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One of the greatest challenges in crop 
insurance is to accurately estimate 
the frequency and severity of extreme 
weather events and their impact on 
crop yields. Unfortunately, good quality 
and long-term series of crop yield data 
are often not available. 

As a result, it is frequently impossible 
to assess weather-related risks on crop 
yields and this poses a challenge to 

managing and mitigating risks. At the 
same time, the increased availability 
and resolution of satellite data, as well 
as improved computational capacities 
offer promising opportunities to 
acquire reliable, objective and long-
term data to assess and quantify 
weather-related crop yield risks.

Introduction

Technology is advancing at a tremendous pace, offering increasingly more promising 
opportunities to use Big Data in the insurance sector. This is particularly important when insuring 
crops, where data not only needs to be of a high quality, but also gathered over a lengthy period.

At AXA XL, we have embarked on a project to demonstrate how Big Data can be used to reconstruct 
historical crop yields and, more significantly, how we can predict whether a good or bad crop year 
can be expected before the growing season even starts.

Long-term series of historical crop 
yield data are crucial for the 
sustainable development of the crop 
insurance industry. Unfortunately, 
the data is sometimes of a poor quality 
and, in many cases, no data is even 
available. Recently, technological 
advances in computational capacities 
have created opportunities for the use 
of Big Data ‒ high-resolution satellite 
imagery, for example ‒ allowing 
objective and long-term data to be 
gathered on both a local and a 
global scale.

Big Data has impacted several areas in 
the agricultural sector as it promises 
easily accessible, more systematic and 
accurate information. It is an enabler 
for the development of new insurance 
products, such as remote sensing or 
weather-based index products, and for 
quicker, cost-effective and transparent 
loss assessment. For underwriting 
and pricing, Big Data allows better risk 
selection and assessment.

This can be particularly helpful in 
areas where no or only poor historical 
data exists. Remote sensing data can 
also be used for monitoring crop 
health on a large scale. However, 
despite the many promising 
opportunities, Big Data will only be 
useful if it truly reflects the agricultural 
conditions that farmers experience. 
Therefore, rigorous validation is vital.

In this report, we show two examples 
of  how Big Data can be used to 
optimize management decisions of 
both farmers and crop insurance. First, 
we demonstrate how satellite data 
can be used to reconstruct historical 
crop yields, using corn in the United 
States as an example. Further, we 
demonstrate how Big Data makes it 
possible to unravel the past impacts 
on crop performance of a forecastable, 
recurring weather pattern with 
a global impact (i.e. the El Niño-
Southern Oscillation).

Using Big Data to  
reconstruct historical crop yields

How can Big Data  
help to assess crop risks?

“ Several major crop production 
regions show correlations with
climate patterns that can be
forecasted months in advance.”
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In this example, we assessed the 
suitability of optical satellite images 
to reconstruct historical crop yields 
using corn in the United States as 
a case study. Figure 1 shows the 
correlation between annual corn yields 
and the growing season maximum 
vegetation index derived from satellite 
imagery (so called normalized 
difference vegetation index or NDVI) at 
the county level. 

The NDVI is a standardized index 
measuring the greenness of a given 
surface using the reflected radiation 
of visible red and near-infrared 
wavelengths. By definition, the index 
values are within a range of -1 to +1. 
For many arable crops, NDVI can be 
used as indicator of crop health since 
healthy vegetation is usually greener 
and therefore has higher NDVI values. 

We can see that for most counties, 
there is a strong, positive correlation 
between the satellite-derived NDVI and 
reported corn yields. Correlations are 
particularly strong in counties where 
corn production is dominantly rainfed, 
but weaker in regions where irrigation 
is common, such as in eastern Nebraska 
or in states along the southern corridor 
of the Mississippi river.

This positive relationship between NDVI 
and corn yields implies that NDVI is a 
good proxy for corn yields, thus making 
it possible to reconstruct historical corn 
yields in regions where no or limited 
corn yield data exists. For other crop 
types and regions, similar analysis may 
be carried out to test the suitability 
of using NDVI as a yield proxy for other 
crop types. It is important, however, 
to consider limitations of such 
an approach.

There are several aspects relevant to 
crop yields that may not be captured 
by remote-sensing based vegetation 
indices. For example, a high biomass 
of the crop is positively correlated with 
the NDVI value but does not guarantee 
high yields as grain numbers and grain 
weight may be low. Further parameters 
could be included to deliver even more 
accurate results. Such reconstructions 
of historical crop yields using NDVI in 
combination with other data sources 
can be particularly useful in regions 
where no or only insufficient crop yield 
data exists.

