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Abstract 
 

Potato is the most popular non-cereal food crop and a major staple crop. Despite 

the importance of potato, it has seen little yield improvement through breeding over the 

past century when compared to other crops. One difficulty in potato breeding is the large 

number of quality traits that must be accounted for in order to create marketable potato 

varieties. These quality traits are often measured using imprecise, subjective scales. This 

thesis covers my work in improving the tools available for use in measuring and breeding 

for potato tuber quality traits. In Chapter 1, I review the literature relevant to a selection 

of quality traits and their measurement. I discuss machine learning and its use in 

identifying more intricate tuber quality traits, as well as efforts to perform genomic 

selection in autotetraploid potato as a possible application for highly quantitative quality 

trait data. Chapter 2 covers the mechanics and capabilities of the potato tuber image 

analysis program, TubAR. I compare the quantitative measurements provided by TubAR 

to human visual scores for analogous traits. In Chapter 3, I discuss efforts to expand the 

scope of traits able to be measured with image analysis by employing machine learning 

image classification, using the pressure bruise and skin finish traits.  
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Summary 

 Potato is the most popular vegetable crop, grown as a staple crop in many regions 

of the world. Despite its essential role in global agriculture, potato has not attained the 

yield increases seen in other crops. One difficulty in breeding is the large number of 

quality traits that must be accounted for in order to create a marketable potato variety. 

Despite the importance of quality traits, they are often measured using imprecise, 

subjective scales.  Image analysis seeks to provide more precision and accuracy in many 

applications including the measurement of potato tuber traits. Various image analysis 

designs have been applied to tuber traits using different camera types and platforms. 

These may be able to be further enhanced, especially for use in difficult to define traits, 

by using machine learning models for trait detection. This high accuracy, high precision 

phenotype data could improve breeding decisions on its own but may be able to be best 

utilized in genomic selection. Genomic selection of tetraploid potato is a growing area of 

research for which many different types of population and genotype data have been used 

to create selection models for a multitude of traits. Precise and accurate phenotype data 

may further improve the reliability of these models and allow for accelerated 

improvements through potato breeding.  
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Introduction 

The cultivated potato (Solanum tuberosum L.) is the fourth most widely grown 

food crop and the most popular non-cereal food crop (FAO 2021). It is a staple crop that 

is adaptable to a variety of growing conditions (Campos and Ortiz 2020). Despite this, 

Potato has seen little to no gain in genetic yield potential since the 19th century. One 

reason for this lack of progress is the many quality traits that must be considered when 

breeding for new varieties (Douches et al. 1996). 

Quality traits are factors that influence a potato’s appeal to consumers and utility 

in processing. These include tuber skin color, flesh color, shape, size, skinning, skin 

finish, and eye depth (Carputo et al. 2004). Meeting quality trait requirements is an 

important component of potato breeding and makes introduction of new varieties more 

difficult. Very old varieties, such as the 108-year-old Russet Burbank, which conform 

with many quality expectations while not excelling in areas such as yield, continue to be 

cultivated (Douches et al. 1996). New varieties must also meet market requirements for 

quality traits for any meaningful genetic improvement in potatoes to occur. However, 

quality traits are often evaluated subjectively without the precision and accuracy needed 

for meaningful selection. Ways to improve the accuracy of quality trait measurements at 

a low cost are therefore a vital component of progress in potato breeding. 

 

Skin Color 

Potato tuber skin color is an important factor in consumer appeal and marketing 

(Jemison et al. 2008). Red or purple skin color is caused by the presence of anthocyanins 

in the tuber periderm (Liu et al. 2019, Roe et al. 2014). High anthocyanin concentrations 

result in intense colors that tend to appeal to consumers and may increase nutritional 

value by acting as an antioxidant (Han et al. 2006, Jemison et al. 2008, Roe et al. 2014). 

Anthocyanin concentration in potato can be influenced by a variety of factors including 

soil type, temperature, fertilization, growth regulators, harvest time, storage, and genetics 

(Bonar et al. 2018, Caraza‐Harter and Endelman 2020, Liu et al. 2019, Jones et al. 2021, 

Roe et al. 2014, Stefaniak et al. 2021, Thornton et al. 2013). 

Categorical tuber skin color (i.e. red, purple, white) is largely controlled by a 

limited set of loci, known as the D, R, and P loci, all of which are involved in 
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anthocyanin synthesis. The dominant D allele is necessary for any anthocyanin 

production while the R and P alleles control whether the anthocyanins have a pink, red, 

or purple color (Jung et al. 2009). Quantitative color intensity is a more complex trait. 

Zhang et al. (2009) found three QTL related to color intensity and color homogeneity, 

though these only account for a portion of the variation. Pigmentation can also vary 

across the skin of each tuber. Bonar et al. (2018) found micro-RNA associated with 

anthocyanin levels both between clones and in differently pigmented regions of the same 

tuber. These mechanisms operating upon different aspects of skin color demonstrate a 

trait complexity that must be accounted for in breeding. 

 

Shape in potatoes 

Tuber shape must meet different requirements depending on application. For 

russet processing potatoes, a long narrow tuber is favored for compatibility with 

commercial fry cutting equipment and creating a long French fry. Chipping potatoes are 

expected to be either spherical or cubic in order to create many large, uniform chips. 

Qualitative shape is often visually selected for very early in a potato breeding program, 

however quantitative aspects of shape are more difficult to differentiate (Van Eck et al. 

1994). 

Qualitative tuber shape is controlled by the Ro locus on chromosome 10, which is 

linked to the D (called I in diploid potatoes) locus that impacts skin color (De Jong and 

Burns 1993, Van Eck et al. 1994). However, this locus does not explain quantitative 

differences in length between similarly shaped tubers or other differences in shape that 

are observed (De Jong and Burns 1993). Several studies have found minor QTL for 

shape; however, these vary depending on the population studied, with no agreed upon 

QTL, indicating the trait is controlled by many loci (Lindqvist-Kreuze et al. 2015, 

Prashar et al. 2014, Śliwka et al. 2008). 

 

Skin set in potatoes 

Tuber skinning, or excoriation, is an undesirable trait in potato tubers which leads 

to shorter storage life, an entry point for disease, and lower consumer appeal (Boydston et 

al. 2018, Jemison et al. 2008, Lulai and Corsini 1998). Skinning occurs when the phellem 
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layer of the tuber periderm separates from the phellogen layer, also called the cork 

cambium (Lulai and Orr 1993). While skinning is the term commonly used to describe 

this phenomenon in industry, Lulai and Freeman (2001) contest that this term is 

misleading as it implies the entire periderm separates from the tuber and propose 

excoriation as a more precise term. Here I will use both terms synonymously, each 

referring to the separation of the phellem cells. The cause of this separation is the rupture 

of the phellogen cell walls that border the phellem layer. This rupturing is more likely to 

occur in young tubers where the cell walls are thinner and the phellogen cells are more 

active. Frequency of ruptures decrease as the tuber matures and the cell walls thicken and 

cell activity decreases (Lulai and Freeman 2001). 

Given this physiological connection between tuber skinning and maturity, the 

primary method of skinning control is to ensure tubers mature before harvest. Full tuber 

maturity is generally accomplished by interrupting above ground plant growth in the 

practice of vine kill. Either physical means, such as flailing, or chemical desiccants are 

used to vine kill a few weeks before harvest. Vine kill stops the bulking stage and causes 

tubers to mature at their current size, avoiding premature harvest. Both Boydston et al. 

(2018) and Krupek et al. (2021) found various herbicides and physical vine kill methods 

to be mostly equivalent to each other in their ability to reduce skinning and avoid tuber 

desiccation in storage, as compared to no vine kill. However, genetics also contribute to 

skinning susceptibility (Caraza-Harter and Endelman 2022, Lulai and Orr 1993, 

Neubauer et al. 2013, Vulavala et al. 2019). 

At the molecular level, several genes have been identified that influence the 

maturation rate and thickness of phellogen cell walls, suggesting skinning is a complex 

trait controlled by many genes (Neubauer et al. 2013, Vulavala et al. 2019). More distant 

genetic factors, such as the onset of vine maturity, also influence skin maturity (Caraza-

Harter and Endelman 2022). Lulai and Orr (1993) tested four popular varieties of 

different market classes for skin set and found that they varied in both skin strength at 

maturity and rate of skin maturation after harvest.  
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Skin Finish 

Skin finish, also called skin quality or skin texture, is a tuber quality trait that 

lacks clear definition. Generally, skin finish is the presence and degree of skin roughness, 

russeting, cracking, and netting (Clulow et al. 1995, McCord et al. 2011, Siano et al. 

2018). Other skin characteristics are sometimes included, and aspects are emphasized 

differently across studies. While the exact components of this trait are not universally 

agreed upon, skin quality, as interpreted by poll respondents, has been found to be one of 

the most important traits that influence potato consumers (Jemison et al. 2008). 

Therefore, its importance can’t be ignored due to imprecise definition and perhaps 

demands better attempts at definition. Many of the studies below use differing 

definitions, while some focus on specific factors such as skin roughness and russeting. 

Skin finish has many potential influences. Genetics play a large role as suggested 

in the widespread use of “russet” as a description for varieties (Johansen et al 1988, Novy 

et al. 2008, Pavek et al. 1992). However, potatoes often exhibit skin finishes considered 

uncharacteristic of the variety, indicating environmental influences as well. In varieties 

that are characteristically smooth skinned, rough skin and russeting can result under 

conditions including hot temperatures, drought, and low soil potassium or calcium 

(Ginzberg et al. 2009, Ginzberg et al. 2012, Keren-Keiserman et al. 2019, Koch et al. 

2019, Raimo et al. 2018). 

Limited studies on the underlying genes responsible for skin finish are available. 

De Jong (1981) proposed that russeting in diploid potato is controlled by three loci based 

on segregation ratios in crosses between russeted and smooth skinned parents. Ginzberg 

et al. (2009) found differentially expressed genes in tuber skin at high temperatures were 

mostly related to heat-shock and the formation of protective membranes. The protective 

membranes in this case likely form the russeting seen in heat stressed and drought 

situations. Paradoxically, this group also found that russeted skin surface can lead to 

increased water loss (Ginzberg et al. 2012). McCord et al. (2011) performed a QTL 

mapping study of many traits including skin finish, which was associated with more 

genetic regions than any other trait studied besides yield, though one QTL on 

chromosome 3 explained 20% of the variation. They also discovered a QTL for skin 

netting but the phenotype was only expressed in one year of the study. Another study by 
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da Silva Pereira et al. (2021) found QTL on chromosomes 4 and 9, with no detection of 

the chromosome 3 QTL. 

Studies of skin finish in the breeding context have found it to be relatively easy 

trait to select for. Russeting has been estimated in one population to have a heritability of 

0.8 and is recommended to be selected for earlier in a breeding program than most traits 

(Love et al. 1997). Russeting has also been found to be among the easier traits to breed 

for in a tetraploid true seed population (Clulow et al. 1995). However, studies on 

breeding for or against other skin finishes besides russeting seem to be unavailable. 

 

Bruise in potatoes 

Physical impact during tuber harvest, grading, and storage can lead to multiple 

tuber disorders including scuffing, splitting, internal fissures, and bruising. Bruising, also 

called blackspot, is a darkened area of the tuber flesh due to melanin formed because of 

damage to tuber cell membranes (Baritelle et al. 2000, Dean et al. 1993). It causes 

potatoes and derivative products to be less aesthetically appealing to consumers and is 

associated with a “lumpy” texture when cooked (Kaack et al. 2002). Mechanical damage 

and bruising has been estimated to cost the US potato industry the equivalent of over 

$460 million a year (Brooke 1996). 

