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The primary objective of this paper is to develop yield and price forecast-

ing models employed in informed crop decision planning - a key aspect

of effective farm management. For yearly yield prediction, we introduce a

weather-based regression model with time-dependent varying coefficients.

In order to allow for within-year climate variations, we predict yearly crop

yield using weekly temperature and rainfall summaries resulting in a large

number of correlated predictors. To overcome this difficulty, we reduce

the space of predictors to a small number of uncorrelated predictors us-

ing Functional Principal Component Analysis (FPCA). For detailed price

forecasting, we develop a futures-based model for long-range cash price

prediction. In this model, the cash price is predicted as a sum of the

nearby settlement futures price and the predicted commodity basis. We

predict the one-year commodity basis as a mixture of historical basis data

using a functional model-based approach. In both forecasting models, we

estimate approximate prediction confidence intervals that are further in-

tegrated in a decision planning model. We applied our methods to corn

yield and price forecasting for Hancock County in Illinois. Our forecasting

results are more accurate in comparison to predictions based on existing

methods. The methods introduced in this paper generally apply to other

locations in the US and other crop types.
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1 Introduction

Agriculture and related businesses are large industries in the U.S. In 2007, they

had a value added of approximately $161.6B, a 64% increase from 2000 (Bureau

of Economic Analysis) and employed about 2.1 million workers (Bureau of Labor

Statistics). In addition, the agribusiness has become very complex in recent years,

and hence the importance of agricultural planning has increased. Crop producers

often base their decisions for crop production and selling on yield and price forecasts.

The objective of this paper is to develop accurate yield and price forecasting models

along with prediction confidence bands further integrated in a decision planning model

introduced and analyzed in Kantanantha et al. (2008).

Yield Forecasting: Background and Motivation. Timely and accurate crop yield

forecasting is essential for crop production, marketing, storage, and transportation

decisions and also helps managing the risk associated with these activities (Lee, 1999;

Potgieter et al., 2005). The most well-known and widely used crop information source

is the monthly USDA Crop Production reports (Krog, 1988). These reports, prepared

by the National Agricultural Statistics Service (NASS), provide statistics and related

information on crop production in the U.S. Even though these reports supply broadly

utilized yield forecasts, they generate only the mean estimate for each state (Lee,

1999). However, there are significant variations in crop yield by location due to

varying environmental conditions. In many previous studies, yield forecasting models

incorporate a series of weather predictors (Hoogenboom, 2002; Kandiannan et al.,

2002), more specifically, temperature (Peng et al., 2004, Wheeler et al., 2000, Batts

et al., 1997) and rainfall (Mkhabela et al., 2005). In line with the existing work,

we develop a crop-weather forecasting model using a regression approach where the

weather factors are rainfall and temperature. Additionally, we account for economic

growth by including GDP as a regressor. The common weather-based approach to

yield forecast is linear regression with constant coefficients over time. Although linear

regression is easy to estimate and interpret, it may be restrictive and with limited

prediction power since it does not account for the year-to-year dependence in the yield
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variable. To address this limitation, we propose using a varying-coefficient model,

which allows for time-dependent association of weather and economic growth to yield.

We assume that the varying-coefficients are unknown functions of time which are

estimated using penalized splines (Ruppert et al., 2003, Chapter 12.4).

For the weather based model, the number of predictors is very large. The planting

season consists of about 22 weeks, and for each week, we have temperature and rain-

fall predictors - a total of 44 predictors. For accurate prediction, we need to reduce

the space of predictors. One common approach to reducing the set of predictors is

variable selection. However, because the predictors are correlated, variable selection

will not provide a valid set of highly significant predictors - the estimated regression

coefficients will be unstable due to their joint effect (non-identifiability). To overcome

this difficulty, we reduce the set of correlated predictors to a smaller set of uncorre-

lated predictors using Functional Principal Component Analysis (FPCA). Sood et al.,

(2008) and Cai and Hall (2008) also propose using Functional Principal Component

Analysis (FPCA) to transform functional covariates into a finite set of uncorrelated

covariates. We applied FPCA to both temperature and rainfall data using a simi-

lar estimation approach as discussed in Ramsey and Silverman (1997). Ferraty and

Vieu (2006) and Cai and Hall (2008) introduce general estimation frameworks for

prediction under functional predictors and scalar response. An important difference

between their approach and our model structure is that the response variable varies

with time.

The final model is a varying-coefficient model where the temperature and rainfall

predictors are replaced by the scores of the functional principal components which

explain most of the variability in temperature and rainfall. Our yield forecasting

model is novel in that it allows borrowing predictive power from one-year to another

and it reduces to a parsimonious model by using a small set of predictors which explain

most of the variability in the functional weather predictors. The forecasting results

based on this model show improved prediction in comparison to linear regression, the

most common method for yield forecasting. Moreover, our model is easy to interpret

and implement, and therefore, easy to be incorporated in the existing software for
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agribusiness decision.

Price Forecasting: Background and Motivation. Prediction of future crop selling

prices is another important aspect in decision planning. Accurate price predictions

will help in planning what crops to be planted and when to sell them to optimize the

overall profit. The U.S. Department of Agriculture (USDA) publishes reports on crop

supply, demand, yields, prices, and other related information. Agricultural prices are

provided by the World Agricultural Outlook Board (WAOB) in the World Agricul-

tural Supply and Demand Estimates (WASDE) report. However, the WASDE report

is distributed once a month and the prices are national averages. Consequently, a crop

price forecasting model for predicting the upcoming prices in any specific location and

at a finer aggregation level (e.g. weekly) will help local farmers to optimize their crop

selling strategy. A number of models have been developed to forecast the cash prices.

Kenyon and Lucas (1998) study the relationship between soybean season average

prices and soybean ending stocks - the difference between supply and demand. They

propose a simple price forecasting model using price historical data and the ending

stocks based on linear regression. Many researchers studied the role of futures con-

tract prices in agricultural price forecasting (Working, 1942; Tomek and Gray, 1970,

Kenyon et al., 1993). Futures price is often used as an indicator of the expected cash

price (Hoffman, 2005). Eales et al. (1990) examine the difference between futures

prices and the average cash prices surveyed from farmers and grain merchandisers in

Illinois. In most cases, futures price and cash price are not significantly different.

