are important references for insurance inspection.
During crop growth, remote sensing technology can also record and monitor crop
growth status and disaster conditions, enabling growth analysis and disaster
assessment. From harvest to claim settlement, crop yield estimation modeling is
conducted based on multi-source data including meteorological, remote sensing,
and elevation data, calculating the average yield of target crops according to
claim area regulations to serve as the yield basis for income insurance.

The business process involves four key remote sensing technologies: cultivated
plot extraction, crop classification, crop disaster monitoring, and crop yield es-
timation. Additionally, data sources and ground sample collection are essential
throughout the process. Data sources are prerequisites for business operations,
while ground samples ensure the accuracy of remote sensing analysis results.
Sample collection primarily relies on GPS technology, GIS technology, internet
technology, and sampling techniques. Current sample collection technologies
are relatively mature, such as the “e-Agricultural Insurance”system of China
Pacific Property Insurance Co., Ltd. [?] and the “Sample Collection Treasure”
of the Agricultural Information Institute, Chinese Academy of Agricultural Sci-
ences [?]. Due to space limitations, sample collection technology is not discussed
further in this paper.
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4 Current Status of Key Remote Sensing Technologies and
Data Sources for Plant Income Insurance
Theoretically, all agricultural remote sensing technologies and data sources can
be used in agricultural insurance, with selection based on business requirements.
The following sections review the overall technical status and the specific tech-
nologies and data sources needed for agricultural insurance.

4.1 Cultivated Plot Extraction Technology

Cultivated plots are fundamental data for plant income insurance underwriting
and inspection, as well as the framework for crop classification extraction, play-
ing an important role in income insurance and the entire planting insurance
application. Cultivated plots can be extracted from existing land use products,
such as the 30 m resolution GlobeLand30 [?]. However, land use products are
initially produced for land use type classification, and their accuracy generally
cannot directly meet the needs of plot-level extraction at the township level
required by agricultural insurance. Therefore, extracting cultivated land from
land use products often requires supplementation with statistical data or new
remote sensing imagery for correction [?], serving as a basis for finer plot ex-
traction or crop classification.

In agricultural insurance remote sensing applications, since policies involve in-
dividual farmers, plot extraction often requires supplementation with remote
sensing data at resolutions better than 10 m. Methods for plot extraction
based on medium-high and high-resolution remote sensing data include tra-
ditional indoor visual interpretation, outdoor field delineation based on GPS
tracks, pixel-based classification, object-oriented image segmentation, and deep
learning methods from artificial intelligence. Currently, practical plot extrac-
tion generally combines primary data and methods with supplementary data
and methods, completed with some manual correction. Among these, object-
oriented image segmentation and deep learning classification are relatively less
dependent on manual work, offering higher extraction efficiency and accuracy,
and are currently more commonly used methods [?].

Object-oriented methods integrate multiple knowledge sources, such as multi-
band gray values, texture, neighborhood features, and geometric shapes of re-
mote sensing imagery, for neighborhood comparison. Combining fuzzy mathe-
matics, they refine similar knowledge into objects [?, ?], identifying cultivated
land information with similar texture, shape, and gray values. This method can
eliminate pixel islands and“salt-and-pepper”problems in traditional pixel-based
classification, reducing extensive post-processing work and improving both clas-
sification accuracy and efficiency. The method is mature and available in many
commercial image processing software packages, such as eCognition, which can
achieve 96% plot extraction accuracy for Sentinel-2A data using object-oriented
extraction combined with random forest models [?]. The domestic remote sens-
ing information processing software“Jianyi”provides multi-scale segmentation
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modes and is particularly sensitive to texture information [?]. Other common
remote sensing software such as ENVI and ERDAS IMAGINE also include
object-oriented extraction modules.

Deep learning classification evolved from early machine learning algorithms such
as Artificial Neural Networks (ANN) and Support Vector Machines (SVM), for-
mally proposed by Hinton et al. in 2006 [?] and introduced into remote sensing
classification by researchers. Researchers worldwide have conducted unsuper-
vised or supervised classification using deep learning algorithms with data includ-
ing multispectral, hyperspectral, and radar remote sensing [?]. Deep learning
algorithms have high hardware requirements. Currently, Google’s Earth En-
gine (GEE) platform provides cloud computing platforms and directly callable
code modules for deep learning algorithms, greatly promoting their rapid de-
velopment and application. Domestic remote sensing information processing
software has also embedded deep learning algorithms, promoting their appli-
cation in China. In addition to GEE, international cloud platforms include
Amazon Web Services (AWS), while domestic cloud platform development is ac-
celerating, such as the EarthDataMiner from the Chinese Academy of Sciences
and PIE-Engine from Aerospace Hongtu [?].

