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CHAPTER 1:   LITERATURE REVIEW 

 

Introduction to remote sensing.  Remote sensing is defined as the acquisition of 

measurements of an object without physical contact between the measuring device and 

the object (Nilsson 1995).  This allows the object to be analyzed noninvasively multiple 

times.  In scientific literature, ―remote sensing‖ typically refers to the use of precise 

instruments, such as spectroradiometers, to measure electromagnetic radiation reflected 

or emitted from an object in a larger spectrum than visible light alone.  Remotely sensed 

data generally is obtained as reflectance, which is the ratio of radiation reflected off the 

subject to incident radiation hitting the subject (Jensen 2005).  Reflectance data may be 

collected in the ultraviolet (UV, 10-390 nm), visible (390-770 nm), near-infrared (NIR, 

770-1300 nm), and middle-infrared (MIR, 1300-2500 nm) ranges (Nilsson 1995).  

Thermal infrared (2.5-15 µm) wavelengths may also be remotely sensed, but generally 

through instruments that measure emissivity (Falckenberg 1928).  Remote sensing 

instruments may collect either multispectral or hyperspectral data.  Multispectral sensors 

measure reflectance at a few wide bandwidths separated by segments where no 

measurements are taken, and hyperspectral sensors measure reflected radiation 

continuously as a series of narrow wavelength bands (Meroni et al. 2009).  A 

hyperspectral reflectance signature for healthy sugar beet vegetation ranging from the 

visible (350 nm) to the MIR (2,400 nm), along with the accompanying multispectral 

reflectance signature, is illustrated in Figure 1-1.   
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Figure 1-1.  Hyperspectral reflectance signature of healthy sugar beet foliage (A) from a 

field at the Northwest Research and Outreach Center, University of Minnesota, 

Crookston and an example of what the accompanying multispectral reflectance signature 

might look like (B); reflectance is a ratio of reflected radiation to incident radiation and is 

plotted against wavelength (nm).  Individual data points in the multispectral reflectance 

signature represent the center of wide, averaged bandwidths (i.e., 15-75 nm wide) in the 

blue, green, red, near-infrared, and middle-infrared reflectance ranges. 
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The use of remote sensing in agriculture and forestry applications must be verified 

with ―ground truthing,‖ or training samples.  This requires manual inspection from the 

ground to determine causes of variability observed in remotely sensed data (Casady and 

Palm 2002).  Ground truth information is vital to ensure that pixels in imagery are 

correctly classified.   

Remotely sensed data may be acquired from numerous sources, such as handheld 

spectroradiometers, airborne-based sensors, and satellite-based systems.  Handheld 

spectroradiometers are useful on a small scale from relatively low heights over the plant 

canopy.  These ground-based, handheld systems are generally only used in research to 

generate reflectance reference data because their use is very labor intensive.  Ground-

based systems may be mounted on tractors for similar results on a larger scale.  They 

allow for real-time assessment of vegetation condition and have been adapted for 

precision agriculture as a means of applying fertilizer or pesticides only where they are 

needed (West et al. 2003).   

Airborne-based sensors, photography, or video systems may be utilized to rapidly 

assess large areas at very high spatial resolutions (i.e., sub-meter pixel size).  Numerous 

satellite-based sensors are currently available to the public, including Hyperion, 

IKONOS, ALI, Landsat-7 ETM+ (Thenkabail et al. 2004a), QuickBird, and OrbView-3 

(Inoue 2003).  Most of these satellite-based sensors are multispectral in nature with 

generally lower spatial resolution than airborne systems (i.e., greater than 10 m pixel 

size), although Hyperion collects hyperspectral data at 1 m spatial resolution.  Remote 

sensing technology utilized in any particular situation depends on the specific objectives  
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of the situation.  Low spatial resolution, multispectral satellite imagery is acceptable for 

classifying crops grown in large farm fields, but the higher spatial resolution of aerial 

imagery is necessary to identify areas of stress or disease within individual farm fields. 

 Remote sensing is advantageous because reflectance over broad electromagnetic 

domains may be measured in a non-destructive manner, over a wide area, and in real-time 

(Inoue 2003).  There are drawbacks to remote sensing, however, because measurements 

are typically instantaneous, directional, infrequent, and must be converted to meaningful 

variables for analysis.  Various factors, such as sun angle, leaf wetness, and cloud cover 

may influence the quality and quantity of electromagnetic radiation reflected off of a crop 

canopy.  Guan and Nutter (2001) assessed the impact of these effects on sunlight 

reflected from an alfalfa canopy.  Reflectance measurements were significantly higher 

before 11:00 a.m. and after 3:00 p.m. CST than measurements obtained within this 

window due to the effects of sun angle.  Moisture on leaves significantly increased 

percent reflectance for all wavelengths, and variable incident radiation due to cloud cover 

had significant negative effects on percent reflectance in the near-infrared wavelengths 

because of increased systematic error.  Therefore, the authors suggest measuring 

reflectance between 11:00 a.m. and 3:00 p.m. when plant canopies are dry and cloud 

cover is minimal.  Although error due to these factors can be reduced by measuring 

reflectance at the optimum time without transforming data, algorithms are often used to 

transform reflectance data and account for atmospheric errors.  Wu et al. (2005) used the 

dark object subtraction technique (DOS) and cosine approximation model (COST) to 

correct for atmospheric effects on QuickBird satellite imagery of Minnesota cropland.  
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The DOS-COST model they developed was accurate except for the NIR band, which was 

substantially affected by humidity.  When minimal meteorological data were included in 

the model, however, the accuracy of NIR surface reflectance measurements was 

significantly improved. 

Remote sensing has had myriad applications in recent history in both natural (land 

and aquatic) and agroecosystems.  Navalgund et al. (2007) reviewed the numerous types 

of remote sensing data utilized in India and some major applications of the technology.  

The IRS-P4 satellite has been used to quantify chlorophyll in the ocean to develop 

potential fishing zone (PFZ) forecasts.  PFZ predictions have been successful 70 to 90% 

of the time, which has significantly improved the productivity of India’s fishing industry.  

Remote sensing also has been used in India for water security, providing information on 

geology, geomorphology, structural pattern, and recharge conditions making up a 

groundwater regime.  This can help to identify sources of drinking water for isolated 

villages.  Remote sensing also has been used to study the retreat of Himalayan glaciers.  

The IRS-P6 Resourcesat has been used in biennial mapping of nationwide forest cover 

for the Forest Survey of India to assess afforestation and deforestation.  The IRS series of 

satellites also have been used in conjunction with microwave data from international 

satellites and aerial photography/Airborne Laser Terrain Mapper (ALTM)/Airborne SAR 

(ASAR) to monitor major environmental disasters.  This technology has been especially 

useful for real-time monitoring of floods, creating landslide hazard zoning maps, and 

identifying seismic hazard zones to predict earthquakes.  Accordingly, remote sensing 

has also been vital in creating a GIS digital database for planning relief and rehabilitation 
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measures for regions affected by the tsunamis in 2004.  While all of these applications are 

exceedingly vital services, remote sensing for agricultural assessment may be the most 

important function of the technology for a country with such a vast population as India.  

Remote sensing has been used to identify wastelands or marginal lands to increase areas 

in agricultural production, increase agricultural productivity by providing information for 

site specific management, create supportive infrastructure (i.e. irrigation systems), and 

preserve eco-diversity (Navalgund et al. 2007). 

Environmental applications of remote sensing are used worldwide.  For example, 

Sandmeier et al. (1999) utilized hyperspectral reflectance data to characterize grass 

canopies on the Konza prairie grassland in Kansas.  Data were collected on the ground 

with two SE-590 spectroradiometers and aerially with the airborne advanced solid-state 

array spectroradiometer (ASAS).  Reflectance data from the red edge (675 nm) to around 

900 nm in the NIR were useful in predicting architecture of the grass canopy after data 

were corrected for soil reflectance.  Haapanen et al. (2004) used Landsat 7 ETM+ 

satellite imagery to delineate forest/nonforest land use classes using the k-nearest 

neighbor method (kNN).  Three Landsat images were acquired in late winter, spring, and 

late spring of 2002.  The study site was a six county region in northeastern Minnesota, the 

most heavily forested region of the state.  Ground truth data over 250 cluster plots 

containing a total of 997 subplots were acquired from the U.S. Forest Service’s Forest 

Inventory and Analysis (FIA) program to help define land use classes.  The kNN method 

assigned these land use classes to unknown pixels using the ground truth data as a set of 
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k-nearest neighbor training pixels.  Results indicated that the kNN method is a feasible 

technique to identify forest/nonforest land use classes. 

The abilities of the Hyperion, IKONOS, ALI, and ETM+ satellite-based sensors 

to differentiate nine rainforest land use/land cover classes in the Congo River basin were 

compared by Thenkabail et al. (2004a).  All images were acquired during, or at the end, 

of the dry season in 2001 and 2002.  The region contained intact tropical moist and semi-

deciduous central African forests as well as fallow agricultural lands and agroforestry 

areas in cocoa production.  Ground truthing consisted of inventory surveys in 65 plots 

common to all images: 16 in primary (old-growth) forests, 36 in secondary (second-

growth) forest, and 13 in fallow agricultural fields.  Based on the makeup of plant 

communities and biomass measurements, plots were assigned to one of nine land 

use/land cover classes: pristine or degraded primary forest; mature, young, or 

mixed/degraded secondary forest; fallow for 1-3, 3-5, or 5-8 years; and slash-and-burn 

agriculture.  Data from the four sensors were converted into percent reflectance for 

statistical analysis.  Hyperion was far more accurate (96%) than IKONOS (48%), ETM+ 

(42%), and ALI (51%), mostly due to its higher spatial resolution (4 m as opposed to 30 

m) and number of spectral bands (196 versus 4, 6, and 9, respectively).  This study also 

identified 23 Hyperion wavebands that were most sensitive to predicting rainforest 

biomass.   

The Hyperion hyperspectral sensor also has been utilized to map infestations of 

the invasive perennial grass, common reed (Phragmites australis) (Pengra et al. 2007).  A 

Hyperion image was acquired of a wetland site on the western shore of Green Bay in 
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Lake Michigan.  Of 242 Hyperion bands, 147 were utilized, and the other 95 were 

omitted because of a low signal to noise ratio or other problems.  A reference spectrum 

was derived from five spectral data sets centered on pure stands of P. australis.  Ground 

truthing involved field identification of land classes predicted to be either Phragmites or 

non-Phragmites land classes at 167 validation sites throughout the mapped area.  Overall, 

accuracy of predictions from the Hyperion image was 80.24%, although several errors 

occurred in coniferous forest plantations, possibly indicating that Phragmites and conifer 

reflectance spectra are very similar.  Hyperion hyperspectral imagery identified 

―hotspots‖ of infestations of P. australis with good accuracy, which could be very 

beneficial for implementation of early control measures.   

Hyperspectral imagery also has been adapted to predict sweetness and amino acid 

content of edible soybean crops (Monteiro et al. 2007).  Data were acquired with the 

hyperspectral line sensor ImSpector coupled with a canopy chlorophyll density (CCD) 

camera mounted on a crane.  Regression models then were developed based on artificial 

neural networks, mathematical models designed to simulate the functional aspects of 

biological neural networks, to calculate levels of nitrogen and various sugars and 

converted to develop maps of predicted chemical contents for soybean fields.  Nonlinear 

regression modeling predicted sweetness and amino acid content; glucose was predicted 

with the greatest accuracy, followed by sucrose, fructose, and nitrogen. 

Vegetation indices.  Although comparing single wavebands can occasionally be 

useful in analyzing remotely sensed data related to plants, reflectance data are typically 

converted into vegetation indices to provide more pertinent information or correct for 
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background interference from soil or the atmosphere.  Vegetation indices are arithmetical 

combinations of reflectance in various spectral wavebands that correspond to particular 

plant biophysical parameters (i.e. chlorophyll content, biomass, water content, etc.) 

(Jensen 2005) and can be calculated from either multispectral or hyperspectral reflectance 

data.  Multispectral data is best suited for this analysis method because vegetation indices 

require the use of only a few wavebands, and these bands may be very wide.  Information 

can be suppressed when hyperspectral reflectance is used to calculate vegetation indices 

because of the continuous nature of the data.  Use of vegetation indices in analysis of 

hyperspectral data, however, remains widespread because of the simplicity of the method.  

Some common vegetation indices used with wideband, multispectral data that have been 

modified for narrowband, hyperspectral remote sensing (Thenkabail et al. 2002) are 

described below. 

The NIR- and red-based normalized difference vegetation index (NDVI) is designed 

to assess chlorophyll content (Rouse et al. 1973).  It is calculated with the following 

equation: 

 

(1) NDVI = (NIR – RED) / (NIR + RED) 

 

where NIR is reflectance from 898 to 913 nm and RED is reflectance from 668 to 683 

nm. 
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The transformed soil adjusted vegetation index (TSAVI) adjusts for background 

reflectance using training data specific to the site’s soil type and is calculated with the 

following equation (Baret et al. 1989): 

 

(2) TSAVI = a (NIR - a*RED – b) / (RED + a*NIR - a*b) 

 

where a is the slope and b is the intercept of the soil reflectance line formed by plotting 

soil NIR and RED reflectance values against each other at different soil moisture levels. 

These values are calculated using the RED and NIR bandwidths from Equation 1 in the 

equation NIR = a*RED + b. 

The optimized soil adjusted vegetation index (OSAVI) utilizes a universal soil 

transformation with the NDVI, allowing adjusting for soil background without obtaining 

reflectance data from pure soil (Rondeaux et al. 1996).  This index is calculated with the 

following equation: 

 

(3) OSAVI = (NIR – RED) / (NIR + RED + 0.16) 

 

The soil transformation used in the model (0.16) was developed as the best fit value 

across a wide range of different soil types and conditions. 

The simple ratio vegetation index (SRVI) is calculated with the following 

equation (Wang et al. 2004): 
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(4) SRVI = NIR / RED 

 

where NIR is reflectance in the near-infrared range and RED is reflectance in the red 

range.  This vegetation index also has been designated the relative vegetation index (RVI) 

(Danielsen and Munk 2004). 

The difference vegetation index (DVI) is a simple index that is useful when leaf 

area index (LAI) values are low (Broge and Leblanc 2000).  As canopies increase in 

density, however, NDVI becomes more useful.  DVI is calculated with the following 

equation when the soil line parameters are a=1 and b=0 (Jordan 1969): 

 

(5) DVI = NIR – RED 

 

where NIR is reflectance in the near-infrared range and RED is reflectance in the red 

range. 

  The renormalized difference vegetation index (RDVI) combines the DVI and 

NDVI and is used when canopies are sparse or dense (Roujean and Breon 1995).  RDVI 

is calculated with the following equation: 

 

(6) RDVI = (NDVI*DVI)
-1

 

 

 The green normalized difference vegetation index (GNDVI) is similar to the 

standard red NDVI, but GNDVI is much more sensitive to chlorophyll in yellowish-green 
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to dark-green vegetation (Gitelson and Merzlyak 1997).  GNDVI is calculated with the 

following equation: 

 

(7) GNDVI = (NIR – GREEN) / ( NIR + GREEN) 

 

where GREEN is reflectance in the green range (540 to 570 nm). 

The visible atmospherically resistant index (VARI) was developed to reduce 

atmospheric effects (Gitelson et al. 2002).  VARI is calculated with the following 

equation: 

 

(8) VARI = (GREEN – RED) / (GREEN + RED – BLUE) 

 

Where GREEN is reflectance in the green range, RED is reflectance in the red range, and 

BLUE is reflectance in the blue (462-477 nm) range. 

The vegetation indices discussed thus far have been developed for multispectral 

remote sensing using primarily near-infrared and red bands (although green and blue 

reflectance bands are utilized by two of the aforementioned indices).  The NDVI and 

TSAVI originally were used for this purpose and only slightly modified by Thenkabail et 

al. (2002) for narrowband, hyperspectral remote sensing.   

Hyperspectral data.  Many vegetation indices originally intended for use with 

multispectral remote sensing have been adapted for hyperspectral data, but several 

indices have been developed specifically for narrowband, hyperspectral data.  
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Hyperspectral data across the entire visible, near, and middle-infrared spectrum has 

recently been utilized to develop more specific vegetation indices to detect physiological 

aspects of vegetation such as chlorophyll content and water stress.  While hyperspectral 

remote sensing systems are more expensive than typical multispectral systems, the extra 

information acquired by this technology is immense.  The following vegetation indices 

have been developed with the narrow bands of hyperspectral remote sensors.   

The pigment specific simple ratios (PSSR) have extremely strong relationships 

with concentration per unit area of chlorophyll a or chlorophyll b at the canopy scale 

(Blackburn 1998).  PSSR is calculated with the following equations: 

 

(9) PSSRa = R800 / R680, 

(10) PSSRb = R800 / R635 

 

where a is chlorophyll a, b is chlorophyll b, and R is reflectance in the respective narrow 

bands (nm). 

The red-edge vegetation stress index (RVSI) is sensitive to changes in the red 

edge of the spectrum between the visible and near-infrared regions of the spectrum, 

which may be affected by changes in plant pigments or cell structure, and is calculated 

with the following equation (Merton and Harvey 1997): 

 

(11) RVSI = (R714 + R752) / 2 – R733 
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where R is reflectance in the respective narrow bands (nm). 

The leaf water index (LWI) has been correlated to leaf water thickness and water 

deficit stress in vegetation (Seelig et al. 2008).  LWI is calculated with the following 

equation: 

 

(12) LWI = R1300 / R1450 

 

where R is reflectance in the respective narrow bands (nm). 

The photochemical reflectance index (PRI) was developed for its strong 

correlation with photosynthesis efficiency (Gamon et al. 1992).  The application of PRI 

has recently expanded to correlate to water stress (Suárez et al. 2008).  It is calculated 

with the following equation: 

 

(13) PRI = (R570 – R531) / (R570 + R531) 

 

where R is reflectance in the respective narrow bands (nm). 

The modified spectral ratio (mSR) has been correlated to chlorophyll 

concentration in vegetation (Sims and Gamon 2003).  It is calculated with the following 

equation: 

 

(14) mSR = (R750 – R445) / (R705 + R445) 
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where R is reflectance in the respective narrow bands (nm). 

The normalized difference red edge (NDRE) also has been correlated with 

chlorophyll content or percent nitrogen of vegetation (Barnes et al. 2000) and is 

calculated with the following equation: 

 

(15) NDRE = (R790 – R720) / (R790 + R720) 

 

where R is reflectance in the respective narrow bands (nm). 

Analysis with vegetation indices.  These 15 wideband and narrowband 

vegetation indices represent some of the most widely used indices in remote sensing, 

although many more have been developed and used for at least one study.  To select the 

optimal index for a particular situation, index values may be regressed against the 

variable of interest that was measured from the plant population.  Strong relationships 

(linear or otherwise) observed between a particular vegetation index and the variable of 

interest may indicate the index can be used as a predictor of the plant variable.  Minimal 

variability also is a desirable characteristic for the optimal vegetation index because it 

allows for more accurate prediction of the plant variable.  Small p-values (Babar et al. 

2006) and high R
2
 values (Raikes and Burpee 1998) have both been used to select 

optimal vegetation indices. 

Hyperspectral sensors collect a much larger volume of data than multispectral 

sensors, which can lead to problems with data storage.  Collecting reflectance data in a 

contiguous fashion, however, allows for the analysis of the entire electromagnetic 
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spectrum.  Specific wavebands most pertinent to the desired application can be isolated 

from the data.  Derivative analysis often is used to identify spectral regions or specific 

wavelengths that contain the most information about the variable of interest.  Although 

derivative analysis does not provide more information than the continuous reflectance 

data alone, it does allow for elimination of information not of interest and emphasizes 

particularly important wavelengths (Jensen 2005).  Both first- and second-order 

derivatives are frequently used with hyperspectral remote sensing.  While the first-order 

derivative does help to eliminate some undesirable information (i.e., noise), second-order 

derivatives are completely insensitive to soil background reflectance (Demetriades-Shah 

et al. 1990).  Eliminating soil background reflectance ensures that the wavelengths of 

interest identified are related only to characteristics of the vegetation alone.   