Because the futures crop price is an indicator of the cash price behavior, in our

forecasting model, we predict the cash price at a specific location by summing the

futures price and the predicted local commodity basis. In the agribusiness literature,

commodity basis is defined as the difference between the local market cash price and

the price of a futures contract for a specific time period. We estimate one-year

commodity basis pattern using a functional model-based approach introduced by

James and Sugar (2003). Under this approach, we model the underlying commodity

basis as a mixture of Gaussian processes. Therefore, using this approach, we predict

the commodity basis pattern as a mixture of the historical commodity basis where
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the mixture weights are estimated rather than fixed. Our price forecasting model is

novel in that it predicts the local crop price using a global component (futures price)

and a local predicted component (commodity basis). Moreover, our method allows

estimating prediction confidence bands for several months ahead - throughout the

planting season and after. This is important in crop decision planning as a framer

will need to decide which crop to grow and when to sell at the beginning of the

planting season.

The layout of the paper is as follows. In Section 2, we present the data used for

yield and price forecasting . We first introduce the methodology for yield forecast in

Sections 3.1 and 3.2 and the prediction results of the proposed model in Section 3.4.

In the second part of this paper, we discuss the methodology for commodity basis

prediction in Sections 4.1 and 4.2 and the results on price forecasts in Section 4.3.

Finally, in Section 5 we discuss how these results could be used in crop planning.

2 Data Background

2.1 Data for Yield Forecasting

Yield Data. Historical corn and soybean yield data are acquired from Quick Stats,

an agricultural statistics database, provided by the National Agricultural Statistics

Service. Yield data are expressed as a number of bushels harvested per acre. Both

corn and soybean yield data are from Hancock County in Illinois from 1927 to 2005.

We chose Illinois as our primary state in our study since it is the second largest corn

producer in the U.S.(National Agricultural Statistics Service, 2005). Hancock county

is chosen as a representative county in Illinois. Our methodology applies to any crop

producer across the country.

Weather Data. In our weather based model, we use the weather data from National

Climatic Data Center (NCDC). These data are collected from La Harpe station in

Hancock County, Illinois, from 1927 to 2005. The rainfall variable is the total daily

rainfall in inches and the temperature variable is the average daily temperature in
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degree Fahrenheit. Even though we have daily data available, we aggregate both the

temperature and the rainfall at the weekly level since this aggregation will filter out

high frequency variation that would likely be non-predictive. Based on the Planting

and Harvesting Dates in the US Field Crops report (National Agricultural Statistics

Service, 1997), the planting season for corn in Illinois is approximately beginning of

May to late September. We propose predicting yield based on the temperature and

rainfall data during this period.

Forecasted Weather Data. In real practice, we do not know the weather condi-

tion in advance. Therefore, in predicting the yield, we need to use weather forecast

throughout the planting season. In the time series forecasting literature, the problem

of obtaining weather forecast for months in advance falls under seasonal or long-range

prediction. Existing methods for long-range weather forecasting are based on a broad

spectrum of information - satellite data, land surface and atmosphere data, historical

and real-time weather data, and historical forecast weather data. To implement these

methods, we need to acquire weather-specific data which are not commonly available

from non-commercial sources. Consequently, we obtain our weather forecasts us-

ing a standard time series technique called autoregressive integrated moving average

(ARIMA). We forecast one planting-season ahead using data from the previous years

and data in the the same year from January to April.

Economic Growth Factor. Another variable used in yield forecasting is annual

GDP from 1926 to 2004. We use the nominal GDP acquired from Economic History

Services.

2.2 Data for Price Forecasting

We base our price forecast on both futures and cash price data. The futures price data

are acquired from an agricultural package provided by the Chicago Board of Trade.

A futures contract is classified by its delivery month or contract month. However,

there are specific delivery months for each crop. Corn futures contracts are delivered

only in March, May, July, September, and December. In this research, we select

the nearby settlement price to represent the futures price. A nearby contract is the
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futures contract that is closest to expiration. For example, December corn futures

is the nearby futures for corn in October. We acquire the cash price data from the

USDA Springfield regional office. This office provides the average cash prices of corn

traded in central Illinois. Both futures and cash prices are collected every business

day from 1991 to the first quarter of 2006. We compute the daily commodity basis

from nearby futures and cash prices.

3 Yield Forecasting

3.1 Model Formulation

The underlying yield forecasting model is a varying-coefficient model:

E(Yi|T, R, GDP ) = µ(ti)+α1(ti)T1i+. . .+αp(ti)Tpi+αp+1(ti)R1i+. . .+α2p(ti)Rpi+α2p+1(ti)GDPi−1,

(1)

where Yi is the yield in year ti for i = 1, . . . , N (N is the number of years). The set of

predictors consists of weekly weather data (Twi and Rwi are temperature and rainfall

observations in week w for w = 1, . . . , p of year i) to account for within-year climate

variations and one-year lag nominal GDP to account for the economic growth. In

model (1), the regression coefficients µ(t) and α1(t), . . . , α2p+1(t) are assumed to vary

smoothly over time. This model is an extension of the linear regression model which

assumes constant regression coefficients. Allowing for time-dependent regression co-

efficients will improve the prediction of the response by borrowing predictive power

across time.

The weather-based model consists of a large number of predictors (22 for tem-

perature, 22 for rainfall when using weekly data and one for GDP). The number of

predictors can be even larger when using other weather predictors (e.g. humidity).

One common approach to reducing the set of predictors is variable selection. However,

because the predictors are correlated, variable selection will not provide a valid set

of highly significant predictors - the estimated regression coefficients will be unstable

due to their joint effect (non-identifiability). One way to overcome this limitation is
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to first apply a dimensionality reduction method to reduce the set of temperature

predictors and the set of rainfall predictors to a smaller set of uncorrelated variables

without significant loss of information. In this paper, we apply a functional version of

PCA (FPCA) since the temperature predictors as well as the rainfall predictors are

functionally dependent. More specifically, to highlight the within-year functionality,

we may write

Twi = Ti(w) and Rwi = Ri(w).

