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ABSTRACT 

 

Stem rot of peanut (Arachis hypogaea L.), caused by a soilborne fungus Athelia 

rolfsii (Curzi) C. C. Tu & Kimbr. (anamorph: Sclerotium rolfsii Sacc.), is one of the most 

important diseases in peanut production worldwide. Though new varieties with increased 

partial resistance to this disease have been developed, there is still a need to utilize 

fungicides for disease control during the growing season. Fungicides with activity against 

A. rolfsii are available, and several new products have been recently registered for control 

of stem rot in peanut. However, fungicides are most effective when applied before or 

during the early stages of infection. Current scouting methods can detect disease once signs 

or symptoms are present, but to optimize the timing of fungicide applications and protect 

crop yield, a method for early detection of soilborne diseases is needed. Previous studies 

have utilized optical sensors combined with machine learning analysis for the early 

detection of plant diseases, but these studies mainly focused on foliar diseases. Few studies 

have applied these technologies for the early detection of soilborne diseases in field crops, 

including peanut. Thus, the overall goal of this research was to integrate sensor 

technologies, modern data analytic tools, and properties of standard and newly registered 

fungicides to develop improved management strategies for stem rot control in peanuts. The 

specific objectives of this work were to 1) characterize the spectral and thermal responses 

of peanut to infection with A. rolfsii under controlled conditions, 2) identify optimal 

wavelengths to detect stem rot of peanut using hyperspectral sensor and machine learning, 

and 3) evaluate the standard and newly registered peanut fungicides with different modes 



 

 

of action for stem rot control in peanuts using a laboratory bioassay. For Objective 1, 

spectral reflectance and leaf temperature of peanut plants were measured by spectral and 

thermal sensors in controlled greenhouse experiments. Differences in sensor-based 

responses between A. rolfsii-infected and non-infected plants were detected 0 to 1 day after 

observation of foliar disease symptoms. In addition, spectral responses of peanut to the 

infection of A. rolfsii were more pronounced and consistent than thermal changes as the 

disease progressed. Objective 2 aimed to identify specific signatures of stem rot from 

reflectance data collected in Objective 1 utilizing a machine learning approach. 

Wavelengths around 505, 690, and 884 nm were repeatedly selected by different methods. 

The top 10 wavelengths identified by the recursive feature selection methods performed as 

well as all bands for the classification of healthy peanut plants and plants at different stages 

of disease development. Whereas the first two objectives focused on disease detection, 

Objective 3 focused on disease control and compared the properties of different fungicides 

that are labeled for stem rot control in peanut using a laboratory bioassay of detached 

peanut tissues. All of the foliar-applied fungicides evaluated provided inhibition of A. 

rolfsii for up to two weeks on plant tissues that received a direct application. Succinate 

dehydrogenase inhibitors provided less basipetal protection of stem tissues than quinone 

outside inhibitor or demethylation inhibitor fungicides. Overall, results of this research 

provide a foundation for developing sensor/drone-based methods that use disease-specific 

spectral indices for scouting in the field and for making fungicide application 

recommendations to manage stem rot of peanut and other soilborne diseases.
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GENERAL AUDIENCE ABSTRACT 

 

Plant diseases are a major constraint to crop production worldwide. Developing 

effective and economical management strategies for these diseases, including selection of 

proper fungicide chemistries and making timely fungicide application, is dependent on the 

ability to accurately detect and diagnose their signs and/or symptoms prior to widespread 

development in a crop. Optical sensors combined with machine learning analysis are 

promising tools for automated crop disease detection, but research is still needed to 

optimize and validate methods for the detection of specific plant diseases. The overarching 

goal of this research was to use the peanut-stem rot plant disease system to identify and 

evaluate sensor-based technologies and different fungicide chemistries that can be utilized 

for the management of soilborne plant diseases. The specific objectives of this work were 

to 1) characterize the temporal progress of spectral and thermal responses of peanut to 

infection and colonization with Athelia rolfsii, the causal agent of peanut stem rot 2) 

identify optimal wavelengths to detect stem rot of peanut using hyperspectral sensor and 

machine learning, and 3) evaluate standard and newly registered peanut fungicides with 

different modes of action for stem rot control in peanuts using a laboratory bioassay. 

Results of this work demonstrate that spectral reflectance measurements are able to 

distinguish between diseased and healthy plants more consistently than thermal 

measurements. Several wavelengths were identified using machine learning approaches 

that can accurately differentiate between peanut plants with symptoms of stem rot and non-

symptomatic plants. In addition, a new method was developed to select the top-ranked, 



 

 

non-redundant wavelengths with a custom distance. These selected wavelengths performed 

better than using all wavelengths, providing a basis for designing low-cost optical filters to 

specifically detect this disease. In the laboratory bioassay evaluation of fungicides, all of 

the foliar-applied fungicides provided inhibition of A. rolfsii for up to two weeks on leaf 

tissues that received a direct application. Percent inhibition of A. rolfsii decreased over 

time, and the activity of all fungicides decreased at a similar rate. Overall, the findings of 

this research provide a foundation for developing sensor-based methods for disease 

scouting and making fungicide application recommendations to manage stem rot of peanut 

and other soilborne diseases.
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CHAPTER 1: Literature Review 

 

Peanut production in the United States 

Peanut (Arachis hypogaea L.) is cultivated in tropical and subtropical areas worldwide, 

mainly for its seeds which contain high-quality protein and oil content (Stalker 1997; 

Venkatachalam and Sathe 2006). Peanut seeds contain protein (20 to 30%), edible oil (40 to 56%), 

carbohydrate (10 to 20%), and many other beneficial minerals such as calcium, iron, magnesium, 

phosphorus, potassium, zinc, sodium, copper, and selenium (Dean et al. 2009; Davis et al. 2016; 

Ayoola et al. 2012). The United States (3.23 million metric tons) is the fourth largest peanut 

producer following China (17.09 million), India (6.65 million), and Nigeria (4.25 million) in 

2017/18 (USDA-FAS 2019). The area planted in peanuts in the U.S. was 576,879 hectares in 2018 

(USDA-NASS 2019). Most peanuts in the U.S. are grown in three regions: Southeastern U.S. 

(Georgia, Alabama, and Florida), Southwestern U.S. (Texas, Oklahoma, and New Mexico), and 

Eastern U.S. (or Atlantic region) (North Carolina, South Carolina, and Virginia) (NPB 2019).  

Several pests and diseases affect peanut production in the U.S. The most economically 

important diseases of peanut include foliar diseases, such as early and late leaf spot (causal 

organisms: Cercospora arachidicola and Phaeoisariopsis personata), tomato spotted wilt (causal 

organism: Tomato spotted wilt virus), and soilborne fungal diseases including stem rot (SSR) 

(causal organism: Athelia rolfsii), Sclerotinia blight (causal organism: Sclerotinia minor), and 

Cylindrocladium black rot (causal organism: Cylindrocladium parasiticum). Estimated economic 

losses caused by reduced yields and costs of management practices to control diseases were near 

$140 million in 2008 Georgia peanut production (Kemerait 2012). In this study, we will focus on 

investigating SSR, one of the soilborne diseases of peanut. 
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Economic importance of stem rot of peanut 

As one of the most economically important diseases of peanut, SSR can be found in all 

major peanut-growing areas in the world. Yield loss caused by SSR is typically less than 25% but 

can be up to 80% (Backman and Brenneman 1997). Stem rot is more severe in the southeastern 

U.S. than other peanut production regions, where annual yield losses caused by SSR average from 

7 to 10% (Backman and Brenneman 1997). In recent years, this disease became more prevalent in 

the Virginia-Carolina region due to warm climate trends that favored disease spread. 

 

Causal organism and disease cycle of stem rot 

Stem rot is caused by the soilborne fungal pathogen, Athelia rolfsii (Curzi) C.C. Tu & 

Kimbr., well-recognized by its anamorph synonym Sclerotium rolfsii Sacc. This fungus has a wide 

host range of 500 plant species across 100 plant families, including field, vegetable, and 

ornamental crops (Aycock 1966; Mullen 2001; Ridge and Shew 2014; Xie et al. 2014). In the 

tropics and subtropics such as the southeastern U.S., the widespread occurrence of diseases caused 

by A. rolfsii is favored by sufficiently high temperatures that favor the survival and growth of this 

pathogen (Punja 1985). Stem rot usually occurs during the mid to late growing season when the 

plant canopy covers the soil between rows and produces a warm and humid environment 

conducive to pathogen growth (Aycock 1966; Shokes et al., 1996). During the infection process, 

A. rolfsii will first destroy host epidermal cells before hyphal penetration. Afterward, the mycelium 

spreads through both intercellular and intracellular movement (Higgins 1927). The death of host 

cells is due to the production of large amounts of oxalic acid and cell wall degrading enzymes such 

as polygalacturonase and cellulase during pathogenesis (Husain 1958; Bateman and Beer 1965; 

Bateman 1969, 1972; Punja et al. 1985).  
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Athelia rolfsii is characterized by its white fluffy mycelium and brown round sclerotia, 

which are usually found at or near the soil line around the affected plant parts. The pathogen can 

colonize either living plant tissues or plant debris. The primary and secondary inoculums of A. 

rolfsii are hypha that developed from infected plant debris and germinating sclerotia in the soil, 

and hypha from infected plant tissues during the growing season, respectively. The development 

and spread of A. rolfsii are favored by warm to hot temperatures (27 to 30ºC) and humid conditions 

(Backman and Brenneman 1997; Mullen 2001). The initial symptoms of peanut plants infected 

with A. rolfsii are water-soaked necrotic lesions on stems, roots, pegs or pods, while the foliar 

symptoms include wilting of a single lateral branch, the main stem, or the entire plant (Backman 

and Brenneman 1997; Punja et al. 1985).  

 

Management practices of stem rot 

Several disease control strategies have been developed to control SSR. Only a few peanut 

varieties show partial resistance to this disease (Brenneman et al. 1990; Gorbet et al. 2004). In 

general, peanut varieties with erect growth habits are less susceptible to the disease than those with 

spreading growth habits (Backman and Brenneman 1997). Biological control agents such as 

Trichoderma spp. were reported to be effective in suppressing SSR severity (Backman and 

Brenneman 1997). Nevertheless, there are no commercialized biocontrol products available to the 

market because no durable formulation can be applied in the field (Backman and Brenneman 

1997). Cultural practices, including deep plowing to bury crop debris, crop rotations with grass 

crops such as corn, sorghum or pasture grasses, and weed control, can be used to reduce 

overwintering of A. rolfsii inoculum in the soil (Backman and Brenneman 1997). However, during 
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the growing season, multiple applications of fungicides are typically needed to provide adequate 

management of this disease. 

It is difficult for foliar-sprayed fungicides to penetrate into lower stems inside plant canopy 

and roots, pegs and pods underground because of the density of plant leaves, but it is in these plant 

tissues in the lower canopy that infection of soilborne pathogens initially occurs. To facilitate the 

penetration of fungicides into lower plant canopies, growers are recommended to apply fungicides 

at night when the peanut leaves are folded (Augusto et al., 2010a, 2010b), or apply irrigation 

shortly after fungicide spray to wash the fungicide residues on the foliage into the inner and lower 

plant tissues (Woodward 2006) or into soils and uptake by plant root systems. 

 

Peanut fungicide chemistries for stem rot control 

The peanut fungicides labeled for SSR control are mainly from three chemical groups:  

demethylation inhibitors (DMI) (e.g., tebuconazole, prothioconazole, metconazole), quinone 

outside inhibitors (QoI) (e.g., azoxystrobin, fluoxastrobin, pyraclostrobin), and succinate 

dehydrogenase inhibitors (SDHI) (e.g., penthiopyrad, benzovindiflupyr, flutolanil) (Anco 2017; 

Mehl 2019). DMI fungicides interfere with one specific enzyme, C14-demethylase, which is 

involved in sterol biosynthesis in cell membranes of fungi (FRAC 2019). Therefore, DMI 

fungicides can cause abnormal growth and death of the fungus (Mueller et al. 2013). Both QoI and 

SDHI fungicides inhibit fungal respiration, but they have different target sites on the respiratory 

system of fungi. QoI fungicides target the cytochrome bc1 (ubiquinol oxidase) at quinone outer 

binding site (complex III), while SDHI fungicides act at the succinate-dehydrogenase in the 

complex II of the fungal respiratory system (FRAC 2019). 
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Based on their mobility in a plant, fungicides can be categorized into two groups, contacts 

or systemics. Contact fungicides cannot penetrate plant tissues, while systemic fungicides can be 

absorbed and translocated inside plants. Systemic fungicides can be further divided into three 

categories based on the distances of these fungicides mobile from the site of application:  local 

systemics or translaminar (very short distance such as across a leaf from upper surface to lower 

surface), xylem-mobile systemics (extensively upward through the plant), and phloem-mobile 

systemics (bi-directional mobility) (McGrath 2004). Most DMI fungicides, including 

prothioconazole, are xylem-mobile systemics. Most QoI fungicides are local systemics, while 

some including azoxystrobin are xylem-mobile systemics (McGrath 2004). Most SDHI fungicides, 

including the new fungicide benzovindiflupyr, are local systemics (McGrath 2004; Rambach et al. 

2015). In peanut, a previous study showed that prothioconazole + tebuconazole, azoxystrobin, and 

flutolanil provided acropetal protection in peanut shoots (indicating xylem systemicity), and 

prothioconazole + tebuconazole also had basipetal protection (suggesting one or both fungicides 

possibly have some phloem mobility) (Augusto and Brenneman 2012). However, it is not precisely 

known how mobile these different fungicides are in peanut plants.  

Also, there are no current reports on the residual activity of these different fungicides in 

peanut, which can be influenced by the application rate, method, and systemicity of the fungicide 

product, the targeted disease and the level of disease pressure, and environmental factors such as 

rain and sun-exposure (Augusto et al. 2010a; Miorini et al. 2017).  

 

Timing of fungicide application 

Peanut fungicides labeled for SSR control can be applied on a calendar schedule or 

following the onset of disease symptoms. However, calendar-based sprays are often confounded 
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by year-to-year differences in host and environmental factors, and applications of fungicides after 

disease onset can result in poor fungicide performance (Hagan et al. 2007; Rideout et al. 2008). 

Even when calendar-based sprays are used, growers always face the question of when an SSR 

fungicide versus leaf spot only fungicide should be applied. Scouting is essential for selecting 

proper fungicide chemistries and making timely applications, but the erratic distribution of SSR in 

the field (Aycock 1966) makes scouting for the disease time and labor-intensive. More efficient 

disease detection methods for SSR have the potential to improve the timing of fungicide 

applications, disease control, and thus peanut crop yields. 

 

Applications of remote sensing in plant disease detection 

Previous studies have demonstrated the potential applications of remote sensing 

technologies for the detection and quantification of plant physiological changes due to abiotic and 

biotic stresses including plant diseases (Nilsson 1991, 1995; Chaerle and Straeten 2000; Bauriegel 

et al. 2011; Mahlein 2016). Various types of optical sensors have been used for plant disease 

detection, including RGB-imaging, multi- and hyperspectral reflectance sensors, thermal sensors, 

fluorescence imaging, and light detection and ranging (LiDAR) sensors (Mahlein 2016). Among 

these sensors, spectral reflectance sensors and infrared thermography (IRT) are of particular 

interest in plant disease detection and plant phenotyping (Chaerle and Van Der Straeten 2000; 

Mahlein 2016; Perez-Bueno et al. 2019). The technical innovation and improvement of spectral 

and thermal sensors make them suitable for mounting on unmanned aerial vehicles (UAVs) for 

large-scale mobile mapping applications (SphereOptics 2017). Advantages of using remote 

sensing to assess plant disease include non-destructive sampling, objective measurements 

compared to visual disease assessment, and the potential to conduct automatic disease assessment 
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for large-scale field applications (Nilsson 1995; Mahlein 2016). On the other hand, the lack of an 

efficient method to analyze the great amount of complex data collected limits the use of remote 

sensing to assess plant diseases (Moran et al. 1997; Mahlein 2016). Machine learning algorithms 

are a very promising approach to analyze these sophisticated and large amounts of sensor data 

more efficiently (Singh et al. 2016). 

 

Applications of machine learning in plant disease detection 

Machine learning (ML) refers to the scientific study of computerized algorithms and 

statistical models that computer systems can use to perform specific tasks without being explicitly 

programmed (Samuel 1959; Mitchell 1997). Along with sensor technologies, ML approaches have 

been increasingly applied in precision crop management such as yield prediction and detection of 

abiotic and biotic stresses including insects, diseases, and weeds (Liakos et al. 2018). Machine 

learning algorithms are capable of generalizing trends or patterns from large amounts of data 

efficiently (Singh et al. 2016), which is essential for applying crop management practices based 

on sensor technologies such as fungicide applications in a timely manner.  

Various ML algorithms such as support vector machine (SVM), k nearest neighbors 

(KNN), random forests (RF), and partial least square regression (PLSR) have been applied for the 

detection and classification of different plant disease systems (Table 1). For example, Rumpf et al. 

(2010) developed a procedure using SVM and hyperspectral reflectance for the early detection and 

differentiation of three foliar diseases on sugar beet. The classification accuracy of healthy and 

diseased sugar beet leaves was between 65% and 90% depending on the type and stage of disease 

using SVM (Rumpf et al. 2010). In another study, Heim et al. (2018) trained an RF classifier based 

on hyperspectral reflectance data of fungicide treated and untreated lemon myrtle leaves and 
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achieved an overall accuracy of 78% for the detection of myrtle rust (Austropuccinia psidii) on 

lemon myrtle trees. One last example, Gold et al. (2019) employed both partial least square- 

discrimination analysis (PLS-DA) and RF to examine the spectral responses of four potato 

cultivars to inoculation with Phytophthora infestans and attained an overall accuracy of ~ 70% in 

discrimination between P. infestans-inoculated and non-inoculated potato leaves. 

 

Applications of spectral sensors in plant disease detection 

Spectral reflectance sensors can be used to measure light-reflected directly from leaf 

surfaces or internal leaf structures, and the amount of light reflected from leaves is dependent on 

multiple biophysical and biochemical interactions (Mahlein 2016). Leaf reflectance in the visible 

(400 to 700 nm), near-infrared (700 to 1,100 nm) and short-wave infrared (1,100 to 2,500 nm) 

range is related to leaf pigment content, leaf structure, and the composition of leaf chemicals and 

water content, respectively (Carter and Knapp 2001; Jacquemound and Ustin 2001; Mahlein 

2016). Infection and colonization of plants by pathogens can cause changes in reflectance due to 

deteriorations in leaf structure and chemical composition inside leaf tissues during pathogenesis, 

followed by chlorotic and necrotic leaf tissues or the formation of fungal structures on plant leaves 

(Mahlein 2016). Mahlein et al. (2010, 2013) utilized a non-imaging hyperspectral 

spectroradiometer to detect and differentiate three leaf diseases (Cercospora leaf spot, sugar beet 

rust, and powdery mildew) in sugar beet plants through the examination of spectral signatures of 

healthy and diseased sugar beet leaves. The authors also developed specific spectral disease indices 

for each disease (Mahlein et al. 2013).  

A reduction of information-rich hyperspectral data to the most significant wavelengths 

associated with the plant disease under investigation is needed for the efficient use of spectral 
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reflectance measurements for disease detection (Stafford 2000; Mahlein et al. 2013). Spectral 

vegetation indices (SVIs) can then be developed based on these selected specific wavelengths and 

used to detect biochemical or physiological changes in plants. Previous studies have shown that 

SVIs could also be possibly used to detect plant diseases (Thenkabail et al. 2000; Ashourloo et al. 

2014). However, common SVIs cannot be used for the identification or quantitative assessment of 

a specific disease so far because these indices lack disease specificity (Mahlein et al. 2013). In 

order to utilize spectral sensors for disease detection, it is necessary to identify the most critical 

wavelengths at which light reflectance indirectly correlates with plant responses to specific 

pathogen infection. Spectral vegetation or disease indices developed based on a few specific 

wavelengths are commonly used to simplify the analysis of complex spectral data. Several spectral 

wavelengths and indices have been identified for specific crop-disease systems (Table 2). 