A smoothing step is sometimes necessary to minimize extraneous, interfering 

signals from the sensor prior to derivative analysis, because there is some potential for 

this noise to be amplified (Dawson and Curran 1998).  Tsai and Philpot (1998) assessed 

several smoothing algorithms to determine which best reduced noise in hyperspectral 

data.  Several algorithms typically used in spectroscopy were modified by the authors; 

mean filter smoothing and Savitzky-Golay smoothing worked best for removing noise, 

although this led to suppression of more details than with linear least mean-square 

smoothing or finite approximation algorithms.  By identifying specific pertinent 

hyperspectral narrow bands, irrelevant bands may be eliminated, and data volume can be 

significantly reduced.  For example, Thenkabail et al. (2004b) used a hyperspectral 

sensor to characterize various crops and weeds and found that overall accuracies of 90% 
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were attained by using only 13 to 22 narrow bands.  Gray et al. (2009) used hyperspectral 

reflectance data to differentiate soybean and six weed species and found that the 

reflectance regions from 1,445 to 1,475 nm, 2,030 to 2,090 nm, and 2,115 to 2,135 nm 

were the best spectral band combinations.  Wang et al. (2008) showed that four narrow 

wavebands (centered at 554, 675, 723, and 1,633 nm) were optimal for predicting leaf 

area index (LAI) in paddy rice.  Selecting important wavelengths through derivative 

analysis also can aid in selection of optimal vegetation indices or even in the 

development of new ones. 

Application of vegetation indices.  Vegetation indices have been utilized 

extensively for agricultural research.  For example, various broadband and narrowband 

derived vegetation indices were compared to predict LAI and canopy chlorophyll density 

(CCD) of cotton canopy in a nitrogen fertilizer experiment (Zhao et al. 2007).  Broadband 

and narrowband vegetation indices performed equally well, and CCD and LAI yielded 

similar relationships with different vegetation indices.  It also was concluded that the red-

NIR band position was more important than bandwidth for deriving accurate vegetation 

indices to predict LAI and CCD.  Grain sorghum yield has been estimated from NDVIs 

calculated from aerial multispectral and hyperspectral data (Yang et al. 2009).  The 

optimal narrowband NDVIs calculated from the hyperspectral data explained more 

variability than the multispectral, wideband NDVI.   

Vegetation indices also have been applied to ecological research of plants and 

wildlife.  Several vegetation indices calculated from Landsat multispectral data have been 

associated with floristic diversity in fragmentized parts of the Brazilian Cerrado 
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woodland (Cabacinha and de Castro 2009).  The enhanced vegetation index (EVI), a 

modification of the NDVI, had the strongest correlation with floristic diversity.  Hamel et 

al. (2009) used NDVIs from images acquired in spring to examine year-to-year variation 

in vegetation quality as an indirect indicator of mountain ungulate habitat quality. 

Remote sensing applications in plant pathology.  Extensive reviews on the 

application of remote sensing to detection of plant diseases have been written by Jackson 

(1986), Hatfield and Pinter (1993), Nilsson (1995), and West et al. (2003).  The topic also 

was also covered in a review of video remote sensing systems for agricultural assessment 

(Everitt et al. 1991).  Remote sensing has been an effective tool in the detection of foliar 

and soilborne plant diseases.  Assessments of plant disease infestations typically are 

visual in nature, which itself is essentially a form of remote sensing.  Individual 

differences in perception of color and light, however, as well as lack of concentration or 

fatigue, can significantly reduce the accuracy of visual disease assessments.  Other 

factors, such as cloud cover causing varying levels of light on different parts of the plant 

canopy, also limit accuracy of visual disease assessments.  Several studies have shown 

significant variation between different raters’ visual disease assessments (Nutter and 

Schultz 1995, Shokes et al. 1987, Weber and Jörg 1991).  Remote sensing can be applied 

to plant disease detection because of pathogen-induced color changes from chlorosis or 

necrosis.  Furthermore, water-stressed crop canopies, which result from root diseases, 

consistently have higher temperatures than non-stressed crop canopies because of 

reduced transpiration (Inoue 2003); thermal IF emissivity may be measured to detect 

these types of changes.  The use of instrumental remote sensing in assessing plant disease 
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severity both increases the reproducibility of the assessment and allows for more precise 

measurements.  Furthermore, remote sensing may provide earlier detection of plant 

stress, even prior to the appearance of visual symptoms.  For instance, photosynthesis 

rates decreased by as much as 14% in Prunus serotina, Lirodendron tulipifera, and 

yellow poplar prior to development of visible ozone injury symptoms (Fredericksen and 

Skelly 1994).  Utilizing remote sensing instruments capable of detecting non-visible 

wavelengths (i.e. near-infrared) could allow these reduced photosynthesis rates to be 

detected earlier than by visible disease symptoms.   

Remote sensing of foliar diseases in annual crops.  The use of remote sensing 

to detect foliar diseases is the most widely used application of the technology in plant 

pathology.  Because distinct color changes are evident on the aboveground parts of the 

plants (i.e. leaf spots, green leaves becoming yellow or brown, formation of red-colored 

rust pustules), the potential for remote sensing to detect these diseases is obvious. 

Remote sensing is an important tool for foliar disease detection in annual grass 

crops.  Kobayashi et al. (2001) demonstrated the potential for airborne multispectral 

scanners to detect rice panicle blast, caused by the fungus Magnaporthe grisea.  

Reflectance of healthy and diseased rice plants was measured at the flowering, milk, 

dough, yellow-ripe, and maturity stages with a multispectroradiometer in the greenhouse 

at spectral bands simulating those of the Landsat or other multispectral remote sensing 

satellites.  Decreased chlorophyll and carotenoid contents in diseased rice plants at the 

dough stage led to increased reflectance of diseased panicle in the blue and red regions.  

Reflectance in the NIR was an even more reliable indicator of rice panicle blast than the 
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visible bands, but NIR was far more susceptible to absorbance by water vapor in the 

atmosphere than the visible bands, which can contribute to greater error.  Qin and Zhang 

(2005) utilized multispectral remote sensing to detect rice sheath blight, caused by 

Rhizoctonia solani, using wideband, high spatial-resolution Airborne Data Acquisition 

and Registration (ADAR).  Infection severity was measured based on a comprehensive 

field disease index created from field symptom measurements.  The broadband remote 

sensing imagery utilized in this study detected areas of sheath blight infection, although it 

was difficult to differentiate light infections from healthy plants.  Larsolle and 

Muhammed (2007) used hyperspectral field reflectance to measure disease severity of 

wheat infected with tan spot, a fungal disease caused by Drechslera tritici-repenti.  

Reflectance data were acquired using a spectroradiometer at 164 spectral bands between 

360 and 900 nm.  Five reflectance measurements were taken throughout the growing 

season, and visual disease assessments of mean leaf necrosis were simultaneously carried 

out for ground truthing.  Pixels were classified with the nearest neighbor method and 

correlated with disease severity data.  Tan spot-infected wheat was successfully classified 

based on the reference data. 

Remote sensing has also been utilized to detect foliar disease in legumes.  

Malthus and Madeira (1993) investigated spectral response of field bean leaves infected 

with chocolate spot, a disease caused by Botrytis fabae.  Chocolate spot infection in field 

bean caused detectable changes in spectral reflectance in both the visible and near-

infrared regions.  The earliest and most significant difference between healthy and 
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diseased plants consisted of increased reflectance at 498 and 664 nm.  Changes in this 

visible region are most likely due to chlorophyll degradation.   

Remote sensing has been used to detect foliar disease in sugar beet.  Steddom et 

al. (2005) compared standard visual disease assessments of Cercospora leaf spot of sugar 

beet with a multispectral, radiometric approach.  Two field trials in Minnesota and North 

Dakota were planted with susceptible and resistant varieties of sugar beet, and plots were 

randomly assigned to 34 fungicide treatments in replicated trials; one field was naturally 

infested with Cercospora beticola for medium disease pressure, and the other field was 

inoculated with infested sugar beet residue for high disease pressure.  A multispectral 

field radiometer measured canopy reflectance.  Data were converted into various 

vegetation indices.  For ground truthing, each plot was visually rated for disease by two 

researchers to ensure consistency.  The vegetation indices RDVI and SAVI2 had the best 

fits with visual disease evaluation methods, although DVI and single-waveband 

reflectance values at 760 and 810 nm also were useful.   

Finally, remote sensing has been utilized to detect foliar disease in quinoa.  

Danielsen and Munk (2004) evaluated remote sensing as a means to predict yield loss in 

a quinoa field naturally infested with downy mildew (Perenospora farinosa f.sp. 

chenopodii).  Half of the field was treated with a fungicide to establish a non-diseased 

control.  Handheld reflectance equipment was used to assess reflectance in the red (640-

660 nm) and infrared (790-810 nm) ranges; these data then were converted to vegetation 

indices for analysis.  A ―three leaf‖ assessment method was selected for ground truthing 

where selected leaves (one each from the lower, middle, and upper foliage) were rated for 
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disease symptoms and averaged.  The vegetation index data were shown to be more 

accurate in predicting yield loss due to downy mildew than the ―three leaf‖ method of 

visual disease assessment. 

Remote sensing of foliar diseases in perennials.  Although remote sensing has 

been extensively applied to foliar diseases in various annual agricultural crops, the 

technology may be even more useful in detecting foliar diseases in perennial plant 

systems, including forests, turf grass, and perennial crops.  In many cases, such as with 

tree diseases in native forests, it may be very difficult to reach the area where disease 

severity is to be assessed.  In these cases, remote sensing becomes a vital means of 

carrying out the disease assessment. 

Airborne digital imagery has been used to detect oak wilt (caused by Ceratocystis 

fagacearum) of live oaks in Texas (Everitt et al. 1999).  Aerial color-infrared (CIR) 

photography was obtained from the field site and analyzed at the green (0.52-0.60 µm), 

red (0.63-0.69 µm), and near-infrared (0.76-0.90 µm) bands.  Ground truthing involved 

laboratory analysis of plant tissue samples to confirm presence of C. fagacearum.  

Diseased trees had significantly higher reflectance values in the visible spectra than 

healthy trees because of reduced photosynthesis, but lower reflectance values in the 

visible spectra compared to dead trees because chlorophyll in diseased leaves was still 

present and absorbing light.  For diseased and dead trees, NIR reflectance was 

significantly lower than for healthy live oak trees because of wilting.  The results showed 

that digital imagery can be utilized to detect oak wilt of live oak in a noninvasive manner.  

Coops et al. (2003) used airborne hyperspectral imagery to assess Dothistroma needle 
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blight infections in Pinus radiata plantations.  A charge coupled, push-broom imaging 

spectrograph scanned the canopy of two P. radiata plantations with a range of disease 

severities at ten spectral bands selected for analyses based on previous work.  Because of 

the varying brightness within each individual tree crown, a ―halo-sampling‖ strategy was 

implemented which averages reflectance from the pixels on the outside of the tree but 

disregards the central pixel, which is often brighter than the surrounding pixels and can 

skew data if not ignored.  Ground truthing in this experiment involved applying a visual 

disease rating scale to 300 trees per site.  Reflectance data were analyzed using single 

wavelengths, simple ratio indices between two selected wavelengths, NDVI, and RVSI.  

A good predictor for severity of Dothistroma needle blight was RVSI, and it also has 

potential to discriminate between the different disease classes.  Pietrzykowski et al. 

(2006) studied the effects of foliar disease-causing Mycosphaerella species on the 

spectral reflectance of juvenile foliage of Eucalyptus globulus in an 82-ha plantation of 2-

year-old trees in Tasmania.  Leaves were sampled from 18 trees for disease severity 

assessments and spectral measurements.  Stacks of three leaves were scanned with a 

spectroradiometer to simulate layers of a canopy; stacks were shuffled five times and 

scanned three times each for a total of 15 scans per sample.  These data then were 

averaged and converted to reflectance.  Ground truthing consisted of a visual assessment 

for symptoms of leaf spots.  Chlorophyll content also was measured with a SPAD 

chlorophyll meter; 500 and 678 nm were identified as sensitive to increasing proportions 

of leaf tissue infected with Mycosphaerella. Greatest differences between severity classes 

occurred at 760 nm, although NIR is not as sensitive as visible light.  The 678 nm/550 nm 
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reflectance ratio was highly correlated with infection severity and was used for a 

regression model to predict disease severity. 

Some foliar diseases of turf grass are detectable using remote sensing.  Raikes and 

Burpee (1998) looked at multispectral radiometry to detect Rhizoctonia blight in creeping 

bentgrass, a common pathogen on golf putting greens and athletic fields caused by R. 

solani AG-2-2.  Symptoms include water soaking, blackening, and withering of leaves.  

A 6-year-old stand of creeping bentgrass in Georgia was inoculated with R. solani AG-2-

2 infested grain on three dates.  A handheld multispectral radiometer scanned each plot 

daily from 460 nm (blue) to 810 nm (NIR) at 50-nm intervals, and reflectance data were 

converted into ratios and indices to evaluate usefulness as indicators of Rhizoctonia 

blight severity.  Ground truthing consisted of daily visual disease severity assessments of 

1-m
2
 quadrats.  A significant decrease in reflectance was detected at the NIR wavebands 

(760 and 810 nm) as Rhizoctonia blight progressed from initial symptom development to 

severe disease.   

Remote sensing is a valuable tool for foliar disease assessments in perennial 

forage crops.  Nutter et al. (2002) utilized remote sensing to correlate canopy reflectance 

with levels of foliar disease and yields in alfalfa fields.  The complex of pathogens 

causing foliar disease varied, depending on site, and included Phoma medicaginis var. 

medicaginis, Pseudopeziza medicaginis, Xanthomonas campestris pv. alfalfae, and 

Leptospaerulina briosiana.  Ground truthing involved identifying which pathogens were 

present and the severity of foliar symptoms.  Because symptoms of these pathogens were 

nearly identical, the group was considered as a whole to eliminate the need to determine 
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individualized spectra.  Reflectance in eight 50-nm wavelength bands (centered at 460, 

510, 560, 610, 660, 710, 760 and 810 nm) was measured with a handheld multispectral 

radiometer and weekly visual disease assessments were correlated with yield data.  

Percentage of reflectance in the near-infrared wavelength bands (760 and 810 nm) had 

stronger linear relationships to alfalfa yield than those between 460 and 710 nm.  The 

remote sensing method predicted alfalfa yields better than the visual disease assessment 

method.   

Finally, remote sensing may be used to detect foliar diseases in perennial 

ornamental crops.  Pethybridge et al. (2007) used a multispectral radiometer for 

noninvasive assessments of ray blight in pyrethrum, caused by Phoma ligulicola, the 

most damaging foliar disease of pyrethrum in Tasmania, Australia.  Five fungicides of 

varying efficacies were applied to three pyrethrum fields to create a range of disease 

pressure without artificial inoculation.  A handheld multispectral radiometer was used to 

assess the canopy at five narrow wavelength bands (485, 560, 660, 830, and 1650 nm); 

these reflectance data were used to calculate NDVI, DVI, RDVI, and several simple 

ratios between two bands.  Ground truthing consisted of visual disease assessments 

throughout the growing season and an assessment of defoliation severity.  The 830/560 

band ratio in October and the 830 nm band and DVI in November were the most precise 

radiometric measurements of defoliation and necrosis; this remote sensing approach was 

also three times faster than visual disease assessments, and it did not require destructive 

sampling of the crop. 
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Remote sensing of root diseases.  While the use of remote sensing to detect 

foliar plant diseases is widespread, significant work also has been done on application of 

the technology to detect a wide variety of root diseases caused by viruses, oomycetes, and 

fungi.  Disease assessments of root diseases are almost always destructive, requiring 

plants be removed from soil so roots may be examined.  Remote sensing provides a non-

invasive alternative, and in some cases, may even allow for detection of root disease 

before aboveground symptoms are evident. 

Some viral diseases that primarily affect root systems are detectable using remote 

sensing.  For example, Steddom et al. (2003) investigated the potential for remote sensing 

of rhizomania in sugar beet, a viral disease caused by Beet necrotic yellow vein virus 

(BNYVV).  Healthy and naturally infected areas of sugar beet fields were scanned with a 

field radiometer and sampled for ground truthing, which involved assaying feeder root 

tissue by enzyme-linked immunosorbent assay (ELISA) for the presence of BNYVV.  

Reflectance of intact, individual leaves was measured with a hand radiometer, and these 

data were converted into numerous vegetation indices, each indicating specific 

characteristics.  The NDVI was significantly lower in symptomatic than in healthy or 

asymptomatic plants, indicating reduced chlorophyll content.  Although asymptomatic 

diseased plants commonly were classified as healthy, visibly diseased beet roots were 

almost always classified correctly, indicating potential for remote sensing of symptomatic 

rhizomania in sugar beet.   

Some root diseases caused by fungus-like oomycetes also are detectable using 

remote sensing.  Pozdnyakova et al. (2002) demonstrated that the spatial and spectral 
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properties of Phytophthora root rot (PRR) in cranberry can be estimated and related to 

yield using remote sensing.  To identify areas of disease, NDVIs were calculated from 

color-infrared (CIR) aerial photography and analyzed with data on yield, elevation, and 

soil infiltration rate.  Ground truthing involved both visual disease assessments based on 

aboveground symptoms and isolations of P. omnivora.  Areas with chronic PRR 

infections were best identified using spectral reflectance in the red band in later summer, 

but the disease’s effects on yield and vine density could be predicted in spring using 

NDVI.   

Remote sensing has primarily been utilized for root diseases caused by fungi.  

Wang et al. (2004) assessed spectral response of soybean tillage and seed treatments 

infected with root rot caused by Fusarium spp.  Two fields in central Minnesota were 

planted with soybean seeds treated with a biological control agent (Bacillus spp.) and an 

untreated control; two types of tillage (chisel plow and deep moldboard tillage) were used 

as well.  Canopy reflectance was measured with a handheld multispectral radiometer at 

16 wavebands covering the visible to middle-infrared ranges, and reflectance data were 

converted into two vegetation indices: NDVI and SRVI.  Ground truthing involved a 

visual rating of soybean root infections on six randomly selected plants per plot at the 

same time as the spectral measurements.  The presence of Fusarium spp. was confirmed 

with isolations from the soil prior to planting.  Significant spectral differences between 

treatments (tillage and seed treatment) occurred in the field with high disease pressure.  

Two bands (red and NIR), or possibly NIR alone, identified high infestations of soybean 

root rot caused by Fusarium spp.  Chen et al. (2007) used Landsat 5 Thematic Mapper 
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imagery to detect infestations of take-all in wheat, a root disease caused by the fungus 

Gaeumannomyces graminis var. tritici.  Landsat satellite imagery of both infested and 

healthy wheat was correlated with data from a handheld field spectrophotometer with the 

spectrum ranging from 300 to 1,080 nm.  Spectral data were converted to NDVI and 

analyzed using a feature extraction method involving two steps: masking and principal-

components transformation.  Non-wheat land classes (water bodies, bank sands, and 

residential areas in this study) were blocked out, allowing for a reduction in variance 

features.  Wheat infected with take-all disease had NDVIs far lower than those of the 

healthy wheat during the milking stage, indicating the index may be useful in detecting 

severe infestations of take-all.  Falkenberg et al. (2007) investigated remote sensing as a 

means of detecting cotton root rot, caused by Phymatotrichopsis omnivora, for irrigation 

management.  Infrared transducers were mounted at 4.5 m spacings along an irrigation 

pivot length to measure canopy temperatures in the infrared band (800 to 1,400 nm) 

weekly.  Canopy temperatures were also measured with a long wavelength infrared 

(LWIR) camera mounted on a helicopter every 2 to 3 weeks.  Ground truthing consisted 

of weekly visual observations of aboveground symptoms of drought, insect damage, or 

root rot.  Although large pixel size prevented the IR transducers from differentiating 

between abiotic and biotic stress, the IR camera detected increased canopy temperatures 

in areas of root rot and differentiated these diseased areas from areas with abiotic stress 

(i.e. drought). 