That is, Ti(w) and Ri(w) vary in time (week-to-week). We apply FPCA to tem-

perature and rainfall data separately. The key references for FPCA are Chapter 8 of

Ramsay and Silverman (1997), but recently, other methods for estimating FPC’s have

been introduced. For example, Yao et al. (2005) developed a method that allows for

sparse design.

FPCA Applied to Temperature Data. In FPCA, we assume that Ti(w) is a stochas-

tic process with mean E(Ti(w)) = mT (w) and covariance spectral decomposition

C(Ti(w1), Ti(w2)) = CT (w1, w2) =
∑∞

j=1 τjφj(w1)φj(w2) where {φj(w)}j=1,...,∞ form

an orthogonal basis and are called eigenfunctions. Under these assumptions, ac-

cording to Karhunen-Loéve decomposition, the functional Ti(w) will be decomposed

according to

Ti(w) = mT (w) +
∞∑

j=1

Pjiφj(w) (2)

where the coefficients Pji are called scores and they are uncorrelated with E(Pji) = 0

and E(P 2
ji) = τj. Based on the Karhunen-Loéve decomposition of the covariance

CT (w1, w2), {φj(w)}j=1,...,∞ are the associated eigenfunctions and τ1 ≥ τ2 ≥ . . . are

the ordered eigenvalues. However, the decomposition in (2) is impractical because it is

based on infinite sum, and therefore we use a truncated version of this decomposition.

Moreover, only a small number of eigenvalues are commonly significantly non-zero.

For the eigenvalues which are approximately zero, the corresponding scores will also

be zero in mean because E(P 2
ji) = λj. We may then approximate the within-year
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temperature pattern with

T̃i(w) = mT (w) +
I∑

j=1

Pjiφj(w)

where I is the number of significantly non-zero eigenvalues. We choose I such that

the first I principal components will explain at least 90% of the variability in the

temperature data. For temperature data, I = 6. In conclusion, using this approach

we will reduce the set of 22 temperature predictors to only six predictors which will

be the scores of the six principal components explaining most of the variability in the

temperature data. In model (1), we replace the predictors Twi, w = 1, . . . , 22 with the

scores Pji, j = 1, . . . , 6.

FPCA Applied to Rainfall Data. We denote ψj(w) the principal components and

denote Sji the scores for the FPCA decomposition of the rainfall functionals

R̃i(w) = mR(w) +
J∑

j=1

Sjiψj(w).

For rainfall data, J = 4 since only the first four principal components explain more

than 90% of the variability in the rainfall data. In model (1), we will replace the

predictors Rwi, w = 1, . . . , 22 with the rainfall scores Sji, j = 1, . . . , 4. After reducing

the set of predictors using FPCA, the model in (1) becomes

E(Yi|T, R, GDP ) = µ(ti)+α1(ti)P1i+. . .+αI(ti)PIi+αI+1(ti)S1i+. . .+αI+J(ti)SJi+αI+J+1(ti)GDPi−1.

(3)

3.2 Model Estimation

The regression coefficients µ and αj for j = 1, . . . , (I + J + 1) are assumed to be

unknown smooth functions. Using a nonparametric approach, we decompose the

regression coefficients using an orthonormal basis of functions. Common basis of

functions are Fourier, wavelets and splines. In our approach, we use penalized splines

but other basis may be applied also. The spline basis is a (low-rank) radial basis with
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degree p = 2. Therefore, we assume

µ(t) = µ0, αj(t) = α0j + α1jt +
R∑

r=1

ujr |t− κr|3 , j = 1, . . . , (I + J + 1)

where κr for r = 1, . . . , R are equally distributed knots over the time domain (1927-

2005). The number of knots is not important since we control the smoothness of the

regression functions by penalizing the goodness-of-fit. We estimate the coefficients

µ0, α0j,α1j and ujr for j = 1, . . . , (I + J + 1) by minimizing the penalized least sum

of squares:

N∑
i=1

(
Yi − µ(ti)−

I∑
j=1

αj(ti)Pji −
I+J∑

j=I+1

αj(ti)Sji − αI+J+1(ti)GDPi−1

)
+

I+J+1∑
j=1

λjJ(αj) (4)

where J() is a wiggliness penalty (Wahba, 1990) and λ’s are penalty tunning param-

eters which control the trade-off between goodness-of-fit and smoothness. Similar to

the semi-parametric models discussed in Ruppert et al. (2003), the solution to the

model in (4) is equivalent to the solution of the mixed-effects model described below.

Parameter estimation under the mixed effects model formulation allows automatic

evaluation of the smoothing penalty parameters, which is an important aspect in our

model estimation since the number of penalty parameters (I + J + 1) is large.

Under the equivalent mixed effects model, ujr’s are normally distributed random

effects with

Ω1/2 ujr ∼ N
(
0, σ2

ujIR

)
where Ω =

[|κr − κr′|3
]
.

Because we use a low-rank penalized spline basis, we need to rescale the random

effects by Ω−1/2. Other assumptions in the model are that the predictors have mean

zero and constant variance across all years. These assumptions hold since Pji and Sji

are the scores of functional principal components for temperature and rainfall. GDP

used in this model is standardized.
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Define the X and Z matrices as

X = [1 tiP1i . . . tiPIi tiS1i . . . tiSJi tiGDPi−1]i=1,...,N ,

ZPj
= {[|ti − κ1|3 . . . |ti − κR|3

]
Pji}i=1,...,N , j = 1, . . . , I,

ZSj
= {[|ti − κ1|3 . . . |ti − κR|3

]
Sji}i=1,...,N , j = 1, . . . , J,

ZGDP = {[|ti − κ1|3 . . . |ti − κR|3
]
GDPi−1}i=1,...,N .

