
Risk is a pervasive part of agricultural life, and farmers 
and herders have developed many ways to manage it, 
from savings to agricultural or occupational diversifi-
cation. These methods can buffer against unexpected 
losses affecting one household, known as idiosyncratic 
shocks1–4. However, especially in the context of develop-
ing countries, these strategies are often insufficient for 
managing shocks that affect an entire community, such 
as drought. The risk of poor weather — and its ensuing 
bad harvests — can profoundly affect rural households. 
Adverse weather has resulted in low- income farmers 
and herders rationing meals, withdrawing children from 
school, postponing medical care and either selling off or 
forgoing investments in seeds, fertilizer and other inputs 
that could otherwise increase future income3,5–14.

The two principal approaches to managing 
community- wide weather shocks are relief services and 
insurance. When these tools work well, they can help 
farmers avoid the most severe coping strategies, should 
harvests fail. For example, in an experiment within a 
Kenyan livestock insurance programme, insured herder 
households reduced their use of painful coping strate-
gies, such as skipping meals and selling off productive 
assets, by 40–80% after a drought relative to comparable 

uninsured households13. A well- designed insurance 
programme can also encourage farmers to make produc-
tive investments, such as in seeds and fertilizer that can 
increase their income in typical conditions but that are 
sensitive to poor weather15. For example, insurance 
coverage for Chinese hog farmers, Ghanaian rainfed 
farmers, Indian and Bangladeshi rice producers and 
Malian cotton cooperative members either encouraged 
adoption of practices that were more weather sensitive 
but with higher expected returns16,17 or increased 
investments by 20–30% relative to comparable unin-
sured counterparts10,18–20. Figure 1 depicts the benefits 
of effective risk management before and after a shock.

Given the social benefits that insurance can have, 
why is it not more prevalent, especially in low- income, 
rainfed regions whose inhabitants may benefit the most? 
A primary impediment is that, under conventional, 
loss- adjusted insurance, the costs for administering and 
verifying claims of many small farmers in remote areas 
often exceed the value of the policies themselves21,22. 
However, if an insurer does not verify losses and deter-
mine their causes, conventional insurance becomes 
prone to moral hazard23,24. Conventional insurance 
also suffers from adverse selection when insurers have 

Loss- adjusted insurance
insurance that requires the 
assessment of claims to issue 
payment.

Moral hazard
A hazard that occurs when an 
insured individual takes actions 
that increase risk and make 
insurance payouts more likely.

Adverse selection
A situation that insurers are 
prone to when only the riskiest 
subset of the population 
purchases insurance, such that 
pay- offs occur more frequently 
than they would if every person 
purchases insurance.
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insufficient information to estimate risk for each indi-
vidual and, instead, must estimate the average risk for 
farmers within a given region. As with moral hazard, 
adverse selection implies that the losses of the insured 
will exceed expected levels. In this case, insurers will 
repeatedly lose money and potentially exit the market, 
as they are unable to sustain their business model. Even 
among insurers that persist with an updated risk model, 
the new, higher prices they offer will reflect higher levels 
of risk than before, further diminishing the number of 
people who find the product valuable.

Index insurance aims to address these two information- 
based challenges by linking payouts to an index that 
closely tracks the underlying loss risk in a region — an 
‘insurance zone’ — but that is difficult for individuals 
to influence. For example, an index can be based on 
weather conditions, such as the amount of rainfall or 
the number of hot, dry days during the growing season; 
regional crop yield estimates based on a representative 
sample of fields; or earth- observation data on vegeta-
tion greenness or soil moisture25. As individuals gen-
erally cannot affect these measures over large areas, an 
index also preserves the incentive to put full effort into 
crop or herd management. Furthermore, as contract 
pricing is a function of an observable index rather than 
unobservable conditions about the insured, index insur-
ance minimizes the consequences of adverse selection. 
An exception to this claim is when conditions from the 
prior season (for example, drought) influence the prob-
ability of pay- offs in the subsequent years in ways that 

are known to the insured but not priced in the insur-
ance contract, as seen in reF.26. Finally, calculating an 
index is typically less expensive than venturing out into 
remote, rural areas to verify individual claims. All else 
equal, reducing such administration costs translates into 
a lower premium and, thus, higher value for the insured.

An essential challenge of index insurance pro-
grammes is ensuring that they deliver on their prom-
ise of detecting and protecting against large- scale, 
community- wide shocks11,27–30. Delivering on this prom-
ise requires that these programmes use an index that 
mirrors the losses the insured zone experiences, has fair 
pricing that appropriately reflects the area’s risk distribu-
tion and makes timely payments to farmers. Early index 
insurance programmes often relied on data collected 
from the ground, either weather data from meteorolog-
ical stations or crop cuts. Over the past decade, the use 
of satellite remote sensing data in agricultural insurance 
has become increasingly common. This trend is likely to 
continue as the quality of remote sensing data, coupled 
with advances in analytical methods to interpret the raw 
data, promise greater accuracy than previous approaches 
and at much lower cost than ground- based indices31. 
However, it is essential to evaluate the capabilities and 
limitations of these new data products in the context of 
their proposed use.

This Review builds on recent work in remote sensing 
and economics that can be harnessed to improve index 
insurance in developing countries. We first discuss the 
key features of reliable indices, followed by the evolution 
of index insurance programmes and the quest to reduce 
field costs with remotely sensed indices. We then outline 
advances in crop modelling and remote sensing that can 
support the development of a reliable index and provide 
a case study that evaluates the performance of multiple 
remotely sensed indices. We conclude by synthesizing 
emerging opportunities to enhance the design of agri-
cultural index insurance programmes, with a focus on 
applications for developing regions.

The value of index insurance
Fundamentally, all insurance serves to stabilize liveli-
hoods against possible but unexpected losses15. Of the 
possible negative variations (that is, shocks) that a given 
insurance programme covers, index insurance com-
pensates only for variation that is common to a given 
insurance zone and that the index successfully captures 
(Fig. 2a). This Review focuses on insurance intended 
to protect rural households against production vari-
ation (where VT is the total random variation in out-
put; Fig. 2a). Index insurance compensates for only the 
fraction of total production risk common to all insured 
individuals in a given insurance zone (that is, the covar-
iate risk). The remainder of the total risk (VI; Fig. 2a) 
is specific to an individual and, therefore, uninsurable 
by index insurance. A well- designed index accurately 
reflects the common loss events averaged across the 
insurance zone. The portion of the potentially insurable 
risk that is not detected by the index indicates an index 
design failure, which we term design risk (VD).

In the following sections, we discuss how advances in 
remote sensing, crop modelling and data processing 

Key points

•	In	many	developing	regions,	adverse	weather	can	lead	to	food	insecurity,	reduced	
investments	or	distressed	asset	sales	that	ensnare	people	in	a	cycle	of	poverty.

•	Tools	to	manage	risk	—	such	as	well-	designed	insurance	—	can	help	people	avoid	the	
most	severe	possible	consequences	of	bad	weather	and	build	confidence	to	invest	in	
additional	income-	generating	opportunities.

•	In	recent	decades,	governments	and	researchers	across	the	globe	have	trialled	
approaches	to	inexpensively	assess	agricultural	losses.	Index-	based	insurance	offers	
promise,	but	detecting	losses	cheaply	and	accurately	remains	challenging.

•	Recent	advances	in	crop	modelling	and	remote	sensing	can	improve	index-	based	
approaches	by	strengthening	the	link	between	indices	and	actual	losses,	as	well	as	
reducing	programme	costs.

•	We	provide	an	economic	framework	to	evaluate	indices,	suggesting	how	the	remote	
sensing	and	modelling	communities	can	contribute	to	enhancing	index	insurance	
quality	through	better	detection	of	adverse	conditions.

•	Promising	opportunities	to	enhance	index	insurance	programmes	include	
inexpensively	addressing	heterogeneous	conditions	on	the	ground,	such	as	employing	
audits,	optimizing	insurance	zones,	using	new	sensors	or	increasing	contract	flexibility.

Insurance zone
An area covered by a single 
index value.

Premium
The amount of money paid to 
have insurance coverage.