Rhizoctonia crown and root rot of sugar beet.  R. solani is a highly 

heterogeneous fungal species in the basidiomycete class with many populations 
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pathogenic to plants.  Hyphae of R. solani are multinucleate, septated, and wide and 

range in color from hyaline to brown.  Lateral hyphal branching originates at right angles 

and is constrained at branching points, and hyphal tissue often forms hardened sclerotia 

that may survive in soil for extended periods of time (González et al. 2006).  R. solani is 

divided into numerous anastomosis groups (AGs) based on affinity for hyphal fusion 

between compatible strains (Parmeter et al. 1969, Sneh et al. 1991).  R. solani has a wide 

host range and is an important pathogen on a wide range of crops (Farr et al. 1989), 

including rice (Qin and Zhang 2005), creeping bentgrass (Raikes and Burpee 1998), corn 

(Ruppel 1985), soybean, sunflower (Nelson et al. 1996), potato (El Bakali et al. 2000), 

lettuce, cotton (Melero-Vara and Jiménez-Díaz 1990), radish, cauliflower (Carling et al. 

2002), dry bean (van Bruggen et al. 1986), carrot (Mildenhall and Williams 1973), 

oilseed rape, and canola (Yang and Verma 1992). R. solani isolates also cause 

Rhizoctonia crown and root rot (RCRR) and damping off in sugar beet (Windels and 

Nabben 1989). 

A detailed description of the generalized infection process of R. solani has been 

reviewed by González et al. (2006).  When hyphae in the soil contact the external surface 

of a compatible host root, a recognition phenomenon occurs and results in profuse hyphal 

branching and formation of infection structures for penetration of healthy plant tissue 

(these can be short swollen hyphae, appressoria, or repetitive T-shaped hyphal branches, 

depending on the host).  Infection pegs develop from these structures and penetrate the 

cuticle and epidermal cell wall.  At this point, numerous extracellular enzymes are 

secreted by R. solani to degrade host tissue and facilitate further colonization.  
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Polygalacturonase, pectin lyase, and cellulose have been identified in extracellular 

secretions of various R. solani anastomosis groups (Sherwood 1966, Lister et al. 1975).  

R. solani AG-4 secreted cell wall degrading enzymes prior to penetration of the host, 

indicating these substances also may play a role in the penetration process (Weinhold and 

Motta 1973).  Thus, R. solani appears to act as both a necrotrophic and hemi-biotrophic 

fungus in attacking compatible hosts. 

The anastomosis groups AG-2-2 and AG-4 of R. solani are aggressive pathogens 

on sugar beet (Nelson et al. 1996, Windels and Nabben 1989).  R. solani AG-4 primarily 

causes preemergence damping-off, while AG-2-2 causes postemergence damping off and 

crown and root rot on older plants.  Belowground symptoms of RCRR infections include 

a dark brown-gray rot starting near the crown and progressively spreading over the root 

surface, eventually leading to cracking and sunken lesions (Windels and Lamey 1998) 

(Figure 1-2).  Aboveground symptoms of RCRR include yellowing of foliage, sudden 

wilting of leaves, and blackening of petioles on outer leaves (Figure 1-2).  R. solani AG-

2-2 is further subdivided into intraspecific groups (ISG) IIIB and IV (Engelkes and 

Windels 1996).  Both ISGs cause RCRR of 12-week-old sugar beet, but AG-2-2 IIIB 

generally causes more extensive damage.  Hyphae of both ISGs fuse in high frequency 

with hyphae of the other AG-2-2 ISG, and both isolates are auxotrophic for thiamine 

(Sneh et al. 1991).  R. solani AG-2-2 IIIB (―rush‖ type) grows at 35°C, however, while 

AG-2-2 IV (―root rot‖ type) does not.  This is the primary reliable means of 

distinguishing between the two ISGs.  Carling et al. (2002) developed PCR primers as a  
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Figure 1-2.  Photograph of experimental sugar beet plot from the University of 

Minnesota, Northwest Research and Outreach Center, Crookston showing aboveground 

symptoms of Rhizoctonia crown and root rot (RCRR); corresponding root symptoms are 

shown in the corner.  The canopy is wilting extensively and exhibiting both chlorosis and 

necrosis.  Based on a standard visual rating scale for RCRR, this plot has a disease 

severity of 5.6 on a scale of 0 to 7, where 0 = healthy and 7 = 100% rotted with foliage 

dead (Ruppel et al. 1979).  At this point, greater than 50% of the surface of infected roots 

is rotted on average. 
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potential molecular identification tool, but these primers have been inconsistent when 

used in large culture collections from other areas.   

Control of RCRR in sugar beet production can be exceedingly challenging.  

Control measures include early planting of fungicide-treated seed of cultivars with partial 

resistance and cultural methods such as cultivating to keep the soil dry and utilizing crop 

rotations (Windels and Lamey 1998).  Rotation of non-host crops and control of weed 

hosts can reduce R. solani inoculum in soil.  Rotation of susceptible crops with sugar 

beet, however, increases RCRR.  In Germany for instance, R. solani AG-2-2 causess root 

and stalk rot of corn (maize), which results in severe RCRR in subsequent sugar beet crop 

(Ithurrart et al. 2004, Bugre et al. 2009).  Soybean is a common rotation crop in the Red 

River Valley, a major sugar beet growing region, and has also been shown to be 

susceptible to R. solani infections (Englekes and Windels 1996, Nelson et al. 1996).  

Even crops or weeds that do not exhibit symptoms of R. solani infection may be 

symptomless hosts of the pathogen and allow it to persist in the soil.  Three year rotations 

of nonhost crops, such as cereals, are recommended to reduce R. solani inoculum in the 

soil between susceptible crops (Windels and Lamey 1998).  Also, RCRR infections are 

commonly initiated when cultivated soil is ―hilled‖ around crowns of adult sugar beets 

(Ruppel and Hecker 1982).  This practice places inoculum of R. solani directly in the 

crowns and petioles of sugar beet plants.  Sugar beet becomes more resistant to RCRR 

with age, however, so early planting reduces the risk of inducing infections (Engelkes 

and Windels 1994).  Finally, chemical control (seed-based or field applied) of RCRR is 

another option.  Azoxystrobin (Quadris) is registered for application in furrow at planting 
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or after emergence in a band over the row.  This fungicide significantly reduces RCRR 

severity and increases stands, sucrose content, and overall yields (Jacobsen et al. 1999, 

Kiewnick et al. 2001).  Recently, prothioconazole (Proline) was registered for control of 

RCRR on sugar beet. 

Potential for remote sensing of RCRR.  Previous studies have shown potential 

for remote sensing of root diseases in several crops (Pozdnyakova et al. 2002, Wang et al. 

2004, Nixon et al. 1987, Falkenberg et al. 2007, Cook et al. 1999, Omer et al. 2007), as 

well as potential for remote sensing of R. solani diseases of rice (Qin and Zhang 2005) 

and creeping bentgrass (Raikes and Burpee 1998).  Furthermore, remote sensing has been 

successfully applied to two other sugar beet diseases: rhizomania (Steddom et al. 2003) 

and Cercospora leaf spot (Steddom et al. 2005).  The leaf color changes due to potential 

effects on chlorosis content and alterations in canopy structure (loss of foliage) caused by 

RCRR should cause significant changes in spectral reflectance that would allow RCRR 

infestations to be detected remotely.  Remote sensing of RCRR infected areas in sugar 

beet crops would be beneficial to growers because it could allow them to alter 

management practices in-season to best control the disease.  Areas of high R. solani 

disease pressure could also be mapped as potential sources of inoculum for future 

growing seasons.   

Laudien et al. (2003, 2004, 2006) investigated the potential of multispectral and 

hyperspectral reflectance data to predict RCRR infestations caused by R. solani in 

Germany.  Results showed that areas infected with RCRR could be differentiated from 

healthy sugar beet foliage with aerial imagery.  This preliminary work, however, focused 
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more on remote sensing technology than on plant pathology.  The authors focused on 

severe RCRR without assessing their field site during early stages of the disease’s 

development, and they did not include information about the population of R. solani used 

or inoculation technique.  Also, ground truthing confirmed RCRR, but roots were not 

assessed for disease severity.  Thus, there does appear to be potential to remotely detect 

RCRR in sugar beet, but further research is warranted. 

Chlorophyll content and root diseases.  Chlorophyll content is frequently 

affected by foliar diseases, but direct impacts on chlorophyll content because of root 

pathogens is less common.  Reduced chlorophyll content has been measured in root rots 

caused by Phytophthora citrophthora and P. parasitica in citrus species (Matheron et al. 

1998), R. solani sheath blight of rice (Naidu et al. 1981), and R. solani and R. bataticola 

root rot of broad bean (Nofal et al. 1985).  Although chlorosis has long been assumed to 

be associated with RCRR, no studies have been conducted to directly investigate the 

impact of RCRR on chlorophyll content in sugar beet. 
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CHAPTER 2:   Remote Sensing for Assessing Rhizoctonia Crown and Root Rot 

Severity in Sugar Beet 

 

CHAPTER SUMMARY 

 

Rhizoctonia crown and root rot (RCRR), caused by Rhizoctonia solani AG-2-2, is an 

important disease of sugar beet in Minnesota and North Dakota.  Disease ratings are 

based on subjective, visual estimates of root rot severity (0–7 scale; 0 = healthy; 7 = 

100% rotted, foliage dead).  Remote sensing was evaluated as an alternative method to 

assess RCRR.  Field plots of sugar beet were inoculated with R. solani AG 2-2 IIIB at a 

range of inoculum densities at the 10-leaf stage in 2008 and 2009.  Data were collected 

for 1) hyperspectral reflectance from the sugar beet canopy and 2) visual ratings of 

RCRR in 2008 at 2, 4, 6, and 8 weeks after inoculation (WAI) and in 2009 at 2, 3, 5 and 9 

WAI.  Several narrowband and wideband vegetation indices (VIs) and green, red, and 

near-infrared reflectance were calculated and correlated with visual ratings of RCRR, 

yielding strong non-linear regressions.  Values of VIs were constant until 25-50% of the 

root surface rotted and then decreased significantly as disease severity increased.  RCRR 

was also detected using airborne, color-infrared imagery at 0.25 m and 1 m resolution.  

Remote sensing can detect RCRR but not before initial appearance of foliar symptoms. 
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The soilborne fungus Rhizoctonia solani Kühn AG-2-2 intraspecific groups IIIB 

and IV cause Rhizoctonia crown and root rot (RCRR) of sugar beet (Beta vulgaris L.) 

(Engelkes and Windels 1996).  The pathogen is becoming widespread in sugar beet-

growing regions of Minnesota and North Dakota because of increased planting of 

soybean, edible bean and corn, which are alternate hosts of R. solani AG-2-2 (Engelkes 

and Windels 1996, Ithurrart et al. 2004, Windels and Brantner 2009).  The presence of 

these susceptible rotation crops in the sugar beet cropping system allows R. solani 

inoculum to build up in soil and contribute to further outbreaks.  Control of RCRR may 

be achieved through three year rotations with non-host plants (Windels and Lamey 1998), 

early planting (Engelkes and Windels 1994), and applying fungicides at planting or early 

in the growing season (Jacobsen et al. 1999, Kiewnick et al. 2001).   

Symptoms of RCRR include a dark brown to gray rot that begins near the crown 

and spreads over the root surface, eventually causing cracking and sunken lesions 

(Windels et al. 2010).  Aboveground, foliage wilts intermittently and develops chlorosis; 

severely infected plants eventually die.  Disease severity typically is assessed by a visual 

rating scale based on the amount of rot on the tap root.  This rating system, however, is 

destructive and requires entire plants to be removed from soil.  Furthermore, visual 

disease assessments are subjective in nature and affected by fatigue, bias, human error, 

and differences in vision between raters (Nilsson 1995, Nutter et al. 1993, Nutter and 

Schultz 1995, Sherwood et al. 1983, Shokes et al. 1987). 

Remote sensing is an alternative method to non-destructively assess plant diseases 

rapidly, repeatedly, and over a large area without physical contact with the sampling unit 
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(i.e., sugar beet foliage) (Nilsson 1995).  Remote sensing in agriculture typically involves 

measuring reflectance of electromagnetic radiation from the subject of interest (i.e., 

vegetation), usually in the visible (390-770 nm), near-infrared (770-1,300 nm), and/or 

middle-infrared (1,300-2,500 nm) ranges (Jensen 2005). The technology is advantageous 

because reflectance over broad electromagnetic domains may be measured in a non-

destructive manner, over a wide area, and in real time (Inoue 2003).   

Instruments may collect either hyperspectral or multispectral reflectance data. 

Hyperspectral sensors measure reflectance continuously as a series of narrow wavelength 

bands while multispectral sensors measure average reflectance at a few wide bands 

separated by segments where no measurements are taken (Meroni et al. 2009).  Both 

hyperspectral and multispectral reflectance data typically are converted to vegetation 

indices, where two or more important wavebands are included in ratios to provide 

pertinent information on plant biophysical parameters (i.e., chlorophyll content) or to 

correct for background interference from soil or the atmosphere (Thenkabail et al. 2002).  

Extensive reviews on the application of remote sensing to detection of plant 

diseases have been written by Jackson (1986), Hatfield and Pinter (1993), Nilsson (1995), 

and West et al. (2003).  Remote sensing-based disease assessments are more precise and 

accurate than visual disease assessments (Nutter et al. 1993, Nutter et al. 2002).  The 

technology also has shown potential for detecting root diseases in several crops 

(Pozdnyakova et al. 2002, Wang et al. 2004, Falkenberg et al. 2007, Cook et al. 1999, 

Omer et al. 2007).  It has also been applied to detecting disease caused by R. solani, 

including rice sheath blight (Qin and Zhang 2005) and blight of creeping bentgrass 
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(Raikes and Burpee 1998).  Remote sensing technology also has been applied to the 

detection of sugar beet diseases, including Cercospora leaf spot (Steddom et al. 2005) and 

Rhizomania (Steddom et al. 2003).   

Aboveground symptoms of RCRR, including yellowing of foliage and sudden 

wilting of leaves, are the basis for remote detection of this disease.  It also may be 

possible to detect stress in sugar beet plants by remote sensing before visible wilting 

occurs, because reduced photosynthesis rates or water content in sugar beet plants may 

produce subtle, detectable changes.  Chavez et al. (2009) detected Potato Yellow Vein 

Virus (PYVV) in potato prior to the development of visible chlorosis using a remote 

sensing-based approach.  Similarly, photosynthesis rates decreased by as much as 14% in 

yellow poplar prior to development of visible ozone injury symptoms (Fredericksen and 

Skelly 1994).  Johnsen et al. (2009) detected water stress in creeping bentgrass by remote 

sensing as much as 48 hours before visible wilting occurred. 

Laudien et al. (2004, 2006) conducted research to determine the potential for 

remote sensing to detect RCRR, but focused only on the distinction between healthy and 

diseased plants near the end of the growing season.  Early-season detection of the disease 

was not assessed, nor was the relationship of reflectance to severity of RCRR.  Early 

detection of RCRR and/or the ability to assess disease severity based on remote sensing 

would allow for rapid assessment of entire fields for disease management. 

The objectives of this study were 1) to investigate the potential for remote sensing 

in early detection of RCRR on sugar beet in the Red River Valley of Minnesota and 2) to 
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identify optimal vegetation indices for correlating with visual disease severity ratings.  A 

brief report has been published (Reynolds et al. 2009). 

 

MATERIALS AND METHODS 

Field trials.  Experiments were established at the University of Minnesota, 

Northwest Research and Outreach Center, Crookston in 2008 and 2009.  Both sites had 

been sown to soybean the previous year and were fertilized following standard procedure 

to maximize sugar beet yield and quality (Khan 2008, 2009).  In 2008, the field site (60 x 

65.5 m) was sown on 21 May with two commercial sugar beet cultivars: one susceptible 

(Van der Have 4653) and the other partially resistant (Hilleshog 3035) to RCRR.  In 

2009, the site was slightly smaller (47 by 65.5 m) because some 2008 inoculum density 

treatments resulted in the same disease severity.  Plots were sown with commercial 

Roundup Ready cultivars which were widely adopted in the Red River Valley that year 

and included Crystal 539RR and Crystal 658RR (partially resistant and susceptible to 

RCRR, respectively).  In both years, seeds were sown every 4.76 cm at a depth of 2.54 

cm in rows 0.56 m apart.  In 2008, treatments were assigned to six-row plots arranged in 

a 2 x 8 factorial treatment design of four replicates; in 2009, a 2 x 6 factorial design was 

used.  Each plot was 3.35 m wide by 10.7 m long, and blocks were separated by 7.6 m 

alleys.  Plant populations were thinned to 17.8 cm spacing on 26 June 2008 and 18 June 

2009.  In both years, plots were treated with the insecticide terbufos (Counter, BASF, 

Ludwigshafen, Germany) at planting (1.7 kg a.i. ha
-1

) to control root insects; chlorpyrifos 

(Lorsban-4E, Dow AgroSciences, Indianapolis, IN) also was applied post-emergence in 
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2009 (0.84 kg a.i. ha
-1

).  The insecticide treatment was changed in 2009 for better control; 

root insects did not have a significant impact in the 2008 field trial, however, so the 

results were not affected by this change.  In 2008, microrate applications of the herbicides 

triflusulfuron (UpBeet, DuPont, Wilmington, DE), desmedipham+phenmediphan 

(Betamix, Bayer CropScience US, Pittsburgh, PA), clopyralid (Stinger, Dow 

AgroSciences, Indianapolis, IN), clethodim (Select, Arysta LifeScience, Cary, NC), and 

methylated seed oil (MSO) adjuvant (236-710 ml, 3.5 g, 25-30 ml, 70-130 ml, and 473-

592 ml a.i. ha
-1

, respectively) were made at four intervals, beginning on 15 June and 

spaced 5 to 6 days apart.  An additional application of desmedipham+phenmediphan and 

triflusulfuron (947 ml and 9.5 g a.i. ha
-1

, respectively) were applied 10 days later.  Weeds 

were controlled in 2009 with two applications of glyphosate (Roundup, Monsanto, Creve 

Coeur, MO) in mid-June and mid-July (1.7 and 2.2 kg a.i. ha
-1

, respectively).  Cercospora 

leaf spot (CLS) was controlled in 2008 by successive applications of triphenyl tin 

hydroxide (Super Tin; DuPont; Wilmington, DE), tetraconazole (Eminent, Isagro-USA, 

Morrisville, NC), and pyraclostrobin (Headline, BASF, Ludwigshafen, Germany) at 0.35, 

0.91, and 0.63 kg a.i. ha
-1

, respectively, from early August to early September.  In 2009, 

only one fungicide application was necessary to control CLS, and pyraclostrobin was 

applied at 0.63 kg a.i. ha
-1

 in early September.  Chemicals were applied with a tractor-

mounted sprayer and TeeJet 8002 flat fan nozzles at 7.0 kg per cm
2
. 

