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Abstract 

 
INTEGRATING REMOTE SENSING, GEOGRAPHIC INFORMATION SYSTEM AND 

MODELING FOR ESTIMATING CROP YIELD 

 
by 
 

LUIS ALONSO SALAZAR 
 
 
Advisor:  Professor Leonid Roytman 
 

 

This thesis explores various aspects of the use of remote sensing, geographic 

information system and digital signal processing technologies for broad-scale 

estimation of crop yield in Kansas. 

Recent dry and drought years in the Great Plains have emphasized the need for 

new sources of timely, objective and quantitative information on crop conditions.  

Crop growth monitoring and yield estimation can provide important information for 

government agencies, commodity traders and producers in planning harvest, storage, 

transportation and marketing activities.  The sooner this information is available the 

lower the economic risk translating into greater efficiency and increased return on 

investments. 

Weather data is normally used when crop yield is forecasted.  Such 

information, to provide adequate detail for effective predictions, is typically feasible 

only on small research sites due to expensive and time-consuming collections.  In 
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order for crop assessment systems to be economical, more efficient methods for data 

collection and analysis are necessary. 

The purpose of this research is to use satellite data which provides 50 times 

more spatial information about the environment than the weather station network in a 

short amount of time at a relatively low cost.  Specifically, we are going to use 

Advanced Very High Resolution Radiometer (AVHRR) based vegetation health (VH) 

indices as proxies for characterization of weather conditions.   
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1. Introduction 

In six of the last seven years world grain production has fallen short of 

consumption.  In 2006, harvest of 1,967 million tons fell short of the estimated 

consumption of 2,040 million tons by some 73 million tons (USDA 2006) (Figure 

1.1).   
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Figure 1.1: World crop production and consumption, 1970-2006 

 

  As a result, world carryover stocks of grain have been drawn down to 57 days 

of consumption, the lowest level in 34 years (Figure 1.2).  World carryover stocks of 

grain, the amount stored in the bin when the next harvest begins, are the most basic 

measure of food security.  Whenever crop stocks drop below 60 days of consumption, 

prices begin to rise.  The last time they were this low wheat and rice prices doubled 

(Figure 1.3). 
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Figure 1.2: World crop stocks as days of consumption, 1970-2006 
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Figure 1.3: Corn and wheat prices, 1970-2006 
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In addition, if harvest is sharply reduced by heat or drought, prices could rise 

far away the projected values.  Each year the world’s farmers must try to feed an 

additional 70 million people.  Farmers are facing a record growth in the demand for 

crops at a time when agricultural technology used to raise crop yields is shrinking, 

when underground water reserves are being depleted and when rising temperatures 

threaten to reduce future harvests.  Perhaps the most dangerous threat to future world 

food security is the rise in temperature.  Among crop ecologists there is now a general 

consensus that for each temperature rise of 1 degree Celsius above the historical 

average, during the growing season, we can expect a 10% reduction in crop yields.  
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Figure 1.4: U.S. corn used for fuel ethanol and for export, 1980-2006  

 

Approximately 60% of the world crop production is consumed as food, 36% as 

feed and 3% as fuel.  While the use of crops for food and feed grows by about 1% per 
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year, the use for fuel is growing by over 20% per year.  With the current price of 

ethanol double its cost of production, the conversion of agricultural commodities into 

fuel for cars has become hugely profitable (Figure 1.4).  Increasing competition for the 

U.S. corn crop is already driving up prices.  In some corn-growing states such as Iowa, 

Indiana and South Dakota, completion of the ethanol plants under construction and 

those projected to be built means distillery requirements would take virtually all the 

states’ corn production.  
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Figure 1.5: World ethanol production, 1980-2005 

 

Corn importers like Japan, Egypt and Mexico are also worried that the likely 

reduction in U.S. corn exports, which are approximately 70% of the world total, will 

disrupt their livestock and poultry industries.  In the United States, most corn is 
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consumed indirectly.  The milk, eggs, cheese, chicken, ham, ground beef, ice cream 

and yogurt are all produced with corn.  The price of every of these products is affected 

by the price of corn.  Wheat and corn prices have climbed by a third or more over the 

past several months (USDA 2007).  Corn and wheat futures are both trading at 10-year 

highs.  With corn stocks at the lowest level on record and demand soaring, corn prices 

appear headed for historic highs.  Wheat and rice prices will likely follow corn prices 

upward.  If crop prices do climb to all-time highs, food riots and political instability in 

lower-income countries that import grain could disrupt global economic progress.  

Therefore, timely knowledge concerning the condition, production and 

availability of our agricultural resources is critical to the decision making process at all 

levels of the food distribution chain.  Accurate methods of acquiring crop condition 

information in a timely manner are critical in the global grain–market.  Any technique 

that helps reduce uncertainties with respect to marketing decisions is therefore 

important 

Crop yield assessment models are valuable in aiding the management process 

during a growing season.  A farmer is prepared in advance when to expect certain 

physiological occurrences, reducing the amount of guesswork in managing a crop.  

Most often, the required information includes weather data, soil physical properties 

and soil fertility data, each requiring multiple and complex collection methods.  This 

information is typically possible only on small research sites due to expensive and 
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time-consuming collections.  In order for crop yield assessment models to be 

economical, more efficient methods for data collection and analysis are necessary.  

Since satellites cover large areas in a short amount of time at a relatively low 

cost, remote sensing serves as a potential alternative to common data collection 

methods.  In the past, remote sensing has been used to identify correlation between 

crops and their spectral reflectance.  Data required by crop models to perform 

predictions can be obtained through remote sensing if the correlation between spectral 

reflectance and crop parameters is present.  Timely knowledge concerning the 

condition, production and availability of our agricultural resources is critical to the 

decision making process at all levels of the food distribution chain.   

1.1 Importance of Crop Yield Forecasts 

Accurate methods of acquiring crop condition information in a timely manner 

are critical in the global grain–market.  Any technique that helps reduce uncertainties 

with respect to marketing decisions is therefore important.  Statistical information on 

acreage, production, stocks and prices is essential for managing programs in such 

areas as consumer protection, conservation and environmental quality, trade and 

education.  Moreover, the regular updating of information helps to ensure a systematic 

flow of goods and services among agriculture's producing, processing and marketing 

sectors.  Reliable, timely and detailed crop statistics help to maintain a stable 
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economic climate and minimize the uncertainties and risks associated with the 

production, marketing and distribution of commodities. 

Farmers and ranchers rely on statistical reports to decide on specific production 

plans, such as how much of a crop to plant, how many cattle to raise and when to sell.  

In addition, these reports are used by the transportation sector, warehouse and storage 

companies, banks, commodity traders and food processors.  Those who provide 

farmers with seeds, equipment, chemicals and other goods and services use these 

reports when planning their marketing strategies.  The degree of accuracy of the 

statistical reports affects productivity.  The more accurate the crop yield statistics, the 

wiser the economic decisions and the higher may be the profits. 

1.2 Common Forecasting Techniques 

Traditionally, yield estimations are made through agro-meteorological, 

meteorological modeling or by compiling survey information provided throughout the 

growing season.  Yield estimates derived from agro-meteorological models use soil 

properties and daily weather data as inputs to simulate various plant processes at a 

field level (Wiegand et al. 1979, Wiegand et al. 1986, Wiegand and Richardson 1990).  

At this scale, agro-meteorological crop yield modeling provides useful results.  

However, at regional scales these models are of limited practical use because of spatial 

differences in soil characteristics and crop growth determining factors such as 
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nutrition levels, plant disease, herbicide and insecticide use, crop type, and crop 

variety, which would make informational and analytical costs excessive. 

 

 

 

Figure 1.6: The weather station network used for crop yield assessment systems covers 
only a small portion of global land areas 

 
 

Additionally, Rudorff and Batista (1991) indicated that, at a regional level, 

agro-meteorological models are unable to completely simulate the different crop 

growing conditions that result from differences in climate, local weather conditions, 

and land management practices. The scale of applicability of agro-meteorological 

models is getting larger through the integration of remote sensing data.  For instance, 

Doraiswamy et al. (2003) developed a method using AVHRR NDVI data as proxy 
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inputs to an agro-meteorological model in estimating spring wheat yields at county 

and sub-county scales in the U.S. state of North Dakota. 

Another approach that is very popular is to use statistical models that analyze 

the relationship between one or more independent climatological variables such as 

precipitation, temperature, moisture, most often precipitation and a dependent crop 

response variable, which is normally crop yield.  The problem with this methodology 

is that we do not have a reliable source of climatological information.  Reliable, 

readily available gauge measurements cover only a small portion of global land areas 

(Figure 1.6). 

In Kansas, where we developed our modes, the weather station network used 

in these assessment systems covers only a very small portion of land surface and some 

counties do not have weather stations.  In addition, some of the weather data sets are 

incomplete.  In addition, weather stations tend to be located in urban settings.  

Measures of climate variables across the landscape, especially where farms are 

located, are difficult to acquire (Figure 1.7). 

In the U.S. yield estimates are derived by compiling survey information 

provided throughout the growing season.  Each month, the U.S. Department of 

Agriculture (USDA) publishes information about crop production.  The National 

Agricultural Statistics Service (NASS) agency is responsible for preparing these 

statistics. 
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Figure 1.7: The weather station networks used for crop yield assessment systems in 
Kansas, U.S. 

 

NASS uses two major survey techniques for crop yield estimation and 

forecasting: 

1. Monthly Yield Survey 

2. Objective Yield Survey 

 

The first is the Monthly Yield Survey of farm operators.  A stratified sample of 

farm operators is selected from a list frame, and then multiple interviews are 

conducted to acquire the farmer’s projection of crop yield and the final yield after 

harvest as well.  The second is the Objective Yield Survey.  A self weighting sample 

of small plots are laid out in a statistical sample of fields and several types of 
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observations, counts, measurements and weighing are done throughout the crop 

season. 

For example, for corn in the first month, plots are laid out and plant counts are 

collected.  As the season progresses, other measurements are taken such as number of 

ears, the length and diameter of the ears, weights of ears and several laboratory 

measurements such as corn moisture content.  After harvest, sample plots are gleaned 

for any harvest lost grain as well.  Yield forecasting models are used during the season 

utilizing the above information and a final yield is derived using the grain weight and 

laboratory data and ear population.  All this information of crop condition and yield 

information is quantified.  An expert panel of NASS statisticians meets monthly to set 

a yield forecast or final estimate, using all of the above sources and data from multiple 

years as inputs.  Because of the high cost of in-field observations, objective yield 

surveys are normally used only in major producing states. 

The Agricultural Statistics Board composed of statisticians permanently 

assigned and rotating State office statisticians review indications from both surveys 

and the State office recommendations to set official forecasts and estimates at the 

State, regional and national levels.  There currently is no direct quantitative use of 

weather data, soils data or satellite data in the operational program to forecast or 

estimate crop yields.  In some cases weather variables, such as early season rainfall at 

the State level, were tried in the operating program, but later dropped.  The objective 

yield data and the farmer reported data indirectly reflect, to some degree, weather and 
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soil effects as well as plant diseases, plant pests and excessive weed growth (Vogel 

and Bange 1999).  A detailed document of USDA/NASS crop yield estimation 

methods using agricultural statistics is available on the Internet 

( ).http://www.usda.gov/nass/

This methodology is time consuming and very costly.  Crop yield assessment 

systems should have the qualities of objectivity, reliability, timeliness, adequacy of 

coverage, efficiency and effectiveness.  Crop yield assessment systems in many 

important agricultural countries do not meet these standards.  In the U.S. the complete 

procedure used by the USDA to forecast crop yield is secret and official estimates are 

released several weeks after harvest has been completed. 

In order for crop yield assessment systems to be economical and timely, more 

efficient methods for data collection and analysis are necessary.   

1.3 Remote Sensing as an Alternative to Common Data Collection Methods 

The role of satellite data as part of a crop yield estimation system is a natural 

alternative because of the ability of satellites to provide relatively economical, 

consistent and repeated coverage over large areas.  These characteristics of satellites 

allow collecting data useful for timely estimation of crop conditions throughout an 

entire growing season covering either important agricultural production regions or 

remote regions where accurate information is normally unavailable.  Even though we 

have little control over the impacts of weather on crops, with remote sensing 

http://www.usda.gov/nass/
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technology we have the ability to monitor and assess the impacts that weather is 

having on crops.  This information is critical to reducing economic risk.  The sooner 

this information is available, the lower the economic risk translating into greater 

efficiency and increased return on investments.   

Tremendous advances in remote sensing technology and computing power 

over the last two decades are now providing scientists with the opportunity to 

investigate, measure and model environmental patterns and processes with increasing 

confidence.  Remote sensing of the Earth is playing an increasing role in 

understanding the natural environment and its inherent physical, biological and 

chemical processes. 

The uses of remote sensing already represent a very active field of research and 

application in agriculture.  In Europe the MARS (Monitoring of Agriculture by 

Remote Sensing) Project of the Joint Research Centre has taken a leading role in such 

development (Csornai et al. 2002, ITA 2002).  In the U.S. the United States 

Department of Agriculture (USDA) National Agricultural Statistics Service (NASS) 

uses satellite data to enhance its program of crop acreage estimates.  This program is 

used for: construction of the nation's area sampling frame for agricultural statistics, 

improvement of the statistical precision of crop acreage estimate indicators, especially 

at the county level and application of GIS based Cropland Data Layer used for 

watershed monitoring, soil utilization analysis, agribusiness planning, crop rotation 
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practice analysis, animal habitat monitoring and prairie water pothole monitoring 

(Craig 2001, Mueller et al. 2003). 

1.4 Related Research 

In the past 25 years, many scientists have utilized remote sensing techniques to 

assess agricultural yield, production and crop conditions.  Wiegand et al. (1979) and 

Tucker et al. (1980) first identified a relationship between the NDVI and crop yield 

using experimental fields and ground-based spectral radiometer measurements.  Final 

grain yields were found to be highly correlated with accumulated NDVI (a summation 

of NDVI between two dates) around the time of maximum greenness (Tucker et al. 

1980).  In another experimental study, Das et al. (1993) used remotely sensed data to 

predict wheat yield 85-110 days before harvest in India.  These early experiments 

identified relationships between NDVI and crop response, paving the way for crop 

yield estimation using satellite imagery. 

Rudorff and Batista (1991) used NDVI values as inputs into an agro-

meteorological model to explain nearly 70% of the variation in 1986 wheat yields in 

Brazil.  Rasmussen (1992) used 34 AVHRR images of Burkina Faso, Africa, for a 

single growing season to estimate millet yield.  Using accumulated NDVI and 

statistical regression techniques, he found strong correlations between accumulated 

NDVI and yield.  Potdar (1993) estimated sorghum yield in India using 14 AVHRR 

images from the same growing season.  He was able to forecast actual yield at an 
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accuracy of ±15% up to 45 days before harvest.  Hayes and Decker (Hayas and 

Decker 1996) used AVHRR NDVI data to explain more than 50% of the variation in 

corn yields in the United States Corn Belt.  Each of these studies found positive 

relationships between crop yield and NDVI, but the strength of the relationships 

depended upon the amount and quality of the remote sensing data used. 

Some studies have used large, multi-year AVHRR NDVI data sets.  Maselli et 

al. (1992) found strong correlations between NDVI and final crop yields in the Sahel 

region of Niger using 3 years of AVHRR imagery (60 images).  In India, Gupta et al. 

(1993) used 3 years of AVHRR data to estimate wheat yields within ±5% up to 75 

days before harvest.  The success of this study was dependent on the fact that over 

80% of the study area was covered with wheat.  In Greece, actual harvested rice yields 

were predicted with an accuracy of ±10%, and wheat yields were predicted with an 

accuracy of ±12% at the time of maximum greenness, using two years of AVHRR 

imagery (Quarmby et al. 1993).  Groten (Groten 1993) predicted crop yield with a 

±15% estimation error 60 days before harvest in Burkina Faso using regression 

techniques and 5 years of AVHRR NDVI data (41 images).  Doraiswamy and Cook 

(1995) used 3 years of AVHRR NDVI imagery to assess spring wheat yields in North 

and South Dakota in the U.S.  Maselli and Rembold (2001) used time series of annual 

crop yields and monthly NDVI to develop cropland masks for four Mediterranean 

African countries.  They found that application of the derived cropland masks 

improved relationships between NDVI and final yields.  Ferencz et al. (2004) found 
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yields of eight different crops in Hungary to be highly correlated with optimized, 

weighted seasonal NDVI sums using 1-km AVHRR NDVI from 1996 to 2000.  They 

used non-forest vegetation masks and a novel time series interpolation approach and 

actually obtained their best results when using a greenness index equivalent to the 

numerator of the NDVI formula (NIR-RED). 

Furthermore, many researchers have found that crop conditions and yield 

estimation are improved through the inclusion of metrics that characterize crop 

development stage (Badhwar and Henderson 1981, Rasmussen 1992, Groten 1993, 

Quarmby et al. 1993, Kastens 1998, Lee et al. 1999).  Ancillary data have been found 

useful as well.  For example, Rasmussen (1997) found that soil type information 

improved the explanation of millet and ground nut yield variation using 3 years of 

AVHRR NDVI from the Peanut Basin in Senegal.   

In addition, AVHRR–based vegetation health indices were found to be very 

useful for early drought detection and monitoring drought impacts on crop and pasture 

production around the world, including such major agricultural producers as China, 

Russia, Brazil, Argentina and Kazakhstan (Dabrowska-Zielinska et al. 2002, Kogan 

2002, Liu and Kogan 2002, Kogan et al. 2003, Domenikiotis et al. 2004, Kogan et al. 

2005).   
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1.5 Goals and Objectives 

In this research, we incorporate satellite data into a statistical model to make 

timely estimation of crop yield at State, Crop Reporting District (CRD) and County 

levels.  We use AVHRR–based Vegetation Health (VH) indices (VCI, TCI) as proxy 

for modeling crop yield and for early warning of drought related losses of agricultural 

production in the U.S. 

Furthermore, we investigate the entire procedure associated with including 

satellite data in a crop yield estimation model.  First, techniques for the development 

of timely and easily applicable methods that include satellite data within a model are 

established.  After these methods are developed, it is determined that the resulting 

models provide enough beneficial information to assist with the estimation of crop 

yield. 

Since few image masking techniques have been used, likely due to the inherent 

complexities underlying this phase in any remote sensing-based yield forecasting 

methodology, one important objective of this research is to use historical yield 

information and historical time series AVHRR-based VH indices imagery to devise a 

robust statistical procedure for obtaining early crop yield forecasts, with particular 

emphasis on image masking or classification.  The techniques described in this thesis 

can be applied to any region and crop pair that possesses sufficient historical yield 

information and corresponding time series VH indices imagery.  Since few meaningful 

crop phenology metrics can be accurately derived at early points in the growing 
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season, our research does not attempt to use this information.  In addition, no ancillary 

information is used, to prevent dependence on the availability of such data. 

 

 



 

2. Background Information 

 
This chapter introduces the background information and basic concepts of 

optical remote sensing.  Optical remote sensing makes use of visible, near infrared and 

short–wave–infrared sensors (0.4–1.8 mµ ) to form images of the earth's surface by 

detecting the solar radiation reflected from targets on the ground.  Different materials 

reflect and absorb differently at different wavelengths. Thus, the targets can be 

differentiated by their spectral reflectance signatures in the remote sensing images.  

This chapter consists of three parts.  The first part (Sections 2.1) discuses the physical 

principles of remote sensing.  The second part (Section 2.2) describes NOAA satellites 

characteristics and part three (Section 2.3) introduces the basic concepts of satellite 

data processing and presents calibration results for AVHRR data. 

Section 2.1 defines some basic physical concepts and introduces some 

background on remote sensing.  Section 2.1.1 deals with issues related to the remote 

sensing of vegetation.  The section starts with a discussion on how leaf structure and 

chlorophyll affect absorption and reflection of electromagnetic radiation.  Then, the 

reflective properties of canopies are described.  The section finishes with an overview 

of the most commonly used remote sensing technique for vegetation monitoring–

vegetation indices (VI).  We finish the discussion about vegetation indices by listing 

those most frequently encountered in the literature 
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In section 2.2, we give a description of NOAA satellites.  NOAA operational 

weather satellite system is composed of two types of satellites: geostationary 

operational environmental satellites (GOES) for short–range warning and "now-

casting" and polar-orbiting satellites for longer-term forecasting.  Both types of 

satellite are necessary for providing a complete global weather monitoring system.  

Section 2.3 introduces some background information, including the importance of 

sensor calibration, basic concepts and principles.  Section 2.3.1 reviews the process of 

passing from the digital number (DN) provided by the satellite instrument to a 

reflectance value.  Two problems must be solved: (1) the calibration factors of the DN 

into a physical value such as radiance at satellite level, and (2) the computation of a 

reflectance at ground level.  Section 2.3.1.2 presents various post-launch calibration 

methods that are currently being used.  Section 2.3.1.3 shows calibration results for 

NOAA-AVHRR, which is essential for use of these datasets in quantitative 

applications.   

2.1 Physical Principles of Remote Sensing 

Remote sensing is the science concerned with acquiring information about an 

object without physically interfering with that object.  Any remote sensing system 

requires a source of energy, a target and a sensor for recording the interactions of 

electromagnetic radiation with that object.  On striking an object, energy may be 

reflected, absorbed or transmitted.  Typically, the reflected energy is measured using a 
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specially designed sensor system.  Measurement of the amount of energy reflected 

allows some inferences to be made about the nature of the target.  

The typical reflectance characteristics of four major earth surface targets are 

shown in Figure 2.1.  The difference between living and dead vegetation is clear in 

both the red and near infrared parts of the spectrum.  Absorption of red light by 

chlorophyll pigments causes a lower reflectance for healthy vegetation in that part of 

the spectrum.  Due to scattering of light by leaf internal tissues and the low absorption 

by pigments, healthy vegetation reflects more near infrared light than dead or stressed 

vegetation (Curran 1984, Jensen 2000, Liang 2004).  Water has a typically low 

reflectance in all wavelengths, and the reflectance is inversely related to wavelength.  

Soil reflectance shows a clear linear relationship with wavelength (Curran 1984, 

Jensen 2000, Liang 2004). 

Reflectance measurements can be used to differentiate between various earth 

surface targets, and in some cases infer differences in vegetation condition from the 

spectral measurements (Tucker et al. 1979, Tucker et al. 1983, Tucker et al. 1985, 

Choudhury and Tucker 1987).  Reflectance measurements were found to be very 

useful for early drought detection and monitoring drought impacts on crop and pasture 

production around the world (Hayas and Decker 1996, Dabrowska-Zielinska et al. 

2002, Kogan 2002, Liu and Kogan 2002, Kogan et al. 2003, Domenikiotis et al. 2004, 

Kogan et al. 2005). 
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Figure 2.1: Reflectance characteristics of four major earth surface targets 

 

The measurements shown in Figure 2.1 are derived from laboratory and field 

based studies.  For remote sensing from satellite platforms, the atmosphere modifies 

the signal recorded by the satellite as depicted in Figure 2.2.  This shows that the total 

radiance recorded at the satellite (L) is given by: 

 IDPL ++=  (2.1) 

The direct radiance component D is often described as "top of canopy 

radiance", and the total radiance received at the sensor L is often called "top of 

atmosphere radiance" (TOA).  Field based measurements which are unaffected by the 

atmosphere, are equivalent to D. 
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Figure 2.2: Atmospheric component in remote sensing 

 

2.1.1 Principles of Remote Sensing of Vegetation 

Approximately 70% of the land surface is covered with vegetation.  In 

addition, vegetation is one of the most important components of ecosystems.  

Knowledge about variations in vegetation, alteration in periodic biological phenomena 

that are correlated with climatic conditions (vegetation growth) cycles, and 

modifications in the plant physiology and morphology provide valuable information 

into the climatic, geologic and physiographic characteristics of an area (Jones et al. 

1996).  Scientists have devoted a significant amount of effort to develop sensors and 

digital image processing algorithms to extract vegetation information from remote 

sensing data (Frohn 1998, Didan and Huete 2004, Unsalan and Boyer 2004).  Many of 
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the remote sensing techniques may be applied to a variety of vegetated landscapes, 

including (Fensholt et al. 2002, Lunetta and Lyon 2004, Feng et al. 2006, Lambin and 

Linderman 2006, Morisette et al. 2006): 

1. crop growing,  

2. forests, 

3. rangeland, 

4. wetland, and 

5. urban vegetation 

 

2.1.1.1 Structure of the Leaf 

Remote sensing techniques for vegetation monitoring depend on the 

knowledge of the spectral properties of individual leaves and plants.  These properties 

are understood by studying the leaf structure. 

 

Figure 2.3:  Diagram cross section of a typical leaf  
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The cross section of a typical leaf is shown in Figure 2.3.  The upper surface of 

the leaf is covered with a translucent layer known as the cuticle, which serves to 

prevent uncontrolled moisture loss from the leaf interior.  Below the cuticle lies the 

upper epidermis.  The leaf underside has a similar structure, consisting of a layer of 

cuticle and the lower epidermis.  However, it also includes very tiny openings called 

stomates.  Each stomate is guarded by a pair of cells that open and close to control the 

movement of air through stomates into the leaf interior.  The stomates also play a 

critical role in maintaining the moisture balance of the leaf (Campbell et al. 2004). 

Below the upper epidermis is the palisade tissue.  The vertically elongated cells 

of the palisade include chloroplasts, cells composed of chlorophyll and other pigments 

active in the process of photosynthesis.  Below the palisade, tissue is the spongy, 

mesophyll tissue.  It consists of irregularly shaped cells separated by interconnected 

openings.  The mesophyll tissue utilizing its large surface area serves as the exchange 

medium for the oxygen and carbon dioxide required for photosynthesis and respiration 

(Campbell and Reece 2002, Campbell et al. 2004). 

2.1.1.2 Photosynthesis 

Chlorophyll is one of the most important biological compounds for life on 

Earth as a whole.  It acts as a photoreceptor and catalyst for the conversion of sunlight 

into chemical energy, in the form of carbohydrates stored by plants.  Light energy 
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entering the plant splits the water into oxygen and hydrogen.  The photosynthetic 

process is described by the equation: 

6CO2 + 6H2O + light energy → C6H12O6 + 6O2 (2.2)  

The role of the chlorophyll in the process of photosynthesis is to capture light 

(energy) which is needed for the above chemical reaction.  Photosynthesis is an 

energy–storing process that takes place in leaves and other green parts of vegetation in 

the presence of light.  The light energy is stored in a simple sugar molecule (glucose) 

that is produced from carbon dioxide (CO2) present in the air and water (H2O) 

absorbed by the plant through the root system.  When the carbon dioxide and the water 

are combined and form a sugar molecule (C6H12O6) in a chloroplast, oxygen gas (O2) 

is released as a by–product.  The oxygen diffuses out into the atmosphere.  The 

photosynthetic process begins when sunlight strikes chloroplasts, small bodies in the 

leaf that contain a green substance called chlorophyll (Jensen 2000, Campbell et al. 

2004). 

Plants have adapted their internal and external structure to perform 

photosynthesis.  This structure and its interaction with electromagnetic energy has a 

direct impact on how leaves and canopies appear spectrally when recorded using 

remote sensing technology. 
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2.1.1.3 Spectral Characteristics of Vegetation 

A healthy green leaf intercepts incident radiant flux ( iΦ ) directly from the sun 

or from diffuse skylight scattered onto the leaf.  This incident electromagnetic energy 

interacts with the pigments, water and intercellular air spaces within the plant leaf.  

The amount of radiant flux reflected from the leaf ( rΦ ), the amount of radiant flux 

absorbed by the leaf ( ), and the amount of radiant flux transmitted through the leaf 

( ) can be carefully measured as we apply the energy balance equation and attempt 

to keep track of what happens to all the incident energy.  The general equation for the 

interaction of spectral (

αΦ

τΦ

λ ) radiant flux on and within the leaf is (Jensen 2000, 

Campbell et al. 2004): 

 τα Φ+Φ+Φ=Φ ri  (2.3) 

Dividing each of the variables by the original incident radiant flux,  :iΦ
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yields 

 τα ++= ri  (2.5)  

where  is spectral hemispherical reflectance of the leaf, r α  is spectral hemispherical 

absorptance and τ  is spectral hemispherical transmittance by the leaf.  Most remote 
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sensing systems function in the 0.35-3.0 mµ  region measuring primarily reflected 

energy.  Therefore, it is useful to think of this relationship as: 

 ( )τα +−= ir  (2.6) 

where the energy reflected from the plant leaf surface is equal to the incident energy 

minus the energy absorbed directly by the plant for photosynthetic or other purposes 

and the amount of energy transmitted directly through the leaf onto other leaves or to 

the ground beneath the canopy. 

2.1.1.4 Dominant Factors Controlling Leaf Reflectance 

Chlorophyll controls much of the spectral response of the living leaf in the 

visible part of the spectrum (0.4-0.75 µm) by absorbing strongly in the blue and red 

parts (Figure 2.4) by as much as 70-90%.  This is the reason for the green appearance 

of live vegetation. 

In the near infrared (NIR) part of the spectrum from 0.75 µm to about 1.35 µm, 

spectral characteristics of the leaf are primarily controlled by the inner structure of the 

leaf and not its pigments.  The cuticle and epidermis are practically transparent to NIR 

radiation.  The majority of NIR radiation passing through the upper epidermis layer is 

scattered by the mesophyll tissue.  Very little of the scattered NIR radiation is 

absorbed internally, and up to about 60% is scattered outside the leaf (Jensen 2000, 

Campbell and Reece 2002).  
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Figure 2.4:  Dominant Factors Controlling Leaf Reflectance 

 

At the edge of the visible spectrum, roughly between 0.68 µm and 0.75 µm, 

lies a noticeably sharp increase in reflectance caused by the decline of chlorophyll 

pigment absorption.  This steep part of the leaf reflectance curve is known as the red 

edge.  It is a dynamic feature of the leaf spectrum, as its location in the spectrum tends 

to shift as the plant matures (Campbell et al. 2004).  This red-shift of the chlorophyll 

absorption edge was first reported by Gates et al. (1965) and later by Collins (1978).   

Any plant during its lifetime is subject to some kind of stress by disease, pest 

attack, lack of moisture, etc.  Stresses in general have an impact on the leaf spectrum 

altering both its visible and NIR parts.  The changes in the NIR spectrum are better 

documented due to the high reflectivity than in the visible spectrum (Myneni et al. 
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1998).  Since leaf reflectance in the NIR depends strongly on the structure of the 

complex cavities of the mesophyll tissue and internal leaf reflection, any effect 

causing destruction of this tissue or the internal structure of the leaf is detected as a 

decrease in NIR reflectivity.  There is still much uncertainty about how different 

stresses to the plant affect the change in NIR reflectivity (Campbell and Reece 2002). 

  Some scientists maintain that moisture stress and natural maturing causes 

these cavities to collapse; others are of the opinion that NIR reflectance decreases 

mostly due to the changes in the cell walls of the mesophyll and palisade tissues rather 

than physical changes in the cavities themselves.  In conclusion, any decrease of NIR 

reflectivity in subsequent measurements of the same plant is a clear indication of some 

kind of stress. 