Crop cuts
Preharvest crop yield 
estimates derived from visiting 
and physically harvesting and 
weighing a sample of 
production from a selection of 
fields.

Design risk
The failure of the index to 
accurately capture average 
losses in the insurance zone.
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can improve how well a given index captures loss events 
when they occur, reducing VD. We also discuss how these 
advances can help delineate more homogeneous insur-
ance zones, reducing the magnitude of idiosyncratic 
variation (VI). First, we consider the question of index 
insurance quality, which can be framed as how small VD 
and VI must be for the insurance to offer risk- reduction 
value to farmers and induce them to invest more in 
their farm.

An economic perspective on index quality. Index insur-
ance can only help mitigate the poverty created and 
perpetuated by uninsured risk if it reliably protects pro-
ducers, issuing payouts for important income sources 
when most needed. However, how should reliability be 
measured? And how can one determine when an index 
insurance contract is reliable enough to enhance the 
economic well- being of contract holders? Building on 
previous evaluations and discussions27,32–36, we propose 
an approach to addressing reliability using core eco-
nomics concepts about decision- making and well- being 
under risk.

Index insurance has the potential to offer cost- 
effective protection to low- wealth households because it 
relies on a single index that covers many individuals and 
does not require the costly assessment and verification 
of individual losses. However, this advantage is also its 
weakness: a household is only compensated for a loss 
if the index registers a loss in their insurance zone, and 

‘false negatives’ and ‘false positives’ can occur. Together, false  
negatives and false positives are frequently known in the 
literature as basis risk. Although uncompensated losses 
from false negatives are generally considered more 
important, false positives can also hurt the insured, as 
the payouts are still priced into the insurance, mean-
ing that farmers pay for expensive insurance to issue 
payments when they are not needed. By ‘expensive’, we 
mean that, under competitive market pricing, every 
US$1 of payout received by the farmer costs them, in 
unsubsidized terms, at least $1.30 (reF.30). Receiving a 
dollar in times of severe need can be valuable, and the 
insured pays a premium in good times, when money 
is less scarce, to have insurance6,37. However, receiving 
that ‘expensive dollar’ in good times is not as valuable29.

Altogether, poorly performing contracts can reduce 
welfare while contaminating the idea of index insurance 
as a whole. These accuracy issues are non- trivial. For 
example, although the Malawian government paid mil-
lions of dollars to the African Risk Capacity for drought 
coverage, when a severe drought induced widespread 
crop failure in 2016, millions of farmers remained 
unpaid for months because the insurance index failed 
to trigger a payout38.

More generally, how should one measure improve-
ments in the reliability of an index insurance pro-
gramme? Although predictive skill is often used 
in remote sensing literature to gauge the accuracy 
of crop yield estimates, a conceptually sound measure 
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Fig. 1 | the benefits of effective risk management before and after a shock. Adverse weather leading to reduced 
production can result in costly coping strategies that have long- term implications for human capital and income 
generation. The possibility of adverse weather also has behavioural effects, restricting the types of investments farmers 
may be willing to make to avoid the worst possible outcomes if adverse weather strikes. Effective risk management thus 
delivers benefits after a shock, as it helps farmers manage the consequences of weather- induced production losses, and 
benefits before a shock, by encouraging productive investment.

False negatives
The cases when no payout is 
triggered, despite some 
insured individuals 
experiencing losses; arises 
from design or idiosyncratic 
risk.

False positives
The cases when the insurance 
index signals a loss and issues 
a payout, even though some 
insured individuals did not 
experience a loss.

Basis risk
The risk that index insurance 
payments do not cover the 
losses experienced by an 
individual. Basis risk is the sum 
of the design risk and the 
idiosyncratic risk.
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of insurance quality should be built around farmers’ con-
cerns of losses. Programme designers seeking to improve 
farmer welfare should, therefore, measure quality on the 
basis of an asymmetric loss function that is especially 
sensitive to prediction errors that occur at the lower tail 
of the yield distribution. Such a quality measure decom-
poses into three main factors relating to false negatives: 
first, the probability they occur; second, the level of the 
farmer’s desperation when they happen; and, third, 
the gap between the farmer’s income with and without 
insurance when they happen.

The economics concept of expected utility can be used 
to define a minimum quality standard (MQS) for index 
insurance reliability that is consistent with these crite-
ria (see section S.1 of the Supplementary Information). 
As proposed in reF.35, a contract meets the standard 
if the insured’s expected utility (or the risk- adjusted, 
or certainty equivalent, income; see section S.2 of the 
Supplementary Information for further discussion 
of these terms) is higher with insurance than without 
(Fig. 2b). Importantly, we define ‘with insurance’ to mean 
a household’s income from insured agricultural activity 
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b
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Enhance contract design
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Reduce idiosyncratic risk, such as within 
insurance zone variation, possibly by 
forming different insurance zones

For satellite-based indices, enhance 
signal-to-noise ratio by using crop masks 
with finer-resolution data

Consider an audit protocol to address 
misprediction   

Reduce cost
Strategically reduce costly field visits 
using, for example, low-cost phenocams, 
enhanced field-sampling protocols with 
satellite imagery or conditional audits

Improve risk quantification, for example, 
use crop models to generate longer time 
series for past risk and/or improved 
projections for future risk 

Production risks covered and not covered by index insurance

Process to evaluate the design of an index insurance contract

Opportunities for innovation

Fig. 2 | insurable and uninsurable production risks under index insurance. a | Insured and uninsured production risks 
under index insurance. Only a portion of the total production risk (VT) a household faces is covered by index insurance: the 
part that is common to the insured zone and that the index accurately detects. Idiosyncratic deviations from the zone (VI) 
and poor detection of the true average variation of the zone (design risk, VD) are not compensated. b | Quality evaluation 
process and opportunities to improve contract design. In the process depicted, an index insurance contract is assessed 
based on whether it is net beneficial for transferring risk from agricultural households. Various opportunities exist for 
innovations in remote sensing, crop modelling and programme design to improve the value of the contract in reliably 
transferring risk. Payouts refer to how much an insurer pays to their policyholders when losses are detected. Markup includes 
how much the insurer charges to cover the payouts from the programme (the actuarially fair price) and any additional 
percentage for administrative and marketing costs. Premiums reflect the price the insurer charges for coverage. This 
framework outlines the evaluation process featured in the case study in the section titled ‘Illustrating index insurance quality 
evaluation’. Panel a adapted with permission from reF.60, Wiley © 2013 International Association of Agricultural Economists.

Expected utility
A measure of anticipated 
future economic well- being 
that increases with expected 
income and, for a risk- averse 
person, decreases with the 
variance of income.

Certainty equivalent
The amount of money that, if 
received for sure, would make 
a person indifferent between 
the sure money and a set of 
risky income prospects.
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plus insurance payments minus the full, unsubsidized 
market cost of the insurance (Fig. 2b). Ideally, these cal-
culations would be done with full household income, 
allowing assessment of the insurance value while taking 
into consideration other risks beyond those affecting 
agricultural production. In practice, data limitations 
make historical measurements of full household income 
impractical, although simulation methods can be used 
to consider how other correlated and uncorrelated risks 
influence the value of insurance.

The MQS evaluation process allows comparisons 
across alternative insurance index options and pro-
vides a way to gauge the insurance value of alternative 
approaches to predicting yields and yield losses. Because 
low- quality insurance can reduce expected farmer 
well- being, new index insurance products ought to 
demonstrate their value to policyholders through eval-
uations like the MQS prior to implementation30. In addi-
tion, many opportunities exist to improve the design of a 
given index contract and further enhance welfare (right 
side of Fig. 2b), whether by improved use of remotely 
sensed data and yield predictions or through program-
matic design choices, and the MQS evaluation process 
can help identify those opportunities.

Subsidies for agricultural insurance do not change 
the logic of the MQS evaluation. Although many 
worthwhile reasons exist for subsidizing insurance 
exist, such as to relieve farmer liquidity constraints or 
reduce uncertainty39, covering for low quality is not 
one of them. If a government pays an insurance pre-
mium, then the correct, budget- neutral comparison to 
make when assessing its value is the farmer’s economic 
well- being with ‘free’ insurance versus when the farmer 
is given a cash transfer of the amount of the insurance 
subsidy. Under this comparison, the farmer will be better 
off with insurance only if the contract passes the MQS, 
which happens when the certainty equivalent gain from 
insurance exceeds the full, unsubsidized cost of the pre-
mium. If the certainty equivalent gain does not exceed 
the premium, the farmer would be better off with the 
cash transfer for the value of the premium, rather than 
free, low- quality insurance.