Some studies of the underlying genetics of bruise in the context of mechanical 

damage have been conducted. Some research has found a correlation between tyrosine, a 

precursor to melanin, and bruising (Dean et al. 1993). However others have found 

bruising only weakly correlated with tyrosine, and attribute the majority of bruise 

resistance to intracellular compartmentation (Lærke et al. 2002). Urbany et al. (2011) 

conducted an association study to locate significant genes affecting bruising and 

enzymatic discoloration. They found a correlation between specific gravity and bruising, 

which is supported elsewhere (Baritelle and Hyde 2003), as well as 33 candidate genes 

which may influence bruising. In a follow up study, they found several differentially 

expressed protein families in bruised tissue, many of which have also been observed in 

genotypes subject to darker frying colors (Urbany et al. 2012). 
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Pressure Bruise 

The studies described above addressed bruising from impact while the tuber is 

being harvested or processed. Another factor that can result in tuber bruising is the 

pressure exerted by the weight of other tubers over long periods of storage, called 

pressure bruise. This often occurs near the bottom of stacks of potatoes over three meters 

high (Schaper and Yaeger 1982, Lulai et al. 1996). In this case, bruising is caused by the 

crushing of phelloderm cells, leading to moisture loss and subsequently leading to the 

oxidation of tyrosine. Unlike some situations where blackspot symptoms lessen over 

time, pressure bruise is likely to worsen once tubers are removed from storage. Increased 

bruising is due to higher oxygen levels causing tyrosine oxidation after tubers are 

removed from the low oxygen environment at the bottom of storage crates, where 

pressure bruising often occurs (Lulai et al. 1996). Because moisture loss is a major 

contributing factor to pressure bruise, efforts to preserve moisture content in storage have 

been proposed as a control method (Shetty et al. 1991, Kelderman 2017). There is also 

some evidence that slowing changes in storage temperature can lessen pressure bruise 

(Muthukumarappan et al. 1994). 

Studies on the genetics of pressure bruise are even more limited than studies on 

the genetics of bruises due to mechanical damage, however not entirely absent. 

Effectiveness of moisture control in preventing pressure bruise varies between russet 

clones (Castleberry and Jayanty 2012). Pressure bruise also correlates with the force 

needed to deform the tuber surface, as measured with a penetrometer (Castleberry and 

Jayanty 2017). While these studies give evidence to a genetic component of pressure 

bruise, the causative genes or loci are still unknown. 

 

Common Scab 

Common scab of potato, caused primarily by the bacteria Streptomyces scabeii 

along with other species, is a disease which results in lesions and pits along the surface of 

potato tubers (Agrios 2005). The identity of the causal pathogen is complex in that it is a 

set of species and genotypes in the primarily saprophytic Streptomyces genus. 

Taxonomic classification fails to perfectly describe which bacteria produce the disease, as 

this is determined by a block of genes, called the pathogenicity island, which allows 
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infection of living potato tubers (Wanner 2006). The ability of the pathogen to live 

saprophytically in the soil allows it to remain in a field indefinitely once introduced 

(Agrios 2005). 

The complexity of the genetics of the common scab pathogen is also seen in the 

resistance exhibited by potatoes. Genetic variance in resistance to common scab can be 

observed across potato genotypes (Braun et al. 2017, Dees and Wanner 2012, Driscoll et 

al. 2009). However, this appears to be highly quantitative resistance without the gene-for-

gene action that is observed in many other plant diseases (Flinn et al. 2005). Hosaka et al. 

(2000) examined 1800 potato wild relative accessions for resistance and while they 

classified some as resistant; no genotype showed total resistance across all trials. 

Bradshaw et al. (2008) found two QTL for scab resistance on chromosomes 2 and 6, the 

latter of which was also related to fry color. These traits were in repulsion, with good fry 

color being associated with scab susceptibility and vice versa. They do not discuss 

whether this is due to two linked genes or pleiotropy. Braun (2013) found a QTL for scab 

resistance on chromosome 11. None of these QTL had effect sizes above 15%, and 

detected QTL vary across studies, suggesting much of the variation is in small effect loci. 

Another factor that complicates breeding for common scab resistance, is large 

environmental and genotype-by-environment effects. Wilson (2001) observed strong 

environmental effects for scab in russet potatoes, though genetic effect was still larger. 

Haynes et al. (2010) observed large genotype-by-environment effects in each field year 

studied. The environmental and genotype-by-environment effects could be due to the 

pathogen’s sensitivity to soil conditions, such as pH, and the diversity of strains seen in 

different geographical areas (Agrios 2005, Wanner 2006). 

 

Chip and Fry color 

Processed potatoes, such as potato chips and French fries, account for 10% of the 

global potato consumption and over a third of potatoes consumed in North America and 

Europe (Keijbets 2008). Marketing processed products brings in additional requirements 

for the color of the flesh after frying. At high temperatures, such as those experienced 

when deep frying, the glucose and amino acids in the potato undergo Maillard reactions 

which are responsible for the distinct flavor and color of fried potatoes. However, this can 
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result in excessive darkening of chips and fries. The Maillard reaction of glucose and 

asparagine also leads to the formation of acrylamide, which has been studied as a 

potential carcinogen and correlates with darker fry and chip colors (Bethke and Bussan 

2013, Pedreschi et al. 2006a). While the exact color of chip or fry favored by consumers 

varies by culture and personal preference, in the United States light colored chips and 

fries are considered ideal, so breeders and processors tend to aim for very limited 

browning when potatoes are fried. The main factors in the potato that encourage fry 

browning are high glucose levels and low moisture content (Amrein et al. 2006). These 

factors can be influenced by potato storage conditions, as well as genetics (De Wilde et 

al. 2005, Kaur et al. 2008). 

The genetics of fry and chip color are primarily studied in the context of low 

temperature storage, which typically leads to the phenomenon of cold sweetening. Cold 

sweetening is the increased conversion of starch into simple sugars seen in tubers stored 

at temperatures below approximately 8°C. This is not easily avoided as storage 

temperatures above 4°C require the use of chemical sprays to avoid sprouting and 

pathogen growth (Byrne et al 2020, Sowokinos 2001). Therefore, there is strong 

incentive to find genetic factors that affect the severity of cold sweetening. Lynch et al 

(2003) proposed a three-locus model for inheritance of cold sweetening susceptibility. A 

later GWAS study by Byrne et al (2020) does not seem to support this model, finding 

only one major locus on chromosome 10. In addition to storage temperature, storage time 

is a major factor in glucose formation. Another GWAS of chip color after six months of 

storage at 8°C and found major QTL at chromosomes 2 and 9 (Rak et al. 2017). The QTL 

on chromosome 9 could be related to the apoplastic invertase protein, which is involved 

in the conversion of starch to sugar (Zhu et al. 2014). Surprisingly, neither of these 

studies detected the invertase loci on chromosomes 3 and 10, or the UGPase locus on 

chromosome 11, for which the biochemical pathway that contributes to cold sweetening 

is well described (Chen et al. 2001, Sowokinos 2001). Innate® potatoes minimize cold 

sweetening by RNAi suppression of the vacuolar invertase gene on chromosome 3 

(VInv), however this is achieved through genetic modification rather than utilizing 

existing genetic variation in potato (Richael 2021, Zhu et al. 2014). Given issues of 
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market receptivity to genetic modification, further work on creation of cold sweetening 

resistant potatoes through genetic recombination will be needed. 

 

Human ratings and image analysis 

Quality traits are often quantified using human rated visual scales. While these 

have many applications in breeding programs and even QTL mapping (Bradshaw et al. 

2008, Brown et al. 1984, McCord et al. 2011, Poland and Nelson 2011, Topcu et al. 

2021), their lack of precision and potential issues of rater bias raise questions about their 

reliability.  

An increasingly common way of improving measurement of traits that are 

difficult to quantify or labor intensive to measure throughout the biological sciences is 

image analysis. The first step of image analysis is image acquisition. Image acquisition 

can be accomplished through a variety of remote sensing devices and techniques 

including hyperspectral, infrared, and standard RGB cameras. These can be deployed on 

a variety of platforms including aerial drones, satellites, carts in the field, and controlled 

lightbox environments (Heineck et al. 2019, Li et al. 2014, Maimaitijiang et al. 2020, 

Oberholzer et al. 1996, Segarra et al. 2020, Su et al. 2020, Weiss et al. 2020). In the 

context of evaluating the yield of a crop post-harvest, as is the case with potato tubers, 

controlled environment image acquisition is the most practical option. While many 

remote sensing devices are able to be used in this scenario, we will primarily focus on 

low cost, widely available RGB image capture. 

Because visual scales are widely deployed in assessing disease severities, 

especially in contexts where measurement precision is highly important such as QTL 

mapping, studies in plant science evaluating the value of visual scales compared to image 

analysis tend to be in the context of disease scales. Parker et al. (1995) evaluated human 

rater reliability compared to image analysis in cereal diseases. Human ratings were 

inaccurate and imprecise compared to an image analysis baseline in a controlled 

classroom-like setting and also in a more realistic experimental setting. Experimental 

results of a seed treatment trial would lead to different interpretations between the human 

ratings, where no significant difference between treatments was found, and image 

analysis, where one treatment was found to be twice as effective as the other. Poland and 
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Nelson (2011) compared image analysis, human rating using a percentage estimate, and 

human rating with an ordinal scale in performing QTL mapping of northern leaf blight 

resistance in maize. While the same QTL were generally found across different methods, 

the effect sizes between methods and between raters varied by as much as three times. 

The use of the percentage estimates and scoring by experienced raters increased accuracy 

and precision, but experimental results were still heavily dependent on the individual 

rater. 

These studies assumed image analysis to be a suitable baseline for rating accuracy 

without directly providing evidence that image analysis should be accepted as the most 

reliable source of data. Bock et al (2008) tested image analysis reliability as well as that 

of human raters in citrus canker of grapefruit. Image analysis ratings of the same leaves 

in different photographs correlated near perfectly (r = 0.99) while human ratings had 

lower correlations (r = 0.89-0.94). This trend was also seen in several other statistical 

measures of accuracy and precision. Image analysis preformed best relative to human 

raters at very high or very low levels of disease coverage. While human rater 

performance was not particularly low in this on study, the lack of precision and accuracy 

of visual ratings in Parker et al. (1995) and Poland and Nelson (2011) suggest that the 

value of image analysis can be even greater in some traits and can have a major impact 

on the results of experiments. 

 

Skin Color Measurement 

Some studies utilize only a subjective five-point scale for color intensity (Reeves 

1988, Buhrig et al. 2015), but measurement of skin color for research purposes is most 

often performed using a colorimeter. These colorimeters typically report color using the 

Hunter LAB, CIE LAB, or Hue, Chroma, Lightness (HCL) color spaces, which are meant 

to simulate color as experienced by the human eye better than RGB (International 

Commission on Illumination 2019, Kuehni 2001). Image analysis has been used in the 

commercial context for sorting off-type or defective tubers (Tao et al. 1995, Patel et al. 