From a classification method perspective, supervised deep learning classifica-
tion generally requires tens of thousands of samples for high-accuracy extrac-
tion, while unsupervised deep learning requires extensive time for parameter
tuning [?]. Currently, deep learning-based plot extraction still requires substan-
tial manual correction in pre- and post-processing. Yang et al. [?] used deep
learning classification based on the D-Linknet algorithm with only 84 samples
of 1000$×$1000 pixels, achieving relatively reliable 84% accuracy with manual
correction, though the advantages of deep learning were not obvious.

From the perspective of planting insurance applications, the currently mature
and rapid plot extraction technology remains object-oriented technology, which
requires few samples and lower technical skills from operators. However, with
the deepening of deep learning applications, its automation and intelligence
characteristics will be continuously exploited, becoming a key technology for
future automated and intelligent plot extraction.

4.2 Crop Classification Extraction Technology

China’s agricultural insurance is a policy-supported insurance where premium
subsidy amounts are related to crop type. Therefore, crop classification maps are
not only the basis for yield estimation but also for insurance inspection. Many
crop classification extraction technologies exist, with selection depending on
work area size, data used, and regional planting structure characteristics. Large-
scale (provincial and above) crop classification often uses medium-low resolution
imagery (100-1000 m) such as MODIS and Advanced Very High Resolution Ra-
diometer (AVHRR) data, with classification based primarily on phenological pat-
terns shown in long time-series imagery. Methods can include manual decision
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trees or machine learning for crop identification, supplemented by pixel-based
soft/hard classification post-processing to improve accuracy [?]. Medium-scale
(below provincial or county-level) crop classification generally uses medium-high
resolution (10-100 m) imagery, employing object-oriented methods, decision tree
classification, or integrated methods [?]. Small-scale (township, village level) or
regions with complex planting structures generally require high-resolution im-
agery (<10 m), using object-oriented or deep learning algorithms [?].

In plant income insurance, before crop classification, satellite remote sensing
data should be collected as comprehensively as possible, with methods deter-
mined based on data availability and crop characteristics in the imagery. If
the target crop shows obvious spectral or texture differences from 同期 crops,
classification can be based on single-phase imagery. If spectral features differ
significantly, traditional supervised, unsupervised, or object-oriented methods
can be used; if texture features differ significantly, object-oriented methods are
primarily used. Liu et al. [?] achieved 92% identification accuracy for crops
on single-phase UAV imagery using SVM combined with Digital Surface Model
(DSM) data.

In practice, to achieve optimal classification accuracy and meet application re-
quirements, multiple data sources and methods are often integrated. For ex-
ample, Wu et al. [?] conducted crop extraction in Fusui County, Guangxi, us-
ing a spatiotemporal collaboration and multi-method integration scheme. The
study first used deep learning algorithms to extract plot boundaries from 0.6 m
Google Earth data as a mask base map, then combined 45 scenes of Landsat
8 and Sentinel-2 data over two years (8 Landsat 8 and 14 Sentinel-2 scenes in
2018; 7 Landsat 8 and 16 Sentinel-2 scenes in 2019) vegetation indices for full
crop classification using random forest methods, achieving 88% crop extraction
accuracy. Chen et al. [?] conducted growth grading and disaster assessment
during soybean planting identification in Jiaxiang County, providing effective
auxiliary data for improving yield estimation accuracy.

Due to China’s extremely complex planting structure with widespread “same
spectrum, different objects”crops, decision tree methods are often chosen for clas-
sification based on crop phenological patterns—specifically, the growth change
rate of target crops at certain stages showing obvious differences from other
crops [?, ?, ?].

4.3 Crop Disaster Assessment Technology

Crop disaster conditions directly affect yield, serving as important reference
data for yield estimation and insurance claim basis, and are closely related to
crop growth monitoring.

