21
Data Hungry Models in a Food Hungry
World: An Interdisciplinary Challenge
Bridged by Statistics
Louis Kouadio and Nathaniel Newlands
Agriculture and Agri-Food Canada, Lethbridge, AB

Agriculture is an essential component of societal well-being. Feeding an increasing human population, expected to reach 9.3 billion in 2050 (United Nations, 2011), and combating hunger and poverty worldwide remains a tremendous challenge. Producing and distributing food is also increasingly vulnerable
to interconnected risks and impacts due to extreme climatic events, harmful
environmental pressures and socio-economic volatility. Today’s rapid communication and globalization of trade increase the potential for high volatility in
commodity pricing from economic disturbances and shocks. This is, in part,
due to less constrained, open market-based valuation of major agriculturalbased food, feed, fiber, and bioenergy products. There is also, however, a need
to better understand crop production risks and commodity price fluctuations.
Forecast models of crop yield and production can help to better design risk
averse market regulation, trade and policy strategies and instruments that
have a higher success of achieving and sustaining global food security.

21.1

Big Challenges for Future Global Crop Production

Statistical-based modeling offers a way to represent and understand real-world
agricultural production systems. More accurate and timely crop yield forecasting methods can provide support for local, regional, national and international
decision-making when future food supply and demand are highly variable and
uncertain. Statistical-based forecasting methods are currently being advanced
within Canada, involving strong interdisciplinary collaboration of government
scientists, university researchers, and industry technologists and practitioners.
The goal of this accelerated, collective effort is to enable a more comprehen-
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sive and reliable assessment of socio-economic and environmental-related vulnerabilities, risks and potential impacts affecting global food production and
distribution. This chapter showcases how statistics is enabling the integration
of data and knowledge to advance operational crop yield forecasting across
Canada’s agricultural extent.

21.2

Differing Needs for Crop Yield “Outlook” Forecasts

Crop forecasts provide information on the health and maximum attainable
yield of a crop across space and time. Their accuracy relies on a sufficient and
reliable understanding of specific water, energy and nutrient requirements and
their availability to promote crop growth and ensure survival across a series
of development stages (i.e., crop phenology). Crops differ in how sensitively
they respond to cues and conditions within their environment. Forecasts are
most useful if they are timely, consistent, and validated against other available or independent sources of information. They must also meet the needs
of a wide variety of different agricultural stakeholders, i.e., agricultural producers/farmers, agri-business, media and provincial/federal government managers and policy-makers (Allen, 1994; Luo et al., 2011). Such requirements
may differ by the statistical information presented, different levels of forecast
accuracy, and relevant spatial and temporal coverage and scale.
Farmers are the basis of agricultural production and they need to make
marketing decisions with financial repercussions before and during the growing season. Agri-business managers and crop exporting-agencies involved in
the marketing chain need forecasts in making informed purchasing, routing
and warehousing decisions, as well as to determine, in advance, where and
how much to export. Agricultural forecasts may also provide users who are
involved in the legislation and operational programs that help to protect domestic agriculture and enhance food security — by offering early warning of
potential risks and impending impacts and their severity, and providing recommendations for potential mitigation and longer-term agricultural adaptation
options.
Models are generally defined as a simplification or abstraction of a real
(managed) complex dynamic system. They are considered to be comprised
of a vast number of components and processes interacting over a wide range
of organizational levels. A crop model can be described as a quantitative
scheme for predicting the growth, development, and yield of a crop, given
a set of genetic features and relevant environmental variables. In the simplest model representation, a crop grows by absorbing incoming light (i.e.,
photosynthetic active radiation), with important individual processes of crop
growth (e.g., photosynthesis, respiration, assimilate partitioning, phenology),
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and strong inter-relationships between environmental variables are not taken
into account.
More complex crop growth models describe such underlying biophysical
processes in great detail, and include: (i) biological modules (e.g., photosynthesis, plant growth and partitioning, pest damage); (ii) environmental modules
(e.g., weather, soil water and nitrogen balances, soil temperature); and (iii)
management modules (e.g., irrigation, fertilization, planting and harvesting
dates); see Boote et al. (1996). These complex models are increasingly being
used in theoretical research, yield predictions, and decision-making in agriculture, but in many cases are viewed as “black-boxes,” lacking transparency on
inter-linkages and on their assumptions.
The wide spectrum of models — from the simplest to most complex can be
used to generate crop forecasts. Nonetheless, a detailed consideration of their
appropriateness, especially for use in generating operational forecasts is still
needed. Forecasting models can be distinguished according to their complexity (number of variables and their inter-dependence), linearity/nonlinearity,
assumptions regarding the probabilistic nature of underlying biophysical processes, application scale, and extent to which they integrate diverse sources of
available data.
According to their structure and the amount of inputs required, methods
for forecasting can be roughly subdivided into three categories: (i) simple
methods that are generally empirically based and include descriptive rules and
logic; (ii) complex methods based on more structural models and large datasets
(they are generally process based); and (iii) integrated approaches that are
based on sophisticated statistical methods and use various data sources. The
latter appear as intermediate approaches between the first two; see Figure 21.1.
Typically, intermediate approaches are dynamic and multi-variate timeseries models with either fixed covariates or a mixture of temporal autocorrelation and spatially dependent covariates involved. Complex methods can
involve mechanistic approaches comprising deterministic assumptions linked
with system structure and empirical data inputs. Systems of finite-difference
equations (based on continuous-time differential equations) are used to model
features such as crop growth and yield in relation to soil, carbon, nitrogen,
water, solar radiation and other climate variables. Complex models of agroecosystems are also coupled to dynamic global or regional climate scenario
models and used in ecological and economic forecasting.
There is a need for a new generation of models for crops and agroecosystems that can make better use of new types of observational data to better capture soil-plant-air interactions (Zhu et al., 2011). A common pitfall
of dynamic models of spatial and temporal processes is that they are overparameterized because their number of parameters increases, with increasing
numbers of spatial points or areas. Readers are referred to a recent review
of latest advances and approaches in modeling dynamic ecological processes
by Leeds and Wilke (2012). In Section 21.3, we discuss the use of remote-
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FIGURE 21.1: Summary of the wide range of complexity of statistical models applied in generating real-time, operational crop yield predictions/crop
“outlook” forecasts.
sensing data in crop forecasting, and in Section 21.4 we describe a Bayesian
statistical model for sequential, regional-scale forecasting.