2012), though not in the research context until more recently. Caraza‐Harter and 

Endelman (2020) developed an image analysis method to extract HCL values from RGB 

images and collect hue, lightness, and chroma values of the tubers in an image. They 
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found high plot-based heritability (>0.8) for each color component as well as high 

collinearity between all three components. Image based color measurement could provide 

the advantage of highly accurate, quantitative measurement at a lower equipment and 

labor cost than colorimeters. 

 

Shape Measurement 

Measurement of tuber shape is often performed with either visual scales or using 

calipers to measure length to width ratio. Visual scales can be very simple, with only 

round and long categories, or include more classifications between these states (Prashar 

et al. 2014, Si et al. 2017, Van Eck et al. 1994). Calipers are able to give highly 

quantitative measurements of length to width ratio. However, using calipers is time 

consuming and doesn’t capture other aspects of tuber shape such as eye depth and 

knobbing, which are important to potato marketability (Chung et al. 1988). Early 

attempts at automated shape measurement using machine vision were focused on the 

commercial grading context. These were focused on identifying off type tubers in a single 

variety and lacked the scope and accuracy needed for research purposes (Hassankhani 

and Navid 2012, Razmjooy et al. 2012, Tao et al. 1995, Zhou et al. 1998). Si et al. (2017) 

developed an image analysis program using images of tubers in a lightbox taken with an 

RGB camera. The program was created specifically for research and breeding, able to 

measure at high accuracies of at least 94%, with more oblong tubers performing better 

than round tubers. This analysis was extended to images of potatoes passing on a grader 

belt where they were able to achieve similar accuracies with most potatoes despite the 

speed of the grader (Si et al. 2018). Neilson et al. (2021) created a similar program to 

evaluate length to width ratio, as well as a trait they refer to as circularity, in order to 

better account for shape factors like eye depth. Both of these traits were found to be 

moderately heritable between plants grown in greenhouse and field conditions. These 

studies are promising for low cost, high throughput quantitative shape measurement, 

however factors like eye depth and knobbing may still require other forms of 

measurement. 
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Area Correlation with Weight 

While weight is a trait that cannot be directly extracted from an image, a common 

approach is to estimate weight using area. Zhou et al. (1998) created an image analysis 

program to measure potato area, among many other traits, in a commercial context. They 

used area data along with grader yield data to determine the correlation between potato 

tuber area and weight, which they found to be very high (r = 0.97). Their study only 

included three, unspecified potato varieties, however a similar correlation (r = 0.98) in 

tubers from many genotypes has been observed (Neilson et al. 2021). While, to my 

knowledge, there are limited studies on the correlation between potato tuber area and 

weight, studies exist in other crops that may provide insight into how this trait may 

behave in potatoes. Jahns et al (2001) found a similarly very high weight to area 

correlation in tomato (r=0.99). However, a study that directly assessed two different 

varieties of mangoes found a significant difference in their area to weight correlations 

(Patel et al. 2020). Unequal correlations in area and weight between genotypes seem 

physically necessary due to differences in density and shape caused by genetic factors 

(Henninger et al. 2000). The degree of those differences may not be so severe as to make 

weight estimates based on area impractical in certain applications but should be 

considered before substituting these estimates for direct weight measurement. 

 

Skin Set Measurement 

Beyond basic skinning severity scales, more quantitative means of measuring skin 

maturity have been developed. The earliest means, which is widely deployed in studies of 

skinning or skin maturity (Lulai and Orr 1993, Boydston et al. 2018, Krupek et al. 2021), 

is a handheld torque meter designed to measure the force needed to pull the phellem layer 

off the tuber (Halderson and Henning 1993). A more recent method uses image analysis 

to determine the percentage of the tuber area that has been skinned in the process of 

harvesting and grading, which reduces some of the manual labor required in using a 

torque meter (Caraza-Harter and Endelman 2020). While these measurements may be 

similar, differences between potential skinning (as measured by pulling the skin) and 

realized skinning (as measured by skinned area) should be investigated. 
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Skin finish measurement 

Given the lack of a clear definition of skin finish, skin finish scales appear to have 

little consistency between studies. Scales tend to go from smooth skin to russeted skin 

often with few or even no intermediate states (da Silva Pereira et al. 2021, De Jong 1981, 

McCord et al. 2011, Raimo et al. 2018). Some define the trait based on marketability, 

using ratings much like a merit scale (Clulow et al. 1995). Ginzberg et al. (2012) utilize a 

five-point russeting scale based on percentage of the surface area with russeted skin 

rather than the severity of the russeting.  

 

Bruise measurement 

Bruising has been primarily studied in the context of impact with machinery or 

when falling into storage bins. Damaged sustained from impact has led to the 

development of potato shaped accelerometers or accelerometers made to be inserted into 

potatoes for quality control and calibration of harvesting and processing equipment 

(Praeger et al. 2013). In order to cause bruising comparable to that suffered during 

harvest and processing for research purposes, potatoes are dropped from a fixed height, 

hit with a pendulum at a fixed speed, or skinned abrasively (Dean et al. 1993). Another 

means of testing that is less related to industry processes but results in more precise 

measurements is mashing and homogenizing potato samples, allowing them to oxidize 

for a fixed time, then using spectroscopy to determine the levels of pigment in tuber 

tissue (Lærke et al. 2002). This damage is sometimes evaluated qualitatively as a binary 

scale of bruising presence or absence, or with slightly more quantitative visual scales 

where darker and larger bruises increase severity (Dean et al. 1993, Muthukumarappan et 

al. 1994). More complex indexes that account for things such as the width and depth of 

bruises can also be used (Lærke et al. 2002). Hyperspectral imaging has been used by 

several studies to identify bruising (Ji et al. 2019, López-Maestresalas et al. 2016, Ye et 

al. 2018), but use of RGB imaging to measure bruising is more rare. Oppenheim et al. 

(2019) created a program to identify bruised tubers, along with other defects, but this 

only identified the presence of bruising and did not measure severity. Marique et al. 

(2005) classified bruised regions on RGB video of peeled potatoes but required prepping 

of photos to avoid misclassifications.  
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Scab measurement 

The complex and variable symptoms of common scab can make the creation of a 

visual disease severity scale more difficult than one based only on infected surface area. 

Some visual scales ignore lesion types and focus only on percent coverage (Haynes et al. 

2010), however most reported scales make some distinction between lesion types. A 

common distinction is that between more superficial “scab” lesions and deeper “pit” 

lesions. Some only make this distinction (Wilson 2001), but others even further divide 

lesions based on depth and overlap (Driscoll et al. 2009, Wanner and Haynes 2009, 

Haynes et al. 2010). When lesion types are scored separately, these scores can also be 

combined using an index (Wilson 2001). While these scales provide ways to break down 

the visual symptoms of common scab, they are all limited in precision (less than 10 

categories) and subject to emphasis on what the creator of the scale finds to be the most 

important indicators of scab resistance with little scientific reasoning given for the 

weights assigned to different lesion types. Dacal-Nieto et al. (2011) utilized hyperspectral 

imaging to automate scab identification and Oppenheim et al. (2019) did the same with 

RGB images, but quantification of scab severity using image analysis appears to be 

unpublished.  

 

Chip and fry color measurement 

While the USDA Munsell color chart is still used to measure fry and chip color, 

there has been a widespread and long-term effort to provide quantitative measurements of 

chip and fry color. Spectroscopic analysis of acrylamide levels can provide quantitative 

data (Guo et al. 2019, Pedreschi et al. 2006a), but direct measurement of fry and chip 

color is also possible with image analysis. Early light-based methods that utilized the 

Hunter LAB scale with spectrophotometer devices required liquid from either fried chips 

or raw tubers absorbed onto filter paper, rather than direct observation of chips (Hyde and 

Shewfelt 1960, Chubey and Walkof 1968). Eventually, methods were developed for 

obtaining Hunter LAB scores from samples of crushed chips (Work et al. 1981). For 

French fries, only the outer surface is darkened, making methods that require crushing 

and flattening impractical. Therefore, in fries light reflectance percentages are used to 
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determine darkness (Panigrahi et al.,1996). Shock et al. (1994) compared reflectance 

values in French fries to the Munsell color chart and found the results to be highly 

correlative (r = 0.98), though the percentages offered by reflectance meters are more 

precise than the five-point visual scale, at least at a large enough sample size. 

Image based evaluation of fry and chip color appears to have originated in 

evaluation of grayscale video frames. Grayscale video frames have been used to extract 

average brightness of chips, as well as to rate dark spots on chips (Scanlon et al. 1994, 

Segnini et al. 1999). These results were found to strongly correlate with subjective scale 

ratings. Pedreschi et al. (2006b) implemented a system to evaluate chips fried at different 

temperatures using still images from a color camera. While this system utilized a color 

RGB camera, images were converted to the CIE Lab color space and grayscaled for L, a, 

and b values before processing, making this process very similar to the previously 

mentioned studies with the additional collection of a and b values. Despite the 

development of several image based systems for chip evaluation, they have seen little 

adoption, perhaps due to their dependence on samples of only one chip limiting either 

phenotyping speed or reliability. 

 

Machine Learning 

Image analysis performed manually by researchers can quickly become 

prohibitively tedious work, preventing high-throughput use, along with suffering from 

many of the same rater bias and fatigue issues of visual scales (Marée et al. 2005). This 

can be avoided by programming image analysis software to automatically segment and 

measure the color or size of regions of an image. However, directly coding instructions 

for segmentation and evaluation of images can become difficult for objects of interest 

that lack a constant, unique color and shape that can be described through programming 

languages (Madabhushi & Lee 2016, Liakos et al. 2018). These issues can be delt with by 

further extending the automation of image analysis through machine learning. 

Machine learning uses given data to identify patterns in that data and other similar 

data. This can be done through supervised or unsupervised classifiers. Supervised 

classifiers take training data that has been pre-classified and look for patterns in the 

classes that would allow determination of how to classify new sets of data. Unsupervised 
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classifiers have no training stage but rather take data sets and determine ways to divide 

the data into clusters (Liakos et al. 2018). Here I will be focusing on supervised 

classifiers. 

Machine learning algorithms can be further divided based on what kind of models 

they form to classify data. Some of these include decision trees, Bayesian models, 

instance-based models, and neural networks (Breiman 2001, Fix and Hodges 1989, 

LeCun et al. 2015, Liakos et al. 2018). Decision trees will be of particular interest here, 

although I will cover literature utilizing other methods. Decision trees divide data into 

classes based on a series of binary choices based on a single value in the data. These 

decisions then branch off into further decisions until the tree reaches sufficient size to 

accurately classify data (Breiman 2001). 

 

Machine Learning in potatoes 

Use of machine learning in combination with image analysis has been performed 

previously in potatoes. Oppenheim et al. (2019) used deep convolutional neural networks 

to classify RGB images of potato tuber skin into categories of black scurf, silver scurf, 

common scab, black spot, and healthy categories. Whole images were classified rather 

than pixels to categorize tubers rather than measure severity. Tubers were placed 

correctly over 90% of the time except healthy tubers which were classified as silver scurf 

infected about 17% of the time. Noordam et al. (2005) used multiple classifiers to detect 

black rot, greening, and mechanical damage in samples of raw French fries using both 

RGB and multispectral images. They found the highest accuracy with the support vector 

machines classifier with hyperspectral images and with the k-nearest neighbor classifier 

using RGB images. Accuracies across the four russet varieties used were as high as a 

10% range in accuracy across different clones. Razmjooy et al. (2012) examined tubers 

for general defects using RGB video and support vector machine classification intended 

to be implemented in a commercial tuber sorting context. Defective tubers were correctly 

identified 95% of the time.  