Disaster assessment can compare pre- and post-disaster growth conditions, such
as using vegetation indices from multi-temporal multispectral satellite remote
sensing data [?, ?], comparing height differences in corn monitored by UAV
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LiDAR for flood assessment [?], or using spectral transformation based on mul-
tispectral or hyperspectral data [?, ?, ?].

In area-based plant income insurance applications, crop growth and disaster as-
sessment directly serve yield estimation. Therefore, disaster assessment is often
transformed into growth assessment. Specialized growth monitoring research
generally only provides crop growth grades [?], while growth monitoring in in-
come insurance considers not only the grade of certain growth characteristics but
also the causes of that grade and its relationship with yield. Crop growth and
disaster assessment in plant income insurance are generally conducted during
crop classification and field sampling. During crop classification, re-verification
of uncertain categories and re-identification of minor spectral differences within
confirmed categories are key to growth assessment. Spectral differences between
uncertain or confirmed categories, and within individual plots, may be caused
by disasters, pests, or different planting habits and management practices. For
these anomalous plots and categories, field verification should be supplemented
to complete ground growth grading and disaster damage grading. Based on
these field samples, optimal remote sensing indices can be identified, such as
Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index
(EVI), or physiological parameters like Leaf Area Index (LAI) and Fraction of
Absorbed Photosynthetically Active Radiation (FAPAR), for large-scale growth
grading and disaster assessment. Growth grading maps and disaster grading
maps guide field yield measurement sampling route planning and sample quan-
tity calculation, assisting final yield estimation through weighting and other
methods.

4.4 Crop Yield Estimation Technology

Crop yield is the direct basis for income insurance claims. Remote sensing-based
crop yield estimation methods can be divided into two categories: statistical
modeling and crop growth model simulation assimilated with remote sensing
data [?]. Statistical modeling uses parameters obtained from aerial or space
remote sensing as input factors for regression analysis with actual yields to de-
velop empirical statistical models for yield estimation. Based on remote sensing
data resolution, this method can provide yield estimates at different plot scales,
estimating yield on the basis of identified crop planting areas with high accuracy
and credibility [?]. The drawback is the need for numerous ground yield sam-
ples. Traditional crop physiological model simulation has been studied mainly
at single points (including experimental plots) for crop production and devel-
opment, genetic traits, and variety selection [?], with related research showing
increasing trends in recent years [?]. However, remote sensing data-assimilated
crop growth model simulation requires numerous crop-related parameters and
has not yet produced better results at township and smaller scales.

Currently, remote sensing yield estimation-related standards such as“Technical
Specification for Remote Sensing Monitoring of Major Crop Yield Using Medium
and High Resolution Satellites”(NY/T 4065-2021) and “Remote Sensing Es-
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timation Procedures for Wheat and Corn Yield”(DB61 T 1041-2018) (DB32T
3780-2020) all adopt statistical modeling methods. Statistical modeling seeks
remote sensing parameters with strong correlations to measured yields, such as
NDVI, crop agronomic parameters [?], or microwave-based radiation parameters
[?]. In addition to remote sensing parameters, terrain data, meteorological re-
mote sensing products, and other factors can be incorporated to increase model
explanatory power. Zhu et al. [?] found that potato yield in Shanxi regional
income insurance correlated best with land surface temperature representing
ground potential heat flux.

In remote sensing-based crop yield estimation, field yield samples are critical,
and growth and disaster assessment before field sampling is even more critical.
Yield estimation should comprehensively utilize multi-source data, including
resource satellite remote sensing data, meteorological remote sensing products,
terrain data, and socio-economic data, to increase model credibility.

4.5 Remote Sensing Data Sources

Remote sensing data sources are prerequisites for remote sensing-based agri-
cultural insurance business. From the above review of remote sensing technol-
ogy application history and technical progress in agricultural insurance, it is
evident that agricultural insurance uses data from numerous remote sensing
platforms, including near-ground (handheld devices), aerial platforms, or space
platforms. From an electromagnetic spectrum perspective, both active and pas-
sive remote sensing are used. From resolution perspectives, high, medium, and
low-resolution data are included (JR/T 0180-2019). However, for plant income
insurance, since claim areas generally extend to townships, villages, and farms,
higher spatial resolution is required, while the commercial nature of agricul-
tural insurance also imposes certain cost constraints. From perspectives of data
availability, technical maturity [?], and low cost, the most commonly used and
process-spanning data remain satellite data. Currently, the most commonly
used multispectral satellite data and their typical insurance stages are shown in
Table 1 .