21.3

Use of Satellite Remote Sensing Data

Regional crop production estimates based on analysis reports are often expensive, prone to large errors, and cannot provide real-time estimates or forecasts
of crop condition. The application of crop growth models to a specific spatial
region may rely on the selection of representative, long-term sampling locations, followed by spatial aggregation or interpolation. But geospatial analysis
is hampered by fine-scale spatial variation in soil properties, management
practices or climatic conditions, and the large number of model parameters to
be calibrated across spatio-temporal scales. Yet the systematic acquisition and
near real-time delivery of high resolution data are needed for critical periods
during the growing season. With the development in earth observation data
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FIGURE 21.2: Selected vegetation indices and their potential use according to
the phenological stages. NDVI: normalized difference vegetation index; EVI:
enhanced vegetation index; SAVI: soil-adjusted vegetation index; NDWI: normalized difference water index, CIgreen: chlorophyll index green; NPCI: normalized pigment chlorophyll ratio index, and PSRI: plant senescence ratio
index.
acquisition, satellite remotely sensed data, owing to their synoptic, timely and
repetitive coverage, have been recognized as a valuable tool for crop monitoring at different levels.
Satellite remote sensing (RS) can be defined as the recording by on-board
satellite sensors of the electromagnetic radiation that is reflected or emitted
from the earth’s surface. On the plant canopy surface the electromagnetic energy from the sun can be reflected, absorbed or transmitted (depending on
the wavelength of this energy and the characteristics of plants). Vegetation indexes (VIs), that compare reflected light information at different wavelengths,
are routinely developed and utilized to assess various plant parameters.
The so-called “normalized difference vegetation index” or NDVI is most
commonly used. It is an index that is calculated from the visible and nearinfrared incident radiation received by a detector, and compares information
on a plant between a time when the chlorophyll it contains causes considerable
absorption of incoming sunlight and a time when it develops a leaf structure,
thereby increasing the amount of light that it reflects. The evolution of NDVI
over time could be used to determine plant development key indicators or
seasonal cumulative totals. The onset and the end of greenness in a given crop
area determine the length of the growing season. During vegetative growing
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TABLE 21.1: Estimation of canopy, leaf or soil biophysical variables as a function of the spectral domain used (Baret, 2000). The current level of accuracy
and robustness possible for different parameters is indicated qualitatively by
“+” (where “+++” is most accurate and robust and “–” implied no estimates
are available). “Albedo” is a measure of how well a surface reflects solar energy, varying between 0 and 1. A value of 0 means the surface is a “perfect
absorber” that absorbs all incoming energy, whereas a value of 1 means the
surface is a “perfect reflector” that reflects all incoming energy.
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phase (from crop emergence to flowering), for example, the SAVI (soil-adjusted
vegetation index) can be useful in characterizing the proportion of area covered by the crop. Figure 21.2 depicts crop development reference points and
time-intervals when different VIs best track crop growth through the growing
season.
Table 21.1 provides a summary of agroecosystem/biophysical variables derived from NDVI and other remotely-sensed indices that measure soil moisture, roughness and other characteristics, crop canopy or leaf surface area.
NDVI generated on a weekly basis is currently received using near real-time
information collected by NASA and used to generate NDVI maps south of
60o N for assessing and discriminating crops (250 m scale) across the agricultural land area of Canada.
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FIGURE 21.3: Example map of Normalized Difference Vegetation Index
(NDVI) showing its variability across Western Canada (Canadian Prairie
Provinces). This information is used to generate distribution maps of agricultural crops. NDVI indices are derived from bands 1 and 2 of the MODerate Resolution Imaging Spectroradiometer (MODIS) on board NASA’s Terra
satellite (Source: Agriculture and Agri-Food Canada) (Carroll et al., 2004).
Changes in the NDVI index enable a comparison of current growing conditions to those in a previous week, the same week in previous years or to
a historical mean, and provide useful information for forecasting and assessing drought/floods, crop insurance and tax deferral agricultural support programs. Figure 21.3 provides an example crop-type map generated using NDVI
observational data. These high resolution data are also now being incorporated into a broad set of process-level and statistical models that explore how
agroecosystems respond to a changing climate.
The retrieval of biophysical variables from RS data as input to crop growth
models can be used directly to forecast crop yield at the regional scale (Moulin
et al., 1998). Most models can use RS data as input in various stages of the
modeling process and it is well documented that the performance of the models
can be readily improved when RS data are combined with crop models (Mkhabela et al., 2011; Kouadio et al., 2012).
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Regional-Scale Crop Outlooks