Further requirements of a reliable index. In addition 
to being sufficiently reliable to pass the MQS, three 
other major features matter for developing an effective 
index and leveraging remote sensing data for managing 
risk and underwriting insurance40–42. First, the prem-
ise of index insurance hinges on issuing payouts on 
the basis of a trustworthy, externally observable index. 
If the index data source can be manipulated — as some 
ground- based, manually evaluated meteorological 
stations can — such tampering could result in higher- 
than- expected payouts and, ultimately, raise the cost 
of index insurance to participants. Although farmers 
cannot directly alter the data captured from satellite 
remote sensors, it is essential for insurers to use clear, 
consistent and verifiable processing procedures for cal-
culating index values to guard against arbitrary payout 
protocols.

Second, index insurance payments must be timely, 
and, sometimes, programme designers must decide 

between speed and the quality of information used to 
issue payouts. A study comparing the value of differ-
ent payout timings for herders in Kenya illustrates this 
issue43,44. The original insurance contract acquired and 
integrated data on biomass production from both the 
wet and the dry seasons to predict losses and determine 
payouts. A newer version of the contract estimated for-
age development directly from the seasonal evolution of 
the normalized difference vegetation index (NDVI), dis-
carding the dry season information and potentially per-
mitting earlier payments. Earlier evaluation resulted in 
minimal changes to accuracy while permitting payments 
1–3 months earlier, allowing herders to purchase forage, 
sustain their herds and protect rather than replace their 
livestock44. More generally, the additional accuracy that 
can be obtained with a longer evaluation time frame 
should also be weighed against the margins for action 
between when losses occur and when a farmer or herder 
anticipates they will be paid45.

The third condition is adequate data of two types. The  
first type of data should allow computation of the prob-
ability that a given index will issue payouts so that insur-
ers can price the index insurance contract. Although 
there are no fixed rules for how much data are required 
for this task, insurance providers routinely state that they 
prefer at least 15 years of historical data for construct-
ing an index30. Such a time series can be as simple as 
relying on sources with many years of observations. For 
example, Agriculture and Climate Risk Enterprise Ltd., 
frequently known as ACRE Africa, has used remotely 
sensed data extending back to 1983 as one of its key 
index data sources46. However, without robust tech-
niques to link newer and older data sources (such as 
those described in reF.41), this requirement may limit the 
ability of insurers to base an index on data recorded by 
newer satellite sensors. Additionally, changes in land use 
and climate could make the signals extracted from older 
data less informative about the risk of adverse conditions 
in the future41,47. Therefore, using longer time series of 
satellite data in risk assessment may also require the use 
of complementary data sources and models to account 
for problems of nonstationarity. Alternatively, crop sim-
ulation models (henceforth, crop models) can be, and 
often are, used to simulate plausible outcomes and price 
risk48–52. However, the utility of these models is often 
constrained by the extent to which they reliably reflect 
plausible crop responses to poor agronomic conditions 
(discussed below in the section titled ‘Challenges and 
opportunities in estimating yields with crop models’).

Once an adequate time series on the insurance index 
is at hand, the second type of data required is a match-
ing time series of actual, on- the- ground losses experi-
enced by farmers. These data enable evaluation of the 
reliability and quality of the index insurance contract. 
Occasionally, government sources or other research 
projects make such data available53,54. When pre- existing 
data are unavailable, ‘recall surveys’ among farmers or 
farmer groups about their production in previous years 
have been used to assess historical yield and its variation. 
Although the reliability of self- reported historical pro-
duction data has been questioned55,56, recent studies have 
suggested that repeated farmer focus group discussions 
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about past yields correspond well with remotely sensed 
historical variation within a given region57. How well 
and when recall surveys in an individual or group set-
ting correspond with important farmer losses remains 
an important open area of research that new pilots and 
insurance programmes can help address during their 
design and implementation.

The quest to develop a reliable and inexpensive index. 
Although the idea of insurance contingent on regional 
indices dates back to a 1920 proposal of an ‘indirect’ 
insurance system for Indian farmers based on rainfall 
deficits58, the first index insurance programme was 
not realized until four decades later. In 1961, Sweden 
began an indirect crop insurance programme based on 
estimated average yields in a given area; however, this 
programme was discontinued in the years just following 
the launch of Quebec’s area- yield programme in 1977 
(reF.59). The earliest index insurance programmes relied 
on field- based approaches to estimate regional average 
yield — the ‘area- yield index’ (Fig. 3).

This field- based type of area- yield index insurance is 
often treated as the most reliable, but it is also potentially 
the most expensive form of index insurance because it 
requires a sufficient number of farm- level measure-
ments every season to reliably estimate average yields 
in each insurance zone60. Inexpensively implementing 
this type of index insurance might be possible when 
commercial organizations in tight value chains already 
collect production data from farmers as part of their 
commercial operations. Examples include the Kenyan 
sugarcane contract farming operation described in reF.61 
and Burkina Faso’s monopsonistic (single- buyer) cotton 
production environment featured in reFs60,62. Outside 
of these environments, however, area- yield insurance 
based on field measurements quickly becomes expen-
sive to implement, with the cost increasing as the size of 
the insurance zone decreases and the total number 
of farm- level measurements increases. Technological 
advances promise to reduce some of these costs. For 
example, an index insurance pilot in Mozambique and 
Tanzania30 used photo- based methods63 to estimate 
maize dry weight without threshing, drying and weigh-
ing, which is estimated to account for half the cost of 
maize crop cuts. ‘Phenocams’ that capture field con-
ditions might also help to reduce the need for costly 

field visits by insurers64 (discussed further below in the 
section titled ‘Innovations in programme design’).

Pending further development of these approaches to 
measure production, the high cost of area- yield insur-
ance has spurred the exploration of alternatives that 
minimize the need for field visits65. In one approach, 
several index insurance programmes, including Mexico’s 
Agricultural Fund for Natural Disasters (CADENA) 
and Peru’s catastrophic insurance programme (Seguro 
Agrícola Catastrófico), opted to conduct field assess-
ments in only the most extreme situations66. However, 
both programmes are heavily subsidized, with seemingly 
high markups, and the actuarial basis for their product is 
unclear. In another process- focused approach, the Kenya 
Agricultural Insurance and Risk Management Program 
recently began using satellite data to discern where maize 
was grown to develop a maize crop mask. Introducing 
this procedure reportedly reduced the programme’s field 
costs by 70% through eliminating the need for the exten-
sive preliminary round of field visits previously used to 
determine where to conduct subsequent crop- cut- yield 
assessments67.

Others have also begun to explore how remotely 
sensed data can be used to optimize insurance zone 
boundaries and, thus, reduce costs. For practical rea-
sons, programmes have often used existing adminis-
trative boundaries to define insurance zones. However, 
administrative boundaries do not always correspond 
with agroecological conditions, introducing the possi-
bility of avoidable idiosyncratic variation. Combining 
satellite data with crop yield data, for example, can gen-
erate agroecological zones in which yield and weather 
patterns exhibit similar statistical properties. In an early 
effort, a recent study explored how dividing US counties 
into two agroecological units could influence the quality 
of an index- based insurance product otherwise based 
on county- level boundaries68. Using a version of the 
MQS evaluation, the study finds positive but modest 
gains within the US corn and soy context. In another 
example, a non- governmental organization and a 
private insurance company documented a data- driven 
approach to redraw insurance zone boundaries in Kenya 
and Nigeria for a crop- cut- based area- yield product69. 
This experiment found that using satellite- derived 
information to demarcate areas with common yield 
distributions generated larger zones than the previous 
zones based on administrative units, in turn halving the 
number of crop cuts required for assessing yields and 
determining payouts. Similarly, another group based out 
of the University of Maryland applied machine learning 
techniques to satellite data to optimize the number and 
location of crop cuts in Ukraine, with early results sug-
gesting a 20% cost reduction over previous methods70. 
Determining the optimal size of a crop- cut- based index 
insurance product can involve serious cost and accu-
racy trade- offs, and none of these studies has reported 
if and how these larger zones offer better insurance 
value under the welfare metric of the MQS. Unifying 
these innovative approaches with a consistent qual-
ity standard offers a promising approach to reduc-
ing idiosyncratic risk associated with the definition of  
insurance zones.