2.1.1.5 Vegetation Indices 

Vegetation indices (VI) are dimensionless numbers that are generated by some 

combination of remote sensing bands and have some relationship to the amount of 

vegetation in a given image pixel.  A vegetation index should (Xiang et al. 2003, 

Unsalan and Boyer 2004, Fensholt and Sandholt 2005, Jiang et al. 2006): 

1. maximize sensitivity to plant biophysical parameters, preferably with a 
linear response in order that sensitivity is available for a wide range of 
vegetation conditions, and to facilitate validation and calibration of the 
index; 

2. normalize or model external effects such as Sun angle, viewing angle, and 
the atmosphere for consistent spatial and temporal comparisons; 
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3. normalize internal effects such as canopy background variations, including 
topography (slope and aspect), soil variations, and differences in senesced 
or woody vegetation (non-photosynthetic canopy components); and 

4. be coupled to some specific measurable biophysical parameter such as 
biomass, Leaf Area Index (LAI), or Absorbed Photo–synthetically Active 
Radiation (APAR) as part of the validation effort and quality control. 

 

Vegetation indices are quantitative measures that attempt to relate remote 

sensing data to different biophysical properties of vegetation.  These indices are 

calculated from either raw (as measured) or post-processed (reflectance, BRDF and/or 

atmospheric corrected) data.  Vegetation indices commonly include observations of 

several spectral values that are manipulated to yield a single value that predicts 

vegetation status within a pixel.  Usually vegetation indices attempt to predict biomass 

or leaf area index, but they have also been used for leaf water content, chlorophyll, 

percentage cover and other biophysical characteristics of vegetation (Purevdorj et al. 

1996, Purevdorj et al. 1998). 

The applications of vegetation indices can be loosely grouped in two 

categories: quantitative and qualitative.  Quantitative applications attempt to use 

vegetation indices to predict biophysical properties of vegetation as accurately as 

possible.  Such studies typically examine test plots during an entire growing season 

and compare the derived vegetation indices measured throughout the season with 

samples of vegetation taken at the same time.  Qualitative applications use vegetation 

indices as “mapping” tools, to assist in image classification, separation of vegetated 
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from non–vegetated areas, distinguishing between different types and densities of 

vegetation, monitoring seasonal variations in vegetation abundance, etc. 

Over the years, many types of vegetation indices have been developed.  A 

major part of their derivation is dedicated to the treatment of the so-called soil line.  

The soil line is a hypothetical line in spectral space that describes the variation in the 

spectrum of bare soil in the image; this line is considered to be the line of zero 

vegetation.  The spectral space which is commonly used to observe this line is the plot 

of NIR vs. RED channel reflectance because these channels have the strongest contrast 

in spectral signature of vegetation (Campbell and Reece 2002).  The assumption 

inherent in all vegetation indices is that bare soil pixels in an image lie on or very near 

the soil line in the NIR-RED reflectance graph.  At this point, the vegetation indices 

diverge depending on the orientation of lines of equal vegetation (isovegetation lines) 

(Asrar et al. 1988, Asrar and Murphy 1989, Myneni et al. 1992, Mynenil and Asrar 

1992): 

1. All isovegetation lines converge at a single point.  The indices that use this 
assumption are the ratio-based indices, which measure the slope of the line 
between the point of convergence and the NIR-RED point of the pixel. 

 

2. All isovegetation lines remain parallel to the soil line.  This family of 
indices is known as perpendicular indices since they measure the 
perpendicular distance from the soil line to the NIR-RED point of the pixel. 
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We finish the discussion about vegetation indices by listing those most 

frequently encountered in the literature (in the following equations R and NIR refer to 

the red and near-infrared channel reflectance, respectively): 

• Ratio Vegetation Index (RVI) (Jordan 1969) 

 RVI = NIR/R (2.7) 

• Normalized Difference Vegetation Index (NDVI) (Kriegler et al. 1969) 

 NDVI = NIR - R/NIR + R (2.8) 

• Infrared Percentage Vegetation Index (IPVI) (Crippen 1990) 

 IPVI = NDVI + 1/2 = NIR/NIR + R (2.9) 

• Perpendicular Vegetation Index (PVI) (Richardson and Wiegand 1977) 

 PVI = sin (α) NIR - cos (α) R (2.10) 

where α is the angle between the soil line and the NIR axis. 

• Weighted Difference Vegetation Index (WDVI) (Clevers 1988) 

 WDVI = NIR - aR  (2.11) 

where a is the slope of the soil line in the NIR-R plot. 

• Soil Adjusted Vegetation Index (SAVI) (Huete 1988) 

 SAVI = (NIR - R/NIR + R + L) (1 + L)  (2.12) 



 34

 

where L is an adjustment factor, ranging from 0 (very high vegetation 

density) to 1 (very low dense vegetation).  The standard value typically 

used in applications is 0.5 (Lillesand and Kiefer 1987). 

• Transformed Soil Adjusted Vegetation Index (TSAVI) (Baret et al. 1989, 

Baret and Guyot 1991) 

 TSAVI = a(NIR - aR - b)/aNIR + R - a b + X(1 + a2) (2.13) 

 where a and b are the soil line slope and intercept, respectively, and X is an 

adjustment factor which is set to minimize soil noise (0.08 in the original 

papers). 

• Modified Soil Adjusted Vegetation Index (MSAVI) (Qi et al. 1994) 

MSAVI = (NIR - R/NIR + R + L) (1 + L) (2.14) 

  L = 1 - a*NDVI*WDVI 

where a is the slope of the soil line 

• Second Modified Soil Adjusted Vegetation Index (MSAVI2) (Qi et al. 

1994) 

 MSAVI2 = 1/2(2NIR + 1 - [(2NIR + 1)2 - 8(NIR - R)]1/2 (2.15) 

 

• Global Environmental Monitoring Index (GEMI) (Pinty and Verstraete 

1991) 



 35

 

 GEMI = η(1 - η/4) - (R - 0.125)/(1 - R) (2.16) 

 η = [2(NIR2 - R2) + 1.5NIR + 0.5R]/(NIR + R + 0.5) (2.17) 

 

The utility of the normalized difference vegetation index (NDVI) and related 

indices for satellite assessment of vegetation cover has been demonstrated for almost 

three decades.  The time series analysis of seasonal NDVI data have provided a 

method of estimating net primary production, of monitoring phenological patterns of 

vegetated surface and of assessing the length of the growing season and dry-down 

periods (Huete and Liu 1994). 

Global vegetation analysis was initially based on linearly regressing NDVI 

values (derived from AVHRR, Landsat MSS, Landsat TM and SPOT HRV data) with 

in situ measurements of leaf–area–index (LAI), absorbed photosynthetically active 

radiation (APAR), percent cover, and/or biomass.  This empirical approach 

revolutionized global science land–cover biophysical analysis in just one decade 

(Justice et al. 1998).  

2.2 NOAA Satellite Details 

The National Oceanic and Atmospheric Administration (NOAA), National 

Environmental Satellite Data and Information Service (NESDIS) operates the system 

of environmental (weather) satellites and manages the processing and distribution of 
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data and images theses satellites produce every day.  NOAA National Weather Service 

uses satellite data to create forecasts for the public, television, radio and weather 

advisory services.  Satellite information is also shared with various Federal agencies, 

such as the Departments of Agriculture, Interior, Defense and Transportation; with 

other countries, such as Japan, India, Russia, members of the European Space Agency 

(ESA) and the United Kingdom Meteorological Office; and with the private sector.  

NOAA operational weather satellite system is composed of two types of 

satellites: geostationary operational environmental satellites (GOES) for short-range 

warning and "now-casting" and polar-orbiting satellites for longer-term forecasting.  

Both types of satellite are necessary for providing a complete global weather 

monitoring system.  

The new GOES-I through M series provide higher spatial and temporal 

resolution images and full-time operational soundings (vertical temperature and 

moisture profiles of the atmosphere).  The newest polar-orbiting meteorological 

satellites (that began with NOAA-K in 1998) provide improved atmospheric 

temperature and moisture data in all weather situations.  This new technology will 

help provide the National Weather Service the most advanced weather forecast system 

in the world. 

GOES satellites provide the kind of continuous monitoring necessary for 

intensive data analysis.  They circle the Earth in a geosynchronous orbit, which means 

they orbit the equatorial plane of the Earth at a speed matching the rotation of the 
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Earth.  This allows them to fly continuously over one position on the surface.  The 

geosynchronous plane is about 35,800 km (22,300 miles) above the Earth, high 

enough to allow the satellites a full–disc view of the Earth.  Because they stay above a 

fixed spot on the surface, they provide a constant vigil for the atmospheric "triggers" 

for severe weather conditions such as tornadoes, flash floods, hailstorms and 

hurricanes.  When these conditions develop, the GOES satellites are able to monitor 

storm development and track their movements.  

GOES satellite imagery is also used to estimate rainfall during thunderstorms 

and hurricanes for flash flood warnings, as well as to estimate snowfall accumulations 

and overall extent of snow cover.  Such data help meteorologists issue winter storm 

warnings and spring snowmelt advisories.  Satellite sensors also detect ice fields and 

map the movements of sea and lake ice.  

NASA launched the first GOES for NOAA in 1975 and followed it with 

another in 1977.  Currently, the United States is operating GOES-10 and GOES-12.  

(GOES-9, which is partially operational, is being provided to the Japanese 

Meteorological Agency to replace their failing geostationary satellite).  GOES-11 is 

being kept in orbit as a replacement for GOES-12 or GOES-10 in the event of failure. 

Complementing the geostationary satellites are two polar-orbiting satellites 

known as Advanced Television Infrared Observation Satellite (TIROS-N or ATN), 

constantly circling the Earth in an almost north–south orbit, passing close to both 

poles.  The orbits are circular, with an altitude between 830 (morning orbit) and 870 
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(afternoon orbit) km, and are sun synchronous.  One satellite crosses the equator at 

7:30 a.m. local time, the other at 1:40 p.m. local time.  The circular orbit permits 

uniform data acquisition by the satellite and efficient control of the satellite by the 

NOAA Command and Data Acquisition (CDA) stations located near Fairbanks, 

Alaska and Wallops Island, Virginia.  Operating as pair, these satellites ensure that 

data for any region of the Earth are no more than six hours old.  

A suite of instruments is able to measure many parameters of the Earth's 

atmosphere, its surface, cloud cover, incoming solar protons, positive ions, electron-

flux density and the energy spectrum at the satellite altitude.  The primary instrument 

aboard the satellite is the Advanced Very High Resolution Radiometer or AVHRR.  

The polar orbiters are able to monitor the entire Earth, tracking atmospheric 

variables and providing atmospheric data and cloud images.  They track weather 

conditions that eventually affect the weather and climate of the United States.  The 

satellites provide visible and infrared radiometer data that are used for imaging 

purposes, radiation measurements and temperature profiles.  The polar orbiters' 

ultraviolet sensors also provide ozone levels in the atmosphere and are able to detect 

the "ozone hole" over Antarctica during mid-September to mid-November.  These 

satellites send more than 16,000 global measurements daily via NOAA-CDA station 

to NOAA computers, adding valuable information for forecasting models, especially 

for remote ocean areas, where conventional data are lacking. 
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Table 2.1: Essential characteristics of NOAA satellites and AVHRR sensor 

Spatial Resolution 1.1 km at NADIR 
~ 8 km at 55 degree view angle 

Temporal Resolution 
9 day repeat cycle for orbit 
Giving 2 images per day (one in day, one at night) 
Sun synchronous orbit at 830 km altitude 

Spectral Resolution 

Name 
Channel 1: 
Channel 2: 
Channel 3: 
Channel 4: 
Channel 5: 

Bandwidth (microns) 
  0.580 –   0.68  (RED) 
  0.725 –   1.00  (NIR) 
  3.550 –   3.93  (MIR) 
10.300 – 11.30  (TIR) 
11.500 – 12.50  (TIR) 

Radiometric Resolution 10 bit quantization 

Calibration Details Bands 3, 4, 5: on board calibration 
Bands 1, 2:     deep space counts only 

Archive Commenced 1982 (NOAA) 

 

Currently, NOAA is operating five polar orbiters.  A new series of polar 

orbiters, with improved sensors, began with the launch of NOAA-15 in May 1998 and 

NOAA-16 on September 21, 2000.  The newest, NOAA-17, was launched June 24, 

2002.  NOAA-12, NOAA-14 and NOAA-15 all continue transmitting data as stand-by 

satellites.  NOAA-16 and NOAA-17 are classified as the "operational" satellites.  

2.2.1 Characteristics 

The essential characteristics of the NOAA satellites and AVHRR sensor are 

shown in Table 2.1 
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Table 2.2: Ascending and descending node times in LST 

Satellite 
Ascending 

Node 
(Launch) 

Descending 
Node 

(Launch) 

Ascending 
Node 

 (3/95) 

Descending 
Node 
(3/95) 

TIROS-N 1500 0300 n/a n/a 

NOAA-6 1930 0730 n/a n/a 

NOAA-7 1430 0230 n/a n/a 

NOAA-8 1930 0730 n/a n/a 

NOAA-9 1420 0220 2116 0916 

NOAA-10 1930 0730 1753 0553 

NOAA-11 1330 0130 1723 0523 

NOAA-12 1930 0730 1915 0715 

NOAA-13 1340 0140 n/a n/a 

NOAA-14 1330 0130 1330 0130 

 

2.2.2 Orbital information 

The nominal equatorial overpass times for each satellite are shown in Table 

2.2.  For vegetation studies, the early afternoon overpass satellites have been used 

almost exclusively.  For NOAA-16 (2001-2005), NOAA-18 (May 2005 to present), 

these satellites were/are in the afternoon orbits.  From September 1994 through 

February 1995, morning satellite orbits were used in the dataset, since afternoon 

satellite was not available during this period.  Therefore, data for this period is not 

reliable. 
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The launch dates of each satellite, and dates from which the data were archived 

by NOAA, are shown in Table 2.3.  The small gap between launch and operational 

recording of the data (by NOAA) is used for testing of the satellite systems. 

Table 2.3: Launch and data available dates for the TIROS-N series satellites 

Satellite Launch Date Date Range 

TIROS–N October 13, 1978 October 19, 1978 – January 30, 1980 

NOAA–6 June 27, 1979 
June 27, 1979–March 5, 1983 
July 3, 1984–November 16, 1986 

NOAA–B May 29, 1980 Failed to achieve orbit 

NOAA–7 June 23, 1981 August 19, 1981–June 7, 1986 

NOAA–8 March 28, 1983 June 20, 1983–June 12, 1984 

NOAA–9 December 12, 1984 February 25, 1985–November 7, 1988 

NOAA–10 September 17, 1986 November 17, 1986–September 16, 
1991 

NOAA–11 September 24, 1988 November 8, 1988 – April 11, 1995 

NOAA–12 May 14, 1991 May 14, 1991 – December 14, 1998 

NOAA–13 August 9, 1983 August 9, 1993 – August 21, 1993 

NOAA–14 December 30, 1994 April 11, 1995 – present 

 

2.2.3 Satellite Data Acquisition  

Two modes of data acquisition are available for AVHRR data on each of the 

NOAA satellites.  During orbit the data are broadcast continuously (called high-

resolution picture transmission (HRPT) direct readout) and can be recorded by 

independent ground stations.  In addition, each NOAA satellite has on board recorders, 
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which can be programmed from earth control stations for data acquisition.  When the 

satellite comes within view of a NOAA receiving station, the recorded data can be 

transmitted to earth and subsequently archived.  This on board recording facility can 

only hold ten minutes of full resolution data (Kidwell 1997).  Thus, global coverage of 

full resolution (1 km) data is currently not possible. 

 

 

Figure 2.5: Global Area Coverage dataset generation 
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To achieve global coverage using the on board storage facility, NOAA samples 

the HRPT data to (approximately) 5 km pixels.  This data format is called global area 

coverage (GAC).  GAC data are generated by averaging the first four pixels out of 

every five along a scan line of image data, and retaining these averages from every 

third scan line.  The spatial resolution at nadir is thus 1.1 x 4 km (Kidwell 1997).  The 

averaged pixel is then assumed to represent a 4 x 4 km area on the ground.  This 

scheme reduces the data handling (processing and storage) required on board the 

satellite (Figure 2.5) (Kidwell 1997, http://history.nasa.gov). 

2.3 Satellite Data Processing 

The extraction of useful information from satellite data is a complex process 

involving many individual steps, and is essentially a serial process.  The acquisition of 

the raw data is the beginning of the process of information extraction.  This process 

starts with the acquisition of raw data (digital numbers DNs).  DNs are the scaled 

integers from quantization, which is not a physical quantity.  Therefore, DNs should 

be converted to physical quantities for estimating land surface variables such as 

radiance.  Normally, DNs are linearly related to radiance, and most remote sensing 

data providers produce the conversion coefficients for the users.  The procedure that 

determines these conversion coefficients is called sensor calibration.  This is an 

important procedure in remote sensing since many sensors deteriorate in space after 

satellite launch and the preflight conversion coefficients seldom remain valid.   
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2.3.1 Satellite Data Calibration 

An essential component of any monitoring program is instrument calibration.  

In satellite remote sensing, calibration involves the conversion of the observed digital 

numbers (DN) to a physical quantity like radiance.  The need for calibration has been 

encouraged by an increasing interest in the use of long-term data sets for monitoring 

biophysical phenomena (Gutman 1999b, Kogan and Zhu 2001, Simoniello et al. 

2004). 

The AVHRR instruments carried on each successive NOAA mission were 

calibrated against a standard to derive a linear relationship (i.e. gain and offset) 

between digital numbers and spectral radiance (Kidwell 1997).  This calibration was 

adopted by NOAA and is known as the pre-launch calibration.  Once in space, there is 

no on-board facility to determine the gain of the solar (visible) channels (one and two).  

The offset for these channels is routinely determined by observations of deep space.  

Pre-launch calibration assumes that both the gain and offset of the instrument 

were stable over time.  However, several studies demonstrated that the actual 

calibration values were not stable over time and differed from the published pre-flight 

values (Price 1987a, Price 1987b, Price 1988, Che and Price 1992, Kaufman et al. 

1997, Kaufmann and Zhou 2000).  The launch trauma, and subsequent degassing of 

the instrument (when in space), both contribute to the calibration differences reported 

(Che and Price 1992).  In addition to these difficulties, the calibration coefficients for 
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NOAA-11 were changed by NOAA after a re-examination of the original instrument 

data and calibration methodology (Rao and Chen 1999). 

With the lack of on board calibration facilities for measuring the instrument 

gain, and the obvious importance to multi-temporal studies, many different techniques 

of post flight calibration for the AVHRR have been proposed.  Unfortunately, the 

results of several post-flight calibration studies using different methods vary 

substantially.  In a review by Che and Price (1992), the results of several calibration 

studies were compiled and compared.  Significant differences were noted, between 

both the techniques used and results from individual studies.  However, in all cases, 

the post-flight calibration values were significantly different from the pre-flight values 

recommended by NOAA (Kidwell 1997). 

2.3.1.1 Radiometric Calibration of the Satellite Data 

Most applications of remote sensing require image data to be expressed in the 

form of reflectance values in order to allow comparisons with field or laboratory 

measurements.  Two problems must be solved in order to pass from the digital number 

(DN) provided by the satellite instrument to a reflectance value: (1) the calibration 

factors of the DN into a physical value as luminance/radiance at satellite level, and (2) 

the computation of a reflectance at ground level. 

The Working Group on Calibration and Validation (WGCV) of the 

international Committee on Earth Observation Satellites (CEOS) defines remote 
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sensing calibration as the process of quantitatively defining the system response to 

known controlled signal inputs (Defries and Belward 2000, Justice et al. 2000, Miura 

et al. 2000).  The main fundamental aspects that need to be calibrated are the sensor 

system's response to electromagnetic radiation as a function of: 

• Wavelength and/or spectral band (spectral response) 

• The intensity of the input signals (radiometric response) 

• Different locations across the instantaneous field of view and/or overall 
scene (spatial response or uniformity) 

• Different integration times and lens or aperture settings wanted signals 
such as stray light and leakage from other spectral bands 

 

Estimating land surface bio/geophysical variables accurately from remotely 

sensed data relies largely on the quality of the data and, in particular, on the accuracy 

of radiometric calibration.  Those who build remote sensing devices must have 

accurate measurements of a sensor's radiometric properties before that sensor is sent 

into space-this is usually called preflight calibration.  This calibration may change in 

space in response to variations in the environment surrounding the sensor in a space 

borne environment such as: 

2.3.1.1.1 Satellite Orbit Drift 

The NOAA satellites are intended to operate in nearly Sun-synchronous orbits.  

However, they show a non-negligible shift in local observation time (about 20-40 min 

per year) due to an orbit drift effect.  This leads to an increase in the sun zenith angle 
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as well as to a change in the relative azimuth between sun and satellite direction with 

respect to the observed target during the satellite's lifetime.  The change in the Sun-

satellite-target geometry increases the optical path lengths of the incoming solar 

radiation, which increase the BRDF effects.  Such effects are different for the two 

short-wave channels (Channel 1 and 2); therefore, the impact of solar zenith angle on 

NDVI changes depends on land covers (Price 1991, Privette et al. 1995, Gutman 

1999). 

2.3.1.1.2 Calibration Residuals 

The AVHRR was designed for meteorological applications, like the other 

instruments on board of NOAA satellites.  Particularly, the red and NIR channels were 

devoted to getting images of cloud distribution in weather analysis and prediction.  

Short-term meteorological analyses may be satisfied by relative coarse calibration 

since day-to-day spurious changes in sensor response are negligible.  Therefore, the 

two short-wave channels are not calibrated onboard.  Because of increasing interest in 

global coverage of albedo and vegetation information from AVHRR for long-term 

climatological and environmental applications, more stringent calibration procedures 

are needed in order to detect changes over a long period.  The agency responsible for 

the satellite (NOAA-NESDIS) continues to provide the most updated calibration 

information concerning the AVHRR (Rao and Chen 1995a, Rao and Chen 1996, Rao 

and Chen 1999, Heidinger et al. 2003) following the guidelines given by the CEOS–

WGCV (Working Group on Calibration and Validation). 
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The calibration of the AVHRR on board NOAA-9 satellite is the most reliable 

as confirmed by several studies (Rao and Chen 1995b, Gutman 1999), whereas the 

NOAA-11 short-wave channels seem to still be affected by calibration residuals 

(Koslowsky 1997, Gutman 1999).  Observations (Koslowsky 1997, Gutman 1999, 

Rao and Chen 1999) performed on NOAA-14 data showed that the Rao and Chen 

(1996) calibration provides unreal upward trends in albedo and an illogical greening of 

deserts in NDVI.  Therefore, the post-launch calibration coefficients of NOAA-14 

were revised by NOAA-NESDIS (Rao and Chen 1999) and they have been available 

since the end of 1999.   

However, the positive impact obtained from the new calibration was not yet 

widely explored and analyzed.  This is also true for the AVHRR/3 onboard NOAA-16 

operative since March 2001 of which the post-launch calibration coefficients were 

reviewed in April 2002 (NOAA-NESDIS, Updated Calibration Coefficients for 

NOAA-16 AVHRR, http://noaasis.noaa.gov/NOAASIS/ ml/nl6calup,html7).  The 

update showed that there seems to be little loss in sensitivity of the first two channels 

and the coefficients proposed by Heidinger et al. (2003) overestimate their signal 

degradation.  Such coefficients are based on a cross calibration with the onboard-

calibrated MODIS data, the methods were devised in order to take into account the 

dual-gain approach specifically adopted on the AVHRR/3 to increase the sensitivity 

for dark targets. 
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2.3.1.1.3 Inter–satellite Calibration 

The inter-calibration procedure is a mandatory step for integrating data from 

different satellite platforms.  NOAA-NESDIS has provided inter-calibration 

coefficients only for NOAA-7, -9 and -11 (Rao and Chen 1995).  Although such an 

inter-calibration minimizes the difference between the responses from different 

AVHRR, this problem is retained as shown by (Kogan et al. 1996, Koslowsky 1997, 

Gutman 1999, Kogan and Zhu 2001).  Moreover, an official inter-calibration between 

NOAA-11 and NOAA-14 data is not yet available.  Evident discontinuities in the 

mean values of the different AVHRR data sets are observed in correspondence to this 

satellite switch (Cuomo et al. 2001).  Such discontinuities are able to alter the actual 

magnitude of natural changes or induce nonexistent long-term trends that can be 

erroneously ascribed to anthropic/climatic forcing (Teillet et al. 2006). 

In-flight absolute calibration is usually performed on a routine basis for the 

thermal infrared channels to allow for precise temperature information, but the solar 

channels used for imaging on most operational satellites do not have onboard 

calibration capabilities mainly because of the limitations in satellite power, weight and 

space.  Some orbiting satellites even have simple onboard calibration systems, but 

they change in sensitivity with time.  Post-launch calibration data have to be obtained 

from vicarious calibration techniques.  Vicarious calibration usually refers to 

techniques that make use of natural or artificial sites on the surface of the Earth for the 

post-launch calibration of sensors (Teillet et al. 2001). 
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The usual approach to sensor calibration starts with the formulation of a sensor 

calibration model.  The simplest calibration model is the linear formula that links the 

sensor output (DN) to the radiance L at the entrance pupil of the sensor 

 Y = AL (2.18) 

where Y represents the DN values and A is the matrix of the absolute calibration 

coefficients.  Matrix A can be determined from the accurate preflight measurements, 

then monitored on orbit by onboard calibration devices using secondary or tertiary 

standard light sources (lamps or the Sun), and finally vicarious methods using images 

of specific well-known ground targets or the Moon (Dinguirard and Slater 1999).  

Since the sensor builders provide preflight calibration coefficients and thermal 

infrared sensors can be accurately calibrated using onboard devices, we focus on the 

vicarious calibration techniques and results for solar channels (visible and near-

infrared spectra) in the following sections (Chen et al. 2005). 

2.3.1.2 Post–launch Calibration Methods 

There are roughly two typical post-launch calibration techniques.  The first is 

to fly an aircraft with a calibrated radiometer that measures the spectral radiance of the 

target observed by the satellite in the same illumination and observing directions 

(Smith et al. 1997).  It is often involved in simultaneous radiometric measurements of 

spatially and spectrally homogeneous Earth targets.  This method is usually called the 

radiance-based calibration method.  The reflectance-based method requires an 
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accurate measurement of the spectral reflectance of the ground target and 

measurement of spectral extinction depths and other meteorological variables (Teillet 

et al. 1990). 

Although these may be the most direct methods, they are relatively expensive 

and complex and cannot be used to calibrate historical data (Kaufmann and Zhou 

2000).  Another technique is to compare the observe radiance with radiative transfer 

calculations using well-known physical characteristics of the atmosphere and surface 

targets.  Most of the methods discussed below largely belong to this category.   

The surface targets used for post–launch calibration include ocean, cloud, 

snow, dry lake, ice sheet and the Moon (Miura et al. 2000, Kogan and Zhu 2001, 

Heidinger et al. 2003).  

2.3.1.2.1 Ocean Calibration 

Ocean calibration relies on either molecular scattering in the atmosphere over 

the ocean or the Sun glint.  For a cloudless air mass with a small amount of haze that 

is far away from the ocean glint, the major contribution (~ 70-80%) to upward 

radiance over deep oceans in the visible part of the spectrum is from molecular 

scattering in the atmosphere.  To reduce the influence of other variables (e.g., aerosol 

scattering, foam and glint from the ocean water), particular viewing conditions need to 

be chosen.  These conditions include deep oceans to get clear water, large viewing and 

solar zenith angles to increase the photon travel path length, and viewing the western 
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direction to avoid specular reflection.  The non-Rayleigh component of the scattering 

is deduced from the signals in the near-IR spectrum where Rayleigh scattering is 

negligible.  This method has been used to calibrate SPOT (Brown et al. 2006), MODIS 

(Kaufman et al. 1997) and AVHRR (Kaufmann and Zhou 2000). 

Approximately 87% of glint radiance is due to specular reflectance (Kaufman 

and Zhou 2000).  This reflectance cannot be theoretically established with the same 

accuracy as molecular scattering because of its dependence on speed and wave 

structure, but it is independent of the radiation wavelength and therefore can be used 

to determine the relative calibration of the near-IR bands to the visible bands.  Good 

conditions usually correspond to wind speeds between two and five m/s.  This 

approach has to be over as many glitter images as possible. 

2.3.1.2.2 Desert Calibration 

Desert sites have been widely used for sensor calibration since they have a 

stable spectral response over time.  Because of their high reflectances, the atmospheric 

effect on the upward radiance is relatively minimal.  They are also spatially uniform.  

Their temporal instability without atmospheric correction has been determined to be 

less than 1–2% over a year.  Several sites have been used for sensor calibration, 

including the Libyan desert (Rao and Chen 1996, Kaufmann and Zhou 2000, Kogan 

and Zhu 2001) for calibrating AVHRR data, the North Africa desert for calibrating 

SPOT imagery (Brown et al. 2006), and the Egyptian desert, which was identified by 
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the international remote sensing community for sensor inter-calibration (Dinguirard 

and Slater 1999). 

For calibration of high-resolution imagery, the White Sands Missile Range test 

site in New Mexico has been extensively used since the 1980s.  It is located in the 

desert southwest of the U.S. in a region of low aerosol loading and an elevation of 1.2 

km. 

2.3.1.2.3 Clouds 

Very-high-altitude (10-km) bright clouds are good validation targets in the 

visible and near-IR spectra because of their high spectrally consistent reflectance 

(Masek et al. 2006).  If the clouds are very high, we do not need to correct aerosol 

scattering and water vapor absorption as both aerosol and water vapor are distributed 

near the surface.  Only Rayleigh scattering and ozone absorption need to be 

considered.  This method has been found (Csiszar et al. 2001) to give a 4% uncertainty 

for the intercalibration of the POLDER spectral bands. 

2.3.1.2.4 Others Targets Used for Post-Launch Calibration 

Dry lakes and other large homogeneous areas are also used for calibration, for 

example, Railroad Valley Playa, a dry lakebed in Nevada (U.S.) with a composition 

dominated by clay and Rogers dry lake at Edwards Air Force Base in California. 
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Tahnk and Coakley Jr (2001a) determined the sensor degradation coefficients 

for NOAA-14 AVHRR first two channels using the permanent ice sheets of the central 

Antarctica. 

Cloud shadows over water have been used for calibrating high-resolution 

sensors (Carder et al. 1993).  This cloud shadow method uses the differences between 

the total radiance values observed at the sensor for these two regions of sunlit and 

shadowed, thus removing the nearly identical atmospheric radiance contributions to 

the two signals (e.g., path radiance and Fresnel reflected skylight).  What remains is 

due largely to solar photons backscattered from beneath the sea to dominate the 

residual signal.  Normalization by the direct solar irradiance reaching the sea surface 

and correction for some second-order effects provide the remote sensing reflectance of 

the ocean at the location of the neighbor region, providing a known ground target 

spectrum for use in testing the calibration of the sensor.  A similar approach may be 

useful for land targets if horizontal homogeneity of scene reflectance exists about the 

shadow. 

The Moon is another calibration target.  The stability of its reflectance is 

extremely high, but its radiance is not.  The Moon can be used to (1) check the in-

flight stability of a solar diffuser and (2) provide a direct calibration of the sensor 

(Dinguirard and Slater 1999).  From 1995 to 1998, the USGS and the Northern 

Arizona University Department of Physics and Astronomy constructed an observatory 

in Flagstaff, Arizona dedicated to making long–term radiometric measurements of the 
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Moon.  The purpose of this ongoing program with respect to EOS calibration is to 

utilize the radiometric stability of the lunar surface to provide long-term, on-orbit 

calibration and cross-calibration of EOS and non-EOS sensors flown on similar and 

different platforms.  Currently, accurate measurements of the radiance and irradiance 

of the Moon are made at a number of wavelengths in the 348-2385 nm wavelength 

region using two telescopic imaging systems.  The observatory measurements are used 

to produce exoatmospheric radiance images of the Moon that can be compared with 

orbiting spacecraft lunar observations.  The lunar radiometric data are being archived 

in the NASA Goddard Space Flight Center (GSFC) Distributed Active Archive Center 

(DAAC). 