Agricultural monitoring using satellites began with the Large Area Crop Inventory Experiment (LACIE) program which was developed jointly by NASA
and USDA in the early 1970s. Through the subsequent development of RS
techniques, several operational crop forecasting systems have been developed
and applied worldwide. Most of those systems consist of an integrated crop
forecasting approach and include large and diverse types of data.
One example is the MARS Crop Yield Forecasting system (MCYFS) used
by the European Commission for seasonal yield forecasts of European crops
of major economic importance. Within the MCYFS different procedures are
applied which combine historical yield statistics, climate/weather indicators,
and remotely sensed VIs, including additional information sources and expert
knowledge. The crop monitoring component in the MCFYS uses a complex
annual crop growth model called WOFOST (Diepen et al., 1989). The regional
crop growth simulation, achieved through the crop growth monitoring system
(CGMS) is mainly driven by climate variability as well as reference sources of
statistical information derived from RS data.
A large number of available crop yield forecasts can be generated statistically, and when the accuracy of the predicted yield is deemed to be not sufficient, trends periods and functions are analyzed. Given the uncertainties about
the evolution of the season during the forecasting process, agro-meteorological
scenarios can be produced and analyzed. Such scenarios are currently based
on agro-meteorological similar years as detected by multivariate statistical
methods (e.g., clustering, principal component analysis) useful for reducing
the number of explanatory variables or “dimensionality” required to forecast
crop yield. The reliability of all data sources as well as the accumulated experience and knowledge of the yield forecasting are thus important in selecting
the more important variables that explain crop yield and its variability in time
and space. In summary, statistical methods are applied in quantitative analyses (e.g., linear regressions, agro-meteorological scenarios/similarities analyses, trend analysis) and qualitative assessments (distribution of errors over
time) of yield. Crop yield forecasts are updated in near-real time and able to
anticipate most other sources of information.
In Canada, a statistical model with an intermediate level of complexity
has recently been developed as a prototype tool for forecasting major crop
yields. The model utilizes crop field survey, historical climate and near-real
time RS data in generating probabilistic yield forecasts that are sequentiallyupdated within the growing season as data become available (Chipanshi et al.,
2012; Newlands and Zamar, 2012). This statistical model has been embedded
within a prototype, operational regional forecasting system (Integrated Canadian Crop Yield Forecaster or ICCYF). This prototype can be used to evaluate
regional and local yield variations and give the industry sufficient lead time to
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FIGURE 21.4: Overview of the analytical framework and current Canadian
integrated regional-scale crop forecasting methodology (ICCYF).
make economic choices, and serve as a cost effective alternative to traditional
survey methods. The crop yield simulations will also provide baseline data for
projecting future variations in yields under a changed and variable climate.
The integrated forecasting framework for regional-scale forecasting of crop
yield brings together a variety of advanced statistical techniques, as outlined
in Figure 21.4. A region is divided into individual subregions delineated as
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Statistic Canada’s Census of Agriculture Regions (CARs). Within each CAR,
the variables that best predict crop yield are determined by a method called
robust least angle regression based on the following model,
Ys,t = γ0 + γ1 t + αyt−1 +