Fig. 3 | timeline of selected index insurance programmes. The timeline shows 
experiments by type of index, location and type of insured product. Labels indicate 
the location and programme name, where available, or another identifier used in the 
literature. Index labels are at the finest level of detail that could be discerned from 
programme documentation. In general, there is a transition from costly field- based loss- 
estimation approaches towards alternative or blended indicators. Satellite- derived data 
have been most frequently used for livestock programmes but have been increasingly 
used for weather- based crop insurance. Many of the programmes that rely on satellite- 
derived indices use a coarser spatial resolution than what is currently possible for assessing 
production conditions. Filled shapes at a line terminus indicate that the programme or 
experiment has ended; open lines indicate no documentation was found indicating the 
end point and that the programme is presumed to be ongoing. Distances in parentheses 
reflect the spatial resolution used for the index, where indicated. Admin, administrative;  
ET, evapotranspiration; EVI, enhanced vegetation index; exp, experiment; NDVI, normalized 
difference vegetation index; PVI, pasture vegetation index; temp, temperature. Additional 
abbreviations, programme names, all data and references are in the Supplementary Data.

Crop mask
A map that characterizes the 
extent and type of crops over a 
region, often derived from 
satellite imagery classification.

Idiosyncratic risk
risk that is specific to an 
individual and is uncorrelated 
with losses experienced by 
neighbours or others in the 
insurance zone.
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Beyond experimenting with ways to optimize and 
reduce the cost of field- based approaches, many newer 
programmes have begun to use alternative sources of 
information to detect adverse conditions linked to agri-
cultural losses. Irrespective of the source of loss, one 
of the crucial factors that influences the likelihood of 
an index insurance programme achieving the devel-
opment goals discussed in the introduction is that the 
index addresses an important risk to the livelihood of 
the insured.

In the quest to develop a reliable index that provides 
value to the insured, several different sources of informa-
tion have been used for developing the indices, including 
weather statistics, satellite- derived vegetation indices or a 
combination of different sources (Fig. 3). Although many 
of the existing index insurance programmes emphasize 
crop production, forage and rangelands for livestock are 
often a target (Fig. 3). Finally, many of these remote sens-
ing measures are of increasingly high spatial and tempo-
ral resolution, meaning that, unlike area- yield insurance, 
there should be no, or limited, cost barriers to creating 
more homogeneous and, likely, smaller insurance zones. 
However, to date, there has been limited systematic 
exploration of this possibility and its welfare implications.

Uses of remote sensing data
Newer programmes are increasingly using remotely 
sensed data to detect adverse conditions and estimate 
losses — that is, to construct the index and the thresh-
olds for issuing payouts (trigger). The evolution of 
indices used in insurance programmes (as mentioned 
in reFs28,71–76 and the Index Insurance Forum, among 
other sources indicated in the Supplementary Data) 
reveals a surge of interest in improving the indicators 
used to assess vegetation conditions and, ultimately, agri-
cultural losses, and ideally in ways that can be accessed 
automatically and remotely.

Four additional observations emerge from the time-
line in Fig. 3. First, the earliest generation of alternatives 
(to crop- cut or administrative statistics) for develop-
ing indices often used weather data (such as rainfall or 
temperature) observed at a nearby meteorological sta-
tion to determine payouts. Subsequent weather- based 
programmes have increasingly used more and auto-
mated stations, as well as gridded weather products 
often partially derived from satellite data. Second, the 
data used to detect stress or estimate crop losses within 
operational index insurance programmes have gener-
ally been moving towards higher spatial and tempo-
ral resolution, for example, moving from sensors with 
a multi- kilometre resolution towards 250 m. Third, 
although some programmes are evolving to take advan-
tage of higher- resolution sensors, few programmes 
have deployed the most recent advances. This limited 
uptake of new products among existing programmes 
may be due to the requirement for a long time series 
on the index to price the insurance contract, although 
some work has demonstrated scope for extending the 
operational record of satellite- derived indices by link-
ing data from sensors with different lengths of historical 
records41. Fourth, many of the earliest programmes using 
satellite data focused on detecting rangeland and forage 

conditions for livestock. However, interest has grown in 
using remotely sensed data to develop indices correlated 
with crop production.

The benefits of enhanced spatio- temporal resolution. In 
general, satellite sensors are either passive (the sensor 
records reflected or emitted energy from the earth, such 
as optical sensors) or active (the sensor sends out sig-
nals and receives backscatter, such as radar and lidar). 
The data can be characterized by their spatial resolu-
tion (the pixel size), temporal resolution (the time dif-
ference between observations of the same location) and 
the spectral resolution (which, and how many, bands 
of the electromagnetic spectrum are observed). The 
spatial and temporal resolution of satellite data have 
generally increased over time (Fig. 4). For example, the 
LANDSAT satellites have collected 30- m spatial resolu-
tion data roughly every 2 weeks since the mid-1980s, but 
since 2017, the Sentinel-2 programme (a constellation 
of two satellites) has collected spectrally similar data at 
a 10- m spatial resolution with a return time of 5 days 
at the equator (2–3 days in the mid- latitudes).

Typically, increasing one form of resolution comes at 
the expense of another77. For example, the two MODIS 
satellites have a revisit period of 1 day and a spatial res-
olution starting at ~250 m (500 m and 1 km for some 
bands). The relatively new PlanetScope constellation 
from Planet, a private company, has a very high spa-
tial (~3 m) and temporal resolution (daily) but lower 
spectral resolution (four spectral bands, including the 
near- infrared band). In contrast to MODIS and Sentinel 
data, Planet data are not freely available. Generally, the 
sensors with highest spatial resolution are private, and 
their use can be costly. For example, prices from Apollo 
Mapping78 range from $2 to $25 per square kilometre 
for sub-2- m- resolution imagery. In addition, to obtain 
the highest spatial and temporal resolution, these sen-
sors must often be tasked, meaning they image an area 
for a well- defined and often time- bound purpose (for 
example, assessing natural disaster damage). Although 
some taskable sensors regularly revisit the same areas, 
their regular, non- tasked observations tend to occur less 
frequently, limiting their use for agricultural analyses 
that require more within- season data. Higher tempo-
ral resolution results in more observations per growing 
season and, in turn, can increase analytical power79. 
Higher- spatial- resolution data can help distinguish 
the relevant rangelands and croplands from non- target 
areas, such as forests, roads, houses and water bodies, 
that could otherwise influence the observed response of 
the insured vegetation80,81 through crop- masking tech-
niques. Nevertheless, even if the resolutions of available 
remote- sensing data have increased, their use still relies 
on a model that connects the patterns observed in the 
data to agricultural responses. The subsequent sections 
review approaches to discerning crop status, stressors 
and production with these data.

Satellite- derived indicators for assessing crop condi-
tions. Satellite data across the spectral range contain 
information that can be used to estimate above- ground 
biomass and crop production82,83. Satellite- data- guided 

Trigger
The level of the index at which 
payouts begin to occur (for 
example, 90 mm of rainfall 
during planting season).
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interpolations of temperature and rainfall observed at 
weather stations can also be used to infer environmen-
tal stress during the growing season82. Furthermore, 
vegetation indices combine data from multiple spec-
tral bands to provide information about vegetation 
health.