2.3.1.3 Calibration Coefficients for AVHRR Reflective Bands  

Archived AVHRR data span the operational lifetime of several satellites; 

however, sensor degradation has been identified as a major factor affecting the 

stability of the data quality.  The degradations of NOAA-9, -11 and -14 crossing times 

are shown in Figure 2.6. 
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Figure 2.6: Equator crossing time of NOAA satellites afternoon passing 

 

There have been many efforts to calibrate the two AVHRR solar bands (e.g., 

(Gutman and Ignatov 1995, Kogan et al. 1996, Rao and Chen 1996, Gitelson et al. 

1998, Los 1998, Rao and Chen 1999, Kaufmann and Zhou 2000, Csiszar et al. 2001, 

Cuomo et al. 2001, Heidinger et al. 2003, Cihlar et al. 2004, Simoniello et al. 2004, 

van Leeuwen et al. 2006).   

Table 2.4: NOAA Satellite Lifetimes 

Spacecraft Launch Date Operational Dates 

NOAA–7 June 23, 1981 Aug. 24, 1981 – Feb. 1, 1985 

NOAA–9 Dec. 12, 1984 Feb. 25, 1985 – Nov. 7, 1988 

NOAA–11 Sept. 24, 1988 Nov. 8, 1988 – April 11, 1995 

NOAA–12 May 14, 1991 Sep. 16, 1991 – Dec. 14, 1998 

NOAA–14 Dec. 30, 1994 Current  

NOAA–15 May 13, 1998 Current 

NOAA–16 Sept. 21, 2000 Current 
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The satellite lifetimes are listed in Table 2.4.  In the following sections, we 

discuss the calibration coefficients for each NOAA satellite (-7, -9, -11, -14 and -15), 

d is the day since satellite launch, and C10 represents a DN value with quantization 

level 10. 

2.3.1.3.1 NOAA-7 

The following formulas involve converting DN values to radiance (W m-2 sr-1 

µm-1 ). 

 L1 = 0.5753e0.000101d(C10 – 36) (2.19)  

 L2 = 0.3914e0.00012d(C10 – 37) (2.20)  

 

2.3.1.3.2 NOAA-9  

Set 1: 

 L1 = 0.5415e0.000166(d – 65)(C10 – 37) (2.21) 

 L2 = 0.3832e0.000098(d – 65)(C10 – 39.6) (2.22) 

Set 2: 

 L1 = 0.5406e0.000166d(C10 – 37) (2.23) 

 L2 = 0.3808e0.000098d(C10 – 39.6) (2.24) 
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2.3.1.3.3 NOAA–11 

 L1 = 0.5496e0.000033d(C10 – 40) (2.25)  

 L2 = 0.3680e0.000055d(C10 – 40) (2.26)  

 

2.3.1.3.4 NOAA-14 

The NOAA-14 spacecraft was launched into a nominal Sun-synchronous orbit 

on December 30, 1994.  Because the two solar AVHRR bands do not have on board 

calibration devices, Rao and Chen (1996) developed calibration coefficients using the 

vicarious calibration method based on the data of about one year from the Libyan 

Desert. 

The calibration coefficients are given for converting DN to TOA reflectance: 

 ρ = Si (C10 – C0)D2  (2.27) 

where: 

 i = 1, 2 for two bands,  

D2 characterizes the distance between the Sun and the Earth that is given by 
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 S1 = 0.0000135d +0.111 (2.28) 

 S2 = 0.0000133d + 0.134 (2.29) 

C0 is set equal to 41 counts in both channels. 

Canada Centre for Remote Sensing (CCRS) recommendations available at:  

http://www.ccrs.nrcan.gc.ca/ccrs/rd/ana/calval/noaag14_e.html are given below. 

The conversion is for radiance L (W m-2 sr-1 µm-1) at the sensor (top of the 

atmosphere): 

 L = (DN – 41)/(gain) (2.30) 

where gain = A × d + B where d is the days since launch (d = 0 for Dec. 30, 1994); A 

and B are coefficients given in Table 2.5. 

Table 2.5: Coefficients for Calculating Gain Value for NOAA-14 AVHRR Sensor 

Band 1  Band 2 
Time 

A B A B 

1995 -3.532 x 10-4 1.796 -6.161 x 10-4 2.364 

1996 -3.055 x 10-4 1.778 -5.090 x 10-4 2.325 

1997 -2.671 x 10-4 1.750 -4.275 x 10-4 2.265 

1998 -2.356 x 10-4 1.715 -3.644 x 10-4 2.196 

1999 -1.209 x 10-4 1.587 -3.714 x 10-4 1.883 

2000 / 2001 -1.249 x 10-4 1.639 -3.837 x 10-4 1.946 
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Tahnk and Coakley Jr (2001b) suggested a set of different calibration 

coefficients for TOA reflectance:  

ρ1 = (–5.35829 10-9 d2 + 1.70469 10-5 d + 0.11414) (C10 -41) (2.31) 

From launch to January 1, 2000 

ρ2 = (–1.46883 × 10–9 d2 + 5.59073 × 10–6 d + 0.14302) × (C10 – 41)  

 (2.32) 

After January 2, 2000 

 ρ2 = (4.38569 ×10–5 d + 0.06829) (C10 – 41) (2.33) 

 

2.3.1.3.5 NOAA-15 

Some piecewise linear (PWL) calibration coefficients for NOAA-15 AVHRR 

spectral data in channels 1, 2, and 3A acquired from 1998 and 2002 are presented 

here. 

The NOAA-15 AVHRR/3 radiometer has a dual-gain response; thus, there are 

dual calibration gains for each channel.  The recommended PWL coefficients for 

channels 1 and 2 are based on time-dependent calibration equations provided by 

Tahnk and Coakley Jr (2001b).  Their calibration dataset was derived from the 

analysis of ice sheets in the Antarctic and Greenland (Appendix D of the NOAA KLM 

User's Guide on the web page from NOAA-NESDIS): 



 61

 

For the low-radiance range: 

 L = (DN – 38.9)/47.420 (2.34) 

For the high-radiance range: 

 L = (DN – 423.7)/7.064 (2.35) 

where L is the TOA radiance (W m–2 sr–1 µm–1) at the sensor. 

For bands 1 and 2: 

 L = (DN – DN0)/(A × d + B) (2.36) 

where d = days since launch (d = 0 for 5/13/1998).  Since the DN0 and B are 

consistent for a given radiance range (for low radiance range, DN0 = 38.5 and B = 

3.269 for band 1, DN0 = 40.4 and B = 3.564 for band 2; for the high radiance range, 

DN0 = 336.9 and B = 1.137 for band 1, DN0 = 338.8 and B = 1.696 for band 2), Table 

2.6 gives only the coefficient A. 

Table 2.6: Coefficient A for Equation 2.36 

Band 1  Band 2 
Year 

Low High Low High 

1998 1.389 x 10-6 4.832 x 10-7 3.564 x 10-5 1.304 x 10-5

1999 1.390 x 10-6 4.834 x 10-7 3.580 x 10-5 1.310 x 10-5

2000 1.390 x 10-6 4.835 x 10-7 3.600 x 10-5 1.317 x 10-5

2001 1.391 x 10-6 4.837 x 10-7 3.621 x 10-5 1.325 x 10-5

2002 1.391 x 10-6 4.838 x 10-7 3.641 x 10-5 1.332 x 10-5
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Table 2.6 indicates that the AVHRR sensors on NOAA-15 are quite stable 

since the calibration coefficients do not change much with time. 

2.3.1.3.6 NOAA-16 

The preflight calibrations are provided below.  The NOAA-16 AVHRR/3 

radiometer also has a dual-gain response; thus, there are dual calibration coefficients 

for each channel: 

Low radiance range: 

 L1 = (DN – 38.5)/3.653 (2.37) 

 L2 = (DN – 37.9)/5.920 (2.38) 

 L3A = (DN – 71.25)/44.944 (2.39) 

High radiance range: 

 L1 = (DN – 339.7)/1.250 (2.40) 

 L2 = (DN – 342.8)/2.011 (2.41) 

 L3A = (DN – 432.1)/7.142 (2.42) 

2.4 Summary  

This is an introduction chapter that lays the foundations for this thesis.  One of 

the major motivation in quantitative remote sensing is to estimate land surface 

biophysical variables.  This chapter presents the statistical method based on different 
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vegetation indices.  A comprehensive overview of the most commonly used vegetation 

indices was provided.  The NDVI, VCI and TCI are only few of a number of 

vegetation indices, which have been used for the extraction of vegetation information 

from spectral observations in the red and near infrared regions of the spectrum.  The 

NDVI values reported by different studies should theoretically be comparable.  

Unfortunately, this is not the case.  Variations exist depending on whether the NDVI 

was computed with digital counts, radiances or reflectances.  Thus, when using the 

results from other studies, care needs to be taken to ascertain how the NDVI was 

computed in that study. 

The NDVI is computed from measurements of red and near infrared 

reflectance.  Numerous studies have quoted the effect on the NDVI due to errors in 

these measurements caused by atmospheric contamination of the signals.  In addition, 

quantization of the signal can also cause large errors in the NDVI.  Quantization is a 

fundamental process behind all digital systems, and sets a finite limit on the precision 

with which samples can be represented.  It would be a waste of time to make 

corrections, which were significantly smaller than the finite limit of precision for these 

data.   

Conversion of the digital numbers recorded by the AVHRR instrument to 

radiance is a linear calibration problem requiring a gain and offset.  These values were 

originally determined at the time of construction of each instrument, resulting in a pre-

flight calibration.  A number of studies have established that the pre-flight calibration 



 64

 

parameters have changed following launch on all NOAA satellites.  Two distinct 

changes have been recognized: 

1. Large change in calibration following launch,  

2. Slow drift in calibration over time. 

 

The changes in calibration for the individual channels will affect the NDVI if 

those changes are not identical.  

The maximum value compositing (MVC) technique has been used extensively 

to remove cloud from time series images.  This technique selects the maximum NDVI 

from a number of images and writes that value to the output composite image.   

Sensor radiometric calibration is a very important process in quantitative 

remote sensing that converts the digital numbers to TOA radiance.  There are three 

stages of calibration activities: pre-launch, in-flight, and post-launch.  This chapter 

focuses on the post-launch vicarious calibration methods on various targets, such as 

ocean, desert, cloud and moon.   

In Section 2.3.1.3, we provided the calibration coefficients for NOAA-

AVHRR sensors.  These coefficients indicate that sensor degradation has been a 

serious problem. 



 

3. Study Area and Data 

The U.S. is the largest exporter of agricultural products in the world.  The 

forecasted 2006 U.S. agricultural export value is $68 billion (Figure 3.1) (USDA 

2006). 

 

Figure 3.1: Fiscal year trade forecasts for agricultural, fishery and solid wood products 

 

The economic well-being of many U.S. States is strongly linked to agricultural 

supplies and demands.  Perhaps no region of the U.S. is tied more closely to 

agriculture and its economic impacts than Kansas.  Agriculture in Kansas plays a 

leading role in the economy of the State.  Every county in one form or another 

contributes to the agricultural output of the State.  Kansas is proud to be called the 

granary of the country (Shroyer et al. 2004).  Kansas constantly figures among the top 
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states in the production of wheat, sorghum, soybeans, and beef.  The crop industry in 

Kansas provides income not only for the farmers and their families but also for other 

agriculturally-related occupations (USCRB 2005). 

The study area, Kansas, lies between longitude: 94° 38' W to 102° 1' 34" W, 

and latitude: 37°N to 40°N (Figure 3.2).  

 

 

Figure 3.2: Map of U.S. showing the study area Kansas 

 

Kansas is divided into nine Crop Reporting Districts (CRD) and 105 counties 

(Figure 3.3).  The districts are designated as follows: Northwest (NW-10), West 

Central (WC-20), Southwest (SW-30), North Central (NC-40), Central (C-50), South 

Central (SC-60), North East (NE-70), East Central (EC-80) and Southeast (SE-90) 

(Figure 3.3).  
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Figure 3.3: Kansas, Kansas Crop Reporting Districts (CRDs) and Kansas Counties 

 

In Kansas, a CRD is made up of approximately 10 counties and covers an area 

as large as 10,000 square miles.  The area within each CRD is considered to be 

relatively homogeneous with respect to vegetation, climate, topography and soil.  

Using CRD and county levels for regional assessments makes a Geographic 

Information System (GIS) a practical tool.  

3.1 Kansas Cropland Utilization 

There are about 48 million acres of farmland in Kansas, of which 65%, or 

about 31.1 million acres, is available for crops.  Pasture and grazing land make up the 

remaining acres.  During the twenty-one year period (1985 to 2005), crops were 

planted on an estimated 22.0 million acres and harvested from an average of 20.6 
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million acres (including 2.5 million acres utilized for hay).  Wheat, the number one 

crop in the State, was planted on 38.7% of the total cropland.  Sorghum, a distant 

second to wheat, was planted on 10.3% of the total cropland; corn 6.2% and soybeans 

6.5%.  Hay was harvested from 7.9% of all cropland and all other crops accounted for 

1.3%.   The residual 29.1% was idle cropland (Figure 3.4) (USCRB 2005). 

Corn
6%

Wheat
39%

Other Crops
1%

Soybeans
7%

Idle Cropland
29%

Hay
8%

Sorghum
10%

 

Figure 3.4: Kansas Crop Land Utilization 

 

3.2 Climate of Kansas 

Kansas has what is typically described as a continental climate, without the 

influence of any major bodies of water.  Summers are warm, with the majority of the 

annual precipitation occurring during this period.  Winters tend to be cold with an 

occasional mild spell and moderate snowfall amounts.  Annual average precipitation 

ranges between approximately 40 inches in the southeastern part of the state to less 
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than 20 inches in the western part of the state (Figure 3.5).  Annual average snowfall 

ranges from 40 inches in the northwest to less than 15 inches in the southeast (NOAA 

National Weather Service [NWS] 2004). 

  

 

Figure 3.5: Average (1985 to 2005) annual precipitation in Kansas (inches) 

 

3.3 Crops and Weather 

In Kansas resides one of the most vulnerable agro ecosystems in North 

America.  Annual and inter-annual variations in weather strongly affect crop 

production, and shifts in the temporality and quantity of precipitation have major 

impacts.  High temperatures and strong winds during crop growing season stimulate 

high evapotranspiration rates, while weather vagaries during ripening and harvesting 

add further unpredictability in yield output. 
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Figure 3.6:  Percentage of normal precipitation in: (a) spring 1989,   and (b) spring 
1990 (WWCB 1989, 1990) 

 

A clear example of the effects of weather on crop production can be seen in the 

following Kansas statistics: In 1989, winter wheat acres seeded were 12,400,000; 
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harvested acres were 8,900,000; abandonment 3,500,000 acres or 28.2% of the planted 

acres, the largest percent abandonment since 1951.  Most of the state had through the 

entire winter wheat growing season less than normal rainfall.  Moisture was below 

average in early spring.  April and May were the driest on record for many counties in 

Kansas (Figure 3.6a), which contributed to a drought-stressed crop.  The final yield 

was 24 bushels per acre (35% below the average).  Total winter wheat production was 

214,000,000 bushels, the lowest production since 1963.  

In 1990, winter wheat acres seeded were 12,400,000; harvested acres were 

11,800,000; abandonment 600,000 acres or 4.8% of the planted acres, the lowest 

abandonment since 1974.  Weather conditions were near ideal through late winter and 

especially spring (Figure 3.6b).  The final yield was 40 bushels per acre.  Total winter 

wheat production was 472,000,000 bushels, more than double the drought stricken 

1989 crop and exceeded the previous record of 458,900,000 bushels in 1982. 

Such weather extremes demonstrate the sensitivity of crop production to 

weather variation.  The impacts of wide swings in crop production affect not just 

primary producers and end users, but a wide range of enterprises and a variety of 

people dependent on a successful agricultural economy.  Therefore, it is vital early 

estimation of crop production, which is important for both domestic and world 

production and consumption.  



 72

 

3.4 Yield 

Yield is the measurement of the effects of all other crop growth factors.  

Nutrient management, irrigation management, residue management and weed 

management all affect yield.  All management practices, as well as the external 

environment (heat, cold, rain, snow, pollution, etc.) can affect yield.  In other words, 

yield is the integrator of crop health. 

The desire for higher yields and higher profits causes most growers to manage 

their fields to get the maximum possible yield.  This may, or may not, mean maximum 

possible profit.  Often the point of maximum profit is not at the maximum yield.  

Hence, the term ‘maximum economic yield’ has been coined to indicate the point of 

maximum profit.  Farmers are in a unique position in the business community.  They 

operate on a narrow profit margin frequently too narrow for sustained operation. 

Four factors are important in determining profitability: crop yield, selling 

price, fixed cost and production cost.  Of these factors, farmers have relatively little 

control over the latter three.  The opportunity for greater profits is most often 

contained in the optimal crop yield.  However, reducing production costs, such as 

precision application, can also increase profits.  Higher yields often increase 

production efficiency (yield divided by total production costs).  Most farmers are 

operating with fixed costs approaching 80% of total production costs.  More 

production per acre means less cost per unit of output, that is, lower cost to produce 

each pound of grain. 
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Yield is the single most important factor in the economic sustainability of any 

crop farm.  Maximum yields can also mean maximum on-and off-site environmental 

damage (costs to society as a whole, as well as the farming operation).  These costs 

can come from soil erosion, non-point source water pollution or groundwater damage. 

The management decisions of growers, applying crop enhancements, nutrients, 

or pesticides at the right time, place, and amount, have the most significant effect on 

reducing environmental damage and costs.  This is often called the Bill of Rights of 

Yield Management.  Hence, the informed grower, aided by remote sensing 

information (regarding amounts and time of application of crop ameliorants) and 

guided by precision GPS systems (the right place) can have a significant impact on 

both yield and the wellbeing of the surrounding environment. 

3.5 Data 

The research presented in this thesis relies on two data sets.   

3.5.1 Ground Data 

The fist data set is historical, final, crop yield data obtained electronically from 

USDA National Agricultural Statistics Service (NASS) database site 

(http://www.usda.gov/nass/) for the entire state of Kansas, for each CRD and for each 

County from 1970 through to 2005.  Initial release dates for USDA state level 

estimates are approximately May 11 for winter wheat and August 11 for corn, 
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soybeans, and grain sorghum.  After this, winter wheat (WW) will be classified as an 

early-season crop and corn and grain sorghum as late-season crops.  This database is 

updated annually for all crops, with each particular crop’s final regional yield 

estimates released well after harvest completion.  Updates to the final regional yield 

estimates can occur up to 3 years after their initial release, but generally these changes 

are not large.  No historical or expected error statistics for these estimates are 

published below the national spatial scale, but they are nonetheless accepted by the 

industry as the best widely available record for average regional crop yield in the U.S.  

Yield data were used to investigate the nature of the relationship with satellite-based 

VH indices. 
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Figure 3.7: Kansas Crop Calendar (USCRB 2006)  
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3.5.1.1 Description of Crops and Time Periods under Investigation 

  Figure 3.7 shows the planting date patterns and harvesting dates for the most 

important crops grown in Kansas.  The crops under investigation in this research are 

winter wheat, grain sorghum and corn.    

3.5.1.1.1 Winter Wheat 

In the U.S., wheat is the fourth leading field crop and the leading export crop.  

Total U.S. wheat production in 2003 reached 64 million tones, while in 2005 wheat 

production was only 57 million tones (FAO 2006).  This reduction was due to 

unfavorable weather.  Two types of wheat are grown in the U.S.: winter wheat sown in 

fall and harvested in early summer (Figure 3.8) and spring wheat planted in spring and 

harvested in late summer/early fall (Figure 3.9).  Winter wheat provides 70 to 80% of 

the total wheat production (USCRB 2006). 

In Kansas, WW planting usually takes place in late August.  The peak of the 

planting period is from the middle of September to the middle of October.  WW 

begins to head usually during the last week of April.  Turning color closely follows 

heading.  Ripening of wheat starts around the first week of June in southern Kansas 

and is virtually ripe Statewide by the first part of July.  Ripening can vary from year to 

year.  WW harvesting usually begins in mid June and lasts until mid July depending 

on precipitation amounts during these months (Figure 3.7). 
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Figure 3.8: United States winter wheat production region 

 

 

 

Figure 3.9: United States spring wheat production region 

 

Kansas is the largest WW producing state.  Nearly one-fifth of all U.S. WW 

volume is produced in Kansas (USCRB 2006).  Annual average wheat production in 

Kansas for the past twenty-one years has been about 371 million bushels harvested 

from an average ten million acres.  State WW yields over this period averaged 37 
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bushels per acre.  Kansas ranks number one in wheat and wheat products exported 

(USCRB 2006).   

 

 

Figure 3.10: Kansas CRDs average winter wheat production thousand bushels (1985-
2005) (USCRB 2006) 
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Figure 3.11: Percent CRD winter wheat production from total Kansas 
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Western and central CRD are the major producers of WW (Figure 3.10).  CRD 

60 is the major producer.  Annual average WW production in CRD 60 for the past 

twenty-one years has been about 80 million bushels harvested from an average 2.2 

million acres.  CRD 60 WW yields over this period averaged 35.49 bushels per acre.  

CRD 60 is followed by CRD 30 and CRD 50 (Figure 3.11). 

Sumner County is the major producer of WW in Kansas, during the 1985 to 

2005 period, WW production has been about 13.5 million bushels harvested from an 

average 397 thousand acres.  Summer WW yields over this period averaged 34.11 

bushels per acre.  Summer is followed by Reno and Finney.  Two out of three of these 

counties are located in the south central CRD.  WW county production representing 

the average for 1985 to 2005 is shown in Figure 3.12. 

 

 

 

Figure 3.12: Kansas counties average winter wheat production thousand bushels 
(1985-2005) (USCRB 2006) 
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3.5.1.1.2 Sorghum 

In Kansas, sorghum planting starts in early May.  Mid July is about the time 

sorghum begins to head, and by the end of September, all sorghum has usually headed.  

Harvesting of sorghum usually begins in September and is well underway everywhere 

by mid October (Figure 3.7).  

 

 

Figure 3.13: Kansas CRDs average sorghum production, thousand bushels (1985-
2005) (USCRB 2006) 

 

Annual average sorghum production in Kansas for the past twenty-one years 

has been about 224.5 million bushels harvested from an average 3.3 million acres.  

State sorghum yields over this period averaged 66.81 bushels per acre (USCRB 2006).   

CRD 40 and CRD 30 are the major producers of sorghum (Figure 3.13).  CRD 

40 is the major producer.  Annual average sorghum production in CRD 40 for the past 

twenty-one years has been about 38.2 million bushels harvested from an average 541 
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thousand acres.  CRD 40 sorghum yields over this period averaged 70.38 bushels per 

acre.  CRD 40 is followed by CRD 30 and CRD 50 (Figure 3.14). 
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Figure 3.14: Percent CRD sorghum production from total Kansas 

 

Marshall County, located in CRD 70, led all counties in sorghum production 

over the years 1985 to 2005, averaging 6.4 million bushels harvested from an average 

81 thousand acres.  Marshall sorghum yields over this period averaged 79.71 bushels 

per acre.  Sorghum County production representing the average for 1985 to 2005 is 

shown in Figure 3.15. 
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Figure 3.15: Kansas counties average sorghum production thousand bushels (1985-
2005) (USCRB 2006) 

 

3.5.1.1.3 Corn 

In Kansas, corn planting starts in early April and is generally completed by the 

second week of June.  Planting is at its peak during the first week of May.  By the first 

week of July, corn starts to silk.  The silking stage lasts four to five weeks, with most 

of the corn having silked by mid August.  Corn reaches maturity between August and 

September.  Corn harvest covers a three-month period of September through 

November (Figure 3.7). 

During the 1985-2005 period average corn production in Kansas was 288.7 

million bushels harvested from an average 2.2 million acres.  State corn yields over 

this period averaged 132.81 bushels per acre (USCRB 2006). 
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Figure 3.16: Kansas CRD’s average corn production (1985-2005) (USCRB 2006) 

 

  

0%

5%

10%

15%

20%

25%

30%

35%

40%

10 20 30 40 50 60 70 80 90

District
 

Figure 3.17: Percent corn CRD production from total Kansas 
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CRD 30 is the major producer of corn in Kansas (Figure 3.17).  Annual 

average corn production in CRD 30 for the past twenty-one years has been about 

105.6 million bushels harvested from an average 615 thousand acres.  CRD 30 corn 

yields over this period averaged 169 bushels per acre.  CRD 30 is followed by CRD 10 

and CRD 60 (Figure 3.17). 

Haskell County, located in CRD 30, led all counties in corn production over 

the years 1985-2005, averaging 17.5 million bushels harvested from an average 97 

thousand acres.  Haskell corn yields over this period averaged 177.31 bushels per acre 

(USCRB 2006).  Corn County production representing the average for 1985-2005 is 

shown in Figure 3.18. 

 

 

 

Figure 3.18: Kansas counties average corn production thousand bushels (1985-2005) 
(USCRB 2006) 
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3.5.2 Satellite Data 

The second data set is a time series of weekly AVHRR-based VH indices (VCI 

and TCI) imagery obtained from NOAA Global Vegetation Index (GVI) data set from 

1985 through to 2005.  This data set was chosen because it is relatively inexpensive, 

reliable, and is updated in near real-time.  Satellite data included AVHRR-measured 

solar energy reflected/emitted from the land surface (in 8-bit counts).  Spatial data 

resolution was 4 km2, sampled to 16 km2 and temporal one day sampled to seven-day 

composite (Kidwell 1997).  The GVI counts in the visible (VIS), near infrared (NIR) 

and infrared (IR, 10.3-11.3 µm, Channel 4 (Ch4)) spectral regions were used in this 

research.  Post-launch-calibrated VIS and NIR counts were converted to reflectances 

following (Rao and Chen 1995b, Rao and Chen 1996, Kidwell 1997, Rao and Chen 

1999, Heidinger et al. 2003) and used to calculate the Normalized Difference 

Vegetation Index (NDVI).  Channel 4 counts were converted to brightness (radiative) 

temperature (BT) following the method in Kidwell (1997). 

The AVHRR data are available in several forms.  The highest spatial resolution 

recorded by the AVHRR is the 1.1 km Local Area Coverage (LAC) data.  This spatial 

resolution has made LAC data attractive for some studies (Maselli et al. 1998, 

Rasmussen 1998).  Unfortunately, for the same reason, LAC data have some 

disadvantages.  Unless a user has access to the direct transmission of data from the 

satellite, LAC data can be stored only for limited regions and storage must be 
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requested in advance (Kidwell 1997).  In addition, the large amount of data necessary 

for a regional study makes the use of LAC data difficult. 

The second AVHRR data form available is the Global Area Coverage (GAC) 

data.  In contrast to LAC data, GAC data are collected and archived daily for nearly 

the entire Earth and are available for research.  The GAC data are produced from LAC 

data by averaging the first four pixels in a 3x5 array of LAC observations, and have a 

spatial resolution of approximately 4 km2 (Kidwell 1997). 

The third form of AVHRR data are the Global Vegetation Index (GVI) data.  

These GVI data are produced by selecting one GAC pixel from a 4×4 array of GAC 

pixels to represent the entire array.  Thus, the GVI resolution is approximately 16 km2 

at the equator (Kidwell 1997).  The data for each GVI pixel contain values for four of 

the five AVHRR channels, as well as the scan angle and solar zenith angle (Kidwell 

1997). 

The GVI product from the AVHRR was selected for this study.  One 

advantage of the GVI data is that weekly GVI data currently exist for the world 

between 70° N and 55° S beginning in 1982.  These data continue to be collected and 

are available in real-time from NOAA-NESDIS.  The VH indices and data are 

delivered in real time (every Monday) to http://orbit.nesdis.noaa.gov/smcd/emcb/vci.  

They show global and regional vegetation health, moisture and thermal conditions and 

fire risk potential.  They also discuss climate issues and VH utility in global observing 

system.  Despite the spatial sampling reducing the resolution to 16 km2, the GVI data 
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have been found to contain valuable information about vegetation conditions.  In 

addition, for a regional study, GVI data are manageable and economical to use.  This 

makes GVI data practical for any organization needing to anticipate and assist 

governmental or private agencies designing farm policies or marketing strategies. 

Unfortunately, studies have found that the empirically derived NDVI products 

can be unstable, varying with soil color and moisture conditions, bidirectional 

reflectance distribution function (BRDF) and atmospheric conditions.  Clouds and 

other atmospheric constituents obscure the land surface, reducing NDVI considerably.  

Changes in viewing geometry can lead to both an increase and decrease in NDVI, 

depending on location, type of vegetation and illumination.  Satellite orbit drift, sensor 

degradation and satellite change create long-term noise in NDVI data, especially after 

the satellite has been in service for more than 3 years (Los 1998, Csiszar et al. 2001, 

Cihlar et al. 2004, Los et al. 2005). 

Many techniques have been developed to reduce noise in AVHRR data.  

Several cloud-screening algorithms are presently available.  Post launch calibration 

correction reduces the generally upward trend in NDVI time series.  Alternative 

techniques for high frequency noise reduction in NDVI and brightness temperature 

(BT) data have been developed and widely used in the past fifteen years (Kogan and 

Sullivan 1993). 

In order to reduce long-term systematic errors in GVI time series (Gutman 

1999, Kogan and Zhu 2001, Simoniello et al. 2004) the following techniques were 
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used in this research.  To minimize the effects of changes in solar zenith angle, 

satellite scan angle and earth-sun distance, satellite images were aggregated over a 

seven-day period by saving those values that have the largest NDVI.  In addition, to 

correct instability in the VIS and NIR channels due to AVHRR sensor degradation, 

sensor change and to degradation in satellite orbit over time, the standard data 

preparation procedure included a correction of VIS and NIR values following the most 

updated calibration information concerning the AVHRRs (Rao and Chen 1995b, Rao 

and Chen 1996, Rao and Chen 1999, Heidinger et al. 2003).  In order to reduce cloud 

and bidirectional effects and also some effects of sun-sensor geometry NDVI and BT 

were smoothed over time (Kogan et al. 1996). 

The post-launch corrections and time series smoothing considerably improved 

the stability of the NDVI and BT over time.  However, we should admit that there is 

some reduction in NDVI and BT values by the end of AVHRR sensor life for each 

satellite.  Investigation of this problem by Kogan and Zhu (2001), Simoniello et al. 

(2004) showed that in most crop-related vegetative areas, maximum NDVI and BT 

change by the end of the satellite life is less than 10%.  Moreover, this 10% reduction 

is much smaller than variation in NDVI and BT values related to inter and intra annual 

weather change.  This accuracy is appropriate for monitoring vegetation health in 

vegetative areas (Kogan et al. 2003, Simoniello et al. 2004). 

In addition, vegetation oriented techniques were used in this study to reduce 

the remaining noise in AVHRR data.  These techniques considerably reduce high 
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frequency noise and enhance low-frequency variations related to weather fluctuations.  

These techniques smooth the weekly time series with a combination of a compound 

median filter and the least square technique (Kidwell 1997).  This smoothing 

completely eliminates high frequency outliers, including random effects and pulled out 

low-frequency weather related fluctuations (valleys and hills in the NDVI and BT time 

series) during the annual cycle (Kogan 1997).  After smoothing, inter-annual 

differences in NDVI and BT became more apparent.  These differences are due to 

weather variations.  For example, in dry years, the NDVI curves are lower and the BT 

curves are higher than in normal and wet years (Kogan et al. 2003). 