 

Applications of thermography in plant disease detection 

The infrared thermography (IRT) of measured objects can be acquired with thermographic 

cameras by detecting the emitted infrared radiation from the objects in the range of 8 to 14 µm 

(Chaerle and Straeten 2000). IRT has been employed to visualize surface temperature changes of 

leaves, plants, or canopies due to abiotic and biotic stresses (Table 3). The leaf temperature is 

closely related to plant transpiration (Jones 1999; Jones et al. 2002) which can be affected by a 

variety of plant pathogens in different ways (Oerke et al. 2006; Mahlein 2016). Infection and 

colonization of leaves by foliar pathogens such as leaf spot or rusts can cause localized changes in 

plant transpiration rate, while systemic infections (e.g. Fusarium spp.) or diseases caused by 

pathogens that infect root systems (e.g. Rhizoctonia solani) often impact the transpiration rate and 

water flow of the whole plant or plant tissues (Mahlein 2016). Chaerle et al. (2004) also 
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demonstrated the potential of pre-symptomatic detection of plant infection utilizing IRT when 

investigating tobacco mosaic virus with thermal imaging. Moreover, Wang et al. (2012) detected 

Fusarium wilt of cucumber and found certain internal metabolic processes related to water status 

by employing IRT to monitor changes in leaf temperatures in a greenhouse study. 

 

Rationale and objectives  

Though research efforts using spectral reflectance measurements and thermal imaging for 

plant disease detection are increasing, most previous studies have focused on detection of foliar 

diseases of various crops and trees (Baranowski et al., 2015; Gold et al., 2019; Heim et al., 2018; 

Mahlein et al., 2010; Patrick et al., 2017; Xavier et al., 2019). Only a few studies have reported 

the utilization of these technologies on soilborne disease detection (Hillnhütter et al. 2011; Wang 

et al. 2012; Perez-Bueno et al. 2019). This is due in part to the fact that foliar diseases are easier 

to detect with optical sensors while soilborne diseases are concealed beneath the plant canopy or 

soil surface. In addition, it is difficult to identify specific foliar signatures of diseases that affect 

stems or roots because other factors including both abiotic and biotic stresses may produce similar 

responses in the plant.  

To our current knowledge, there is no report of using sensor-based methods for the 

detection of stem rot caused by A. rolfsii in peanut. Therefore, the ultimate goal of this study is to 

provide growers or crop consultants a new sensor-based scouting method/tool that can be used to 

determine when and where fungicide applications are needed. The specific objectives of this 

research were to, 1) characterize the spectral and thermal responses of peanut to infection with A. 

rolfsii under controlled conditions, 2) identify optimal wavelengths to detect stem rot of peanut 

using hyperspectral sensor and machine learning, and 3) evaluate the standard and newly registered 
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peanut fungicides with different modes of action for stem rot control in peanuts using a laboratory 

bioassay. 
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Table 1. Examples of machine learning (ML) algorithms in plant disease detection and classification 

Disease Crop ML Algorithms* Sensor Reference 

Cercospora leaf spot   

Sugar beet rust 

Powdery mildew 

Sugar beet SVM, RELIEF Non-imaging spectroradiometer Rumpf et al. 2010, 

Mahlein et al. 2013 

Beet cyst nematode 

and Rhizoctonia root 

and crown rot 

Sugar beet SAM Hyperspectral images Hillnhutter et al. 2011 

Fusarium head blight Wheat SAM Hyperspectral images Bauriegel et al. 2011 

Huanglongbing Citrus KNN, QDA, LDA, SIMCA Non-imaging spectroradiometer Sankaran et al. 2011 

Verticillium wilt Olive LDA, SVM Hyperspectral and thermal 

images 

Calderon et al. 2015 

Leaf rust Wheat PLSR, SVR, GPR Non-imaging spectroradiometer Ashourloo et al. 2016 

Myrtle rust Lemon myrtle RF Non-imaging spectroradiometer Heim et al. 2019 

Late blight Potato RF, PLS-DA Non-imaging spectroradiometer Gold et al. 2019 

*Abbreviations: SVM, support vector machine; SAM, spectral angle mapper; KNN, k-nearest neighbor; QDA, quadratic discriminant 

analysis; LDA, linear discriminant analysis; SIMCA, soft independent modeling of classification analogies; PLSR, partial least square 

regression; SVR, support vector regression; GPR, Gaussian process regression; RF, random forests; PLS-DA, partial least square 

discrimination analysis.
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Table 2. Overview of disease-related spectral indices in previous studies 

*Abbreviations: LMMR, lemon myrtle-myrtle rust index; CLSI, Cercospora leaf spot index; SBRI, sugar beet rust index; PMI, 

powdery mildew index; ELSI, early leaf spot index; LLSI, late leaf spot index; NDRE, normalized difference red-edge; HBI, head 

blight index.

Disease Crop Index* Equation Reference 

Myrtle rust Lemon myrtle LMMR 

(
𝑅545

𝑅555
)

5
3

∗
𝑅1050

𝑅2195
 

Heim et al. 2019 

Cercospora leaf spot   Sugar beet CLSI 𝑅698 − 𝑅570

𝑅698 + 𝑅570
− 𝑅734 

Mahlein et al. 2013 

Sugar beet rust Sugar beet SBRI 𝑅570 − 𝑅513

𝑅570 + 𝑅513
+

1

2
∗ 𝑅734 

Mahlein et al. 2013 

Powdery mildew Sugar beet PMI 𝑅520 − 𝑅584

𝑅520 + 𝑅584
+ 𝑅724 

Mahlein et al. 2013 

Early leaf spot Peanut ELSI 𝑏1 ∗
𝑅600

𝑅437
− 𝑏2, where b1 and b2 are the 

regression coefficient 

Omran 2017 

Late leaf spot Peanut LLSI 𝑏1 ∗
𝑅701

𝑅569
− 𝑏2, where b1 and b2 are the 

regression coefficient 

Omran 2017 

Tomato spot wilt Peanut NDRE 𝑅717 − 𝑅840

𝑅717 + 𝑅840
 

Patrick et al. 2017 

Fusarium head blight Wheat HBI 665-675 nm and 550-560 nm Bauriegel et al. 2011 
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Table 3. Overview of plant disease effects on leaf or canopy temperature by infrared thermography (IRT) in previous studies 

Disease (pathogen) Crop Scale (leaf, plant, or canopy) Response* Reference 

Pythium root rot (Pythium 

aphanidermatum) 

Sugar beet Leaf (field study) 3℃ to 5℃ (+) Pinter et al. 1979 

Cotton root rot 

(Phymatotrichum 

omnivorum) 

Cotton  Leaf (field study) 3℃ to 5℃ (+) Pinter et al. 1979 

White root rot (Rosellinia 

necatrix) 

Avocado Canopy (Tc – Ta)** (+) Perez-Bueno et al. 

2019 

Tobacco mosaic (Tobacco 

mosaic virus) 

Tobacco Leaf (plant-pathogen interaction) 0.3℃ to 0.4℃ (+) Chaerle et al. 1999 

Early and late leaf spot 

(Cercospora arachidicola 

and Cercosporidium 

personatum) 

Peanut Leaf and plant (field study) Pre-symptomatic:1.3℃ (-) 

Diseased: 2.2℃ (+) 

Omran 2017 

Verticillium wilt 

(Verticillium dahliae Kleb) 

Olive Tree-crown level (Tc – Ta) (+) Calderon et al. 2013 

Fusarium wilt (Fusarium 

oxysporum f. sp. 

cucumerinum) 

Cucumber Leaf (greenhouse study) Light (+) 

Dark (-) 

Wang et al. 2012 

Note: * ‘+’ = an increase in temperature, ‘-’ = a decrease in temperature; **Tc = canopy temperature, Ta = air temperature.  
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Abstract 

Soilborne fungal diseases, including southern stem rot (SSR, causal agent Athelia rolfsii), 

are major constraints to peanut production worldwide. Scouting for disease via visual observation 

is time and labor-intensive, but sensor technologies are a promising tool for plant disease detection. 

Prior research has focused on foliar diseases, and few studies have applied sensor-based tools for 

early detection of soilborne diseases. This study characterized the temporal progress of spectral 

and thermal responses of peanut plants during infection and colonization with A. rolfsii under 

controlled environment. In greenhouse experiments, A. rolfsii-inoculated and mock-inoculated 

lateral stems of peanut were inspected daily for symptoms, and leaf spectral reflectance and 

temperature were measured using a handheld spectrometer and thermal camera, respectively. 

Following onset of visual disease symptoms, leaflets on inoculated stems had greater spectral 

reflectance in the visible region compared to those on mock-inoculated stems. Leaflets on the 

inoculated stems also had greater normalized leaf temperatures as compared to leaflets on mock-

inoculated stems. Overall, results indicate that signatures of disease development can be detected 

during peanut infection and colonization with A. rolfsii using spectral reflectance and thermal 

imaging technologies, and spectral signatures of disease are more consistent and specific compared 

to thermal ones. Though only one peanut variety, one pathogen isolate, and one single 

measurement were assessed per evaluation date, temporal progress of spectral and thermal 
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responses on a daily basis characterized in this study can be used to develop sensor-based methods 

to detect southern stem rot and other soilborne diseases ultimately in the field. 

 

Introduction 

 Athelia rolfsii (Curzi) C.C. Tu & Kimbr., well-recognized by its anamorph synonym 

Sclerotium rolfsii Sacc., is an economically important soilborne fungal pathogen that can cause 

disease on more than 500 plant species, including field, vegetable, and ornamental crops (Aycock 

1966; Mullen 2001). The disease caused by A. rolfsii on peanut (Arachis hypogaea L.) is known 

as southern stem rot (SSR). SSR has long been one of the most important diseases of cultivated 

peanut worldwide. In the southeastern U.S., peanut yield loss due to SSR is typically less than 

25%, but can be up to 80% when weather conditions are favorable for disease development, which 

include hot temperatures (~30 ℃) and relative humidity > 90% (Backman and Brenneman 1997; 

Punja 1985). Peanut infection with A. rolfsii usually occurs during the mid to late growing season 

when the plant canopy covers the soil between rows and produces a warm, humid environment 

conducive to pathogen infection and growth (Aycock 1966; Shokes et al. 1996).  

Despite considerable research efforts to develop management strategies for SSR of peanut, 

control of this disease remains a challenge. Only a few peanut cultivars show partial resistance to 

SSR (Brenneman et al. 1990; Gorbet et al. 2004). Deep tillage and crop rotation can both reduce 

losses to SSR, but often multiple applications of fungicides during the growing season are needed 

to provide adequate control (Backman and Brenneman 1997; Hagan et al. 2004; Rideout et al. 

2008). Many fungicides are labeled for SSR control in peanut including demethylation inhibitors 

(DMI) (e.g., tebuconazole, prothioconazole, metconazole), quinone outside inhibitors (QoI) (e.g., 

azoxystrobin, fluoxastrobin, pyraclostrobin), and succinate dehydrogenase inhibitors (SDHI) (e.g., 
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penthiopyrad, benzovindiflupyr, flutolanil). These fungicides can be applied on a calendar 

schedule or once disease symptoms and signs are observed. However, calendar-based sprays are 

often confounded by year-to-year differences in host and environmental factors that impact disease 

onset, and fungicides are most effective when applied prior to crop infection with a fungal 

pathogen. Even when calendar-based sprays are used, growers always face a question of when to 

apply an SSR fungicide versus a leaf spot only fungicide. Scouting can be implemented to select 

proper fungicide chemistries (based on which diseases are present) and to make timely fungicide 

applications. However, the erratic distribution of SSR in the field make it labor- and time-intensive 

for crop scouts to detect the disease in large commercial fields. A more effective and precise 

disease detection method for SSR is needed to select proper disease management strategies and 

improve fungicide efficacy through better application timing. Such a method will increase the 

probability of successful, cost-effective disease management that will protect peanut crop yields 

and maximize grower profits. 

Previous studies have demonstrated potential applications of remote sensing technologies 

for the detection of plant physiological changes due to abiotic and biotic stresses, including plant 

diseases (Bauriegel et al. 2011; Chaerle and Straeten 2000; Mahlein 2016; Mahlein et al. 2018; 

Moran et al. 1997; Nilsson 1991, 1995). Among various types of sensors used in remote sensing, 

spectral reflectance sensors and infrared thermography (IRT) are most frequently used to detect 

plant pathogens and plant diseases (Chaerle et al. 1999; Gold et al. 2019; Heim et al. 2018; Mahlein 

et al. 2010, 2013; Wang et al. 2012). Spectral reflectance sensors can be used to measure light 

reflected directly from leaf surfaces or internal leaf structures. The amount of light reflected from 

leaves is mainly affected by leaf pigment content in the visible region (400 to 700 nm), cell 

structure in the near-infrared region (700 to 1,100 nm), and leaf biochemical and water content in 
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the shortwave infrared region (1,100 to 2,500 nm) (Carter and Knapp 2001; Jacquemoud and Ustin 

2001; Mahlein 2016). Thus, the changes in reflectance caused by plant pathogens can be 

characterized by deteriorations in leaf pigment content, cell structure, and leaf biochemical and 

water content during plant disease development (Mahlein 2016).  

The IRT of measured objects can be acquired with thermographic cameras by detecting the 

emitted infrared radiation from the objects in the range of 8 to 14 µm (Chaerle and Straeten 2000). 

IRT can be used to visualize surface temperature differences of leaves, plants, or canopies, which 

are correlated with, in part, changes in transpiration due to plant pathogen infection (Jones 1999; 

Jones et al. 2002; Mahlein 2016; Oerke et al. 2006). Colonization and infection of foliar pathogens 

can cause localized changes in plant transpiration rates, while plant pathogens primarily impacting 

stems and roots often have an effect on the transpiration rate and water flow of whole plants or 

plant tissues (Mahlein 2016).  

Though increasing research efforts are made in using spectral reflectance measurements 

and thermal imaging for plant disease detection, most previous studies have focused on detection 

of foliar plant diseases of various crops and trees (Baranowski et al. 2015; Heim et al. 2018; 

Mahlein et al. 2010; Patrick et al. 2017; Xavier et al. 2019). Only a few reported the utilization of 

these technologies for early detection of soilborne diseases (Hillnhütter et al. 2011; Pérez-Bueno 

et al. 2019; Raza et al. 2020; Wang et al. 2012). Foliar diseases can be readily detected with the 

naked eye or with optical sensors since they directly alter above-ground plant parts as lesions 

develop on leaves. However, it is difficult to identify specific foliar signatures of diseases that 

occur on stems or roots because a variety of other abiotic and biotic stresses may cause general 

changes in the optical or thermal properties of above-ground plant parts. 
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To our knowledge, there are no previous reports of using sensor-based methods for the 

detection of SSR symptoms in peanut. Therefore, the present study was designed to characterize 

the temporal progress of spectral and thermal responses of peanut plants during infection and 

colonization with A. rolfsii.  We hypothesized that 1) peanut plants colonized by A. rolfsii will 

have different leaf spectral reflectance and leaf temperature as compared to disease-free plants, 

and 2) spectral reflectance and leaf temperature of A. rolfsii-infected plants will change over time 

as disease progresses. 

 

Materials and Methods 

Greenhouse studies. Four independent experiments were conducted in a greenhouse at the 

Virginia Tech Tidewater Agricultural Research and Extension Center (AREC) in Suffolk, VA. In 

each experiment, three seeds of peanut cultivar ‘Sullivan’ treated with Rhizobium leguminosarum 

biovar phaseoli (N-DURE™, INTX Microbials, LLC, Kentland, IN) were planted in a plastic pot 

(26.4 cm in diameter by 22.5 cm in height) (Model: 1200 Series, Greenhouse Megastore) 

containing a 3:1 mixture of pasteurized field soil and potting mix. Three to four weeks after 

planting, one vigorous plant per pot was selected for further experiments, while the two extra plants 

were uprooted. Imidacloprid (Admire Pro, Bayer Crop Science, Research Triangle Park, NC) was 

applied preventatively for thrips control at the peanut seedling stage. The temperature inside the 

greenhouse was set at 24.4 ℃ (day) and 21.1 ℃ (night) using a greenhouse controller (Model: 

GHK12X2, BARTLETT Instrument company, Fort Madison, IA). Drip irrigation was applied 

daily 3-minutes per day using a 12 station Sterling Controller (Sterling-12, Superior Control Inc., 

Torrance, CA). 
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The experimental unit was one lateral stem of a peanut plant. The experiment was arranged 

in a completely randomized design with two treatments (lateral stem mock-inoculated and 

inoculated with A. rolfsii as described below) and six replicates per treatment. After inoculation, 

plants were evaluated daily for 14 to 16 days. The experiment was repeated four times with peanut 

planting dates of 19 October and 21 December in 2018, and 8 January and 22 February in 2019.  

Pathogen and inoculation. An isolate of A. rolfsii collected from a peanut field at the 

Tidewater AREC research farm in 2017 was used in the current study. The inoculation method 

was adapted from a clothespin technique described by Shokes et al. (1996). To prepare inoculum, 

clothespins were boiled in distilled water for 30 minutes twice (water was changed in-between 

times) to remove tannins then placed in 500-ml flasks filled with 100-ml full-strength potato 

dextrose broth (PDB) (Becton, Dickinson and Company, Sparks, MD) and autoclaved for 20 

minutes. After cooling, PDB was removed from the flasks and clothespins were either kept as they 

were for mock-inoculation treatment, or inoculated with a 3-day old actively growing culture of 

A. rolfsii on potato dextrose agar (~ 20 of 5-mm diameter agar pieces per flask) (Becton, Dickinson 

and Company, Sparks, MD). Then, the clothespins were incubated at room temperature (21.1 to 

23.3 ℃) until clothespins were colonized with mycelium of A. rolfsii (approximately 5 days after 

inoculation). To inoculate plants, clothespins colonized with A. rolfsii were clamped on lateral 

stems of peanut plants. Non-colonized clothespins were clamped on mock-inoculated control 

stems. In the first experiment, one lateral stem of each individual plant was either inoculated or 

mock-inoculated, whereas in the three remaining experiments, treatments were applied to two 

symmetrical lateral stems of the same plant. 

Inoculation treatments were made approximately 70 days after planting, and plants were 

placed inside a moisture chamber to facilitate pathogen infection and disease development. A 
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moisture chamber was setup by covering a bench with a clear polyethylene film inside the 

greenhouse. Two cool mist humidifiers (Model: Vicks® 1.2-gal, Kaz USA, Inc., Marlborough, 

MA) were placed inside the moisture chamber with maximum setting to provide ≥ 90% relative 

humidity. Two WatchDog sensors (Model: 1,000 series, Spectrum Technologies, Inc., Aurora, IL) 

were mounted in the greenhouse with one inside and one outside the moisture chamber to record 

the temperature and relative humidity every 15 minutes. 

Disease assessment. Starting at 2 days after inoculation (DAI), plants were inspected daily 

for visual disease symptoms and sensor responses. For daily measurement, plants were moved out 

of the moisture chamber in the morning (~ 10 AM) and placed on another bench inside the 

greenhouse to allow the foliage to air-dry. Plants were moved back into the moisture chamber after 

all the measurements were completed. With the exception of when daily measurements were taken, 

plants were incubated inside the moisture chamber for the entire duration of the experiment (14 to 

16 days) for the first three experiments. For the fourth experiment, plants were moved permanently 

outside the moisture chamber 7 DAI because plants were undergoing heat stress due to the high 

temperature inside the moisture chamber (Fig. S1). 

Disease severity was evaluated using a scale adapted from Shokes et al. (1996) where 1 = 

healthy; 2 = necrotic lesions on the inoculated lateral stem but no foliar symptoms; 3 = necrotic 

lesions plus 25 to 50% of leaves symptomatic (wilting, leaf curling and discoloration); 4 = necrotic 

lesions plus >50% of leaves symptomatic (wilting, leaf curling and discoloration); and 5 = necrotic 

lesions plus withering of all the leaves and stem. Disease progress for each experiment was plotted 

by averaging disease ratings on each evaluation date (6 replicates per treatment per experiment). 

Spectral reflectance measurement. The second youngest mature leaf on each lateral stem 

was labeled with a twist tie prior to inoculation. Spectral reflectance (200 nm to 1,100 nm with an 
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optical resolution of ~ 0.4 nm) of the same designated leaflet on the labeled leaf was collected 

daily (once per day) in the afternoon using a handheld spectrometer system. The handheld 

spectrometer system included a Jaz spectrometer (Model: JAZ-COMBO, Ocean Optics, Dunedin, 

FL) and an attached SpectroClip probe (Model: SpectroClip-R, Ocean Optics, Dunedin, FL) that 

had an active illuminated area with a 5 mm diameter. The spectrometer was set to ‘Boxcar Width’ 

of 5 (the number of adjacent pixels to be averaged together), and ‘Scans to Average’ of 10 (the 

number of discrete spectra to be summed together) to reduce machinery noises in data collected. 