Among the most common vegetation indices are  
the NDVI, the enhanced vegetation index (EVI) and the 
green chlorophyll vegetation index (GCVI) that extract 
information from the near- infrared and red, blue and 
green spectral bands. The NDVI combines information 
from the red and near- infrared bands, and is a ‘work-
horse’ index with a history of estimating green biomass 
dating back to the late 1970s84,85. NDVI measures often 
suffer from value saturation in the presence of even 
moderate above- ground biomass86. The EVI includes 
the red, near- infrared and blue bands, and has atmos-
pheric corrections that allow better management of the 

NDVI’s background saturation problem. EVI measures 
therefore tend to be more sensitive to variations in bio-
mass conditions in areas with dense vegetation87. The 
GCVI uses the near- infrared and green bands, and is 
considered to be more sensitive to variation in leaf chlo-
rophyll concentrations compared with indices that use 
the red bands88,89. Capturing variations in chlorophyll 
content is also thought to help gauge nutrient defi-
ciencies associated with low yields, and, indeed, GCVI 
measures have outperformed other vegetation indices 
featuring the red band for assessing crop conditions  
in a nutrient- constrained (low- nitrogen) environment in  
Western Kenya90.

Newer indices have experimented with different 
spectral bands, including the red edge or parts of the 
electromagnetic spectrum beyond the visible (for exam-
ple, thermal and microwave) to assess crop conditions 
and production. Detailed summaries of the merits and 
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drawbacks of different vegetation indices can be found in 
reFs79,91–93. Here, we briefly characterize recent advances 
of yield assessment techniques in the context of index 
insurance, focusing on when and where satellite data, 
and especially vegetation indices and satellite- derived 
weather indicators, tend to work well. We also sum-
marize some of the measures that can be gleaned from 
remotely sensed data sources and how they relate to crop 
status, stressors or productivity in Fig. 5.

How well vegetation indices correspond with agricul-
tural production can vary over space and time. Various 
vegetation indices that measure leaf ‘greenness’ tend to 
outperform meteorological variables in humid areas94–96. 
However, in arid areas, moisture indicators (such as rain-
fall, soil moisture and evaporative stress indices) can 
outperform vegetation indices97–100. In addition, mete-
orological data can sometimes generate insight into crop 
health that satellites cannot detect. For example, some 
crops are especially sensitive to heat and drought stress 
during growth periods, such as flowering or grain fill-
ing. However, reduced productivity due to stress may 
not be directly observable from the crop canopy, which 
can remain green and healthy looking82. Satellite- derived 

indices can also help discern crop growth stages101, such 
that meteorological variables can be better interpreted 
(for example, temperature during flowering). Thus, the 
combination of different sources of remote sensing data 
can improve yield prediction93,96,97,102, generally by gen-
erating better predictor variables that capture variation 
during sensitive growth stages. Furthermore, capturing 
production variability well may depend not only on 
which data source is used but also on how the data are 
processed, that is, over what time period and how it is 
integrated to reveal crop status and conditions103.

The newest generation of satellite sensors has also 
started to collect data beyond traditional visible–near- 
infrared reflectance data and the vegetation indices 
derived from them. For example, solar- induced fluo-
rescence (SIF) emission signals — the active emission 
from chlorophyll often considered a good proxy of 
photosynthesis — can be observed with the GOME-2 
(reF.104), OCO-2 (reF.105) and TROPOMI106 satellite 
sensors. The use of SIF has improved crop yield pre-
dictions through better estimation of gross primary 
productivity107–110, especially during periods of envi-
ronmental stress. In addition, microwave sensors are 
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attractive data sources for assessing crop conditions, 
because they can provide consistent observations irre-
spective of cloud coverage (discussed below). To date, 
backscatter signals derived from microwave sensors have 
been used to generate yield estimates in a few applica-
tions, including for rice in Vietnam111 and wheat in 
Canada112. Microwave- derived vegetation optical depth 
(VOD) has also been used to estimate maize and soy-
bean yields in the USA113. However, to our knowledge, 
no studies have used satellite- derived SIF or VOD to 
assess the conditions of smallholder agricultural sys-
tems, probably owing to the coarse spatial resolutions 
of these products (currently ranging from 3 to 40 km). 
Developing approaches to effectively use these new types 
of satellite data for assessing crop production character-
istics is likely to remain an active field of research in the 
near future. However, owing to the coarse spatial reso-
lution of even these newest products, it will probably be 
necessary to pair them with other data sources, at least 
some of which would be at higher spatial resolution, for 
smallholder- relevant applications.

Challenges in observing smallholder agriculture with 
satellite data. Several atmospheric conditions, including 
clouds and cloud shadows, can interfere with the signals 
perceived by satellite- based sensors, limiting the utility of 
remotely sensed data for yield estimation114,115. Frequent 
cloud cover during the growing (rainy) season poses an 
especially large challenge for agricultural applications116,117. 
For example, the share of usable Sentinel-2 pixels in 
Kenya during the long maize- growing season (April–
September) in 2018 and 2019 varies between 10% and 
70%, depending on the region and year (Fig. 6).

One approach to overcome the cloud contamina-
tion problem involves fusing data from multiple opti-
cal sensors to increase the chance of constructing a 
time series of cloud- free imagery with high temporal 
frequency118–120. However, well- performing data fusion 
requires relationships to first be established between 
selected data products using relatively clear imagery 
from earlier in the growing season121. Accessing such 
data to establish this relationship can be especially chal-
lenging in tropical regions characterized by frequent 
cloud cover.

The use of active sensing platforms, such as syn-
thetic aperture radar (SAR), are also being increasingly 
explored as an approach to overcome the cloud- cover 
challenge, as the longer microwave wavelengths used 
by active sensors are not blocked by clouds92. Although 
SAR data can be used alone92,122,123, many analysts fre-
quently combine SAR with optical data, and they are 
increasingly using machine learning techniques to cap-
ture the subtle connections between optical and SAR 
data124. These combined products have been used to 
classify crops124–127 and predict yields128–130. For exam-
ple, the privately developed CropSAR product fuses 
a cloud- interrupted time series of Sentinel-2 fAPAR 
(fraction of absorbed photosynthetically active radia-
tion) and uninterrupted Sentinel-1 backscatter to sup-
port crop mapping and yield prediction126. CropSAR has 
been deployed at the field level and will be expanded 
to capture sub- field variability, which is especially rel-
evant for precision farming applications. Similarly, an 
earth- observation company, UrtheCast, plans to launch 
a constellation of satellites with integrated multispectral 
optical and radar sensors (the OptiSAR Constellation), 
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which is expected to facilitate new lines of research using 
data fusion products.

Advances in yield assessment
This section reviews approaches to estimating produc-
tion and developing an insurance index using remote 
sensing data, crop models or both. The first approach 
uses increasingly sophisticated techniques to predict 
on- the- ground measures of yield outcomes and losses 
using remote sensing data. Reliable predictors can then 
be used as the basis for an insurance index. A second 
approach uses new methods in crop yield simulation 
that incorporate remote sensing data to predict crop 
yields. After reviewing these methods, we provide a 
case study evaluating the quality of several insurance 
indices as an example of how to approach the process 
for many different yield- estimation techniques. A crucial 
component of generating economically meaningful indi-
ces for insurance depends on a thorough understanding 
of site- specific or stage- specific factors that can result 
in important economic losses for farmers and herders. 
Improved modelling paired with assessments of relevant 
on- the- ground conditions can help improve the reliabil-
ity of an index and, thus, the contract’s risk- reduction 
value to the insured.

Machine learning with remotely sensed data to detect 
yield variation. The increase in the volume and accessi-
bility of remotely sensed data has facilitated experimen-
tation with new machine learning approaches to assess 
crop conditions and production. Recent applications 
of machine learning techniques on satellite data have 
demonstrated potential to detect yield variation across 
various contexts131–137. In one example, mainstream 
machine learning methods (such as random forests, 
support vector machines and neural networks) outper-
formed a well- known regularized regression method 
(LASSO) in assessing wheat yields across Australia134. 
The improvements obtained with machine learning 
techniques largely stem from their ability to fit non- 
linear predictive models to large volumes of input data138. 
Furthermore, the best- performing machine learning 
approaches for agricultural prediction often explicitly 
account for the spatial and/or temporal patterns in the 
data: models such as long short- term memory (LSTM) or 
attention- based neural networks have shown particular 
promise in discerning yield variation96,139,140.