np
X

p
p
βs,t
Xs,t
+ εs,t ,

(21.1)

p=1

where Ys,t is the annual crop yield for year, t, where t ∈ {2, . . . , nt }, within a
given CAR, s, where s ∈ {1, . . . , ns }.
In this model, the total number of possible predictor variables selected in a
p
given year is np and Xs,t
denotes the pth predictor variable for CAR s at time
p
t, while βs,t is the pth regression coefficient. In addition, εs,t is independent
and Normally distributed error with mean zero and variance σ 2 . The regression parameters γ0 (yield intercept), and γ1 (technology trend coefficient) are
used to detrend the yield data and α is a lag-1 autoregressive term. This model
is multivariate (having np predictor variables) and has spatially-varying coefp
ficients, βs,t
varying over nt years and ns spatial regions.
The model’s dynamic covariates or predictor variables comprise a sub-set
of possible predictors that include well established biophysical driving variables and indicators or crop growth: PET — potential evapotranspiration, a
crop water stress index (WSI) (i.e., defined as (AET/PET–1), where AET is
actual evapotranspiration), a thermal-time growth index defined as growing
degree day (GDD’s) above a base temperature of 5◦ C, and NDVI. Information
from neighboring CARs is also considered, employing an approach described
by Bornn and Zidek (2012). Predictor variables can also include other remotesensing indices, and/or climate variables and indices. A technique called “Random Forests,” that has proved very effective in reducing variance and error in
high-dimensional datasets, is employed to forecast yield under a wide range
of sets or mixtures of the predictor variables.
Some model output results from the new Canadian model are illustrated in
Figure 21.5 showing the benefits of integrating NDVI data into a forecasting
model and the associated relative improvements in forecast surveys that are
possible. These results were generated using the ICCYF model to estimate
yield in the past (i.e., so-called “back-testing” or “hindcasting” employing the
“leave-one-out” approach to validating model forecasts). This involves dividing the historical data available into two parts, one for “in-sample” estimation
and the other for “out-of-sample” validation. This enables one to optimize a
model by comparing how well the model can predict yield using previous historical yield and other input data.
Historical data for the years 1988–2010 were used for this procedure. Data
for a single selected year within this range of years available (i.e., a rolling
window of one year) were sequentially omitted and the model was run to
generate a yield forecast. Here, the data for this single year represent the
“out of sample” year for which the model forecast accuracy is tested, with all
the other data serving as “in-sample” data. An empirical prior distribution is
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FIGURE 21.5: Relative gain in model accuracy when using the NDVI auxiliary index for forecasting crop yield (spring wheat) within the growing
season (May–October). Top: Hindcast error (Mean Absolute Error, MAE)
(bushels/acre) obtained from leave-one-out cross-validation against historical
crop yield data. Bottom: Forecast error based on forecast margin of error (i.e.,
for a future month).
obtained by residual bootstrapping the regression model in Equation (21.1),
and by pooling the data from neighboring CARs. For each forecast year, the
model was run with the following settings: spring-wheat (crop type), monthly
time-step, scale (40 CARs), 5 as the maximum number of yield predictors or
covariates, 3 as the number of spatial unit neighbors, 500 as the number of
bootstrap samples used to generate a prior yield distribution for each CAR,
and 5000 as the chain size for Markov Chain Monte Carlo (MCMC) sampling
of the joint posterior distribution over the model parameters, agro-climate
and remote-sensing auxiliary variables.
Model output of both historical “hindcasted” and future “forecasted” mean
absolute error (MAE) with associated 95% MCMC distribution-based prediction confidence intervals is shown in Figure 21.5, for each month of the wheat
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growing season (Canada), and with/without use of RS data (NDVI). These
box plots indicate the median error as the vertical line within the box. Ends
of the box are the upper and lower quartiles as a measure of data spread spanning 50% of the dataset and eliminating the influence of outliers. The whiskers
are the two lines outside the box that extend to the highest and lowest data
values. Here, the CARs 4607 and 4609 are identified as outliers and so warrant
further analysis.
To provide additional information and insights regarding how accurate the
forecasting model represents past extremes events (i.e., heat waves, drought
or persistent flooding conditions), we highlight those years that are outliers
(i.e., 1992, 1998, 2006). In this way, we can first focus in on specific CARs
and years and improve the historical climate, yield and remote-sensing data
inputs and further investigate the selection of predictors within those CARs
to help improve the accuracy and reliability of the model’s forecasts.
These cross-validation results reveal that there is bias when NDVI data
are not used in forecasting yield and that it is reduced when they are included. This indicates that including NDVI data improves the forecasting of
yield, particularly in later months of the growing season when the crop (spring
wheat) reaches maturity and its maximum attainable yield. For hindcast error,
we identify outlying CARs because areas that show marked departure from
the mean and lower/upper quartile ranges provide several practical modeling
insights: (i) the need or importance to consider and include other predictors
of yield to better represent historical trends; (ii) whether more accurate climate data from additional long-term or near-real time monitoring stations
is required to more accurately represent the climate and yield variability for
some CARs.
Bias in forecasting or so-called “forecast skill degeneracy” can often occur
when climate data is involved, and be amplified, when forecasts are verified
using the correlation between forecast and actual data resulting from leaveone-out cross validation methods (Barnston and van den Dool, 1993). This can
result when a cross-validation procedure uses nearly all of an available sample
dataset to develop regression-based forecast equations (i.e., as for historical
crop yield). Validation procedural adjustments can help to reduce such bias by
leaving out or excluding more than just one year at a time in generating crossvalidation forecasts, or using a verification measure other than correlation such
as MAE.
Use of remotely-sensed data not only improves crop yield forecasts, but
also improves the reliability of soil moisture data related to the amount and
efficiency of water use by different crops under different climate conditions.
For example, soil water stress is widely recognized as a dominant factor limiting crop growth across the Western Canadian Prairies — a major agricultural
region of Canada. Geostatistical validation using soil moisture active/passive
satellites (i.e., RADARSAT–1, 2) and wireless sensor-based monitoring networks measuring climate variability, soil conditions and in-situ soil moisture
(5–10 cm depth) are currently being tested. It is hoped that these inter-related
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lines of enquiry will culminate in the future implementation of a national monitoring effort to create a national database of soil moisture to further improve
the accuracy of inputs used in forecasting crop yield for major crops.