 Inoculation with R. solani.  Inoculum was prepared on corn kernels (Engelkes 

and Windels 1994) and also on barley grain (Ruppel et al. 1979).   Dent corn was soaked 

in distilled water for 12 hr in 750 ml beakers, drained, and autoclaved at 121°C for 60 
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min on two consecutive days.  R. solani AG-2-2 IIIB (isolate 87-36-4, Engelkes and 

Windels 1994) was grown on acidified potato-dextrose agar (APDA) for 7 days.  Four 

1.5-cm-diameter disks from the margin of an actively growing colony were transferred to 

the corn kernels and incubated at 21 ± 1°C for 21 to 38 days (containers were shaken 

every 2 days).  Barley grain inoculum was prepared by combining 3,120 cm
3
 barley with 

1,800 ml distilled water in aluminum pans (30.5 x 50.8 x 10.2 cm).  Grains were 

autoclaved for 120 minutes on two consecutive days; inoculated with 15, 1.5-cm-

diameter disks from the margin of 7-day-old cultures on APDA; and incubated at 21 ± 

1°C for 14 to 21 days.  After R. solani had completely colonized barley grains, inoculum 

was dried for 36 hr and ground with a Wiley Mill (Number 3 round-hole screen, 3.2 mm 

mesh).  Inoculum was stored at 21 ± 1°C in the laboratory for 21 days until inoculation.  

Some corn kernels were cut in half with razor blades the day of inoculation. 

In both years, sugar beet plants were inoculated before closure of the row by 

foliage, typically in the 10- to 12-leaf stage.  On 10 and 11 July 2008, seven rates of 

inoculum were applied to each cultivar to ensure a range of severity of RCRR.  

Treatments included one-half or two whole corn kernels of R. solani inoculum per root 

and 16, 24, 32, 40, or 48 g of ground barley inoculum per row in the four center rows of 

each plot.  Plants were inoculated with corn kernel inoculum by removing soil from the 

root about 2.5 cm below the soil surface, placing inoculum adjacent to the exposed tap 

root, and re-covering with soil.  Barley inoculum was deposited in sugar beet crowns with 

a Gandy granule applicator (setting number 30) by one, two, or three 1.05 km/h passes 

over the length of the row.  Control plots of each variety were not inoculated.  Plots then 
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were cultivated to throw soil into crowns and cover inoculum to favor infections (Ruppel 

et al. 1979).  In 2009, plots were inoculated on 6 July as previously described, but the 24 

and 40 g rates of barley inoculum were not used because they did not cause significantly 

different levels of disease from other treatments in 2008.  Plots were not irrigated, but 

within 1 week after inoculation, 1.88 cm of precipitation occurred in 2008 and 3.96 cm in 

2009, which ensured infection by R. solani.   

Spectral and disease assessments.  To correlate spectral measurements and 

disease severity, each plot was divided by a flag that marked a 6.1 m length for 

measuring spectral reflectance and the remaining 4.6 m for removal of plants to rate for 

RCRR.  This allowed for multiple spectral reflectance measurements of a full sugar beet 

canopy, as well as destructive removal of roots.  Previous research has shown that RCRR 

ratings on half a research plot are the same as across the whole plot (Windels, 

unpublished data). Reflectance and disease severity were measured on the same day.  In 

2008, data were collected on 25 July, 7 and 18 August, and 3 September at 2, 4, 6, and 8 

weeks after inoculation, respectively.  In 2009, data were collected on 21 and 28 July, 11 

August, and 9 September at 2, 3, 5, and 9 weeks after inoculation, respectively.  We 

attempted to obtain more assessments and at equal intervals in both years, but clouds 

were a limiting factor.  Clear skies were required for the assessments. 

Reflectance data were acquired with a FieldSpec® FR (Analytical Spectral 

Devices, Inc.; Boulder, CO) hand-held spectroradiometer, which is composed of three 

separate spectrometers in the same enclosure.  It has a sampling interval of 1.4 nm for the 

350 to 1,000 nm region (3 nm spectral resolution) and 2 nm for the 1,000 to 2,500 nm 
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region (10 nm spectral resolution), with a field of view of 25°.  Three data measurements 

were collected from 1.2 m above the sugar beet canopy at nadir (50.8 cm diameter pixel 

size) over the center two rows of each plot on clear, sunny days between 10:00 a.m. and 

2:00 p.m CST to ensure consistent sun angle and intensity for all plots and all assessment 

dates (Guan and Nutter 2001).  Measurements were obtained at 2-m intervals within the 

6.1-m spectral measurement portion of each plot at least 1 m from plot edges.  The 

instrument was calibrated with a calibrated spectralon white reflectance panel every 15 

minutes while readings were obtained, allowing readings from different assessment dates 

to be compared.  The panel reflects close to 100% of all incident radiation, and 

reflectance values are calculated as a ratio of reflected radiation to incident radiation.   

At each sampling date, 10 plants were arbitrarily selected from the four middle 

rows of each plot, and tap roots were visually assessed for RCRR using an established 0 

to 7 scale (Ruppel et al. 1979).  A rating of 0 = clean with no visible lesions; 1 = 

superficial, scattered non-active lesions; 2 = shallow, dry rot cankers on ≤5% of root 

surface; 3 = deep dry rot cankers at crown or extensive lateral lesions affecting 6-25% of 

the root; 4 = rot affecting 26-50% of tap root with cracks and cankers up to 5 mm deep; 5 

= >50% of tap root blackened with rot extending into interior; 6 = entire root blackened 

except extreme tip; and 7 = root 100% rotted and foliage dead.  Ratings of the 10 beets 

were averaged for overall plot RCRR severity per sampling date.  This rating scale is 

discontinuous because it is more difficult to see small changes in severity at moderate 

levels of disease than at very high or very low levels of disease (Horsfall and Barratt 
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1945), especially on tap roots.  The rating scale, however, is well established and 

continuous data assessment scales have not been developed. 

Aerial imagery.  To validate the 2 years of ground-based remote sensing data, 

aerial, color-infrared (CIR) digital imagery of the 2009 field trial was obtained using the 

Airborne Environmental Research Observational Camera (AEROcam, Upper Midwest 

Aerospace Consortium, Grand Forks, ND), an MS4100 High Resolution 3-CCD Digital 

Multispectral Camera (Geospatial Systems Incorporated, Rochester, NY).  This camera 

measures reflectance in three bands that approximate Landsat satellite bands: green (520 

to 600 nm), red (630 to 690 nm), and NIR (760 to 900 nm).  The camera was mounted on 

a Piper Arrow PA28-201; imagery was acquired at 457.2 m AGL (0.25 m pixel size) on 

three dates, each within two days of ground-based spectral measurements and disease 

assessments (3, 5, and 9 weeks after inoculation).  One set of imagery also was acquired 

from 1,829 m above ground level (AGL) (1 m pixel size) on 6 August 2009.  GPS 

coordinates were obtained at corners of the four blocks of the field trial as well as at 

corners of neighboring fields with an AgGPS 132 (Trimble Navigation Limited, 

Sunnyvale, CA) sub-meter, differentially corrected GPS with combined L1, satellite and 

beacon antenna for georeferencing. 

Statistical analyses.  Hyperspectral reflectance signatures were compared 

visually using ViewSpecPro (Analytical Spectral Devices, Inc.; Boulder, CO).  First 

derivatives also were calculated and visually compared using this software to identify 

pertinent wavelengths.  Hyperspectral reflectance data were converted into various 
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narrowband and wideband vegetation indices (Table 2-1) associated with chlorophyll or  

water content to identify optimal indices for assessing RCRR severity.  Vegetation index 

values were regressed against disease severity values with regression analysis in R, ver. 

2.10.1 (R Development Core Team 2009).  Because relationships between vegetation 

indices and disease severity frequently were nonlinear, regressions of increasingly higher 

order also were assessed to determine the best fit model.  Significant p-values (≤ 0.05) for 

all coefficients were required of higher order models for a non-linear model to be 

selected.   

Aerial CIR digital images were processed using ERDAS Imagine version 9.3 

(ERDAS, Inc., Atlanta, GA).  The images were cropped to include only the field trial to 

reduce processing time.  The GPS coordinates at block and field corners were used to 

georeference and rectify the images.  Maps then were generated by calculating the 

optimized soil adjusted vegetation index (OSAVI) value for each pixel.  The OSAVI was 

selected because it is a common multispectral vegetation index associated with 

chlorophyll content that showed promise in both the 2008 ground-based results 

(Reynolds et al. 2009) and in preliminary research by Laudien et al. (2006).  The ground-

based spectral measurements and disease assessments were used as ground truth data.   

 

RESULTS 

Disease development.  In 2008 and 2009, the range of inoculum density 

treatments resulted in different times for onset of aboveground and root rot symptoms,   
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Table 2-1.  Equations of reflectance ranges and vegetation indices assessed for 

correlation with Rhizoctonia crown and root rot disease ratings from sugar beet 

plots at the University of Minnesota, Northwest Research & Outreach Center, 

Crookston 

Index
y
 Formula

z
 Reference 

GREEN R548-563  

RED R668-683  

NIR R898-913  

DVI NIR-RED Jordan 1969 

SRVI NIR / RED Wang et al. 2004 

NDVI (NIR-RED) / (NIR+RED) Rouse et al. 1973 

OSAVI (NIR-RED) / (NIR+RED+0.16) Rondeaux et al. 1996 

GNDVI (NIR-GREEN) / (NIR+GREEN) Gitelson and Merzlyak 1997 

PSSRa R800 / R680 Blackburn 1998 

PSSRb R800 / R635 Blackburn 1998 

RVSI (R714+R752) / 2 – R733 Merton and Harvey 1997 

LWI R1300 / R1450 Seelig et al. 2008 

mSR (R750-R445) / (R705+R445) Sims and Gamon 2003 

NDRE (R790-R720) / (R790+R720) Barnes et al. 2000 

y GREEN = green reflectance, RED = red reflectance, NIR = near-infrared reflectance, DVI = difference 

vegetation index, SRVI = simple ratio vegetation index, NDVI = normalized difference vegetation index, 

OSAVI = optimized soil adjusted vegetation index, GNDVI = green normalized difference vegetation 

index, PSSRa = pigment specific simple ratio (chl-a), PSSRb = pigment specific simple ratio (chl-b), 

RVSI = red edge vegetation stress index, LWI = leaf water index, mSR = modified spectral ratio, and 

NDRE = normalized difference red edge 

z R represents reflectance at the given wavelength or wavelength range (nm) 
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which was ideal for monitoring disease development by spectral measurement.  At 2 

weeks after inoculation, some plants in plots with high inoculum densities (two R. solani-

infested corn kernels per root) were the first to wilt, but no chlorosis was observed; these 

symptomatic plants also had darkened petioles at the soil line, typical of RCRR.  At this 

time, the other inoculated plots and non-inoculated controls displayed no aboveground 

symptoms of RCRR.  The high inoculum density plots were extensively wilted and 

chlorotic by 3 weeks after inoculation.  By comparison, plots with lower inoculum 

density (i.e. 16 g barley per row) did not develop chlorosis or wilting until as late as 9 

weeks after inoculation. 

Early root symptoms of RCRR occurred before development of wilt and chlorosis 

of foliage.  A wide range of disease ratings for RCRR were obtained across all plots at 

each assessment date.  Ratings for RCRR also were consistently high for both cultivars at 

all assessment dates when inoculum levels were high (one half or two infested corn 

kernels per root) but were lower for the partially resistant than susceptible when barley 

inoculum (all rates) were applied.  In 2008, RCRR plot ratings for the susceptible cultivar 

ranged from 0.25 to 4.4, 0.6 to 6.75, 0.8 to 7, and 0.9 to 7 at 2, 4, 6, and 8 weeks after 

inoculation, respectively; for the partially resistant cultivar, ratings ranged from 0.3 to 

3.45, 0.6 to 6.65, 1.1 to 6.45, and 1.2 to 6.9 at 2, 4, 6, and 8 weeks after inoculation, 

respectively.  In 2009, RCRR plot ratings for the susceptible cultivar ranged from 0.7 to 

4.8, 0.75 to 5.6, 0.85 to 6.75, and 1.1 to 7 at 2, 3, 5, and 9 weeks after inoculation, 

respectively; for the partially resistant cultivar, ratings ranged from 0.75 to 4.7, 0.6 to 

4.85, 0.8 to 6.65, and 0.65 to 6.75 at 2, 3, 5, and 9 weeks after inoculation, respectively. 
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Spectral measurements.  Based on visual inspection of hyperspectral reflectance 

signatures for healthy and RCRR-diseased plots, chlorotic and wilting sugar beet plot 

canopies were associated with increased red reflectance (620-750 nm), decreased near-

infrared reflectance (770-1300 nm), and increased middle-infrared reflectance (1,300-

2,500 nm) (data not shown).  Reflectance signatures of plots with maximum RCRR 

severity (disease rating = 7, where root is completely rotted and foliage dead) were 

closely associated with the reflectance signatures of bare soil measured from alleys 

because nearly all plants in these plots were dead.  Several pertinent wavelengths were 

identified through first derivative analysis, including some in the red (660 and 680 nm), 

red-edge (730 and 740 nm), and near-infrared (1130, 1145, and 1330 nm) ranges; all of 

these bands, or close approximations, are incorporated into one or more of the vegetation 

indices assessed. 

  Cultivars responded significantly differently to RCRR infection in 2009, so each 

of the four cultivars was assessed individually.  Reflectance in the red and near-infrared 

ranges and all vegetation indices assessed yielded statistically significant (P <0.0001) 

regression models when plotted against disease ratings for RCRR of both cultivars in 

2008 and 2009 (Table 2-2).  Most of these indices also had very high R
2
 values.  Because 

the relationships between disease severity and many of the indices were non-linear, 

higher order models were also assessed; models selected were linear, second-order, or 

third-order.  Green reflectance was the only variable assessed that did not have 

consistently significant p-values for both cultivars in both years (Table 2-2).   
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Table 2-2.  Regression statistics for relationship between reflectance ranges/ 

vegetation indices and Rhizoctonia crown and root rot severity ratings from 

sugar beet plots at the University of Minnesota, Northwest Research & 

Outreach Center, Crookston 

    2008   2009 

Index
x
 Cultivar

y
 Order R

2
 p-value

z
   Order R

2
 p-value

z
 

Red S Second 0.638 <0.0001*  Second 0.625 <0.0001* 

  PR Second 0.618 <0.0001*   Second 0.459 <0.0001* 

Green S Linear 0.002 0.6095  Linear 0.044   0.0392* 

  PR Linear 0.072   0.0051*   Linear 0.056   0.0203* 

NIR S Third 0.701 <0.0001*  Linear 0.521 <0.0001* 

  PR Second 0.558 <0.0001*   Linear 0.351 <0.0001* 

DVI S Third 0.770 <0.0001*  Third 0.691 <0.0001* 

  PR Second 0.651 <0.0001*   Third 0.556 <0.0001* 

SRVI S Linear 0.552 <0.0001*  Linear 0.582 <0.0001* 

  PR Second 0.709 <0.0001*   Linear 0.409 <0.0001* 

NDVI S Third 0.858 <0.0001*  Third 0.760 <0.0001* 

  PR Second 0.753 <0.0001*   Third 0.637 <0.0001* 

OSAVI S Third 0.856 <0.0001*  Third 0.762 <0.0001* 

  PR Second 0.766 <0.0001*   Third 0.662 <0.0001* 



 

52 

 

 

GNDVI S Second 0.732 <0.0001*  Second 0.641 <0.0001* 

  PR Second 0.693 <0.0001*   Second 0.584 <0.0001* 

PSSRa S Linear 0.553 <0.0001*  Linear 0.584 <0.0001* 

  PR Second 0.713 <0.0001*   Linear 0.411 <0.0001* 

PSSRb S Linear 0.545 <0.0001*  Linear 0.576 <0.0001* 

  PR Second 0.687 <0.0001*   Linear 0.471 <0.0001* 

mSR S Second 0.689 <0.0001*  Second 0.671 <0.0001* 

  PR Second 0.708 <0.0001*   Second 0.585 <0.0001* 

LWI S Linear 0.558 <0.0001*  Linear 0.524 <0.0001* 

  PR Second 0.624 <0.0001*   Linear 0.256 <0.0001* 

RVSI S Third 0.828 <0.0001*  Second 0.717 <0.0001* 

  PR Second 0.667 <0.0001*   Third 0.554 <0.0001* 

NDRE S Second 0.680 <0.0001*  Second 0.657 <0.0001* 

  PR Second 0.627 <0.0001*   Second 0.631 <0.0001* 

x GREEN = green reflectance, RED = red reflectance, NIR = near-infrared reflectance, DVI = 

difference vegetation index, SRVI = simple ratio vegetation index, NDVI = normalized 

difference vegetation index, OSAVI = optimized soil adjusted vegetation index, GNDVI = green 

normalized difference vegetation index, PSSRa = pigment specific simple ratio (chl-a), PSSRb = 

pigment specific simple ratio (chl-b), RVSI = red edge vegetation stress index, LWI = leaf water 

index, mSR = modified spectral ratio, and NDRE = normalized difference red edge 

y S = cultivar is susceptible to RCRR and PR = cultivar is partially resistant to RCRR 

z * denotes statistical significance at p-values lower than 0.05 
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Because P-values and R
2
 values were comparable for most reflectance ranges and 

vegetation indices tested, no single vegetation index was optimal.  The optimized soil 

adjusted vegetation index (OSAVI) consistently had the highest or second highest R
2
 

value of indices assessed and was selected as representative of the wideband indices 

(Figure 2-1). The OSAVI values generally were constant at RCRR disease ratings of 0 

until 4 (when extensive rot and cankers affect 25 to 50% of the root surface), and then 

index values dropped dramatically as RCRR severity increased.  Early foliar symptoms 

of wilting and chlorosis were not observed until RCRR reached values around four.  

Other wideband index values followed the same relationship to RCRR as OSAVI (data 

not shown). 

The modified spectral ratio (mSR) was selected as representative of the 

narrowband indices (Figure 2-2). The mSR appeared to allow for earlier detection of 

RCRR than the OSAVI and other wideband indices.  Index values were constant at 

RCRR disease ratings of 0 until 3 before dropping from ratings of 3 until 7.  Variability 

was higher than with the OSAVI.  Vegetation index values began to decline in the mSR 

prior to the onset of severe wilting, when reflectance becomes a mixture of soil 

background and canopy reflectance, which usually occurs at RCRR ratings around four.   

These early changes are most likely due to minor alteration of canopy structure.  Other 

narrowband vegetation indices followed the same relationship to RCRR as mSR (data not 

shown). 
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Figure 2-1.  Optimized soil adjusted vegetation index values (OSAVI) plotted against 

Rhizoctonia crown and root rot (RCRR) disease ratings for A the susceptible cultivar in 

2008 (y = -0.005x
3
 + 0.035x

2
 - 0.085x + 0.741), B the partially resistant cultivar in 2008 

(y = -0.016x
2
 + 0.065x + 0.633), C the susceptible cultivar in 2009 (y = -0.005x

3
 + 

0.043x
2
 - 0.12x + 0.78), and D the partially resistant cultivar in 2009 (y = -0.006x

3
 + 

0.057x
2
 - 0.156x + 0.82) from field trials at the University of Minnesota, Northwest 

Research and Outreach Center, Crookston.  Ratings for RCRR range from 0 to 7 and are 

based on the amount of rot present on sugar beet tap roots, where 0 = healthy and 7 = 

100% rotted and foliage is dead (Ruppel et al. 1979).  The ―tipping points‖, where 

OSAVI values begin to decline, are indicated by dashed lines. 
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Figure 2-2.  Modified spectral ratio (mSR) values plotted against Rhizoctonia crown and 

root rot (RCRR) disease ratings for A the susceptible cultivar in 2008 (y = -0.089x
2
 + 

0.308x + 2.96), B the partially resistant cultivar in 2008 (y = -0.088x
2
 + 0.289x + 3.09), 

C the susceptible cultivar in 2009 (y = -0.068x
2
 + 0.233x + 2.76), and D the partially 

resistant cultivar in 2009 (y = -0.087x
2
 + 0.316x + 3.22) from field trials at the University 

of Minnesota, Northwest Research and Outreach Center, Crookston.  Ratings for RCRR 

range from 0 to 7 and are based on the amount of rot present on sugar beet tap roots, 

where 0 = healthy and 7 = 100% rotted and foliage is dead (Ruppel et al. 1979).  The 

―tipping points‖, where mSR values begin to decline, are indicated by dashed lines. 
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In 2008, the cultivars generally responded the same, although earlier detection 

occurred in the partially resistant cultivar than in the susceptible cultivar with the OSAVI.  