Specific use of decision tree algorithms, in particular Random Forest (Breiman 

2001), can be seen in some instances, usually along with other models. Dacal-Nieto et al. 

(2011) combined hyperspectral imaging with the Random Forest and Support Vector 



18 
 

Machines classifiers to measure common scab severity in terms of percent surface 

coverage. Cross validation showed an accuracy of 95% for Random Forrest and 97% for 

Support Vector Machines. Duarte-Carvajalino et al. (2018) used RGB images captured 

from a drone to measure late blight severity among potato plant canopies, using many 

different machine learning classifiers to determine severity. Of the classifiers used, 

convolutional neural networks and Random Forest had the best performance, with mean 

absolute errors of 12% and 13%, respectively. A variety of machine learning classifiers 

have been successfully implemented for different defects and diseases of potato in several 

contexts. Random Forest appears to perform similarly to other popular methods like 

Support Vector Machines and neural networks, but the performance of one classifier over 

another seems highly dependent on the task involved. 

 

Genomic selection 

A potential application for high quality, quantitative phenotype data is genotypic 

selection (Cabrera‐Bosquet et al. 2012). Genomic selection has emerged as a promising 

means to increase genetic gain compared to traditional phenotypic or marker assisted 

selection in many crops. Markers have historically been used as an enhancement to 

phenotypic selection, providing utility for traits that take time to emerge or are difficult to 

measure (Bernardo and Yu 2007). While marker assisted selection has been available 

since even few genetic markers were available, genomic selection has only become 

feasible somewhat recently as more dense marker arrays have emerged in crops. Rather 

than relying on finding significant markers for traits of interest as is done in marker 

assisted selection, genomic selection utilizes every marker across the genome as random 

effects in a mixed model to determine an expected breeding value for traits of interest. 

This is of particular advantage over both phenotypic selection and marker assisted 

selection in low heritability traits controlled by many loci (Bernardo and Yu 2007). 

Genomic selection has gradually seen adoption in many diploid and allopolyploid crops 

including maize, soybean, wheat, and pea (Bernardo and Yu 2007, Jarquín et al. 2014, 

Pérez-Rodríguez et al. 2012, Lorenz et al. 2012, Annicchiarico et al. 2019). However, this 

is only recently becoming realized in autopolyploid crops such as potato. 
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Autopolyploids experience unique conditions that limit the applicability of 

genomic selection models created for diploids (Wu et al. 2001). A major difference is the 

possibility for five allelic dosages rather than the three possible in a diploid. These allelic 

states are potentially more difficult to distinguish from each other and allow for the 

possibility of more than two alleles per genotype. Inheritance of multiple chromosome 

sets from one parent also allows for more than two alleles to be present at one locus and 

for dominance effects to be heritable (Amadeu et al. 2020, Paterson 2005). Other 

complexities of autopolyploids include double reduction, which results in sister 

chromatids sorting to the same gamete during meiosis and means that even fully 

heterozygous genotypes can produce some homozygous gametes (Meirmans et al. 2018, 

Wu et al. 2001). These complexities in polyploid genomics require more steps be taken in 

quantitative genetic analyses, including genomic selection. 

Distinguishing between five allele dosages required the development of additional 

genomic tools such as high read depth genotyping by sequencing (GBS) and single 

nucleotide polymorphism (SNP) arrays combined with mixture models to distinguish 

allele dosages (Voorrips et al. 2011, Uitdewilligen et al. 2013). In the genomic selection 

models developed from this genotype data, steps must be taken to account for factors 

including dominance, double reduction, and multivalent pairing (Wu et al. 2001).  When 

combined, these additional measures and tools may enable genomic selection in 

polyploids comparable in utility to that already used in diploids. 

 

Genomic Selection in potatoes 

While genomic selection in potatoes has only recently become attainable, its 

potential benefits have led to quickly expanding interest and research. A crucial 

component of this research is what models should be used, and what data improves their 

reliability. Genomic best linear unbiased prediction (GBLUP), Bayesian least absolute 

shrinkage (LASSO), and reproducing kernel Hilbert spaces (RKHS) have been compared 

using the same population and traits and were found to have similar performance to each 

other (Habyarimana et al. 2017). While not necessarily proven to be substantially better 

at creating reliable models than other methods, GBLUP and its variants appear to have 

gained dominance in potato genomic selection (Endelman et al. 2018, Gemenet et al. 
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2020, Sood et al. 2020, Sverrisdóttir et al. 2017). Providing allele dosage data has 

improved models for yield, fry color, and specific gravity (Endelman et al. 2018). The 

partitioning of additive and non-additive genetic variance has had mixed results across 

studies, sometimes improving reliability but in other cases having no significant impact 

(Enciso-Rodriguez et al. 2018, Endelman et al. 2018, Gemenet et al. 2020). This may 

depend on the architecture of the trait being analyzed (Gemenet et al. 2020). Combining 

pedigrees with genotype data generally improves model reliability, depending on the trait 

and population studied (Enciso-Rodriguez et al. 2018, Sood et al. 2020). In some cases, 

models built from pedigree data without genotypes may even have performance 

equivalent to GBLUP models (Endelman et al. 2018). Overall, components to add to 

these models such as pedigree data and non-additive variance seem to differ in 

effectiveness depending on the traits and population involved but appear to be effective 

in at least some circumstances. 

Other important factors to determine for potato genomic selection are necessary 

population sizes, markers, and read depth needed for useful models. Model accuracy can 

be inconsistent across training populations and models applied to different populations 

are often unreliable. However, reliability can be improved by using larger training 

populations or combining populations (Sverrisdóttir et al. 2017, Sverrisdóttir et al. 2018). 

Genotyping large populations can become prohibitively expensive, so ways of optimizing 

genotyping are needed for wide adoption of GS. Strategically reducing genotyping costs 

for GS can be accomplished by using principal component analysis on phenotype data to 

focus genotyping on individuals with multi trait variation and pruning SNPs based on 

linkage disequilibrium without loss in model quality (Selga et al. 2021). High read depth 

is critical for creating reliable models using GBS data, however costs can be reduced by 

using as few as 1000 SNPs without losing significant model quality (Gemenet et al. 

2020). Increases to genotyping and model efficiency, using methods including those 

discussed here are needed for practical, widespread implementation of this technology. 
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Conclusion 

Breeding for quality traits is an essential component of creating an improved, 

marketable potato. However, the large number of traits involved in quality requires 

collection of a lot of phenotype data. While the most common approach to this is the use 

of visual scales, these scales lack accuracy and precision due to broad categorical 

measurements and inconsistency between raters. Image analysis is a way to improve 

quality trait phenotype data. While successful adoption of image analysis has been seen 

in some quality traits, many breeders still primarily use visual scale measurements.  

In cases of complex quality traits, machine learning can be used to identify and 

create trait data. This is a rapidly expanding area of research but remains even less tested 

and utilized than more basic forms of image analysis. An ideal application of more 

accurate and precise phenotype data in pursuit of genetic improvement of potato is 

genomic selection. Genomic selection has only recently become available in tetraploid 

potato due to the development of specialized tools to account for the complexities of 

polyploid genetics. While this is a recent development, potato genomic selection is also a 

rapidly expanding area of research likely to be utilized by breeders for clone and parent 

selection. Combined with the phenotyping technologies of image analysis and machine 

learning, this should provide selection models that can be used to accelerate progress in 

the difficult pursuit of potato quality trait breeding. 
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Chapter 2 
TubAR: an R package for quantifying tuber shape 
and skin traits from images 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

Summary 

 Potato market value is heavily affected by tuber quality traits such as shape, color, 

and skinning. Despite this, potato breeders often rely on subjective scales that fail to 

precisely define many phenotypes. Individual human raters and the environments in 

which ratings are taken can bias visual quality ratings. Collecting quality trait data using 

machine vision allows for precise measurements that will remain reliable between raters 

and breeding programs. Here we present TubAR (Tuber Analysis in R), an image 

analysis program designed to collect data for multiple tuber quality traits at a low cost to 

breeders. To assess the efficacy of TubAR in comparison to visual scales, red potatoes 

were evaluated using both methods. Broad sense heritability was consistently higher for 

skinning, roundness, and length to width ratio using TubAR. TubAR collects essential 

data for fresh market potato breeding programs while maintaining efficiency by 

measuring multiple traits through one phenotyping protocol.  
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Introduction 

Tuber quality traits, including shape, color, and skinning (excoriation), are key 

determinants for the market value of potatoes (Carputo et al. 2004). Therefore, they are 

important selection targets for potato breeders. These tuber quality traits are traditionally 

rated on subjective five or nine point visual scales (Buhrig et al. 2015, Prashar et al. 2014, 

Reeves 1988, Van Eck et al. 1994). While these scales simplify breeder note taking and 

allow for comparison across programs, they may not encompass all meaningful aspects of 

a trait. For instance, in the US National Chip Processing Trial, tuber shape is rated on a 

five-point scale from compressed to elongate as shown in Figure 2.1. The scale fails to 

account for other deviations from ovoid, such as shoulders/boxy shape, pointy ends, or 

lumpiness. Use of calipers to measure tuber length to width ratios can provide a more 

precise measurement of tuber shape, however this is labor intensive and does not capture 

other elements of tuber shape that are important to processors and consumers, such as 

knobbing which can lead to loss of yield in harvesting and processing (Chung et al. 

1988). 

Several sources of inconsistency arise in applying visual ratings. Results can vary 

across scientists due to individual differences in sensory perception (e.g. varying degrees 

of color perception capacity) and internalized definition of the target phenotype, as well 

as across time due to breeder experience level, fatigue, and differences in lighting during 

evaluation. In research involving many scientists over a large area, consistent, clear 

phenotyping standards are vital to ensuring high quality data and increasing the 

likelihood of meaningful results (Parker et al. 1995, Poland and Nelson 2011). Within-

field or within-experiment check clones may be used to “visually calibrate” one’s scoring 

before evaluating experimental entries. However, genotype by environmental interactions 

account for a portion of phenotypic variance and relying on generalizations about the 

standard cultivars’ expected performance would result in a visual mis-calibration in some 

instances (Liu et al. 2019). Machine vision can improve consistency across programs and 

environments by eliminating differences due to rater bias, as well as measure traits of 

interest more accurately (Parker et al. 1995, Bock et al. 2008, Poland and Nelson 2011).  
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Machine vision is commonly utilized to assist in commercial quality sorting in a 

variety of crops including potato. Most machine vision platforms for potatoes are 

designed for industrial scale processors and implementing these systems in breeding 

programs may involve expensive equipment and might not provide the precision or 

consistency needed for research applications (Cubero et al. 2011, Moreda et al. 2012, 

Zhou et al. 1998).  Specialized equipment for measurement of color (colorimeter) and 

skinning (torque meter) exist, but these are expensive and labor intensive as they are 

limited to the evaluation of one or very few traits. Accurate and precise image analysis of 

multiple tuber traits using standard digital camera images would therefore be 

advantageous to efficient and low-cost measurement of quantitative tuber quality traits.  

Image analysis systems for potato tubers with accuracy appropriate for research 

and breeding program applications have been previously developed for both tuber shape 

and color. Si et al. (2017) used watershed segmentation to identify tubers in standard two-

dimensional digital images and measured the length width ratio of the segmented tuber 

shapes. Accuracy of the ratios compared to caliper measurements was 96% for white 

potatoes and 94% for red potatoes, with the lower accuracy in red potatoes attributed to 

their generally more circular shape. Caraza-Harter and Endelman (2020) evaluated red 

potato skin color and skin set in digital images using the RGB Measure Plugin in ImageJ 

(Schneider 2012). Plot based heritability, using image analysis for phenotyping, was 

above 0.75 for the hue, chroma, and lightness measures of skin color, as well as for 

skinning.  