Radar satellite data, as a supplement to optical satellite data, has shown po-
tential in recent years for retrieving crop growth parameters such as LAI and
biomass [?] and can also be applied in agricultural insurance. Currently, com-
monly used radar satellite data and their typical insurance stages are shown in
Table 2 .

5 Problems and Development Recommendations
5.1 Existing Problems

Although remote sensing technology has only been applied in agricultural insur-
ance for just over a decade, the above review shows that technologies involved in
plant income insurance applications—including plot extraction, crop classifica-
tion, growth and disaster assessment, and yield estimation—can all find similar
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application cases and experience in agricultural remote sensing. However, two
technical problems and two industry-level problems remain in current applica-
tions.

The two technical problems are: (1) insufficient automation and intelligence in
plot identification and crop classification; and (2) lack of mechanistic meaning
and insufficient simplicity and reliability in yield estimation.

The two industry-level problems are: (1) inherent limitations of the remote
sensing industry itself, including data source issues, data cost issues, and data
preprocessing issues; and (2) compatibility issues between current insurance
industry business practices and remote sensing technology integration.

Data source issues refer to optical remote sensing being frequently unavailable
due to weather, radar data having limited agricultural information reflection,
and high costs for UAVs to cover all major grain-producing counties. Data
cost issues mean most data require payment. For commonly used high and
medium-high resolution multispectral satellite data in income insurance, except
for free U.S. Landsat 8 and its related series and European Sentinel-2 satellite
data, all others require payment, with some being quite expensive. Multispec-
tral satellite data acquisition is also severely affected by weather. If insufficient
multispectral satellites are available, how to supplement with other data—includ-
ing commercial satellite programming, radar data, and low-altitude data—and
who bears the cost of supplementary data are important considerations. Data
preprocessing issues refer to geometric correction, atmospheric correction, and
data fusion. For multispectral satellites, except for Landsat 8 and Sentinel-2
with relatively simple preprocessing workflows, other data, including China’s
Gaofen series, also require laborious preprocessing [?]. China has remote sensing
technical specifications for agricultural remote sensing satellite data preprocess-
ing and crop area extraction, but questions of who performs preprocessing, who
provides data, and who pays data fees are important factors affecting remote
sensing applications in agricultural insurance.

The purpose of remote sensing technology application in agricultural insurance
may be a detour. With the goal of automating existing business, many ex-
plorations have been conducted in remote sensing applications for agricultural
insurance. However, automating existing business may be less convenient than
finding a new business approach. As Hammer stated [?], all attempts in the
20th century to automate existing business had low success rates, with the best
approach being to replace it with entirely new business models—this is true
business innovation based on technology. Currently, exploration of innovative
integration models between the two is limited, leading to controversy over the
role of remote sensing technology in claim settlement, such as whether remote
sensing yield results are completely reliable, whether they can be directly used
for claims, what proportion should be adopted, whether remote sensing technol-
ogy should be standardized and written into insurance contracts, etc.

Although each remote sensing technology involved in the plant income insurance
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business process has a certain technical foundation, different crops and insurance
products have different business processes and remote sensing technology service
requirements. With further development of plant income insurance, demand for
data support from remote sensing technology has increased dramatically, and
remote sensing technology applications in plant income insurance still require
extensive piloting and accelerated application of high-tech to promote the birth
of a new agricultural insurance model integrated with remote sensing technology.

5.2 Development Recommendations

Therefore, five recommendations are proposed for the next steps in applying
remote sensing technology to plant income insurance:

(1) Domestic departments with satellite data collection and distribution qual-
ifications should leverage their advantages and resources to play an impor-
tant role by uniformly collecting and preprocessing data, and establishing
standardized satellite data distribution platforms for direct download and
use by the agricultural insurance industry or remote sensing application
departments.

(2) In plot identification and crop classification, fully leverage the insurance
industry’s advantage in field sample collection for loss assessment, con-
tinuously accumulate field samples, and improve cultivated land and crop
sample databases to provide a foundation for automated and intelligent
plot identification and crop classification.