The accessibility and quality of ground data for train-
ing, calibrating and validating models can, however, 
strongly influence performance. Typically, predictions 
generated in relatively homogeneous (for example, flat 
areas with a consistent production approach and little, if 
any, intercropping) and data- rich production areas can 
capture 70–80% of the yield variability (R2 ≈ 0.7–0.8) with 
errors of ~10–15% of reported yield96,133,134,141,142. However, 
predictions tend to perform worse (for example, 
R2 ≈ 0.1–0.5) in small, mixed- crop fields that predomi-
nate in data- sparse regions such as sub- Saharan Africa136. 
Improving the performance of these models for insur-
ance would be accelerated with systematic coordination 
of collecting, archiving and sharing of ground- reference 
information across a range of productivity levels.

Challenges and opportunities in estimating yields with 
crop models. Crop models have been used in various 
applications, including assessing the impact of weather 
on crop yields (see reFs143,144 for reviews). Process- based 
crop models simulate crop growth and development 
based on inputs such as environmental data (for exam-
ple, weather and soil), crop cultivar and management145. 
For the purposes of risk management and insurance, 
crop models can be used to estimate reasonable ranges 
of historical variability that underpin risk assessment 
and premium pricing (discussed above and featured in 
Fig. 2). Given a series of up- to- date inputs, crop models 
can also be used to estimate production93. However, two 
considerations affect how well crop models reflect con-
ditions on the ground and, thus, their applicability for 
index insurance.

First, crop models tend to capture yield responses 
well for a defined range of expected conditions but often 
do not perform well with abnormal conditions, in part, 
because the model developer may not have had sufficient 
data reflecting such conditions144,146,147. This issue is espe-
cially relevant for insurance applications: most crop mod-
els characterize yields well in normal weather conditions 
but can fail to capture crop responses to extreme weather 
events148–150. Even using a simple mean of a multimodel 
ensemble — a common approach to managing errors 
from a single model151–153 — will not necessarily resolve 
this problem, as it will likely reproduce the problem 
observed in many individual models. An alternative 
approach is Bayesian model averaging154, whereby indi-
vidual models that capture the key limiting process are 
assigned a greater weight in determining yields than the 
models that do not feature the key limiters155,156. In a vari-
ation on this approach but applied specifically for agricul-
tural insurance, others have suggested avoiding the use of 
multimodel ensembles in favour of selecting or adapting 
select crop models that feature the key agronomic con-
ditions and limiting processes for the insured crop in the 
relevant location(s) where the insurance would apply157.

Second, estimates from crop model simulations are 
only as finely spatially and temporally resolved as the 
input data. Thus, crop models tend to estimate yield 
response functions well when detailed and up- to- date 
information about management practices and environ-
mental conditions are available, such as at the experimen-
tal sites where most current crop models are developed. 
However, in many developing country contexts, the 
gridded weather and soil products currently available 
to describe soil properties (including texture, pH and 
organic matter content) and management practices (data 
products such as AgMIP158 or SoilGrids159) are generally 
of coarser resolution than required to reflect the hetero-
geneity of farming conditions relevant for assessing risk 
and detecting yield variability160. This is important, as 
even small variations in soil properties161 and land man-
agement decisions, including sowing dates162,163, plant-
ing densities164,165, fertilizer rates166 and irrigation167,168, 
can significantly change the simulated yield output160. 
Models paired with on- the- ground information can, 
therefore, help discern key sources of local variability that 
may not be observed in production figures estimated by 
satellite remote sensing or crop cuts alone47. In this way, 
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crop models could help provide a structured framework 
for creating insurance zones, with the zones determined 
based on their likely homogeneity in response to chang-
ing conditions. Recent research has begun to examine 
how satellite data can provide insight into soil properties 
and management practices, such as land preparation, 
planting dates and irrigation (for summaries of these 
studies, see reFs144,169,170). Increasing the spatial resolu-
tion of these input data sets could result in crop models 
that better reflect the on- the- ground variation in heter-
ogeneous landscapes. A small but growing number of 
studies have attempted to discern management practices 
in developing countries using satellite data (summa-
rized in reF.169), but many of these studies focus on larger 
plots rather than heterogeneous smallholder plots.

Integrating crop modelling and remote sensing. Recent 
approaches for yield estimation leverage both crop 
modelling and remote sensing. Data assimilation, for 
example, uses satellite- data- based estimates of crop fea-
tures (such as leaf area index and evapotranspiration) 
to constrain crop models in efforts to improve yield 
prediction171–175. Although common data assimilation 
procedures for yield estimation have been reviewed in 
detail elsewhere93, here, we briefly summarize a few key 
approaches under development. One data assimilation 
procedure is the ensemble Kalman filter (EnKF), which 
sequentially adjusts crop model simulations by updat-
ing intermediate variables (such as leaf area index and 
evapotranspiration) based on satellite observations. 
EnKF procedures have been shown to reduce wheat 
yield prediction errors in relatively small regions when 
the leaf area index was assimilated156 and to work reason-
ably well when estimating US maize yield at the county 
level172. However, using the EnKF did not appreciably 
improve accuracy when both the leaf area index and 
the surface soil moisture were assimilated, probably 
because surface- level soil moisture observations did not 
capture the extent of water stress occurring deeper in 
the soil176. Moreover, as satellites rarely capture all the 
relevant factors affecting crop yields (including cultivars, 
pathogens and soil types), constraining model simula-
tions to match satellite observations may distort model 
state variables174,175. Data assimilation approaches also 
tend to be computationally costly, limiting their use in 
larger-scale applications.

Another approach to leverage the advantages of both 
remote sensing data and crop modelling is the recently 
developed scalable satellite- based crop yield mapper 
(SCYM), a computationally efficient yield prediction 
framework that systematically links crop models and 
remote sensing177–180. SCYM first uses crop models to 
simulate several hundred pseudo- observations of daily 
crop attributes (such as leaf area index and yield) that 
would arise from a realistic combination of the possi-
ble growing conditions in the study region (including 
varying soil, weather, cultivar, fertilizer applications and 
sowing date). Next, these simulations are used to train 
statistical models that relate simulated end- season yield 
to weather and satellite- observable vegetation indices. 
Finally, these statistical models ingest satellite observa-
tions and gridded weather data to generate pixel- by- pixel 

yield estimates. Although ground- reference data are 
required to validate SCYM’s performance in a given 
region, the SCYM approach does not require the col-
lection of costly ground data to generate yield esti-
mates, owing to its reliance on crop models for training. 
In this way, the SCYM approach requires much less 
ground- reference data compared with other empirical 
prediction approaches that depend on this information 
to train their models. This feature is important because, 
as discussed in the introduction, ground calibration data 
are often unavailable in smallholder- dominated regions 
and costly when they are. Although SCYM has been 
shown to capture 75% of crop variability for maize in 
the USA179, in developing country contexts to date, the 
SCYM approach has captured one- third to about half 
of the variation exhibited in ground- based measures for 
winter wheat in northern India178, maize in Uganda and 
Kenya179,181, and sorghum in Mali182.

In a similar approach to SCYM, Leroux et al.183 
used a crop model to generate above- ground biomass, 
water stress and attainable yield measures to then train 
a remote sensing model that estimates yield. When 
applied to maize growing in Burkina Faso, this approach 
captured 46% of the yield variability reported in ground 
surveys among farmers. Although these studies for 
smallholder farming systems rarely find that satellite 
estimates explain more than half of the variability of 
ground- based measures, even ground- based meas-
ures such as crop cuts are themselves noisy estimates 
of field- scale yields. Crop cuts are better estimates for 
the fields where they were measured, but averaging crop 
cuts to estimate regional crop yield can be worse than 
estimating it with remote sensing. Regardless, none 
of the previous studies assessing yield variability was 
designed for use in index insurance. Therefore, further 
work evaluating these approaches, once tailored to the 
context, the application and the goal of improving farmer 
welfare, would reveal more about their performance and 
suitability for index insurance.