A Pulsed Xenon light source (spectral range of 190 to 1,100 nm) embedded in the spectrometer 

was used during the measurement. The WS-1 diffuse reflectance standard from Ocean Optics was 

used as a white reference. The reflectivity of WS-1 was >98% from 250 to 1,500 nm. 

The spectral reflectance curves of each leaflets on each evaluation date were plotted and 

inspected visually for abnormal spectra removal. A spectral index for southern stem rot of peanut 

(SSRI) was calculated with the reflectance at 550 nm and 790 nm, using the equation 𝑆𝑆𝑅𝐼 =

 
(𝑅790−𝑅550)

(𝑅790+𝑅550)
 . Reflectance at 550 nm was selected because the greatest visual differences between 

spectra of A. rolfsii-infected and non-infected peanut plants were observed at this wavelength (Fig. 

S2). Reflectance at 790 nm was selected for the normalization of the index to 0 to 1 scale. The 

equation of SSRI was adapted from the normalized difference vegetation index (NDVI), where 

NDVI =  
(𝑖𝑟−𝑟𝑒𝑑)

(𝑖𝑟+𝑟𝑒𝑑)
 , ir radiance (750 – 800 nm) and red radiance (630 – 690 nm) (Rouse et al. 1974). 

Thermal imaging system. Digital and thermal images of each plant were taken daily (once 

per day) in the afternoons immediately prior to spectral reflectance measurements with a FLIR 

T420 camera (FLIR Systems, Wilsonville, OR). The FLIR camera used in this study had one 

thermal lens and one built-in digital lens. The thermal lens had a spectral range of 7.5 to 13.0 µm, 

a field of view of 25° x 19°, and a focal plane array (FPA) uncooled microbolometer in a format 
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of 320 x 240 pixels. The built-in digital lens had a field of view of 53° x 41°. The FLIR camera 

was mounted about 130 cm above the plant (~ 183 cm above the ground) with conduit clamps onto 

the ceiling structures of the greenhouse. Plants were placed on a wood board covered with a white 

needled cotton batting (The Warm Company, Lynnwood, WA) to provide a uniform thermal 

background. The soil surface inside each pot was also covered with the cotton batting prior to 

image acquisition. 

The thermal images of each lateral stem and whole plant were first inspected visually. 

Mean normalized leaf temperature was calculated by subtracting air temperature [Ta] from leaf 

temperature [Tc]. Leaf temperature for each plant was calculated by averaging temperatures from 

three regions of interest (ROI) on each thermal image. The ROIs were selected from three different 

leaflets on the upper to the middle of treated lateral stems (approximately 2nd to 5th youngest mature 

leaves) using a polygon selection tool in FLIR ResearchIR Max4 software (FLIR Systems, 

Wilsonville, OR). Each ROI contained 3x3 pixels.  

Data analysis. Six replications per treatment per experiment across 14 to 16 evaluation 

dates, including a total of 656 spectrum files and 522 thermal images, were used in the final 

analysis. The repeated measures on SSRI and normalized leaf temperature (Tc – Ta) over time 

were analyzed by invoking the REPEATED statement in the MIXED procedure (PROC MIXED) 

in SAS (version 9.4; SAS Institute, Inc., Cary, NC). Inoculation treatment (between-subject 

factor), days after inoculation (DAI; within-subject factor), and treatment × DAI interaction were 

included in the MODEL statement as fixed effects. Five common covariance structures, including 

compound symmetry (CS), Huynh-Feldt (HF), Unstructured (UN), Autoregressive (AR(1)), and 

Toeplitz (TOEP) were tested during the selection of covariance structure for mixed model analysis 

(Wolfinger 1993; Wolfinger and Chang 1995). The Huynh-Feldt (HF) and Unstructured (UN) 
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were not fitted for the model. The rest of three structures had close Akaike Information Criterion 

(AIC), AIC Corrected (AICC), and Bayesian Information Criterion (BIC) values. The 

Autoregressive (AR(1)) structure was selected because it takes into account that two measurements 

close to each other are more correlated and measurements that are farther apart are less correlated 

(Kincaid 2005), which applied to this study. The REPEATED statement incorporated DAI as a 

REPEATED effect, each treated stem for the SUBJECT option, and AR(1) for the TYPE option. 

If there was a significant inoculation treatment by DAI interaction effect, the treatment effect was 

then assessed on each day of evaluation in each experiment using LSMEANS statement in the 

MIXED procedure. Means between treatments on each evaluation date were separated using a t-

test at α level of 0.05. Relationships between disease severity, SSRI, normalized leaf temperature 

(Tc – Ta), and ambient environmental conditions during sensor measurements were evaluated 

using the CORR procedure (PROC CORR) in SAS 9.4.  

 

Results 

Disease symptoms and progress. Necrotic lesions were observed on the A. rolfsii-

inoculated lateral stems of peanut plants 3 to 5 DAI (Fig. 1A). The first foliar symptom observed 

was drooping of top terminal leaves (Fig. 1B). However, these foliar symptoms were reversible, 

and wilting was observed mostly during the afternoon on each day of measurement. As the disease 

progressed over time, wilting symptoms became irreversible and more severe, including leaf 

curling, prevalent veins, and leaf discoloration (Fig. 1C). All leaflets on the stems inoculated with 

A. rolfsii became withered 12 to 16 DAI (Fig. 1D). 

After the onset of foliar symptoms, disease developed rapidly until the A. rolfsii-inoculated 

stems withered (Fig. 2). Wilting symptoms were observed on some of the control plants in the 
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third and fourth experiment due to either heat or drought stress. However, these symptoms 

disappeared after either relocating plants outside the moisture chamber in the greenhouse or 

watering (data not shown). The disease progressed more rapidly in the fourth experiment that was 

conducted in May than in the three experiments conducted during the winter and early spring. This 

coincided with higher temperatures inside the moisture chamber the first week after inoculation of 

the fourth experiment (Fig. S1). The irreversible foliar wilting symptoms on the A. rolfsii-

inoculated stems were observed (mean disease severity of scale 3 and above) beginning on 12, 9, 

12, and 6 DAI in the first, second, third, and fourth experiment, respectively (Fig. 2). Because of 

the differences in disease development among the four greenhouse experiments, sensor 

measurements were analyzed and reported separately for each experiment. 

Spectral reflectance. In each of the four experiments, the mean percent spectral 

reflectance curves of leaflets on A. rolfsii-inoculated and mock-inoculated stems were similar prior 

to the observation of irreversible foliar wilting symptoms. Following onset of wilting symptoms, 

leaflets on the A. rolfsii-inoculated stems had greater percent spectral reflectance than leaflets on 

the mock-inoculated stems in the visible (VIS) region (Fig. S2). Reflectance data in the near-

infrared (NIR) region were more variable and noisy as compared to data in the VIS region. The 

greatest difference in percent reflectance between A. rolfsii-inoculated and mock-inoculated stems 

was observed at 550 nm (Fig. S2).  

In all four experiments, southern stem rot spectral index (SSRI) varied by days after 

inoculation (DAI) (P<0.0001), and there was a significant inoculation treatment by DAI 

interaction (P<0.0001). Therefore, the inoculated treatment effect was assessed on each day of 

evaluation in each experiment. The A. rolfsii-inoculated and mock-inoculated peanut stems had 

similar SSRI values until 12, 10, 13, and 7 DAI for the first, second, third, and fourth experiment, 
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respectively. Afterwards, SSRI for the A. rolfsii-inoculated treatments began to decrease (Fig. 2). 

The decrease in SSRI values of A. rolfsii-inoculated stems resulted from the increase in the 

reflectance of infected stems at 550 nm as wilting symptoms became more severe. The differences 

in SSRI values between A. rolfsii-inoculated and mock-inoculated peanut stems were detected 0 

to 1 days after the irreversible foliar wilting symptoms were observed (mean disease severity of 

scale 3 and above).  

There was a significant negative correlation between southern stem rot spectral index 

(SSRI) values and disease severity ratings in all four experiments (P<0.001, Table S1). The only 

environmental parameter measured that was correlated with SSRI was air temperature; there was 

a weak but negative correlation between SSRI and greenhouse air temperature in three of the four 

experiments (Table S2). 

Thermal imaging. Initially, leaf temperatures were similar between A. rolfsii-inoculated 

and mock-inoculated lateral stems, indicated by similar false blue colors (cool temperature) in the 

thermal images. Starting at 7 to 10 DAI, all leaflets on A. rolfsii-inoculated stems had greater 

temperatures compared to leaflets on mock-inoculated stems indicated by false orange color in 

thermal images (Fig. 3). These differences via visual inspection of thermal images were found 

starting when reversible drooping symptoms of the terminal leaves on the A. rolfsii-inoculated 

stems were first observed (data not shown).  

Normalized leaf temperature varied by days after inoculation (DAI) in all four experiments 

(P<0.0001), but impacts of inoculation treatment on leaf temperature were inconsistent (Fig. 4). 

In the first through third experiment, mean leaf temperature was less than the air temperature, but 

inoculated lateral stems were 0.4 to 1.6℃ warmer than mock-inoculated ones (P<0.05) (Fig. 5). 

In addition, the second and third experiment had a significant inoculation treatment by DAI 
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interaction (P<0.001). In the second experiment, leaflets on the A. rolfsii-inoculated stems had 

consistently greater mean normalized temperatures than leaflets on mock-inoculated stems by 0.7 

to 4.0℃ starting at 9 DAI (Fig. 4B). In the third experiment, leaflets on the A. rolfsii-inoculated 

stems had greater mean normalized temperatures than leaflets on mock-inoculated stems by 0.3 to 

2.3℃ as early as 12 DAI (Fig. 4C). Differences in normalized leaf temperatures between A. rolfsii-

inoculated and mock-inoculated stems were first detected 9 and 12 DAI, the same day that the 

irreversible foliar wilting symptoms were observed in experiments two and three respectively (Fig. 

4).  

In two of the four experiments, there was a weak but significant positive correlation 

between disease severity and normalized leaf temperature (P<0.05, Table S1) indicating that as 

disease severity increased, there was a greater difference between air and leaf temperatures (i.e. 

leaf temperature increased). Normalized leaf temperature had a weak negative correlation with air 

temperature and solar radiation respectively, and a positive relationship with relative humidity in 

the greenhouse (Table S3). As air temperature and solar radiation increased, there was a smaller 

difference between air and leaf temperatures. Conversely, as relative humidity increased, there was 

a greater difference between air and leaf temperatures. 

 

Discussion 

The current study quantified the temporal changes in peanut leaf spectral reflectance and 

temperature during early stages of infection and colonization by A. rolfsii under controlled 

conditions. Differences in spectral reflectance and leaf temperature between A. rolfsii-infected and 

non-infected peanut plants were detected 0 to 1 day after establishment of foliar disease symptoms 

(> 25% of the leaves on the A. rolfsii-inoculated stem showing wilting symptoms that were non-
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reversible). Spectral responses of peanut to the infection of A. rolfsii were more pronounced and 

consistent than thermal changes as disease progressed. Our work demonstrates the potential of 

using spectral reflectance and thermal imaging technologies to detect soilborne diseases like 

southern stem rot of peanut. In addition, the spectral and thermal signatures found in this study can 

be ultimately used to develop a new sensor-based, nondestructive scouting tool of plant diseases 

caused by A. rolfsii in peanut and other crops such as potato and tomato in the field. 

Our study demonstrated that the index developed based on spectral reflectance provided 

consistent differentiation between A. rolfsii-infected from non-infected peanut lateral stems. The 

spectral disease index was developed using reflectance of one wavelength each in the VIS and NIR 

regions. In response to infection with A. rolfsii, peanut plants had a noticeable increase of spectral 

reflectance in the VIS region, and a less obvious increase of reflectance in the NIR region. 

Reflectance in the VIS region is related to leaf pigments of the plants and often corresponds to a 

reduction in chlorophyll activity (Carter and Knapp 2001). This is consistent with other studies 

focused on the detection of foliar diseases, which often cause chlorotic and necrotic lesions or 

formation of fungal structures on plant leaves (Heim et al. 2018; Mahlein et al. 2010, 2013). In 

contrast, changes in reflectance in the NIR region often correspond to alteration of cell structure 

of leaves (Mahlein 2016). Whereas foliar pathogens can directly alter leaf cell structures, peanut 

infection with A. rolfsii occurs on the root or stem tissues and may not have an immediate impact 

on leaf cell structures. This may explain, in part, why peanut infected with A. rolfsii had a less 

obvious increase of reflectance in NIR region as compared to non-infected plants. The spectral 

disease index was developed based on visual assessment of spectral reflectance curves of peanut 

leaves on healthy and diseased lateral stems in this study. It may be possible to develop more 

precise indices for early plant disease detection using machine learning algorithms such as support 
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vector machine (SVM), k nearest neighbors (KNN), and random forests (Heim et al. 2019b; 

Mahlein et al. 2013; Rumpf et al. 2010). In addition, further work is needed to determine the extent 

to which indices can distinguish between a specific disease (i.e. SSR), other diseases, and abiotic 

stress including physical injury to plants. If SSR-specific indices can be developed, it may 

eventually be possible to mount a multispectral camera on unmanned aerial vehicles (UAV) and 

identify SSR hotspots remotely as an alternative method for scouting large-scale commercial 

fields.  

In this study, leaflets on A. rolfsii-infected peanut stems generally had greater leaf 

temperatures than leaflets on non-infected stems. Since leaf temperature is negatively correlated 

with transpiration (Pallas et al. 1967), the wilting response to infection with A. rolfsii infection 

presumably reduced the transpiration of leaves compared to those on non-infected peanut plants. 

However, the variable environmental factors inside the greenhouse likely influenced the thermal 

responses of peanut plants to the infection of A. rolfsii, and this may have contributed to differences 

between A. rolfsii-infected and non-infected plants being less pronounced than they would be 

under strictly controlled conditions. Thus, results of the current study indicate that it will be 

difficult to utilize thermal sensors to characterize temporal progress of SSR in the field since both 

biotic and abiotic stresses contribute to thermal responses. However, if thermal sensors are 

combined with other sensors or diagnostic tools (Oerke 2019), they may have improved disease 

detection accuracy and efficiency. In addition, thermal images taken at different times a day might 

still be useful to detect groups of plants undergoing temperature stress, which could indicate 

potential SSR hotspots in the field. 

Though results of the current study provide a basis for detecting southern stem rot of peanut 

using sensors, it had several limitations. Only one peanut variety, one pathogen isolate, and one 
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biotic stress were evaluated to determine whether spectral and thermal sensor could be utilized for 

early detection of a soilborne plant disease that affects roots or stems like southern stem rot of 

peanut. Future research should evaluate the effects of host cultivar, different pathogen genotypes, 

and different abiotic and biotic stresses in order to develop robust sensor-based methods for early 

plant disease detection (Gold et al. 2019, 2020a, 2020b). Even though responses of peanut to the 

infection of A. rolfsii were evaluated on a daily basis for 14 to 16 days, there was only a single 

measurement of spectral reflectance and thermal imaging per experimental unit on each evaluation 

date. Diurnal patterns of spectral reflectance had been reported previously in other crops such as 

wheat and corn (Pinter et al. 1983; Ranson et al. 1985). Thus, spectral and thermal responses of 

peanut to the infection of A. rolfsii may also vary at different times of day, and additional studies 

are needed to determine the optimal time of day to detect southern stem rot of peanut with spectral 

and thermal sensors under field conditions.  

Integrated pest management (IPM) is a critical practice to achieve sustainable crop 

production, and disease detection and identification is an important component of IPM. Disease 

management is most effective when practices are applied prior to onset of disease or in early 

disease establishment (pre-symptomatic and early symptomatic) (Agrios 2009; Gold et al. 2020a; 

Zarco-Tejada et al. 2018). In the current study, sensors did not distinguish infected peanut from 

non-infected plants prior to the appearance of visual foliar disease symptoms. However, sensors 

may still be a useful tool for IPM since preventative management practices can be applied to non-

diseased plants occurring in the same field as diseased plants to prevent further yield losses. The 

patchy distribution and low mobility of soilborne pathogens make sensor-based detection methods 

suitable for site-specific management (Hillnhütter et al. 2010; Oerke et al. 2014), which can reduce 

chemical use and their negative impacts on the environment and risk of inducing fungicide 
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resistance due to chemical overuse (Heim et al. 2019a; Mahlein et al. 2018). In addition, records 

of sensor-based detection methods in one planting season can be applicable for future crops in 

following seasons (Hillnhütter et al. 2010). Regardless, this study serves as a proof-of-concept for 

utilizing sensor-based technologies for early detection of soilborne diseases in peanut and provides 

a foundation for incorporating new technologies into precision scouting and application of inputs. 
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Table S1. Correlations between disease severity, southern stem rot spectral index (SSRI), and 

normalized leaf temperature (CTD) for the four greenhouse experiments conducted in 2019. 

Pearson Correlation Coefficients 

Prob > |r| under H0: Rho=0 

Number of Observations 

  Severity SSRI CTD 

Experiment 1 Severity 1 -0.63322 0.39633 

  <.0001 <.0001 

 168 166 96 

SSRI -0.63322 1 -0.30158 

 <.0001  0.0031 

 166 166 94 

CTD 0.39633 -0.30158 1 

 <.0001 0.0031  

 96 94 96 

Experiment 2 Severity 1 -0.50831 0.16533 

  <.0001 0.0392 

 156 156 156 

SSRI -0.50831 1 -0.04294 

 <.0001  0.5946 

 156 156 156 

CTD 0.16533 -0.04294 1 

 0.0392 0.5946  

 156 156 156 

Experiment 3 Severity 1 -0.39626 0.11803 

  <.0001 0.1177 

 185 177 177 

SSRI -0.39626 1 -0.02595 

 <.0001  0.731 

 177 178 178 

CTD 0.11803 -0.02595 1 

 0.1177 0.731  

 177 178 178 

Experiment 4 Severity 1 -0.73863 0.07903 

  <.0001 0.3085 

 168 157 168 

SSRI -0.73863 1 -0.09626 

 <.0001  0.2304 

 157 157 157 

CTD 0.07903 -0.09626 1 

 0.3085 0.2304  

 168 157 168 
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Table S2. Correlations between environmental parameters and southern stem rot spectral index 

(SSRI), for the four greenhouse experiments conducted in 2019. 

Pearson Correlation Coefficients 

Prob > |r| under H0: Rho=0 

Number of Observations 

  SSRI Air 

temperature  

Solar 

Radiation 

Relative 

Humidity 

Experiment 1 SSRI 1 0.1135 0.07708 -0.06228 

 0.1454 0.3236 0.4254 

166 166 166 166 

Experiment 2 SSRI 1 -0.15904 0.04153 0.10218 

 0.0474 0.6067 0.2044 

156 156 156 156 

Experiment 3 SSRI 1 -0.07393 -0.08257 -0.02369 

 0.3267 0.2732 0.7536 

178 178 178 178 

Experiment 4* SSRI 1 -0.17371 . 0.02052 

 0.0296 . 0.7986 

157 157 0 157 

*In experiment 4, the watchdog sensor inside greenhouse did not have data recorded. The air 

temperature and relative humidity data were recorded by another watchdog sensor mounted inside 

the moisture chamber in the greenhouse.  
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Table S3. Correlations between environmental parameters and normalized leaf temperature 

(CTD), for the four greenhouse experiments conducted in 2019.  