This difference was not statistically significant.  Sugar beet cultivars yielded significantly 

different responses in 2009 for both the OSAVI (p-value = 0.0121) and mSR (p-value = 

<0.0001), as well as several other indices.  The partially resistant cultivar had higher 

chlorophyll content than the susceptible cultivar in that year, which resulted in higher 

OSAVI and mSR values overall for the partially resistant cultivar.  The patterns for all 

cultivars were very similar; statistically significant differences between cultivars are most 

likely due to minor differences in the y-intercept coefficients and when changes in 

vegetation index values occur (the ―tipping point‖).  This ―tipping point‖ typically 

occurred between disease ratings of 3-5, depending on the cultivar and index used, and it 

was selected based on when the slope of the regression became significantly negative.  

The tipping point occurred in the OSAVI at a disease rating of 5 for the susceptible 

cultivar in 2008 and both cultivars in 2009 and at a disease rating of 4 for the partially 

resistant cultivar in 2008.  The tipping point occurred in the mSR near a disease rating of 

3 for both cultivars in both years. 

Aerial imagery.  One block of the field trial is shown at 3, 5, and 9 weeks after 

inoculation (Figure 2-3A).  Control point error for rectification of the 0.25 m spatial 

resolution CIR digital imagery was 0.0164 pixels on 28 July, 0.0134 pixels on 13 August, 

and 0.0146 pixels on 9 September 2009.  Because of the infrared filter used on the 

camera, healthy vegetation appears red, and soil appears cyan or black (depending on  
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Figure 2-3.  Sugar beet plots at the University of Minnesota, Northwest Research and 

Outreach Center, Crookston shown at 3, 5, and 9 weeks after inoculation with 

Rhizoctonia solani AG 2-2 IIIB as A) color-infrared digital imagery at 0.25 m spatial 

resolution and B) derived optimized soil adjusted vegetation index (OSAVI) maps.  

Treatment labels refer to example plots where S = a susceptible cultivar and R = a 

partially resistant cultivar; 2c = each root inoculated with two corn kernels colonized by 

R. solani; and C = non-inoculated control (all other plots were low to moderate inoculum 

densities and are not identified).  Healthy sugar beet foliage is red in the CIR imagery and 

light in the OSAVI maps, and soil is cyan or black in the CIR imagery and dark in the 

OSAVI maps.  Note that OSAVI values decrease as disease levels increase.  The area of 

plots where disease assessments were obtained is partially masked out, and disease 

ratings for Rhizoctonia crown and root rot (RCRR) are indicated for each example plot at 

each date.  Ratings for RCRR range from 0 to 7 and are based on the amount of rot 

present on sugar beet tap roots, where 0 = healthy and 7 = 100% rotted and foliage is 

dead (Ruppel et al. 1979).   
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moisture).  Infected plants show up as a mixture of soil background and wilting leaves.  

Severely diseased plots are indistinguishable from bare soil, validating the reflectance 

signatures obtained from the ground where plots with the maximum RCRR severity 

rating of seven had almost the same signature as bare soil; RCRR severity ratings for 

example plots are indicated at each assessment date.  Individual RCRR infected plants 

were identified in inoculated plots as early as 3 weeks after inoculation; infected plants 

were evident in plots with RCRR severity ratings as low as 3.75, but RCRR infections 

were only consistently apparent in plots with RCRR severity ratings above four.  These 

results were consistent at 5 and 9 weeks after inoculation as well; plots with RCRR 

severity values higher than four consistently contained identifiable infected plants 

showing wilting or chlorosis.  These results validate data obtained on the ground, because 

changes were not observed in vegetation indices until after disease ratings had progressed 

beyond moderate severity levels (disease rating of 4). 

Classification maps were generated using the OSAVI to calculate a value for each 

pixel in the images (Figure 2-3B).  The OSAVI ranges from 0 to 1, with 0 represented as 

black and 1 represented as white; values in between 0 and 1 are shades of gray based on 

this continuum.  Bare soil and necrotic vegetation have low OSAVI values and appear 

very dark, while healthy vegetation has a high OSAVI value and appears very light.  As 

sugar beet foliage wilted and became chlorotic from RCRR, OSAVI values calculated 

from canopy reflectance decreased.  These results validate the data obtained from the 

ground, which showed that OSAVI values decreased significantly from RCRR severity 

values 4 to 7 (Figure 2-1). 
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DISCUSSION 

Vegetation indices did not detect RCRR until root ratings indicated 25 to 50% of 

the root surface was rotted and foliar symptoms were beginning to occur, making remote 

sensing based assessment of RCRR more suitable for late-season use after infections have 

developed.  Similarly, Phytophthora root rot in cranberry was most consistently detected 

in late-season assessments (Pozdnyakova et al. 2002).  Take-all disease in wheat can be 

detected using the NDVI during the milk stage of grain development, which occurs 

relatively late in the season (Chen et al. 2007).  No single index was particularly suitable 

for correlation with RCRR disease severity ratings, most likely because many of the 

indices assessed were based on similar wavelengths and associated with similar 

biophysical parameters (primarily chlorophyll content).  The differences in R
2
 values 

were negligible and most likely due to the number of wavelengths used and width of the 

bands for each index.  For example, most of the narrowband indices incorporate two, 1-

nm wavebands and had wide variability, while the mSR incorporates three and had less 

variability; the wideband indices all had better overall fits with RCRR severity than the 

narrowband indices because they incorporated two, 15-nm wide bands.   

The wideband (OSAVI) and narrowband (mSR) indices correlated well with 

severity of RCRR and are both associated with chlorophyll content, which is consistent 

with the chlorosis assumed to be commonly associated with infected plants.  Reduced 

chlorophyll content has been measured in root rots caused by Phytophthora spp. in citrus 

(Matheron et al. 1998) and R. solani in broad bean (Nofal et al. 1985), as well as R. 

solani sheath blight in rice (Naidu et al. 1981).  Vegetation indices associated with water 
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content (i.e., LWI), however, had similar patterns when plotted against RCRR disease 

severity values. Thus, it is unclear if changes in the vegetation indices observed with 

higher disease severity ratings are associated with actual reduction in chlorophyll content 

(which appeared to occur after wilting) or are associated with increased soil background 

reflectance.  The close association between reflectance in plots with high disease severity 

and bare soil reflectance may indicate that changes in all vegetation indices were 

influenced by increased soil reflectance due to a wilting canopy.  Changes in vegetation 

indices were occurring at the onset of visible wilting, however, when foliage still covered 

most of the soil background.  Thus, changing canopy structure due to wilting also likely 

plays a major role in the early changes observed.  Reflectance in the NIR is heavily 

affected by leaf angle and canopy geometry (Malet 1996).  Most of the vegetation indices 

assessed incorporate a NIR band, and, because wilting was the first visible symptom to 

occur, early changes in these indices are probably due to changes in canopy structure. 

At the canopy level, spectral responses are influenced by three main factors: 

physiological state of the plants, extent of canopy or leaf cover, and spectral 

characteristics of soil (Spanner et al. 1990). When sugar beet plants are dying, the canopy 

collapses, and canopy reflectance is influenced more by the soil background.  Leaf 

pigments strongly absorb visible light, and so reflectance in this region is low overall for 

healthy vegetation and increases as foliage is stressed (Carter 1993).  Chlorophyll absorbs 

violet-blue and red light for photosynthesis. Green light is not absorbed for 

photosynthesis, hence most plants appear green. The changes observed in these visible 

bands of light may indicate reduced chlorophyll content in the sugar beet canopy.  Near-
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infrared light is not absorbed by leaf pigments, so reflectance is high in this region and 

depends on internal leaf structure (Knipling 1970).  The changes observed in the near-

infrared region may be due to wilting in the sugar beet canopy. Finally, the middle-

infrared reflectance region is associated with water content (Carter 1993, Cohen 1991). 

The changes observed in this region may be due to water stressed sugar beet foliage. 

Vegetation indices associated with chlorophyll (particularly the mSR) indicated 

loss of chlorophyll content in foliage as severity of RCRR increased.  Although wilting is 

very likely playing a role in the reflectance responses observed in the various indices and 

in the aerial imagery, this appears to be compelling evidence that the reflectance changes 

observed in RCRR-infected plots were at least due in some part to reduction in 

chlorophyll content (Rouse et al. 1973, Sims and Gamon 2003). 

Remote sensing may be useful in predicting yield losses in sugar beet infected 

with RCRR over a range of disease severities and cultivar resistance.  Several VIs 

showed very strong relationships with net sugar yield for both cultivars in 2008 and the 

partially resistant cultivar in 2009 (unpublished).  Remote sensing has been used to 

predict yields in wheat infected by different severities of wheat stripe mosaic virus 

severity within 95% confidence intervals (Workneh et al. 2009).  Nilsson (1991) 

demonstrated good correlation between reflectance data and yields in several crops 

affected by various leaf and root diseases.  A simple ratio vegetation index has also been 

associated with yields in soybean affected by several root rot pathogens (Wang et al. 

2004). 
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Because reflectance responses coincided with the onset of visible aboveground 

symptoms of RCRR (i.e., wilting), the disease cannot be detected remotely using the 

vegetation indices assessed until higher levels of disease severity (ratings ranging from 3-

5), when tap roots are at least 25 to 50% rotted.  At this point, the disease has progressed 

too far for remedial management measures (i.e., fungicide applications); these fungicides 

would likely not have a significant effect on RCRR once the disease has progressed past 

a disease severity of 2-3.  Fungicides could potentially be applied to areas surrounding 

remotely detected infection centers, however, to prevent RCRR from spreading.  Remote 

sensing of RCRR infections in the visual, NIR, and MIR ranges, may have applications 

other than early detection.  For example, RCRR infection centers could be identified to 

develop risk maps showing areas with potentially high R. solani inoculum for future 

growing seasons. This would allow growers to employ precision agriculture technology 

to plant partially resistant cultivars, rotate with non-host crops, and apply protectant 

fungicides in ―hot spots‖ of fields prone to RCRR.  Furthermore, remote sensing of 

RCRR would allow for rapid, late-season assessment of fields for crop insurance 

purposes.  Further research is needed to determine if RCRR causes a unique spectral 

signature or if other root maladies (i.e., sugar beet root maggot) may cause a similar 

response in grower fields.  Remote sensing based on thermal IR emissivity (Falckenberg 

1928) should also be assessed as a potential means for earlier detection of RCRR than 

reflectance-based remote sensing can allow for. 
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CHAPTER 3:  Rhizoctonia Crown and Root Rot Reduces Chlorophyll Content in 

Sugar Beet Foliage 

 

CHAPTER SUMMARY 

 

Rhizoctonia crown and root rot (RCRR), caused by Rhizoctonia solani AG-2-2, is an 

important disease of sugar beet in Minnesota and North Dakota.  Chlorosis is an 

aboveground symptom of RCRR, but no studies have directly associated RCRR with 

reduced chlorophyll content.  In greenhouse and field trials, sugar beet roots and/or 

crowns were inoculated with R. solani AG 2-2 IIIB at the 10-leaf stage.  Relative 

chlorophyll content was measured with a handheld chlorophyll meter in the greenhouse at 

2 to 3 day intervals for 17 days after inoculation and in the field at 2, 3, and 5 weeks after 

inoculation.  Roots were removed and rated for severity of RCRR after chlorophyll 

measurements.  Inoculation with R. solani AG 2-2 caused significant reduction in 

chlorophyll content compared to the non-inoculated control at 14 (P=0.0166) and 17 

(P=0.0004) days after inoculation in the greenhouse and 3 (P=0.0263) and 5 (P=0.0009) 

weeks after inoculation in the field.  Regression analysis resulted in significant 

relationships between relative chlorophyll content and RCRR disease severity.  

Chlorophyll content remained stable until RCRR affected 25-50% of the root surface and 

foliage was beginning to wilt and then decreased significantly as disease severity 

increased. 
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The soilborne fungus Rhizoctonia solani Kühn AG-2-2 intraspecific groups IIIB 

and IV cause Rhizoctonia crown and root rot (RCRR) of sugar beet (Beta vulgaris L.) 

(Engelkes and Windels 1996).  The pathogen is becoming widespread in sugar beet-

growing regions of Minnesota and North Dakota because of widespread planting of sugar 

beet cultivars susceptible to RCRR, unusually wet weather conditions since 1993, and 

increased acreage of soybean, edible bean and corn, which also are susceptible to R. 

solani AG-2-2 (Engelkes and Windels 1996, Windels and Brantner 2009).  Increased 

planting of these alternate hosts in rotation with sugar beet allows for R. solani inoculum 

to build up in soil (Ithurrart et al. 2004).  Control of RCRR may be achieved through 

three-year rotations with non-host plants (Windels and Lamey 1998), selection of 

partially resistant cultivars, early planting (Engelkes and Windels 1994), and application 

of fungicides at planting or after emergence (Jacobsen et al. 1999, Kiewnick et al. 2001).   

Symptoms of RCRR include a dark brown to gray rot that begins near the crown 

and spreads over the root surface, eventually causing cracking and sunken lesions 

(Windels et al. 2010).  As RCRR develops beyond initial, superficial symptoms, foliage 

begins to wilt and develop chlorosis.  Severely infected plants eventually die.  Disease 

severity is typically assessed using a visual rating system based on the amount of rot 

present on the tap root (Ruppel et al. 1979). 

Although chlorosis has long been assumed to be an associated aboveground 

symptom of RCRR, no studies have been conducted to investigate the impact of this 

disease on chlorophyll content in sugar beet.  Reduced chlorophyll content is well 

documented for foliar diseases (Liu et al. 2010, Hwang et al. 2006, Petit et al. 2006) and 
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has been associated with root rots caused by Phytophthora citrophthora and P. parasitica 

in citrus species (Matheron et al. 1998) and R. solani and R. bataticola in broad bean 

(Nofal et al. 1985).  Reduced chlorophyll content also is associated with R. solani sheath 

blight of rice (Naidu et al. 1981). 

The optimized soil adjusted vegetation index (OSAVI), which is associated with 

chlorophyll content (Rondeaux et al. 1996), indicated that moderate to severe levels of 

RCRR were associated with loss of chlorophyll (Laudien et al. 2004, Reynolds et al. 

2009).  Several other chlorophyll-associated vegetation indices, including the modified 

spectral ratio, further corroborated this relationship (Reynolds et al. 2009).  Thus, the 

objective of this study was to determine the relationship between severity of RCRR and 

changes in chlorophyll content of sugar beet foliage. 

 

MATERIALS AND METHODS 

Rhizoctonia inoculum.  Inoculum of R. solani AG 2-2 IIIB (isolate 87-36-4, 

Engelkes and Windels 1994) was prepared on corn kernels (Engelkes and Windels 1994) 

and on barley grain (Ruppel et al. 1979).   Dent corn was soaked in distilled water for 12 

hr in 750 ml beakers, drained, and autoclaved at 121°C for 60 min on two consecutive 

days.  R. solani AG-2-2 IIIB was grown on acidified potato-dextrose agar (APDA) for 7 

days.  Four 1.5-cm-diameter disks from the margin of an actively growing colony were 

transferred to the corn kernels and incubated at 21 ± 1°C for 21 to 38 days (containers 

were shaken every 2 days).  Barley grain inoculum was prepared by combining 3,120 cm
3
 

barley with 1,800 ml distilled water in aluminum pans (30.5 x 50.8 x 10.2 cm).  Grains 
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were autoclaved for 120 minutes on two consecutive days; inoculated with 15, 1.5-cm-

diameter disks from the margin of 7-day-old cultures on APDA; and incubated at 21 ± 

1°C for 14 days.  After R. solani had completely colonized barley grains, inoculum was 

dried for 48 hr and ground in a Wiley Mill (Number 3 round-hole screen, 3.2 mm mesh).  

Inoculum was stored at 21 ± 1°C in the laboratory for 21 days until inoculation. 

Greenhouse.  Seed of two sugar beet cultivars, one susceptible (Van der Have 

46531) and one partially resistant (Hilleshog 3035) to RCRR (Niehaus 2009), were 

selected for a greenhouse trial.  Three seeds of each cultivar were sown 2-cm deep in 

12.25-cm diameter plastic pots.  Each pot contained 1,300 cm
3
 commercial soil (BM2; 

Berger, Quebec) mixed with 2g per liter of 14-14-14 slow release fertilizer (Osmocote; 

Scotts Miracle-Gro Company; Marysville, OH).  A total of 96 pots were sown per 

cultivar and arranged in a completely randomized design in a greenhouse at 25 ± 3°C.  

Because of short winter day lengths, plants were supplemented with light from high 

pressure sodium lamps (267,000 lumens, 350 umol intensity per 16 hr day).  At 16 days 

after planting, each pot was thinned to one plant and fertilized with 6g Osmocote.  Plants 

were routinely watered as needed and re-randomized on greenhouse benches twice a 

week throughout the experiment to minimize possible microclimate effects. 

At 6 weeks after planting, plants were inoculated by removing soil from one side 

of the root about 2.5 cm below soil surface, placing a R. solani-infested corn kernel on 

the exposed surface, and re-covering with soil (48 plants per cultivar).  Controls were not 

inoculated (48 plants per cultivar).  There were six replicates for each treatment x cultivar 

x assessment date. 
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Field.  Plots were established at the University of Minnesota, Northwest Research 

and Outreach Center, Crookston in 2009 to validate the greenhouse trial.  The plot site 

was 47 x 65.5 m and had been sown to soybean in 2008.    On 20 May, the site was 

fertilized following standard procedures to maximize sugar beet yield and quality (Khan 

2009) and sown with sugar beet seed of Crystal 539RR and Crystal 658RR (partially 

resistant and susceptible to RCRR, respectively).  These cultivars were selected because 

Roundup Ready cultivars were widely adopted and sown on 88% of commercial hectares 

in the region in 2009  (Stachler et al. 2009).  Seeds were spaced 4.8 cm apart (2.54-cm 

depth) in rows 10.7 m long and 0.56-m apart.  Treatments were assigned to six-row plots 

(3.35 m wide) arranged in a 2 x 3 factorial treatment design with four replicates, and 

blocks were separated by 7.6 m alleys.  Plant populations were thinned to 17.8 cm 

spacing on 18 June.  Root insects were controlled by application of terbufos (Counter; 

BASF; Ludwigshafen, Germany) at planting and chlorpyrifos (Lorsban-4E; Dow 

AgroSciences; Indianapolis, IN) on 23 June (1.7 and 0.84 kg a.i. ha
-1

, respectively).  

Glyphosate (Roundup; Monsanto; Creve Coeur, MO) was applied to control weeds in 

mid-June and mid-July at 1.7 and 2.2 kg a.i. ha
-1 

respectively.  Pyraclostrobin (Headline; 

BASF; Ludwigshafen, Germany) was applied at 0.63 kg a.i. ha
-1

 in early September to 

control Cercospora leaf spot.  Pesticides were applied with a tractor-mounted sprayer and 

TeeJet 8002 flat fan nozzles at 7.0 kg per cm
2
.   