Finally, ‘theory- guided’ or ‘physics- guided’ data 
science is a new approach to improving predictions 
based on integrating scientific knowledge embod-
ied in process- based models with state- of- the- art 
machine learning models184. In a study simulating lake 
temperature185, a physics- based deep learning model 
trained with theory- based feedback (that is, with pen-
alties for violating conservation of energy) informed 
by a physics- based energy balance model resulted in a 
smaller root- mean- square error than traditional deep 
learning and process- based modelling. Similar tech-
niques have been applied to reduce prediction errors for 
several atmospheric and hydrological variables142,186–189. 
Although we are currently unaware of applications of 
theory- guided deep learning for crop yield predictions, 
recent funding directed at this research area (see, for 
example, reF.190) suggests that we can anticipate more 
work using these techniques in the years ahead.

Illustrating index insurance quality evaluation. How 
much do advances in techniques to assess agricultural 
conditions address the fundamental challenges of reduc-
ing design and idiosyncratic risk, and, in turn, translate 
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into (unsubsidized) value to the insured? A key approach 
to measuring the quality of index insurance design 
involves ascertaining how reliably a given index captures 
the intensity of poor conditions when they occur. In this 
section, we illustrate how the MQS evaluation frame-
work (Fig. 2b) helps assess the relative performance of 
several weather and yield measures derived from simple 
applications of the methods discussed herein.

Ideally, we would use farmer- level data to illustrate 
how the choice of zone boundaries and index can influ-
ence the value to the insured. However, here, we use 
available data on maize yields estimated from a series 
of crop cuts conducted in 71 Kenyan sub- counties 
in each year from 2016 to 2019 (see reF.180 for a more 
detailed description of the area and procedures for the 
crop cuts). For illustration purposes, we consider each 
sub- county as a single, synthetic individual who repre-
sents the aggregate of all crop cuts conducted in that 
sub- county. Risk is less of a problem for this synthetic 
individual, as yields for the sub- county will fluctuate 
much less than for a real person. Nonetheless, we can 
learn about the performance and quality of remote sens-
ing insurance measures by constructing and evaluating a 
sample set of six different index insurance contracts for 
all synthetic individuals over the 2016–2019 period. All 
contracts were set up to compensate the insured by $1 
for every $1 that the predicted yield falls below its mean  
value. We assume that the synthetic individuals are  
modestly risk averse (see section S.2 of the Supplementary 
Information).

To benchmark the analysis, we first examine the 
workings of a ‘perfect’ individual insurance contract, in 
which design and idiosyncratic variation are zero. This 
contract perfectly compensates each synthetic individ-
ual for their losses (Fig. 7a). For example, the largest loss 
in the data set is ~$1,000, and the synthetic individual 
who suffered that loss receives a $1,000 insurance pay-
out. This insurance boosts the risk- adjusted (certainty 
equivalent) value of income for the synthetic individual 
by $55 per hectare compared with the no- insurance case 
(Fig. 7b). This individual contract easily passes the MQS.

Individual- level contracts for real smallholder farm-
ers are not viable, however, owing to moral hazard, 
adverse selection and the high cost of loss verification. 
As a more viable alternative, we consider an area- yield 
contract that defines the county as the insurance zone. 
Because this contract is based on crop cuts, it is expected 
to have no (or trivial) design risk, but it does introduce 
idiosyncratic risk, as all individuals receive the same 
payout as their county average, despite their underlying 
production differing from the county average.

This contract generally issues payouts for losses, 
although both false negatives and false positives occur 
(Fig. 7a). For one individual who, in one year, experi-
enced a $1,000 loss, the payout was only ~$250. The 
risk- adjusted income under this area- yield contract 
exceeds the no- insurance option by ~$35 per hectare 
(Fig. 7b), but offers only about two- thirds of the insurance 
value of the individual contract. This drop in insur-
ance value reflects the magnitude of idiosyncratic risk 
at the county level. Data acquisition and other adminis-
trative costs are not included in the cost of this contract 

and would further reduce its certainty equivalent 
value. As these costs are largely fixed, their magnitude 
depends on the number of contracts sold. In real life, 
data acquisition through crop cuts can easily add $2–5 to 
the per- hectare cost of insurance (see section S.3 in the 
Supplementary Information for supporting assump-
tions), meaning that the certainty equivalent value of 
this contract would be ~$2–$5 less than the $35 shown 
in Fig. 7b.

We next consider what happens when the insurance 
area is fixed at the county level, but crop- cut data are 
replaced with satellite observations used to estimate 
average yields. Production estimates are based on a 
satellite vegetation index (based on the GCVI) and 
cumulative spring precipitation amounts extracted from 
the Climate Hazards Group InfraRed Precipitation with 
Station data (CHIRPS) data product191 (Fig. 7a). At the 
county level, these indices are subject to idiosyncratic 
and design risk, the latter arising from the imperfect 
ability of the indices to predict average losses at this level.

The county- level GCVI index appears to mimic 
the area- yield index, although there are higher rates of 
false negatives and positives (Fig. 7a). By contrast, with 
the county- level spring precipitation index, there is little 
discernible relationship between individual losses and 
payouts under the contract. The rainfall- based contract 
renders the moderately risky individual worse off than if 
they had no insurance, as the change in certainty equiva-
lent income is $4 lower than the no- insurance alternative 
(Fig. 7b). This contract thus fails the MQS. However, the 
county- level GCVI index passes the MQS, as its cer-
tainty equivalent income is $20 per hectare. Its insurance 
value falls below that of the area- yield contract, showing 
the importance of design risk.

In addition, we assess what happens to insurance 
value when we exploit satellite observations to create 
smaller insurance zones at minimal additional cost, 
while potentially reducing idiosyncratic risk. For both 
the GCVI and precipitation contracts, the insurance 
zone was shrunk to the sub- county level (Fig. 7a). These 
new contracts slightly outperform the county- level con-
tracts (Fig. 7b). The rainfall contract still fails the MQS, 
whereas the certainty equivalent income gain increases 
by ~$2 when the zone size of the GCVI contract is 
reduced to the sub- county level. Although additional 
research is needed to determine which conditions using 
the smaller zones proves beneficial, this first exercise 
illustrates the potential.

The loss measures commonly used to assess pre-
dictive skill in the remote sensing literature (R2 values 
and root- mean- squared error) appear similar at the 
sub- county and county levels for both the GCVI and 
precipitation indices (Fig. 7c). Despite the similarity 
when using these measures that equally weight positive 
and negative deviations, the asymmetric loss function 
reflected through the certainty equivalent calcula-
tion shown in Fig. 7b reveals subtle differences in the 
risk- reduction value of these two indices, with the GCVI 
index at the sub- county level, for example, restoring $2 
of risk- reduction value beyond that of the more aggre-
gated zone. Although the measure of predictive skill for 
the county- level crop cuts outperforms the other indices, 

Risk averse
exhibiting the preference to 
give up some money in 
expectation in order to reduce 
variability.
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Fig. 7 | illustrating index insurance quality evaluation. a | Payouts versus 
losses for six different indices at the county and sub- county levels, 
including crop cuts, a vegetative index (green chlorophyll vegetation index 
(GCVI)) and cumulative growing season (spring) precipitation amounts.  
The lower halves of the plots indicate how each index would issue payouts 
compared against the ‘true’ income loss. b | The certainty equivalent of a 
given insurance contract establishes the maximum risk- reduction value 
that the contract offers for the moderately risk- adverse individuals in  
this case study, relative to the case of no insurance. c | Predicted  
versus observed performance. Each index is compared against 

ground- reference- based yield estimates (sub- county crop cuts) using the 
symmetric performance measures of R2 and root- mean- square error (RMSE) 
common in the remote sensing literature. The dashed vertical lines indicate 
the trigger value to issue payouts, which, here, equals the average 
production estimated at the synthetic individual level (sub- county). The 
comparison of sub- county- level and county- level aggregates of each index 
type indicates the idiosyncratic risk; the difference between various types 
of indicators for a given zone indicates variation in design risk. FN, false 
negative; FP, false positive; NP, no payout; TP, true payout. Data available in  
the Supplementary Data.
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the focus on unweighted predictive skill obscures the 
important additional weighting of uncompensated losses 
(false negatives) that a certainty equivalent approach 
(featured in Fig. 7b) enables.

This example case reflects a short time series and uses 
simple approaches to generate sample indices. Although 
further improvements can and should be made before 
any variation on these indices are deployed for insur-
ance purposes, the case illustrates how examining the 
relationship between the predicted and observed values, 
as well as the certainty equivalent measure, offer diag-
nostics for evaluating and, subsequently, improving, the 
value of insurance indices to rural households.