Pearson Correlation Coefficients 

Prob > |r| under H0: Rho=0 

Number of Observations 

  CTD Air 

temperature 

Solar 

Radiation 

Relative 

Humidity 

Experiment 1 CTD 1 -0.31437 -0.37781 0.30383 

 0.0018 0.0001 0.0026 

96 96 96 96 

Experiment 2 CTD 1 -0.61891 -0.51349 0.58813 

 <.0001 <.0001 <.0001 

156 156 156 156 

Experiment 3 CTD 1 -0.32569 -0.25208 0.36155 

 <.0001 0.0007 <.0001 

178 178 178 178 

Experiment 4* CTD 1 -0.25502 . 0.14163 

 0.0008 . 0.0671 

168 168 0 168 

*In experiment 4, the watchdog sensor inside greenhouse did not have data recorded. The air 

temperature and relative humidity data were recorded by another watchdog sensor mounted inside 

the moisture chamber in the greenhouse.  
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Fig. 1. Signs and symptoms of southern stem rot of peanut. A. Mycelium and necrotic lesions on 

an Athelia rolfsii-inoculated lateral stem. B. Drooping of terminal leaflets. C. Wilting of upper 

leaves on the inoculated lateral stem as disease progresses. D. Withering of the leaves and stem.  
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Fig. 2. Southern stem rot spectral index (SSRI) (left Y-axis, solid lines) and disease severity (right 

Y-axis, dotted lines) of Athelia rolfsii-inoculated and mock-inoculated (control) peanut plants over 

time in four greenhouse experiments (A - D) conducted in 2019. In the first, third and fourth 

experiments, the mock-inoculated and inoculated lateral stems were from different plants. In the 

second experiment, each pair of mock-inoculated and inoculated lateral stems were from the same 

plant. Disease symptoms were inspected visually, and spectral reflectance of one designated leaflet 

of the second youngest mature leaf were measured daily 2 days after inoculation. The scale of 

disease severity was adapted from Shokes et al. (1996) where 1 = healthy plant; 2 = necrotic lesions 

on stem only; 2.5 drooping of terminal leaves and lesions on stem; 3 = 25 to 50% of leaves on the 

inoculated stem symptomatic (wilting, leaf curling, and discoloration) and lesions on stem; 4 = 

>50% of leaves on the inoculated stem symptomatic and lesions on stem; 5 = withering of all the 
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leaves on the inoculated stem and lesions on stem. SSRI of each plant was calculated based on 

reflectance (R) at 550 nm and 790 nm, using the equation: SSRI = (R790 – R550) / (R790 + R550). 

Each dot represents the mean of disease severity or SSRI value and bars indicate the standard error 

of the mean. An asterisk (*) denotes significant differences of SSRI values between treatments 

based on a t-test at α level of 0.05.  
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Fig. 3. Comparison of normal digital images (top) and false-color thermal images (bottom) 

between mock-inoculated control plants (A, C) and Athelia rolfsii-inoculated peanut (B, D) 12 

days after inoculation in the first greenhouse experiment conducted in 2019. The treated lateral 

stems are circled in each image. Darker color in the thermal images indicates cooler temperature, 

while lighter color indicates warmer temperature. Images were taken with a FLIR T420 camera 

with a top view at ~ 183 cm above the ground inside the greenhouse.  



 

55 

 

 

Fig. 4. Normalized leaf temperature (leaf temperature [Tc] – air temperature [Ta]) and disease 

severity (right Y-axis, dotted lines) of Athelia rolfsii-inoculated and mock-inoculated (control) 

peanut plants over time in four greenhouse experiments (A - D) conducted in 2019. In the first, 

third and fourth experiments, the mock-inoculated and inoculated lateral stems were from different 

plants. In the second experiment, each pair of mock-inoculated and inoculated lateral stems were 

from the same plant. Disease symptoms were inspected visually using a 1 to 5 scale adapted from 

Shokes et al. (1996). Images were taken with a FLIR T420 camera with a top view at ~ 183 cm 

above the ground inside the greenhouse. In each thermal image, three regions of interest (ROI, 

each ROI has 3 x 3 pixels) on the upper leaflets (approximately 2nd to 5th youngest mature leaf) of 

treated lateral stems were selected and averaged as the leaf temperature [Tc]. The air temperature 

[Ta] during the time when thermal images were taken on each date of measurement was measured 

0 2 4 6 8 10 12 14 16

D
is

e
a

s
e

 s
e

v
e

rity
 (1

-5
)

1

2

3

4

5

0 2 4 6 8 10 12 14 16

-10

-8

-6

-4

-2

0

2

4

0 2 4 6 8 10 12 14 16

1

2

3

4

5

*

*
*

B

C

*

*

*

*

*

0 2 4 6 8 10 12 14 16

N
o

rm
a

liz
e

d
 l
e

a
f 

te
m

p
e

ra
tu

re
 (

T
c
 -

 T
a

) 
(o

C
)

-10

-8

-6

-4

-2

0

2

4

Control_(Tc - Ta)

Inoculated_(Tc - Ta)

Inoculated_SeverityA

D

Days after inoculation



 

56 

 

with a Watchdog mounted inside the greenhouse. Each dot represents the mean normalized leaf 

temperature and bars indicate the standard error of the mean. An asterisk (*) denotes significant 

differences based on t-test at α level of 0.05. In the first experiment, data were not collected until 

8 days after inoculation.  
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Fig. 5. Normalized leaf temperatures of mock-inoculated (control) compared to Athelia rolfsii-

inoculated peanut lateral stems averaged across all evaluation dates for each of four greenhouse 

experiments conducted in 2019. Images were taken with a FLIR T420 camera with a top view at 

~ 183 cm above the ground inside the greenhouse. In each thermal image, three regions of interest 

(ROI, each ROI has 3 x 3 pixels) on the upper leaflets (approximately 2nd to 5th youngest mature 

leaf) of treated lateral stems were selected and averaged as the leaf temperature [Tc]. The air 

temperature [Ta] during the time when thermal images were taken on each date of measurement 

was measured with a Watchdog mounted inside the greenhouse. Mean normalized leaf temperature 

was calculated by averaging the replications per treatment in each experiment across all the 

evaluation dates. Bars indicate the standard error, while * denotes significant differences based on 

a t-test at α level of 0.05.  
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Fig. S1. Temperature (A) and relative humidity (B) inside the moisture chamber over time in the 

four greenhouse experiments (Exp. 1-4) conducted in 2019. Plants were placed inside the moisture 

chamber except daily measurement for 14 to 16 days during the first three experiments, and 7 days 

for the fourth experiment because plants were undergoing heat stress due to the high temperature 

inside the moisture chamber. Data were recorded by watchdog sensors at an interval of 15 minutes. 

Each dot represents the mean of each environmental factor on each date of measurement. Bars 

indicate standard error.  
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Fig. S2. Mean spectral reflectance of Athelia rolfsii-inoculated and mock-inoculated control 

peanut plants on the date when visual differences in spectra of these two treatments were first 

observed in four greenhouse experiments (A - D) conducted in 2019. A = 12 days after inoculation 

(DAI) in experiment 1, B = 10 DAI in experiment 2, C = 13 DAI in experiment 3, and D = 7 DAI 

in experiment 4. The spectral reflectance of an individual designated leaflet on the second youngest 

mature leaf of treated stems was measured with a Spectroclip-R probe using a Jaz Spectrometer in 

the greenhouse. The drop lines in each experiment indicated mean spectral reflectance of A. rolfsii-

inoculated and mock-inoculated peanut plants at 550 nm.  
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Fig. S3. The environmental factors inside the greenhouse, including air temperature (A), relative 

humidity (B), and solar radiation (C) during the time course when thermal images were taken on 

each date of measurement in four greenhouse experiments. Data were recorded by watchdog 

sensors at an interval of 15 minutes. In experiment 4, the watchdog sensor inside greenhouse did 

not have data recorded. The air temperature and relative humidity data were recorded by another 

watchdog sensor mounted inside the moisture chamber in the greenhouse. Each dot represents the 

mean of each environmental factor on each date of measurement. Bars indicate standard deviation.  
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CHAPTER 3: Identifying optimal wavelengths to detect peanut infection with Athelia 

rolfsii using hyperspectral measurements and machine learning 
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Abstract: Use of hyperspectral sensors combined with machine learning is rapidly increasing in 

agricultural crop systems including as a tool for plant disease detection. Feature extraction and 

selection are commonly applied to hyperspectral data to reduce its high dimensionality and 

redundancy. This study was designed to identify the most important wavelengths to discriminate 

between healthy and diseased peanut (Arachis hypogaea L.) plants infected with Athelia rolfsii, 

causal agent of peanut stem rot, at different disease stages. In greenhouse experiments, daily 

measurements were conducted to inspect disease symptoms visually and to collect spectral 

reflectance of peanut leaves on lateral stems mock-inoculated and inoculated with A. rolfsii. 

Spectrum files were categorized into five classes based on foliar wilting symptoms. One feature 

extraction and five feature selection methods in the scikit-learn library were compared to select 

top 10 ranked wavelengths with and without a custom minimum distance of 20 nm. Regardless of 

using random forest (RF) or support vector machine with the linear kernel (SVML) as an estimator, 

the top 10 wavelengths selected with recursive feature elimination (RFE) outperformed ones 

selected by the univariate feature selection (Chi-square) and SelectFromModel (SFM) methods. 

Adding the minimum distance of 20 nm for top selected wavelengths improved the classification 

accuracy for the Chi-square and SFM methods, but not for RFE methods because wavelengths 

selected by RFE already spread out in different spectral regions. The overall 10-fold cross-

validation accuracy for the five-class classification was 69.7% with the top 10 selected 

wavelengths identified by RFE-SVML feature selection method and using a SVML classifier. 

Wavelengths of 505, 690, and 884 nm were repeatedly selected by multiple feature selection 

methods. The wavelengths identified in this study may have applications for automated, sensor-

based stem rot detection in peanut fields, and the methodology presented here can be adapted for 

soilborne disease detection in different plant systems. 
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Keywords: soilborne disease detection, Sclerotium rolfsii, spectroscopy, scikit-learn, random 

forest, support vector machine, recursive feature elimination, feature extraction, feature selection, 

band selection 

 

1. Introduction 

Peanut (Arachis hypogaea L.) is an important oilseed crop cultivated in tropical and 

subtropical regions throughout the world, mainly for its seeds which contain high-quality protein 

and oil contents (Stalker 1997; Venkatachalam and Sathe 2006). The peanut plant is unusual 

because even though it flowers above ground, the development of the pods that contain the edible 

seed occurs below ground (Porter et al. 1997), which makes this crop prone to soilborne diseases. 

Stem rot of peanut, caused by Athelia rolfsii (Curzi) C.C. Tu & Kimbrough (anamorph: Sclerotium 

rolfsii Sacc.), is one of the most economically important soilborne diseases in peanut production 

(Kemerait 2012). The infection of A. rolfsii usually occurs first on plant tissues near the soil surface 

mid- to late-season following canopy closure (Backman and Brenneman 1997). The dense plant 

canopy provides a humid microclimate that is conducive for pathogen infection and disease 

development, when warm temperatures (~ 30℃) occur (Mullen 2001; Punja 1985). However, the 

dense plant canopy not only prevents foliar-applied fungicides from reaching below the canopy 

where infection of A. rolfsii initially occurs but also blocks visual inspection of signs and 

symptoms of disease. 

Currently, disease assessments for peanut stem rot are based on visual inspection of signs 

and symptoms of this disease. The fungus, A. rolfsii, is characterized by the presence of white 

mycelia and brown sclerotia on the soil surface and infected plant tissues (Augusto et al. 2010; 



 

64 

 

Backman and Brenneman 1997). The initial symptom in plants infected with A. rolfsii is water-

soaked lesions on infected tissues (Punja et al.1985), while the first obvious foliar symptoms are 

wilting of a lateral branch, the main stem, or the whole plant (Backman and Brenneman 1997). To 

scout for commercial fields, walking in a random manner and selecting many sites per field (~ 1.25 

sites/hectare and ≥ 5 sites per field) are recommended to make a precise assessment of the whole 

field situation (Weeks et al. 1991). Peanut fields should be scouted once a week after plant pegging 

(Mehl 2020) because earlier detection before disease widespread is better to make timely crop 

management decisions. The present scouting method based on visual assessment is labor-intensive 

and time-consuming for large commercial fields, and having a high likelihood of overlooking 

disease hotspots. There is a need to develop a new method that can detect this disease accurately 

and efficiently. 

Hyperspectral sensors have proven their potential for early detection of plant diseases in 

various plant-pathogen systems (Barreto et al. 2020; Calderón et al. 2015; Gold et al. 2020a, b, c; 

Hillnhütter et al. 2011, 2012; Nagasubramanian et al. 2018; Rumpf et al. 2010; Zarco-Tejada et al. 

2018; Zhu et al. 2017). Visual disease rating methods are based only on the perception of red, blue, 

and green colors, whereas hyperspectral systems can measure changes in reflectance with a 

spectral range typically from 350 to 2,500 nm (Bock et al. 2020; Mahlein et al. 2018). Plant 

pathogens and plant diseases can alter the optical properties of leaves by changing the leaf structure 

and the chemical composition of infected leaves or by the appearance of pathogen structures on 

the foliage (Mahlein 2016; Mahlein et al. 2018). Specifically, the reflectance of leaves in the VIS 

region (400 nm to 700 nm), the near-infrared (NIR) region (700 to 1,000 nm), and the shortwave 

infrared (SWIR) region (1,000 to 2,500 nm) are typically related to leaf pigment contents, leaf cell 

structure, and leaf chemical and water content respectively (Carter and Knapp 2001; Jacquemound 
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and Ustin 2001; Mahlein 2016). A typical hyperspectral scan can generate reflectance data for 

hundreds of bands. This large volume of high-dimensional data poses a challenge for the data 

analysis to identify informative wavelengths that are directly related to plant health status 

(Behmann et al. 2015; Mahlein 2016). 

Feature extraction and feature/band selection methods are commonly applied to 

hyperspectral data for dimensional reduction and spectral redundancy removal (Miao et al. 2007; 

Sun and Du 2019). Feature extraction methods project the original high dimensional data into a 

different feature space with a lower dimension (Dópido et al. 2012; Sun et al. 2014). The most 

commonly used feature extraction method is principal component transformation (Hsu 2007). 

Band selection methods reduce the dimensionality of hyperspectral data by selecting a subset of 

wavelengths (Yang et al. 2012; Sun and Du 2019). A variety of band selection algorithms has been 

used for plant disease detection, such as instance-based Relief-F algorithm (Mahlein et al. 2013), 

genetic algorithms (Nagasubramanian et al. 2018), partial least square (Gold et al. 2020 a, b), and 

random forest (Heim et al. 2018). In contrast to feature extraction methods that may alter the 

physical meaning of the original hyperspectral data during transformation, band selection methods 

preserve the spectral meaning of selected wavelengths (Yang et al. 2012; Yang et al. 2014; Sun 

and Du 2019). 

Applications of machine learning (ML) methods have increased in agricultural production 

systems in the past years, especially for plant disease detection (Behmann et al. 2015; Liakos et al. 

2018; Singh et al. 2016, 2020). Machine learning refers to computational algorithms that can learn 

from data and perform classification or clustering tasks (Samuel 1959), which are suitable to 

identify the patterns and trends from large amounts of data such as hyperspectral data (Behmann 

et al. 2015; Mahlein et al. 2018; Singh et al. 2016;). Scikit-learn library provides a number of 
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functions for different machine learning approaches, dimensional reduction techniques, and 

feature selection methods (Pedregosa et al. 2011). Results in one of our previous studies 

demonstrated that hyperspectral radiometric data were able to distinguish between mock-

inoculated and A. rolfsii-inoculated peanut plants based on visual inspection of spectra after the 

onset of visual symptoms (Wei et al. 2021). In order to more precisely identify important spectral 

wavelengths that are signatures of peanut infection with A. rolfsii, a machine learning approach 

was being used in this study to further analyze the spectral reflectance data collected from healthy 

and diseased peanut plants infected with A. rolfsii. The specific objectives included, 1) to compare 

the performance of different machine learning methods for the classification of healthy peanut 

plants and plants infected with A. rolfsii at different stages of disease development; 2) to compare 

the top wavelengths selected by different feature selection methods, and 3) to develop a method to 

select top features with a customized minimum wavelength distance. 

 

2. Materials and Methods 

2.1 Plant Materials 

The variety ‘Sullivan’, a high-oleic Virginia-type peanut, was grown in a greenhouse 

located at the Virginia Tech Tidewater Agricultural Research and Extension Center (AREC) in 

Suffolk, Virginia. Three seeds of peanut were planted in a 9.8-L plastic pot filled with a 3:1 mixture 

of pasteurized field soil and potting mix. Only one vigorous plant per pot was kept for data 

collection, while extra plants in each pot were uprooted three to four weeks after planting. Peanut 

seedlings were treated preventatively for thrips control with imidacloprid (Admire Pro, Bayer Crop 

Science, Research Triangle Park, North Carolina). Plants were irrigated 3-minutes per day 

automatically using a drip method. A Watchdog sensor (Model: 1,000 series, Spectrum 



 

67 

 

Technologies, Inc., Aurora, IL) was mounted inside the greenhouse to monitor environmental 

conditions including temperature, relative humidity, and solar radiation. The temperature ranged 

from 22 ℃ to 30 ℃ during the course of experiments. The daily relative humidity ranged between 

14% and 84% inside the greenhouse (Wei et al. 2021).  

 

2.2 Pathogen and Inoculation 

The isolate of A. rolfsii used in this study was originally collected from a peanut field at 

the Tidewater AREC research farm in 2017. A clothespin technique, adapted from Shokes et al. 

(1996), was used for the pathogen inoculation. Briefly, clothespins were boiled twice in distilled 

water (30 min. each time) to remove the tannins that may inhibit pathogen growth. Clothespins 

were then autoclaved for 20 min after being submerged in full-strength potato dextrose broth 

(PDB) (39 g/L, Becton, Dickinson and Company, Sparks, MD). The PDB was poured off the 

clothespins after cooling. Half of the clothespins were inoculated with a 3-day-old actively 

growing culture of A. rolfsii on potato dextrose agar (PDA), and the other half were left non-

inoculated to be used for mock-inoculation treatment. All clothespins were maintained at room 

temperature (21 to 23 ℃) for about a week until inoculated clothespins were colonized with 

mycelia of A. rolfsii. 

Inoculation treatment was applied to peanut plants 68 to 82 days after planting. The two 

primary symmetrical lateral stems of each plant were either clamped with a non-colonized 

clothespin as mock-inoculation treatment or clamped with a clothespin colonized with A. rolfsii as 

inoculation treatment. All plants were maintained in a moisture chamber set up on a bench inside 

the greenhouse to facilitate pathogen infection and disease development. Two cool mist 

humidifiers (Model: Vicks® 4.5-liter, Kaz USA, Inc., Marlborough, MA) with maximum settings 
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were placed inside the moisture chamber to provide ≥ 90% relative humidity. Another Watchdog 

sensor was mounted inside the moisture chamber to record temperature and relative humidity every 

15 minutes. 

 

2.3 Experimental Setup 

Two treatments were included, lateral stems of peanut mock-inoculated or inoculated with 

A. rolfsii. Visual rating and spectral data for this study were collected from 126 lateral stems on 

74 peanut plants over four experiments where peanut plants were planted on October 19 and 

December 21 in 2018 and January 8 and February 22 in 2019, respectively. Each plant was 

inspected daily, once per day, for 14 to 16 days after inoculation. For daily assessment, plants were 

moved outside the moisture chamber and placed on other benches inside the greenhouse to allow 

the foliage to air dry before data collection. Plants were then moved back into the moisture 

chamber after measurements. Plants were kept inside the moisture chamber through the 

experimental course for the first three experiments. In the fourth experiment, plants were moved 

permanently outside the moisture chamber 7 days after inoculation because they were affected by 

heat stress. 

 

2.4 Stem Rot Severity Rating and Categorization 

Lateral stems of each plant were inspected each day visually for signs and symptoms of 

disease starting from 2 days after inoculation. The lateral stems of plants were categorized based 

on visual symptoms ratings into five classes, where ‘Healthy’ = mock-inoculated lateral stems 

without any disease symptoms; ‘Presymptomatic’ = inoculated lateral stems without any disease 

symptoms; ‘Lesion only’ = necrotic lesions on inoculated lateral stems; ‘Mild’ = drooping of 
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terminal leaves to wilting of < 50% upper leaves on inoculated lateral stems; ‘Severe’ = wilting of 

≥ 50% leaves on inoculated lateral stems. 