While these image analysis methods provide accurate results at a low cost, high 

throughput phenotyping requires more automation and simplification of the analysis 

process. The tuber image analysis process could greatly benefit from having a single 

program and protocol to measure multiple quality traits at once. TubAR (Tuber Analysis 

in R) provides a simple and efficient method for phenotyping multiple tuber traits from 

light box images simultaneously. 
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Methods 

 

Plant material and phenotyping  

We collected a random sample of 10 USDA medium (2.5 – 3.25’’) sized potatoes 

from each plot of a nitrogen trial held at the Sand Plain Research Farm in Becker, MN in 

the summers of 2018 and 2019 described in Stefaniak et al. (2021). Entries were 

advanced red potato selections from the University of Minnesota – Twin Cities breeding 

program and a selection of red potato cultivars favored by Minnesota growers. Plots were 

desiccated 90 days after planting (DAP) and mechanically harvested 104 DAP and tubers 

sized with a Kerian sizer (Kerian Machines Inc. Grafton, ND). Tuber shape was rated 

categorically as “boxy”, “elongate”, “oblong”, “pear” or “round”. Skinning was rated on 

a 0 to 5 scale (none to severe) and tuber color intensity was rated on a 0 to 5 scale (light 

to intense red color).  

Additionally, we collected samples of red potato clones from the University of 

Minnesota breeding program that were grown over the 2019 and 2020 field seasons. In 

2019 potatoes were grown at the North Central Research and Outreach Center in Grand 

Rapids, MN. Plots were desiccated 98 DAP and mechanically harvested 118 DAP. These 

tubers were not graded or rated using visual scales. In 2020 potatoes were grown at the 

Sand Plain Research Site. Plots were desiccated 90 DAP and mechanically harvested 104 

DAP. Tubers were graded on an AgRay sorter and visually rated as above in 2020.  

Following the methods described by Caraza-Harter and Endelman (2020), tubers 

were gently washed with water to remove soil and allowed to dry. For each plot, ten 

tubers were staged in an Ortery Photosimilie 200 software-controlled light box (Ortery 

Technologies Inc.) with front and rear lights turned on. One image was taken per plot. 

Photographs were taken with a Rebel T6i camera with a 24mm lens, ISO 100, 1/30 sec 

shutter speed and aperture f/5.6. A CameraTrax 24ColorCard (CameraTrax.com CT24-

23-1315) was placed in the lower right corner of the image. Images were 6000 x 4000 

pixels with resolution of 72 x 72. Images were saved in .jpg (lossy compression) format.  
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Image segmentation 

 Tubers were isolated from the image background through image segmentation. 

Images were read into the R statistical software (R Core Team 2018) environment with 

the package EBImage (Pau et al. 2010) and resized to reduce computation time with the 

function resize. Transformation from RGB to the CIELab color scale was done with the 

function convertColor (R Core Team 2018). We chose the CIELab color scale because it 

is the international standard for description of the color of objects because it is most 

similar to human perception (International Commission on Illumination 2019). Each 

component matrix of the color scales (R, G, B, L, a, and b) was inspected for capacity to 

create separation between tuber and background pixels. The resulting components of the 

image were subjected to a threshold to create a binary filter. Within-tuber gaps, due to 

lightly colored patches of skin or skinning, were filled with the function fillHull (Pau et 

al. 2010). Image segmentation was conducted with the function bwlabel (Pau et al. 2010). 

A minimum object size in pixels was enforced to remove objects resulting from shadows 

and small debris (e.g. tuber skin flakes and residual soil).  

 

Color correction 

We used three-dimensional thin-plate spline (TPS) to color correct images to 

minimize the effects of any changes in light levels. TPS for color correction warps 

(transforms) pixel color values of a conserved object in an image to a predetermined 

reference RGB color value, in this case, the center pixel of each color chip in the 24-chip 

color card. An interpolation function is then used to transform the color values of the 

other pixels in the image using the difference between the observed color of the color 

card pixels and the reference colors (Menesatti et al. 2012). The tps3d function from the 

Morpho package (Schlager 2017) was utilized to create the interpolation function and 

determine the corrected color values for each pixel.   

 

Shape measures 

 Several measures were calculated on a per-tuber basis with the objective of 

identifying measures that correlate well with visually apparent aspects of tuber shape. 

The perimeter and area were recorded for each tuber as well as the convex hull of each 
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tuber. The convex hull is the tuber shape modified by removing indents, which are often 

created by micro-environmental factors. Maximum length was determined as the 

maximum of distances between all possible pairs of perimeter pixels. The minimum 

bounding box was fit for each tuber resulting in measures of length, width, and length-to-

width ratio. Convex hull area and convex hull perimeter were used to calculate 

roundness. Roundness ranges from zero (for a straight line) to one (for a perfect circle) 

(Van der Werff and Van der Meer 2008). 

 

roundness =  
 convex perimeter�

4π ∙ convex area
 

 

Color and skinning measures 

On a per tuber basis, pixels were converted from RGB to the CIELab color scale 

with the function convertColor. We used the nlsLM function from the minpack.lm 

package (Elzhov et al. 2016) to fit a sigmoid curve with the formula: 

 

y =  
a

1 + e��∗(���)
+ e 

 

in which y is the percent of the tuber pixels designated skinned at b (from Lab) threshold 

x. The parameters a, c, d, and e were initiated at the maximum y value, 1, the median x 

value, and minimum y value, respectively. The threshold for designating pixels skin (red) 

or skinned (flesh, white to yellow) was set at 1.5x the d value, whereby the algorithm 

responds to differences in tuber skin and flesh colors for each image. It is assumed that 

all tubers within an image comprise a sample from the same variety under the same 

treatment. 

 Excluding the portions identified as skinned, tuber skin color was quantified in 

terms of redness as the median a (from Lab) value for each tuber and skin lightness as the 

median L (from Lab) value for each tuber (Figure 2.2). 
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Heritability Calculations 

 Broad sense heritability for redness and skinning was calculated using data from 

visual ratings and then from image analysis data collected from the potato tubers. We 

used the lmer function from the lme4 R package (Bates et al. 2015) to create linear 

mixed-effect models from trait values, clone, nitrogen rate, and block among the nitrogen 

trial populations. 

 

Pijk = μ + Gi + Bj + Rk + εijk 

 

 Where Pijk is the trait phenotype of clone i in block j at nitrogen rate k, μ is the 

intercept, Gi is the random effect of genotype, Bj is the fixed effect of block, Rk is the 

fixed effect of nitrogen rate, and εijk is the random effect of the residual. For the breeding 

program data, field year was used instead of block and no fixed effect from nitrogen was 

present, making the linear mixed-effect model: 

 

Pijk = μ + Gi + Bj  + εij 

 

Variance components, VG and VE, were taken from the lmer function output and used to 

estimate broad sense entry-mean heritability. 

 

Sample size variance calculations 

 In order to evaluate the optimal number of tubers per photo, we determined the 

mean standard error of standardized output values for each of the five phenotypes 

described above using 3 to 10 tuber samples, which is the practical limit of what can 

easily fit in the lightbox for most clones. Samples were taken from images of 224 clones 

harvested from the University of Minnesota breeding program in 2020. Smaller sample 

sizes were simulated from trait data of 10 samples by shortening the sample data lists. 

Because tuber placement within images was not ordered, these smaller tuber samples 

would still be random. For each trait, the standard error at a given tuber number was 

averaged across the 224 clones. These averages were plotted to evaluate gain in precision 

from each additional tuber included in an image. 
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Visual scale consistency test 

 We created a set of 50 red potato sample pictures, then created 2 more sets of the 

same sample pictures in randomized orders. The skin.all function in TubAR was used to 

remove the backgrounds of the photos to limit information about the clone genotype. 

Four members of the University of Minnesota Potato Breeding and Genetics Lab with 

prior experience in rating tubers using visual scales rated the pictures from each of the 

three sets using the skinning, color intensity, and shape visual scales previously 

discussed. We instructed participants to rate the pictures quickly as if the sample were 

passing by on a conveyor belt in order to simulate scoring of tubers during grading. 

Scores were then derandomized and the coefficient of determination (R2) for each pair of 

sets scored by the same rater, as well as every pair of sets between each rater was 

determined using the cor function in R. The maximum, minimum, and average 

coefficient of determination was determined between scores of different sets from the 

same rater as well as between different raters. 

Because the skinning trait rated by TubAR is theoretically comparable to that 

rated with the visual scale, the same set of 50 sample pictures was rated for skinning 

using TubAR. The ratings were converted from percentages to a three point scale, 

mimicking the ratings from human observers. This set of skinning values was compared 

to each of the sets rated by the human raters using the maximum, minimum, and average 

coefficient of determination as discussed above. The standard deviation for visual scores 

of each trait for each sample image were averaged for each trait to measure variation in 

rating across raters. 

An additional set of 30 sample images of red potatoes collected from the USDA-

ARS Potato Breeding and Genetics program in Prosser, WA using a Nikon D7100 DSLR 

camera and a HAVOX HPB-80D photo studio light box with a non-reflective black 

background. Images were evaluated by a scientist from the USDA and one from the 

University of Minnesota to determine difference in ratings between programs and 

demonstrate TubAR’s extendibility to other lightbox set ups. Color intensity and shape 

were rated, while skinning was not due to low variance among the sample images. Trait 

scores were compared within one rater’s scores and between raters based on R2 values. 

Human color ratings were compared to lightness and redness values from TubAR and 
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human shape scores were compared to length to width ratio and roundness using R2 

values. 

 

Time efficacy test 

To quantify the difference in time to get trait data using TubAR versus previously 

available methods for quantitative tuber trait measurement, we timed the use of TubAR, 

calipers, and a colorimeter to collect data from 10 tubers.  

For TubAR measurements, timing was started at the beginning of staging the 

tubers in the lightbox. Once a photo of 10 tubers was taken and saved, the timer was 

stopped. An R script was run on a personal computer (AMD Ryzen 5 3600 3.6 GHz 

processor, 16 GB of RAM, Microsoft Windows 10 Pro version 21H1) to collect skin and 

shape data from the photo, with the timer being restarted upon running the script, and 

stopped at the console printing trait values. To reflect the scalability of TubAR, a sample 

of 100 photos was processed with TubAR using the skin.all function using four processor 

cores, timing started upon running the R script and ended upon the creation of matrices of 

median skin and shape trait values.    

For the alternative manual measurement method, ten tubers, calipers, a reflectance 

colorimeter (Photovolt Instruments Photoreflectometer 577PC), and a computer were 

assembled beforehand, and a timer was started once measurement began to be taken. 

Length to width measurements and reflectance values were taken for each tuber and 

recorded in a spreadsheet, with the timer being stopped after the last value was recorded. 

This was performed by three individuals with the average time being used in further 

calculations. 

Total time to record data for one sample was directly timed for both methods, 

while time to collect data for 100 samples was based on multiplying the time to perform 

the manual component of each method, and in the case of TubAR adding the processing 

time for 100 photos. 