Innovations in programme design
Several additional opportunities exist beyond the 
construction of an index that can improve the fit of 
an insurance programme to the conditions a farmer  
faces.

For example, a picture- based insurance programme 
was recently piloted among more than 750 smallholder 
wheat farmers in north- west India64. This pilot used a 
custom phone- based application with which farmers 
captured a georeferenced time- lapse of the insured crop 
throughout the growing season from a fixed vantage 
point and orientation, fixed- view angle and at a similar 
time of day. These ‘phenocams’ can collect informa-
tion about crop growth stages, which can improve the 
algorithms that use satellite data to estimate crop yields81. 
Phenocams can also allow for low- cost ground- data 
collection to detect problems (such as hail damage) 
that are easily observable in a photo but not as easy to 
observe in satellite images. Citizen science approaches 
could be further developed with phenocams to collect 
large samples of relevant data, including phenology, 
stress and crop production. The size of such data sets 
can compensate for the lack of precision therein, and 
even ordinal data, as in ‘high’, ‘medium’ and ‘low’, can 
be used to understand yield variation in ways that could 
outperform more formally collected data that intensively 
samples smaller areas or shorter time frames192.

Interest in using unmanned aerial vehicles (drones) 
for crop insurance purposes has also increased. The 
MetLife Corporation, for example, has submitted a 
patent request for their use of drones for various risk- 
assessment and auditing purposes193. Drones may also 
enable agricultural stress to be detected over a wide and 
inaccessible area194, and, in early 2020, the UN Food 
and Agriculture Organization reported that it had begun 
experimenting with drones to detect and manage locust 
infestations in Eastern Africa195. However, current com-
mercial drones still suffer from limited battery life (con-
straining flight time and areal coverage), complex data 
processing requirements and regulatory challenges that 
may impede their widespread adoption in developing 
country contexts. The relative cost advantages of oper-
ating drones compared with conventional, ground- based 
approaches is also not yet clear. However, ongoing 
experiments195,196 will likely provide additional insight 
into their value. Either drones or ground- based pheno-
cams could plausibly be used as a supplementary data 
source for auditing systems to cover larger territories 

during field visits or supplement yield estimates derived 
from satellite data.

Another opportunity to enhance the value of an 
index insurance programme is to deploy a limited num-
ber of crop cuts when groups of farmers indicate that the 
satellite or weather- based indices have failed them. Such 
a conditional audit system was applied in a pilot index 
insurance project among Tanzanian rice farmers73. To 
ensure incentive compatibility, that is, to ensure that the 
field visits are deployed only when most needed, a small 
fee can be assessed to at least partially cover the cost of 
the audits. The lower cost associated with satellite- based 
approaches mixed with conditional audits generated 
higher risk- reduction value for the farmers relative to 
field- based or satellite- based approaches alone35,197, using 
the same measures discussed above (Fig. 2). Using emerg-
ing technologies that lower the cost of field- based crop 
measurements might further enhance the feasibility of 
this approach.

Finally, another approach to enhance the value of 
index insurance involves allowing farmers to select what 
they perceive to be the riskiest time periods to insure their 
crops198. In contrast to focusing on cost reduction, this  
approach introduces a modicum of flexibility to better 
fit the losses of greatest concern to farmers.

Future perspectives
Index insurance can increase the resilience and income 
of rural communities, although several programmes 
have failed, owing to high costs or farmers not being 
compensated when payment was warranted and most 
needed. However, improving index insurance has been 
hampered by the lack of a conceptually sound stand-
ard for measuring and recognizing the quality of index 
insurance. In this Review, we have built on ideas in reF.35, 
showing how a measure can not only be used to evaluate 
a given contract (versus the alternative of no insurance) 
but also to measure the progress that can be made as 
rapidly advancing remote sensing tools are applied to 
the problem of small- farm risk reduction and resilience. 
As much remains to be learned about which innovations 
work best and under which conditions, we close this 
Review by summarizing the key emerging opportuni-
ties relating to advances in data availability, production 
estimation techniques and programme design that can 
enhance the value of index insurance to the insured.

First, the influence of using higher- resolution data 
in determining which areas to use to evaluate produc-
tion (crop masking) should be examined. Better under-
standing of where relevant crops are can help reduce the 
signal- to- noise ratio of satellite- based estimations, espe-
cially in heterogeneous landscapes for which reflectance 
data may be contaminated by other types of land uses. 
Such crop masks can be used to improve the index by 
eliminating pixels that have a small share of the target 
crops and, therefore, help identify relevant areas to con-
duct field- based assessments. Additional research can 
help discern how to best apply such methods and how 
much they help.

Second, we recommend applying improved tech-
niques to detect losses, drawing on advances in mod-
elling, new data sources and using the metric of farmer 
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welfare as evaluated with unsubsidized insurance prices. 
The idea of improving loss detection builds on tech-
niques discussed above and implies the use of an asym-
metric loss function focused on production shortfalls. 
In particular, modelling approaches that account for 
responses to poor conditions, relatively new data prod-
ucts that can each help assess the state of production 
(such as SIF or VOD), techniques such as physics- guided 
data science and data fusion approaches are ripe for 
exploration.

Third, strategically collecting ground- based data 
that span the yield distribution can help improve pro-
duction estimates for insurance. Evaluating the perfor-
mance of remote sensing and crop modelling methods 
requires reliable ground- reference data. The amount 
of ground- reference data needed depends on the het-
erogeneity of the target area over space and time, and 
having data that reflect shocks, especially low- yield 
states, is particularly important. Farmer recall surveys 
can be noisy: improved understanding of how to best 
collect and use such data could provide insight over a 
longer time period for which no other data exist and 
for the type of large and noteworthy events that index 
insurance seeks to cover. The utility of any survey may 
depend on the type and severity of shock, along with the 
community’s responses or composition.

Fourth, insurance zones can be optimized to reflect 
areas with high response homogeneity. As index insur-
ance pays out farmers based on group- level indices so as 
to avoid moral hazard, delineating groups with common 
production trends and variances helps reduce the risk 
of uncompensated losses. Although seemingly conven-
ient, large- scale administrative boundaries are unlikely 
to reflect optimal insurance zoning. To address concerns 
about the clarity of zone boundaries on the ground, a 
zone- optimization process could be constrained to 
follow well- defined boundaries, such as lower- level 
administrative boundaries or major landscape features. 
Fundamentally, however, if idiosyncratic risk is high, 
meaning that individuals within a given insurance zone 
do not experience common shocks or have common 

production responses to those shocks, index insur-
ance will be of little value and other risk management 
approaches would be more appropriate.

Finally, contracts can be designed to accommo-
date heterogeneous needs and inevitable index fail-
ure. Although many of the above approaches focus on 
reducing the costs of providing reliable index insurance, 
two additional programmatic innovations can help 
enhance the value of index insurance in diverse small-
holder contexts. One is to tailor specific index insurance 
contract parameters (for example, providing flexible 
windows for insurance coverage) to help account for 
heterogeneous conditions that farmers perceive but that 
a standardized contract offered over a single time period 
may not accommodate. In addition, contracts must be 
designed for when even the most advanced model or 
remote- sensing- based production estimation techniques 
err. To account for these inevitable errors at the outset, 
providing incentive- compatible, secondary audits for 
farmers to present their loss claims that the index failed 
to detect serves as an important recourse to minimize the 
extent of uncompensated losses. Smartphones, drones 
and other technological advances may offer further 
possibilities to reduce the cost of these field audits.

Overall, evaluating and designing programmes to 
successfully manage risk is a problem with both tech-
nical and social dimensions. Although index insurance 
instruments will not solve all agricultural risk- related 
problems, they offer a useful form of protection 
against severe, community- wide shocks when done 
well. Techniques to systematically evaluate the quality 
of a given insurance design offer an important lens to 
evaluate, diagnose and enhance the value of current and 
future programmes to insurers and the insured.

Data availability
The authors declare that the data supporting the find-
ings of this study are available within the article and its 
supplementary information files.
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