 

2.5 Spectral Reflectance Measurements 

The second youngest mature leaf on each treated lateral stem was labeled with a twist tie 

immediately before the inoculation treatment. Spectral reflectance of one leaflet on this designated 

leaf was measured from the leaf adaxial side once per day starting 2 days after inoculation using a 

handheld Jaz spectrometer and an attached SpectroClip probe (Ocean Optics, Dunedin, Florida, 

Fig. 1A). The spectral range and optical resolution of the Jaz spectrometer were 200 to 1,100 nm 

and ~ 0.46 nm, respectively. The spectrometer was set to boxcar number of 5 and averages of 10 

to reduce machinery noises. The light source for the SpectroClip probe was from a Pulsed Xenon 

light embedded in the Jaz spectrometer, with an active illuminated area of 5 mm in diameter. The 

WS-1 diffuse reflectance standard, with reflectivity >98%, was used as the white reference (Ocean 

Optics, Dunedin, Florida). 

 

2.6 Data Analysis Pipeline 

2.6.1 Data preparation 

The data analysis pipeline is illustrated in Fig. 1B. The spectrum file collected by the Jaz 

spectrometer was in a Jaz data file format (.JAZ). Each spectrum file contains information of 

spectrometer settings and five columns of spectral data including W = wavelength, D = dark 

spectrum, R = reference spectrum, S = sample spectrum, and P = processed spectrum in percentage. 

Each spectrum file’s name was labeled manually according to the experiment number, plant and 

its lateral stem ID, and date collected. Then spectrum files were grouped into five classes based on 
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the visual ratings of disease symptoms for each individual assessment including ‘Healthy’, 

‘Presymptomatic’, ‘Lesion only’, ‘Mild’, and ‘Severe’.  

 

2.6.2 Preprocessing of raw spectrum files 

The preprocessing steps of raw spectrum files were adapted from Heim et al. (2018) using 

the R statistical platform (version 3.6.1). The processed spectral data and file name were first 

extracted from each Jaz spectral data file and saved into a Microsoft Excel comma-separated values 

file (.CSV). A master spectral file was created consisting of processed spectral data and file names 

of spectra from all five categories. Spectral data were then smoothed with a Savitzky-Golay filter 

using the second-order polynomial and a window size of 33 data points (Savitzky and Golay 1964). 

Wavelengths at two extreme ends of the spectrum (< 240 nm and > 900 nm) were deleted due to 

large spectral noises. Outlying spectrums were removed using depth measures in the Functional 

Data Analysis and Utilities for Statistical Computing (fda.usc) package (Febrero-Bande and 

Oviedo de la Fuente 2012). The final dataset after outlier removal consisted of 399 observations 

including 82 for ‘Healthy’, 79 ‘Presymptomatic’, 72 ‘Lesion only’, 73 ‘Mild’, and 93 ‘Severe’.  

The spectral signals were further processed using the prospectr package to reduce 

multicollinearity between predictor variables (Heim et al. 2018; Stevens and Ramirez-Lopz 2014). 

The bin size of 10 was used in this study, meaning the spectral reflectance for each wavelength 

was the average spectral reflectance values of 10 adjacent wavelengths before signal binning. The 

spectral resolution was reduced from 0.46 nm (1,569 predictor variables/wavelengths) to 4.6 nm 

(157 predictor variables/wavelengths).  
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2.6.3 Comparison of machine learning methods for classification 

The spectral data after preprocessing steps were analyzed using the Python programming 

language (version 3.7.10). The performance of nine common machine learning methods was 

compared for the classification of mock-inoculated, healthy peanut plants and plants inoculated 

with A. rolfsii at different stages of disease development. The nine machine learning algorithms 

tested in this study included Gaussian Naïve Bayes (NB), K-nearest neighbors (KNN), linear 

discriminant analysis (LDA), multi-layer perceptron neural network (MLPNN), random forests 

(RF), support vector machine with the linear kernel (SVML), support vector machine with the 

radial kernel (SVMR), gradient boosting (GBoost), and extreme gradient boosting (XGBoost). All 

the nine algorithms were supervised machine learning methods, but they were from diverse 

categories based on their learning models (Liakos et al. 2018). The Gaussian Naïve Bayes (NB) 

algorithm belongs to the probabilistic graphical Bayesian models (Liakos et al. 2018). The KNN 

uses instance-based learning models. The LDA is a commonly used dimensionality reduction 

technique. The MLPNN is one of the traditional artificial neural networks. The RF and the two 

gradient boosting algorithms uses ensemble-learning models by combining multiple decision-tree 

based classifiers. Support vector machine (SVM) uses separating hyperplanes to classify data from 

different classes with the goal of maximizing margins between each class (Cortes and Vapnik 

1995; Liakos et al. 2018). The nine machine learning methods The XGBoost classifier was from 

the library of XGBoost (version 1.3.3) (Chen and Guestrin 2016), while all the others were from 

the library of scikit-learn (version 0.24.1) (Pedregosa et al. 2011). The default hyperparameters for 

each classifier were used in this study. 

 

 



 

72 

 

2.6.4 Comparison of feature selection methods 

Five feature selection methods from the scikit-learn library were evaluated in this study. 

They included one univariate feature selection method (SelectKBest using a Chi-square test), two 

feature selection methods using SelectFromModel (SFM), and two recursive feature elimination 

(RFE) methods. Both SFM and RFE needed an external estimator, which could assign weights to 

features. SFM selects the features based on the provided threshold parameter. RFE selects a 

desirable number of features by recursively considering smaller and smaller sets of features 

(Pedregosa et al. 2011). In addition to the feature selection methods, principal component analysis 

(PCA), a dimensionality reduction technique, was also included in the comparison. The top 10 

wavelengths or components selected from the feature selection methods were then compared to 

classify the healthy and diseased peanut plants at different stages.  

Unlike hyperspectral sensors, multispectral sensors using typical RGB or monochrome 

camera with customized, selected band filters are cheaper and are more widely used in plant 

phenotyping research. However, the band filters typically have a broader wavelength resolution 

than hyperspectral sensors. To test whether our feature selection method can be used to guide the 

design of spectral filters, a method was developed to enforce a minimum bandwidth distance 

between the selected features. 

 

2.6.5 Plot of confusion matrix 

The spectral data with all bands and with only the top 10 selected wavelengths for all five 

classes were split into 80% training and 20% testing subsets. The models were trained using the 

training datasets with all bands and with the top 10 selected wavelengths. Confusion matrixes with 

and without normalization were plotted using the trained models on the testing datasets. 
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2.6.6 Statistical analysis 

A stratified 10-fold cross-validation repeated in three times was used for each classification 

model. A one-way ANOVA test was conducted to compare the different classification models 

using different machine learning classifiers and different feature selection methods, respectively. 

If the ANOVA tests were significant, the mean separation was then performed using the Tukey 

honest significant difference (HSD) test with an α level of 0.05. 

 

3 Results 

3.1 Spectral reflectance curves 

The average spectral reflectance of peanut leaves from different categories were first 

compared using one-way ANOVA test by each spectral region including ultraviolet (UV, 240 to 

400 nm), visible (VIS, 400 to 700 nm), and near-infrared (NIR, 700 to 900 nm) regions. In the UV 

region, ‘Mild’ had the greatest reflectance, followed by ‘Severe’ and ‘Lesion only’, while 

‘Healthy’ and ‘Presymptomatic’ had the lowest reflectance (P < 0.0001) (Fig. 2B). In the VIS 

region, with the exception for ‘Presymptomatic’ overlapping with ‘Mild’, there was a gradient 

increase of reflectance from ‘Healthy’ to ‘Severe’ (P < 0.0001) (Fig. 2C). In the NIR) region, the 

‘Severe’ had the greatest reflectance, followed by ‘Mild’ and ‘Presymptomatic’, while the ‘Lesion 

only’ and ‘Healthy’ had the lowest reflectance (P < 0.0001) (Fig. 2D). The spectral reflectance 

curves in the NIR regions were noisier compared with the ones in the UV and VIS regions (Fig. 

2).  
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3.2 Classification analysis 

To determine the best classifiers for downstream analysis, we compared the performance 

of nine machine learning methods for the classification of models with different input classes. The 

classification models were divided into three different classification problems including two 

classes (‘Healthy’ and ‘Severe’), three classes (‘Healthy’ and ‘Mild’ and ‘Severe’), and five classes 

(‘Healthy’ and ‘Presymptomatic’ and ‘Lesion only’ and ‘Mild’ and ‘Severe’). Overall, there was 

a decrease in accuracy when the number of input classes increased (Fig. 3). Specifically, all 

machine learning methods had >90% overall accuracy except the LDA classifier for the two-class 

classification (P<0.0001). For three-class classification, KNN, RF, SVML, GBoost, and XGBoost 

had greater accuracy compared with NB, LDA, MLPNN, and SVMR (P<0.0001), and the average 

accuracy for all methods was approximately 80%. For the five-class classification, RF, SVML, 

GBoost, and XGBoost performed better than the rest of the classifiers (P<0.0001) (Fig. 3), and the 

accuracy for the best classifier was around 60%. The computational time of RF and SVML were 

also faster than GBoost and XGBoost when performing the classification using a central 

processing unit (CPU) (Model: E5-2683v4, 2.1 GHz, Intel, Santa Clara, CA). Based on these 

results, RF and SVML were selected for further analysis.  

 

3.3 Feature weights calculated by different methods 

Different machine learning methods determine the important features using different types 

of algorithms to decide “weights” of each feature. For example, feature scores were calculated for 

each wavelength using Chi-square test method. The feature scores had similar shapes for models 

with different input classes (2 classes, 3 classes, and 5 classes, Fig. 4A). In general, higher scores 

were found in the VIS region compared with UV and NIR regions using the Chi-square test. 
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Features from the regions of 590 to 640 nm all had similar scores. In contrast, random forest 

method calculated feature “weights” using feature importance values.  Similar to the Chi-square 

test, greater importance values were assigned to the VIS region than UV and NIR regions for the 

RF method (Fig. 4B). Unlike the Chi-square test, the peaks of importance values mostly occurred 

in two regions in the VIS region including 480 to 540 nm and 570 to 700 nm. In addition, two 

peaks were found on two wavelengths in the NIR regions including 830 and 884 nm for the three-

class and five-class model, but not for the two-class model (Fig. 4B). For peaks in the RF, feature 

importance scores were not continuous as was the case in the Chi-square curve. Instead, they were 

discrete peaks in the feature importance scores and two high peaks were usually separated by 

wavelengths with lower importance scores. Finally, for the SVML method, the weights of each 

feature were calculated by averaging the absolute values of coefficients of multiple classes. 

Generally, peaks occurred in all three regions including UV, VIS, and NIR (Fig. 4C). In contrast 

to Chi-square and RF methods, greater weights were assigned to wavelengths in the NIR regions 

for the SVML method (Fig. 4). Interestingly, for the two-class classification, the weights were 

much lower than those from the three- and five-class classifications. We also noticed that the 

absolute values of these “features weights” were not comparable between different approaches, 

which is expected.  

 

3.4 Dimension reduction and feature selection analysis 

To understand the performance of different machine learning methods and the differences 

in the feature selection process, we performed PCA analysis for the dimension reduction of the 

spectral data from all five classes. In the PCA plot of the first two components, ‘Healthy’ (green) 

and ‘Severe’ (purple) samples can be easily separated by a straight line. ‘Healthy’ and 
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‘Presymptomatic’ were overlapping but some ‘Presymptomatic’ samples appeared in a region 

(PCA2 > 60) that had few samples from other classes. The ‘Lesion-only’ category overlapped with 

all other categories with a higher degree of overlapping with healthy and mild samples. In 

comparison, ‘Mild’ samples overlapped with all other categories, but had a high degree of overlap 

with ‘Severe’ samples compared to other categories. The first component explained near 60% 

variance, while the second component accounted for > 20% variance of the data. Overall, the top 

3 components explained > 90% of the variance, and the top 10 components explained >99% 

variance (Fig. S2).  

To check whether unsupervised dimension reduction can be directly used as a way to select 

feature and perform classification, we tested the classifiers using the top 10 components or 

wavelengths for the five-class model (H-P-L-M-S). Feature selections were performed using Chi-

square test, selection from model for random forest and SVM, and recursive feature selection for 

random forest and SVM. Top 10 PCA were also used as input features. Two classifiers including 

RF and SVML were used as classification methods for these selected features and the resulting 

accuracy was compared to all features without any selection. Regardless of classifiers, the top 10 

components from the PCA analysis and top 10 wavelengths selected by the RFE-RF and RFE-

SVML method performed as well as using all bands for the five-class classification in terms of 

testing accuracy (P>0.05), suggesting that using a few features does not reduce the model 

performance. RFE methods with either RF or SVML as classifiers performed better than the 

univariate feature selection (SelectKBest using the Chi-square test) and the two SFM methods 

(P<0.0001) (Fig. 5A). Interestingly, features selected using RFE performed similarly regardless of 

the classification method used. For example, REF-RF features had similar accuracy when tested 

using SVM classifier and vice versa.  
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3.5 Feature selection with a custom minimum distance 

The spectral reflectance of wavelengths close to each other was highly correlated. It holds 

true, especially for wavelengths within each region for UV, VIS and NIR regions. Wavelengths 

from different regions were less correlated with each other (Fig. S3). The top wavelengths selected 

by some methods were neighboring or close to each other (Table 1a). The performance of the 

accuracies for 5-class classification was compared between top features with and without 

customized minimum distance. The top 10 features with and without a minimum distance of 20 

nm from each of the five feature selection methods were used as input data for the five-class 

classification. Two classifiers including RF and SVML were tested. Regardless of classifiers, the 

top 10 features with a minimum distance of 20 nm performed better than the original top 10 

features selected by Chi-square and two SFM methods (P < 0.05, Fig. 5B). The top 10 features 

with a minimum distance of 20 nm performed better than the original top 10 features in six out of 

ten methods compared (P<0.05) (Fig. 6). In the other four methods, the top 10 features with 

minimum distance performed the same as the original top 10 features, suggesting that using a 

minimum distance filtering does not decrease the model performance (see discussion). 

 

3.6 Selected wavelengths and classification accuracy for 5 classes 

The top 10 wavelengths selected by Chi-square methods were limited to two narrow 

spectral regions (694 to 706 nm and 586 to 611 nm) (Table 1). The top four selected wavelengths 

were all within the narrow 694 to 706 nm range. Additional 20 nm limits helped to increase the 

diversity of the spectra selected, such as adding 632 nm, 573 nm, and 527 nm in the top five 

selected features. However, no wavelengths were selected below 500 nm or above 720 nm with 
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the Chi-square method. Without 20 nm limits and using random forest, 5 out of the top 10 features 

were identical between the two feature selection methods.  In contrast, using SVM, only 3 out of 

the top 10 features were identical between two feature selection methods. Regardless of the 

machine learning method, one wavelength, 884 nm was selected as an important feature in four 

method combinations (Table 1A). Among the rest of the features, 505 nm was selected by three 

methods, and 501, 690, 686, 694, and 763 nm were selected by two methods. There were more 

common wavelengths selected by different machine learning methods (six wavelengths) than 

between machine learning and Chi-square methods (one wavelength).  

By including a 20 nm limits, three machine learning methods had the same top three 

wavelengths and one machine learning method had the same top two features whereas the Chi-

square method only had one top feature  (698 nm) remain the same because the original top four 

features were all within a narrow bandwidth. Regardless of the type of machine learning method 

used, 884 nm was consistently an important feature. Another important feature was 496 to 505 nm, 

which was selected by three methods. If additional wavelengths can be included, other candidate 

ranges include bands of 242 to 300 nm, 620 to 690 nm, 731 to 779 nm, or 807 to 826 nm. 

Regardless of using all bands or the top 10 selected wavelengths by RFE-SVML, the classification 

accuracy was low to medium for ‘Presymptomatic’ and ‘Mild’ (42 to 69%), medium for ‘Lesion 

only’ (~70%), medium to high for ‘Healthy’ (76 to 86%), and high for ‘Severe’ (89 to 94%) (Fig. 

7). The overall classification accuracy was 73.8% using all bands and 69.0% with the top 10 

selected wavelengths. 
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4. Discussion 

In this study, one feature extraction method (PCA) and five feature selection methods in 

the scikit-learn library were compared to identify the most important wavelengths for the 

discrimination of healthy and diseased peanut plants infected with A. rolfsii under controlled 

conditions. A new method was also developed to select the top-ranked wavelengths with a custom 

distance. Distanced wavelengths may make the most of the wide spectral range covered by 

hyperspectral sensors and facilitate the design of multispectral camera filters to be deployed for 

the detection of peanut stem rot in the field. 

Multiple feature selection methods or an ensemble of multiple methods are recommended 

to be applied to hyperspectral data because wavelengths selected are affected by the feature 

selection methods used (Chan et al. 2008; Hennessy et al. 2020). Interestingly, SFM and RFE 

selected similar wavelengths with slightly different rankings using the RF estimator, but selected 

different wavelengths using the SVML estimator. Overall, the Chi-square method tended to select 

adjacent wavelengths from relatively narrow spectral areas, while RFE methods with either a 

SVML or RF estimator selected wavelengths spreading over different spectra regions. These 

machine learning-based methods are preferred because of the multicollinearity in hyperspectral 

data, especially among wavelengths in narrow spectral regions. 

Several wavelengths were repeatedly selected as top features by different feature selection 

methods including ones in VIS region (501 and 505 nm), Red-edge region (686, 690, and 694 nm), 

and NIR region (884 nm). Reflectance at 500 nm is dependent on combined absorption of 

chlorophyll a, chlorophyll b, and carotenoids, while reflectance around 680 nm is solely controlled 

by chlorophyll a (Gitelson and Merzlyak 1996; Merzlyak et al. 1999). Reflectance at 885 nm is 

reported to be sensitive to total chlorophyll, biomass, leaf area index, and protein (Thenkabail et 
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al. 2004). Peanut plants infected with A. rolfsii exhibit necrotic lesions on the stems and 

discoloration and wilting of foliage, thus as the disease progresses, the concentration of chlorophyll 

and carotenoid contents in the leaves may be altered. 

Interestingly, two similar wavelengths with this study (503 and 881 nm) combined with 

four unique wavelengths (545, 566, 608, and 860 nm) were used to detect drought stress in wheat 

(Moshou et al. 2014). Wilting of the foliage is a common symptom of peanut plants infected with 

A. rolfsii and plants under drought stress (Balota and Oakes et al. 2017; Luis et al. 2016). However, 

compared to the wilting of the entire plant caused by drought, the typical foliar symptom of peanut 

plants during the early stage of infection with A. rolfsii is the wilting of an individual lateral branch 

or main stem (Backman and Brenneman 1997). In addition, the wilting of plants infected with A. 

rolfsii is believed to be caused by the oxalic acid produced during pathogenesis (Higgins 1927; 

Bateman and Beer 1965). Further studies should examine the capability of both the common and 

unique wavelengths identified in this study and Moshou et al. (2014) to distinguish between peanut 

plants under drought stress and plants infected with soilborne pathogens including A. rolfsii. 

Pathogen biology and disease physiology should be taken into consideration for plant 

disease detection and differentiation using remote sensing (Gold et al. 2020a; Mahlein et al. 2013), 

which holds true also for band selection. Compared to the infection of foliar pathogens that have 

direct interaction with plant leaves, infection of soilborne pathogens typically will first damage the 

root or vascular systems of plants before inducing any foliar symptoms. This may explain why the 

wavelengths identified in this study for stem rot detection were different from ones reported 

previously for the detection of foliar diseases in various crops or trees (Conrad et al. 2020; Gold 

et al. 2020a, b, c; Heim et al. 2018; Mahlein et al. 2013; Zhu et al. 2017). Previously, charcoal rot 

disease in soybean was detected using hyperspectral imaging, and the authors selected 475, 548, 
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652, 516, 720, and 915 nm using genetic algorithm and SVM (Nagasubramanian et al. 2018). Stem 

tissues via a destructive sampling method were used in the previous report, while reflectance of 

leaves was measured using a handheld hyperspectral sensor in a nondestructive manner in this 

study.  

Regardless of using all bands or the top 10 ranked wavelengths, the predicted accuracy for 

the classification of diseased peanut plants was low to medium for ‘Presymptomatic’ and ‘Mild’ 

classes. The five classes were categorized solely based on the visual inspection of the disease 

symptoms. It was not known if the infection occurred or not for inoculated plants in the 

‘Presymptomatic’ class. The drooping of terminal leaves, the first foliar symptom observed, was 

found to be reversible and a potential response to heat stress (Wei et al. 2021). Plants with this 

reversible drooping symptom were included in the ‘Mild’ class, which may explain in part the low 

accuracy for this class. Future studies aiming to detect plant diseases during early infection may 

incorporate some qualitative or quantitative assessments of disease development using microscopy 

or quantitative polymerase chain reaction (qPCR) combined with hyperspectral measurements. 