For heterogeneous land cover, the NDVI, which reflects vegetation greenness 

and vigor, are normally higher in the areas with more favorable climate, soil, 

cultivation practices (irrigation) and more productive ecosystems (forest) compared to 

the areas with less favorable environmental conditions (dry steppe).  These differences 

were taken into consideration.  In addition, weather-induced NDVI variations are quite 

different for various climatic conditions, and, what is even more important, that 

weather signal is much weaker and not easily detectable compared to the ecological 

one.  Therefore, when weather impacts on vegetation were estimated from NDVI, the 

weather-related portion was enhanced by separating it from the ecological one 

following Kogan (1997). 

Therefore, for each pixel and week, the NDVI values were stratified based on 

the 1985-2005 absolute minimum and maximum of NDVI.  The assumption was that 
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maximum amount of vegetation is developed in years with optimal weather because 

such weather stimulates efficient use of ecosystem resources (for example, increase in 

the rate of soil nutrition uptake).  Conversely, minimum vegetation amount develops 

in years with extremely unfavorable weather (mostly dry and hot), which suppresses 

vegetation growth directly and through a reduction in the rate of ecosystem resources 

use (for example, lack of water in drought years reduces considerably the amount of 

soil nutrient uptake).  Therefore, the absolute maximum and minimum of NDVI 

calculated from several years of data that contain the extreme weather events (drought 

and no drought years) can be used as criteria for quantifying the potential of 

geographic areas (Kogan 1997). 

The required adjustment of the NDVI values for a given set of geographically 

determined criteria provides an additional filtering over and above median filtering, 

thereby enhancing the weather-related signal in NDVI values.  The next stage of the 

algorithm development consisted of comparison of any year's NDVI in the archive 

with the absolute maximum and minimum NDVI values, which define ecosystem 

resources (Kogan 1997).  The entire procedure is given in the following expression of 

the vegetation condition index (VCI): 

 VCI = 100×(NDVI – NDVImin)/(NDVImax – NDVImin), (3.1)  

where NDVI is the smoothed weekly NDVI, NDVImax, and NDVImin are absolute 

maximum and minimum NDVI, respectively, calculated for each pixel and week from 

multiyear smoothed NDVI data. 
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The VCI captures rainfall dynamics better than the NDVI particularly in 

geographically no homogeneous areas.  The VCI not only permits the description of 

land cover and spatial and temporal vegetation change but also allows quantifying the 

impact of weather on vegetation.  It is also important to note that the VCI makes it 

possible for one to compare the weather impact in areas with different ecological and 

economic resources.  VCI values indicate easily how much the vegetation has 

advanced or deteriorated in response to weather and how far vegetation development 

is from the potential maximum and minimum defined by the ecological limits.  The 

selection of the absolute maximum and minimum NDVI as a criterion for index 

modification is justified by the fact that the patterns of this criterion match the 

established agro ecological zoning.  The technique minimizes noise in the AVHRR 

data by means of elimination of no uniformity and increases the vegetation signal 

related to the impact of weather alone on vegetation. 

In addition, during the rainy season, it is not uncommon for cloudy conditions 

to prevail for long periods.  If these periods last for more than 3 weeks, the weekly 

NDVI values tend to be depressed giving the false impression of water stress or 

drought conditions.  To remove the effects of cloud contamination in the satellite 

assessment of vegetation condition, Kogan (1997) proposed the temperature condition 

index (TCI).  The TCI is derived from BT, and its algorithm is similar to VCI except 

that the formula was modified to reflect the opposite to the NDVI vegetation's 
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response to temperature (high temperature is less favorable for vegetation).  The 

resultant expression for TCI is: 

 TCI = 100×(BTmax – BT )/(BTmax – BTmin), (3.2)  

where BT, BTmax, and BTmin are smoothed brightness temperature, its maximum and 

minimum, respectively, calculated for each pixel and week from multiyear data. 

It is important to mention here that BT was calculated from channel 4 (10.3-

11.3 mµ ), because the channel 4 measured radiance is more representative of drought 

conditions being much less responsive to the amount of water vapor in the atmosphere 

than Channel 5.  Although the BT only partially represents land surface conditions, 

analysis showed that during drought years the BT is much higher than normal and wet 

years (Kogan 1997).  Therefore, similar to the NDVI, the same principle of 

comparison of dry year with other years in the GVI archive was used for TCI 

approximation. 

High surface temperature or outgoing long wave radiation tends to be 

associated with clear skies, and the converse is also true.  Therefore, the TCI is an 

appropriate complementary tool to VCI.  When used together, the VCI and TCI 

provide a reliable crop condition assessment scheme. 
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4. Geographic Information Systems 

 
 

Geographic Information System technology can be used as a data analysis and 

dissemination tool on a crop yield assessment system.  A geographical information 

system (GIS) consists of a system of hardware and software used for storage, retrieval, 

mapping and analysis of geographic data.  Spatial features are stored in a coordinate 

system (latitude/longitude, state plane, UTM, etc.), which references a particular place 

on the earth.  Descriptive attributes in tabular form are associated with spatial features.  

Spatial data and associated attributes in the same coordinate system can then be 

layered together for mapping and analysis (Figure 4.1).  GIS can be used for scientific 

investigations, resource management and development planning. 

GIS differs from CAD and other graphical computer applications in that all 

spatial data is geographically referenced to a map projection in an earth coordinate 

system.  Spatial data can be re-projected from one coordinate system into another, thus 

data from various sources can be brought together into a common database and 

integrated using GIS software.  Boundaries of spatial features should register or align 

properly when re-projected into the same coordinate system.  Another property of a 

GIS database is that it has topology, which defines the spatial relationships between 

features.  The fundamental components of spatial data in a GIS are points, lines (arcs) 

and polygons.  When topological relationships exist, we can perform analyses, such as 
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modeling the flow through connecting lines in a network, combining adjacent 

polygons that have similar characteristics and overlaying geographic features. 

 

 

 

Figure 4.1: Spatial data and associated attributes in the same coordinate system can be 
layered together for mapping and analysis 

 

The combination of remote sensing and GIS technologies facilitates the 

acquisition, interpretation and dissemination of information on crop conditions and 

yield estimation during the growing season. 

Using remote sensing technology, data are collected and the vegetation indices 

calculated.  Then, the vegetation indices are summarized in a GIS to the State, Crop 

Reporting Districts (CRD) and county levels.  Then, theme maps of ranges of the 

vegetation indices can be produced.  We can produce a ratio image comparing the 
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closest annual calendar weekly period from the previous year, as well as show the two 

images side by side.  For events, such as droughts, floods, crop diseases or pest 

infestations that reduce plant chlorophyll the vegetation indices images are of 

considerable value in an early warning system. 

The major strength of using remote sensing and GIS technologies is that we 

have complete spatial coverage and we can display the results graphically on a weekly 

basis. 

4.1 GIS in the Analysis of Remote Sensing Data  

Figure 4.2 shows the data flow between the GIS (ARCINFO), the image 

analysis software (ENVI/IDL) and the statistical analysis software (SAS) that we used 

for processing, analyzing and modeling the data in this research. 

4.1.1 Geographic Base  

The data flow begins in the GIS environment with basic map layers for 

geographic control.  Thematic map layers derived from a variety of sources are added 

to the GIS database.  Of particular interest in this research are State, CRD and county 

levels (Figure 4.2a).   
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Figure 4.2:  Data flow between the GIS, the image analysis and the statistical analysis 
software used for processing, analyzing and modeling the data 

 

4.1.2 Image registration   

The first stage of processing of the satellite imagery is geometric correction to 

a map projection the same map projection used in the GIS environment (Figure 4.2c).  

Since, this study includes several spatial data sets, such as AVHRR-based Vegetation 

Health Indices (VHI) imagery and ground crop yield data; data integration is an 

important step.  Data integration can increase the effectiveness of the data 
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dramatically.  Data layers that are un-rectified with respect to each other, such as 

different maps at different projections, create different problems and thus limit their 

usefulness. 

In this research, we integrate GIS and remote sensing data sets to estimate crop 

yields.  Correctly rectified satellite imagery had a benefit for their later correlation 

with detailed ground crop yield data.  Rectification to single-pixel accuracy is required 

for matching crop yield data to AVHRR-based VH indices data. 

A frequent problem with integrating spatial data involves uncertainty about 

map projections and datums.  Often the datum and projection information are not 

known.  However, if the spatial data in question is to be integrated with other data 

sources, the projection information must be known; otherwise, the absolute accuracy 

of spatial locations is uncertain.  Even if the projections are known, problems may 

occur with transforming the spatial data.  Certainly all projection changes should 

involve transformation to geographic coordinates (latitude/longitude) as an 

intermediate step to ensure stable spherical trigonometry (Steinwand et al. 1995). 

It is also instructive to know the magnitude of the errors involved in projection 

conversion.  For example, to determine the magnitude of the errors resulting from a 

conversion from geographic coordinates (assuming a spherical earth) to geographic 

coordinates using the WGS84 datum, the distance difference for points on a graticule 

were plotted and contoured, as shown in Figure 4.3.  Errors up to 100m occur in the 
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western U.S., or even greater in the NW of Nevada, much of California, and all of 

Washington and Oregon.  Errors greater than 200m occur for much of South America.   

 

 

Figure 4.3:  Errors between latitude/longitude graticule for perfect sphere and for 
WGS84.  Dark areas are below 100 m, but lighter grey areas are over 300 m   

 

4.1.3 Image rectification 

Since all data have errors, these errors are compounded when multiple data sets 

are compared.  Rubber sheeting algorithms are used to help minimize errors on 

individual data sets as well as the relationship among data sets.  In this research, layers 

in step a (Figure 4.2a) are chosen as the base and the VH indices images rectified to it.  

The data set chosen as a base has errors associated with it, but it is the relative spatial 

error among the data sets that is important rather than their absolute position in the 

world.     
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Remote sensing imagery is a valuable source of GIS data and has somewhat 

predictable distortion.  However, most data still require non-parametric methods of 

rectification.  The non-parametric method requires taking control points from an 

image or map you are warping from and another set of like control points from the 

data you are warping to.  The algorithms employed are polynomial equations such as 

those that are used in curve fitting. 

There are several problems in applying these algorithms: 

1. The algorithms do not remove topographic distortion.  Topography is 

random and a Digital Terrain Model (DTM) must be used to correct for elevation.  

The random topographic effects are minimized in flat terrain and data collected from 

high orbits. 

2. The residual errors are only statistical.  This does not guarantee levels of 

accuracy everywhere; however, you can derive probabilities by contouring residuals 

and kriging. 

3. Data outside of the control points have no guarantee as to their spatial 

accuracy.  Typically, the higher the order of the polynomial the worse the integrity of 

the data outside of the controlled area. 

4. Collect more control points than are needed by the coefficients to the 

polynomial.  Doubling the number of control points needed by the coefficients in the 

equation is mathematically preferred, but this can be difficult. 
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4.1.4 Pixel Classification 

Automatic grouping of pixels having a similar characteristic in a multivariate 

image is an important problem.  One obstacle to successful modeling and prediction of 

crop yields using remote sensing imagery is the identification of image masks.  Image 

masking involves restricting an analysis to a subset of a region’s pixels rather than 

using all of the pixels in the scene.  Cropland masking, where all sufficiently cropped 

pixels are included in the mask regardless of crop type, has been shown to generally 

improve crop yield forecasting ability, but it requires the availability of a land cover 

map depicting the location of cropland.  In this research, we use an alternative image 

masking technique called statistical masking, which can be used for the development 

and implementation of regional crop yield forecasting models and eliminates the need 

for land cover maps. This is a pixel based approach, employing classical inference, 

and requires time series of satellite images and corresponding time series of the 

region’s crop yields, and involves correlating historical, pixel-level VH indices values 

with historical regional yield values.   

4.1.4.1 Approaches to image classification in crop yield forecasting  

The purpose of image classification in the context of crop yield forecasting is 

to identify subsets of a region’s pixels that lead to VH indices variable values that are 

optimal indicators of a particular crop’s final yield. 
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4.1.4.1.1 Cropland masking 

Cropland masking refers to using pixels dominated by crop production.  

Kastens (1998 and 2000) and Lee et al. (1999) obtained some of their best yield 

modeling results using this approach.  Rasmussen (1998) used a percent-cropland map 

to improve his yield modeling by splitting the data into two categories based on 

cropland density and building different models for the two classes.  Cropland masks 

are derived from existing land use/land cover maps.  If relatively small amounts of 

land in a study area have been taken out of or put into agricultural crop production 

during a study period, a single mask can be obtained and applied to all years of data.  

Considering that all traditional agricultural crops are now grouped in the general class 

of ‘‘cropland’’, heavily cropped pixels are more prevalent in heavily cropped regions, 

which allows for the construction of well-populated masks dominated by cropland.  

However, the generation of such masks becomes difficult when low-producing regions 

are encountered, as well as in regions where cropland is widely interspersed with non-

cropland.  

4.1.4.1.2 Statistical Masking of Satellite Images 

We used a different approach called statistical masking.  All vegetation in a 

region integrates the season’s cumulative growing conditions in some fashion and may 

be more indicative of a crop’s potential than the crop itself.  Thus, all pixels are 

considered for use in crop yield prediction.  Each VH-based variable captures a 
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different aspect of the current growing season.  This aspect manifests itself in different 

ways within the region’s vegetation, suggesting that optimal masks for the different 

VH-based variables are not identical.  Thus, for each crop, statistical masking 

generates a unique mask for each VH variable (Figure 4.4).   

    

Figure 4.4:  Flowchart for a single-variable application of the statistical masking 
technique.  Example shown is for Kansas WW using VCI16 during the 21-year span 

1985-2005  

 

 

The technique is initiated by correlating each of the historical, pixel-level VH 

variable values with the region’s final yield history (Figure 4.4).  Once statistical maps 
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are available, the highest correlating pixels, thresholded so that some pre-specified 

number of pixels is included in the mask, are retained for further processing and 

evaluation of the variable at hand.  Figure 4.4 shows a diagram outlining this process 

for a single variable.  Unlike cropland masking, statistical masking can be applied to 

low-producing regions and regions possessing sparse crop distribution. 

4.1.4.2 Mask application and evaluation 

The generated masks were used to reduce the spatial stacks of VH indices 

variables to single time series (Figure 4.4).  To do this, geo-political overlays 

boundaries in the GIS were used to define training areas in each image (Figure 4.4d).  

Then, the masks were applied to each variable stacks, and one-dimensional annual 

time series were subsequently produced for all the variables by averaging the values of 

the retained pixels.  Each of the variable arrays that comprised the VH variable pool 

thus consisted of 21 points (21 years) (Figure 4.4e).  Then, these time series were 

displayed and manipulated like any other data base values employing the full 

analytical and modeling power of ARCINFO and SAS systems (Figure 4.2f). 

4.2 Summary 

Knowledge of the history and origin of a data set is critical to successful 

modeling and predicting crop yields using remote sensing imagery.  A review of map 

accuracy, map projections and datums can help to find where errors might be 
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introduced and to what magnitude.  These errors can be minimized by a suite of 

readily available computer algorithms employing polynomials for rubber sheeting.   

Automatic grouping of pixels having a similar characteristic in a multivariate 

image is an important problem.  One obstacle to successful modeling and prediction of 

crop yields using remote sensing imagery is the identification of image masks.  Image 

masking involves restricting an analysis to a subset of a region’s pixels rather than 

using all of the pixels in the scene. 
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5. Methodology 

 
The research strategy of this thesis was to extract the weather component from 

crop yield, NDVI and BT time series, and to correlate the weather related component 

of the crop yield with the corresponding NDVI and BT components.  The latter two 

were expressed in the form of VH indices (Kogan 1997).  The goal was to investigate 

the strength of the relationship and determine if the strongest correlation coincides 

with crop’s critical period, which is the period when crop production is highly 

sensitive to weather conditions.  In order to explain the methodology, results for 

winter wheat (WW), for total Kansas, are presented.  

5.1 Crop Yield Time Series 

Figure 5.1 shows the WW yield time series for total Kansas.  Following 

Brockwell and Davis (2000) the WW yield time series was approximated by the 

following equation: 

 Yt = Tt + dYt, t = 1,….,21, (5.1)  

where Tt is a slowly changing function representing the deterministic component  or 

trend that is regulated by agricultural technology, and dYt is a random component 

regulated by weather fluctuations. 
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Figure 5.1: Winter wheat yield time series Kansas, U.S. 

 

The deterministic component (Tt) was estimated using the least squares 

method.  If the yield time series are longer than 30 to 35 years, they might be 

approximated by a second-degree polynomial of the form: 

 Tt=a0 + a1t + a2t2, (5.2)  

by choosing the parameters a0, a1 and a2 to minimize ( )∑ =
−

n

t tt TY
1

2 .  For shorter time 

series, as in our case, linear approximation is sufficient to satisfy the minimum 

criteria.  The parameters of linear equations are shown in Table 5.1.     
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Table 5.1: Intercept and slope for winter wheat linear trend yield estimates 

Crop Intercept Slope 

WW -823.13 0.4312 

 

The random component (dYt) was expressed as: 

 dYt = Yt – Tt. (5.3)  

 

Figure 5.2: Percentage of normal precipitation in: (a) spring 1989, and (b) spring 1998 
(WWCB 1989, 1998) 
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Figure 5.1 shows that in Kansas, WW yield increases due to technology 

improvement, management and cultivar changes.  In addition, from Figure 5.1 we can 

see that WW yield variations from trend (dY) in Kansas are large.  For example, in 

Kansas dY in 1989 and 1998 were estimated at -10.46 and 10.66, respectively, 

indicating a 30% yield reduction in 1989 due to unfavorable and a 28% increase due to 

favorable weather in 1998.  In 1989, April and May were the driest on record in many 

counties in Kansas (Figure 5.2(a)).  This contributed to a drought stressed crop.  On 

the other hand, in 1998 spring rainfall was near and above normal (Figure 5.2(b)), 

which resulted in above trend WW yield. 

Since dY and VH indices were similarly expressed as a deviation from 

climatology (from trend for crop yield and from maximum to minimum range for 

NDVI and BT time series), further examination included correlation and regression 

analysis of these deviations to investigate the association among them for the area of 

WW growth. 

5.2 Regression Analysis 

A useful starting point in any multiple regression analysis is to compute 

correlations among all variables.  This provides a first look at the simple linear 

relationships among them.     
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5.2.1 The Correlation Matrix 

For WW, VCI (weeks 12 to 21) variables have significant correlations (at the 

α= 0.01 level of significance) with dY (0.82-0.88).  VCI15 has the highest correlation 

with dY.  It would account for 77% (0 .882) of the variation in dY if used separately as 

the only independent variable in the regression model.  TCI (weeks 16 to 18) variables 

also have significant correlation (p-value <0.001) with dY (0.69-0.73) (Table 5.2).   

Table 5.2: Correlation Matrix dY (WW) with VCI (weeks 12 to 21) and TCI (weeks 
16 to18) Kansas 

Pearson Correlation Coefficients 
 dY 

VCI12 0.8222 

VCI13 0.8645 

VCI14 0.8641 

VCI15 0.8772 

VCI16 0.8724 

VCI17 0.8686 

VCI18 0.8749 

VCI19 0.8722 

VCI20 0.8753 

VCI21 0.8433 

TCI16 0.6930 

TCI17 0.7318 

TCI18 0.7205 

 

As seen in Table 5.2, dY is highly correlated with VCI (weeks 12 to 21) and 

TCI (weeks 16 to 18) April through to May.  This period is known as critical for WW 
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yield in Kansas because WW goes through the reproductive period from the end of 

biomass development to the beginning of maturation.  The actual number of kernels 

that will form in the spike is determined at this stage (Shroyer et al. 2004).  Positive 

correlation of dY with VCI and TCI indicates that above trend WW yield is associated 

with favorable moisture and thermal conditions (VCI and TCI above 60) and below 

trend WW yield is associated with moisture and thermal stress (VCI and TCI below 

40).  
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Figure 5.3: Dynamics of dY (WW), MEAN VCI (weeks 12 to 21) and MEAN TCI 
(weeks 16 to 18) Kansas, U.S. 
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Average VCI and TCI ( vci , tci ), for weeks with significant Pearson’s 

correlation coefficients (at the α= 0.01 level of significance) of dY with VH indices, 

were used as a predictors of dY.  Figure 5.3 shows dynamics of dY (WW), MEAN 

VCI (weeks 12 to 21) and MEAN TCI (weeks 16 to 18) for total Kansas.  This figure 

shows how closely VH dynamics follows dY dynamics.  This is a strong indication 

that VH indices can be used as predictors in a forecast model for WW yield in Kansas. 

Table 5.3 shows correlation coefficients of dY (WW) with vci  (weeks 12 to 

21) and tci  (weeks 16 to 18).  These correlation coefficients are significantly different 

from zero with p-value (p<0.001).  For WW,  vci  would account for 81% (0.902) of 

the variation in dY if used separately as the only independent variable in the 

regression model.  Besides, tci  would account for 53% (0.732) of the variation in dY 

(WW) if used separately as the only independent variable in the regression model. 

Table 5.3: Correlation matrix of dY (WW) with MEAN VCI ( vci ) and MEAN TCI 
( tci ), Kansas, U.S. 

Pearson Correlation Coefficients 

 dY 

MEAN VCI 0.9004 

MEAN TCI 0.7267 

 

 



 111

5.2.2 Multiple Regression Results 

The results of fitting the ordinary least squares (OLS) regression model 

approximated by Equation 5.4 to Kansas are shown in Table 5.4:   

 ε+⋅+⋅+= tcibvcibadY 210 . (5.4) 

Table 5.4: Results of the regression of dY (WW) on the two independent variables 
MEAN VCI and MEAN TCI, Kansas 

Source DF Sum of Squares Mean Square F Value Pr > F 

Model 2 510.8820 255.4410 37.1885 <.0001

Error 17 116.7699 6.8688 – –

Corrected Total 19 627.6519 – – –

 

R-Square Root MSE 

0.8140 2.6208 

 

Parameter Estimate Standard Error t Value Pr > |t| 

Intercept -11.0062 1.4769 -7.4524 0.0000 

MEAN VCI 0.1836 0.0359 5.1110 0.0001 

MEAN TCI 0.0192 0.0349 0.5498 0.5896 

 

  Table 5.4 shows that there is a strong relationship between dY and the 

independent variables.  The coefficient of determination, R-Square, is 0.81 or 81% of 

the sum of squares in dY (WW) can be associated with the variation in these 

independent variables.  The test of the composite hypothesis that all regression 
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coefficients are zero is highly significant with F-value of 37.19 compared to F (0.01, 

2, 17) = 6.11.  The residual standard error (Root MSE) is 2.6208 with 17 degrees of 

freedom is an unbiased estimate of σ if this model is the correct model. 

This may not be the correct model because (1) important variables may have 

been excluded, or (2) the mathematical form of the model may not be correct.  

Including unimportant variables generally will not bias the estimate of σ2.  Therefore, 

s2 must be regarded as the tentative best estimate of σ2 and will be used for tests of 

significance and for computing the standard errors of the estimates. 

5.2.3 Model Validation 

Validation of a fitted regression equation is the confirmation that the model is 

effective for the purpose for which it was intended.  This is not equivalent to 

demonstrating that the fitted equation agrees well with the data from which it was 

computed.  Validation of the model requires assessing the effectiveness of the fitted 

equation against an independent set of data, and is essential if confidence in the model 

is to be expected. 

Results from the regression analysis R-Square, MSE do not necessarily reflect 

the degree of agreement one might obtain from future applications of the equation.  In 

addition, least squares estimation has given the best possible agreement of the model 

Equation 5.4 with the observed data.  As a result, the fitted equation is expected to fit 

the data from which it was computed better than it will fit an independent set of data.  
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The fitted model should be validated for the specific objective for which it was 

planned.  An equation that is good for predicting Yi in a given region of the X-space 

might be a poor predictor in another region of the X-space.  Two criteria are of 

interest: 

1. Does the fitted regression equation provide unbiased predictions of the 
quantities of interest? 

2. Is the precision of the prediction good enough (the variance small 
enough) to accomplish the objective of the study? 

 

When fitting a model to noisy data, we make the assumption that the data have 

been generated from some model (the ‘truth’) by making predictions at given values of 

the inputs, then adding some amount of noise to each point, where the noise is drawn 

from a normal distribution with an unknown variance.  Our task is to discover both 

this model and the width of the noise distribution.  In doing so, we look for a 

compromise between bias, where our model does not follow the right trend in the data 

(and so does not match well with the underlying truth), and variance, where our model 

fits the data points too closely, and so ‘chases’ the noise rather than trying to capture 

the true trend.  These two extremes are known as under-fitting and over-fitting. 

An important concept in this context is the number of parameters in a model.  

As this number increases, the model can bend in more complicated ways.  If the 

number of parameters in our model is larger than that in the truth, then we risk over-

fitting, and if our model contains fewer parameters than the truth, we could under-fit. 
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5.2.3.1 Mean Square Error of Prediction 

Bias and variance are incorporated into a single measure called the mean 

squared error of prediction (MSEP).  Mean squared error of prediction is defined as 

the average squared difference between independent observations and predictions 

from the fitted equation for the corresponding values of the independent variables.  

The mean squared error of prediction incorporates both the variance of prediction and 

the square of the bias of the prediction: 

 2
2

)()()1( δδ
+

−
=

n
snMSEP .  (5.5) 

In regression models, prediction error refers to the expected squared difference 

between the future response and its prediction from the model: 

 . (5.6) 2)ˆ( yyEPE −=

The expectation refers to repeated sampling from the true population.  Here we 

consider how well will our model predict dY (crop yield anomalies)?  To answer this 

question, we could look at the average residual squared error for all n = 20 responses: 

 . (5.7)84.5/2077.116/)ˆ(/
1

2 ==−= ∑
=

n

i
ii nyynSSE

but this will tend to be too optimistic; it will probably underestimate the true 

prediction error.  The reason is that we are using the same data to assess the model as 
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were used to fit it, using parameters estimates that are fine-tuned to our particular data 

set. 

A method for improving on Equation 5.7 is to divide by n – p instead of n, 

where p is the number of parameters to be estimated.  This gives the usual unbiased 

estimate of residual variance (MSE) ∑ −−= )/()ˆ(ˆ 22 pnyy iiσ = 6.86.  However, 

bigger corrections are necessary for the prediction problem. 

5.2.3.2 Cross Validation 

In order to get more realistic estimates of prediction error, we would like to 

have a test sample that is separated from our training sample.  Ideally this would come 

in the form of some new data from the same population that produced our original 

sample.  Usually, additional data are not often available, for reasons of logistic or cost.  

Methods have been devised for estimating the mean squared error of prediction, 

MSEP, when it is not practical to obtain new independent data.  One approach is 

cross-validation that uses part of the available data to fit the model, and a different part 

to test it.  With large amounts of data, an alternative is to use it for both estimation and 

validation.  One approach is to divide the data set into two representative halves; one-

half is then used to develop the regression model and the other half is used for 

validation of the model.  Snee (1977) suggests that the total sample size should be 

greater than 2p + 25 before splitting the sample is considered.  With smaller data sets 

like our case, K-fold cross-validation makes more efficient use of the available data. 
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In K-fold cross-validation we split the data into K parts.  Let k (i) be the part 

containing observation i.  Denote by  the fitted value for observation i, 

computed with the k (i)

)(ˆ ik
iy −

th part of the data removed.  Then the cross-validation estimate 

of prediction error is: 

 . (5.8) ∑
=

−−=
n

i

ik
ii yynCV

1

2)( )ˆ(/1

We chose k = n, resulting in leave-one-out cross-validation.  For each 

observation i, we refit the model leaving that observation out of the data, and then 

compute the predicted value  for the ith observation, denoted by .  We do this for 

each observation and then compute the average cross-validation sum of 

squares . 

i
iy −ˆ

∑ −−= nyyCV i
ii /)ˆ( 2

5.2.3.3 Advantages of Using Cross-Validation 

Why use cross-validation when simpler alternatives such as MSE, Cp, AIC, 

SBC, etc. are available?  The main reason is that for fitting problems more 

complicated than least squares, the number of parameters p is not known.  The MSE, 

Cp, AIC and SBC statistics require knowledge of p, while cross-validation does not.  

Cross-validation tends to give similar answers as standard methods in simple problems 

and its real power stems from its applicability in more complex situations.  A second 

advantage of cross-validation is its robustness.  The Cp and SBC statistics require a 

 



 117

roughly correct working model to obtain the estimate .  Cross-validation does not 

require this and will work well even if the models being assessed are far from correct. 

2σ̂

5.2.3.4 Predicted vs. Observed 

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 5.5).  The 

overall correlation coefficient 0.8933 is good.  An R-Square value of 0.7980 shows 

that in most years, WW yield in Kansas can be modeled by variables considered in 

model Equation 5.4.    For WW the model forecast captured 80% of the variability in 

yield anomalies. 

The average prediction bias is 0.0276 (systematic error).  The variance of the 

prediction error is 8.6023 or the standard error of prediction (SEP) is 2.9330 (non-

systematic error).  The standard error of the estimated mean bias is 0.6558 (Table 5.5).  

T-tests of the hypothesis that the bias is zero gives t = 0.0421 which, with 19 degrees 

of freedom and α = 0.05, is not significant.  

The mean square error of prediction (MSEP) 

is 6031.8)0276.0(
20

)6023.8(19 2 =+= .  The simplest and most efficient measure of the 

uncertainty on future predictions is the RMSEP (Willmott 1982, Westad and Martens 

2000).  The root mean square error of prediction (RMSEP) is 2.9331 an approximate 
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7.8% error in prediction.  This is an acceptable error in this kind of application, which 

has uncertainty in measurements.   

Table 5.5: Statistics of an independent testing for model Equation (5.4) WW, Kansas  

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

WW 0.8933 0.7980 0.0276 8.6023 2.9330 0.6558 2.9331 

 

Figure 5.4 displays observed versus independently simulated crop yield time 

series of WW 1985 to 2005 for total Kansas.    The results of cross-validation analysis 

suggest that winter wheat yield can be forecast with fairly high accuracy based on 

remote sensing data particularly VH indices (Figure 5.4 and Table 5.5).  For WW total 

Kansas the model forecasts captured 82% of the variability in yield anomalies.    

Interestingly, the models did very well at forecasting extremely low yields 

such as in 1989, 1996 and 2002.  These years were characterized by dry conditions.  

For example, in 1989, most of the State struggled through nearly a year of less than 

normal rainfall.  Temperatures were generally mild but precipitation was on the short 

side through the fall and early winter.  Moisture was on the short side in March.  April 

was the driest on record for many counties in the State.  In 1996, by late November, 

emergence and growth was severely stunted by dry conditions.  Dry soil and high 

winds, over winter, reduced crop conditions.  Several hard freezes in mid-March 

caused severe damage in the western third of the State.  Large acreages were 

abandoned as conditions declined in April.   
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Figure 5.4: Observed yield (WW) versus independently simulated yield (yieldhat), 
Kansas 

 

In general, the model correctly predicted the direction of yield anomalies for 

most of the years.  That is, the models correctly predicted whether the yield would be 

above or below the trend. 

5.3 Alternative Statistical Approaches 

Alternative statistical approaches to the multiple linear regression that we used 

may improve accuracies.  In addition, using VCI and TCI values independently 

without taking the average allows us to see what variables are more important in 
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predicting crop yield.  However, VH indices of neighboring weeks are highly 

correlated as seen in Table 5.6.   