Because the random effects are rescaled by Ω−1/2, it is common practice to multiply

the Z matrices with Ω−1/2 to predict independent random effects. Denote

{Z̃Pj
= Ω−1/2ZPj

, j = 1, . . . , I}, {Z̃Sj
= Ω−1/2ZSj

, j = 1, . . . , J}, Z̃GDP = Ω−1/2ZGDP .

Finally, define Z̃ matrix as Z̃ =
[
Z̃P1 . . . Z̃PI

Z̃S1 . . . Z̃SJ
Z̃GDP

]
. Under these

notations, the model in (3) is equivalent to a linear mixed model

Yi = αX + uZ̃ + εi, i = 1, . . . , N, (5)

where α are fixed effects and u are random effects. Assuming that the variance of the

errors V(εi) = σ2, the penalty smoothing parameters defined in (4) are λj =
σ̂2

uj

σ̂2 for

j = 1, . . . , I + J + 1.

3.3 Prediction

Under the mixed effects model in (5), we estimate the fixed effects α and predict the

random effects u using best linear unbiased prediction (BLUP) derived in Ruppert

et al. (2003), subsection 4.3. Denote the BLUP estimators α̂ and û. Let t∗ = tN+1

be the prediction year, and P1t∗ , . . . , PIt∗ the temperature scores and S1t∗ , . . . , SJt∗

the rainfall scores for the prediction year. We obtain these scores by applying FPCA

to observed historical weather data for years t1, . . . , tN and predicted weather data

for the prediction year TN+1. With this notations, define the matrix Ct∗ = [Xt∗ Zt∗ ]
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where

Xt∗ = [1 t∗P1t∗ . . . t∗PIt∗ t∗S1t∗ . . . t∗ SJt∗ ]

Z̃t∗ = Ω−1/2[|ti − κ1|3 P1t∗ . . . |ti − κR|3 PIt∗ |ti − κ1|3 S1t∗ . . . |ti − κR|3 SJt∗ ]

The predicted yield for year t∗ is derived from the mixed model (5) using the notations
above

Yt∗ = α̂Xt∗ + ûZ̃t∗ .

We compute an approximate prediction confidence interval for Yt∗ with bias correction

extending on the derivation by Ruppert et al. (2003), pp.137-140. The (1 − α)

prediction interval is

Ŷ (t∗)± z(1−α
2 )

σ̂ε

√
Ct∗

(
CT C +

σ2
ε

σ2
u

D

)−1

CT
t∗ + 1, (6)

where C =
[
X Z̃

]
and D = diag(0, . . . , 0, 1, . . . , 1). The number of zeros in D is equal

to the number of columns in X and the number of ones in D is equal to the number

of columns in Z̃. This confidence interval is an approximation because it does not

take into account the variability in the smoothing parameters λj, j = 1, . . . , I +J +1

and the variability in the predicted weather scores Pt∗ = (P1t∗ , . . . , PIt∗) and St∗ =

(S1t∗ , . . . , SJt∗) for the prediction year. The variability in the smoothing parameters

is commonly negligible under the assumption of a large sample but the variability

in the predicted scores depends on the accuracy of the predicted weather data. As-

suming α̂ and û independent and homoscedastic with respect to each other, we can

extend the confidence interval in (6) using the variance and covariance derivations in

Bohrnstedt and Goldberger (1969). Specifically, we replace Ct∗

(
CT C + σ2

ε

σ2
u
D

)−1

CT
t∗

with a variance estimator which takes into account the variability in the predicted

temperature and rainfall scores. However, for this, we need to input the expectations

of the prediction scores, E(Pt∗) and E(St∗), and the variances of the prediction scores

V(Pt∗) and V(St∗), which in turn depend on the expectation and the variance of the

predicted weather data. Because of this difficulty, we may use the confidence interval
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in (6) as an approximation for prediction upper and lower bounds for the yield.

To evaluate the precision or coverage of the prediction confidence interval de-

scribed in (6), we performed a simulation study described in the Appendix. We

computed the precision as the number of times a 95% prediction interval covers the

simulated true value. We simulate 100 datasets and predict ten years for each dataset.

For this simulation study, 52 prediction intervals out of 1000 (100 simulations × 10

years) do not cover the true simulated value when predicting based on observed

weather data. Therefore, the coverage is close to the confidence level of the pre-

diction confidence intervals. The precision decreases slightly when predicting based

on weather data forecast - 60 prediction intervals out of 1000 do not cover the true

simulated value. In the Appendix, we evaluate the mean absolute prediction errors

and compare the accuracy of the prediction confidence intervals under both scenar-

ios. Overall, the prediction method performs well when using the forecast instead of

observed weather data although the prediction precision decreases.

3.4 Yield Forecasting: Results and Discussion

Comparative Models. The first model is described in equation (3) which is a varying-

coefficient regression model with 11 predictors. We refer to this model as Model 1.

However, some of the estimated regression coefficients in Model 1 have high penalty

smoothing parameters (λj =
σ̂2

uj

σ̂2 large). This suggests using linear or constant func-

tions to estimate these regression coefficients implying a more parsimonious model,

which will be easier to predict and interpret. We therefore use the smoothing param-

eter as an indicator for identifying predictors with a linear or constant relationship to

the yield response. The selected model consists of three nonlinear regression compo-

nents - standardized lag nominal GDP, first temperature principal component score

and third rainfall component score and four constant components - second, third,

fourth, and fifth temperature principal component scores. This model is referred as

Model 2.

The common approach to yield prediction using weather data is linear regression

(Sheehy et al., 2006 and Kandiannan et al., 2002). Because of the large number of

13



temperature and rainfall predictors, we investigate the reduced model in (3) assuming

constant regression coefficients (αj(t) = aj for j = 1, . . . , I + J + 1). However, not

all I + J + 1 predictors are significant; consequently, we further reduce the set of

predictors using the minimum R2-adjusted criterion. The resulting model is Model 3

in this paper.

One other alternative to variable reduction is to use monthly rather than weekly

aggregated data, and therefore, reduce from 45 to only 11 predictors - five for tem-

perature and five for rainfall since we consider only the growing season period. The

linear regression model using selected aggregated variables is referred as Model 4.