 

5. Conclusions 

Accurate and efficient diagnosis of plant diseases and their causal pathogens are the critical 

first step to develop effective management strategies. In addition to the developed molecular and 

developing chemical diagnostic tools, advancements of hyperspectral sensors combined with 

machine learning analysis will enrich the toolbox for plant disease detection and integrated pest 

management (Bock et al. 2020; Mahlein 2016; Mahlein et al. 2018; Silva et al. 2021). This study 

demonstrates the selection of optimal wavelengths using multiple feature selection methods in the 

scikit-learn machine learning library to detect peanut plants infected with A. rolfsii at various 



 

82 

 

stages of disease development. The wavelengths identified in this study may have application for 

stem rot detection in peanut fields, and the methodology presented here can be adapted for 

soilborne disease detection in different plant systems. 
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List of figures and tables 

Table 1. The original top 10 features (a) and the top 10 features with a custom minimum distance 

of 20 nm (b) selected by different feature selection methods from the scikit-learn machine-learning 

library in python. Wavelengths selected repeatedly by different methods were highlighted in 

different colors (Purple = Ultraviolet region; Green = Green region; Red = Red or Red-edge region; 

Grey = Near-infrared region). 

Rank\Methods 
Selected wavelengths (nm) 

Chi-square SFM_RF SFM_SVML RFE_RF RFE_SVML 

(a) Originally selected features 

1 698 496 884 501 505 

2 702 884 759 884 396 

3 706 665 807 505 302 

4 694 501 767 274 391 

5 595 690 743 620 261 

6 590 686 838 735 653 

7 599 826 763 247 514 

8 603 505 850 686 884 

9 586 628 694 645 763 

10 611 492 803 690 830 

(b) Features with a custom minimum distance 

1 698 496 884 501 505 

2 595 884 759 884 396 

3 632 665 807 274 302 

4 573 690 838 620 261 

5 527 826 694 735 653 

6 552 628 649 247 884 

7 657 242 242 686 763 

8 719 518 731 645 830 

9 505 607 674 779 431 

10 678 274 586 826 624 

Notes: Chi-square = SelectKBest (estimator = Chi-square); SFM_RF = SelectFromModel 

(estimator = random forest); SFM_SVML = SelectFromModel (estimator = support vector 

machine with the linear kernel); RFE_RF = Recursive feature elimination (estimator = random 

forest); RFE_SVML = Recursive feature elimination (estimator = support vector machine with the 

linear kernel).  
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Fig. 1. A. Spectral reflectance measurement of peanut leaves with the Jaz spectrometer system: 

(1) individual potted peanut plant; (2) SpectroClip probe; (3) Jaz spectrometer. B. Data analysis 

pipeline for the wavelength selection to classify healthy peanut plants and plants infected with 

Athelia rolfsii at different stages of disease development. ML = machine learning; WL = 

wavelengths.  
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Fig. 2. Spectral profiles of healthy and peanut plants infected with Athelia rolfsii at different stages 

of disease development. A. Entire spectral region (240 to 900 nm); B. Ultraviolet region (240 to 

400 nm); C. Visible region (400 to 700 nm). D. Near-infrared region (700 to 900 nm).   
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Fig. 3. Comparison of the performance of nine machine learning methods to classify the mock-

inoculated healthy peanut plants and plants inoculated with Athelia rolfsii at different stages of 

disease development. Peanut plants from the greenhouse study were categorized based on visual 

symptomology: H = ‘Healthy’, mock-inoculated control with no symptoms; P = ‘Presymptomatic’, 

inoculated with no symptoms; L = ‘Lesion only’, inoculated with necrotic lesions on stems only; 

M = ‘Mild’, inoculated with mild foliar wilting symptoms (≤ 50% leaves symptomatic); S = 

‘Severe’, inoculated with severe foliar wilting symptoms (> 50% leaves symptomatic). Machine 

learning methods tested: NB = Gaussian Naïve Bayes; KNN = K-nearest neighbors; LDA = Linear 

discriminant analysis; MLPNN = Multi-layer perceptron neural network; RF = Random forests 

SVML = Support vector machine with linear kernel; SVMR = Support vector machine with radial 

kernel; GBoost = gradient boosting; XGBoost = extreme gradient boosting. Bars with different 

letters were statistically different using Tukey honestly significant difference (HSD) test with α 

level of 0.05. Error bars indicate standard deviation of accuracy using stratified 10-fold cross-

validation repeated three times.   
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Fig. 4. The weights of each feature/wavelength calculated by three different machine learning 

algorithms for the classification of models with varying classes of input. A. the Chi-square method; 

B. Random forest; C. Support vector machine with a linear kernel. H = ‘Healthy’, mock-inoculated 

control with no symptoms; P = ‘Presymptomatic’, inoculated with no symptoms; L = ‘Lesion 

only’, inoculated with necrotic lesions on stems only; M = ‘Mild’, inoculated with mild foliar 

wilting symptoms (≤ 50% leaves symptomatic); S = ‘Severe’, inoculated with severe foliar wilting 

symptoms (> 50% leaves symptomatic).  
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Fig. 5. Comparison of the performance of original top 10 selected wavelengths (A) and top 10 

features with a minimum of 20 nm distance (B) by different feature selection methods to classify 

the mock-inoculated healthy peanut plants and plants inoculated with Athelia rolfsii at different 

stages of disease development (input data = all five classes).  Feature selection methods tested: 

Chi2 = SelectKBest (estimator = Chi-square); SFM-RF = SelectFromModel (estimator = random 

forest); SFM-SVML = SelectFromModel (estimator = support vector machine with linear kernel); 
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RFE-RF = Recursive feature elimination (estimator = random forest); RFE-SVML = Recursive 

feature elimination (estimator = support vector machine with linear kernel). The top 10 

components were used as input data for the principal component analysis (PCA) method. The two 

classifiers tested: RF = random forest; SVML = support vector machine with the linear kernel. 

Bars with different letters were statistically different using Tukey honestly significant difference 

(HSD) test with an α level of 0.05. Error bars indicate standard deviation of accuracy using 

stratified 10-fold cross-validation repeated three times.   
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Fig. 6. Comparison of top 10 selected wavelengths (WLs) with top 10 WLs with a minimum 20 

nm distance between each feature. Five features selection methods were tested, including Chi2 = 

SelectKBest (estimator = Chi-square); SFM-RF = SelectFromModel (estimator = random forest); 

SFM-SVML = SelectFromModel (estimator = support vector machine with linear kernel); RFE-

RF = Recursive feature elimination (estimator = random forest); RFE-SVML = Recursive feature 

elimination (estimator = support vector machine with linear kernel). Each feature selection were 

tested using two classifiers, RF = random forest and SVML = support vector machine with the 

linear kernel. Bars with different letters were statistically different using Tukey honestly 

significant difference (HSD) test with an α level of 0.05. Error bars indicate standard deviation of 

accuracy using stratified 10-fold cross-validation repeated three times. 
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Fig. 7. Confusion matrix for using all wavelengths (A) and the selected top 10 wavelengths (B) to 

classify mock-inoculated healthy peanut plants and plants inoculated with Athelia rolfsii at 

different stages of disease development. Feature selection method = recursive feature elimination 

with an estimator of support vector machine the linear kernel (RFE-SVML); Classifier = SVML.  



 

100 

 

 

Fig. S1. The top two principal components of spectra collected from the mock-inoculated healthy 

peanut plants and plants inoculated with Athelia rolfsii at different stages of disease development. 

H = ‘Healthy’, mock-inoculated control with no symptoms; P = ‘Presymptomatic’, inoculated with 

no symptoms; L = ‘Lesion only’, inoculated with necrotic lesions on stems only; M = ‘Mild’, 

inoculated with mild foliar wilting symptoms (≤ 50% leaves symptomatic); S = ‘Severe’, 

inoculated with severe foliar wilting symptoms (> 50% leaves symptomatic).  
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Fig. S2. The individual and cumulative explained variance for the top 10 principal components for 

the classification of the mock-inoculated healthy peanut plants and plants inoculated with Athelia 

rolfsii at different stages of disease development.  
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Fig. S3. Correlation heatmap of a subset of wavelengths in the spectra collected from the mock-

inoculated healthy peanut plants and plants inoculated with Athelia rolfsii at different stages of 

disease development.  
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Abstract 

Soilborne plant diseases are a major constraint to crop production worldwide. Effective and 

economical management of these diseases is dependent on the ability to accurately detect and 

diagnose their signs and/or symptoms prior to widespread development in a crop. Sensor-based 

technologies are promising tools for automated crop disease detection, but research is still needed 

to optimize and validate methods for the detection of specific plant diseases. The overarching goal 

of our research is to use the peanut-stem rot plant disease system to identify and evaluate sensor-

based technologies that can be utilized for the detection of soilborne plant diseases. Here we 

summarize the current state of sensor-based technologies for plant disease detection and provide 

examples from our own research that illustrate the advantages and limitations of different sensor-

based methods for detecting soilborne diseases. In addition, the potential to adapt different sensor-

based technologies to practical use in the field is discussed.  

 

Introduction 

Soilborne plant pathogens, which cause seedling, vascular, and root rot diseases, are 

detrimental to global food production (Katan 2017; Oerke 2006). These diverse pathogens, which 

include fungi, oomycetes, bacteria, viruses, and nematodes, share a common feature of spending 

at least part of their life cycle in the soil (Bruehl 1987; Katan 2017). Management of soilborne 

pathogens is challenging because the inoculum can survive in the soil without the crop host for 

long periods of time. In addition, these pathogens typically have a broad host range (Divya Rani 

and Sudini 2013), and it is laborious and time-consuming to manually detect and identify specific 

diseases in the field. Inexpensive and reliable disease detection, identification, and quantification 

are needed to optimize disease control strategies, help growers make management decision, and 
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maximize net profits (Bock et al. 2010; Nutter 1990; Nutter et al. 1991; Nutter et al. 1993). Sensor 

technologies are a promising tool for automated plant disease detection, identification, and 

quantification, and this is a rapidly expanding area of research (Mahlein 2016; Nutter 1990; Oerke 

2020).  

Sensors that can potentially be used for plant disease identification fall into two general 

categories: optical and non-optical (Fig. 1) (Oerke et al. 2014). Various types of optical sensors 

have been used for plant disease detection. These include RGB, multi- and hyperspectral 

reflectance, thermal, fluorescence, and light detection and ranging (LiDAR) sensors (Mahlein 

2016; Oerke 2020). Among these sensors, spectral reflectance and infrared thermography (IRT) 

are of particular interest in plant disease detection and plant phenotyping because they can be 

utilized with ground-based, airborne, and satellite-based platforms (Mahlein 2016; Oerke et al. 

2014). Among the non-optical type sensors, those that can detect volatile organic compounds 

(VOCs) emitted by the plant and/or pathogen during disease development have been utilized the 

most for plant disease detection. These include but are not limited to VOC trapping devices 

coupled with gas chromatography-mass spectrometry (GC-MS), electronic noses (e-nose), and 

other novel VOC sensors (Fig. 1) (Li et al. 2019; Oerke 2020). Though there has recently been an 

exponential increase in research aimed at utilizing various sensor technologies for plant disease 

detection, additional studies and technological improvements aimed at identifying and detecting 

disease-specific signatures are needed before they can be used as a practical tool for in-field plant 

disease detection and site-specific management. 

The sensitivity and specificity of sensor-based methods, which highly depend on spatial 

resolution, are critical to detect and identify plant diseases caused by microorganisms (Oerke et al. 

2014). The spatial resolution, referring to the minimum size of a pixel in image-based optical 
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sensors, relies on the distance between the sensor and the object (Mahlein 2016; Oerke et al. 2014). 

Proximal sensing platforms are suitable for disease detection at leaf and plant scale, while remote 

sensing with airborne platforms is useful for detecting soilborne disease patches in the field or in 

later stages of disease epidemics (Hillnhütter et al. 2011; Mahlein et al. 2012; Nutter et al. 2010; 

Oerke et al. 2014). In addition to spatial resolution, Hillnhütter and Mahlein (2008) suggested 

spectral resolution and temporal factors are also essential for detecting small areas in a field, a 

critical capacity during the early stage of disease development. 

Currently, one of the major limitations to using sensors for plant disease detection is the 

lack of an efficient method to analyze and interpret the great amount of complex data generated 

with sensor measurements (Mahlein 2016; Moran et al. 1997). Machine learning algorithms are a 

very promising approach that can be used to collate and statistically evaluate large amounts of 

sensor data more efficiently and without explicit programing (Samuel 1959; Singh et al. 2016). 

Along with sensor technologies, machine learning approaches have been increasingly applied in 

precision crop management for yield prediction and detection of abiotic and biotic stresses like 

pest insects, diseases, and weeds (Liakos et al. 2018; Mahlein et al. 2018). Machine learning 

algorithms are capable of generalizing trends or patterns from large amounts of data efficiently 

(Singh et al. 2016), which is essential for timely application of crop management practices based 

on sensor technologies. 

 

Exploring sensor-based methods to detect stem rot of peanut 

Stem rot, caused by Athelia rolfsii (anamorph Sclerotium rolfsii), is one of the most 

economically important soilborne diseases of peanut (Arachis hypogaea L., also known as 

groundnut) worldwide. Yield loss caused by this disease is typically less than 25% but can be up 
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to 80% under conditions favorable to A. rolfsii, which include warm to hot temperatures (27 to 30 

ºC) and high relative humidity (> 90%) (Backman and Brenneman 1997; Punja 1985). The initial 

symptoms exhibited by peanut plants infected with A. rolfsii are water-soaked necrotic lesions on 

stems, roots, pegs, or pods, while the foliar symptoms include wilting of a single lateral branch, 

the main stem, or the entire plant (Fig. 2) (Backman and Brenneman 1997). Signs of the pathogen 

include white appressed mycelium and brown round sclerotia, which are usually found at or near 

the soil line on and around the affected plant parts (Fig. 2).  

Foliar applied fungicides are used for management of stem rot, but they are most effective 

when applied prior to or during the early stages of infection. As with other soilborne crop diseases, 

scouting via visual inspection is frequently used to detect signs and symptoms of the disease and 

make management decisions. However, with the expansion of data-based, site-specific crop 

management, there is a need and demand for automated sensor-based plant disease detection. 

Using the peanut-stem rot plant disease system, the overarching goals of our research are to 1) 

identify and evaluate multiple sensor-based technologies that can be utilized for detection of 

soilborne plant diseases and 2) explore the benefits and limitations of each, including their relative 

sensitivity and specificity as well as potential to be adapted to field use. 

 

Spectral signatures of peanut plants infected with A. rolfsii 

Greenhouse experiments were conducted at the Virginia Tech Tidewater Agricultural 

Research and Extension Center (AREC) in Suffolk, VA, to identify responses of peanut to 

infection with A. rolfsii under controlled conditions (Wei et al. 2019, 2020, and 2021).  

Approximately 70-day-old ‘Sullivan’ peanut plants were either inoculated with A. rolfsii or mock-

inoculated via a clothespin technique adapted from Shokes et al. (1996). Briefly, clothespins 
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colonized with A. rolfsii were clamped on lateral stems of peanut plants (Fig. 3A). Non-colonized 

clothespins were clamped on mock-inoculated control stems. In each experiment, inoculated 

lateral stems were compared to mock-inoculated controls. Following inoculation, plants were 

placed inside a moisture chamber to facilitate pathogen infection and disease development. 

Starting 2 days after inoculation, plants were inspected daily for visual disease symptoms. The 

rating scale of disease severity was adapted from Shokes et al. (1996), where 1 = healthy without 

any disease symptoms, 2 = necrotic lesions on the inoculated stems only, 3 = up to 50% leaves on 

the inoculated stems symptomatic (discoloration, prevalent veins, and wilting), 4 = more than 50% 

leaves symptomatic, and 5 = withering of whole inoculated stems. Inside the greenhouse, plants 

were placed outside the moisture chamber during daily measurement, and moved back to the 

moisture chamber after the measurement was completed.  

Spectral reflectance of a designated leaflet on the second youngest leaf on the treated lateral 

stem was measured daily by a Spectroclip-R probe with a handheld Jaz spectrometer (Fig. 3B), 

and a machine learning approach was used to analyze the resulting data and identify stem rot-

associated spectral signatures. A total of 252 spectra were selected from the greenhouse 

experiments and assigned into three classes based on disease severity ratings: healthy (scale =1), 

mildly symptomatic (scale >2 but <4), or severely diseased (scale ≥ 4) based on visual 

symptomology. Spectral data were analyzed using the R statistical platform with methods adapted 

from Heim et al. (2018). Extreme ends of spectra were deleted due to noisy signals, and outlying 

spectra were removed using depth measures (Febrero-Bande and Oviedo de la Fuente 2012). First-

order derivatives (FOD) of each spectrum were also calculated to minimize random noise thus 

improve classification quality (Demetriades-Shah et al. 1990). The random forest algorithm was 

used for both the classification and feature selection of important wavelengths (Breiman 2001; 
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Genuer et al. 2015; Kuhn et al. 2017). The spectral dataset was randomly split 80:20 into training 

and testing subsets. The training data were used to train a random forest classifier to learn patterns 

to distinguish between healthy and diseased plants and the testing data were used to evaluate how 

correctly can the trained model classify “unknown” spectra as coming from healthy versus 

diseased plants.  

Overall, leaves of peanut plants infected with A. rolfsii exhibited greater reflectance 

compared to non-infected healthy plants in both visible (VIS) and near-infrared (NIR) regions 

(Fig. 4), suggesting that infection of peanut stems with A. rolfsii  results in alteration of pigment 

concentrations and cell structure of the peanut leaves. Using a machine learning algorithm, it was 

possible to distinguish healthy, non-infected peanut plants from symptomatic A. rolfsii-infected 

plants with an overall accuracy (OA) greater than 80% (Table 1). Most wavelengths selected by 

the random forest algorithm as indicative of plant health were from the VIS region (Fig. 4), which 

agreed with the three visual observation classes of foliar symptoms ‘healthy’, ‘mild’, and ‘severe’. 

Additional studies are needed to determine if these wavelengths represent disease-specific 

signatures of A. rolfsii infection in peanuts.  

 

Thermal response of peanut infected with A. rolfsii 

Thermal responses of peanut plants in the greenhouse experiments described above were 

measured using a Forward-Looking Infrared (FLIR) Camera at ~ 183 cm above the ground inside 

the greenhouse. When taking thermal images, plants were placed on a wood board covered with a 

white needled cotton batting to provide a uniform thermal background (Fig. 3C). Soil in each 

plastic pot was also covered with the white cotton batting. Thermal images were taken daily 
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following inoculation with A. rolfsii to measure changes in canopy temperature as the disease 

developed over time.  

Leaflets on the A. rolfsii-inoculated stems had higher temperatures than leaflets on the 

mock-inoculated and untreated stems at 8 and 12 days after inoculation (Fig. 5B, C). The higher 

leaf temperature in A. rolfsii-infected plants might be due to the reduced water supply to the leaves 

and reduced evapotranspiration cooling due to fungal colonization of the vascular system of 

inoculated stems (Nutter 1990; Tu and Tan 1985). Detection of temperature differences between 

inoculated and non-inoculated peanut stems coincided with the observation of drooping of the 

terminal leaves on the inoculated stems. However, temperature differences between inoculated and 

non-inoculated stems were not consistent across all evaluation dates due to variability in 

environmental conditions during sensor measurements (Wei et al. 2021). 