Table 5.6: Correlation Matrix among dY (WW) and VCI (weeks 12 to 21), Kansas 

 dY VCI12 VCI13 VCI14 VCI15 VCI16 VCI17 VCI18 VCI19 VCI20 VCI21

dY 1.0000 0.8222 0.8645 0.8641 0.8772 0.8724 0.8686 0.8749 0.8722 0.8753 0.8433

VCI12 0.8222 1.0000 0.9699 0.9407 0.9125 0.8986 0.8595 0.8139 0.7675 0.7228 0.6580

VCI13 0.8645 0.9699 1.0000 0.9905 0.9728 0.9589 0.9313 0.8941 0.8553 0.8135 0.7486

VCI14 0.8641 0.9407 0.9905 1.0000 0.9913 0.9821 0.9577 0.9284 0.8912 0.8498 0.7827

VCI15 0.8772 0.9125 0.9728 0.9913 1.0000 0.9952 0.9795 0.9575 0.9267 0.8893 0.8281

VCI16 0.8724 0.8986 0.9589 0.9821 0.9952 1.0000 0.9918 0.9741 0.9471 0.9128 0.8562

VCI17 0.8686 0.8595 0.9313 0.9577 0.9795 0.9918 1.0000 0.9908 0.9735 0.9465 0.9027

VCI18 0.8749 0.8139 0.8941 0.9284 0.9575 0.9741 0.9908 1.0000 0.9928 0.9754 0.9438

VCI19 0.8722 0.7675 0.8553 0.8912 0.9267 0.9471 0.9735 0.9928 1.0000 0.9900 0.9704

VCI20 0.8753 0.7228 0.8135 0.8498 0.8893 0.9128 0.9465 0.9754 0.9900 1.0000 0.9809

VCI21 0.8433 0.6580 0.7486 0.7827 0.8281 0.8562 0.9027 0.9438 0.9704 0.9809 1.0000

TCI16 0.6930 0.6514 0.7032 0.7337 0.7411 0.7486 0.7685 0.7875 0.7678 0.7766 0.7318

TCI17 0.7318 0.6617 0.6866 0.7035 0.7072 0.7126 0.7249 0.7344 0.7062 0.7179 0.6778

TCI18 0.7205 0.6316 0.6789 0.6986 0.7127 0.7227 0.7493 0.7731 0.7602 0.7690 0.7366

 

For example correlation coefficient between VCI17 with VCI18 (weeks 17 and 

18, April) is 0.99.  This high correlation among the independent variables is called 

collinearity.   In situations where collinearity is severe, ordinary least squares (OLS) 

produces unbiased estimators at a potentially high cost in estimator variability (Gunst 

and Mason 1980, Goutis 1996, Chatterjee et al. 2000).  Therefore, we considered an 

alternative estimation procedure. 
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5.3.1 Principal Component Analysis 

We find the main variations in the satellite measurements by decomposing the 

variables with Principal Component Analysis (PCA).  The data matrix is decomposed 

into eigenvalues, eigenvectors (loadings), principal components (PCs, scores) and 

residuals.  We will interpret these results to see whether we can say something about 

the satellite data. 

5.3.1.1 Eigenvalues and Eigenvectors of the Correlation Matrix  

 
The first part of Table 5.7 shows the eigenvalues of the correlation matrix for 

the thirteen independent variables in Table 5.2.  From the ‘Eigenvalue’ column, it is 

clear that the first principal component has a very large variance (11.1228), the second 

has much smaller variance (1.0309), and the others have negligible variances.  The 

‘Difference’ column gives the differences between adjacent eigenvalues.  This statistic 

shows the rate of decrease in variances of the PCs.  

The proportion of total variation accounted for by each of the components is 

obtained by dividing each of the eigenvalues by the total variation.  These quantities 

are given in the ‘Proportion’ column (Table 5.7).  The first component accounts for 

86% of the total variation, a result that is typical when a single factor, in this case 

moisture (VCI), is a common factor in the variability among the original variables.  
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The cumulative proportions printed in the ‘Cumulative’ column indicate that 99.40% 

of the total variation in the thirteen variables is explained by only four components. 

Table 5.7: Eigenvalues of the correlation matrix, Kansas 

Eigenvalues of the Correlation Matrix 

 Eigenvalue Difference Proportion Cumulative 
1 11.1228 10.0919 0.8556 0.8556 

2 1.0309 0.3963 0.0793 0.9349 

3 0.6346 0.5498 0.0488 0.9837 

4 0.0848 0.0365 0.0065 0.9902 

5 0.0483 0.0099 0.0037 0.9940 

6 0.0384 0.0192 0.0030 0.9969 

7 0.0192 0.0091 0.0015 0.9984 

8 0.0102 0.0048 0.0008 0.9992 

9 0.0054 0.0024 0.0004 0.9996 

10 0.0030 0.0016 0.0002 0.9998 

11 0.0014 0.0005 0.0001 0.9999 

12 0.0009 0.0007 0.0001 1.0000 

13 0.0002 – 0.0000 1.0000 

 

Table 5.8 shows the eigenvectors for each of the PCs.  These coefficients, 

which relate the components to the original variables listed on the first column, are 

scaled so that their sum of squares is unity.  This allows for finding which of the 

original variables dominate a component.  The coefficients of the first PC show a 

positive relationship with all variables, with somewhat larger contributions from 

VCI15 (0.2910), VCI16 (0.2932) VCI17 (0.2949) and VCI18 (0.2946).  As expected, 
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these components are in the middle of the critical period of WW.  The second 

component is dominated by TCI (thermal conditions).     

Table 5.8: Eigenvectors of the correlation matrix, Kansas 

 Prin1 Prin2 Prin3 Prin4 Prin5 Prin6 Prin7 Prin8 Prin9 Prin10

VCI12 0.2624 -0.2455 0.4617 0.5946 0.2270 -0.0644 -0.4444 -0.0771 0.1650 -0.0075

VCI13 0.2806 -0.2361 0.3043 0.1138 0.0582 -0.1586 0.4974 0.0647 -0.4576 0.1049 

VCI14 0.2868 -0.2117 0.2194 -0.2154 0.0100 -0.0212 0.4241 0.0215 0.1123 -0.5234

VCI15 0.2910 -0.1969 0.1044 -0.2913 -0.1466 0.0673 0.1435 -0.0234 0.5041 0.6155 

VCI16 0.2932 -0.1808 0.0349 -0.2626 -0.1661 0.1292 -0.2612 -0.0266 0.1200 -0.0028

VCI17 0.2949 -0.1302 -0.0833 -0.2059 -0.1635 0.0796 -0.3657 0.1939 -0.6488 0.2118 

VCI18 0.2946 -0.0721 -0.2003 -0.1313 -0.0805 -0.0006 -0.2399 0.1238 0.0929 -0.3654

VCI19 0.2892 -0.0605 -0.3176 0.0012 -0.0146 -0.1059 -0.0936 -0.0037 0.1348 -0.3194

VCI20 0.2839 0.0010 -0.3855 0.1302 0.1252 0.0307 0.1128 -0.8147 -0.1345 0.0944 

VCI21 0.2707 0.0196 -0.5064 0.4344 0.1656 0.0953 0.2384 0.5148 0.1159 0.1750 

TCI16 0.2552 0.4718 0.1187 -0.3564 0.7214 -0.1696 -0.0946 0.0750 -0.0011 0.0761 

TCI17 0.2455 0.5097 0.2437 0.1422 -0.1936 0.7249 0.0885 -0.0294 -0.0324 -0.0924

TCI18 0.2508 0.5091 0.0866 0.1439 -0.5113 -0.6060 0.0066 -0.0083 0.0441 0.0439 

 

5.3.1.2 The Score Plot 

The score plot (PCs plot), also called a map of samples, displays information 

about the samples in the PCA model (Figure 5.5).  This graph shows the projected 

locations of the samples onto eigenvectors, and by studying patterns we may find the 

meaning of the PCs.   

Figure 5.5 shows the score plot for total Kansas; you will notice that the 20 

samples are not arranged in a random way on the plot.  When you move from the left 
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to the right part of the plot, you first encounter samples 1989, 1996, 2002 and finally 

2003 and 1999.   
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Figure 5.5: Score plot, Kansas 

 

Reading the literature, we found the following facts: in 1989, most of the State 

struggled through nearly a year of less than normal rainfall.  Precipitation was on the 

short side through the fall and early winter.  Moisture continued on the short side in 

March.  April was the driest on record for many counties in the State.  The May 1 

yield forecast was 21 bushels per acre; the final was 24 bushels. Total wheat 

production was 213,600,000 bushels, the lowest production since 1963.   
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In 1996, by late November, emergence and growth were severely stunted by 

dry conditions.  Dry soil and high winds, over winter, reduced crop conditions.  Large 

acreages were abandoned as conditions continued to decline in April.  Total 

production was 255,200,000 with a yield of 29 bushels.   

On the other hand, 1999, 2003 were years with average weather conditions.  

These years had large yields.  

5.3.2 Principal Component Regression 

Principal component regression has been suggested as a means of obtaining 

estimates with smaller mean squared errors in the presence of collinearity.  This 

alternative has the potential to produce more precision in the estimated coefficients 

and smaller prediction errors when the predictions are generated using data other than 

those used for estimation (Draper and Smith 1981, Myers 1986). 

Using PCR methodology, the variables in model Equation (5.9) were 

transformed into a new set of orthogonal or uncorrelated variables called principal 

components (PCs) of the correlation matrix.  This transformation ranks the new 

orthogonal variables in order of their importance and the procedure then involves 

eliminating some of the PCs to get a reduction in variance.  After elimination of the 

least important PCs, a multiple regression analysis of the response variable dY against 

the reduced set of PCs was performed using OLS estimation.  Since the PCs are 

orthogonal, they are pair-wise independent and hence OLS is appropriate.  Once the 
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regression coefficients for the reduced set of orthogonal variables were calculated, 

they were mathematically transformed into a new set of coefficients that correspond to 

the original or initial correlated set of variables in model Equation (5.9).  These new 

coefficients are principal component estimators (Gunst and Mason 1980). 

 

 dY = c1 + a1 VCI12 + a2 VCI13 + a3 VCI14 + a4 VCI15 + a5 VCI16 + a6 VCI17

 a7 VCI18 + a8 VCI19 + a9 VCI20 + a10 VCI21 + b1 TCI16 + b2 TCI17 + b3 TCI18. (5.9) 

 

The model Equation (5.9) can be expressed as: 

   (5.10) εββ +⋅+= ∑
=

13

1
0

i
ii XY

where dY = Y , VCIj and TCIj = Xj and n = 13.  Let y  and jx  be the means of Y and 

Xj, respectively.  Also, let ∑
=

−−=
n

i
iy nyys

1

2/12 ))1/()((  and 

∑
=

−−=
n

i
jijj nxxs

1

2/12 ))1/()((  be the standard deviations of the response and jth 

predictor variable, respectively.  Equation (5.10) can be written in terms of 

standardized variables as: 

 '
1372211

~....~~~ εθθθ +⋅++⋅+⋅= XXXY  (5.11)  
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where yi syyY /)(~ −=  is the standardized version of the response variable (dY) and 

jjij sxxX /)(~ −=  is the standardized version of the jth predictor variable.   

The estimated coefficients satisfy: 

 1,2,...,13j    ,)/( =⋅= jjyj ss θβ  (5.12) 

 131322110 ... xxxy ⋅−−⋅−⋅−= ββββ . (5.13)  

The principal components of the standardized predictor variables are given by 

  (5.14)  1,...,13j   ,
13

1

=⋅= ∑
=i

iijj XcZ

where cij are elements of the eigenvectors of the matrix of bivariate correlation 

between pairs of the explanatory variables.  The model in Equation (5.11) may be 

written in terms of the principal components as: 

 , (5.15)  '
1372211

~
... εααα +⋅++⋅+⋅= ZZZY

where the α’s and θ’s are related as 

  j=1, 2,…, 13 (5.16)  ,

,

13

1
∑
=

⋅=
i

iijj c θα

or conversely 

  j=1, 2,…, 13. (5.17)  
13

1
∑
=

⋅=
i

iijj c αθ
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5.3.2.1 Residual Validation Variance 

This plot illustrates how much of the variation in the response (dY) is 

accounted for by each different component.  Total residual variance is computed as the 

sum of squares of the residuals, divided by the number of degrees of freedom.  This 

variance can be computed after 0, 1, 2… components have been extracted from the 

data. 
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Figure 5.6: Residual validation variance (PCR) WW, Kansas 

 

Models with small (close to zero) total residual variance explain most of the 

variation in dY.  Ideally, one would like to have simple models, where the residual 

variance goes to zero with as few components as possible. 

The residual variance plot is excellent for selection of the optimal number of 

components in the model.  From Figure 5.6 we see that the residual variance decreases 
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until PC 01 is reached (7.4427).  Then, the residual variance increases again due to 

over-fitting.  Therefore, we will use a model with one PC. 

5.3.2.2 Interpretation of the Regression Coefficients 

The regression coefficients are used to calculate the response variable (dY) 

from the satellite measurements.  The size of the coefficients gives an indication of 

which variables have an important impact on the response variable.  Regression 

coefficients summarize the relationship between all predictors and the response 

variable.  For PCR, the regression coefficients can be computed for any number of 

components.  For total Kansas data, the regression coefficients were calculated for one 

PC.  They summarize the relationship between the predictors and the response, as it is 

approximated by a model with one component. 

In order to simplify the final model and to make it more reliable and stable, 

non-significant predictors were eliminated following Westad and Martens (2000).  We 

used cross-validation above to determine the number of factors which should be 

retained.  When we did cross-validation, we retained all the estimates of the regression 

coefficients for each candidate model to use them to estimate the variance of the 

coefficients and test if they were significantly different from zero.  Once we had the 

test, we proceeded to use it to decide which variables should be dropped from the 

original data set.  For each variable, we calculated the difference between the 

estimated coefficient Bi in a sub-model and the Btot for the total model.  We took the 
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sum of the squares of the differences (SSD) in all sub-models to get an expression of 

the variance of the estimated coefficient for a variable in the model.  

.  B∑
=

−=
N

i
itot BBSSD

1

2)( tot is the regression coefficient for the model using all the 

n=20 observations, Bi is the regression coefficient for the model using all observations 

except the observation left out in cross validation. 
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Figure 5.7: Regression coefficients for model Equation (5.9) calculated using PCR, 
Kansas 

 

When these variances were estimated, they were used to find significant 

parameters.  A Student’s t-test was performed for each estimated coefficient relative to 

the square root of its estimated variance, giving the significance level for each 

parameter.  Figure 5.7 shows the resulting significant predictors with uncertainty 
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limits that correspond to two standard deviations.  Figure 5.7 shows that uncertainty 

limits for significant predictors do not cross the zero line. 

Figure 5.7 shows the regression coefficients for model Equation (5.9) 

calculated using PCR methodology (Table 5.9).  Each predictor variable defines one 

bar of the plot.  All predictors VCI (weeks 12 to 21) and TCI (weeks 16 to 18) have 

large regression coefficients; thus, they play an important role in the regression model.  

All are positive showing a positive link with the response dY. 

 Table 5.9: Coefficients for model Equation (5.9) calculated following principal 
components regression methodology total Kansas 

VCI17 VCI18 VCI19 VCI20 VCI21 VCI22 VCI23 Intercept

0.085884 0.08963 0.094772 0.089554 0.090925 0.090361 0.08911 64.15381 

 

5.3.2.3 Predicted vs. Observed 

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 5.10).  The 

overall correlation coefficient 0.9019 is good.  An R-Square value of 0.8134 shows 

that in most years, WW yield in Kansas can be modeled by variables considered in 

model Equation (5.9) with regression coefficients estimated using PCR methodology.    

For WW the model forecast captured 81% of the variability in yield anomalies. 
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The average prediction bias is 0.0279 (systematic error).  The variance of the 

prediction error is 7.8333 or the standard error of prediction (SEP) is 2.7988 (non-

systematic error).  The standard error of the estimated mean bias is 0.6258 (Table 

5.10).  T-tests of the hypothesis that the bias is zero gives t = 0.0446 which, with 19 

degrees of freedom and α = 0.05, is not significant.  

Table 5.10: Statistics of an independent testing for model Equation (5.9) with 
coefficients calculated following PCR methodology, WW, Kansas, U.S. 

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

WW 0.9019 0.8134 0.0279 7.8333 2.7988 0.6258 2.7281 

 

The mean square error of prediction (MSEP) 

is 4424.7)0279.0(
20

)8333.7(19 2 =+= .  The simplest and most efficient measure of the 

uncertainty on future predictions is the root mean square error of prediction (RMSEP) 

(Willmott 1982, Westad and Martens 2000, Dingstad et al. 2004, Anderssen et al. 

2006).  The RMSEP is 2.7281 an approximate 7% error in prediction for total Kansas 

using PCR methodology.  This is an acceptable error in this kind of application, which 

has uncertainty in measurements.  Therefore, we can conclude that models based on 

Equation (5.9) with the coefficients estimated using PCR methodology perform well. 

Figure 5.8 displays observed versus independently simulated crop yield time 

series of WW 1985 through to 2005 for total Kansas.    The results of cross-validation 

analysis suggest that WW yield can be forecast with fairly high accuracy based on 
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remote sensing data particularly VH indices (Figure 5.8).  For WW total Kansas the 

model forecasts captured 82% of the variability in yield anomalies. 
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 Figure 5.8: Observed yield versus independently simulated yield (yieldhat), Kansas  

 

5.3.3 Partial Least Squares 

 

As was mentioned in section 1.3.4, one approach to deal with collinearity is 

principal component regression (PCR) (Draper and Smith 1981).  Even though the 

collinearity problem is efficiently avoided using PCR, it is not entirely clear how to 

select the principal components to use in the linear regression model.  It has been 

found that the natural ordering in which the principal components are included in the 
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analysis may not be the best way to select the predictors from the list of p principal 

components (Hadi and Ling 1998, Jolliffe and ebrary Inc. 2002, Jackson 2003). 

PCR method uses the linear combinations or PCs of X (predictors), derived 

using principal component analysis (PCA) to model the relationship between X and y 

(response).  The derivation of the PCs is independent of y (the dependent variable) and 

therefore, this procedure neglects low variance components that may have predictive 

value.  In an improved approach, only those PCs are used that show a good correlation 

with the y-variable of interest but often this is not sufficient.  In contrast to PCR, the 

subspace retained in partial least squares (PLS) is constructed with reference to the 

vector of observations, y.  Therefore, this alternative estimation procedure to cope 

with the collinearity problem is more efficient than PCR.  In PLS, the data is projected 

so that correlation between input and output variables is maximized.  PLS 

methodology works by extracting successive linear combinations of the predictors 

called factors, which explain both variation of the dependent and independent 

variables (Martens 1985, Garthwaite 1994, Goutis 1996, Butler and Denham 2000, 

Westad and Martens 2000). 

5.3.3.1 Residual Validation Variance 

When building the PLS model we investigated dY versus VCI (weeks 12 to 

21) and TCI (weeks 16 to 18) for WW, which are weeks with correlation coefficients 

significantly different from zero (p-value<0.001) (Table 5.2).  Full cross-validation 
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was used to determine the appropriate number of factors in the model.  We set aside 

the first observation from the sample, and we used the remaining (n – 1) observations 

to estimate the coefficients for a particular candidate model.  Then, the first 

observation was replaced and the second observation withheld with coefficients 

estimated again.   

We removed each observation one at a time, and thus the candidate model was 

fit n = 20 times.  The deleted response was estimated each time, resulting in n 

independent prediction residuals iiiii eyy −− =− ,,ˆ  (i = 1, 2, 3, 20).  These residuals are 

true prediction errors with  being independent of yiiy −,ˆ i.  Thus, in this way, the 

observation yi was not simultaneously used for fit and model assessment, this being 

the true test of validation.  For choice of the best model, the RMSEP was calculated 

for each candidate model.  It is a measurement of the average difference between 

predicted and measured response values and is interpreted as the average prediction 

error.  Figure 5.9 shows that the model with one factor (PC_01) has the smallest 

RMSEP.  Thus, for total Kansas one factor is the optimum number for modeling 

purposes (Westad and Martens 2000). 

 

 



 136

5

10

15

20

25

30

35

PC_00 PC_01 PC_02 PC_03 PC_04 PC_05 PC_06 PC_07

PCs

Y-variance Residual Validation Variance

 

Figure 5.9: Residual validation variance (PLS), WW, Kansas 

 

From Figure 5.9 we see that the residual variance decreases until PC 01 is 

reached (7.496).  Then, the residual variance increases again due to over-fitting.  

Therefore, we will use a model with one PC. 

5.3.3.2 Interpretation of the Regression Coefficients 

One problem with PLS is that there are no simple expressions for the variances 

of the regression coefficients.  This is because the use of the y-values in constructing 

the factors makes the formulae for these coefficients non-linear in y.  Many methods 

of obtaining either analytical or numerical approximations to those variances have 

been suggested over the years.  A technique known as the Jackknife can be used for 

variance estimation.  The basic idea is to use the variation in a calculated statistic 

when observations are left out one at a time to get some handle on the uncertainty of 
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the statistic.  Suppose we want to estimate the variance of a PLS regression coefficient 

b calculated from a set of n observations.  Let bi be the value of b obtained when 

observation i is omitted from the data set, and let b  be the mean of the n values bi.  

Then the jackknife estimate of the variance of b is:      

 ∑
=

−
−

=
n

i
i bb

n
nBv

1

2)()1()( .  (5.18) 

To see how it works it is easier to look at the estimation of the variance of a 

mean.  Suppose the raw data are x1, x2, … , xn and the statistic we want to calculate is 

the sample mean x  = (1/n)∑xi.  Then, we do not need to use the jackknife, because 

there is a formula for the variance of the mean.    This is s2/n, where s2 = 

∑ =
−−

n

i i xxn
1

2)()11( is the sample variance of the xi.   

Suppose however, we did compute the jackknife estimate, if ix  is the mean of 

the n – 1 observations that remain when xi is omitted, algebra produces the 

relationship: 

 (n – 1) ix = n x –xi, (5.19)  

both sides being the sum of all the observations except xi.  Summing both sides of this 

from i = 1 to n results in: 

 (n – 1)n x = n2 x – n x , (5.20) 
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which shows that x  = x , i.e. that the average of all the leave-one-out means is the 

overall mean.  Now subtract (n – 1) x  from the left hand side of Equation (5.20) and 

(n – 1) x , which we have just shown is the same, from the right hand side to give: 

 (n – 1)( ix – x )= x –xi. (5.21)

Finally, summing the squares of both sides gives: 

 ∑ ∑= =
−=−−

n

i

n

i ii xxxxn
1 1

222 )()()1( , (5.22) 

which, if we divide both sides by n(n–1) reduces to: 

 nsxx
n

n n

i i /)()1( 22
1

=−
− ∑ =

, (5.23) 

showing that in this case the jackknife estimate of the variance of x  is exactly the 

same as that given by the standard formula and explaining where the fabricate factor 

of (n - 1 )/n comes from. 

We are not interested in using the jackknife for estimating the mean variance 

because we have a formula.  The idea is to use it when we do not have a formula, for 

example in the case of PLS regression coefficients.  We saved the intermediate results 

in the cross-validation calculations to get the jackknife variances. Then a plot of b-

coefficient against the independent variables with error bars of )(2 bv± will give a 

good indication where the coefficients are stable and significantly different from zero.  

These procedure can be used to select variables for inclusion in the PLS regression 

model (Westad and Martens 2000). 
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 In order to simplify the final model and to make it more reliable and stable, 

non-significant predictors were eliminated following Westad and Martens (2000).  

Figure 5.10 shows the resulting significant predictors with uncertainty limits that 

correspond to two standard deviations ( )(2 Bv± ).  Figure 5.10 shows that 

uncertainty limits for significant predictors do not cross the zero line.   
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Figure 5.10: Regression coefficients for model Equation (5.9) calculated using PLS 
methodology, Kansas, U.S. 

 

Figure 5.10 shows the regression coefficients for model Equation (5.9) 

calculated using PLS methodology.  Each predictor variable defines one bar of the 

plot.  All predictors VCI (weeks 12 to 21) and TCI (weeks 16 to 18) have large 

regression coefficients; thus, they play an important role in the regression model.  All 

are positive showing a positive link with the response dY.  

 



 140

5.3.3.3 Predicted vs. Observed  

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 5.11).  The 

overall correlation coefficient 0.9013 is good.  An R-Square value of 0.8123 shows 

that in most years, WW yield in Kansas can be modeled by variables considered in 

model Equation (5.9) with regression coefficients estimated using PLS methodology.    

For WW the model forecast captured 81% of the variability in yield anomalies. 

Table 5.11: Statistics of an independent testing for model Equation (5.9) with 
coefficients estimated following PLS methodology, WW, Kansas, U.S. 

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

WW 0.9013 0.8123 0.0247 7.8899 2.8089 0.6281 2.7379 

 

The average prediction bias is 0.0247 (systematic error).  The variance of the 

prediction error is 7.8899 or the standard error of prediction (SEP) is 2.8089 (non-

systematic error).  The standard error of the estimated mean bias is 0.6281 (Table 

5.11).  T-tests of the hypothesis that the bias is zero gives t = 0.0394 which, with 19 

degrees of freedom and α = 0.05, is not significant.  

The mean square error of prediction (MSEP)  

is 4960.7)0247.0(
20

)8899.7(19 2 =+= .  The RMSEP is 2.7379 an approximate 7% 

error in prediction for total Kansas.  This is an acceptable error in this kind of 

application, which has uncertainty in measurements.  Therefore, we can conclude that 
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models based on Equation (5.9) with the coefficients estimated using PLS 

methodology perform well. 
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6. Results and Discussion 

As mentioned in Chapter 5, the strategy of this research was to: (1) extract the 

weather component from ground data (crop yield), and satellite data (NDVI and BT) 

values and (2) correlate the weather related component of ground data with the 

corresponding weather related component of satellite data.  The goal was to 

investigate the strength of the relationship and to determine if the strongest correlation 

coincides with crop’s critical period, which is the period when crop production is 

highly sensitive to weather conditions. 

Since ground data and satellite data were similarly expressed as a deviation 

from climatology, further examination included correlation and regression analysis of 

these deviations to investigate the association among them for each CRD and for total 

Kansas for the area of crop growth. 

6.1 Winter Wheat 

6.1.1 Crop Reporting District 10 

6.1.1.1 Crop Yield Time Series 

Figure 6.1 shows slight decrease in the long-term yield trend for CRD 10.  

Although agriculture technology is improving here as well, analysis of the literature 

indicates that this reduction is related to low precipitation rates in western Kansas (as 

shown in Figure 3.5) and intensive irrigation practices.  Irrigation has stimulated an 
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increase in soil salinity, which has become a severe environmental hazard in this 

region.  Farmers are facing decreasing crop yields due, in part, to high levels of 

salinity.  In some areas in western Kansas, land is being taken out of production due to 

unsustainable crop yields (Miles et al. 1977, Hillel 2000, Eldeiry and Garcia 2004). 
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Figure 6.1: Winter wheat yield time series CRD 10, Kansas 

 

6.1.1.2 Regression Analysis 

A useful starting point in any multiple regression analysis is to compute 

correlations among all variables.  This provides a first look at the simple linear 

relationships among them. 
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6.1.1.2.1 The Correlation Matrix 

For CRD 10, VCI (weeks 15 to 23) variables have high correlations with dY 

(0.81-0.86).  VCI19 has the highest correlation with dY.  It would account for 74 % (0 

.862) of the variation in dY if used separately as the only independent variable in the 

regression model. 

Table 6.1: Correlation Matrix of dY with VCI (weeks 15 to 23) and TCI (weeks 22 to 
23) CRD 10, Kansas 

Pearson Correlation Coefficients 
 dY 

VCI15 0.8308 

VCI16 0.8452 

VCI17 0.8520 

VCI18 0.8511 

VCI19 0.8635 

VCI20 0.8594 

VCI21 0.8531 

VCI22 0.8374 

VCI23 0.8127 

TCI22 0.6935 

TCI23 0.7130 

 

TCI (weeks 22 to 23) variables also have significant correlation (p-value 

<0.001) with dY (0.69-0.71) (Table 6.1).  Average VCI and TCI (vci , tci ) for weeks 

with significant Pearson’s correlation coefficients at p-level (p<0.001) among dY and 

VH indices were used as a predictors of dY.  Figure 6.2 shows dynamics of dY (WW), 
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MEAN VCI (weeks 15 to 23) and MEAN TCI (weeks 22 to 23) for CRD 10.  This 

figure shows how closely VH indices dynamics follow dY dynamics.  This is a strong 

indication that VH indices can be used as a predictor in a forecast model for WW yield 

in CRD 10, Kansas. 
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Figure 6.2: Dynamics of dY (WW), MEAN VCI (weeks 15 to 23) and MEAN TCI 
(weeks 22 to 23) CRD 10, Kansas 

 

Table 6.2 shows correlation coefficients between dY (WW) with vci  (weeks 

15 to 23) and tci  (weeks 22 to 23).  These correlation coefficients are significantly 

different from 0 with p-value (p<0.001).  For WW,  vci  would account for 77% 

(0.882) of the variation in dY if used separately as the only independent variable in the 
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regression model.  Besides, tci  would account for 50% (0.712) of the variation in dY 

(WW) if used separately as the only independent variable in the regression model. 

Table 6.2: Correlation matrix dY, MEAN VCI ( vci ) and MEAN TCI ( tci ) CRD 10, 
Kansas 

Pearson Correlation Coefficients 

 dY 

MEAN VCI 0.8813 

MEAN TCI 0.7103 

 

6.1.1.2.2 Multiple Regression Results 

The results of fitting the ordinary least squares (OLS) regression model 

approximated by Equation (6.1) to CRD 10 are shown in Table 6.3.   

 ε+⋅+⋅+= tcibvcibadY 210 . (6.1) 
 

Table 6.3 shows that there is a strong relationship between dY and the 

independent variables.  The coefficient of determination, R-Square, is 0.78 or 78% of 

the sum of squares in dY (WW) can be associated with the variation in these 

independent variables.  The test of the composite hypothesis that all regression 

coefficients are 0 is highly significant with F-value of 30.60 compared to F (0.01, 2, 

17) = 6.11.  The residual standard error (Root MSE) is 3.8819 with 17 degrees of 

freedom is an unbiased estimate of σ. 
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Table 6.3: Results of the regression of dY on the two independent variables MEAN 
VCI and MEAN TCI CRD10, Kansas 

Source DF Sum of Squares Mean Square F Value Pr > F 

Model 2 922.1702 461.0851 30.5977 <.0001

Error 17 256.1778 15.0693 – –

Corrected Total 19 1178.348 – – –

 

R-Square Root MSE 

0.7826 3.8819 

 

Parameter Estimate Standard Error t Value Pr > |t| 

Intercept -16.5074 2.2753 -7.2550 0.0000 

MEAN VCI 0.2391 0.0513 4.6630 0.0002 

MEAN TCI 0.0399 0.0588 0.6784 0.5067 

 

6.1.1.2.3 Model Validation 

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 6.4).  The 

overall correlation coefficient 0.8427 is good.  An R-Square value of 0.7101 shows 

that in most years, WW yield in CRD 10, Kansas can be modeled by variables 

considered in model Equation (6.1).    For WW the model forecast captured 71% of 

the variability in yield anomalies. 
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Table 6.4: Statistics of an independent testing for model equation (6.1), WW, CRD 10, 
Kansas  

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

WW 0.8427 0.7101 –0.0585 19.0609 4.3659 0.9767 4.2557 

 

The average prediction bias is -0.0585 (systematic error).  The variance of the 

prediction error is 19.0609 or the standard error of prediction (SEP) is 4.3659 (non-

systematic error).  The standard error of the estimated mean bias is 0.9767 (Table 6.4).  