Evaluation Results. We evaluate the predictions over a period of 10 years (1996-

2005). We investigate the performance of the four models according to two evalua-

tion measures, mean square prediction error (MSPE) and mean absolute percentage

prediction error (MAPE) reported in Tables 1 and 2. The first table reports the

prediction results when using observed weather data for the prediction year. Al-

though the weather data are not available at the time of yield prediction (beginning

of the planting season), this model allows us to evaluate prediction errors under per-

fect knowledge of weather data and to perform variable selection. The second table

presents the mean prediction errors for the four models based on predicted weather

data for the prediction year. The least parsimonious model (Model 1) has a high

MSPE and MAPE although has the highest R2-adjusted. On the other hand, Model

2 which is a parsimonious version of Model 1 has the lowest MSPE and MAPE for

both observed and forecasted weather data (highlighted in Tables 1 and 2). We com-

pare the predicted and the observed corn yields for years 1996 to 2005 in Figure 1.

Models 3 and 4 consistently over-forecast the yield. The largest differences between

the four models is for the period from 1996 to 1999. The prediction accuracy improves

for Model 2 throughout these years because this model allows borrowing information

across time. The observed corn yield in year 2005 is lower than the predicted yield

from all four models. This is because of extreme drought conditions during the 2005

growing season (Zhang et al., 2006).

Prediction Confidence Band. We use Model 2 to determine the prediction confidence
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intervals defined in Section 3.2. The 95% pointwise prediction interval for year 2005

in bushels per acre is (150.08, 210.46) for forecasted weather data and (137.48,

204.25) for observed weather data. The observed corn yield in year 2005 is 142

bushels per acre. It is close to the lower bound of the confidence interval due to the

severe drought conditions during the 2005 growing season. The prediction confidence

intervals for years 1996 to 2005 derived using Model 2 are illustrated in Figure 2. In

crop decision planning, it is important to obtain the prediction confidence interval

for the crop yield to cope with different scenarios or yield outcomes that may occur

over the planning horizon for crop decisions (Kantanantha et al, 2008).

4 Price Forecasting

4.1 Model Formulation

In this section, we develop a cash price forecasting model under a futures-based

framework where cash price is forecasted as the sum of the nearby futures price and

predicted commodity basis. Under this formulation, we only need to predict the

commodity basis, which typically does not vary as much as the cash price and can

generally be predicted from historical commodity basis patterns (Chicago Board of

Trade, 2000). For decision planning, we need to obtain weekly price forecasts, and

therefore, weekly commodity basis predictions throughout the planting season and

after (May to December). To plan the crop allocation and selling time, a farmer

needs to obtain these predictions at the beginning of the planting season (late April).

We first introduce our model for long-range commodity basis prediction. Given

the historical commodity basis data

Yil = Yi(tl), l = 1, . . . , nw, i = 1, . . . , ny

where tl is the lth week for nw number of weeks (nw = 35 in our application) and

ny = 14 is the total number of years, we predict the commodity basis pattern for the

upcoming year as a mixture of historical commodity basis patterns. Denote Y ∗(tl)
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for l = 1, . . . , nw the weekly predictions of the commodity basis for the upcoming

year. Under our model formulation, we assume that Y ∗(t) is distributed as a mixture

of Gaussian processes

Y ∗(t) ∼
K∑

k=1

πkfk(·|t), (7)

where K is the number of mixtures, fk is the density function of the kth gaussian

mixture component with mean µk(t) and covariance Σk(t, t
′). Both the mean functions

and the covariance surfaces are unknown for k = 1, . . . , K. The mixture weights πk for

k = 1, . . . , K are also unknown. We predict the commodity basis using this mixture

approach because the basis displays similar underlying patterns across years with a

mixture of cyclical patterns. To illustrate this, we present the corn basis from years

1991 to 2006 in Figure 3. Overall, the basis fluctuates within a year with five common

local maxima and one local minimum. In these plots, the local maxima are indicated

by dashed lines and the local minimum is marked by a straight line. The 1996 corn

basis behaves differently from other years because of the passage of the 1996 Farm

Act, which increased the planting flexibility and resulted in a large amount of corn

released to the market.

4.2 Model Estimation

Since the number of mixtures in (7) is unknown, the estimation problem is an unsu-

pervised clustering problem. We follow the approach for clustering functional data

proposed by James and Sugar (2003). Under this model-based approach, the cluster

memberships Zi’s are treated as latent variables. Assuming Zi for i = 1, . . . , ny are

multinomial with parameters (π1, . . . , πK) and πk is the probability that a commodity

basis curve belongs to the kth cluster. We estimate the mixture weights πk, the mean

functions µk(t) and covariance surfaces Σk as described in James and Sugar (2003)

and briefly presented below.

For each year i, the commodity basis is modeled as

Yil = βi(tl) + εil, l = 1, . . . , nw,
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where we decompose the regression function βi(t) using a spline basis βi(t) = s(t)T ϕi,

where s(t) is a vector of spline basis functions of length q and ϕ is a spline coeffi-

cient vector of length q. We assume that the spline coefficients follow a Gaussian

distribution:

ϕi = µzi
+ γi, γi ∼ N(0, Γ), for i = 1, . . . , ny

where µzi
is the cluster coefficient vector, zi is the unknown cluster membership of

year i taking values from 1 to K, and γi is a random effect vector for ith year.

Define S =
(
s(t1)

T , . . . , s(tTnw)
)T

to be the spline basis matrix, bi = (Yi1, . . . , Yinw),

and εi = (εi1, . . . , εinw) to be the vector of measurement errors. Using these notations,

the functional clustering model (FCM) becomes

bi = S(µzi
+ γi) + εi, i = 1, . . . , ny, (8)

εi ∼ N(0, σ2I), γi ∼ N(0, Γ).