Plots were inoculated on 6 July before row closure when foliage reached the 10- 

to 12-leaf stage.  For each cultivar, treatments included two whole corn kernels of R. 

solani inoculum per root (high inoculum concentration), 48 g of ground barley inoculum 
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per row (moderate inoculum concentration), and non-inoculated controls.   Corn kernel 

inoculum was applied as previously described.  Barley inoculum was deposited in sugar 

beet crowns with a Gandy granule applicator (setting number 30) by three 1.05 km/h 

passes over the length of the row. Then, all plots were cultivated to throw soil into 

crowns and cover inoculum to favor infections (Ruppel et al., 1979).  Plots were not 

irrigated, but within the first week of inoculation, 4 cm of precipitation fell, which 

ensured optimal infection conditions for R. solani.   

Chlorophyll and disease assessments.  In the greenhouse trial, six sugar beet 

plants of each cultivar and disease treatment combination were arbitrarily selected and 

measured for relative chlorophyll content with a SPAD 502 (Minolta, Japan) portable 

chlorophyll meter at 0, 3, 5, 7, 10, 12, 14, and 17 days after inoculation.  Three 

measurements were obtained per leaf on three fully expanded leaves per plant.  Two 

measurements were obtained on opposite sides of the midrib at the leaf tip (1 to 2 cm 

from the edge of the leaf) and the third was taken lower on the leaf 1 to 2 cm from the 

petiole.  This sampling technique was adapted from a study correlating SPAD 502 

chlorophyll readings to nitrate concentration in sugar beet foliage (Sexton and Carroll 

2002).   These nine measurements were averaged in the chlorophyll meter for an overall 

chlorophyll content value for each plant; variability between individual measurements in 

each sampling unit was not recorded (Konica Minolta Sensing, Inc. 2003). 

After chlorophyll content was measured at each date, the plants were removed 

from soil, and their roots were washed in tap water to remove adhering soil.  Clean sugar 

beets were rated for RCRR using a 0 to 7 scale where 0 = tap root surface clean with no 
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visible lesions; 1 = superficial, scattered non-active lesions; 2 = shallow, dry rot cankers 

on ≤ 5% of tap root surface; 3 = deep dry rot cankers at crown or extensive lateral lesions 

affecting 6-25% of the tap root surface; 4 = extensive rot affecting 26-50% of tap root, 

with cracks and cankers up to 5 mm deep; 5 = > 50% of tap root blackened with rot 

extending into interior; 6 = entire tap root blackened except extreme tip; and 7 = tap root 

100% rotted and foliage is dead (Ruppel et al. 1979).  This rating scale is discontinuous 

because it is more difficult to see small changes in severity at moderate levels of disease 

than at very high or very low levels of disease (Horsfall and Barratt 1945), especially on 

tap roots.  The rating scale, however, is well established and continuous data assessment 

scales have not been developed.   

In the field, chlorophyll measurements were obtained 2, 3, and 5 weeks after 

inoculation because of slow progression of RCRR compared to the controlled 

environment of the greenhouse.  A random sample of ten plants was arbitrarily selected 

from the 6.1-m length of each plot, and two measurements were made per leaf on three 

fully expanded leaves per plant with the SPAD 502.  Only two measurements were taken 

per leaf in the field because ten plants were assessed for each sampling unit (plots) and 

significantly more data was being acquired even with only six measurements per plant; 

furthermore, variability within leaves was minimal, so reducing the number of 

measurements per leaf did not affect the results.  Measurements were made at each leaf 

tip on opposite sides of the midrib and the six values were averaged in the chlorophyll 

meter for an overall plant chlorophyll level; because each plant’s chlorophyll content 

value is an average from the chlorophyll meter, variability within subsamples was not 
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recorded.  Plots were divided into a 6.1 m section for chlorophyll measurements and a 4.6 

m section for disease assessments to prevent thinning of the canopy in the 6.1 m section, 

which was being used for spectral reflectance measurements in another study being 

conducted on the field site.   

Within 24 h of each chlorophyll assessment in the field, roots were rated for 

disease severity with the 0 to 7 scale used in the greenhouse experiment.  Root disease 

ratings, however, were not made on the same plants as chlorophyll assessments because 

their removal would reduce the canopy which was also being used for remote sensing 

measurements.  Disease ratings were made on plants removed from the remaining half of 

the same plot (four rows, each 4.6 m long) by arbitrarily selecting 10 plants.  Previous 

research had shown that RCRR ratings on portions of inoculated research plots were the 

same as across an entire plot (Windels, unpublished).   

Statistical analyses.  To assess the influence of cultivar and R. solani inoculation 

on chlorophyll content over time in the greenhouse, data was analyzed using two-way 

ANOVA in the statistics program R, ver. 2.10.1 (R Development Core Team 2009).  

Fisher’s least significant difference (LSD) mean separation procedure was used to 

compare chlorophyll contents between inoculated and control groups for both cultivars.  

In the field trial, variances in chlorophyll measurements were heterogeneous between 

RCRR-infected and healthy plots at 3 and 5 weeks after inoculation.  Consequently, the 

non-parametric Scheirer-Ray-Hare extension (Scheirer et al. 1976) of the Kruskal-Wallis 

test (Kruskal and Wallis 1952) was applied to determine if the effects of cultivar and 

RCRR inoculation were significant in the field.  Chlorophyll levels of 10 plants per plot 
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were averaged to obtain an overall plot chlorophyll value.  Data for non-inoculated 

controls of both varieties were analyzed across assessment dates using two-way ANOVA 

to confirm the chlorophyll meter recorded measurements of non-inoculated plots 

consistently.   

Regression analysis using R was used to determine the relationship between 

relative chlorophyll content values and RCRR disease severity in the greenhouse and 

field.  Because the relationship between disease severity and chlorophyll content 

appeared to be non-linear for both cultivars in the greenhouse and field, higher order 

regressions also were assessed. 

 

RESULTS 

Greenhouse.  There were no significant effects of interactions between RCRR 

and sugar beet cultivar for chlorophyll content at any of the assessment dates (Table 3-1).  

Chlorophyll content, however, was significantly affected by R. solani inoculation and 

cultivar at various times throughout the trial (Table 3-1). 

Chlorophyll content of foliage was the same for R. solani-inoculated and control 

roots at 0, 3 and 5 days after inoculation (Table 3-1); disease ratings of inoculated roots 

averaged 0, 1.13, and 2.42, respectively, and in the control averaged zero for each of 

these sampling dates (data not shown).  At 7 days after inoculation, chlorophyll content 

was significantly higher in inoculated plants than in the control, but at 10 and 12 days, 

chlorophyll content was the same (Table 3-1).  Most infected plants were severely wilted  
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Table 3-1.  ANOVA results for chlorophyll content in sugar beet foliage from 0 to 

17 days after roots of 6-week-old plants were inoculated with Rhizoctonia solani 

AG-2-2 IIIB on susceptible and partially resistant cultivars in a greenhouse trial 

Days Source Degrees Sums       

After of of of Mean   

Inoculation Variation
y
 Freedom Squares Squares F statistic p-value

z
 

0 Cultivar 1 33.607 33.607 2.2968 0.1453 

 Inoculation 1 8.167 8.167 0.5582 0.4637 

 C x I 1 0.807 0.807 0.0552 0.8167 

 Experimental error 20 292.633 14.632   

3 Cultivar 1 64.027 64.027 6.7037 0.0175* 

 Inoculation 1 0.082 0.082 0.0086 0.9271 

 C x I 1 0.882 0.882 0.0923 0.7644 

 Experimental error 20 191.023 9.551   

5 Cultivar 1 94.804 94.804 7.5577 0.0124* 

 Inoculation 1 0.634 0.634 0.0505 0.8244 

 C x I 1 7.150 7.150 0.5700 0.4591 

 Experimental error 20 250.878 12.544   

7 Cultivar 1 64.680 64.680 4.0324 0.0583 

 Inoculation 1 104.170 104.170 6.4944 0.0191* 

 C x I 1 15.360 15.360 0.9576 0.3395 

 Experimental error 20 320.760 16.040   
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10 Cultivar 1 7.707 7.707 0.6655 0.4242 

 Inoculation 1 13.202 13.202 1.1401 0.2984 

 C x I 1 19.802 19.802 1.7100 0.2058 

 Experimental error 20 231.603 11.580   

12 Cultivar 1 121.050 121.050 5.2516 0.0329* 

 Inoculation 1 33.370 33.370 1.4477 0.2429 

 C x I 1 1.760 1.760 0.0764 0.7851 

 Experimental error 20 460.950 23.050   

14 Cultivar 1 68.340 68.340 1.7218 0.2043 

 Inoculation 1 271.350 271.350 6.8367 0.0166* 

 C x I 1 8.050 8.050 0.2028 0.6573 

 Experimental error 20 793.850 39.690   

17 Cultivar 1 459.370 459.370 13.1889 0.0017* 

 Inoculation 1 612.060 612.060 17.5728 0.0004* 

 C x I 1 51.630 51.630 1.4823 0.2376 

  Experimental error 20 696.700 34.830     

y RCRR = Rhizoctonia crown and root rot; C x I = the cultivar x RCRR inoculation interaction effect 

z 
* denotes statistical significance with p-values less than 0.05 
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by 7 days after inoculation, but chlorosis had not yet begun.  Disease ratings in the R. 

solani-inoculated roots averaged 3.13, 4.58, and 4.75 at 7, 10, and 12 days after 

inoculation, respectively, and remained at 0 in the control for these dates (data not 

 shown).  Chlorophyll content was significantly lower in inoculated sugar beets at 14 and 

17 days after inoculation compared to the control (Table 3-1) and foliage of diseased 

plants was severely wilted with several plants exhibiting obvious chlorosis (data not 

shown).  Inoculated roots averaged ratings of 5.33 and 5.88 at 14 and 17 days after 

inoculation, respectively, while control roots remained healthy with a rating of 0 for both 

dates (data not shown).  All infected plants were severely wilted by the end of the 

experiment, but some of them still did not appear to be experiencing chlorosis. 

Both cultivars had the same chlorophyll content at time of root inoculation when 

plants were 6 wk old (Table 3-1).  Three days later, chlorophyll content was significantly 

different between cultivars and again at 5, 12, and 17 days after inoculation, but not at 7, 

10, or 14 days after inoculation (Table 3-1).  Overall, chlorophyll content was lower in 

the susceptible than the partially resistant cultivar (data not shown).  In the susceptible 

cultivar, chlorophyll content of inoculated and control plants were significantly different 

at 7 (LSD = 4.82), 14 (LSD = 7.61), and 17 (LSD = 7.11) days after inoculation, but in 

the partially resistant cultivar were significantly different only at 17 days after inoculation 

(data not shown).   

Regression analysis between RCRR disease severity ratings and relative 

chlorophyll content values resulted in parabolic relationships (P < 0.0001) for both 

cultivars (Figure 3-1).  Variability was very high, but chlorophyll content remained  
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relatively stable for low to moderate levels of RCRR (severity ratings = 0-4).  When 

disease severity reach a rating of about 5 for the susceptible cultivar (Figure 3-1A) and 4 

for the partially resistant cultivar (Figure 3-1B), chlorophyll content decreased 

significantly as disease severity increased to 7.  At the point when chlorophyll content 

started to decline, disease ratings averaged 5.33 for both cultivars, and foliage was 

starting to become chlorotic on at least some inoculated plants of both cultivars (data not 

shown).  For both cultivars, P-values were <0.0001 for the intercepts; 0.0023 and 0.0153 

for the first-order slopes of the susceptible and partially resistant cultivars, respectively; 

and 0.0001 and 0.0009 for the second-order slopes of the susceptible and partially 

resistant cultivars, respectively (data not shown).  The R
2
 values were 0.2262 for the 

susceptible cultivar (Figure 3-1A) and 0.1887 for the partially resistant cultivar (Figure 3-

1B). 

Field.  The results of the Scheirer-Ray-Hare extension of the Kruskal-Wallis test 

indicated there were no significant effects of interactions between R. solani inoculation 

and sugar beet cultivar on chlorophyll content at 2 (P = 0.5684), 3 (P = 0.3667), or 5 (P = 

0.8079) weeks after inoculation (data not shown).  Chlorophyll content, however, was 

significantly affected by RCRR and cultivar at various times after inoculation. 

The effect of R. solani inoculation in the field was not statistically significant at 2 

weeks after inoculation (P = 0.6951), and RCRR severity ratings averaged 0.96 for the 

non-inoculated plots, 2.41 for the moderate inoculum plots, and 4.29 for the high 

inoculum plots at this date.  Wilting was beginning in the high inoculum plots, but  
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Figure 3-1.  Relative chlorophyll content of sugar beet foliage regressed against 

Rhizoctonia crown and root rot (RCRR) disease ratings from a greenhouse trial for A the 

susceptible cultivar (y = -0.73x
2
 + 3.10x + 48.87) and B the partially resistant cultivar (y 

= -0.56x
2
 + 2.08x + 52.57).  Ratings for RCRR range from 0 to 7 and are based on the 

amount of rot present on sugar beet tap roots, where 0 = healthy and 7 = 100% rotted and 

foliage is dead (Ruppel et al. 1979). 
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chlorosis was not yet evident.  Significant effects of inoculation rate on chlorophyll 

content occurred at 3 (P = 0.0263) and 5 (P = 0.0009) weeks after inoculation (Figure 3-

2).  Inoculated plants had lower chlorophyll contents on average than the control plants of 

both cultivars, with the high level of R. solani inoculum causing the most dramatic 

reduction in chlorophyll content.  Plants infested with both moderate and high levels of 

inoculum were showing extensive wilting and early signs of chlorosis at this point.  

Ratings for RCRR severity averaged 1.11 and 1.29 for the non-inoculated plots, 3.47 and 

4.81 for the moderate inoculum plots, and 4.75 and 6.20 for the high inoculum plots at 3 

and 5 weeks after inoculation, respectively (data not shown).  Because variation was 

equal between inoculation groups at 2 weeks after inoculation, two-way ANOVA was 

also used to analyze the data from this date.  The results again indicated there was no 

significant effect of RCRR infection at this early stage of disease development (P = 

0.2253) (data not shown).   

The effect of cultivar on relative chlorophyll content in the field was statistically 

significant at 2 (P = 0.0067) and 3 (P = 0.0209) weeks after inoculation.  Although 

cultivar did not significantly affect chlorophyll content at 5 weeks after inoculation, a 

very low P-value was obtained on this date as well (0.0941).  The partially resistant 

cultivar again had higher chlorophyll content on average than the susceptible cultivar 

(Figure 3-2).   
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Figure 3-2.  Relative chlorophyll content of non-inoculated and Rhizoctonia solani AG-

2-2 IIIB-inoculated sugar beet plots for A the susceptible cultivar and B the partially 

resistant cultivar from a field trial at the Northwest Research and Outreach Center, 

University of Minnesota, Crookston at 2, 3, and 5 weeks after inoculation. 
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The effect of assessment date on chlorophyll content for the non-inoculated plots 

in the field was not statistically significant (P = 0.1415) (Table 3-2).  The effect of 

cultivar on relative chlorophyll content values again was statistically significant (P < 

0.0001), confirming results of the Scheirer-Ray-Hare test.  The cultivar x date interaction 

effect was non-significant (P = 0.3192), and the effects of blocking (P = 0.0060) and 

experimental error (P = 0.0020) both were statistically significant (Table 3-2). 

Regression analysis between RCRR disease severity ratings and relative 

chlorophyll content values resulted in a parabolic relationship for the susceptible cultivar 

(Figure 3-3A) and a linear relationship for the partially resistant cultivar (Figure 3-3B) (P 

< 0.0001 for both cultivars).  Although the relationship between disease severity and 

chlorophyll content for the partially resistant cultivar actually appeared to be non-linear, 

one of the slope coefficients was not statistically significant when a second-order model 

was assessed, and so this model could not be selected.  Variability in chlorophyll content 

was less in the field (Figure 3-3) than in the greenhouse (Figure 3-2), and the relationship 

between disease severity and chlorophyll content was much stronger in the field.  In the 

susceptible cultivar, chlorophyll content again was stable from low to moderate disease 

levels before dropping significantly between moderate to higher disease levels (Figure 3-

3A).  In the partially resistant cultivar, chlorophyll content fell at a slow rate between low 

and moderate disease severity before dropping at a higher rate between moderate to  
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Table 3-2.  Analysis of Variance results for chlorophyll content of 

healthy sugar beet plots at different dates from a field trial at the 

University of Minnesota, Northwest Research and Outreach Center, 

Crookston 

Source Degrees Sum       

of of of Mean    

Variation Freedom Squares Squares F-statistic p-value
z
 

Blocks 3 520.63 173.54 6.19   0.0060* 

Cultivar 1 885.12 885.12 31.56 <0.0001* 

Date 2 125.35 62.68 2.23 0.1415 

Cultivar x Date 2 69.2 34.6 1.23 0.3192 

Experimental error 15 420.73 28.05 2.51   0.0020* 

Sampling error 216 2417.62 11.19    

z * denotes statistical significance with P values less than 0.05 
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Figure 3-3.  Relative chlorophyll content of sugar beet foliage regressed against 

Rhizoctonia crown and root rot (RCRR) disease ratings from a field trial at the University 

of Minnesota, Northwest Research and Outreach Center, Crookston for A the susceptible 

cultivar (y = -0.80x
2
 + 3.08x + 32.29) and B the partially resistant cultivar (y = -2.49x + 

42.32).  Ratings for RCRR range from 0 to 7 and are based on the amount of rot present 

on sugar beet tap roots, where 0 = healthy and 7 = 100% rotted and foliage is dead 

(Ruppel et al. 1979). 
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severe disease levels (Figure 3-3B).  Chlorophyll content began to drop dramatically once 

RCRR disease ratings reached 4 for both cultivars.  At this point, disease ratings for the 

moderate and high inoculum plots averaged 3.68 and 5.19, respectively, for the 

susceptible cultivar and 3.26 and 4.31, respectively, for the partially resistant cultivar.  

Foliage was visibly chlorotic on at least some inoculated plants in all inoculated plots of 

both cultivars.  The P-values were < 0.0001 for the intercepts of both cultivars, 0.0416 

and < 0.0001 for the first-order slopes with the susceptible and partially resistant cultivar, 

respectively, and 0.0004 for the second-order slope with the susceptible cultivar. The R
2
 

values were 0.6904 for the susceptible cultivar and 0.4796 for the partially resistant 

cultivar.   

 

DISCUSSION 

There was a significant reduction in chlorophyll content of sugar beet foliage in 

plants with RCRR as early as 2 weeks after inoculation with R. solani AG-2-2 in the 

greenhouse and 3 weeks after inoculation in the field.  Infected plants usually were 

wilting extensively before development of visible chlorosis, and not all infected roots 

developed chlorotic foliage in the greenhouse.  In the field, however, all infected plants 

developed at least mild visible chlorosis, and many plants were already dead in the 

severely infected plots by 5 weeks after inoculation.  Seedlings of susceptible citrus 

cultivars had reduced chlorophyll content from healthy, disease resistant seedlings at 

various times after inoculation with Phytophthora citrophthora and P. parasitica 

(Matheron et al. 1998). 
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There was a significant relationship between RCRR disease severity and 

chlorophyll content of both cultivars in the greenhouse and field, but this relationship was 

stronger in the field than in the greenhouse.  Different cultivars were planted in the 

greenhouse and field, and innate differences among cultivars in chlorophyll content or 

response to RCRR may account for some of the differences observed between the 

greenhouse and field.  In the greenhouse, changes in chlorophyll content of foliage may 

occur more slowly than development of RCRR, especially under optimal environmental 

conditions and minimal competition from microbes in autoclaved soil.  Sterilizing soil 

significantly alters its physical and chemical properties and can affect soil-microbe 

interactions quantitatively and qualitatively (Shaw et al. 1999).  Soil temperature and 

moisture also were maintained at optimal conditions for disease development in the 

greenhouse.  Chlorophyll content of sugar beets growing in the greenhouse may have 

remained relatively stable for even severely diseased plants because of these optimal 

growing conditions, which could have contributed to increased variation and the weaker 

response observed in the greenhouse trial.  Sample size was smaller in the greenhouse 

than in the field, which may also have contributed to increased variability. 