(3) Fully utilize interdisciplinary research results, integrating agronomy, me-
teorology, modeling, ecology, and remote sensing science to establish more
mechanistic, simpler, more reliable, and multi-scale yield estimation mod-
els, reducing time and economic costs of yield estimation processes and
improving accuracy and mechanistic understanding.

(4) Establish relevant standards and specifications for applying mature re-
mote sensing technologies to agricultural insurance as soon as possible to
facilitate insurance companies and industry regulators’recognition and
application of remote sensing technology, accelerate its promotion, and
promote healthy development of the agricultural insurance industry.

(5) Under the new situation of expanded pilot programs for plant income
insurance, the introduction of remote sensing technology should begin
at insurance product design and be written into insurance contracts. For
future applications of remote sensing technology in plant income insurance
and other agricultural insurance, remote sensing technology should fully
play its role, strive for piloting, and accelerate the application of high-
tech to promote the birth of a new agricultural insurance model with high
precision and efficiency.

With further improvements in remote sensing-related technologies, the introduc-
tion of standards and specifications for combining remote sensing technology

chinarxiv.org/items/chinaxiv-202302.00173 Machine Translation

https://chinarxiv.org/items/chinaxiv-202302.00173


with agricultural insurance, and explicit provisions for remote sensing technol-
ogy in agricultural insurance contracts, remote sensing technology applications
in agricultural insurance will enter a stage of rapid development. The future
application model of remote sensing technology in plant income insurance and
all agricultural insurance will be a new model with readily available data, more
automated and intelligent technology, standards to follow, and contractual back-
ing.
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Table 1 The parameters of multispectral satellite data commonly used in plant
insurance

Satellite

Multispectral
Range
(nm) Bands

Spatial
Resolu-
tion (m)

Temporal
Resolution
(days) Country/Organization

Common
Insurance
Stages

Sentinel
2
A/B

443~2190 10,
20,
60

15, 30,
100

2015/2017 Underwriting
—Claim

Landsat
8

433~1251 15,
30,
100

2012/2014 Underwriting
—Claim

Planet
con-
stel-
la-
tion

455~860 <3,
3.7

2011/2012 Underwriting
—Claim

SPOT
6, 7

455~890 1.5,
6

2013/2018 Underwriting
—Claim

Pleiades
1/2

430~940 0.5,
2

Underwriting
—Claim

Rapideye440~850 2,
8,
16

Underwriting
—Claim

Gaofen
1, 6

450~890 2.1,
3.5,
6

Underwriting
—Claim

Gaofen
2

450~890 Underwriting
—
Claim

Ziyuan
3

450~890 Underwriting
—
Claim

Table 2 The parameters of radar satellite data useful in plant insurance
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Satellite
Imaging
Modes Polarization

Spatial
Resolution (m)

Launch
Year

Common
Insurance
Stages

TerraSAR-
X and
con-
stella-
tion

SL, SM,
SC, SCW

Single,
dual, full
polariza-
tion

1~100 2007~2013 Underwriting—
Claim

RadarSat
2

SL, SM,
SC

Single,
dual, full
polariza-
tion

1~100 2016/2021/2022Underwriting—
Claim

ALOS-
2

SL, UFS,
FS, HSS,
SCN,
SCI,
SCW

Single,
dual, full
polariza-
tion

1~500 2014/2016 Underwriting—
Claim

Gaofen
3
(01/02/03
stars)

SL,
SMSC,
WAV,
EXT

Single,
dual, full
polariza-
tion

1~100 Underwriting
—Claim

Sentinel
1 A/B

SM, IWS,
EW,
WAV

Single,
dual
polariza-
tion

Underwriting—
Claim

Note: SL: Spotlight; SM: Stripmap; SC: ScanSAR; SCW: ScanSAR Wide; UFS:
Ultra Fine ScanSAR; FS: Fine ScanSAR; HSS: High Sensitive ScanSAR; SCN:
ScanSAR nominal; IWS: Interferometric Wide Swath; WAV: Wave; EXT: Ex-
tended Incidence Angle; EW: Extra Wide Swath

(Visit www.smartag.net.cn for free access to the full electronic version)

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.
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