 

Weight area correlation 

 A total of 337 potato breeding lines and named cultivars maintained by the 

USDA-ARS Potato Breeding and Genetics program in Prosser, WA and the U.S. Potato 
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Genebank in Sturgeon Bay, WI were planted as twice replicated, five-hill plots in the 

Pear Acres field site at Washington State University Irrigated Agricultural Research and 

Extension Center in Prosser, WA. Tubers from the plots were assessed for yield in order 

to compare tuber weight to tuber area. Tubers were rinsed by applying water to the 

samples for several minutes inside modified Kobalt 4-cu ft 0.5-HP cement mixers (Lowes 

LLC) lined with a ¼ inch yoga mat material (YogaDirect.com LLC). Measurements of 

sample yield were be taken using Ohaus Valor 7000 scale controlled by Python script run 

on a Raspberry Pi 3 computer. Those same samples were photographed and total tuber 

area in pixels was determined for each sample using TubAR. The cor function in R was 

used to determine the R2 between the weight data and total area data from each sample. 

 

Results 

 

Parameters for TubAR use 

Image size was reduced by a factor of four which was found to speed computation 

time while preserving the image sufficiently, as determined by visual inspection of the 

reduced images. Examples of the original and reduced images are shown in Figure 2.3.  

To determine how the number of tubers per image affects the consistency of the 

measurements, we calculated standard errors for subsets of the tubers in each image. For 

all traits we observed a decrease in standard error with each additional tuber.  However, 

the marginal effect of each additional tuber decreased as total tuber number increased 

(Figure 2.4). 

 

Effectiveness as compared to visual ratings 

We compared the performance of TubAR to visual ratings by looking at 

heritabilities and correlations. TubAR trait heritabilities were consistently higher than 

visual scores for the 2018 population (Table 2.1). In the 2019 nitrogen trial visual color 

intensity heritability was higher, with TubAR redness and lightness heritabilities being 

comparatively lower. TubAR trait heritabilities were recorded for the breeding program 

populations but could not be compared to visual scores because they were only scored 
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visually one year. We could not calculate heritability for skinning in the breeding 

population due to low variation across clones.  

 R-squared values between comparable visual and TubAR measurements ranged 

from 0.26 to 0.41 (Figure 2.5). We observed negative correlations for roundness and 

lightness because the scales for the TubAR measurements and the visual measurements 

run in opposite directions. 

Judging the effectiveness of TubAR using correlations assumes the visual ratings 

are accurate.  We had multiple raters rate the same images to determine consistency 

across raters.  Coefficients of determination for human visual scores (Table 2.2) tended to 

be higher between ratings by the same individual than between individuals but ranged 

widely in every case (less than 0.2 to more than 0.6). Shape scores had the highest within 

and between correlations while color intensity had the lowest. The average R2 between 

TubAR scores and human ratings was very similar to the between rater average (≈0.25). 

The average standard deviation of scores across the ratings for color intensity was 0.71, 

0.76 for skinning, and 0.39 for shape.  

In order to look at rater consistency in a different population and between 

different breeding programs, we also had a rater from the University of Minnesota and 

the USDA rate tubers from the USDA for color intensity and shape. Within rater R2 

values averaged 0.54 for color and 0.66 for shape. Between rater R2 values averaged 0.12 

for color and 0.60 for shape. TubAR values for lightness and redness were compared to 

color intensity. Length to width ratio and roundness were compared to shape. Color 

intensity had an average R2 of 0.11 with redness and 0.41 with lightness. Shape rating 

had an average R2 of 0.58 with length to width ratio and 0.65 with roundness.  

Comparing tuber weight and tuber area as calculated by TubAR provides a 

measure of effectiveness that does not depend on the accuracy of visual ratings. The R2 

between tuber sample weights and total tuber photo area was 0.77. 

 

Time investment  

Measuring and recording color and length to width ratio for a single, ten-tuber 

sample took 5 minutes 40 seconds using TubAR, and 4 minutes 14 seconds using a 

calipers and photovolt. Taking a picture for TubAR took 2 minutes 23 seconds with the 
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remaining time being processing in R. Processing 100 samples in TubAR took 54 

minutes 1 second. When the photo taking time is multiplied by 100 and added to TubAR 

processing time, the expected time to collect data for 100 samples in TubAR is 4 hours 

52 minutes. The caliper and colorimeter time is multiplied by 100 to get the expected 

manual measurement time of 7 hours 3 minutes. 

 

Discussion 

 TubAR was created to improve the precision and accuracy of tuber quality trait 

measurements over that of the visual scales often used by breeding programs to 

phenotype for selection. The more accurate the information used in breeder decisions, the 

more effective selection can be. This is particularly important as potato breeders begin 

implementing genomic selection cycles, where inaccurate predictions can drive 

populations in the wrong direction (Caruana et al. 2019,  Enciso-Rodriguez et al., 2018, 

Endelman et al., 2018,  Gemenet et al., 2020,  Habyarimana et al., 2017, Selga et al., 

2021, Sood et al., 2020, Stich & Van Inghelandt, 2018, Sverrisdóttir et al., 2017, 

Sverrisdóttir et al., 2018). 

 

Accuracy and Precision 

When visual ratings are used, clones are assigned a whole number value between 

one and five. TubAR increases the potential for precision by relying on a continuous 

numeric scale  rather than a rating. Accuracy is more difficult to measure but from a 

breeding perspective, it is most important to be accurate about the genetic component of a 

trait. For traits measured using multiple methods in the same population, comparing 

heritability can provide information on the relative accuracy of measurement techniques 

(Caraza-Harter & Endelman, 2020).  Because location and genotype remain the same 

across measures, any changes in heritability can be attributed to the accuracy of the 

phenotyping method. TubAR roundness, length to width ratio, and skinning consistently 

had higher heritability than the visual scale measurements, while redness, and lightness 

did not (Table 2.1). 

It is important to note that redness and lightness are affected by tuber 

washing/drying. Visual inspection showed that images from 2018, where both TubAR 
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color measurements exhibited high heritability as compared to the visual scores, featured 

consistently dry tubers, whereas images from 2019, where heritability was dramatically 

lower, featured some wet and some dry tubers.  Washing tubers before taking pictures 

improves the accuracy of color ratings but all tubers should be left to completely dry 

before being photographed. TubAR is only as good as the input images, so care must be 

taken for consistent images.  

The increases we observed in heritability for many TubAR traits in comparison to 

visual scales could be attributed to either an improvement in our ability to measure traits 

or to refining the definition of the traits. Breaking down a trait like shape or color into its 

component pieces may better reflect the underlying factors. For example, lightness 

increases with length of time in storage while hue, or color family, remains unchanged 

(Caraza-Harter & Endelman, 2020). Similarly, nitrogen affects lightness but not redness 

(Jones et al., 2021) and heat affects the expression levels of anthocyanins but not which 

ones are expressed (Liu et al., 2019). Separating color into lightness and redness, may be 

allowing us to distinguish between the aspects of color more dependent on environment 

and those that are more heavily genetic.  

A second method we explored for determining the accuracy of TubAR 

measurements was comparing the values to visual scores (Figure 2.5).  However, the 

correlation between scores from different raters (Table 2.2) were so low as to bring into 

question the value of the visual ratings as a benchmark. The correlation between TubAR 

traits and visual ratings was consistent with the correlation between measurements from 

different raters.  We observed a higher correlation when comparing area as determined 

from images to tuber weight. However, this correlation was lower than the extremely 

high correlation (R2 = 0.94) reported by Zhou et al. (1998). The discrepancy could be 

accounted for by the fact that Zhou et al. only examined three potato cultivars while we 

measured diverse samples from a breeding program. Significant variation in area to 

weight correlation between cultivars has been found in mango (Patel et al. 2020).  This is 

likely to be true for potatoes as well given genetic variation in shape and specific gravity 

both of which would influence the correlation between weight and area (Slater et al. 

2014).  
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Practicality of Implementation  

We were able to collect and process images for a very low material cost. While 

some labor cost is saved in the faster processing of many images, staging and taking 

photos of each set of tubers is still labor intensive. However, when taking measurements 

for many samples, time is ultimately saved compared to using calipers and a colorimeter 

to manually measure traits. Additionally, TubAR measures many more traits than the two 

measured by manual devices and adding trait measurements does not add to the time it 

takes to collect data. It should also be noted that much of the processing time using 

TubAR does not require a human to be actively involved, potentially lowering labor costs 

well beyond the time saved compared to manual measurement. 

The time required in staging tubers can be balanced with the precision desired in 

an experiment. The standard errors seen in different sample sizes largely decrease with 

every additional tuber from three up to the maximum ten in each trait. While the standard 

errors continue to decrease, each additional tuber decreases the standard error less than 

the previous tuber. This creates a situation of diminishing returns where the gain in 

precision will eventually not make up for the extra time spent staging more tubers. This 

tradeoff is particularly important for larger market classes, such as russets, where fitting 

ten tubers in one image may not be practical for a lightbox, or when time and labor 

available for phenotyping is constrained.   

 

Potential Benefits  

 Machine vision phenotyping systems such as TubAR can provide more accuracy 

from year to year within a breeding program if the same system is used to evaluate clones 

from generation to generation. They can also be used to increase accuracy between 

programs in situations such as national trials where multiple raters would introduce bias 

to visual scales, as seen by the low correlations between ratings of different scientists.  

While TubAR’s ability to score many traits from one image increases the speed 

that each of those traits can be scored compared to manual or visual scale measurements, 

staging tubers, tags, and color cards for each photo is still labor intensive and sets a 

practical limit on the amount of tubers that could be measured in a year by most breeding 
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or research programs. Modifying this program for use in a potato sorter may allow high-

throughput phenotyping by eliminating the need to manually stage each photograph.  

Our current version of TubAR focuses on quality traits crucial to fresh market red 

potato including skin color, shape, and skinning. There is potential for other traits of 

interest to be measured with TubAR through a similar image analysis which would 

increase the applicability of TubAR to other market classes. Traits of interest that may 

include russeting, greening, eye depth, and diseases including common scab, 

Rhizoctonia, and silver scurf. One benefit of TuBAR is that we can retain images and as 

we add functionality, we can measure additional traits in previous years’ breeding 

populations. Only limited modifications may be necessary to use the program to measure 

the color of chips and fries or even the color and shape of other crops such as apples.   

 TubAR is available at https://github.com/shannonlabumn/TubAR. Instructions, a 

vignette, and sample data are available for download with the package.   
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Tables 

Table 2.1 Broad-sense heritability of several tuber quality traits in red potatoes from three 
populations.  
Trait Nitrogen trial 2018 Nitrogen trial 2019 Breeding 

program 2019-
2020 

Skinning (Visual) 0.63 0.62 N/A 
Skinning (TubAR) 0.68 0.68 N/A 
Color Intensity (Visual) 0.59 0.71 N/A 
Redness (TubAR) 0.63 0.14 0.33 
Lightness (TubAR) 0.63 0.12 0.60 
Shape (Visual) 0.36 0.41 N/A 
Roundness (TubAR) 0.64 0.50 0.51 
Length/Width Ratio 
(TubAR) 

0.61 0.48 
 

0.48 

 
 
Table 2.2 Minimum, maximum, and average coefficients of determination (R2) for color 
intensity, skinning, and shape measurements. “Within” values represent a single rater’s 
consistency across three times rating the same picture set. “Between” values reflect 
consistency across raters. The only trait measured by visual rating and TubAR was 
skinning and final row reports R2 values for comparisons between rater scores and 
TubAR scores. 
Ratings Maximum Minimum Average 

Color intensity Between 0.61 0.00032 0.22 

Color intensity Within 0.64 0.047 0.38 

Skinning Between 0.69 0.010 0.25 

Skinning Within 0.70 0.10 0.42 

Shape Between 0.68 0.077 0.43 

Shape Within 0.76 0.17 0.47 

Skinning TubAR 0.39 0.074 0.26 
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Figures 

 
Figure 2.1 USDA form OMB NO 0581-0055 Tuber shape classification. (USDA Plant 
Variety Protection Office 2015) 
 
 

 
 
Figure 2.2 Percent of the tuber surface designated skinned relative to the Lab b value 
threshold within an image for each tuber (solid, black). The sigmoid curve fitted across 
tubers (short dashes, blue) was used to set the b threshold for the image (long dashes, 
red). 
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Figure 2.3 Image processing with TubAR. Original image (a, 6000 x 4000 pixels) versus 
resized image (b, 1500 x 1000 pixels) and indexed tubers with skinned area shown in 
gray (c). 
 