The strong relationships between relative chlorophyll content and RCRR disease 

severity in the field (Figure 3-3) are very similar to the relationship between mSR values 

and RCRR disease severity observed in a remote sensing study (Reynolds et al. 2009).  

RCRR-induced reduction in chlorophyll content is very likely responsible for the 

responses observed in mSR values for this study.  The mSR is associated with 

chlorophyll content in plant canopies (Sims and Gamon 2003). 
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Chlorophyll content in infected sugar beet foliage initially increased significantly 

for the susceptible cultivar in the greenhouse because leaves became densely wrinkled as 

they wilted before development of significant chlorosis (Table 3-1).  This trend also was 

observed with the partially resistant cultivar in the greenhouse, but the effects were not 

significant.  Dense wrinkling of foliage caused more tissue to be assessed by the 

chlorophyll meter for the infected leaves at 7 days after inoculation, which caused 

relative chlorophyll content values to be artificially inflated.  Future research should 

address chlorophyll content in dry matter to compensate for the influence of wilting 

leaves on chlorophyll measurements. 

Effects of cultivar on chlorophyll content in the field were highly significant at 2 

and 3 weeks after inoculation and moderately significant at 5 weeks after inoculation.  

Cultivars planted in the field also resulted in significantly different regression analyses 

(Figure 3-3).  Significant differences between cultivars were observed in the greenhouse 

at several dates, but not before inoculation or at 10 or 14 days after inoculation (Table 3-

1).  It is unknown why the effect of cultivar was more pronounced in the field than in the 

greenhouse.  Disease progressed rapidly in the greenhouse and changes in chlorophyll 

content may have been slower and harder to detect.  Also, non-inoculated plants of the 

susceptible cultivar showed more variation in relative chlorophyll content than the 

partially resistant cultivar.  In the greenhouse, the susceptible cultivar was wilted more 

severely than the partially resistant cultivar at 10 days after inoculation, which likely 

artificially inflated relative chlorophyll content values in the susceptible cultivar; this 

may be why both cultivars had almost identical chlorophyll content on this date.  Genes 
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associated with disease resistance may be tied to chlorophyll production; chlorophyll 

content is lower in susceptible rice cultivars infected with sheath blight than in disease 

tolerant cultivars infected with the disease (Naidu et al. 1981). 

The effect of blocking was statistically significant in the field trial (Table 3-2), 

indicating that blocking was both necessary and successful.  Variability between blocks 

likely occurred because of differences in moisture across the field, creating more 

favorable disease conditions in some blocks than in others.  The effect of experimental 

error also was statistically significant when tested against sampling error (Table 3-2).  

This is because chlorophyll measurements were more similar within individual plots than 

across all plots of that treatment.  Significant effects of blocking and experimental error 

indicate a strong experimental design was used and implemented effectively. 

In conclusion, RCRR reduces chlorophyll content in sugar beet foliage.  

Statistically significant reduction in chlorophyll content generally occurred after the onset 

of wilting, when severity of RCRR ratings averaged 4-5 in both the greenhouse and field.  

At a severity rating of 4, 25 to 50% of the surface of the tap root is rotted, generally with 

cracks or cankers present.  Chlorophyll content likely is not affected by RCRR infection 

until this moderate level of disease severity because the foliage is not severely stressed 

prior to this point.  Chlorophyll content was significantly reduced from disease ratings of 

4 to 7.  This research is the first to quantify the impact of RCRR on chlorophyll content 

in sugar beet foliage.   
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CONCLUSIONS 

 

 Rhizoctonia crown and root rot (RCRR) of sugar beet can be detected using 

remote sensing instrumentation. 

 Numerous vegetation indices calculated from ground-based reflectance data, 

including the chlorophyll-associated modified spectral ratio (mSR), have strong, 

non-linear correlations with RCRR disease severity ratings. 

 Changes in vegetation indices did not occur until RCRR disease severity ratings 

reached moderate levels, when 25-50% of the tap root surface was affected by the 

disease; at this point, foliage was beginning to wilt and chlorosis was not yet 

visible 

 Aerial, color-infrared digital imagery can detect RCRR in moderately to severely 

infested sugar beet plots. 

 RCRR causes reduced chlorophyll content in sugar beet foliage as early as 3 

weeks after infection in the field and 2 weeks after infection in the greenhouse, 

around disease severity ratings of 3-4. 

 Relative chlorophyll content has strong, non-linear correlations with RCRR 

disease severity ratings that closely resemble the relationship between the mSR 

and RCRR disease severity ratings (Figure C-1). 



 

107 

 

Figure C-1.  SPAD 502 chlorophyll meter measurements of healthy and Rhizoctonia 

solani AG-2-2-inoculated sugar beet foliage (susceptible and partially resistant cultivars) 

regressed against modified spectral ratio (mSR) index values calculated with 

hyperspectral reflectance data from a field trial at the University of Minnesota, Northwest 

Research and Outreach Center, Crookston.  The strong linear relationship indicates that 

the modified spectral ratio is an accurate predictor of relative chlorophyll content at the 

canopy level. 



 

108 

 



 

109 

 

BIBLIOGRAPHY 
 

Babar, M.A., Reynolds, M.P., van Ginkel, M., Klatt, A.R., Raun, W.R., and Stone, M.L.  

2006.  Spectral reflectance indices as a potential indirect selection criteria for wheat yield 

under irrigation. Crop Sci. 46:578-588. 

 

Baret, F., Guyot, G., and Major, D.J. 1989. TSAVI: A vegetation index which minimizes 

soil brightness effects on LAI and APAR estimation. Proc. 12
th
 Can. Symp. Remote Sens. 

Vancouver, BC 3:1355-1358. 

 

Barnes, E.M., Clarke, T.R., and Richards, S.E. 2000. Coincident detection of crop water 

stress, nitrogen status and canopy density using ground based multispectral data.  In: 

Proceedings of the 5
th

 International Conference on Precision Agriculture, Bloomington, 

MN. 

 

Blackburn, G.A. 1998. Quantifying chlorophylls and carotenoids at leaf and canopy 

scales: an evaluation of some hyperspectral approaches. Remote Sens. Environ. 66:273-

285. 

 

Broge, N.H., and Leblanc, E. 2000. Comparing prediction power and stability of 

broadband and hyperspectral vegetation indices for estimation of green leaf area index 

and canopy chlorophyll density. Remote Sens. Environ. 76:156-172. 

 

Buhre, C., Kluth, C., Bürcky, K., Märländer, B., and Varrelmann, M. 2009. Integrated 

control of root and crown rot in sugar beet: Combined effects of cultivar, crop rotation, 

and soil tillage.  Plant Dis. 93:155-161.   

 

Cabacinha, C.D., and de Castro, S.S. 2009. Relationships between floristic diversity and 

vegetation indices, forest structure and landscape metrics of fragments in Brazilian 

Cerrado.  Forest Ecol. Manag. 257:2157-2165. 

 

Carling, D.E., Kuninaga, S., and Brainard, K.A. 2002. Hyphal anastomosis reactions, 

rDNA-internal transcribed spacer sequences, and virulence levels among subsets of 

Rhizoctonia solani anastomosis group-2 (AG-2) and AG-BI. Phytopathology 92:43-50. 

 

Carter, G.A.  1993.  Responses of leaf spectral reflectance to plant stress.  Amer. J. Bot. 

80:239-243. 

 

Casady, W.W., and Palm, H.L. 2002. Precision agriculture: remote sensing and ground 

truthing. University of Missouri Extension Service EQ453. 

 

Chavez, P., Zorogastua, P., Chuquillanqui, C., Salazar, L.F., Mares, V., and Quiroz, R. 

2009. Assessing Potato Yellow Vein Virus (PYVV) infection using remotely sensed data. 

Int. J. Pest Manag. 55:251-256. 



 

110 

 

 

Chen, X., Ma, J., Qiao, H., Cheng, D., Xu, Y., and Zhao, Y. 2007. Detecting infestation 

of take-all disease in wheat using Landsat Thematic Mapper imagery. Int. J. Remote 

Sens. 28:5183-5189. 

 

Cohen, W.B.  1991.  Response of vegetation indexes to changes in three measures of leaf 

water stress.  Photogram. Eng. Remote Sens. 57:195-202. 

 

Cook, C.G., Escobar, D.E., Everitt, J.H., Cavazos, I., Robinson, A.F., and Davis, M.R. 

1999. Utilizing airborne video imagery in kenaf management and production. Ind. Crops 

Prod. 9:205-210. 

 

Coops, N., Stanford, M., Old, K., Dudzinski, M., Culvenor, D., and Stone, C. 2003. 

Assessment of Dothistroma needle blight of Pinus radiata using airborne hyperspectral 

imagery. Phytopathology 93:1524-1532. 

 

Danielsen, S., and Munk, L. 2004. Evaluation of disease assessment methods in quinoa 

for their ability to predict yield loss caused by downy mildew. Crop Prot. 23:219-228. 

 

Dawson, T.P., and Curran, P.J. 1998. A new technique for interpolating the reflectance 

red edge position. Int. J. Remote Sens. 19:2133-2139. 

 

Demetriades-Shah, T.H., Steven, M.D., and J.A. Clark. 1990. High resolution derivative 

spectra in remote sensing.  Remote Sens. Environ. 33:55-64. 

 

El Bakali, M.A., Martín, M.P., García, F., Moret, A., Nadal, M., and Montón, C. 2000. 

First report of Rhizoctonia solani AG-3 in Catalonia (NE Spain). Plant Dis. 84:806. 

 

Engelkes, C.A., and Windels, C.E. 1994. Relationship of plant age, cultivar, and isolate 

of Rhizoctonia solani AG-2-2 to sugar beet root and crown rot. Plant Dis. 78:685-689. 

 

Engelkes, C.A., and Windels, C.E. 1996. Susceptibility of sugar beet and beans to 

Rhizoctonia solani AG-2-2 IIIB and AG-2-2 IV. Plant Dis. 80:1413-1417. 

 

Everitt, J.H., Escobar, D.E., Appel, D.N., Riggs, W.G., and Davis, M.R. 1999. Using 

airborne digital imagery for detecting oak wilt disease. Plant Dis. 83:502-505. 

 

Everitt, J.H., Escobar, D.E., Villarreal, R., Noriega, J.R., and Davis, M.R. 1991. Airborne 

video systems for agricultural assessment. Remote Sens. Environ. 35:231-242. 

 

Falckenberg, G.  1928.  Die Absorptionskonstanten einiger meteorologisch wichtiger 

Körper für infrarote Wellen.  Meteor. Z. 45:334-337. 

 



 

111 

 

Falkenberg, N.R., Piccinni, G., Cothren, J.T., Leskovar, D.I., and Rush, C.M. 2007. 

Remote sensing of biotic and abiotic stress for irrigation management of cotton. Agric. 

Water Manage. 87:23-31. 

 

Farr, D.F., Bills, G.F., Chamuris, G.P., and Rossman, A.Y.  1989.  Fungi on Plants and 

Plant Products in the United States.  APS Press.  1252 p. 

 

Fredericksen, T.S., and Skelly, J.M. 1994. Relation of visible and physiological foliar 

injury from ozone exposure in hardwood tree species. Phytopathology 84:1371. 

 

Gamon, J.A., Penuelas, J., and Field, C.B. 1992. A narrow-wave band spectral index that 

track diurnal changes in photosynthetic efficiency. Remote Sens. Eviron. 41:35-44. 

 

Gitelson, A.A., Kaufman, Y.J., Stark, R., and Rundquist, D. 2002. Novel algorithms for 

remote estimation of vegetation fraction. Remote Sens. Environ. 80:76-87. 

 

Gitelson, A.A., and Merzlyak, M.N. 1997. Remote estimation of chlorophyll content in 

higher plant leaves. Int. J. Remote Sens. 18:2691-2697. 

 

González, D., Portal, M.A., and Rubio, V. 2006. Review. Biology and systematics of the 

form genus Rhizoctonia. Span. J. Agric. Res. 4:55-79. 

 

Gray, C.J., Shaw, D.R., and Bruce, L.M. 2009. Utility of hyperspectral reflectance for 

differentiating soybean (Glycine max) and six weed species. Weed Tech. 23:108-119.  

 

Guan, J., and Nutter, F.W., Jr. 2001. Factors that affect the quality and quantity of 

sunlight reflected from alfalfa canopies. Plant Dis. 85:865-874. 

 

Haapanen, R., Ek, A.R., Bauer, M.E., and Finley, A.O. 2004. Delineation of 

forest/nonforest land use classes using nearest neighbor methods. Remote Sens. Environ. 

89:265-271. 

 

Hamel, S., Garel, M., Festa-Bianchet, M., Gaillard, J.M., and Cote, S.D. 2009. Spring 

normalized difference vegetation index (NDVI) predicts annual variation in timing of 

peak faecal crude protein in mountain ungulates. J. Appl. Ecol. 46:582-589. 

 

Hatfield, J.L., and Pinter, P.J. 1993. Remote sensing for crop protection. Crop Prot. 

12:403-413. 

 

Horsfall, J.G. and Barratt, R.W.  1945.  An improved grading system for measuring plant 

diseases.  Phytopathology 35:655. 

 



 

112 

 

Hwang, S.F., Wang, H., Gossen, B.D., Chang, K.F., Turnbull, G.D., and Howard, R.J.  

2006.  Impact of foliar diseases on photosynthesis, protein content and seed yield of 

alfalfa and efficacy of fungicide application.  Eur. J. Plant Pathol. 115:389-399. 

 

Inoue, Y. 2003. Synergy of remote sensing and modeling for estimating ecophysiological 

processes in plant production. Plant Prod. Sci. 6:3-16. 

 

Ithurrart, M.E.F., Büttner, G., and Peterson, J. 2004. Rhizoctonia root rot in sugar beet 

(Beta vulgaris ssp. altissima) – Epidemiological aspects in relation to maize (Zea mays) 

as a host plant. J. Plant Dis. Prot. 111:302-312  

 

Jackson, R.D. 1986. Remote sensing of biotic and abiotic plant stress. Annu. Rev. 

Phytopathol.  24:265-287. 

 

Jacobsen, B. J., Bergman, J., and Eckhoff, J. 1999. Control of Rhizoctonia crown and 

root rot of sugar beet with fungicides and antagonistic bacteria. Sugar Beet Res. Ext. Rep. 

29:278-280. 

 

Jensen, J.R. 2005. Introductory Digital Image Processing: A Remote Sensing Perspective, 

Third Edition. Upper Saddle River, NJ: Pearson-Prentice Hall. 

 

Johnsen, A.R., Horgan, B.P., Hulke, B.S., and Cline, V. 2009. Evaluation of remote 

sensing to measure plant stress in creeping bentgrass (Agrostis stolonifera L.) fairways. 

Crop Sci. 49:2261-2274. 

 

Jordan, C.F. 1969. Derivation of leaf area index from quality of light on the forest floor. 

Ecology 50:663-666. 

 

Khan, M. (Ed.).  2008.  Sugarbeet Production Guide. 2008.  North Dakota State Univ. 

and  Univ. Minn Coop. Ext. Services (www.sbreb.org). 

 

Khan, M. (Ed.).  2009.  Sugarbeet Production Guide. 2009.  North Dakota State Univ. 

and  Univ. Minn Coop. Ext. Services (www.sbreb.org). 

 

Kiewnick, S., Jacobsen, B. J., Braun-Kiewnick, A., Eckhoff, J. L. A., and Bergman, J. W. 

2001. Integrated control of Rhizoctonia crown and root rot of sugar beet with fungicides 

and antagonistic bacteria. Plant Dis. 857:718-722. 

 

Konica Minolta Sensing, Inc.  2003.  SPAD 502 Chlorophyll Meter Product Manual. 

 

Knipling, E. B.  1970.  Physical and physiological basis for the reflectance of visible and 

near-infrared radiation from vegetation.  Remote Sens Environ. 1:155-159. 

 



 

113 

 

Kobayashi, T., Kanda, E., Kitada, K., Ishiguro, K., and Torigoe, Y. 2001. Detection of 

rice panicle blast with multispectral radiometer and the potential of using airborne 

multispectral scanners. Phytopathology 91:316-323.  

 

Kruskal, W.H. and Wallis, W.A.  1952.  Use of ranks on one-criterion variance analysis.  

J. Amer. Statist. Assoc. 47:583-621. 

 

Larsolle, A., and Muhammed, H.H. 2007. Measuring crop status using multivariate 

analysis of hyperspectral field reflectance with application to disease severity and plant 

density. Precis. Agric. 8:37-47. 

 

Laudien, R., Bareth, G., and Doluschitz, R. 2003. Analysis of hyperspectral field data for 

detection of sugar beet diseases. Proc. EFITA Conf. 2003. Debrecen, Hungary. 375-381. 

 

Laudien, R., Bareth, G., and Doluschitz, R. 2004. Comparison of remote sensing based 

analysis of crop diseases by using high resolution multispectral and hyperspectral data – 

case study: Rhizoctonia solani in sugar beet. Proc. 12
th
 Int. Conf. Geoinform. University 

of Gävle, Sweden. 670-676. 

 

Laudien, R., Burcky, K., Doluschitz, R., and Bareth, G. 2006. Establishment of a web-

based spectral database for the analysis of hyperspectral data from Rhizoctonia solani-

inoculated sugarbeets. Zuckerindustrie 131:164-170. 

 

Lister, N., Katan, J., and Henis, Y. 1975. Sequential production of polygalacturonase, 

cellulase and pectin lyase by Rhizoctonia solani. Can. J. Microbiol. 21:298-304. 

 

Liu, Z.Y., Shi, J.J., Wang, D.C., and Huang, J.F.  2010.  Discrimination and spectral 

response characteristic of stress leaves infected by rice Aphelenchoides besseyi Christie.  

Spectrosc. Spect. Anal. 30:710-714. 

 

Malet, P.  Classifying the geometries of canopies from time variations of red and near-

infrared reflectance.  Remote Sens. Environ. 56:164-171. 

 

Malthus, T.J., and Madeira, A.C. 1993. High resolution spectroradiometry: spectral 

reflectance of field bean leaves infected by Botrytis fabae. Remote Sens. Environ. 

45:107-116. 

 

Matheron, M.E., Wright, C.G., and Porchas, M. 1998. Resistance to Phytophthora 

citrophthora and P. parasitica and nursery characteristics of several citrus rootstocks. 

Plant Dis. 82:1217-1225. 

 

Melero-Vara, J.M., and Jiménez-Díaz, R.M. 1990. Etiology, incidence and distribution of 

cotton seedling damping-off in southern Spain. Plant Dis. 74:597-600. 

 



 

114 

 

Meroni, M., Rossini, M., Guanter, L., Alonso, L., Rascher, U., Colombo, R., and Moreno, 

J. 2009. Remote sensing of solar-induced chlorophyll fluorescence: Review of methods 

and applications. Remote Sens. Environ. 113:2037-2051.  

 

Merton, R.N., and Harvey, L.E. 1997. Analysis of seasonal changes in Jasper Ridge 

vegetation biochemistry and biophysiology using multitemporal hyperspectral data. 

ASPRS Conf. Proc. Seattle, WA. 

 

Mildenhall, J.P., and Williams, P.H. 1973. Effect of soil temperature and host maturity on 

infection of carrot by Rhizoctonia solani. Phytopathology 63:276-280. 

 

Monteiro, S.T., Minekawa, Y., Kosugi, Y., Akazawa, T., and Oda, K. 2007. Prediction of 

sweetness and amino acid content in soybean crops from hyperspectral imagery. ISPRS J. 

Photogram. Remote Sens. 62:2-12. 

 

Naidu, V.D., Rao, B.S., and Murty, P.S.S. 1981. Influence of sheath blight infection on 

the levels of chlorophyll and 14CO2 uptake in rice. Indian Phytopathology 34:30-33. 