T-tests of the hypothesis that the bias is zero gives t = -0.0599 which, with 19 degrees 

of freedom and α = 0.05, is not significant.  The mean square error of prediction 

(MSEP) is 1113.18)0585.0(
20

)0609.19(19 2 =−+= .    The root mean square error of 

prediction (RMSEP) is 4.2557 an approximate 12% error in prediction. 
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Figure 6.3: Observed yield (WW) versus independently simulated yield (yieldhat) 
CRD 10, Kansas 
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Figure 6.3 displays observed versus independently simulated crop yield time 

series of WW 1985 through to 2005 for CRD 10, Kansas.    For WW CRD 10 the 

model forecasts captured 71% of the variability in yield anomalies. 

 

6.1.2 Crop Reporting District 20 

6.1.2.1 Crop Yield Time Series 

Figure 6.4 shows slight decrease in the long-term yield trend for CRD 20, 

Kansas.  Although agriculture technology is improving here as well, reduction is 

related to low precipitation rates in western Kansas (Figure 3.5) and intensive 

irrigation practices. 

y = -0.0636x + 162.39
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Figure 6.4: Winter wheat yield time series CRD 20, Kansas 
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6.1.2.2 Regression Analysis  

A useful starting point in any multiple regression analysis is to compute 

correlations among all variables.  This provides a first look at the simple linear 

relationships among them. 

6.1.2.2.1 The Correlation Matrix 

For CRD 20, VCI (weeks 15 to 24) variables have high correlations with dY 

(0.80-0.90).  VCI20 has the highest correlation with dY.  It would account for 81% (0 

.902) of the variation in dY if used separately as the only independent variable in the 

regression model.  TCI (weeks 22 to 23) variables also have significant correlation (p-

value <0.001) with dY (0.69-0.72) (Table 6.5). 

Average VCI and TCI ( vci , tci ) for weeks with significant Pearson’s 

correlation coefficients at p-level (p<0.001) among dY and VH indices were used as a 

predictors of dY.   

Figure 6.5 shows dynamics of dY (WW), MEAN VCI (weeks 15 to 24) and 

MEAN TCI (weeks 22 to 23) for CRD 20, Kansas.  This figure shows how closely VH 

indices dynamics follows dY dynamics.  This is a strong indication that VH indices 

can be used as a predictor in a forecast model for WW yield in CRD 20, Kansas. 
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Table 6.5: Correlation Matrix dY with VCI (weeks 15 to 24) and TCI (weeks 22 to 23) 
CRD 20, Kansas 

Pearson Correlation Coefficients 
 dY 

VCI15 0.8255 

VCI16 0.8569 

VCI17 0.8623 

VCI18 0.8791 

VCI19 0.8935 

VCI20 0.9026 

VCI21 0.9022 

VCI22 0.8921 

VCI23 0.8638 

VCI24 0.7993 

TCI22 0.6923 

TCI23 0.7236 

 

-18

-15

-12

-9

-6

-3

0

3

6

9

12

15

18

1985 1987 1989 1991 1993 1995 1997 1999 2001 2003 2005

Year

dY

0

10

20

30

40

50

60

70

80

90

100

M
EA

N
 V

C
I a

nd
 M

EA
N

 T
C

I

dY MEAN_VCI MEAN_TCI

 

Figure 6.5: Dynamics of dY (WW), MEAN VCI (weeks 15 to 24) and MEAN TCI 
(weeks 22 to 23) CRD 20, Kansas 
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Table 6.6 shows correlation coefficients between dY (WW) with vci  (weeks 

15 to 24) and tci  (weeks 22 to 23).  These correlation coefficients are significantly 

different from 0 with p-value (p<0.001).  For WW,  vci  would account for 85% 

(0.922) of the variation in dY if used separately as the only independent variable in the 

regression model.  Besides, tci  would account for 52% (0.722) of the variation in dY 

(WW) if used separately as the only independent variable in the regression model. 

Table 6.6: Correlation matrix dY, MEAN VCI ( vci ) and MEAN TCI ( tci ) CRD 20, 
Kansas 

Pearson Correlation Coefficients 
 dY 

MEAN VCI 0.9249 

MEAN TCI 0.7175 

 

6.1.2.2.2 Multiple Regression Results 

The results of fitting the ordinary least squares (OLS) regression model 

approximated by Equation (6.1) to CRD 20 are shown in Table 6.7. 

Table 6.7 shows that there is a strong relationship between dY and the 

independent variables.  The coefficient of determination, R-Square, is 0.88 or 88% of 

the sum of squares in dY (WW) can be associated with the variation in these 

independent variables.  The test of the composite hypothesis that all regression 

coefficients are 0 is highly significant with F-value of 64.06 compared to F (0.01, 2, 
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17) = 6.11.  The residual standard error (Root MSE) is 2.8541 with 17 degrees of 

freedom is an unbiased estimate of σ.    

Table 6.7: Results of the regression of dY on the two independent variables MEAN 
VCI and MEAN TCI CRD 20, Kansas 

Source DF Sum of Squares Mean Square F Value Pr > F 

Model 2 1043.691 521.8457 64.0625 <.0001 

Error 17 138.4800 8.1459 – – 
Corrected 

Total 19 1182.171 – – – 

 

R-Square Root MSE 
0.8829 2.8541 

 

Parameter Estimate Standard Error t Value Pr > |t| 

Intercept -17.1776 1.7035 -10.0839 0.0000 

MEAN VCI 0.2441 0.0334 7.3089 0.0000 

MEAN TCI 0.0736 0.0368 1.9974 0.0620 

 

6.1.2.2.3 Model Validation 

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 6.8).  The 

overall correlation coefficient 0.9102 is good.  An R-Square value of 0.8285 shows 

that in most years, WW yield in CRD 20 can be modeled by variables considered in 
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model Equation (6.1).    For WW the model forecast captured 83% of the variability in 

yield anomalies. 

The average prediction bias is -0.0398 (systematic error).  The variance of the 

prediction error is 10.7813 or the standard error of prediction (SEP) is 3.2835 (non-

systematic error).  The standard error of the estimated mean bias is 0.7342 (Table 6.8).  

T-tests of the hypothesis that the bias is zero gives t = -0.0542 which, with 19 degrees 

of freedom and α = 0.05, is not significant.   

The mean square error of prediction (MSEP) 

is 2438.10)0398.0(
20

)7813.10(19 2 =−+= .    The RMSEP is 3.2006 an approximate 9% 

error in prediction.  

Table 6.8: Statistics of an independent testing for model equation (6.1), WW, CRD 20, 
Kansas  

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

WW 0.9102 0.8285 -0.0398 10.7813 3.2835 0.7342 3.2006 
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Figure 6.6: Observed yield (WW) versus independently simulated yield (yieldhat) 
CRD 20, Kansas 

 

Figure 6.6 displays observed versus independently simulated crop yield time 

series of WW 1985 through to 2005 for CRD 20, Kansas.    For WW CRD 20 the 

model forecasts captured 83% of the variability in yield anomalies.   

6.1.3 Crop Reporting District 30 

6.1.3.1 Crop Yield Time Series 

Figure 6.7 shows slight decrease in the long-term yield trend for CRD 30.  

Although agriculture technology is improving here as well, reduction is related to low 

precipitation rates in western Kansas (Figure 3.5) and intensive irrigation practices. 
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y = 0.0532x - 68.823
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Figure 6.7: Winter wheat yield time series CRD 30, Kansas 

 

6.1.3.2 Regression Analysis 

A useful starting point in any multiple regression analysis is to compute 

correlations among all variables.  This provides a first look at the simple linear 

relationships among them. 

For CRD 30, VCI (weeks 14 to 22) variables have high correlations with dY 

(0.82-0.89).  VCI19 has the highest correlation with dY.  It would account for 79% (0 

.892) of the variation in dY if used separately as the only independent variable in the 

 



 157

regression model.  TCI (weeks 15 to 19) variables also have significant correlation (p-

value <0.001) with dY (0.72-0.77) (Table 6.9). 

Table 6.9: Correlation Matrix dY with VCI (weeks 14 to 22) and TCI (weeks 15 to 19) 
CRD 30, Kansas 

Pearson Correlation Coefficients 
 dY 

VCI14 0.8179 

VCI15 0.8575 

VCI16 0.8668 

VCI17 0.8771 

VCI18 0.8905 

VCI19 0.8916 

VCI20 0.8836 

VCI21 0.8740 

VCI22 0.8535 

TCI15 0.7577 

TCI16 0.7549 

TCI17 0.7698 

TCI18 0.7693 

TCI19 0.7227 

 

6.1.3.2.1 The Correlation Matrix 

Average VCI and TCI ( vci , tci ) for weeks with significant Pearson’s 

correlation coefficients at p-level (p<0.001) among dY and VH indices were used as a 

predictors of dY.   
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Figure 6.8: Dynamics of dY (WW), MEAN VCI (weeks 14 to 22) and MEAN TCI 
(weeks 15 to 19) CRD 30, Kansas 

 

Figure 6.8 shows dynamics of dY (WW), MEAN VCI (weeks 14 to 22) and 

MEAN TCI (weeks 15 to 19) for CRD 30.  This figure shows how closely VH indices 

dynamics follows dY dynamics.  This is a strong indication that VH indices can be 

used as a predictor in a forecast model for WW yield in CRD 30, Kansas. 

Table 6.10 shows correlation coefficients between dY (WW) with vci  (weeks 

14 to 22) and tci  (weeks 15 to 19).  These correlation coefficients are significantly 

different from 0 with p-value (p<0.001).  For WW,  vci  would account for 81% 
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(0.902) of the variation in dY if used separately as the only independent variable in the 

regression model.  Besides, tci  would account for 61% (0.782) of the variation in dY 

(WW) if used separately as the only independent variable in the regression model. 

tcivci ) and MEAN TCI (Table 6.10: Correlation matrix dY, MEAN VCI ( ) CRD 30, 
Kansas 

Pearson Correlation Coefficients 
 dY 

MEAN VCI 0.8976 

MEAN TCI 0.7754 

 

6.1.3.2.2 Multiple Regression Results 

The results of fitting the ordinary least squares (OLS) regression model 

approximated by Equation (6.1) to CRD 30 are shown in Table 6.11. 

Table 6.11 shows that there is a strong relationship between dY and the 

independent variables.  The coefficient of determination, R-Square, is 0.82 or 82% of 

the sum of squares in dY (WW) can be associated with the variation in these 

independent variables.  The test of the composite hypothesis that all regression 

coefficients are zero is highly significant with F-value of 39.43 compared to F (0.01, 

2, 17) = 6.11.  The residual standard error (Root MSE) is 3.2778 with 17 degrees of 

freedom is an unbiased estimate of σ. 
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Table 6.11: Results of the regression of dY on the two independent variables MEAN 
VCI and MEAN TCI, CRD 30, Kansas 

Source DF Sum of Squares Mean Square F Value Pr > F 

Model 2 847.2883 423.6441 39.4312 <.0001

Error 17 182.6461 10.7439 – –

Corrected Total 19 1029.934 – – –

 

R-Square Root MSE 

0.8227 3.2778 

 

Parameter Estimate Standard Error t Value Pr > |t| 

Intercept -14.7425 1.9339 -7.6233 0.0000 

MEAN VCI 0.2145 0.0465 4.6079 0.0003 

MEAN TCI 0.0740 0.0581 1.2749 0.2195 

 

6.1.3.2.3 Model Validation 

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 6.12).  The 

overall correlation coefficient 0.8665 is good.  An R-Square value of 0.7508 shows 

that in most years, WW yield in CRD 30 can be modeled by variables considered in 

model Equation (6.1).    For WW, CRD 30, the model forecast captured 75% of the 

variability in yield anomalies. 

The average prediction bias is 0.0090 (systematic error).  The variance of the 

prediction error is 13.6551 or the standard error of prediction (SEP) is 3.6953 (non-
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systematic error).  The standard error of the estimated mean bias is 0.8263 (Table 

6.12).  T-tests of the hypothesis that the bias is zero gives t = 0.0109 which, with 19 

degrees of freedom and α = 0.05, is not significant.  

Table 6.12: Statistics of an independent testing for model equation (6.1), WW, CRD 
30, Kansas  

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

WW 0.8665 0.7508 0.0090 13.6551 3.6953 0.8263 3.6017 

 

The mean square error of prediction (MSEP) 

is 9724.12)0090.0(
20

)6551.13(19 2 =+= .    The RMSEP is 3.6017 an approximate 9% 

error in prediction.  

Figure 6.9 displays observed versus independently simulated crop yield time 

series of WW 1985 through to 2005 for CRD 30, Kansas.    For WW CRD 30 the 

model forecasts captured 75% of the variability in yield anomalies.   

 



 162

0

10

20

30

40

50

60

1985 1987 1989 1991 1993 1995 1997 1999 2001 2003 2005

Year

Yi
el

d 
(B

us
he

ls
/A

cr
e)

Yield YIELDHAT

 

Figure 6.9: Observed yield (WW) versus independently simulated yield (yieldhat) 
CRD 30, Kansas 

 

6.1.4 Crop Reporting District 40 

6.1.4.1 Crop yield time series 

Figure 6.10 shows that in CRD 40 WW yield increases due to technology 

improvement.   
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y = 0.7092x - 1375.4
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Figure 6.10: Winter wheat yield time series CRD 40, Kansas 

 
 

6.1.4.2 Regression Analysis 

A useful starting point in any multiple regression analysis is to compute 

correlations among all variables.  This provides a first look at the simple linear 

relationships among them. 
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6.1.4.2.1 The Correlation Matrix 

For CRD 40, VCI (weeks 14 to 22) variables have high correlations with dY 

(0.69-0.76).  VCI20 has the highest correlation with dY.  It would account for 58% (0 

.762) of the variation in dY if used separately as the only independent variable in the 

regression model.  TCI (weeks 19 to 20) variables also have significant correlation (p-

value <0.001) with dY (0.55-0.56) (Table 6.13).  

Table 6.13: Correlation matrix dY with VCI (weeks 14 to 22) and TCI (weeks 19 to 
20) CRD 40, Kansas 

Pearson Correlation Coefficients 
 dY 

VCI14 0.7108 

VCI15 0.7236 

VCI16 0.7265 

VCI17 0.7110 

VCI18 0.7366 

VCI19 0.7387 

VCI20 0.7633 

VCI21 0.7610 

VCI22 0.6907 

TCI19 0.5485 

TCI20 0.5595 

 

Average VCI and TCI ( vci , tci ) for weeks with significant Pearson’s 

correlation coefficients at p-level (p<0.001) among dY and VH indices were used as a 

predictors of dY.  Figure 6.11 shows dynamics of dY (WW), MEAN VCI (weeks 14 
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to 22) and MEAN TCI (weeks 19 to 20) for CRD 40.  This figure shows how closely 

VH indices dynamics follows dY dynamics.  This is a strong indication that VH 

indices can be used as predictors in a forecast model for WW yield in CRD 40, 

Kansas.   
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Figure 6.11: Dynamics of dY (WW), MEAN VCI (weeks 14 to 22) and MEAN TCI 
(weeks 19 to 20) CRD 40, Kansas 

 

Table 6.14 shows correlation coefficients between dY (WW) with vci  (weeks 

14 to 22) and tci  (weeks 19 to 20) CRD 40.  These correlation coefficients are 

significantly different from zero with p-value (p<0.001).  For WW,  vci  would 

account for 69% (0.832) of the variation in dY if used separately as the only 
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independent variable in the regression model.  Besides, tci  would account for 31% 

(0.562) of the variation in dY (WW) if used separately as the only independent 

variable in the regression model. 

Table 6.14: Correlation matrix dY, MEAN VCI ( vci ) and MEAN TCI ( tci ) CRD 40, 
Kansas 

Pearson Correlation Coefficients 

 dY 

MEAN VCI 0.8300 

MEAN TCI 0.5646 

 

6.1.4.2.2 Multiple Regression Results 

The results of fitting the ordinary least squares (OLS) regression model 

approximated by Equation (6.1) to CRD 40 are shown in Table 6.15.   

Table 6.15 shows that there is a strong relationship between dY and the 

independent variables.  The coefficient of determination, R-Square, is 0.70 or 70% of 

the sum of squares in dY (WW) can be associated with the variation in these 

independent variables.  The test of the composite hypothesis that all regression 

coefficients are 0 is highly significant with F-value of 19.97 compared to F (0.01, 2, 

17) = 6.11.  The residual standard error (Root MSE) is 4.7195 with 17 degrees of 

freedom is an unbiased estimate of σ. 
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Table 6.15: Results of the regression of dY on the two independent variables MEAN 
VCI and MEAN TCI, CRD 40, Kansas 

Source DF Sum of Squares Mean Square F Value Pr > F 

Model 2 889.7589 444.8794 19.9736 <.0001

Error 17 378.6476 22.2734 – –

Corrected Total 19 1268.407 – – –

 

R-Square Root MSE 

0.7015 4.7195 

 

Parameter Estimate Standard Error t Value Pr > |t| 

Intercept -18.8915 3.2367 -5.8366 0.0000 

MEAN VCI 0.2830 0.0606 4.6684 0.0002 

MEAN TCI 0.0575 0.0680 0.8458 0.4094 

 

6.1.4.2.3 Model Validation 

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 6.16).  The 

overall correlation coefficient 0.8651 is good.  An R-Square value of 0.7483 shows 

that in most years, WW yield in CRD 40, Kansas can be modeled by variables 

considered in model Equation (6.1).    For WW CRD 40, the model forecast captured 

75% of the variability in yield anomalies. 
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The average prediction bias is 0.0347 (systematic error).  The variance of the 

prediction error is 24.0566 or the standard error of prediction (SEP) is 4.9048 (non-

systematic error).  The standard error of the estimated mean bias is 1.0967 (Table 

6.16).  T-tests of the hypothesis that the bias is 0 gives t = 0.0317 which, with 19 

degrees of freedom and α = 0.05, is not significant.  

The MSEP is 8550.22)0347.0(
20

)0566.24(19 2 =+= .    The RMSEP is 4.7807 

an approximate 12% error in prediction.   

Table 6.16: Statistics of an independent testing for model Equation (6.1), WW, CRD 
40, Kansas  

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

WW 0.8651 0.7483 0.0347 24.0566 4.9048 1.0967 4.7807 
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Figure 6.12: Observed yield (WW) versus independently simulated yield (yieldhat) 
CRD 40, Kansas 
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Figure 6.12 displays observed versus independently simulated crop yield time 

series of WW 1985 through to 2005 for CRD 40, Kansas.  For WW CRD 40 the 

model forecasts captured 75% of the variability in yield anomalies. 

6.1.5 Crop Reporting District 50 

6.1.5.1 Crop Yield Time Series 

Figure 6.13 shows that in CRD 50 WW yield increases due to technology 

improvement.   

y = 0.8488x - 1656.1
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Figure 6.13: Winter wheat yield time series CRD 50, Kansas 
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6.1.5.2 Regression Analysis 

A useful starting point in any multiple regression analysis is to compute 

correlations among all variables.  This provides a first look at the simple linear 

relationships among them. 

6.1.5.2.1 The Correlation Matrix 

For CRD 50, VCI (weeks 12 to 21) variables have high correlations with dY 

(0.70-0.78).  VCI15 has the highest correlation with dY.  It would account for 61% (0 

.782) of the variation in dY if used separately as the only independent variable in the 

regression model.  TCI (week 16) variables also have significant correlation (p-value 

<0.001) with dY (0.59) (Table 6.17).  

Average VCI and TCI ( vci , tci ) for weeks with significant Pearson’s 

correlation coefficients at p-level (p<0.001) among dY and VH indices were used as a 

predictors of dY.  Figure 6.14 shows dynamics of dY (WW), MEAN VCI (weeks 12 

to 21) and MEAN TCI (weeks 16) for CRD 50.  This figure shows how closely VH 

indices dynamics follows dY dynamics.  This is a strong indication that VH indices 

can be used as a predictor in a forecast model for winter wheat yield in CRD 50, 

Kansas. 
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Table 6.17: Correlation matrix dY with VCI (weeks 12 to 21) and TCI (week 16) CRD 
50, Kansas 

Pearson Correlation Coefficients 
 dY 

VCI12 0.7338 

VCI13 0.7529 

VCI14 0.7610 

VCI15 0.7752 

VCI16 0.7504 

VCI17 0.7495 

VCI18 0.7325 

VCI19 0.7005 

VCI20 0.7535 

VCI21 0.7233 

TCI16 0.5859 
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Figure 6.14: Dynamics of dY (WW), MEAN VCI (weeks 12 to 21) and MEAN TCI 
(week 16) CRD 50, Kansas 
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Table 6.18 shows correlation coefficients between dY (WW) with vci  (weeks 

12 to 21) and tci  (weeks 16).  These correlation coefficients are significantly different 

from zero with p-value (p<0.001).  For WW,  vci  would account for 64% (0.802) of 

the variation in dY if used separately as the only independent variable in the 

regression model.  Besides, tci  would account for 35% (0.592) of the variation in dY 

(WW) if used separately as the only independent variable in the regression model. 

Table 6.18: Correlation matrix dY, MEAN VCI ( vci ) and MEAN TCI ( tci ), CRD 50, 
Kansas 

Pearson Correlation Coefficients 
 dY 

MEAN VCI 0.7950 

MEAN TCI 0.5859 

 

6.1.5.2.2 Multiple Regression Results 

The results of fitting the ordinary least squares (OLS) regression model 

approximated by Equation (6.1) to CRD 50 are shown in Table 6.19. 

Table 6.19 shows that there is a strong relationship between dY and the 

independent variables.  The coefficient of determination, R-Square, is 0.74 or 74% of 

the sum of squares in dY (WW) can be associated with the variation in these 

independent variables.  The test of the composite hypothesis that all regression 

coefficients are 0 is highly significant with F-value of 24.54 compared to F (0.01, 2, 
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17) = 6.11.  The Root MSE is 3.9824 with 17 degrees of freedom is an unbiased 

estimate of σ. 

Table 6.19: Results of the regression of dY on the two independent variables MEAN 
VCI and MEAN TCI, CRD 50, Kansas 

Source DF Sum of Squares Mean Square F Value Pr > F 
Model 2 778.4590 389.2295 24.5421 <.0001

Error 17 269.6145 15.8597 – –

Corrected Total 19 1048.073 – – –

 

R-Square Root MSE 

0.7428 3.9824 

 

Parameter Estimate Standard Error t Value Pr > |t| 

Intercept -16.9840 2.6912 -6.3109 0.0000 

MEAN VCI 0.1994 0.0388 5.1383 0.0001 

MEAN TCI 0.1110 0.0410 2.7044 0.0150 

 

6.1.5.2.3 Model Validation 

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 6.20).  The 

overall correlation coefficient 0.8839 is good.  An R-Square value of 0.7812 shows 

that in most years, WW yield in CRD 50, Kansas can be modeled by variables 
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considered in model Equation (6.1).    For WW CRD 50, the model forecast captured 

78% of the variability in yield anomalies. 

The average prediction bias is -0.0743 (systematic error).  The variance of the 

prediction error is 19.0963 or the standard error of prediction (SEP) is 4.3699 (non-

systematic error).  The standard error of the estimated mean bias is 0.9771 (Table 

6.20).  T-tests of the hypothesis that the bias is zero gives t = -0.0761 which, with 19 

degrees of freedom and α = 0.05, is not significant.   

The MSEP is 1470.18)0743.0(
20

)0963.19(19 2 =−+= .    The RMSEP is 4.2599 

an approximate 11% error in prediction.   

Table 6.20: Statistics of an independent testing for model Equation (6.1), WW, CRD 
50, Kansas  

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

WW 0.8839 0.7812 -0.0743 19.0963 4.3699 0.9771 4.2599 

 

 



 175

0

10

20

30

40

50

60

1985 1987 1989 1991 1993 1995 1997 1999 2001 2003 2005

Year

Yi
el

d 
(B

us
he

ls
/A

cr
e)

Yield YIELDHAT

 

Figure 6.15: Observed yield (WW) versus independently simulated yield (yieldhat), 
CRD 50, Kansas 

 

Figure 6.15 displays observed versus independently simulated crop yield time 

series of WW 1985 through to 2005 for CRD 50, Kansas.  For WW CRD 50 the 

model forecasts captured 78% of the variability in yield anomalies. 

6.1.6 Crop Reporting District 60 

6.1.6.1 Crop Yield Time Series 

Figure 6.16 shows that in CRD 60 WW yield increases due to technology 

improvement.   
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Figure 6.16: Winter wheat yield time series CRD 60, Kansas 

 

6.1.6.2 Regression Analysis 

A useful starting point in any multiple regression analysis is to compute 

correlations among all variables.  This provides a first look at the simple linear 

relationships among them. 

6.1.6.2.1 The Correlation Matrix 

For CRD 60, VCI (weeks 13 to 19) variables have high correlations with dY 

(0.77-0.88).  VCI18 has the highest correlation with dY.  It would account for 77% (0 

.882) of the variation in dY if used separately as the only independent variable in the 
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regression model.  TCI (week 17 to 19) variables also have significant correlation (p-

value <0.001) with dY (0.68-0.69) (Table 6.21).  

Table 6.21: Correlation matrix dY with VCI (weeks 13 to 19) and TCI (week 17 to 
19), CRD 60, Kansas 

Pearson Correlation Coefficients 
 dY 

VCI13 0.8587 

VCI14 0.8728 

VCI15 0.8664 

VCI16 0.8736 

VCI17 0.8615 

VCI18 0.8845 

VCI19 0.7659 

TCI17 0.6791 

TCI18 0.6789 

TCI19 0.6854 

 

Average VCI and TCI ( vci , tci ) for weeks with significant Pearson’s 

correlation coefficients at p-level (p<0.001) among dY and VH indices were used as a 

predictors of dY.  Figure 6.17 shows dynamics of dY (WW), MEAN VCI (weeks 13 

to 19) and MEAN TCI (weeks 17 to 19) for CRD 60.  This figure shows how closely 

VH indices dynamics follows dY dynamics.  This is a strong indication that VH 

indices can be used as a predictor in a forecast model for winter wheat yield in CRD 

60, Kansas. 
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Figure 6.17: Dynamics of dY (WW), MEAN VCI (weeks 13 to 19) and MEAN TCI 
(weeks 17 to 19), CRD 60, Kansas 

 

Table 6.22: Correlation matrix dY, MEAN VCI ( vci ) and MEAN TCI ( tci ), CRD 60, 
Kansas 

Pearson Correlation Coefficients 
 dY 

MEAN VCI 0.8889 

MEAN TCI 0.7455 

 

Table 6.22 shows correlation coefficients between dY (WW) with vci  (weeks 

13 to 19) and tci  (weeks 17 to 19).  These correlation coefficients are significantly 

different from 0 with p-value (p<0.001).  For WW,  vci  would account for 79% 
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(0.892) of the variation in dY if used separately as the only independent variable in the 

regression model.  Besides, tci  would account for 56% (0.752) of the variation in dY 

(WW) if used separately as the only independent variable in the regression model. 

6.1.6.2.2 Multiple Regression Results 

The results of fitting the ordinary least squares (OLS) regression model 

approximated by Equation (6.1) to CRD 60 are shown in Table 6.23.   

Table 6.23: Results of the regression of dY on the two independent variables MEAN 
VCI and MEAN TCI, CRD 60, Kansas 

Source DF Sum of Squares Mean Square F Value Pr > F 

Model 2 585.3155 292.6577 51.3887 <.0001

Error 17 96.8147 5.6950 – –

Corrected Total 19 682.1302 – – –

 

R-Square Root MSE 

0.8581 2.3864 

 

Parameter Estimate Standard Error t Value Pr > |t| 

Intercept -12.8962 1.4536 -8.8722 0.0000 

MEAN VCI 0.1588 0.0264 6.0173 0.0000 

MEAN TCI 0.0913 0.0320 2.8506 0.0111 

 

Table 6.23 shows that there is a strong relationship among dY and the 

independent variables.  The coefficient of determination, R-Square, is 0.86 or 86% of 
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the sum of squares in dY (WW) can be associated with the variation in these 

independent variables.  The test of the composite hypothesis that all regression 

coefficients are 0 is highly significant with F-value of 51.39 compared to F (0.01, 2, 

17) = 6.11.  The Root MSE is 2.3864 with 17 degrees of freedom is an unbiased 

estimate of σ. 

6.1.6.2.3 Model Validation 

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 6.24).  The 

overall correlation coefficient 0.9393 is good.  An R-Square value of 0.8822 shows 

that in most years, WW yield in CRD 60 can be modeled by variables considered in 

model Equation (6.1).    For WW CRD 60, the model forecast captured 88% of the 

variability in yield anomalies. 

The average prediction bias is 0.0024 (systematic error).  The variance of the 

prediction error is 6.6741 or the standard error of prediction (SEP) is 2.5834 (non-

systematic error).  The standard error of the estimated mean bias is 0.5777 (Table 

6.24).  T-tests of the hypothesis that the bias is zero gives t = 0.0042 which, with 19 

degrees of freedom and α = 0.05, is not significant.  

The MSEP is 3404.6)0024.0(
20

)6741.6(19 2 =+= .    The RMSEP is 2.5180 an 

approximate 7% error in prediction.   
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Table 6.24: Statistics of an independent testing for model equation (6.1), WW, CRD 
60, Kansas  

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

WW 0.9393 0.8822 0.0024 6.6741 2.5834 0.5777 6.3404 

 

Figure 6.18 displays observed versus independently simulated crop yield time 

series of WW 1985 through to 2005 for CRD 60, Kansas.    For WW CRD 60 the 

model forecasts captured 88% of the variability in yield anomalies.   
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Figure 6.18: Observed yield (WW) versus independently simulated yield (yieldhat), 
CRD 60, Kansas 
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6.2 Sorghum 

6.2.1 Total Kansas 

6.2.1.1 Crop yield time series 

Figure 6.19 shows slight decrease in the long-term sorghum yield trend for 

Kansas.   
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Figure 6.19: Sorghum yield time series, Kansas 
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6.2.1.2 Regression Analysis 

A useful starting point in any multiple regression analysis is to compute 

correlations among all variables.  This provides a first look at the simple linear 

relationships among them. 

6.2.1.2.1 The Correlation Matrix 

For total Kansas, VCI (weeks 28 to 37) variables have high correlations with 

dY (0.76-0.88).  VCI33 has the highest correlation with dY.  It would account for 77% 

(0 .882) of the variation in dY if used separately as the only independent variable in the 

regression model.  TCI (week 27 to 33) variables also have significant correlation (p-

value <0.001) with dY (0.77-0.87) (Table 6.25).  

Average VCI and TCI ( vci , tci ) for weeks with significant Pearson’s 

correlation coefficients at p-level (p<0.001) among dY and VH indices were used as a 

predictors of dY.  Figure 6.20 shows dynamics of dY (sorghum), MEAN VCI (weeks 

28 to 37) and MEAN TCI (weeks 27 to 33) for Kansas.  This figure shows how 

closely VH indices dynamics follows dY dynamics.  This is a strong indication that 

VH indices can be used as a predictor in a forecast model for sorghum yield in Kansas. 
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Table 6.25: Correlation matrix dY (sorghum) with VCI (weeks 28 to 37) and TCI 
(week 27 to 33) Kansas 

Pearson Correlation Coefficients 
 dY 

VCI28 0.7873 

VCI29 0.8088 

VCI30 0.8182 

VCI31 0.8682 

VCI32 0.8761 

VCI33 0.8848 

VCI34 0.8792 

VCI35 0.8751 

VCI36 0.8506 

VCI37 0.7649 

TCI27 0.7825 

TCI28 0.8416 

TCI29 0.8602 

TCI30 0.8667 

TCI31 0.8283 

TCI32 0.8023 

TCI33 0.7661 
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Figure 6.20: Dynamics of dY (sorghum), MEAN VCI (weeks 28 to 37) and MEAN 
TCI (weeks 27 to 33), Kansas 

 

Table 6.26 shows correlation coefficients between dY (sorghum) with vci  

(weeks 28 to 37) and tci  (weeks 27 to 33).  These correlation coefficients are 

significantly different from 0 with p-value (p<0.001).  For sorghum,  vci  would 

account for 79% (0.892) of the variation in dY if used separately as the only 

independent variable in the regression model.  Besides, tci  would account for 76% 

(0.872) of the variation in dY (sorghum) if used separately as the only independent 

variable in the regression model. 
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Table 6.26: Correlation matrix dY (sorghum), MEAN VCI ( vci ) and MEAN TCI 
( tci ), Kansas 

Pearson Correlation Coefficients 
 dY 

MEAN VCI 0.8920 

MEAN TCI 0.8714 

 

6.2.1.2.2 Multiple Regression Results 

The results of fitting the ordinary least squares (OLS) regression model 

approximated by Equation 6.1 to Kansas are shown in Table 6.27.    