 
Figure 2.4 The mean standard errors of five standardized TubAR trait values given 
different numbers of sample tubers for 224 clones from the University of Minnesota 
breeding program. 
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Figure 2.5 Scatterplots and regression lines of TubAR traits and visually rated traits. (a) 
Skinning percent determined by TubAR vs. skinning 1 to 5 visual rating, (b) Redness 
from TubAR vs. color intensity 1 to 5 visual rating, (c) Lightness from TubAR vs. color 
intensity 1 to 5 visual rating, (d) Roundness as measured by TubAR vs. shape visual 
rating, (e) Length Width Ratio taken from the length and width measured by TubAR vs. 
shape visual rating. 
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Chapter 3 

Creation of machine learning models for 

identification and measurement of pressure bruise 

and skin finish 
 
 

 

 

 

Summary 

 Tuber quality traits are important factors in breeding new potato varieties. While 

measurement of some quality traits can be automated by programming image analysis 

systems directly, others are difficult to define in ways that can be easily turned into 

computer code. However, leaving these traits to be measured using visual scales risks 

losses in precision and accuracy. Machine learning allows these traits to be identified by 

image analysis programs using example data, combining the simplicity of training a 

human rater with the accuracy, precision, and scalability of automated image analysis. 

Images were visually classified to create training data for pressure bruise and skin finish 

models which were used to create Random Forest models. These classifier models were 

used to create probability maps which were analyzed using the EBImage R package to 

get percent bruise coverage or the dominant skin finish type. These values were 

compared to manual scores of the same images. Model accuracy based on a test set made 

from the training data was 94.2% for the pressure bruise model, and 93.5% for the skin 

finish model. Model scores and manual scores had an R2 of 0.90 for pressure bruise and 

0.66 for skin finish. This procedure could be applied to many other tuber traits with only 

minimal changes and low equipment cost. Using image “patches” rather than individual 

pixels may be able to improve model accuracy while maintaining the potential for 

quantitative trait measurement.  
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Introduction 

 Tuber quality traits are of upmost importance in the marketability of potato 

varieties. These include a wide range of traits including tuber skin color, flesh color, 

shape, eye depth, skinning, skin finish, and bruising. While some of these traits are 

relatively simple to directly program image analysis software to identify and measure, 

other traits are more intricate and difficult to identify consistently using computer code. 

In cases dealing with more complicated traits, techniques used in simple image analysis 

procedures, such as color thresholding, would be insufficient and impractical for a 

programmer to implement directly. Despite the difficulty of explaining complicated traits 

through computer code, humans can often learn to identify these traits through 

subconscious learning processes when given examples of the trait (Jordan and Mitchell 

2015, Sung 1996). Unfortunately, while human raters can identify traits, asking them to 

provide precise percentages or other numerical data can lead to inconsistency and rater 

bias which machine vision seeks to mitigate (Bock et al. 2008, Parker et al. 1995, Poland 

and Nelson 2011). Machine learning may provide a means to identify traits by examples 

like humans can while maintaining the objectivity provided by computers. 

 Machine learning uses example data to determine how to identify future 

information (Jordan & Mitchell, 2015). It has been applied to a rapidly widening variety 

of subjects, including agricultural image analysis. This includes field applications such as 

weed species identification and foliar disease identification (Binch and Fox 2017, 

Ferentinos 2018, Moshou et al. 2006). As well as post-harvest applications, such as fruit 

quality assessment (Dhiman et al. 2022). The cameras and platforms used in these 

scenarios vary from standard RGB digital camaras to hyperspectral cameras able to 

measure light frequencies beyond the perception of the human eye (Dacal-Nieto et al. 

2011, Oppenheim et al. 2019, Razmjooy et al. 2012). 

 Image analysis of potato tubers, due to the below ground nature of tubers, is in the 

realm of post-harvest imaging. Studies of classification of tuber quality in RGB images 

have often focused on the context of defect detection at the whole tuber level 

(Oppenheim et al. 2019, Razmjooy et al. 2012). These have primarily been developed for 

commercial applications and do not offer the precision needed in breeding and research 

applications. Dacal-Nieto et al. (2011) developed a hyper spectral imaging system to 
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measure common scab severity in terms of percent surface coverage. This system 

requires a hyperspectral camera and mirror scanner to generate multiple hyperspectral 

images for a single tuber. They were able to produce a Random Forest model with 95% 

accuracy, but this system requires an expensive and complex equipment set up limited to 

evaluation of one tuber at a time. Models that could utilize images of multiple tubers 

taken with a commonplace RGB DSLR camera would be accessible to a wider range of 

research programs and require less data preparation.  

 Pressure bruise and skin finish are good candidates for the development of 

machine learning tools to automate their identification, due to their relative complexity 

and lack of a high throughput, objective means to measure these quality traits otherwise. 

Pressure bruise is an economically important, but understudied defect that occurs in 

tubers after long periods of storage. Over time, tubers near the bottom of storage piles 

will develop circular gray, round bruises at points of contact with other tubers (Schaper 

and Yaeger 1982, Lulai et al. 1996). This leads to moisture loss and lower economic 

value. Studies of pressure bruise resistance are lacking but could be made easier and 

more effective with an automated tool to measure pressure bruise. Skin finish is another 

trait of high economic importance which lacks extensive study (Jemison et al. 2008). 

Skin finish lacks precise definition in the literature but relates to the texture and quality of 

the tuber skin. When measured, raters tend to rely on highly subjective scales, sometimes 

difficult to distinguish from a general merit scale (Clulow et al. 1995, da Silva Pereira et 

al. 2021, De Jong 1981, McCord et al. 2011, Raimo et al. 2018). Machine based skin 

finish classification could provide much needed objectivity to the trait and allow better 

communication between scientists and breeding programs. 

 We present machine learning classifiers which accurately and precisely measure 

pressure bruise severity and skin finish using low cost, simple RGB images. We also 

created a simple and repeatable pipeline for the creation of models for other potato 

quality traits. 
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Methods 

 

Plant material 

Between October 2020 and March 2021, we stored chipping potatoes that were 

grown commercially near Grand Forks, North Dakota in storage totes (1000#, 

Macroplastic 32-S Pro-bin) modified with holes drilled into the base to ensure airflow. 

Samples of 5-10 tubers were stored in mesh bags and placed in the totes on top of bulk 

tubers to avoid sample contact with the tote base. We compressed the potatoes to increase 

the pressure exerted by contact between tubers. The storage totes received pressure from 

a ½ inch UHMW polyethylene plate exhorting 2.1 lb/in2 of pressure, approximately the 

forces that would be exhorted by a 18 ft pile of tubers. Pressure was monitored every 48-

72 hours. We stored chipping the potatoes at 46oF based on industry standards. 

Temperature and humidity were controlled using a Techmark 755 Controller. We also 

received samples of pressure bruised red and yellow skinned from commercial storage 

facilities near Grand Forks.  

For skin finish, potatoes from the University of Minnesota and North Dakota 

State University potato breeding programs were used. The potatoes from the University 

of Minnesota were grown at the Sand Plains Research Farm in Becker, Minnesota in the 

2019, 2020, and 2021 field seasons. Potatoes from North Dakota State University were 

grown in Baker, Minnesota in the 2021 field season. 

 

Imaging 

Images were taken following the methodology of Caraza-Harter and Endleman 

(2020). For pressure bruise, we took pictures of samples of three to ten potatoes arranged 

in a Photosimilie 200 Lightbox (Ortery Technologies Inc.). Pictures were taken using a 

Canon Rebel T6i camera with a 18-55mm lens, ISO 100, 1/60 sec shutter speed and 

aperture f/5.6. All photos included a 3-color card and used a wooden stage painted blue 

(Windjammer #550B-5, Behr Paint Company) as a background.  

For skin finish samples from the University of Minnesota, we took pictures of ten 

potatoes per sample using a Photosimilie 200 light box. Photographs were taken with a 

Rebel T6i camera with a 24mm lens, ISO 100, 1/30 sec shutter speed and aperture f/5.6. 
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We included a 24-color card (CameraTrax CT24-23-1315) and identification tag in all 

images with a smooth plastic white background under a translucent plexiglass stage. 

North Dakota State University used a Samitan 24”x24”x24” light box. Images were taken 

with a Canon EOS 800D camera, 18-55mm lens, ISO 100, 1/50 sec shutter speed, and 

aperture f/4.625. Images included an identification tag, 24-color card (CameraTrax 

CT24CC05000A), and a matte black background. 

 

Model training 

We used 50 photos of pressure bruised potatoes as the training data set for the 

pressure bruise model. The skin finish model used a sample of 80 photos, 40 from the 

University of Minnesota and 40 from NDSU chosen to represent the widest possible 

range of skin finishes and skin colors. 

The ImageJ2/FIJI Trainable Weka Segmentation Plugin (v. 3.3.1) (Arganda-Carreras et 

al. 2017, Schindelin et al. 2012) was used to create training classification data. For the 

pressure bruise models, classes used were “Bruise” (Pressure bruise tissue), “Healthy” 

(Tuber tissue not affected by bruising, including tissue affected by other abiotic or biotic 

diseases), and “Background” (Areas of the photo that are not tuber tissue). For skin finish 

models, classes used were “Shiny” (smooth, shiny tuber tissue), “Dull” (Smooth, but not 

shiny tuber tissue), “Rough” (Exfoliating skin without a russeting pattern), “Russet” 

(thick skin with a net-like pattern), and Background (Areas of the photo that are not tuber 

tissue). See Figure 3.1 for examples of each skin finish class. Default training features 

were used for creating training data. 

Models were created using the Knowledge Flow program included with Weka (v. 

3.8.5) (Hall et al., 2009). Data was filtered to have an equal number of pixels of each 

class and in the case of pressure bruise, subsampled to a random subset of half the initial 

instances in order to increase the efficiency of model creation and not surpass the 

maximum Java heap size. Data was randomly split into 75% training data and 25% test 

data. The Random Forest (Breiman 2001) decision tree model was used with default 

settings. The Weka Classifier Evaluator was used to evaluate the model using the test set 

to determine accuracy, precision, recall, and F-measure (Bekkar et al. 2013).  
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Comparison to human measurements 

 We had one rater manually measure a subset of ten pressure bruise sample 

pictures for bruised area and total tuber area in pixels using the ImageJ2/FIJI Measure 

function. These values were compared to percentages of pixels classified with over 50% 

certainty as bruise by the pressure bruise model divided by tuber area as measured by the 

TubAR function shape.all.  