Under this formulation, the distribution of bi is

bi ∼ N(Sµzi
, Σ), where Σ = σ2I + SΓST . (9)

As in FCM (James and Sugar, 2003), we estimate the model parameters by maxi-

mizing the mixture likelihood function. Denote the estimated coefficients µ̂k for the

kth cluster. It follows that for cluster k with k = 1, . . . , K, the estimated cluster

mean is µ̂k(t) = s(t)T µ̂k and the estimated cluster covariance is Σ̂k(t, t
′) = Σ̂(t, t′) =

s(t)Γ̂s(t′)T + σ̂2I{t 6= t′}.
Confidence Band Estimation. We assume that the prediction curve Y ∗(t) follows a

mixture of gaussian processes where the kth component has an estimated mean µ̂k(t)

and estimated covariance Σ̂k(t, t
′). Also assuming that the clustering variable Z is

multinomial with proportion parameters πk for k = 1, . . . , K, we compute an (1− α)
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prediction confidence band for Y ∗(t) using the formula

(L̂(α, t), Û(α, t)) =

(
K∑

k=1

πkµ̂k(t)± Φ−1(1− α

2
)υ̂(t)

)
, (10)

where υ̂ is the diagonal of square root of the estimated covariance matrix of Y ∗(t)

computed from

V(Y ∗(t)) = V(E(Y ∗(t)|Z)) + E(V(Y ∗(t)|Z))

= V

(
K∑

k=1

Yk(t)E(1Z=k)

)
+ E

(
K∑

k=1

Y 2
k (t)V(1Z=k)

)

=
K∑

k=1

π2
kV (Yk(t))) +

K∑

k=1

πk(1− πk)E
(
Y 2

k (t))
)

= diag(s(t)Σs(t)T ) +
K∑

k=1

πk(1− πk)µ
2
k(t).

A more conservative confidence interval has been suggested by James and Sugar

(2003). They suggest estimating the confidence bands for each cluster k = 1, . . . , K,

(L̂k(α, t), Ûk(α, t)) and take the minimum over all lower bounds and the maximum

over all upper bounds

(
K

min
k=1

L̂k(α, t),
K

max
k=1

Ûk(α, t)).

The confidence band for Z = k is

(L̂k(α, t), Ûk(α, t)) =
(
µ̂k(t)± Φ−1(1− α

2
)υ̂k(t)

)
, (11)

where Φ−1 is the inverse cumulative density function and υk is the diagonal of the

estimated covariance matrix of the kth cluster, Σ̂k. James and Sugar (2003) also

suggest a more accurate (less conservative) interval using only the confidence bands

of the clusters with the largest estimated weights π̂k such that the sum of their weights

is equal to a fixed τ1. An α = τ1τ2 confidence band is then

( min∑K−c
k=1 πk≤τ1

L̂k(τ2, t), max∑K−c
k=1 πk≤τ1

Ûk(τ2, t))
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where the clusters K−c, . . . , K are those with the lowest weights. In the next section,

we compare the two methods for years 2004 and 2005.

4.3 Price Forecasting: Results and Discussion

Functional Clustering Analysis. The functional model-based clustering technique out-

lined in Section 4.1 is applied to the commodity basis data. We first predict the

commodity basis pattern based on the historical commodity basis data scaled to

mean zero. For the method briefly discussed in Section 4.2, we need to specify the

dimension of the spline basis, q, and the number of clusters, K. The predicted com-

modity basis cluster means µ̂k(t) are similar because we estimate the mixture in (7)

using a small number of similar patterns (ny = 14). This implies that the estimated

mixture is not sensitive to the number of clusters. However, for a larger number of

years, the number of clusters may play a significant role. There are techniques that

can be used to determine the number of clusters, for example, gap statistic (Tibshi-

rani et al., 2001), and jump method (Sugar and James, 2003) but here we choose a

small value for K. We choose q by investigating the smoothness level under a series of

values for this tuning parameter and select q to optimize the trade-off between local

and global variations.

Prediction Confidence Band. The yearly commodity basis data is scaled to mean

zero before estimating the mixture based on the historical commodity basis data.

Therefore, both the predicted commodity basis and its confidence bands are not

on the same scale as the corresponding observed basis. We therefore re-scale the

predicted basis and the prediction confidence bands. Because we are interested in

prediction starting with May - beginning of the planting season, we use as scaling

constant the average over the commodity basis within the first four months of the

prediction year. The proposed re-scaling technique works well in the years with no

severe conditions. Lastly, we add the nearby settlement futures price to the predicted

commodity basis to obtain the predicted cash price and the prediction confidence

bands. We show the prediction results for cash price in Figure 4 for years 2004 and

2005.
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We proposed two different methods for estimating the prediction confidence bands

in Section 4.2. In Figure 4, we compare the two methods - Method 1 in red is the

method introduced in James and Sugar (2003) and Method 2 in blue follows from our

assumption that the predicted pattern comes from a mixture of gaussian processes.

The first method provides wider confidence bands and most of the observed cash price

values are within this confidence band. Using the proposed prediction method, the

cash price is over-predicted around the end of the planting season - end of September

for both years (2004 and 2005). Moreover, for months September to December, the

prediction confidence bands are also wider since the historical commodity basis varies

during this time period sognificantly. Year 2005 shows greater variability and larger

predictions errors than 2004. This may come from the severe drought condition in

2005, which affected the corn production and hence the price.

Comparisons. We compare our forecasting model with a simple times series method

- ARIMA. We obtain weekly predictions five-week ahead using an ARIMA model with

the ARMA and seasonality orders selected using a modified AIC criterion (Brockwell

and Davis, 2002). One has to bear in mind that the predictions based on ARIMA

are medium-range (lag of five weeks) whereas the predictions using our method are

long-range (lag of 35 weeks). The decision planning model makes use of long-range

predictions, but for comparison reasons, we obtain the medium-range ARIMA pre-

dictions since long-range ARIMA with 35 lags performs poorly. The predictions for

both comparison years, 2004 and 2005 are presented in Figure 5. For both years, our

method follows the price pattern closely with larger prediction errors in September

to November. The mean squared prediction errors for both years are also lower when

using our long-range forecasting method than the medium-range forecasting ARIMA.