Table 6.27: Results of the regression of dY (sorghum) on the two independent 
variables MEAN VCI and MEAN TCI, Kansas 

Source DF Sum of Squares Mean Square F Value Pr > F 

Model 2 2212.209 1106.105 70.3408 <.0001

Error 17 267.3237 15.7249 – –

Corrected Total 19 2479.533 – – –

 

R-Square Root MSE 

0.8922 3.9655 

 

Parameter Estimate Standard Error t Value Pr > |t| 

Intercept -24.3011 2.2521 -10.7905 0.0000 

MEAN VCI 0.2392 0.0523 4.5779 0.0003 

MEAN TCI 0.2138 0.0548 3.9025 0.0011 
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Table 6.27 shows that there is a strong relationship between dY and the 

independent variables.  The coefficient of determination, R-Square, is 0.89 or 89% of 

the sum of squares in dY (sorghum) can be associated with the variation in these 

independent variables.  The test of the composite hypothesis that all regression 

coefficients are 0 is highly significant with F-value of 70.34 compared to F (0.01, 2, 

17) = 6.11.  The Root MSE is 3.9655 with 17 degrees of freedom is an unbiased 

estimate of σ. 

6.2.1.2.3 Model Validation 

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 6.28).  The 

overall correlation coefficient 0.9261 is good.  An R-Square value of 0.8577 shows 

that in most years, sorghum yield in Kansas can be modeled by variables considered in 

model Equation (6.1).    For sorghum Kansas, the model forecast captured 86% of the 

variability in yield anomalies. 

The average prediction bias is -0.0260 (systematic error).  The variance of the 

prediction error is 18.8722 or the SEP is 4.3442 (non-systematic error).  The standard 

error of the estimated mean bias is 0.9714 (Table 6.28).  T-tests of the hypothesis that 

the bias is zero gives t = -0.0268 which, with 19 degrees of freedom and α = 0.05, is 

not significant.  
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The MSEP is 9293.17)0260.0(
20

)8722.18(19 2 =−+= .    The RMSEP is 4.2343 

an approximate 6% error in prediction.   

Table 6.28: Statistics of an independent testing for model Equation (6.1), sorghum, 
Kansas 

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

Sorghum 0.9261 0.8577 -0.0260 18.8722 4.3442 0.9714 4.2343 

 

Figure 6.21 displays observed versus independently simulated crop yield time 

series of sorghum 1985 through to 2005 for Kansas.  For sorghum, Kansas, the model 

forecasts captured 86% of the variability in yield anomalies.   
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Figure 6.21: Observed yield (sorghum) versus independently simulated yield 
(yieldhat), Kansas 
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6.2.2 Crop Reporting District 40 

6.2.2.1 Crop yield time series 

Figure 6.22 shows that in CRD 40 sorghum yield increases due to technology 

improvement.   
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Figure 6.22: Sorghum yield time series CRD 40, Kansas 
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6.2.2.2 Regression Analysis 

A useful starting point in any multiple regression analysis is to compute 

correlations among all variables.  This provides a first look at the simple linear 

relationships among them. 

6.2.2.2.1 The Correlation Matrix 

For CRD 40, VCI (weeks 27 to 35) variables have high correlations with dY 

(0.76-0.90).  VCI31 has the highest correlation with dY.  It would account for 81% (0 

.902) of the variation in dY if used separately as the only independent variable in the 

regression model.  TCI (week 29 to 30) variables also have significant correlation (p-

value <0.001) with dY (0.77-0.80) (Table 6.29). 

Average VCI and TCI ( vci , tci ) for weeks with significant Pearson’s 

correlation coefficients at p-level (p<0.001) among dY and VH indices were used as a 

predictors of dY.  Figure 6.23 shows dynamics of dY (sorghum), MEAN VCI (weeks 

27 to 35) and MEAN TCI (weeks 29 to 30) for CRD 40, Kansas.  This figure shows 

how closely VH indices dynamics follows dY dynamics.  This is a strong indication 

that VH indices can be used as a predictor in a forecast model for sorghum yield in 

CRD 40, Kansas. 
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Table 6.29: Correlation matrix dY (sorghum) with VCI (weeks 27 to 35) and TCI 
(week 29 to 30), CRD 40, Kansas 

Pearson Correlation Coefficients 
 dY 

VCI27 0.7630 

VCI28 0.8098 

VCI29 0.8272 

VCI30 0.8685 

VCI31 0.9024 

VCI32 0.8990 

VCI33 0.8862 

VCI34 0.8297 

VCI35 0.7681 

TCI29 0.7713 

TCI30 0.7997 
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Figure 6.23: Dynamics of dY (sorghum), MEAN VCI (weeks 27 to 35) and MEAN 
TCI (weeks 29 to 30), CRD 40, Kansas 
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Table 6.30 shows correlation coefficients between dY (sorghum) with vci  

(weeks 27 to 35) and tci  (weeks 29 to 30).  These correlation coefficients are 

significantly different from 0 with p-value (p<0.001).  For sorghum,  vci  would 

account for 79% (0.892) of the variation in dY if used separately as the only 

independent variable in the regression model.  Besides, tci  would account for 62% 

(0.792) of the variation in dY (sorghum) if used separately as the only independent 

variable in the regression model. 

Table 6.30: Correlation matrix dY (sorghum), MEAN VCI ( vci ) and MEAN TCI 
( tci ), CRD 40, Kansas 

Pearson Correlation Coefficients 
 dY 

MEAN VCI 0.8922 

MEAN TCI 0.7891 

 

6.2.2.2.2 Multiple Regression Results 

The results of fitting the ordinary least squares (OLS) regression model 

approximated by Equation (6.1) to CRD 40 are shown in Table 6.31. 

Table 6.31 shows that there is a strong relationship among dY and the 

independent variables.  The coefficient of determination, R-Square, is 0.88 or 88% of 

the sum of squares in dY (sorghum) can be associated with the variation in these 

independent variables.  The test of the composite hypothesis that all regression 
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coefficients are 0 is highly significant with F-value of 62.04 compared to F (0.01, 2, 

17) = 6.11.  The Root MSE is 6.8624 with 17 degrees of freedom is an unbiased 

estimate of σ. 

Table 6.31: Results of the regression of dY (sorghum) on the two independent 
variables MEAN VCI and MEAN TCI, CRD 40, Kansas 

Source DF Sum of Squares Mean Square F Value Pr > F 

Model 2 5843.781 2921.890 62.0455 <.0001

Error 17 800.5765 47.0927 – –

Corrected Total 19 6644.357 – – –

 

R-Square Root MSE 

0.8795 6.8624 

 

Parameter Estimate Standard Error t Value Pr > |t| 

Intercept -38.4553 3.8575 -9.9690 0.0000 

MEAN VCI 0.4751 0.0789 6.0196 0.0000 

MEAN TCI 0.2318 0.0676 3.4305 0.0032 

 

6.2.2.2.3 Model Validation 

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 6.32).  The 

overall correlation coefficient 0.9151 is good.  An R-Square value of 0.8374 shows 

that in most years, sorghum yield in CRD 40 can be modeled by variables considered 
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in model Equation (6.1).    For sorghum CRD 40, the model forecast captured 84% of 

the variability in yield anomalies. 

The average prediction bias is -0.0185 (systematic error).  The variance of the 

prediction error is 58.3723 or the SEP is 7.6402 (non-systematic error).  The standard 

error of the estimated mean bias is 1.7084 (Table 6.32).  T-tests of the hypothesis that 

the bias is zero gives t = -0.0108 which, with 19 degrees of freedom and α = 0.05, is 

not significant.  

The MSEP is 4540.55)0185.0(
20

)3723.58(19 2 =−+= .    The RMSEP is 7.4467 

an approximate 11% error in prediction.   

Table 6.32: Statistics of an independent testing for model Equation (6.1), sorghum, 
CRD 40, Kansas  

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

Sorghum 0.9151 0.8374 -0.0185 58.3723 7.6402 1.7084 7.4467 
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Figure 6.24: Observed yield (sorghum) versus independently simulated yield 
(yieldhat), CRD 40, Kansas 

 

Figure 6.24 displays observed versus independently simulated crop yield time 

series of sorghum 1985 through to 2005 for CRD 40, Kansas.  For sorghum CRD 40 

the model forecasts captured 84% of the variability in yield anomalies.   

6.2.3 Marshall County 

6.2.3.1 Crop Yield Time Series 

Figure 6.25 shows that in Marshall County sorghum yield increases due to 

technology improvement.   
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Figure 6.25: Sorghum yield time series Marshall County, Kansas 

 

6.2.3.2 Regression Analysis 

A useful starting point in any multiple regression analysis is to compute 

correlations among all variables.  This provides a first look at the simple linear 

relationships among them. 

6.2.3.2.1 The Correlation Matrix 

For Marshall County, VCI (weeks 31 to 34) variables have high correlations 

with dY (0.69-0.74).  VCI32 has the highest correlation with dY.  It would account for 
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55% (0 .742) of the variation in dY if used separately as the only independent variable 

in the regression model.  TCI (week 32) variable also has significant correlation (p-

value <0.001) with dY (0.79) (Table 6.33).  

Table 6.33:  Correlation matrix dY (sorghum), VCI (weeks 31 to 34) and TCI (week 
32) Marshall County, Kansas 

Pearson Correlation Coefficients 
 dY 

VCI31 0.7369 
VCI32 0.7414 
VCI33 0.7085 
VCI34 0.6921 
TCI32 0.7906 

 

Average VCI and TCI ( vci , tci ) for weeks with significant Pearson’s 

correlation coefficients at p-level (p<0.001) among dY and VH indices were used as a 

predictors of dY.  Figure 6.26 shows dynamics of dY (sorghum), MEAN VCI (weeks 

31 to 34) and MEAN TCI (week 32) for Marshall County.  This figure shows how 

closely VH indices dynamics follows dY dynamics.  This is a strong indication that 

VH indices can be used as a predictor in a forecast model for sorghum yield in 

Marshall County, Kansas. 
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Figure 6.26: Dynamics of dY (sorghum), MEAN VCI (weeks 31 to 34) and MEAN 
TCI (week 32) for Marshall County, Kansas  

 

Table 6.34 shows correlation coefficients among dY (sorghum) with MEAN 

VCI and MEAN TCI for Marshal County.  These correlation coefficients are 

significant different from zero (p<0.0001).  MEAN VCI would account for 55% (r2 = 

0.74) of the variation in dY if used separately as the only independent variable in the 

regression model.  In addition, the correlation coefficient between dY and MEAN TCI 

would account for 62% (r2 = 0.79) of the variation in dY if used separately as the only 

independent variable in the regression model. 
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Table 6.34:  Correlation matrix dY (sorghum), MEAN VCI (weeks 31 to 34) and 
MEAN TCI (week 32) for Marshall County, Kansas 

Pearson Correlation Coefficients 
 dY 

MEAN VCI 0.7363 

MEAN TCI 0.7906 

 

6.2.3.2.2 Multiple Regression Results 

The results of fitting the ordinary least squares (OLS) regression model 

approximated by Equation (6.1) to Marshal County are shown in Table 6.35.   

Table 6.35: Results of the regression of dY (sorghum) on the two independent 
variables MEAN VCI and MEAN TCI, Marshal County, Kansas  

Source DF Sum of Squares Mean Square F Value Pr > F 

Model 2 7103.430 3551.715 28.9384 <.0001

Error 17 2086.471 122.7336 – –

Corrected Total 19 9189.900 – – –

 

R-Square Root MSE 

0.7730 11.0785 

 

Parameter Estimate Standard Error t Value Pr > |t| 

Intercept -43.3805 6.3449 -6.8371 0.0000 

MEAN VCI 0.3858 0.1160 3.3273 0.0040 

MEAN TCI 0.4999 0.1202 4.1578 0.0007 
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Table 6.35 shows that there is a strong relationship among dY and the 

independent variables.  The coefficient of determination, R-Square, is 0.77 or 77% of 

the sum of squares in dY (sorghum) can be associated with the variation in these 

independent variables.  The test of the composite hypothesis that all regression 

coefficients are 0 is highly significant with F-value of 28.94 compared to F (0.01, 2, 

17) = 6.11.  The Root MSE is 11.0785 with 17 degrees of freedom is an unbiased 

estimate of σ. 

6.2.3.2.3 Model Validation 

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 6.36).  The 

overall correlation coefficient 0.8340 is good.  An R-Square value of 0.6955 shows 

that in most years, sorghum yield in Marshal County can be modeled by variables 

considered in model Equation (6.1).    For sorghum Marshal County, the model 

forecast captured 70% of the variability in yield anomalies. 

The average prediction bias is -0.2061 (systematic error).  The variance of the 

prediction error is 159.5506 or the SEP is 12.6313 (non-systematic error).  The 

standard error of the estimated mean bias is 2.8245 (Table 6.36).  T-tests of the 

hypothesis that the bias is 0 gives t = -0.0730 which, with 19 degrees of freedom and 

α = 0.05, is not significant.  The MSEP is 6155.151)2061.0(
20

)5506.159(19 2 =−+= .    

The RMSEP is 12.3132 an approximate 15% error in prediction.   
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Table 6.36: Statistics of an independent testing for model Equation (6.1), sorghum, 
Marshal County, Kansas   

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

Sorghum 0.8340 0.6955 -0.2061 159.5506 12.6313 2.8245 12.3132 
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Figure 6.27: Observed yield (sorghum) versus independently simulated yield 
(yieldhat) Marshal County, Kansas 

 

Figure 6.27 displays observed versus independently simulated crop yield time 

series of sorghum 1985 through to 2005 for Marshal County, Kansas.    For sorghum 

Marshal County the model forecasts captured 70% of the variability in yield 

anomalies. 
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6.3 Corn 

6.3.1 Total Kansas 

6.3.1.1 Crop Yield Time Series 

Figure 6.28 shows that in total Kansas, corn yield increases due to technology 

improvement.  
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Figure 6.28: Corn yield time series, Kansas 

6.3.1.2 Regression Analysis 

A useful starting point in any multiple regression analysis is to compute 

correlations among all variables.  This provides a first look at the simple linear 

relationships among them. 
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6.3.1.2.1 The Correlation Matrix 

 
Table 6.37 contains the Pearson correlation coefficients among the dependent 

variable dY (corn) with VCI (weeks 31 to 37) and TCI (weeks 28 to 31) for Kansas.  

All VCI variables have high correlations with dY (0.78-0.87).  VCI33 has the highest 

correlation with dY.  It would account for 77% (r2 =0 .88) of the variation in dY if 

used separately as the only independent variable in the regression model.  In addition, 

TCI variables have significant correlation with dY (0.77-0.90). 

Table 6.37: Correlation matrix of dY (corn) with VCI (week 31 to 37) and TCI (week 
28 to 31), Kansas 

Pearson Correlation Coefficients 
 dY 

VCI31 0.8539 

VCI32 0.8638 

VCI33 0.8798 

VCI34 0.8528 

VCI35 0.8629 

VCI36 0.8194 

VCI37 0.7771 

TCI28 0.7692 

TCI29 0.8497 

TCI30 0.8746 

TCI31 0.8966 

TCI32 0.8834 

TCI33 0.8905 

TCI34 0.8210 

 



 204

Average VCI and TCI ( vci , tci ) for weeks with significant Pearson’s 

correlation coefficients at p-level (p<0.001) among dY and VH indices were used as 

predictors of dY.  Figure 6.29 shows dynamics of dY (corn), MEAN VCI (weeks 31 to 

37) and MEAN TCI (weeks 30 to 32) for Kansas.  This figure shows how closely VH 

indices dynamics follows dY dynamics.  This is a strong indication that VH indices 

can be used as predictors in a forecast model for corn yield in Kansas. 
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Figure 6.29: Dynamics of dY (corn), MEAN VCI (weeks 31 to 37) and MEAN TCI 
(weeks 28 to 31), Kansas 

 

Table 6.38 shows correlation coefficients between dY (corn) with vci  (weeks 

31 to 37) and tci  (weeks 28 to 31).  These correlation coefficients are significantly 
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different from 0 with p-value (p<0.001).  For corn,  vci  would account for 76% 

(0.872) of the variation in dY if used separately as the only independent variable in the 

regression model.  Besides, tci  would account for 79% (0.892) of the variation in dY 

(corn) if used separately as the only independent variable in the regression model. 

Table 6.38: Correlation matrix of dY (corn) with MEAN VCI ( vci ) and MEAN TCI 
( tci ), Kansas 

Pearson Correlation Coefficients 
 dY 

MEAN VCI 0.8718 

MEAN TCI 0.8906 

 

6.3.1.2.2 Multiple Regression Results 

The results of fitting the ordinary least squares (OLS) regression model 

approximated by Equation (6.1) to Kansas are shown in Table 6.39.   

Table 6.39 shows that there is a strong relationship among dY and the 

independent variables.  The coefficient of determination, R-Square, is 0.92 or 92% of 

the sum of squares in dY (corn) can be associated with the variation in these 

independent variables.  The test of the composite hypothesis that all regression 

coefficients are 0 is highly significant with F-value of 91.77 compared to F (0.01, 2, 

17) = 6.11.  The Root MSE is 3.3977 with 17 degrees of freedom is an unbiased 

estimate of σ.  
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Table 6.39: Results of the regression of dY (corn) on the two independent variables 
MEAN VCI and MEAN TCI, Kansas 

Source DF Sum of Squares Mean Square F Value Pr > F 
Model 2 2119.002 1059.501 91.7757 <.0001

Error 17 196.2557 11.5445 – –

Corrected Total 19 2315.257 – – –

 

R-Square Root MSE 

0.9152 3.3977 

 

Parameter Estimate Standard Error t Value Pr > |t| 

Intercept -23.6035 1.9420 -12.1542 0.0000 

MEAN VCI 0.2289 0.0463 4.9481 0.0001 

MEAN TCI 0.2498 0.0448 5.5801 0.0000 

 

6.3.1.2.3 Model Validation 

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 6.40).  The 

overall correlation coefficient 0.9432 is good.  An R-Square value of 0.8897 shows 

that in most years, corn yield in Kansas can be modeled by variables considered in 

model Equation (6.1).    For corn, in Kansas, the model forecast captured 89% of the 

variability in yield anomalies. 

The average prediction bias is 0.0613 (systematic error).  The variance of the 

prediction error is 13.8262 or the SEP is 3.7184 (non-systematic error).  The standard 
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error of the estimated mean bias is 0.8314 (Table 6.40).  T-tests of the hypothesis that 

the bias is zero gives t = 0.0738 which, with 19 degrees of freedom and α = 0.05, is 

not significant.  The MSEP is 1386.13)0613.0(
20

)8262.13(19 2 =+= .    The RMSEP is 

3.6247 an approximate 3% error in prediction.   

Table 6.40: Statistics of an independent testing for model Equation (6.1), corn, Kansas  

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

Corn 0.9432 0.8897 0.0613 13.8262 3.7184 0.8314 3.6247 

 

Figure 6.30 displays observed versus independently simulated crop yield time 

series of corn 1985 through to 2005 for Kansas.    For corn, in Kansas, the model 

forecasts captured 89% of the variability in yield anomalies.   
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Figure 6.30: Observed yield (corn) versus independently simulated yield (yieldhat), 
Kansas 
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6.3.2 Crop Reporting District 30 

6.3.2.1 Crop yield time series 

Figure 6.31 shows that in CRD 30, corn yield increases due to technology 

improvement.  
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Figure 6.31: Corn yield time series CRD 30, Kansas 
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6.3.2.2 Regression Analysis 

6.3.2.2.1 The Correlation Matrix 

Table 6.41 contains Pearson’s correlation coefficients among the dependent 

variable dY (corn) with VCI (weeks 28 to 36) and TCI (weeks 30 to 33) for CRD 30.  

All VCI variables have high correlations with dY (0.62-0.70).  VCI33 has the highest 

correlation with dY.  It would account for 49 % (r2 =0 .70) of the variation in dY if 

used separately as the only independent variable in the regression model.  Besides, 

TCI variables have significant correlation with dY (0.79-0.84). 

Table 6.41:  Correlation matrix dY (corn), VCI (weeks 28 to 36) and TCI (weeks 30 to 
33) for CRD 30, Kansas 

Pearson Correlation Coefficients 
 dY 

VCI28 0.6400 

VCI29 0.6600 

VCI30 0.6558 

VCI31 0.6496 

VCI32 0.6401 

VCI33 0.7015 

VCI34 0.7026 

VCI35 0.6848 

VCI36 0.6170 

TCI30 0.8446 

TCI31 0.8099 

TCI32 0.8042 

TCI33 0.7915 
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Average VCI and TCI ( vci , tci ) for weeks with significant Pearson’s 

correlation coefficients at p-level (p<0.001) among dY and VH indices were used as a 

predictors of dY.  Figure 6.32 shows dynamics of dY (corn), MEAN VCI (weeks 28 to 

36) and MEAN TCI (weeks 30 to 33) for CRD 30, Kansas.  This figure shows how 

closely VH indices dynamics follows dY dynamics.  This is a strong indication that 

VH indices can be used as predictors in a forecast model for corn yield in CRD 30, 

Kansas. 

-25

-20

-15

-10

-5

0

5

10

15

20

25

1985 1987 1989 1991 1993 1995 1997 1999 2001 2003 2005

Year

dY

0

10

20

30

40

50

60

70

80

90

100

M
EA

N
 V

C
I a

nd
 M

EA
N

 T
C

I

dY MEAN_VCI MEAN_TCI

 

Figure 6.32: Dynamics of dY (corn), MEAN VCI (weeks 28 to 36) and MEAN TCI 
(weeks 30 to 33), CRD 30, Kansas  
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Table 6.42 shows correlation coefficients among dY (corn) with vci  (weeks 28 

to 36) and tci  (weeks 30 to 33).  These correlation coefficients are significantly 

different from 0 with p-value (p<0.001).  For corn,  vci  would account for 53% 

(0.732) of the variation in dY if used separately as the only independent variable in the 

regression model.  Besides, tci  would account for 67% (0.822) of the variation in dY 

(corn) if used separately as the only independent variable in the regression model. 

Table 6.42: Correlation matrix dY (corn), MEAN VCI ( vci ) and MEAN TCI ( tci ), 
CRD 30, Kansas 

Pearson Correlation Coefficients 
 dY 

MEAN VCI 0.7292 

MEAN TCI 0.8245 

 

6.3.2.2.2 Multiple Regression Results 

The results of fitting the ordinary least squares (OLS) regression model 

approximated by Equation (6.1) to CRD 30 are shown in Table 6.43.   

Table 6.43 shows that there is a strong relationship between dY and the 

independent variables.  The coefficient of determination, R-Square, is 0.74 or 74 % of 

the sum of squares in dY (corn) can be associated with the variation in these 

independent variables.  The test of the composite hypothesis that all regression 

coefficients are 0 is highly significant with F-value of 24.26 compared to F (0.01, 2, 
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17) = 6.11.  The Root MSE is 5.5733 with 17 degrees of freedom is an unbiased 

estimate of σ. 

Table 6.43: Results of the regression of dY (corn) on the two independent variables 
MEAN VCI and MEAN TCI, CRD 30, Kansas 

Source DF Sum of Squares Mean Square F Value Pr > F 
Model 2 1507.086 753.5429 24.2600 <.0001

Error 17 528.0401 31.0612 – –

Corrected Total 19 2035.126 – – –

 

R-Square Root MSE 

0.7405 5.5733 

 

Parameter Estimate Standard Error t Value Pr > |t| 

Intercept -17.6911 3.3042 -5.3542 0.0001 

MEAN VCI 0.1559 0.0781 1.9959 0.0622 

MEAN TCI 0.2034 0.0550 3.6988 0.0018 

 

6.3.2.2.3 Model Validation 

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 6.44).  The 

overall correlation coefficient 0.9088 is good.  An R-Square value of 0.8258 shows 

that in most years, corn yield in CRD 30 can be modeled by variables considered in 
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model Equation (6.1).    For corn CRD 30, the model forecast captured 83% of the 

variability in yield anomalies. 

The average prediction bias is 0.0260 (systematic error).  The variance of the 

prediction error is 36.0806 or the SEP is 6.0067 (non-systematic error).  The standard 

error of the estimated mean bias is 1.3431 (Table 6.44).  T-tests of the hypothesis that 

the bias is 0 gives t = 0.0193 which, with 19 degrees of freedom and α = 0.05, is not 

significant.  The MSEP is 2772.34)0260.0(
20

)0806.36(19 2 =+= .    The RMSEP is 

5.8547 an approximate 3% error in prediction.   

Table 6.44: Statistics of an independent testing for model Equation (6.1), corn, CRD 
30, Kansas  

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

Corn 0.9088 0.8258 0.0260 36.0806 6.0067 1.3431 5.8547 

 

Figure 6.33 displays observed versus independently simulated crop yield time 

series of corn 1985 through to 2005 for CRD 30, Kansas.    For corn CRD 30 the 

model forecasts captured 83% of the variability in yield anomalies.   
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Figure 6.33: Observed yield (corn) versus independently simulated yield (yieldhat), 
CRD 30, Kansas 

6.3.3 Haskell County 

6.3.3.1 Crop yield time series 

Figure 6.34 shows that in Haskell County corn yield increases due to 

technology improvement.  
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Figure 6.34: Corn yield time series, Haskell County, Kansas 

6.3.3.2 Regression Analysis 

A useful starting point in any multiple regression analysis is to compute 

correlations among all variables.  This provides a first look at the simple linear 

relationships among them. 

6.3.3.2.1 The Correlation Matrix 

Table 6.45 contains Pearson’s correlation coefficients among the dependent 

variable dY (corn) with VCI (weeks 32 to 34) and TCI (weeks 29 to 33) for Haskell 

County, Kansas.  All VCI variables have high correlations with dY (0.72-0.74).  
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VCI33 has the highest correlation with dY.  It would account for 55% (r2 =0 .74) of 

the variation in dY if used separately as the only independent variable in the 

regression model.  Besides, TCI variables have significant correlation with dY (0.45-

0.54). 

Table 6.45:  Correlation matrix dY (corn), VCI (weeks 25 to 35) and TCI (weeks 31 to 
32) Haskell County, Kansas 

Pearson Correlation Coefficients 
 dY 

VCI32 0.7313 

VCI33 0.7398 

VCI34 0.7228 

TCI29 0.4771 

TCI30 0.4507 

TCI31 0.5280 

TCI32 0.5450 

TCI33 0.5143 

 

Table 6.45 contains Pearson’s correlation coefficients among the dependent 

variable dY (corn) with VCI (weeks 32 to 34) and TCI (weeks 29 to 33) for Haskell 

County, Kansas.  VCI variables have high correlations with dY (0.72-0.74).  VCI33 

has the highest correlation with dY (0.78).  TCI variables have significant correlation 

with dY (0.45-0.54) at p<0.05 level. 

Average VCI and TCI ( vci , tci ) for weeks with significant Pearson’s 

correlation coefficients at p-level (p<0.001) among dY and VH indices were used as a 

predictors of dY.  Figure 6.35 shows dynamics of dY (corn), MEAN VCI (weeks 32 to 
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34) and MEAN TCI (weeks 29 to 33) for Haskell County, Kansas.  This figure shows 

how closely VH indices dynamics follows dY dynamics.  This is a strong indication 

that VH indices can be used as predictors in a forecast model for corn yield in Haskell 

County, Kansas. 
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Figure 6.35: Dynamics of dY (corn), MEAN VCI (weeks 32 to 34) and MEAN TCI 
(weeks 29 to 33) for Haskell county, Kansas  

 

Table 6.46 shows correlation coefficients among dY (corn) with vci  (weeks 32 

to 34) and tci  (weeks 29 to 33).  These correlation coefficients are significantly 

different from 0 with p-value (p<0.001).  For corn,  vci  would account for 55% 

(0.742) of the variation in dY if used separately as the only independent variable in the 
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regression model.  Besides, tci  would account for 28% (0.532) of the variation in dY 

(corn) if used separately as the only independent variable in the regression model. 

Table 6.46: Correlation matrix dY (corn), MEAN VCI ( vci ) and MEAN TCI ( tci ) 
Haskell County, Kansas 

Pearson Correlation Coefficients 
 dY 

MEAN VCI 0.7372 

MEAN TCI 0.5319 

 

6.3.3.2.2 Multiple Regression Results 

The results of fitting the ordinary least squares (OLS) regression model 

approximated by Equation (6.1) to Haskell County are shown in Table 6.47.   

Table 6.47 shows that there is a strong relationship among dY and the 

independent variables.  The coefficient of determination, R-Square, is 0.67 or 67% of 

the sum of squares in dY (corn) can be associated with the variation in these 

independent variables.  The test of the composite hypothesis that all regression 

coefficients are 0 is highly significant with F-value of 17.23 compared to F (0.01, 2, 

17) = 6.11.  The Root MSE is 5.9965 with 17 degrees of freedom is an unbiased 

estimate of σ.  
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Table 6.47: Results of the regression of dY (corn) on the two independent variables 
MEAN VCI and MEAN TCI, Haskell County, Kansas 

Source DF Sum of Squares Mean Square F Value Pr > F 

Model 2 1238.792 619.3959 17.2253 <.0001

Error 17 611.2958 35.9586 – –

Corrected Total 19 1850.088 – – –

 

R-Square Root MSE 

0.6696 5.9965 

 

Parameter Estimate Standard Error t Value Pr > |t| 

Intercept 77.3883 4.1336 18.7216 0.0000 

MEAN VCI 0.2451 0.0549 4.4601 0.0003 

MEAN TCI 0.1397 0.0549 2.5466 0.0209 

 

6.3.3.2.3 Model Validation 

For model validation we regressed observed yield versus independently 

simulated yield and the corresponding statistics were generated (Table 6.48).  The 

overall correlation coefficient 0.7219 is good.  An R-Square value of 0.5211 shows 

that in most years, corn yield in Haskell County can be modeled by variables 

considered in model Equation (6.1).    For corn Haskell County, the model forecast 

captured 52% of the variability in yield anomalies. 

The average prediction bias is 0.1363 (systematic error).  The variance of the 

prediction error is 150.3631 or the SEP is 12.2623 (non-systematic error).  The 
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standard error of the estimated mean bias is 2.7413 (Table 6.48).  T-tests of the 

hypothesis that the bias is 0 gives t = 0.0497 which, with 19 degrees of freedom and α 

= 0.05, is not significant.  The MSEP is 8635.142)1363.0(
20

)3631.150(19 2 =+= .    The 

RMSEP is 11.9526 an approximate 7% error in prediction.   