21.5

More Reliable Forecasting

In summary, previous methods of crop yield forecasting at regional scales
relied mainly on survey sampled yield and station-based climate data, but
such methods are now being progressively upgraded toward much more integrated approaches that combine wireless sensor network monitoring, satellite
and airborne remote-sensing, and higher-resolution climate information (i.e.,
interpolated historical station-based observational data, as well as data generated from the future scenario output of dynamic regional climate models).
The awareness of the public to environmental concerns related to climate
change, environmental pressure exerted by agriculture, and ecosystem sustainability continues to increase. Recurrent problems of dire food shortages
and famine in many parts of the world have boosted the demand for more
inter-disciplinary studies.
Information about crop production and demand, and decisions for efficient
agricultural policies are all shaped by statistical concepts, knowledge and techniques. For both the researcher and a wide range of users of crop forecasts,
predicting impacts and evaluating decision options based on forecasting systems requires the ability to anticipate outcomes associated with each decision
option under different forecast conditions. Risk analysis is an important element for grounding decision-making linked with scientific recommendations
as well as more subjective and incremental decision responses to observed
impacts, so that decisions are more consistent with forecast uncertainty and
decision maker tolerances to risk (Hansen, 2002).
To reduce human vulnerability to potential impacts of climate variability on agriculture, several methodological approaches exist. In spite of their
relative strengths and weaknesses, statistical approaches are widely used to
investigate the effects of recent and future climate changes on crop productions (Lobell and Burke, 2010). One of the directions to improve crop forecasting is the introduction of climate forecasts at different time spans. Advances
in modeling climate variability, by incorporating information from regionalscale output of dynamic climate models, might aid in generating timely and
accurate yield forecasts with the ICCYF model.
Fine scale estimates of future climate and a better understanding of the
statistical properties of extreme events will help to provide models for the
simulation and for prediction of future crop yields. The numerous prospective
analyses and international commitments related to world food security over
the coming epochs will require strong interdisciplinary collaboration, so that
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statistical methodologies can be best applied as operational decision support
tools for agriculture. Statistical methods also provide a vital bridge for linking
diverse types of complex data and for the development of finely tuned models
for forecasting. The challenges are many but the rich variety of data that are
now available deserve the best statistical tools we can provide.
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