 

Navalgund, R.R., Jayaraman, V., and Roy, P.S. 2007. Remote sensing applications: an 

overview. Curr. Sci. 93:1747-1766. 

 

Nelson, B., Helms, T., Christianson, T., and Kural, I. 1996. Characterization and 

pathogenicity of Rhizoctonia from soybean. Plant Dis. 80:74-80. 

 

Niehaus, W.S. 2009.  Results of American Crystal’s 2008 official coded variety trials.  

2008 Sugarbeet Res. Ext. Rept. 39:261-311. 

 

Nilsson, H.E.  1991.  Hand-held radiometry and IR-thermography of plant diseases in 

field plot experiments.  Int. J. Remote Sens. 12:545-557. 

 

Nilsson, H.E. 1995. Remote sensing and image analysis in plant pathology. Annu. Rev. 

Phytopathol. 33:489-527. 

 

Nixon, P.R., Escobar, D.E., and Bowen, R.L. 1987. A multivideo false color imaging 

system for remote sensing applications. Proc. 11
th
 Bienn. Workshop Color Aer. 

Photograph. Videogr. Plant Sci. Falls Church, VA. 295-305. 

 

Nofal, M.A., Sahab, A.F., Diab, M.M, and Morsy, A.A. 1985. Response of broad bean 

plants infected with root-rot fungi to Fuli-Fertile application. Egyptian J. Phytopathology 

14:67-74. 

 

Nutter, F.W., Jr., Gleason, M.L., Jenco, J.H., and Christians, N.C. 1993. Assessing the 

accuracy, intra-rater repeatability, and inter-rater reliability of disease assessment 

systems. Phytopathology 83:806-812. 



 

115 

 

 

Nutter, F.W., Jr., Guan, J., Gotlieb, A.R., Rhodes, L.H., Grau, C.R., and Sulc, R.M. 2002. 

Quantifying alfalfa yield losses caused by foliar diseases in Iowa, Ohio, Wisconsin, and 

Vermont. Plant Dis. 86:269-277. 

 

Nutter, F.W., Jr., and Schultz, P.M. 1995. Improving the accuracy and precision of 

disease assessments: selection of methods and use of computer-aided training programs.  

Can. J. Plant Pathol. 17:174-184. 

 

Omer, M., Lock, J.C., and Frantz, J.M. 2007. Using leaf temperature as a nondestructive 

procedure to detect root rot stress in geranium. Horttechnology 17:532-536. 

 

Parmeter, J.R., Jr., Sherwood, R.T., and Platt, W.D. 1969. Anastomosis grouping among 

isolates of Thanatephorus cucumeris. Phytopathology 59:1270-1278. 

 

Pengra, B.W., Johnston, C.A., and Loveland, T.R. 2007. Mapping an invasive plant, 

Phragmites australis, in coastal wetlands using the EO-1 Hyperion hyperspectral sensor. 

Remote Sens. Environ. 108:74-81.  

 

Pethybridge, S.J., Hay, F., Esker, P., Wilson, C., and Nutter, F.W., Jr. 2007. Use of a 

multispectral radiometer for noninvasive assessments of foliar disease caused by ray 

blight in pyrethrum. Plant Dis. 91:1397-1406. 

 

Petit, A.-N., Vaillant, N., Boulay, M., Clément, C., and Fontaine, F.  2006.  Alteration of 

photosynthesis in grapevines affected by esca.  Phytopathology 96:1060-1066. 

 

Pietrzykowski, E., Stone, C., Pinkard, E., and Mohammed, C. 2006. Effects of 

Mycosphaerella leaf disease on the spectral reflectance properties of juvenile Eucalyptus 

globulus foliage. For. Pathol. 36:334-348. 

 

Pozdnyakova, L., Oudemans, P.V., Hughes, M.G., and Giménez, D. 2002. Estimation of 

spatial and spectral properties of phytophthora root rot and its effects on cranberry yield. 

Comput. Electron. Agric. 37:57-70. 

 

Qin, Z., and Zhang, M. 2005. Detection of rice sheath blight for in-season disease 

management using multispectral remote sensing. Int. J. Appl. Earth Obs. Geoinform. 

7:115-128. 

 

R Development Core Team.  2009.  R: A language and environment for statistical 

computing.  R Foundation for Statistical Computing, Vienna, Austria.  ISBN 3-900051-

07-0, URL http://www.R-project.org. 

 

Raikes, C., and Burpee, L.L. 1998. Use of multispectral radiometry for assessment of 

Rhizoctonia blight in creeping bentgrass. Phytopathology 88:446-449. 



 

116 

 

 

Reynolds, G.J., Windels, C.E., MacRae, I.V., and Laguette, S.  2009.  Hyperspectral 

remote sensing for detection of Rhizoctonia crown and root rot in sugar beet.  

Phytopathology 99:S108. 

 

Rondeaux, G., Steven, M., and Baret, F. 1996. Optimization of soil-adjusted vegetation 

indices. Remote Sens. Environ. 55:95-107. 

 

Roujean, J.L., and Breon, F.M. 1995. Estimating PAR absorbed by vegetation from 

bidirectional reflectance measurements. Remote Sens. Environ. 51:375-384. 

 

Rouse, J.W., Haas, R.H., Schell, J.A., and Deering, D.W.  1973. Monitoring vegetation 

systems in the Great Plains with ERTS.  Third ERTS Symposium, NASA SP-351 I, 309-

317. 

 

Ruppel, E.G. 1985. Susceptibility of rotation crops to a root rot isolate of Rhizoctonia 

solani from sugar beet and survival of the pathogen in crop residues. Plant Dis. 69:871-

873. 

 

Ruppel, E.G. and Hecker, R.J.  1982.  Efficacy of sulfur for control of sugarbeet damping 

off and root rot caused by Rhizoctonia solani.  Phytopathology 72:970. 

 

Ruppel, E.G, Schneider, C.L., Hecker, R.J., and Hogaboam, G.J.  1979.  Creating 

epiphytotics of Rhizoctonia root rot and evaluating for resistance to Rhizoctonia solani in 

sugarbeet field plots.  Plant Dis. Rep. 63:518-522. 

 

Sandmeier, S.R., Middleton, E.M., Deering, D.W., and Qin, W. 1999. The potential of 

hyperspectral bidirectional reflectance distribution function data for grass canopy 

characterization. J. Geophys. Res. 104:9547-9560. 

 

Scheirer, C.J., Ray, W.S., and Hare, N.  1976.  The analysis of ranked data derived from 

completely randomized factorial designs.  Biometrics 32:429-434. 

 

Seelig, H.D., Hoehn, A., Stodieck, L.S., Klaus, D.M., Adams, W.W., III, and Emery, 

W.K. 2008. Relations of remote sensing leaf water indices to leaf water thickness in 

cowpea, bean, and sugarbeet plants. Remote Sens. Environ. 112:445-455. 

 

Sexton, P., and Carroll, J. 2002. Comparison of SPAD chlorophyll meter readings vs. 

petiole nitrate concentration in sugarbeet. J. Plant Nutr. 25:1975-1986. 

 

Shaw, L.J., Beaton, Y., Glover, L.A., Killham, K., and Meharg, A.A.  1999.  Re-

inoculation of autoclaved soil as a non-sterile treatment for xenobiotic sorption and 

biodegradation studies.  Appl. Soil Ecol. 11:217-226. 

 



 

117 

 

Sherwood, R.T. 1966. Pectin lyase and polygalacturonase production by Rhizoctonia 

solani and other fungi. Phytopathology 56:279-286. 

 

Sherwood, R.T., Berg, C.C., Hoover, M.R., and Zeiders, K.E. 1983. Illusions in visual 

assessment of Stagonospora leaf spot of orchardgrass. Phytopathology 73:173-177. 

 

Shokes, F.M., Berger, R.D., Smith, D.H., and Rasp, J.M. 1987. Reliability of disease 

assessment procedures: A case study with late leafspot of peanut. Oléagineux 42:245-

251. 

 

Sims, D.A., and Gamon, J.A. 2003. Estimation of vegetation water content and 

photosynthetic tissue area from spectral reflectance: a comparison of indices based on 

liquid water and chlorophyll absorption features. Remote Sens. Environ. 84:526-537. 

 

Sneh, B., Burpee, L., and Ogoshi, A. 1991. Identification of Rhizoctonia species. APS 

Press, American Phytopathological Society. St. Paul, MN. 

 

Spanner, M.A., Pierce, L.L., Peterson, D.L., and Running, S.W.  1990.  Remote sensing 

of temperate coniferous forest leaf area index – the influence of canopy closure, 

understory vegetation and background reflectance.  Int. J. Remote Sens. 11:95-111. 

 

Stachler, J.M., Carlson, A.L., Luecke, J.L, Boetel, M.A., and Khan, M.F.R. 2010.  Survey 

of weed control and production practices on sugarbeet in Minnesota and eastern North 

Dakota in 2009.  Sugarbeet Res. Ext. Rept. 40:39-60. 

 

Steddom, K., Bredehoeft, M.W., Khan, M., and Rush, C.M. 2005. Comparison of visual 

and multispectral radiometric disease evaluations of Cercospora leaf spot of sugar beet. 

Plant Dis. 89:153-158. 

 

Steddom, K., Heidel, G., Jones, D., and Rush, C.M. 2003. Remote detection of 

rhizomania in sugar beets. Phytopathology 93:720-726. 

 

Suárez, L., Zarco-Tejada, P.J., Sepulcre-Cantó, O., Miller, J.R., Jiménez-Munoz, J.C., 

and Sobrino, J. 2008. Assessing canopy PRI for water stress detection with diurnal 

airborne imagery. Remote Sens. Environ. 112:560-575. 

 

Thenkabail, P.S., Enclona, E.A., Ashton, M.S., Legg, C., and Jean de Dieu, M. 2004a. 

Hyperion, IKONOS, ALI, and ETM+ sensors in the study of African rainforests. Remote 

Sens. Environ. 90:23-43. 

 

Thenkabail, P.S., Enclona, E.A., Ashton, M.S., and Van der Meer, B. 2004b. Accuracy 

assessments of hyperspectral waveband performance for vegetation analysis applications. 

Remote Sens. Environ. 91:354-376. 

 



 

118 

 

Thenkabail, P.S., Smith, R.B., and De Pauw, E. 2002. Evaluation of narrowband and 

broadband vegetation indices for determining optimal hyperspectral wavebands for 

agricultural crop characterization. Photogram. Eng. Remote Sens. 68:607-621. 

 

Tsai, F., and Philpot, W. 1998. Derivative analysis of hyperspectral data. Remote Sens. 

Environ. 66:41-51. 

 

van Bruggen, A.H.C., Whalen, C.H., and Arneson, P.A. 1986. Emergence, growth, and 

development of dry bean seedlings in response to temperature, soil moisture, and 

Rhizoctonia solani. Phytopathology 76:568-572. 

 

Wang, D., Kurle, J.E., Estevez de Jensen, C., and Percich, J.A. 2004. Radiometric 

assessment of tillage and seed treatment effect on soybean root rot caused by Fusarium 

spp. in central Minnesota. Plant Soil 258:319-331. 

 

Wang, F.M., Huang, J.F., Zhou, Q.F., and Wang, X.Z. 2008. Optimal waveband 

identification for estimation of leaf area index of paddy rice. J. Zhejiang Univ. Sci. B 

9:953-963. 

 

Weber, G.E., and Jörg, E. 1991. Errors in disease assessment—A survey. Phytopathology 

81:1238. 

 

Weinhold, A.R., and Motta, J. 1973. Initial host responses in cotton to infection by 

Rhizoctonia solani. Phytopathology 63:157-162. 

 

West, J.S., Bravo, C., Oberti, R., Lemaire, D., Moshou, D., and McCartney, H.A. 2003. 

The potential of optical canopy measurement for targeted control of field diseases. Annu. 

Rev. Phytopathol. 41:593-614. 

 

Windels, C.E. and Brantner, J.R.  2009.  Prevalence and distribution of Rhizoctonia 

solani AG 2-2 in sugar beet-growing areas of Minnesota and North Dakota with different 

crop rotations.  Phytopathology 99:S15-S16. 

 

Windels, C.E., Jacobsen, B.J., and Harveson, R.M.  2010.  Rhizoctonia crown and root 

rot.  Pages 33-36 in: Compendium of Beet Diseases and Pests.  R.M. Harveson, L.E. 

Hanson, and G.L. Hein, eds.  American Phytopathological Society Press, St. Paul, MN. 

 

Windels, C.E. and Lamey, H.A. 1998.  Identification and control of seedling diseases, 

root rot, and rhizomania on sugarbeet.  North Dakota State Univ. Ext. Serv. / Univ. Minn. 

Ext. Serv.  PP-1142 / BU-7192-S.  20 pp. 

 

Windels, C.E., and Nabben, D.J. 1989. Characterization and pathogenicity of anastomosis 

groups of Rhizoctonia solani isolated from Beta vulgaris. Phytopathology 79:83-88. 

 



 

119 

 

Workneh, F, Jones, D.C., and Rush, C.M. 2009.  Quantifying wheat yield across the field 

as a function of wheat streak mosaic intensity: a state space approach.  Phytopathology 

99:432-440. 

 

Wu, J., Wang, D., and Bauer, M.E. 2005. Image-based atmospheric correction of 

QuickBird imagery of Minnesota cropland. Remote Sens. Environ. 99:315-325. 

 

Yang, C., Everitt, J.H., Bradford, J.M., and Murden, D. 2009. Comparison of airborne 

multispectral and hyperspectral imagery for estimating grain sorghum yield. Transactions 

of the ASABE 52:641-649. 

 

Yang, J., and Verma, P.R. 1992. Screening genotypes for resistance to preemergence 

damping-off and postemergence seedling root rot of oilseed rape and canola caused by 

Rhizoctonia solani AG-2-1. Crop Prot. 11:443-448. 

 

Zhao, D., Huang, L., Li, J., and Qi, J. 2007. A comparative analysis of broadband and 

narrowband derived vegetation indices in predicting LAI and CCD of a cotton canopy. 

ISPRS J. Photogram. Remote Sens. 62:25-33. 



 

120 

 

APPENDIX I 

 

Figure I-1.  Pigment specific simple ratio (chl-a) (PSSRa) values plotted against 

Rhizoctonia crown and root rot (RCRR) disease ratings for foliage of two sugar beet 

cultivars in a greenhouse trial; RCRR ratings range from 0 to 7 and are based on the 

amount of rot present on sugar beet tap roots, where 0 = healthy and 7 = 100% rotted and 

foliage is dead (Ruppel et al. 1979). 
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APPENDIX II 

 

Figure II-1.  Appearance (scattered = <1 mm diameter, clustered = 1-5 mm diameter), 

number, and location of Rhizoctonia solani AG-2-2 sclerotia on Rhizoctonia crown and 

root rot-infected sugar beet in a greenhouse trial 



 

123 

 

 

 
 



 

124 

 

APPENDIX III 

 

Figure III-1.  Optimized soil adjusted vegetation index (OSAVI) values plotted against 

net sugar yield of sugar beet infected with Rhizoctonia crown and root rot (RCRR) for A 

the susceptible cultivar in 2008 (y = -3E-16x
4
 + 8E-12x

3
 - 7E-08x

2
 + 0.0003x + 0.1957), 

B the partially resistant cultivar in 2008 (y = -3E-16x
4
 + 9E-12x

3
 - 8E-08x

2
 + 0.0003x + 

0.1722), C the susceptible cultivar in 2009 (y = 4E-12x
3
 - 7E-08x

2
 + 0.0003x + 0.2899), 

and D the partially resistant cultivar in 2009 (y = 2E-12x
3
 - 3E-08x

2
 + 0.0002x + 0.2943) 

from field trials at the University of Minnesota, Northwest Research and Outreach 

Center, Crookston; RCRR ratings range from 0 to 7 and are based on the amount of rot 

present on sugar beet tap roots, where 0 = healthy and 7 = 100% rotted and foliage is 

dead (Ruppel et al. 1979). 
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Figure III-2.  Modified spectral ratio (mSR) values plotted against net sugar yield of 

sugar beet infected with Rhizoctonia crown and root rot (RCRR) for A the susceptible 

cultivar in 2008 (y = -4E-08x
2
 + 0.0007x + 0.5969), B the partially resistant cultivar in 

2008 (y = -4E-08x
2
 + 0.0007x + 0.6486), C the susceptible cultivar in 2009 (y = -7E-08x

2
 

+ 0.0009x + 0.9064), and D the partially resistant cultivar in 2009 (y = -4E-08x
2
 + 

0.0007x + 0.909) from field trials at the University of Minnesota, Northwest Research 

and Outreach Center, Crookston; RCRR ratings range from 0 to 7 and are based on the 

amount of rot present on sugar beet tap roots, where 0 = healthy and 7 = 100% rotted and 

foliage is dead (Ruppel et al. 1979). 

 



 

127 

 



 

128 

 

 

Table III-1.  Regression statistics for relationship between various 

multispectral and hyperspectral vegetation indices and sugar yields (kg/ha) 

in sugar beet plots infected with Rhizoctonia crown and root rot from an 

experimental field at the University of Minnesota, Northwest Research and 

Outreach Center, Crookston 

    2008   2009 

Index
x
 Cultivar

y
 Order R

2
 p-value

z
   Order R

2
 p-value

z
 

DVI S Third 0.937 <0.0001* 

 

Second 0.782 <0.0001* 

  PR Third 0.923 <0.0001*   Third 0.779 <0.0001* 

SRVI S Linear 0.871 <0.0001* 

 

Second 0.780 <0.0001* 

  PR Linear 0.857 <0.0001*   Linear 0.690 <0.0001* 

NDVI S Fourth 0.972 <0.0001* 

 

Third 0.837 <0.0001* 

  PR Fifth 0.946 <0.0001*   Third 0.834 <0.0001* 

OSAVI S Fourth 0.960 <0.0001* 

 

Third 0.841 <0.0001* 

  PR Fourth 0.963 <0.0001*   Third 0.851 <0.0001* 

GNDVI S Third 0.943 <0.0001* 

 

Second 0.687 <0.0001* 

  PR Fourth 0.942 <0.0001*   Second 0.758 <0.0001* 

PSSRa S Linear 0.869 <0.0001* 

 

Linear 0.694 <0.0001* 

  PR Linear 0.859 <0.0001*   Linear 0.692 <0.0001* 

PSSRb S Second 0.904 <0.0001* 

 

Second 0.778 <0.0001* 

  PR Linear 0.844 <0.0001*   Linear 0.682 <0.0001* 

mSR S Second 0.933 <0.0001* 

 

Second 0.802 <0.0001* 

  PR Second 0.910 <0.0001*   Second 0.820 <0.0001* 

LWI S Second 0.890 <0.0001* 

 

Second 0.769 <0.0001* 

  PR Linear 0.816 <0.0001*   Second 0.722 <0.0001* 

RVSI S Third 0.930 <0.0001* 

 

Second 0.752 <0.0001* 

  PR Second 0.831 <0.0001*   Second 0.657 <0.0001* 

NDRE S Second 0.936 <0.0001* 

 

Second 0.715 <0.0001* 

  PR Second 0.888 <0.0001*   Second 0.773 <0.0001* 
x DVI = difference vegetation index, SRVI = simple ratio vegetation index, NDVI = normalized 

difference vegetation index, OSAVI = optimized soil adjusted vegetation index, GNDVI = green 
normalized difference vegetation index, PSSRa = pigment specific simple ratio (chl-a), PSSRb = 

pigment specific simple ratio (chl-b), RVSI = red edge vegetation stress index, LWI = leaf water 

index, mSR = modified spectral ratio, and NDRE = normalized difference red edge 
y S = cultivar is susceptible to RCRR and PR = cultivar is partially resistant to RCRR 
z * denotes statistical significance at p-values lower than 0.05 

 

 