Correlation coefficient
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Case Study 1: 

Satellite images predict 
historical corn yields in the US

Correlation: Max NDVI − corn for grain yield

Figure 1. Correlation between annual corn yields and the growing season  
maximum of the satellite-derived corn NDVI.



8Big Data in Crop Insurance Big Data in Crop Insurance9

Using Big Data to 
Make Early Predictions of Crop Yields

El Niño-Southern Oscillation – A recurring climatic pattern with a global impact on crop yields

Climatic factors during the growing 
season, such as temperature and 
precipitation, can have a major impact 
on crop yields. Extreme weather 
conditions, such as droughts, excess 
of rain or frost, may even lead to total 
crop failures. Because of climate 
change, such weather extremes are 
expected to increase both in frequency 
and severity, meaning that they pose a 
major challenge to global food security 
and the crop insurance business.

Some climatic patterns, so-called 
climatic teleconnections, are recurring 
and persistent changes in weather 
patterns that are linked over long 
distances. One of the most influential 
climatic teleconnections is the El Niño-
Southern Oscillation (ENSO) which 
arises in the eastern tropical Pacific 
Ocean and causes global changes in 
temperature and precipitation patterns 
and even drought or heavy rainfalls. 
Studies have shown that ENSO can 
have significant impacts on crop yields, 
both positive or negative, depending 
on the region and whether the tropical 
Pacific Ocean experiences a warming 
(El Niño) or a cooling (La Niña) phase. 

Upcoming El Niño or La Niña phases 
can be forecast with a relatively 
high degree of confidence months 
in advance based on sea surface 
temperatures measured in the tropical 
Pacific Ocean.

Who benefits from ENSO forecasts?

Knowledge of crop growing areas that 
are positively or negatively affected 
by El Niño or La Niña phases, in 
combination with ENSO forecasts, has 
several practical consequences both 
for the farmer and the crop insurance 
industry. For example, farmers are able 
to adapt their management decisions 
(e.g. planting dates, crop choices, 
fertilizer, pesticides or irrigation) 
based on ENSO forecasts to mitigate 
expected adverse climatic conditions 
or to take advantage of expected 
favorable climatic conditions during 
the approaching growing season. 
From a crop insurance perspective, this 
coupling makes it possible to identify 
regions where crop insurance premium 
rates are likely to be above or below the 
expected risk, allowing insurers to take 
appropriate underwriting actions.

Case Study 2: 

Winter conditions in the Pacific Ocean predict  
the following summer crop productivity

We analyzed global correlation patterns between the northern hemisphere winter ENSO index 
and growing season conditions averaged NDVI restricted to crop fields to identify regions where 
crop performance is positively or negatively related to El Nino / La Niña phases.

Correlation coefficient
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“ We share the same passion for the farming business 

impacts on crop productivity in some 
parts in Eastern Europe and South 
America.

  Not significant

Figure 2. 
Global correlation pattern between 
northern-hemisphere winter ENSO and 
ensuing growing season.

Figure 2 shows the global pattern of 
significant correlations between winter 
ENSO and growing season mean NDVI  
as an illustrative example. Regions 
in blue show a positive correlation 
between ENSO and NDVI and are 
therefore expected to experience 
above-average crop yields during 
El Niño phases but below-average crop 
yields during La Niña phases. Regions 
in red show a negative correlation 
between ENSO and NDVI. These regions 
are expected to experience above-
average crop yields during 
La Niña phases, but below-average 
crop yields during El Niño phases. 
Regions in dark grey do not show 
significant correlations.

In general, a warming of the tropical 
Pacific Ocean region (El Niño) in the 
northern hemisphere winter has a 
positive impact on crop productivity in 
the following growing season in central 
parts of North America and in some 
parts of South-Central Asia. At the same 
time, the El Niño phase has negative 

In regions where the winter ENSO 
index is significantly correlated with 
vegetation productivity in the ensuing 
growing season, ENSO forecasts 
could be used to provide farmers 
and crop insurance industry with an 
early warning tool for the expected 
conditions during the subsequent 
growing season. Such a global analysis 
certainly represents an oversimplified 
view but exemplifies how Big Data can 
be used to unravel patterns in the past 
that can then be exploited to provide 
forecasts. Regionally adapted studies 
that include aspects not considered 
here, such as different crop types and 
farming practices, will be conducted 

to develop a regionally adapted early 
warning tool for both farmers and the 
crop insurance industry alike.

as our clients and their customers, allowing us to feel  
and act as one team with our clients. 