 

Volatile compounds emitted by A. rolfsii infected peanut plants 

Peanut plants were inoculated in the greenhouse in order to identify VOCs released during 

early infection of peanut with A. rolfsii. Volatiles were collected from mock-inoculated control 

plants and plants that were inoculated with A. rolfsii 4 and 8 days prior to volatile collection. To 

inoculate/mock-inoculate peanut plants, 15-cm-diam. plugs of 3 day-old inoculated and non-

inoculated agar pieces were placed on the base of the main stem of each plant. Each plant was 

enclosed in an oven cooking bag and tied shut with a string under the inoculation site to concentrate 

the emitted volatiles. VOCs were collected for 24 hours from the headspace of each plant using 

small pumps that pull volatiles on a charcoal trap (Fig. 3D). VOCs were then eluted from the traps 

with dichloromethane and analyzed by gas chromatography-mass spectrometry (GC-MS). 
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Emissions of compounds including hexenyl acetate, monoterpenes, the C16 homoterpene 

TMTT ((E,E)‐4,8,12‐trimethyltrideca‐1,3,7,11‐tetraene) and especially the C11 homoterpene 

DMNT ((E)‐4,8‐dimethyl‐1,3,7‐nonatriene) were elevated in A. rolfsii‐infected plants 8 days after 

inoculation (Fig. 6). DMNT and TMTT are common VOCs that are released by angiosperms in 

response to herbivory and pathogen infection (Attaran et al. 2008; Tholl et al. 2011). DMNT has 

been previously reported as the predominant compound emitted from peanut plants infected with 

A. rolfsii. The homoterpene also occurs in volatile blends released from peanut damaged by the 

beet armyworm (Spodoptera exigua), and in response to a combination of both pathogen and 

herbivore attack (Cardoza et al. 2002). However, insect damage causes a substantial emission of 

several other compounds besides DMNT, which distinguishes this volatile blend from that induced 

only by fungal infection (Cardoza et al. 2002).  

 

Advantages and limitations of different sensor-based methods for detection of soilborne 

diseases 

Here, we define the sensitivity of a sensor-based method for plant disease detection as 

being indicative of how early the method can detect the pathogen infection and disease 

development. A highly sensitive method can detect initial pathogen infection prior to visible 

disease symptoms. Medium sensitivity detects the disease when symptoms just become visible. 

Low sensitivity methods can only detect the disease when severe symptoms have developed. We 

define the specificity of a sensor-based method for plant disease detection as how accurately the 

method can identify a specific pathogen infection and subsequent disease development. High 

specificity methods can identify a specific disease with an accuracy greater than 80%. Low 

specificity indicates the method can distinguish healthy plants and plants under stress, but cannot 
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determine whether plants are under abiotic or biotic stress. Methods with medium specificity fall 

in between the above two. 

In our studies, we conducted a preliminary evaluation of three sensor-based methods for 

the detection of stem rot of peanut. With all three methods, it was possible to detect responses of 

peanut plants to infection with A. rolfsii, but the sensitivity and specificity of the sensor 

measurements varied. Spectral reflectance differed between A. rolfsii-infected and non-infected 

peanut plants, and spectral signatures identified through machine learning algorithms were able to 

distinguish non-infected peanut plants from those with severe stem rot symptoms. However, the 

algorithm was less accurate for distinguishing non-infected plants from those with mild symptoms. 

Thus, the ability of spectral reflectance to accurately detect stem rot during the early stages of 

disease development is questionable. Foliar diseases (e.g., powdery mildew, rust, and leaf spots) 

typically have disease-specific symptoms, while symptoms of soilborne diseases might be 

confounded with abiotic stress such as drought and heat stresses. Nevertheless, hyperspectral 

sensors have demonstrated the potential to detect diseased plants before visible symptoms 

developed in several other plant disease systems (Arens et al. 2016; Gold et al. 2020b; Zarco-

Tejada et al. 2018) and to distinguish different diseases in various crops (Gold et al. 2020a; 

Hillnhütter et al. 2011; Mahlein et al. 2013). Thus, overall spectral sensors were rated with a 

‘medium’ sensitivity and ‘high’ specificity in the potential of identifying soilborne diseases (Table 

2).  

Thermal responses of peanut to the infection of A. rolfsii were detected when foliar 

symptoms became visible, but these thermal responses were not consistent across all the evaluation 

dates and were highly influenced by environmental conditions such as air temperature, humidity, 

and solar radiation (Wei et al. 2021). These results agree with previous studies which suggest that 



 

113 

 

thermal sensors are highly sensitive in detecting the leaf temperature changes due to changes in 

plant transpiration rate and water status caused by abiotic and biotic stresses (Chaerle and van der 

Straeten 2000; Oerke and Steiner 2010; Oerke et al. 2014). However, the potential of using thermal 

sensors to identify a specific plant disease is limited because plants under different stresses may 

alter the plant physiology similarly (Nutter et al. 2010), and thermal sensors are highly sensitive 

to environmental conditions (Oerke et al. 2014). Thus, thermal sensors were rated with a ‘medium 

to high’ sensitivity and ‘low’ specificity in the potential of identifying soilborne diseases (Table 

2). 

Results in previous studies and ours showed that VOCs could be detected from the 

pathogen itself (Fravel et al. 2002) and plants during the pathogenesis of pathogen infection 

(Cardoza et al. 2002). The VOCs collected in A. rolfsii-infected peanut plants were reported in 

peanut plants under other biotic stresses (Cardoza et al. 2002; Fravel et al. 2002) and in other plant 

systems (Boué et al. 2003; Zhang et al. 2008). While VOC blends differ between pathogen and 

insect attack (Cardoza et al. 2002), overlap of VOC mixtures in response to multiple stressors 

makes it more difficult to immediately distinguish one from the other. Thus, the volatile-based 

detection method was rated with a ‘high’ sensitivity and ‘low to medium’ specificity to detect 

soilborne plant diseases (Table 2). 

Currently, there are various types of spectral and thermal sensors available on the market 

that can be hand-held, mounted on ground-based tractors and robotic systems, airplanes, and 

satellites. The technical innovation and improvement of spectral and thermal sensors make them 

also suitable for mounting on unmanned aerial vehicles (UAVs) for large-scale mobile mapping 

applications (SphereOptics 2017). Therefore, the potential of field application of spectral and 

thermal sensors is high if the specific disease signatures (spatial and temporal) could be identified. 
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Recent studies demonstrated the detection of several soilborne diseases with spectral sensors 

mounted on the UAV (Wang et al. 2020a, b) or satellite (Raza et al. 2020). Aerial infrared 

thermography has proved useful in characterizing and monitoring the spatial and temporal pattern 

of soilborne diseases for field application (Pinter et al. 1979; Powell et al. 1976; Schmitz et al. 

2004). In addition, Oerke et al. (2014) suggested thermal sensors could be used in screening 

disease-resistance germplasms in the inoculated experiments where identification of the specific 

disease is not necessary. The advantages of volatile-based sensors such as e-noses include 

operational simplicity, non-destructivity, bulk sampling (Cellini et al. 2017) and the potential to 

identify the original sources of VOCs and disease hotspots in the field based on volatile gradients 

(Oerke 2020; Oerke et al. 2014). The disadvantages are lower sensitivity and specificity compared 

to microbiological and molecular methods (Cellini et al. 2017), but these drawbacks might be 

irrelevant in comparison with optical sensors (Oerke 2020). Several commercial e-nose models 

have been applied for plant diagnosis purposes (Cellini et al. 2017), but challenges remain 

regarding sensor performance, sampling, and detection in open areas, and scaling up measurement 

(Cui et al. 2018). As an alternative to e-noses, new small-scale portable VOC sensors have been 

developed that appear to be robust against environmental variation of temperature, humidity, and 

interference (Li et al. 2019). Nevertheless, from a current perspective, VOCs may have more 

potential in detecting plant diseases under control conditions than in open fields and VOC-based 

methods could possibly be suitable as secondary techniques in combination with others. 

 

Conclusions 

Interdisciplinary research involving plant science, electronics, and computer science 

closely tied to practical agriculture will advance plant disease detection, identification, and 
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quantification using sensor technologies, thus improving plant health management (Mahlein 

2016). An open and transparent culture of collaboration and communication among experts from 

different disciplines will foster and accelerate interdisciplinary research (Heim et al. 2019). Future 

research should include plants under different diseases and abiotic stresses to verify the uniqueness 

and robustness of these sensor-based signatures to detect soilborne diseases in the field. Sensor-

based signatures can be potentially employed together with localized information such as rotation 

and tillage and weather conditions to provide accurate monitoring and prediction of plant disease 

epidemics to develop timely and efficient management practices.  
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Table 1. Classification accuracy of stem rot of peanut using first-order derivative-transformed 

spectra of the second youngest mature leaflets on Athelia rolfsii-inoculated and mock-inoculated 

peanut stems. 

 

Parameters 
Reference 

Total 
User’s accuracyc 

(%) Healthy Mild Severe 

Prediction 

     Healthy 14a 2 0 16 87.5 

     Mild 1 10 0 11 90.9 

     Severe 0 2 18 20 90.0 

Total 15 14 18 47  

Producer’s accuracyb 

(%) 
93.3 71.4 100.0  89.4d 

aNumbers in the diagonals were the correctly classified samples, while off-diagonals were 

misclassified.  

bProducer’s accuracy was the number of correctly classified samples divided by the total number 

of reference samples in each class. It represents the classification accuracy for each specific class. 

cUser’s accuracy was the number of correctly classified samples divided by the total number of 

prediction samples in each class. It represents the reliability of the classification accuracy for each 

specific class. 

dOverall accuracy was the total number correctly classified samples divided by the total number 

of samples. It represents the overall agreement between the reference and prediction.  
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Table 2. Comparison of the sensitivity, specificity, and potential field application (and its 

platform) of using spectral, thermal and volatile sensors for the detection of soilborne diseases in 

the field (Oerke et al. 2014, adapted). 

Sensor type Sensitivity Specificity Potential field application (and its platform) 

Spectral sensors Medium High 

High (ground-based, UAVa, airborne, and 

space-borne) 

Thermal sensors 

Medium-

High 

Low 

High (ground-based, UAV, airborne, and 

space-borne) 

Volatile sensors High Low-Medium 

Low-Medium (ground-based, UAV, 

airborne) 

aUAV = unmanned aerial vehicle.  
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Fig. 1. Commonly used sensors for plant disease detection and their application platform (adapted 

based on information from Oerke et al. 2014; Mahlein 2016; Fang and Ramasamy 2015). 1Volatile 

sensors include portable gas chromatography-mass spectrometry (GC-MS) systems and Electronic 

noses (E-nose). 2Biosensors are sensors based on highly selective bio-recognition elements such 

as enzyme, antibody, DNA-RNA, and bacteriophage (Fang and Ramasamy 2015); 3NMR = 

Nuclear magnetic resonance; 4UAV = unmanned aerial vehicle.   
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Fig. 2. Signs and symptoms of peanut plants naturally infected with Athelia rolfsii in the field 

during (A) early and (B) late infection stage. 
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Fig. 3. A = Peanut plants were inoculated via clamping a with Athelia-rolfsii colonized clothespin 

on one of the two major lateral stems in each plant. B = Spectral reflectance of one designated 

leaflet of the second youngest mature leaf on treated lateral stems were measured with a 

Spectroclip-R probe using a handheld Jaz spectrometer. C = Top-view thermal images of the whole 

plant were taken with a FLIR T420 camera at ~183 cm above the ground inside the greenhouse. D 

= Volatile compounds were collected from the headspace of peanut plants enclosed in an oven bag 

using a pump with a charcoal trap.  
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Fig. 4. Spectral signatures and selected wavelengths (as shown in drop lines) using the primary 

(top) and derivative-transformed (bottom) spectra of Athelia rolfsii-inoculated and mock-

inoculated peanut plants. UV = Ultraviolet, VIS = Visible, NIR = Near-infrared.  
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Fig. 5. Thermal images of a peanut plant inoculated with Athelia rolfsii in a greenhouse 

experiment. The lateral stem inoculated with A. rolfsii is circled in each thermal image, while the 

opposite lateral stem was mock-inoculated. A = 4 days after inoculation (DAI); B = 8 DAI; C = 

12 DAI. Darker color indicates cooler temperature, while lighter color indicates warmer 

temperature. Images were taken with a FLIR T420 camera with a top view at ~183 cm above the 

ground inside the greenhouse.  
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Fig. 6. Volatile emission of peanut upon infection with Athelia rolfsii. GC-MS chromatograms of 

VOCs collected from shoots and leaves of A. rolfsii infected peanut plants eight days after 

inoculation in comparison to mock-inoculated plants. DMNT= (E)-4,8-dimethyl-1,3,7-nonatriene, 

1=hexenyl acetate, 2=putative monoterpene, 3=TMTT ((E,E)-4,8,12-trimethyltrideca-1,3,7,11-

tetraene), IS=internal standard, B=background, TIC=total ion chromatogram. DAI=days after 

inoculation. Identification of compounds is based on library suggestion.   
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Abstract 

Stem rot of peanut, caused by Athelia rolfsii, is an important fungal disease impacting peanut 

production worldwide. Foliar-applied fungicides are used to manage the disease, and several new 

fungicides have been recently registered for stem rot control in peanuts. This study compared 

fungicidal, residual, and potential systemic activity of standard and new stem rot fungicides against 

A. rolfsii using a laboratory bioassay. Peanut plants for the laboratory bioassay were grown in the 

field and were treated with eight fungicides ~90 days after planting, and plants were sampled 

weekly for five weeks following application. For the bioassay, plants were separated into the 

second newest fully mature leaf present at the time of fungicide application, newest fully mature 

leaf present at sample collection, upper stem, and crown. Each tissue type was inoculated with A. 

rolfsii then incubated at 30°C for two days. Lesion length was measured, and percent inhibition of 

fungal growth by each fungicide relative to the control was calculated. All fungicides provided the 

greatest inhibition of A. rolfsii on leaf tissues that were present at the time of fungicide application, 

followed by the newly grown leaf and upper stem. Little inhibition occurred on the crown. Fungal 

inhibition decreased at similar rates over time for all fungicides tested. Succinate dehydrogenase 

inhibitors provided less basipetal protection of upper stems than quinone outside inhibitor or 

demethylation inhibitor fungicides. Properties of fungicides characterized in this study, including 

several newly registered products, are useful for developing fungicide application 

recommendations to maximize their efficacy to control both foliar and soilborne peanut diseases.   
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Introduction 

Peanut (Arachis hypogaea L.) is cultivated in tropical and subtropical areas worldwide, 

mainly for its seeds which contain high-quality protein and oil content (Stalker 1997; 

Venkatachalam and Sathe 2006). In 2017/18, the United States was the fourth-largest peanut 

producer (3.23 million metric tons), following China (17.09 million), India (6.65 million), and 

Nigeria (4.25 million) (USDA-FAS 2019). The area planted in peanuts in the U.S. was 576,879 

hectares in 2018 (USDA-NASS 2019). Most peanuts in the U.S. are grown in three regions: 

southeastern U.S. (Georgia, Alabama, and Florida), southwestern U.S. (Texas, Oklahoma, and 

New Mexico), and the Virginia-Carolina region (North Carolina, South Carolina, and Virginia) 

(National Peanut Board 2019). However, peanut production in the U.S. is affected by several pests 

including foliar diseases, such as early and late leaf spot, and soilborne fungal diseases, such as 

stem rot, Sclerotinia blight, and Rhizoctonia limb rot. Estimated economic losses caused by 

reduced yields and costs of management practices to control diseases in Georgia alone, the top 

peanut producer in the U.S., were more than $160 million in 2018 (Kemerait 2020). 

Stem rot of peanut is caused by a soilborne fungus, Athelia rolfsii (Curzi) C.C. Tu & 

Kimbrough (anamorph: Sclerotium rolfsii Sacc.). Yield losses caused by stem rot average 7 to 10% 

annually in the southeastern U.S. and usually much lower in states of the other two regions 

(Backman and Brenneman 1997), but it has become more prevalent in Virginia-Carolina (VC) 

region in recent years. New varieties with increased tolerance to stem rot were developed in recent 

years (Gorbet and Tillman 2008, 2011; Branch and Brenneman 2008, 2015; Branch and Culbreath 

2011), but host resistance alone does not adequately control the disease. Cultural control practices 

including crop rotation and deep plowing to reduce the accumulation and persistence of pathogen 

inoculum in soils (Backman and Brenneman 1997), thus reducing the risk and severity of yield 
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loss caused by this disease. However, growers typically rely on the application of fungicides to 

control stem rot during the growing season (Hagan et al. 2004; Rideout et al. 2008).  

Fungicides with different modes of action are labeled for stem rot control in peanut. The 

active ingredients of these fungicides are mainly from three chemical groups: demethylation 

inhibitors (DMI) (e.g., tebuconazole, prothioconazole, metconazole), quinone outside inhibitors 

(QoI) (e.g., azoxystrobin, fluoxastrobin, pyraclostrobin), and succinate dehydrogenase inhibitors 

(SDHI) (e.g., penthiopyrad, benzovindiflupyr, flutolanil) (Anco 2017; Balota et al. 2020). DMI 

fungicides interfere with one specific enzyme, C14-demethylase, which is involved in sterol 

biosynthesis in cell membranes of fungi (FRAC 2019). Therefore, DMI fungicides can cause 

abnormal growth and death of the fungus (Mueller et al. 2013). Both QoI and SDHI fungicides 

inhibit fungal respiration, but they have different target sites on the respiratory system of fungi. 

QoI fungicides target the cytochrome bc1 (ubiquinol oxidase) at quinone outer binding site 

(complex III), while SDHI fungicides act at the succinate-dehydrogenase in the complex II of the 

fungal respiratory system (FRAC 2019). Since these chemicals have different modes of action and 

target sites, they may differ from each other in their overall fungicidal activity against A. rolfsii. 

Systemic movement of fungicides, especially basipetal movement, can provide an 

alternative solution to target soilborne diseases by moving downward inside the plant after foliar 

sprays (Augusto and Brenneman 2012). Basipetal movement of fungicides or their active 

derivatives takes place in the phloem sap in the symplast sieve tubes (Brudenell et al. 1995; Chollet 

et al. 2004; Quimette and Coffey 1990). To move basipetally, foliar-applied fungicides need to 

first penetrate into and diffuse through the leaf cuticles, then penetrate into the xylem apoplast and 

symplast membrane before moving into the sieve tubes at the site of leaf application (Kleier 1988; 

Kleier et al. 1998). The ability of fungicides to penetrate into the xylem apoplast is associated with 
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their lipophilicity or relative solubility to plant membranes, measured by an octanol-water 

coefficient (Kow) (Kleier et al. 1998). The ability of a pesticide to concentrate in the phloem 

symplast and move for long distances is related to its acid strength (Augusto and Brenneman 2012; 

Bromilow et al. 1990; Devine 1987; Grimm et al. 1995; Neumann et al. 1985; Rigitano et al. 1987). 

The acid strength of a pesticide can be measured as the negative logarithm, pKa, of the acid 

dissociation constant Ka (Rigitano et al. 1987).  

There were previous reports on the systemicity of fungicides against A. rolfsii in peanut 

(Augusto and Brenneman 2012) and tomato (Roberts 2012). However, both of these studies were 

conducted a decade ago. Several new fungicide products have been labeled for stem rot control in 

peanut since then, including azoxystrobin + benzovindiflupyr (Elatus, registered in 2015), bixafen 

+ flutriafol (Lucento, 2019), inpyrfluxam (Excalia, 2020), and mefentrifluconazole (Provysol, 

2020). These new products have been demonstrated to be effective in field trials (Langston and 

Mehl 2021), but different properties of fungicides that may contribute to their efficacy have not 

been directly compared.  

Most peanut fungicides are recommended to be applied every 14 to 21 days according to 

their labels. Multiple applications of fungicides are needed for one growing season because the 

activity of fungicides decreases over time, and fungicide needs to be applied to new crop growth. 

The residual activity of a fungicide can be influenced by the application rate and method, 

systemicity of the fungicide products, the targeted disease, the level of disease pressure, and 

environmental factors such as rain and sun exposure (Augusto et al. 2010a; Miorini et al. 2017). 

Currently, there is a lack of study on the residual activity of different peanut fungicides after foliar 

application. Therefore, this study was designed to compare the inhibition of A. rolfsii by standard 

and new stem rot fungicides on different peanut tissue types using a laboratory bioassay. Results 
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provide insights into the relative fungicidal, residual, and potential systemic activity of these 

fungicides that can be used to improve fungicide application recommendations for control of stem 

rot in peanut.  

 

Materials and Methods 

Field trials. ‘Sullivan’ peanuts were planted on the 16th and 26th of May 2020, respectively, 

in Field 16A and Field 66 at Virginia Tech Tidewater AREC’s Hare Road Research Farm in 

Suffolk, VA. The soil at these two field sites was Kenansville loamy fine sand and Nansemond, 

Emporia, Eunola. The seeding rate was 13 seeds/m (13.45 kg/ha). Management of soil fertility, 

plant growth, insects, and weeds followed standard practices of the Virginia Cooperative 

Extension system (Balota et al. 2020; Flessner and Taylor 2019). Plots consisted of four 7.62 m 

long rows spaced 0.91 m apart. The middle two rows of each plot received fungicide treatments. 