The price forecasting model in this paper allows for long-range prediction because

it accounts for yearly seasonality and cycles of the commodity basis. However, for

outlying patterns due to severe weather conditions - for example, 2005 with a draught

condition, our model consistently over-predicts the price. As more information about

the cash price level is available, we can simply adjust the price predictions by rescal-

ing the predicted price pattern. Updating the price prediction may require modifying
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the crop decision planning, for example, the dates when to sell the crops. However,

not all decisions made at the beginning of the planting season are reversible. One

example is the crop allocation. For these decisions, we need long-range predictions

as provided in this paper.

5 Discussion

Decision planning plays an important role in agriculture just as it does in other

industries. It is a key factor that determines in part the success and failure of business.

Farmers’ decisions include: i) which crops to produce, ii) how much land to allocate

to each crop, and iii) when to grow, harvest, and sell. Uncertain factors such as

weather and demand, along with the limited resources used to cultivate, store, and

supply crops make crop decisions difficult for farmers and can therefore significantly

affect returns.

In order to make good decisions under these uncertainties, forecasting of impor-

tant factors is a crucial step. The models described in previous sections facilitate

computation of not only point prediction but also prediction confidence bands for

yield and price. These results enable the analysis of a range of scenarios in decision

planning. For example, before each cropping period begins, farmers have to consider

which crops they will grow. This can be a difficult decision since farmers do not have

information for the outcome of their crops before the cropping season. The expec-

tations for yield and price would help producers to estimate the expected return for

each crop. The prediction confidence bands would provide other possible outcomes

beside the expected values. A second example is the decision of when to harvest

and when to sell the crop. If crops are storable, farmers may keep them for sale at

higher prices after the harvest time. By doing so, producers may obtain higher return.

However, this decision will depend on whether the increased price is high enough to

compensate for the storage costs. The price prediction confidence band would help

the growers to estimate the maximum loss or maximum gain. With these estimations

along with the realized harvest cash price, farmers can make better decisions about
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whether they should keep their crops for later sale or not. Therefore, our forecasting

models are usable tools for rigorous decision planning.

The forecasting models in this paper allow prediction of the yield and price at

the beginning of the planting season when most of the decisions are made. For

yield forecasting, we need to use long-range weather forecasts since the observed

weather data throughout the planting season are not available. Because of this limi-

tation, the yield predictions are less precise. However, because our model accounts for

within-year dependence using time-varying regression coefficients, the yield prediction

borrows information across years, and therefore, smooth changes may be accurately

predicted. Years 1996 to 1999 are example of smooth variations in the yield; our

model provides accurate predictions for these years. On the other hand, year 2005 is

an example of a sharp change in the yield due to a severe drought. For years with

severe weather conditions, the model relies on good weather predictions. We use

simple weather forecasts based on the ARIMA model but more accurate predictions

may be used here as described in Section 2.1. Another important aspect of our model

is dimensionality reduction. Because weather data may be represented by multiple

between-year dependent predictors, we propose using Functional Principal Compo-

nent Analysis to reduce the space of predictors. This step is important since a large

number of predictors leads to over-fitting, and therefore, inaccurate predictions. In

conclusion, varying-coefficients and variable reduction by FPCA enhance the yield

prediction as provided in our empirical case study. We compared yield forecasts over

10 years (1996-2005). The model proposed in this paper out-performs the most com-

mon approach to yield forecasting - linear regression in average across the prediction

years.

Under the futures-based model, we obtain commodity basis predictions and sum

these predictions to the futures price to obtain a cash price forecast. A multiple-year

average technique is often used as a tool to compute the expected commodity basis. It

is simple and provides relatively insightful results. However, it assumes equal weights

for all years without accounting for yearly patterns which are predominant across

multiple years. For example, if there is a year which has an outlying pattern from all

22



the other years, then this year will be equally weighted as all the other years. In our

model, we estimate the mixture weights. The model based formulation also allows us

to estimate (pointwise) confidence band, which are further used in decision planning.

We evaluate the precisions of the prediction bands for years 2004 and 2005. For year

2004, the prediction bands cover most of the observed price values throughout the

eight-month prediction period. For year 2005, the confidence bands are not precise

during the harvesting period due to the severe weather condition. If we were to have

available data for a longer period of time, we might be able to cluster years with

severe conditions like flood and drought. This would allow us to accurately identify

2005 as a drought year and correctly account for this severe condition.

In a subsequent paper, we introduce an optimization-based decision planning

model for these decision problems. (Kantanantha et al, 2008) Since yield and price

are stochastic and affect both revenues and costs, these stochastic variables will be

incorporated in the model to derive probabilities for different planning scenarios. Our

model takes into account the resource limitations as its major constraints as well as

the limitation on the planting and harvesting periods of each crop.

Appendix

In this Appendix, we discuss a simulation study for evaluating the precision and the

accuracy of the predictions derived from the yield forecasting model. Specifically, we

simulate from the full model in (1) where the regression coefficients take one of the

four forms

f1(t) = a0

f2(t) = a0 + a1t

f3(t) = a0 + a1t + a2t
2

f4(t) = a0 + a11 + a2t
2 + a3t

3
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with the function coefficients being randomly sampled from a uniform distribution

on (0, 1) (a0, a1, a2, a3 ∼ U(0, 1)). The error term εi is normally distributed with

variance σ2 = 1. We consider the same number of years as for the observed yield in

our empirical example and the same set of predictors (GDP, 22 temperature and 22

rainfall predictors). For 100 simulated data sets, we apply the yield forecasting model

as described in Sections 3.1-3.3. We first reduce the set of predictors using FPCA

and then estimate the model in (3). We obtain predictions for years 1996 to 2005

using a parsimonious version of the model in (3). For each simulation, we count the

number of years the prediction interval covers the observed value.