Table 6.48: Statistics of an independent testing for model Equation (6.1), corn, Haskell 
County, Kansas   

Crop Correlation R-Square Bias Variance SEP Std Error RMSEP

Corn 0.7219 0.5211 0.1363 150.3631 12.2623 2.7413 11.9526 

 

Figure 6.36 displays observed versus independently simulated crop yield time 

series of corn 1985 through to 2005 for Haskell County, Kansas.    For corn Haskell 

County the model forecasts captured 52% of the variability in yield anomalies.   
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Figure 6.36: Observed yield (corn) versus independently simulated yield (yieldhat), 
Haskell County, Kansas 
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7. Concluding Remarks 

7.1 Thesis Conclusions 

Crop yield forecasts provide important information for government agencies, 

commodity traders, producers and other users in planning harvest, storage, 

transportation and marketing activities.  Yield estimates of several crops in Kansas are 

currently based on field surveys and farmer interviews although official forecasts do 

not exist for many crops.  This methodology is typically expensive and time-

consuming.   

In addition, over the years, large-area assessment of crop production has been 

based on a complex of in situ observations such as weather and climate data, soil 

physical properties, technological and other factors using statistical methods.  This 

approach provided quite reasonable large-area predictions.  However, one of the 

principal shortcomings of this approach is that in situ observations are not dense 

enough to adequately represent the volatile nature of spatial precipitation patterns.    

This is especially important in areas with limited water supplies where the majority of 

staple food crops are grown.  An additional problem with the availability of in situ 

observations often appeared due to economic, political and social situations.  

 In order for crop assessment systems to be economical, more efficient 

methods for data collection and analysis are necessary.  Since satellites cover large 
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areas in a short amount of time at a relatively low cost, remote sensing has the 

potential to provide reliable, timely and cost-effective predictions.   

We developed remote sensing data-based models of statewide, CRDs and 

county yields for three major Kansas crops and tested their accuracy using cross-

validation from 1985 to 2005.  The forecasts were highly accurate, as judged by the 

percentage of yield variation explained by the forecast, the number of yields with 

correctly predicted direction of yield change, the number of yields with correctly 

predicted extreme values and the error on prediction.  Predictions for most crops relied 

on satellite data measurements well before harvest time, allowing longer lead times 

than existing procedures. 

Remote sensing is a promising alternative approach.  The satellite data as part 

of a crop yield estimation system can be considered a natural component because of 

the ability of satellites to provide relatively economical, consistent and repeated 

coverage over large areas.  These characteristics of satellites allow collecting data 

useful for timely estimation of crop conditions throughout an entire growing season 

covering either important agricultural production regions or remote regions where 

accurate information is normally unavailable.  Thus, remote sensing is a potential 

alternative to previous data collection methods.  This approach would be attractive 

because yields could potentially be forecast at lower cost, with greater accuracy and 

longer lead times.  
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To test the ability of remote sensing data to forecast crop yields prior to 

harvest, we studied the statistical relationships among Vegetation Health (VH) Indices 

(Vegetation Condition Index (VCI) and Temperature Condition Index (TCI)) 

computed for each week during a period of 21 years (1985-2005) from Advance Very 

High Resolution Radiometer (AVHRR) data and crop–yield records.  We selected 

three crops (winter wheat, sorghum and corn) that are among the most valuable in 

Kansas, and obtained state crop production (bushels, b), area (acres, a) and yield (b a-

1) electronically from USDA/NASS database site (http://www.usda.gov/nass/) for the 

entire state of Kansas, each CRD and county, from 1980 through to 2005.   

Several crops have exhibited significant positive yield trends since 1985 due to 

improvement in technology, management and cultivar changes, so we removed a 

linear trend from each crop to produce a time series of yield anomalies, or departures 

from expected yields.  A positive anomaly indicates yields higher than expected based 

on time trends, and a negative anomaly indicates yields lower than expected.   

The satellite data and yield data were then combined in linear regression 

models to test how well yield anomalies could be predicted before harvest based on 

weekly satellite measurements.  An important step in building statistical models is to 

independently test model predictions, because tests using the same data that were used 

to calibrate the model tend to be very optimistic. The straightforward approach of 

reserving part of the data during model calibration, however, is problematic when the 

quantity of data is limited as in our case.  An alternative approach, which we 
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employed in this research, is ‘leave-one-out’ cross-validation.  In this approach, a 

single year was left out of the calibration step and subsequently compared to model 

predictions in that year.  This comparison was done for each year, in this case resulting 

in 21 comparisons between model predictions and observations. 

The results of cross–validation analysis suggest that winter wheat, sorghum 

and corn yields can be forecast with fairly high accuracy based on remote sensing data 

particularly VH indices.  In general, the models correctly predicted the direction of 

yield anomalies for most of the years.  That is, the models correctly predicted whether 

the yield would be above or below the trend. 

This study shows that crop yield can be estimated from remote sensing data 

(VH indices) at approximately two months before the end of harvest, giving farmers 

and others in the industry the opportunity to use this information to make decisions.  

We have used the two AVHRR–based VH indices characterizing moisture (VCI) and 

thermal (TCI) conditions in Kansas as predictors of crop yield. 

The models developed in this study are promising for forecasting winter wheat, 

sorghum and corn yields based on satellite measurements.   Such forecasts could be of 

great relevance to commodities trade and management decisions.  For example, 

farmers and other people related to the agribusiness industry could have used satellite 

data to correctly predict the low yield in 1989, 1996 and 2002 and adjust marketing 

practices for that reason, well before the forecast from USDA became available.   
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7.2 Future Research 

The models developed in this study are promising for forecasting statewide, 

Crop Reporting District and county levels crop yields based on remote sensing data 

specifically Vegetation Health Indices (VCI and TCI) values.  The potential value of 

such forecasts will depend on the acceptable types and magnitude of errors for 

particular applications.  The potential to forecast crop yields also depends on crop 

type.   

Even though field-based surveys are more accurate than other forecasts, it is 

important to consider the tradeoff between forecast accuracy, cost and timing.  The 

low cost and long lead times that are possible with remote sensing data-based models 

would likely provide a useful complement to existing approaches for crops that are 

currently surveyed.  For crops that are not currently forecast by USDA, these models 

present an opportunity to develop forecasts with low cost.   

The current research was limited to few crops of the many grown in Kansas.  

Open questions are how well other crops can be modeled and whether other variables 

such as weather would improve forecast accuracies.  These models can be further 

improved with growing historical and higher spatial resolution data.  In addition, these 

models can be properly modified to add or drop variables and can be easily extended 

for other crops and regions. 
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8. Appendices 

8.1 Appendix 1:  The Collinearity Problem 

The partial regression coefficient and partial sum of squares for any inde-

pendent variable are, in general, dependent on which other independent variables are 

in the model.  This dependence of the regression results for each variable on what 

other variables are in the model derives from the independent variables not being 

mutually orthogonal.  Lack of orthogonality of the independent variables is to be 

expected in observational studies, those in which the researcher is restricted to making 

observations on nature as it exists.  In such studies, the researcher cannot impose on a 

subject, or withhold from the subject, a procedure or treatment whose effects he 

desires to discover, we cannot assign subjects at random to different procedures. 

(Cochran 1983).  On the other hand, controlled experiments are usually designed to 

avoid collinearity problems.  The extreme case of nonorthogonality, where two or 

more independent variables are very nearly linearly dependent, creates severe 

problems in least squares regression.  This is referred to as the collinearity problem. 

Multiple linear regression with correlated explanatory variables is relevant to a 

broad range of problems in the physical, environmental, chemical, and engineering 

sciences.  In this annex, we review a general theory for selecting principal components 

that yield estimates of regression coefficients with low mean squared error.  The 
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results can be applied to any problem in which estimation of regression coefficients 

for correlated explanatory variables is of interest.  

8.1.1 Overview 

It is well known of the inability of classical least squares to provide reasonable 

point estimates when the matrix of regressor variables X is ill conditioned.  Despite 

possessing a very desirable property of being minimum variance in the class of linear 

unbiased estimators, the ordinary least squares regression coefficients may have 

extremely large variances when there are near multicollinearities in X the matrix of 

explanatory variables, which is one form of ill conditioning.  The variance of the 

ordinary least squares estimates becomes inflated when one or more eigenvalues of the 

correlation matrix of explanatory variables are close to zero.  This results in an 

estimator that may have low probability of being close to the true value of the vector 

of regression coefficients β (Draper and Smith 1981, Myers 1986, Chatterjee et al. 

2000). 

There are many methodologies for combating this problem.  Principal 

components regression (PCR) and partial least squares regression (PLSR) (Wold et al. 

1987, Geladi et al. 1989, Kettaneh-Wold 1992, Trygg and Wold 1998, Wold 2001, 

Wold et al. 2001a, Wold et al. 2001b, Li et al. 2002) are two related methodologies 

that are often used to cope with the collinearity problem in multiple linear regression 

(MLR).  Both involve selecting a subspace of the column space of X on which to 
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project the response vector Y.  The two methodologies differ in the subspaces that 

they consider.  PCR considers subspaces spanned by subsets of the principal 

components of X.  PLSR considers subspaces spanned by subsets of the partial least 

squares (PLS) components which depend on both X and Y. 

In general, users of PCR and PLSR regress Y against the first k components 

where k is determined by leave-one-out cross-validation.  For PLSR, the first k PLS 

components are by design the ones most relevant to Y.  The first k principal 

components (PCs), however, correspond to the largest k eigenvalues of the correlation 

matrix of X and are constructed independently of Y.  Limiting the analysis to PCs with 

the largest eigenvalues helps to control variance inflation but can introduce high bias 

by discarding PCs with small eigenvalues that may be most closely associated with Y  

(Jolliffe 1972, Jolliffe 1973, Jolliffe 1982, Hadi and Ling 1998, Jolliffe and ebrary Inc. 

2002).  

In this thesis, we present methods for choosing a subset of components that 

attempt to minimize the mean squared error (MSE) of the estimator of β.  Given a 

particular set of basis vectors for the column space of X, we derive the subset of the 

basis vectors that leads to an estimator of β with lowest MSE.  This optimal subspace 

depends on the unknown error variance σ2 and the unknown regression coefficients.  

We use cross-validation to select the optimal subspace and thus approximate the 

optimal vector of regression coefficients. 
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Here we analyze the collinearity problem and a description is given of how 

principal components regression (PCR) works in practice. 

8.1.2 Notation and Conventions 

Throughout the remainder of this annex, we will follow the notational 

conventions listed below.  Greek letters are used to denote the parameters of a model 

while Roman letters are used to denote the estimates of the corresponding parameter. 

Scalars are denoted by lower case, italic Roman and Greek letters. 

a, b, c ….and α, β, γ 

Vectors are always defined as column vectors and are denoted by lower case, 

bold Roman and Greek letters. 

a, b, c… and α, β, γ… 

A vector with p elements will be of dimension (p × 1) with its ith element given 

by the corresponding lower-case italic letter with an appropriate subscript, e.g. the ith 

element of vector v is vi.  The vector 1 denotes a vector whose elements are all ones. 

Matrices are represented by upper case, bold Roman and Greek type. 

A, B, C… and Ξ, Γ… 

Their elements are represented by the corresponding lower-case, italic letter 

with subscripts identifying the row and column, respectively.  For example, the 

elements of matrix X are given by xij.  Sometimes, matrices will be written as A (n × 
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p) to emphasize that the matrix A has n rows and p columns.  It is also convenient to 

define matrices as a series of column vectors.  A (n × p) is also defined as A = [a1, a2, 

…, ap] where the ai, i = 1, 2, …, p are the (n × 1) columns of A.  If we want to 

consider the matrix formed by the first m < p columns of A, we will write it as Am, 

where Am (n × m) = [a1, a2, …, am].  The identity matrix of order p is written as Ip and 

is defined as a square (p × p) matrix that has 1’s on the main diagonal and 0’s 

elsewhere. 

The columns of the (n × p) matrix X might be measurements of p variables 

taken at n different samples.  These variables will be denoted by the corresponding 

lower-case italic letter with a subscript indicating the column number, e.g., x1, x2, …, 

xp. 

8.1.3 Review of Methodologies 

In this section, we will not give a detailed mathematical, statistical and 

geometrical interpretation of each methodology since the interested reader can find it 

in the references.  Instead, we will start giving a review of ordinary least squares 

regression method.  The shortcomings of this method are outlined.  Then PCR is 

reviewed and its shortcomings analyzed.  Finally, PLS method will be introduced as a 

practical solution to the collinearity problem. 
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8.1.4 The Multiple Regression Model 

The least squares regression model is given by  

y = β0 1 + Xβ + ε 

where y is the (n × 1) vector containing ground data (crop yield), 1 is an (n × 1) vector 

of ones; X = [X1 X2 … Xp] is a (n × p) full–rank matrix of non-stochastic regressor 

variables (VH indices) which is standardized so that Xj
'1 = 0 and Xj

' Xj = 1 for j = 

1,2,…,p, β0 is an unknown constant, β is the (p × 1) vector containing the regression 

coefficients or parameters to be estimated and ε is the (n × 1) vector of unobservable 

random-error variables which are independent and identically distributed with mean 

zero and variance σ2
i.  In addition, for inference, testing hypothesis and calculating 

confidence intervals, it is assumed that ε ~ N (0, σ2 I).  The least squares solution for β 

is (assuming X is of full column range) given by b = (X'X)-1X'y and the variance-

covariance matrix of the estimated regression coefficients is Var(b) = σ2 (X'X)-1.  If 

collinearity exits it can degrade the precision of the results and make the b coefficients 

unstable (Draper and Smith 1981, Myers 1986). 

8.1.5 The Problem 

Singularity of X results when some linear function of the columns of X is 

exactly equal to the zero vector.  Such cases become obvious when the least squares 

analysis is attempted because the unique (X'X)-1 does not exist.  A more critical 
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situation arises when the matrix is only close to being singular, meaning that a linear 

function of the vectors is nearly zero.  It is caused because of redundant independent 

variables-the same information expressed in different forms.  Interdependent variables 

that are closely linked in the system being studied can cause near-singularities in X.  A 

unique solution to the normal equations exists in these nearly singular cases but the 

solution is very unstable (Draper and Smith 1981, Jolliffe 1986, Myers 1986, 

Chatterjee et al. 2000).  Small changes (random noise) in the variables y or X can 

cause drastic changes in the estimates of the regression coefficients.  The variances of 

the regression coefficients, for the independent variables involved in the near–

singularity, become very large.  Variables involved in the near-singularity can serve as 

surrogates for each other so that different combinations of the independent variables 

can be used to give nearly the same value of y (Draper and Smith 1981).  Therefore, 

using ordinary regression procedures under high levels of correlation among predictor 

variables affects several characteristics of the model such as magnitude, sign, standard 

error of the estimated coefficients and the coefficient of determination.  The sign 

indicates the direction of the relationship, the magnitude indicates the degree of 

influence, and the significance indicates whether the influence was due to chance or 

not.  These difficulties that result from X being nearly singular are referred as the 

collinearity problem. 

The impact of collinearity on least squares is very serious if primary interest is 

in the regression coefficients or if the purpose is to identify important variables in the 
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process. The estimates of the regression coefficients can differ greatly from the 

parameters they are estimating, even to the point of having incorrect sign.  The 

collinearity will allow important variables to be replaced in the model with minor 

variables that are involved in the near-singularity.  Hence, the regression analysis 

provides little indication of the relative importance of the independent variables. 

The use of the regression equation for prediction is not seriously affected by 

collinearity if the correlational structure observed in the sample persists in the 

prediction population and prediction is carefully restricted to the sample X space.  

However, prediction to a system, where the observed correlation structure is not 

maintained or for points outside the sample space, can be misleading.  The sample X-

space in the presence of near-collinearities becomes very narrow in certain dimensions 

so that it is easy to choose prediction points that fall outside the sample space and, at 

the same time, difficult to detect when this has been done.  Points well within the 

limits of each independent variable may be far outside the sample space.  To detect 

near collinearities in the data,  certain clues are present: unreasonable values for 

regression coefficients, large standard errors, nonsignificant partial regression 

coefficients when the model provides a reasonable fit, and known important variables 

appearing as unimportant (or with an opposite sign from what the theory would 

suggest) in the regression results.  High correlations between independent variables 

will identify near-collinearities involving two variables but may miss those involving 
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more than two variables.  A more direct approach to detecting the presence of 

collinearity is with a singular value decomposition of X or an eigenanalysis of X'X. 

The remedies for the collinearity problem depend on the objective of the 

model.  If the objective is prediction, collinearity causes no serious problem within the 

sample X-space.  When primary interest is in estimation of the regression coefficients, 

one of the biased regression methods may be useful.  A better solution, when possible, 

is to obtain new data or additional data such that the sample X-space is expanded to 

remove the near-singularity.  It is not likely that this will be possible when the near-

singularity is the result of internal constraints of the system being studied.  When the 

primary interest of the research is to identify the important variables in a system or to 

model the system, the regression results in the presence of severe collinearity will not 

be very helpful and can be misleading.  It is more productive for this purpose to 

concentrate on understanding the correlational structure of the variables and how the 

dependent variable fits into this structure.  Principal component analysis and principal 

component regression can be helpful in understanding this structure. 

8.1.6 Understanding the Structure of the X-space 

The correlation matrix of the standardized independent variables X'X is used 

for understanding the structure of the X-space.  The off-diagonal elements of this 

matrix are the cosines of the angles between the corresponding standardized vectors in 
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X-space.  Values near 1.0 or -1.0 indicate nearly collinear vectors; values near zero 

indicate nearly orthogonal vectors. 

In our data, there are high correlations among the independent variables.  For 

example, the correlation coefficient between VCI for week 20 and VCI for week 21 is 

0.9839 as seen in Table 8.1. 

Table 8.1: Correlation matrix among dY (WW) and VCI (week 17-23) for CRD 50, 
Kansas, U.S. 

 dY VCI17 VCI18 VCI19 VCI20 VCI21 VCI22 VCI23 

dY 1.00000 0.83322 0.84091 0.84398 0.84858 0.84569 0.83353 0.82327

VCI17 0.83322 1.00000 0.98924 0.95386 0.89391 0.83018 0.76140 0.70926

VCI18 0.84091 0.98924 1.00000 0.98667 0.93071 0.88345 0.82662 0.77647

VCI19 0.84398 0.95386 0.98667 1.00000 0.95199 0.92808 0.88988 0.84335

VCI20 0.84858 0.89391 0.93071 0.95199 1.00000 0.98391 0.93709 0.87701

VCI21 0.84569 0.83018 0.88345 0.92808 0.98391 1.00000 0.98289 0.93699

VCI22 0.83353 0.76140 0.82662 0.88988 0.93709 0.98289 1.00000 0.97781

VCI23 0.82327 0.70926 0.77647 0.84335 0.87701 0.93699 0.97781 1.00000

 

The difficulties encountered when using remote sensing data are not only 

confined to the mere handling of the large amounts of data, but also, and perhaps more 

important, to the analysis and interpretation of the data.  Multispectral data possess a 

high degree of correlation due to natural spectral correlation, topographic slope and 

aspect, and overlap of spectral sensitivities between adjacent spectral bands 

(Schowengerdt 1983).  Hence, it is necessary to utilize techniques that can help in 

extracting significant information and eliminate redundancy. 
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Correlations will reveal linear dependencies involving two variables, but they 

will not reveal linear dependencies involving several variables.  Near linear 

dependencies, involving any number of variables, are detected with a singular value 

decomposition of the matrix of independent variables, or with an eigenanalysis of the 

correlation matrix.  The independent variables are scaled so that the vectors are of 

equal length and centered to remove collinearities with the intercept.   

Table 8.2: Eigenvalues of the correlation matrix for the seven independent variables 
(VCI, weeks 17-23), CRD 50, Kansas 

 Eigenvalue Difference Proportion Cumulative 

1 6.39092765 5.88683691 0.9130 0.9130 

2 0.50409074 0.42771912 0.0720 0.9850 

3 0.07637162 0.05502020 0.0109 0.9959 

4 0.02135142 0.01471412 0.0031 0.9990 

5 0.00663730 0.00628283 0.0009 0.9999 

6 0.00035446 0.00008764 0.0001 1.0000 

7 0.00026682 – 0.0000 1.0000 

 

The eigenvectors of X'X that correspond to the smaller eigenvalues identify the 

linear functions of the Xs that show least dispersion and that cause the collinearity 

problem.  The result of the eigenanalysis of the correlation matrix for CRD 50 data are 

shown in Table 8.2 and 8.3.  The first part of Table 8.2 shows the eigenvalues of the 

correlation matrix of the seven independent variables VCI (Vegetation Condition 

Index, weeks 17-23) for CRD 50.  From the “Eigenvalue” column, it is clear that the 

first principal component has a very large variance (6.39), the second has much 
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smaller variance (0.51), and the others have negligible variances.  The first component 

accounts for 91% of the total variation.  The cumulative proportions printed in the 

“Cumulative” column indicate that 98.50% of the total variation in the seven variables 

is explained by only two components.  The eigenvalues reflect an extreme collinearity 

problem, with the condition number being  (6.390927/0.0002668)1/2=154.77 

Table 8.3: Eigenvectors for each of the principal components for the seven 
independent variables (VCI, weeks 17-23), CRD 50, Kansas 

 Prin1 Prin2 Prin3 Prin4 Prin5 Prin6 Prin7 

VCI17 0.363085 -.542199 0.166207 0.548184 0.329027 0.253174 0.271485

VCI18 0.378227 -.406123 0.165804 -.104324 -.096032 -.606898 -.525439

VCI19 0.387758 -.221802 0.184769 -.731118 -.173639 0.331356 0.303030

VCI20 0.389129 0.008743 -.626240 0.195810 -.459916 0.352703 -.286466

VCI21 0.387356 0.232046 -.422137 -.015523 0.142980 -.533348 0.559255

VCI22 0.377201 0.415745 0.003543 -.150112 0.675088 0.220784 -.397290

VCI23 0.361954 0.514901 0.583401 0.304895 -.405782 -.013249 0.075591

 

Table 8.3 shows the eigenvectors for each of the PCs.  The coefficients of the 

first PC show a positive relationship with all variables, with somewhat larger 

contributions from VCI20 (0.3891), VCI19 (0.33878) and VCI21 (0.3874).  As 

expected, these components are in the middle of the critical period of winter wheat. 

The second component is dominated by VCI23 (0.5149).  The final yield component, 

kernel weight, is determined during maturation that for WW occurs in week 23. 
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8.1.7 Principal Components 

8.1.7.1 Principal Component Analysis 

Consider a full-rank matrix of nonstochastic variables X = [X1 X2 … Xp] 

which is standardized so that Xj
' 1 = 0 and Xj

' Xj = 1 for j = 1,2,…,p, in which many of 

the columns are linear or near linear dependent.  The total information or variation 

contained in X is proportional to tr (X'X), the trace of the matrix X'X.  The idea in 

principal component analysis (PCA) is to construct successive linear combinations of 

the independent variables so that each one accounts for as much of the total variation 

as possible subject to the constraint that it be orthogonal to the linear combinations 

already extracted (Jolliffe and ebrary Inc. 2002). 

Let us write any linear combination of the remote sensing data as z = Xv, 

where v is the p-element vector of weights.  Then the variance of z can be written as 

var(z) = var(Xv) = v'X'Xv and we would like to find the vector of weights, v, that 

will maximize this variance.  Since it is possible to achieve a maximum for infinite v, 

a constraint is imposed on the norm of the vector of weights.  The simplest procedure 

usually applied is to specify a unit-norm constraint on v, hence, v'v = 1.  It can be 

shown that this problem reduces to an eigenvalue problem yielding X'X v = λ v for 

which it is clear that the solution, which we will denote by the vector vi , is given by 

an eigenvector of X'X, that is, v1 satisfies the eigenvalue/eigenvector equation X'X v1 

= λ1v1 in which λ1 is the eigenvalue corresponding to the eigenvector v1 (Jolliffe and 
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ebrary Inc. 2002).  The question now is which eigenvector accounts for the maximal 

variation.  Pre-multiplying the above equation by v'1 and application of the 

normalization constraint yields v'1X'Xv1 = λ1v'1v1 = λ1. 

Since the variance is set to be as large as possible, λ1 must be the largest 

eigenvalue of X'X and v1 is the associated eigenvector.  Thus, the linear combination 

of X which has the largest variance is z1 = Xv1 and is the first or largest principal 

component of X, and its variance is λ1.  Successive principal components (PCs) are 

derived in a similar manner with the additional constraint that they be orthogonal to all 

previous PCs (Jolliffe and ebrary Inc. 2002). 

The ith PC derived in this way is zi = Xvi, and its variance, v'iX'Xvi or z'izi 

equal to λi, the ith largest eigenvalue of X'X.  The weighting vector vi, is the unit-norm 

eigenvector associated with λi.  In the literature on PCA, vi is known as a vector of 

weights or loadings.  The loadings yield information about the interrelationships 

among the variables.  The PCs, on the other hand, carry information about the 

interrelationships among the n observations.  The elements of the ith linear 

combination zi are known as scores and are grouped in a matrix.  If the first m < p PCs 

are extracted, then the (n × m) score matrix, Zm, whose columns are the first m PCs, 

will be given by Zm = X Vm or [z1, z2, …, zm] = X[v1, v2, …, vm] where the columns of 

the (p × m) matrix Vm are the first m eigenvectors of X'X.  Because principal 

components are orthogonal, we can write that Z'Z = V'mX'XVm = Lm where Lm is an 

(m × m) diagonal matrix whose elements, λi, are the first m eigenvalues of X'X.  As 
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many PCs can be extracted as the rank, p, of X.  The total variation of X, tr(X'X), can 

be written as tr(X’X) =   ∑
=
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If the last eigenvalues are very small, αm will be very close to one when only m 

PCs are retained.  This makes it possible to summarize the information in X using 

fewer PCs than the original number of X variables. 

When all PCs have been extracted we can write for m = p Z = X V.  Post 

multiplying by V' and noting that V is an orthonormal matrix yields X = ZV'.  In other 

words, the data matrix can be reconstructed exactly if all p PCs are retained.  If only 

the first m PCs are retained, however, X cannot be reproduced exactly.  Instead, the 

product ZmV'm = z1v'1 + z2v'2 + …. + zmv'm ≡  provides the best rank m 

approximation of X in a least squares sense. 

m
PCAX̂

In general, the rank m approximation of X is an m–dimensional hyper-plane in 

p-dimensions.  For example, consider a standardized data matrix X, consisting of only 

two (n × 2) but highly collinear variables.  Each row of this matrix represents a point 
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in two-dimensional space defined by the orthogonal axes corresponding to the 

variables x1 and x2 and the n points plotted together form a two-dimensional cloud.  If 

the elements of  (a rank one approximation) are plotted, they are all positioned 

along a straight line.  The first eigenvector, v

1ˆ
PCAX

1, lies in the direction of the greatest 

spread or variation, while the second eigenvector, v2, is orthogonal to the first and lies 

in the next greatest direction of spread.  The straight line formed by the first 

eigenvector is the best fitting one in the sense of minimizing the sum of the squares of 

the perpendicular distances from the data points to any line.  The data used in this 

example has most of the variation in one direction only, that of v1.  The variation in 

the other direction, described by v2 is minor compared to the first one and the 

according eigenvalue, λ2, is much smaller than λ1.  By retaining only the first PC (rank 

1 approximation), most of the variation in the data is accounted for and the direction 

defined by the second PC is regarded redundant. 

In the case of three x-variables, the first PC also defines a straight line while 

the first two PC’s define a two-dimensional plane in the three-dimensional space 

spanned by the original variables x1, x2 and x3.  Higher dimensions cannot be 

illustrated by a graphical example but the methodology remains the same.  The basic 

idea in PCA is that the directions associated with small eigenvalues are unimportant 

and that the relevant information (most of the variation) is concentrated in the first few 

PCs. 
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8.1.7.2 Principal Components Regression 

The least squares estimators of the regression coefficients are the best linear 

unbiased estimators.  That is, of all possible estimators that are both linear functions of 

the data and unbiased for the parameters being estimated, the least squares estimators 

have the smallest variance.  In the presence of collinearity, however, this minimum 

variance may be unacceptably large.  Relaxing the least squares condition that 

estimators be unbiased opens for consideration a much larger set of possible 

estimators from which one with better properties in the presence of collinearity might 

be found.  Biased regression refers to this class of regression methods in which 

unbiasedness is no longer required.  Such methods have been suggested as possible 

solutions for the collinearity problem (Draper and Smith 1981, Myers 1986, Jong and 

Kotz 1999, Chatterjee et al. 2000, Kim et al. 2005).  Biased regression has been 

motivated for the possibility of obtaining estimators that are closer, on average, to the 

parameter being estimated than are the least squares estimators. 

Principal components regression is a technique to handle the problem of 

collinearity and produces stable and meaningful estimates for regression coefficients.  

Principal component regression approaches the collinearity problem by eliminating 

those dimensions of the X-space that are causing the collinearity problem.  This is 

similar to dropping an independent variable from the model when there is insufficient 

dispersion in that variable to contribute meaningful information on y.  However, in 
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principal component regression the dimension dropped is defined by a linear 

combination of the independent variables rather than by a single independent variable. 

As described mathematically in the previous sections, PCA is in fact a method 

for transforming the coordinate system.  After PCA is carried out, the original data 

contained in X and described by p variables is represented by Z, or by Zm if one is 

satisfied with the rank m approximation.  By doing so, the number of variables is also 

reduced from p to m without a significant loss of information.  The matrix Vm is a 

transformation matrix needed to toggle between the two coordinate systems.  In 

addition, the m new variables are orthogonal meaning that the columns of Zm are not 

collinear - not (near) linear dependent. 

Principal component regression (PCR) consists of replacing the original 

regressors, or independent variables by a subset of PCs, usually those that account for 

most of the variation.  Consider the conventional multiple linear regression model 

which is expressed as y = Xβ + ε, in which y is an (n × 1) vector of observations on 

the response variable, X is the (n × p) matrix of observations on the predictor 

variables, β is a (p × 1) vector of parameters, ε an (n × 1) vector of errors independent 

and identically distributed with mean zero and variance σ2I.  X and y are mean-

centered to avoid collinearity with the intercept.  In the case of PCR the above 

equation is rewritten as y = Zmα + ε. 

Here, Zm is an (n × m) matrix whose columns are the first m PCs (zi) and α is 

an (m × 1) vector of unknown parameters.  Using least squares to estimate the 
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elements of α leads to a = (Z'mZm)-1Z'my = L-1Z'my in which Lm is a diagonal matrix 

consisting of the first m eigenvalues of X'X. 

The vector of fitted values, , is given by Zŷ ma.  We can also express  as a 

linear combination of X since Z

ŷ

m = XVm, where the columns of the matrix Vm(p × m) 

consists of the first m eigenvectors of X'X.  Thus, we can write  

m
PCRŶ  = XVmLm

-1Vm
’X’y.  If we compare this with the multiple regression 

equation, the PCR estimate of β is  = Vm
PCRb mLm

-1Vm
’X’y. 

However, the PCR method has a significant drawback.  The PCR as described 

above is the standard formulation for which the PCs defining Zm are in accordance 

with the size of their corresponding eigenvalues alone and not on their predictive 

value.  This procedure neglects low variance components that may have predictive 

value on y.  The PCs solely describe the largest variance components of the satellite 

data, X, and it is not necessarily true that this is the most informative variance to 

model the crop yield data, y (Hadi and Ling 1998, Chatterjee et al. 2000, Jolliffe and 

ebrary Inc. 2002).  Therefore, several authors suggest retaining, in the final PCR 

model, only those PCs that show a good correlation with the y-variable (Jolliffe 1972, 

Jolliffe 1973, Jolliffe 1982, Jolliffe 1986, Preisendorfer and Mobley 1988, Jackson 

1991, Hadi and Ling 1998). 
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