  A genuine long-term partnership and 
innovative mindset combined with diverse know-how 
and experience are, in our view, crucial to helping our 

  clients take their business further.”
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Conclusion
The case studies presented here 
demonstrate the potential of using Big 
Data to provide information that is of 
benefit to both farmers and the crop 
insurance industry. The ongoing rapid 
improvement of the technological 
capabilities at our disposal, more 
readily available data and the greater 
insights we now have into both the 
opportunities and the limitations of 
Big Data technologies have made 
it possible to develop innovative 
insurance products.

The Agriculture team at AXA XL 
Reinsurance has a wealth of expertise 
and a proven track record in delivering 
innovative Big Data solutions. 
Innovation is and will continue to be 
the mainstay of the cutting-edge efforts 
we undertake to support our customers 
as we move forward, and Big Data will 
be one of the key factors in helping 
to optimize crop insurance schemes 
– not only from a product point of 
view but also from a risk assessment 
perspective. 

1 Global correlation pattern between growing season  
Methodology

Data Corn yield 
Crop yield data was obtained from 
the National Agricultural Statistics 
Service (NASS) at the US Department 
of Agriculture (https://www.nass.usda.
gov/). We used aggregated county 
level yield data for 'corn for grain' (all 
production practices) from 2000 to 
2018. To account for changes in 
corn yields over time because of 
changes in agricultural practices and 
improved varieties, yield data was 
detrended using a non-parametric 
regression approach. 

NDVI
We obtained NDVI data from the MODIS 
Vegetation Indices products (MOD13Q1) 
that provides global 16-daily NDVI 
data at a resolution of 250 meters and 
is available from 2000  to the present. 
MODIS NDVI products are computed 
from atmospherically corrected 
bi-directional surface reflectances 
that are masked for water, clouds, 
heavy aerosols and cloud shadows.

Analysis Corn yield – NDVI correlation analysis
MODIS NDVI data was masked to 
consider only pixels covering corn 
fields based on NASS crop mask for a 
given year. The remaining pixels within 
a county were then averaged for each 
NDVI image and the growing season's 
maximum NDVI value for each year 
and county was calculated. Finally, 
Spearman’s rank correlation coefficient 
between detrended grain corn yields 
and annual growing season maximum 
NDVIs was computed for each county. 
Our analysis did not consider counties 
where the proportion of corn field area 
was smaller than 10% of the county 
area and counties with less than 10 
years of available corn yield data.

Global correlation pattern 
ENSO – NDVI
MODIS NDVI data was masked to 
retain croplands (major and minor 
fragments of the GFSAD crop mask). 
In addition, to account for latitude-
dependent growing seasons all pixels 
with NDVI < 0.1 were removed as 

ENSO
We used the Oceanic Niño Index 
(ONI) as an indicator for ENSO phases. 
ONI is a 3-month running mean 
of sea surface anomalies in the Niño 
3.4 region (5N-5S, 120-170W), based on 
centered 30-year base periods updated 
every 5 years. It was obtained from 
the National Oceanic and Atmospheric 
Administration (https://www.cpc.ncep.
noaa.gov/data/indices/oni.ascii.txt.).

Crop masks
For the global analysis, the crop mask 
from the Global Food Security-support 
Analysis Data (GFSAD) at a spatial 
resolution of 1 km was used. The crop 
mask includes the five major global 
cropland types (wheat, rice, corn, 
barley and soybeans) which occupy 
60% of all global cropland. For the 
analysis restricted to the U.S., yearly 
cropland data from NASS at 
a resolution of 30 meters was used 
and masked to retain only corn fields.

they were assumed to be outside the 
growing season. All remaining NDVI 
pixels were averaged per grid cell with 
a spatial resolution of 0.5°. The growing 
season’s average NDVI value was then 
computed over the period April to 
March. In this connection, we used the 
period from April to March instead of 
a calendar year to define a growing 
year to avoid splitting the southern-
hemisphere's growing season into two 
years. Both NDVI and ONI time series 
were detrended and normalized by 
removing linear trends and dividing the 
time series by its standard deviation. 
This was done to remove spurious 
correlations between time series 
caused by common trends, such as 
climate change. Finally, for each pixel, 
Spearman’s Rank correlation coefficient 
between the growing season’s average 
NDVI and the previous winter ONI was 
computed. Grid cells with less than 
10% of crop cover were not considered 
in this analysis. Correlations were 
considered as insignificant if the 
p-value was < 0.1.

mean NDVI values and ENSO indices for other 

seasons has also been calculated but is not shown 

in this study.
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