We apply this simulation study under two scenarios discussed in this paper - pre-

diction under the observed weather data (scenario I) and prediction under forecasted

weather data (scenario II) for the prediction year. The second scenario allows us to

evaluate the precision and accuracy of the confidence interval in the presence of the

prediction error due to using the forecast rather than observed weather data. Overall,

52 prediction intervals out of 1000 (100 simulations times ten prediction years) and 60

out of 1000 do not cover the true simulated value when predicting based on observed

weather data, and respectively, when predicting based on forecast weather data. An-

other precision measure is to evaluate for how many datasets out of 100, there are

two or more years with confidence intervals not covering the simulated value. For

example, for one simulation, the prediction confidence intervals may not cover the

observed values for years 1996, 1997 and 1998. For the first scenario, 5 simulations

out of 100 provide prediction confidence intervals not covering the simulated values

for two prediction years. In contrast, there are 10 simulations out of 100 under the

second scenario. Using this precision measure, the prediction confidence intervals

under the second scenario are much less precise than for the first scenario.

In Table 3, we report mean absolute prediction error (MAPE) and the length

of the prediction confidence interval divided by the simulated true value. We show

these accuracy measures for each of the prediction years. The reported prediction

errors and standardized confidence interval lengths are averages over 100 simulations.

The MAPE’s do not vary much for years 1996 to 2005. The standardized confidence
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interval length is a measure of accuracy of the confidence interval. The lower this value

is, the higher the accuracy is at a given precision (1−α = .95 in this simulation). The

accuracy of the prediction intervals do not differ for the two scenarios. In conclusion,

using forecast weather data does not affect the accuracy of the confidence intervals

but their precision.
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Model 1 Model 2 Model 3 Model 4
MSE* 566.61 142.81 190.35 185.41

MAPE** 0.156 0.053 0.078 0.074
R2-adj *** 90.10 % 88.45 % 78.07 % 77.80 %

Table 1: Corn yield prediction results from observed weather data for Model 1 to
Model 4. (*Mean prediction square error; ** Mean absolute percentage error; ***
Using Data 1927-2005)

Model 1 Model 2 Model 3 Model 4
MSE* 308.10 234.94 281.07 278.88

MAPE** 0.102 0.072 0.080 0.094
R2-adj *** 89.97 % 88.30 % 78.07 % 77.80 %

Table 2: Corn yield prediction results using forecasted weather data for Model 1 to
Model 4. (*Mean prediction square error; ** Mean absolute percentage error;***
Using Data 1927-2004)

Year MAPE (I) MAPE(II) Stand CI length (I) Stand CI length (II)
1996 0.127 0.119 0.62 0.61
1997 0.130 0.126 0.58 0.58
1998 0.110 0.108 0.60 0.55
1999 0.109 0.109 0.52 0.52
2000 0.116 0.117 0.55 0.50
2001 0.112 0.092 0.50 0.46
2002 0.093 0.113 0.49 0.41
2003 0.095 0.095 0.49 0.44
2004 0.097 0.091 0.46 0.41
2005 0.093 0.091 0.44 0.39

Table 3: Simulation study: Accuracy of point prediction and confidence interval
prediction under two scenarios: using observed weather data (I) and using forecast
weather data (II).
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Figure 1: Observed corn yield and predicted corn yield: (left) Model 1-4 predictions
for years 1996-2005 based on observed weather data; (right) Model 1-4 predictions
for years 1996-2005 based on forecasted weather data.
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Figure 2: 95% pointwise prediction confidence bands estimated using Model 2 for the
prediction years 1996-2005: (left) for the observed weather data and (right) for the
forecasted weather data.

30



0 100 200 300

−0
.1

5
−0

.0
5

1991 Corn Basis

Day of the year

B
as

is
 v

al
ue

 ($
)

0 100 200 300

−0
.1

5
0.

00

1992 Corn Basis

Day of the year

B
as

is
 v

al
ue

 ($
)

0 100 200 300

−0
.2

0
−0

.0
5

1993 Corn Basis

Day of the year

B
as

is
 v

al
ue

 ($
)

0 100 200 300

−0
.3

0
−0

.1
0

1994 Corn Basis

Day

B
as

is
 v

al
ue

 ($
)

0 100 200 300

−0
.2

0
−0

.0
5

1995 Corn Basis

Day

B
as

is
 v

al
ue

 ($
)

0 100 200 300

0.
0

0.
5

1.
0

1996 Corn Basis

Day

B
as

is
 v

al
ue

 ($
)

0 100 200 300

−0
.1

5
0.

00

1997 Corn Basis

Day

B
as

is
 v

al
ue

 ($
)

0 100 200 300

−0
.3

0
−0

.1
5

1998 Corn Basis

Day

B
as

is
 v

al
ue

 ($
)

0 100 200 300

−0
.3

5
−0

.1
5

1999 Corn Basis

Day

B
as

is
 v

al
ue

 ($
)

0 100 200 300

−0
.4

0
−0

.2
5

−0
.1

0

2000 Corn Basis

Day

B
as

is
 v

al
ue

 ($
)

0 100 200 300

−0
.3

0
−0

.1
5

2001 Corn Basis

Day

B
as

is
 v

al
ue

 ($
)

0 100 200 300

−0
.1

8
−0

.1
0

2002 Corn Basis

Day

B
as

is
 v

al
ue

 ($
)

0 100 200 300

−0
.2

0
−0

.0
5

2003 Corn Basis

Day

B
as

is
 v

al
ue

 ($
)

0 100 200 300

−0
.3

0
−0

.1
5

2004 Corn Basis

Day

B
as

is
 v

al
ue

 ($
)

0 100 200 300

−0
.3

5
−0

.2
0

2005 Corn Basis

Day

B
as

is
 v

al
ue

 ($
)

0 100 200 300

−0
.1

75
−0

.1
50

2006 Corn Basis

Day

B
as

is
 v

al
ue

 ($
)

Figure 3: Corn basis plots from 1991 to 2006.
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Figure 4: 95% confidence prediction bands for cash price throughout the planting
season and after (May-December) for 2004 (left plot) and 2005 (right plot).
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Figure 5: Price prediction comparison for year 2004 (left plot) and year 2005 (right
plot). The FDA prediction method is the method introduced in this paper.
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