Plots were arranged in a randomized complete block design with eight treatments (seven stem rot 

fungicides plus a “non-treated” control) and four replicates per treatment. Application rates and 

chemical properties of fungicides tested in this study are listed in Table 1. Approximately 90 days 

after planting (DAP), fungicide treatments were applied at 186 liters/ha with 262 kPa through a 

tractor plot sprayer equipped with two 8002 TwinJet nozzles per row. A nonionic surfactant (NIS) 

(Induce, Helena Chemical Company, Collierville, TN) was added to each fungicide solution at 

0.125% v/v prior to application. To control leafspot and prevent pre-mature defoliation of the crop, 

fungicides previously reported to have no significant field activity against A. rolfsii (Culbreath et 

al. 1995) were applied to all plots including the stem rot fungicide “non-treated” control, for 

leafspot control. Approximately 60 DAP, all plots in both fields were sprayed with chlorothalonil 

(1.261 kg a.i./ha, Bravo Weather Stik, Syngenta Crop Protection, Inc., Greensboro, NC) and 
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approximately 100 DAP,  fields were sprayed with pydiflumetofen (0.050 kg a.i./ha, Miravis, 

Syngenta Crop Protection, Inc., Greensboro, NC). While pydiflumetofen is an SDHI fungicide like 

some tested in this study, previous research has indicated this active ingredient provides little 

suppression against stem rot (Wei et al. 2018, 2019, and 2020). One of the fields also received 

thiophanate-methyl (0.394 kg a.i./ha, Topsin, United Phosphorus, Inc., King of Prussia, PA) as a 

rescue treatment against late leaf spot 113 DAP (Fig. 1).  

Plants were sampled and evaluated in a laboratory bioassay weekly for five weeks after 

applying fungicide treatments. One to three days before the fungicide application, fifteen plants 

per plot were arbitrarily selected and labeled with flagging tape. These fifteen labeled plants were 

divided into five groups of three plants designated for each of the five sampling dates. For each 

labeled plant, the second youngest mature leaf on the primary lateral stem near the center of each 

plot was labeled with a twist tie. Sampling and initiation of the bioassay for each sampling date 

were completed over two days with plants for two replicates of fungicide treatments collected each 

day. On each day of sampling, the designated plants from each plot were dug and placed in a pre-

labeled Ziploc bag then transported from the field to the laboratory in coolers. 

Laboratory bioassay. On the same day of collection, four plant tissue sections were 

separated from each plant: the labeled leaf, the youngest mature leaf on the primary lateral stem, 

the upper stem, and the crown (Fig. 2A). For each replicate, plant sections were placed on moist 

paper towels inside a plastic container (32.2-liter in volume). The paper towels were placed on 

light grids (Plaskolite, Columbus, OH) and screen mesh (Saint-Gobain North America, Malvern, 

PA) to hold plant sections in position. In addition, 2 L of double-distilled water was added to the 

bottom of each container. Each plant section was then inoculated with an agar plug (5 mm in 

diameter) from a 3-day-old actively growing A. rolfsii grown on full-strength potato dextrose agar 
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(39 g/L; Becton, Dickinson and Company, Sparks, MD). The pathogen isolate was originally 

collected from a peanut field at the Tidewater AREC research farm in 2017. The mycelial plug 

was aseptically placed with the colonized portion face down on the middle of each leaflet and on 

the proximal end of each stem and crown section (Fig. 2B). The plastic containers were sealed 

with clear plastic wrap immediately after inoculation. Inoculated plant tissues were maintained in 

a temperature-controlled incubator (Thermo Fisher Scientific, Waltham, MA) at 30°C. Two days 

after inoculation, lesion length was measured on each plant section using a digital caliper (General 

Tools & Instruments, Secaucus, NJ). The length and width of necrotic lesions on each leaflet were 

measured and averaged as the mean lesion length for the leaflet sections, while the length of the 

necrotic lesion was recorded for each stem or crown section.  

Data analysis. The experiment was a randomized complete block design with 8 fungicide 

treatments, 5 sampling dates, 4 replicates/blocks, and the experiment was conducted twice using 

plants collected from two different fields in 2020. A total of 960 peanut plants (120 plants per 

fungicide treatment) were sampled from the fields and tested in the laboratory bioassay. Lesion 

length for each experimental unit was calculated by averaging measurements of the group of 3 

plants that were collected from the same plot on each sampling date. Percent fungal inhibition by 

each fungicide treatment was calculated using the following equation: percent inhibition = 100 × 

(average of lesion length of control – lesion length of fungicide treatment) / average lesion length 

of control. 

An analysis of variance by each tissue type was first performed with field, fungicide, 

sampling date, and their interactions as fixed factors. The interaction effect of field with fungicide 

and sampling date was not significant (P>0.05) for all tissue types indicating that results were 

reproducible across the two fields/experiments. Mixed models were then constructed for the 
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statistical analysis of lesion length of control treatment (response variable 1), percent inhibition by 

all stem rot fungicide treatments combined (response variable 2), and percent inhibition of each 

stem rot fungicide (response variable 3). The fixed factors included sampling date (weeks after 

treatment), tissue type, and sampling date × tissue type interaction for response variables 1 and 2; 

and fungicide, sampling date, and fungicide × sampling date interaction for response variable 3. 

Field and block nested in the field were set as random factors for each mixed model. A one-sample 

t-test was performed to determine if the percent inhibition was greater than 0% for each tissue type 

on each sampling date, and for each fungicide treatment by each tissue type. In the mixed models, 

means of each fixed factor were separated using Tukey’s Honest Significant Difference (HSD) test 

at α level of 0.05. All the statistical analysis was conducted using JMP Pro 15.0.0 (SAS Institute 

Inc., Cary, NC). 

 

Results 

During the course of field trials, there were rain events almost weekly from early August 

to late September in 2020 on the research farms in Suffolk, VA (Fig. 1). The application of stem 

rot fungicides in Field 16A was followed by a rain event the next day, but for Field 66, rain did 

not occur until nearly a week after application. However, the leaf spot rescue treatment of 

thiophanate-methyl and chlorothalonil in Field 66 was followed by a rain event the day after 

fungicides were applied (Fig. 1). 

In the laboratory bioassay, lesion length for the control treatment (Fig. 3A) and percent 

inhibition by stem rot fungicide treatments (Fig. 3B) were first compared among different tissue 

types over the five sampling dates. For the lesion length of control treatments, sampling date and 

the interaction between sampling date and tissue type were not significant (P > 0.05), indicating 



 

140 

 

the lesion length for each tissue type did not change over the five-week experimental course. The 

labeled leaf had the greatest lesion development, followed by newly grown leaflets and upper stem 

section, while the crown section had the least lesion development (P < 0.0001). For percent 

inhibition by averaging over all stem rot fungicide treatments compared to control, there were 

significant effects for sampling date, tissue type, and their interaction (P < 0.0001). Across five 

sampling dates, the labeled leaf had the greatest percent inhibition, followed by the newly grown 

leaf and upper stem section, while the crown section had the least percent inhibition (P < 0.0001).  

The effect of fungicide treatment, sampling date and their interaction on percent inhibition 

was examined by each tissue type. There was no significant fungicide by sampling date interaction 

for any tissue types except for the new leaf (Table 2). Therefore, each main treatment factor was 

analyzed separately. The sampling date effect was significant for the labeled leaf, newly grown 

leaf, and upper stem, but not for the crown section (Table 2). For the labeled leaf, inhibition of A. 

rolfsii was greatest one week after fungicide treatment and then decreased over time, indicating a 

decrease in fungicide activity (Fig. 3B). However, fungal growth was inhibited by fungicide 

treatments (percent inhibition significantly greater than 0%) on the labeled leaf for all five 

sampling dates (one-sample t-test, P < 0.0001). Fungal growth on the newly grown leaf and upper 

stem section was inhibited up to four and three weeks following fungicide treatment, respectively 

(P < 0.001). For the crown section, however, fungicides inhibited fungal growth only at two weeks 

after application (P = 0.021). 

The effect of fungicide treatment on percent inhibition of A. rolfsii was significant for the 

labeled leaf and upper stem section, but not for the crown section (Fig. 4) (Table 2). Percent 

inhibition on the labeled leaf was similar for all fungicides except for bixafen + flutriafol, which 

provided greater percent inhibition than azoxystrobin and inpyrfluxam. For the upper stem, 
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azoxystrobin inhibited A. rolfsii more than benzovindiflupyr and inpyrfluxam. Among all tissue 

types, only the newly grown leaf had a significant fungicide by sampling date interaction (Table 

2). One week after fungicide treatment, mefentrifluconazole inhibited A. rolfsii less than 

azoxystrobin, azoxystrobin + benzovindiflupyr, inpyrfluxam, and prothioconazole + tebuconazole 

(P = 0.0033) (Fig. 5). There was no significant difference among fungicide treatments for the rest 

of the sampling dates (P > 0.05) (data not shown).  

 

Discussion 

In this study, the fungicidal and residual activities of different peanut fungicides, including 

products with new or relatively new active ingredients, were compared side-by-side with different 

peanut tissue types using a laboratory-based bioassay. All of the foliar-applied fungicides 

evaluated provided inhibition of A. rolfsii for up to two weeks on plant tissues that received a direct 

application. Percent inhibition of A. rolfsii decreased over time, and the activity of all fungicides 

decreased at a similar rate. Results indicate that fungicides are most effective for up to two weeks 

after application, but by three weeks after application fungicidal activity decreases significantly. 

Thus, this supports the current recommendation that stem rot fungicides should be applied every 

two weeks when disease pressure is high (Anco 2017; Anco and Chapin 2016). 

Regardless of their modes of action, all stem rot fungicides provided the greatest inhibition 

of A. rolfsii on the labeled leaf, followed by the newly grown leaf. The inhibition on the labeled 

leaf indicates fungicides were effective in controlling A. rolfsii on plant tissues that had direct 

contact with fungicides. The inhibition on newly emerged leaves suggests a potential acropetal 

(upward) movement of these foliar-applied fungicides (Augusto and Brenneman 2012). 

Alternatively, newly grown leaves (especially for ones collected on the first sampling date) may 
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have come into direct contact with the fungicides when they were applied, but the concentration 

of chemicals was likely less on these tissues than the labeled leaves. Since the stem rot fungicides 

tested in this study are also labeled for control of foliar diseases, the potential acropetal movement 

of these chemicals to newly emerged leaves is beneficial in managing leaf spot diseases in peanuts. 

The inhibition of A. rolfsii by stem rot fungicides on the upper stem indicates a possible 

basipetal (downward) movement of these chemicals. In this study, azoxystrobin outperformed 

benzovindiflupyr and inpyrfluxam, both of which are SDHI fungicides, in protecting the upper 

stem. Basipetal movements of chemicals depend on their phloem mobility within plant tissues. 

Weakly acidic compounds with pKa values between 2 and 6.5 and log Kow values from 1 to 3 had 

optimal phloem mobility (Brudenell et al. 1995; Smith et al. 1995; Wright et al. 1994). However, 

none of these three chemicals were within the ranges for optimal phloem mobility (Table 2). 

Interestingly, the rates of SDHI fungicides were one to five-fold less than azoxystrobin when 

applied together with benzovindiflupyr (as Elatus) or applied alone (as Quadris) (Table 1).  

Little evidence of protection of the crown section was found with these stem rot fungicides 

in this study. This may be explained, in part, by the fact that there was much less lesion 

development on the crown sections than other plant tissues regardless of control or stem rot 

fungicide treatments. The crown sections used in this study were much shorter in length than the 

two leaf tissues and upper stem (data not shown), and they represent older growth compared to 

other plant tissues tested. It has previously been reported that A. rolfsii infection and disease 

development decrease with increasing plant age (Rideout 2002). Thus, the crown sections might 

be less susceptible to A. rolfsii than other plant tissues tested in this study. 

The newly registered peanut fungicides were demonstrated to be effective against A. rolfsii 

(Langston and Mehl 2021). It is known that the infection of A. rolfsii firstly occurs on the crown 
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or lower parts of lateral stems inside the plant canopy or belowground tissues, where the 

overwintering sclerotia of this pathogen reside (Backman and Brenneman 1997). Thus, the tissues 

that were more susceptible in the current bioassay such as leaf tissues and upper stem are not 

typically infected by A. rolfsii in the field. Under field conditions, when fungicide applications are 

followed by rain events or irrigation, the fungicide is believed to be washed down to the stem and 

crown (Taylor 1996; Woodward et al. 2012). The increased moisture/humidity due to rain also 

increases the pathogen infection and disease pressure. Greater efficacy (differences between 

treatment and control) is typically found in this scenario because there is more disease, and the 

fungicide is being physically transported to the tissues that need protection at the same time. 

However, in the current study, only one of the two field trials had the application of stem rot 

fungicides followed by a rain event (Fig. 1). Thus, there may have been less physical transport of 

fungicides down to crown tissues than would occur in the presence of rain or irrigation events.   

The limited systemic movement of fungicides evaluated in the current study highlights the 

importance of using fungicide application methods that facilitate direct coverage of plant tissues 

that need to be protected from infection by A. rolfsii (Augusto et al., 2010a, 2010b; Shew 2021; 

Woodward et al. 2012). However, stem rot usually occurs during the mid to late growing season 

when the plant canopy covers the soil between rows and produces a warm and humid environment 

conducive to pathogen growth (Aycock 1966; Shokes et al., 1996). It is difficult for foliar-sprayed 

fungicides to penetrate into lower stems inside plant canopy and roots, pegs and pods underground 

because of the density of plant leaves, but it is in these plant tissues in the lower canopy that 

infection of soilborne pathogens initially occurs. To facilitate the penetration of fungicides into 

lower plant canopies, growers are recommended to apply stem rot fungicides with high spray 

volumes (187 liter/ha) (Shew 2021), to spray at night when the peanut leaves are folded (Augusto 
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et al., 2010a, 2010b), or to apply irrigation after fungicide spray to wash the fungicide residues on 

the foliage into the inner and lower plant tissues (Woodward et al. 2012), or to schedule stem rot 

fungicide application just prior to rain events. 

In the current study, the conclusion that there was potentially basipetal movement of 

fungicides into tissues below the upper plant canopy was based on the assumption that fungicides 

did not come into direct contact with the upper stem and crown section on the day of fungicide 

application. For future studies, it is recommended to include sampling on the day that fungicides 

are applied so it will be possible to assess the extent to which fungicides come into contact with 

the different tissues immediately following application. Overall, this study suggests re-treatment 

interval and application methods of peanut fungicides should be carefully considered when 

developing fungicide programs to maximize their efficacy to control both foliar and soilborne 

peanut diseases.   
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List of tables and figures 

Table 1. Fungicides with different modes of action compared for control of Athelia rolfsii in the current study. 

Trade name 
Active 

ingredient(s) 

Fungicide 

abbreviation 

FRAC 

codez 

Rates 

(kg a.i. h-1) 

Lipophilicity 

(Log Kow)y 

Acidity 

(pKa)x 

Provost Silver (prothioconazole+ 

tebuconazole) 

(PTC+ 

TEB) 

(3+ 

3) 

(0.200+ 

0.200) 

2.7 

3.7 

6.9 

2.3 (est) 

Quadris azoxystrobin AZX 11 0.446 3.7 N/A 

Aproviaw benzovindiflupyr BZF 7 0.076 4 N/A 

Elatus (benzovindiflupyr+ 

azoxystrobin) 

(AZX+ 

BZF) 

(11+ 

7) 

(0.200+ 

0.100) 

4 

3.7 

N/A 

N/A 

Lucento (bixafen+  

flutriafol) 

(BIX+ 

FLT) 

(7+ 

3) 

(0.074+ 

0.127) 

4.7 

2.3 

N/A 

N/A 

Provysol mefentrifluconazole MFC 3 0.205 4 N/A 

Excalia inpyrfluxam INP 7 0.075 3.8 N/A 
zFungicide resistance action committee (FRAC) code:11 = quinone outside inhibitors (QoIs); 3 = demethylation inhibitors (DMIs); 7 = 

succinate dehydrogenase inhibitors (SDHIs) 

yLog Kow = the computed octanol/water partition coefficient (PubChem, https://pubchem.ncbi.nlm.nih.gov) 

xpKa = a specific type of equilibrium constant that is used to measure the propensity of a larger object to separate (dissociate) 

reversibly into smaller components (PubChem, https://pubchem.ncbi.nlm.nih.gov) 

wAprovia is NOT labeled for peanut

https://pubchem.ncbi.nlm.nih.gov/
https://pubchem.ncbi.nlm.nih.gov/
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Table 2. Summary statistics on the effects of fungicide treatment, sampling date (weeks after 

fungicide treatment), and their interaction on the percent inhibition against Athelia rolfsii.  

Factors 
DF 

Num 

DF 

Den 

Crownz Labeled leafy New leafx Upper stemw 

F 

Ratio 
P 

F 

Ratio 
P 

F 

Ratio 
P 

F 

Ratio 
P 

Sampling 

date 
4 238 2.08 0.084 55.58 <.0001 18.33 <.0001 22.09 <.0001 

Fungicide 6 238 1.26 0.2789 6.83 <.0001 1.95 0.0743 2.95 0.0086 

Sampling 

date*Fungi

cide 

24 238 1.02 0.4357 1.20 0.2469 2.33 0.0007 1.24 0.2126 

Different plant tissue types separated from each plant for the laboratory bioassay: 

zCrown = a section from the main stem around the crown (half aboveground half belowground) 

yLabeled leaf = the 2nd youngest mature leaf on the primary lateral stem near the center of each 

plot labeled prior to the application of fungicide treatments 

xNew leaf = the newly grown first mature leaf on the primary lateral stem on each sampling date 

wUpper stem = a 2-internode-long stem section on the primary lateral stem starting immediately 

from the labeled leaf towards the crown of each plant
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Fig. 1. Ambient temperature (left y-axis) and rainfall (right y-axis) during the course of field 

trials. Arrow drop lines indicate different fungicide applications: black line = Field 16A, red line 

= Field 66; solid line = stem rot fungicides, square dot line = application of pydiflumetofen 

(Miravis) and round dot line = application of thiophanate-methyl (Topsin) and chlorothalonil 

(Bravo Weather Stik). 
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Fig. 2. Tissues sampled from each peanut plant consisting of labeled leaf, newly grown leaf, upper 

stem and crown (A), and an example of laboratory bioassay of different peanut tissues inoculated 

with mycelial plugs of Athelia rolfsii (for one replication of fungicide treatments on one evaluation 

date of one field) (B).  
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Fig. 3. Average of lesion length of control treatment (chlorothalonil) (A) and percent inhibition by 

stem rot fungicide treatments compared to control (B) on different peanut plant tissues inoculated 

with Athelia rolfsii on different sampling dates (week after fungicide treatment). Error bars 

indicate standard error, while means with different letters denote significant differences based on 

Tukey HSD at α of 0.05 (capital letters for labeled leaf, low-case letters for upper stem). 
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Fig. 4. Percent inhibition of different stem rot fungicide treatments against Athelia rolfsii across 

five sampling dates for labeled leaf, upper stem, and crown section. AZX = azoxystrobin; BZF = 

benzovindiflupyr; BIX = bixafen; FLT = flutriafol; INP = inpyrfluxam; MFC = 

mefentrifluconazole; PTC = prothioconazole; TEB = tebuconazole. Error bars indicate standard 

error, while means with different letters denote significant differences based on Tukey HSD at α 

of 0.05.  
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Fig. 5. Percent inhibition of different fungicide treatments against Athelia rolfsii on the newly 

grown leaf at 1 week after stem rot fungicide application. AZX = azoxystrobin; BZF = 

benzovindiflupyr; BIX = bixafen; FLT = flutriafol; INP = inpyrfluxam; MFC = 

mefentrifluconazole; PTC = prothioconazole; TEB = tebuconazole. Error bars indicate standard 

error, while means with different letters denote significant differences based on Tukey HSD at α 

of 0.05.

Fungicide(s) abbreviation

AZX

AZX+BZF
BZF

BIX
+FLT

IN
P

MFC

PTC+TEB

P
e

rc
e

n
t 

in
h

ib
it
io

n
 (

%
)

0

20

40

60

A A

AB AB

A A

B



   

 

 

 