 For skin finish, one researcher rated a subset of 50 sample pictures categorically 

as Shiny, Dull, Rough, or Russet, with half marks allowed for samples that had a mixture 

of skin finish types. This same subset was processed using the skin finish model to create 

probability maps. Pixels from these maps classified to each skin finish type were counted 

using the EBImage package in R (Pau et al. 2010). The skin finish with the most area was 

considered the categorical rating provided by the model. Half scores were given in the 

case of samples with two classifications within 10,000 pixels of total area.  These scores 

were converted to numerical scores along with the categorical human classifications and 

compared using the coefficient of determination to determine the percentage of images 

where these classifications aligned. 

 

Results 

 

Model data 

The test set was composed of 25% of the training data for each model or 191071 

pixels for pressure bruise and 194045 pixels for skin finish. Model accuracy was 94.2% 

for the pressure bruise model, and 93.5% for the skin finish model. Root mean squared 

error was 0.1818 for pressure bruise and 0.1703 for skin finish. The confusion matrices 

for pressure bruise (Table 3.1) and skin finish (Table 3.2) show how individual pixels 

were classified by the model compared to manual classification.  

Additional model statistics for pressure and skin finish are provided in Table 3.3 

and Table 3.4, respectively. Precision indicates what proportion of the instances that were 

assigned to a class are truly part of that class. Precision ranged from 0.902 for bruise to a 

rounded value of 1.000 for background for the pressure bruise model and from 0.887 for 

rough to 0.997 for background in the skin finish model. Recall indicates what proportion 
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of the members of a class were correctly assigned. For pressure bruise, recall ranged from 

0.881 for healthy to 1.000 for background and for skin finish recall ranged from 0.892 for 

rough to 0.996 for background. The F-measure provides a combined precision and recall 

score. F-measures for pressure bruise ranged from 0.902 for healthy to 1.000 for 

background, and for skin finish ranged from 0.889 for rough to 0.997 for background.  

Example probability maps created by the models in the Trainable Weka 

Segmentation plugin can be seen in Figure 3.2 for pressure bruise and Figure 3.3 for skin 

finish.  These probability maps indicate the certainty of class assignment for each pixel 

using black for zero and white for one. Background classifications tend to very strict for 

both models, while tuber trait classifications tend to have some more pixels with medium 

gray values (indicating classification certainties further away from either 0 or 1). 

 

Comparison to human measurements 

In order to assess the reliability of the models for classification of whole sample 

images and confirm their usefulness in trait measurement, sample image classifications 

by the models were compared to human ratings. The bruised area of sample tubers over 

total tuber area as measured by manual image analysis and the Random Forest classifier 

had a coefficient of determination of R2 = 0.90. Categorical skin finish ratings by a 

human rater and based on percent coverage as measured by the skin finish classifier had a 

coefficient of determination of R2 = 0.66. 

 

Discussion 

 

Model accuracy on test set 

 Accuracy of the models in terms of agreement with manual pixel classifications 

was approximately 94% for both traits. This is a similar accuracy to previous studies of 

potato quality trait classification with various machine learning algorithms and imaging 

systems (Dacal-Nieto et al. 2011, Marino et al. 2019, Ming et al. 2018). 

Misclassifications rarely occurred between background pixels and tuber pixels, which 

would be expected given the sharp difference in color between background stages and 

tubers. When misclassifications of this type occurred, it tended to be on either very light 
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yellow or dark purple potato skin. Misclassifications in skin finish tended to be between 

adjacent skin finish types, e.g., shiny misclassified as dull, rather than more distant types, 

e.g., shiny misclassified as russet.  

The machine learning models used individual pixel within manually classified 

regions as data instances, rather than whole images or regions of the image classified by 

the human rater. Therefore, this measure of accuracy is limited to those pixels which 

were manually classified and added to the training set. This could possibly lead to a bias 

away from ambiguous pixels which cannot be visually classified as those may have not 

been selected as examples for training data. Therefore, further assessment of the models 

based on whole images is required, as was carried out in the comparisons to human 

ratings.  

 

Agreement with human measurements 

 Human measurements of traits provide a means of comparison to determine the 

reliability of whole image classification by the machine learning models. The pressure 

bruise model largely followed the manual bruise measurements (R2 = 0.90). The 

percentages given by the model trended consistently higher than the human 

measurements. This may be due to shadows near the edges of tubers being classified as 

bruised tissue. However, this effect seems to be largely consistent from sample to sample 

resulting in the same rank ordering of sample bruise severity. 

 Skin finish categorical ratings based on human rating and the classifier model 

correlated only moderately (R2 = 0.66). Some of this may be due to the complexity of the 

skin finish trait being difficult to capture within only four categories. Skin traits with little 

biological relation to each other may still be grouped into the same category, leading to 

ambiguity. The limitations of single pixel classification might also contribute to 

misclassifications. Pixel based classification has the advantage of allowing more 

quantitative measures of quality traits, such as percent surface area coverage. However, 

some skin traits characterized by patterns across the tuber, such as russeting, may be 

difficult to identify based on only a single pixel. Classification of small groups of pixels, 

or “patches,” may allow these patterns to be better identified while allowing for 

quantitative measurements (Marino et al. 2019). 
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Random forest compared to other algorithms 

The machine learning algorithm used in model creation can have a major impact 

on model performance (Singh et al. 2017). We chose Random Forest to create the 

classification models due to its use in past literature and relative high performance for its 

computational intensity as implemented in Weka. The computer hardware and software 

employed here was not adapted to make practical use of some other highly accurate 

algorithms common in the literature, such as Support Vector Machines (Boser et al. 

1992) and convolutional neural networks (LeCun et al. 1989), which have both 

outperformed Random Forest in at least some contexts (Dacal-Nieto et al. 2011, Duarte-

Carvajalino et al. 2018). Preliminary tests showed that the less computationally intensive 

J48 decision tree algorithm (Quinlan 1993) achieved results that might be sufficient for 

some situations, but with lower accuracy and much more “noise,” or inaccurate shifts 

between classifications from pixel to pixel. Different hardware and software set ups may 

justify the use of other algorithms, however Random Forest seems sufficient for this 

application. 

 While Random Forest and Trainable Weka Segmentation can be utilized in an 

environment such as a personal computer, the models take time to load and use with 

images. Other algorithms with faster performance and similar accuracy would be 

desirable to reduce processing time, though preliminary tests of applicable algorithms 

available with the base Weka program did not present candidates that fit these criteria.  

 

Expansion into other traits 

 Part of the goal in our creation of these models for pressure bruise was to create a 

pipeline that would allow for the efficient creation of classification algorithms for a wide 

variety of abiotic and biotic tuber diseases and skin traits. This process could be used 

with tubers exhibiting symptoms of diseases such as common scab and silver scurf with 

minimal changes. Similar methods could also be used for other types of plant tissue or 

other species. The integration of the Trainable Weka Segmentation interface allows for 

the creation of training data by individuals with little programming experience. 
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Integration into the TubAR package 

 Functions utilizing the machine learning methods detailed here could greatly 

expand the functionality of our tuber image analysis platform, TubAR. The simplicity of 

the Trainable Weka Segmentation could assist in the creation of many trait measurement 

functions, however integrating a Java-based program into an R package introduces 

complexities to creating a cohesive program. Currently, only the trait measurements after 

image classification can be performed in TubAR itself. Smooth communication between 

R and Java would be required for functions using this method. Alternatively, because the 

primary advantage to Trainable Weka Segmentation is in creation of model training data, 

we could import this data into R in a compatible manner to make the end-user functions 

purely R based. 
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Tables 

Table 3.1 Confusion matrix for the pressure bruise model. Pixels are placed in rows 
according to classification by the model and columns according to manual classification. 
 Background Bruise Healthy 
Background 66679 5 8 
Bruise 9 62679 4224 
Healthy 16 6816 50635 

 
Table 3.2 Confusion matrix for the skin finish model. Pixels are placed in rows according 
to classification by the model and columns according to manual classification. 
 Background Shiny Dull Rough Russet 
Background 38667 100 10 30 2 
Shiny 37 36789 1470 314 199 
Dull 42 1233 35133 1789 612 
Rough 42 112 1375 34622 2658 
Russet 2 22 188 2293 36304 

 
Table 3.3 Precision, recall, and F-Measure statistics for the pressure bruise model. 
Class Precision Recall F-Measure 
Background 1.000 1.000 1.000 
Bruise 0.902 0.937 0.919 
Healthy 0.923 0.881 0.902 

 
Table 3.4 Precision, recall, and F-Measure statistics for the skin finish model. 
Class Precision Recall F-Measure 
Background 0.997 0.996 0.997 
Shiny 0.962 0.948 0.955 
Dull 0.920 0.905 0.913 
Rough 0.887 0.892 0.889 
Russet 0.913 0.935 0.924 
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Figures 

 
Figure 3.1 Skin finish category examples. From left to right: Shiny (smooth, shiny tuber 
tissue), Dull (Smooth, but not shiny tuber tissue), Rough (Exfoliating skin without a 
russeting pattern), Russet (thick skin with a net-like pattern). 
 

 
Figure 3.2 Probability maps generated by the pressure bruise classifier model. The pixels 
from the original image (a) were given a grayscale value to represent the likelihood of a 
pixel to be classified as background (b), bruise (c), or healthy (d). 
 

b.

c. d.

a.



53 
 

 
Figure 3.3 Probability maps generated by the skin finish classifier model.  The pixels 
from the original image (a) were given a grayscale value to represent the likelihood of a 
pixel to be classified as background (b), shiny (c), dull (d), rough (e), or russet (f). 
 
 

  

c.

d. e. f.
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Appendix A. Weka Knowledge Flow scripts for Random Forest model creation and 

testing. 

 

Figures A1 and A2 are screenshots of scripts for creation of Random Forest 
models created using Weka Knowledge Flow (Hall et al., 2009). These scripts required 
only modification of the input file sources to create both the pressure bruise and skin 
finish models.  
 

 
Figure A1. Screenshot of Weka Knowledge Flow script for merging image training data 
files to use in machine learning model creation into a single file. 
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Figure A2. Screenshot of Weka Knowledge Flow script for creation of the Random 
Forest model using combined training data. 
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Appendix B. Retrospective on creation of an efficient, easy to learn, and easy to use 

program for quantitative analysis of complex potato tuber quality traits from RGB 

lightbox images.  

 
Current approach:  

 The goal of this project was adding machine learning functionality to the existing 
TubAR package to measure quality traits including pressure bruise. No easy means for 
creating the necessary training data from image data in R presented itself in my early 
research, or at least not nearly as easy as the Trainable Weka Segmentation (TWS) plugin 
in FIJI/ImageJ2 (for simplicity I will call this application in any form ImageJ). However, 
TubAR was created in part to avoid scalability issues in ImageJ so going back to ImageJ 
did not seem like an option. Regardless, TWS seemed like the best way to create training 
data. The way TWS data was formatted seemed very difficult to move back to R and use 
effectively. The probability maps that could be created by models in TWS, however, 
could easily be analyzed in R using the EBImage package that TubAR already utilized. 
Given that classifier models could be created once manually in ImageJ or the Weka 
application then retrieved to make the probability maps, the R script would not have to be 
designed to make the model itself.  

The focus then became how to operate TWS from R to get probability maps of 
desired image inputs using an existing classifier. Some packages for operating Java, 
Weka, or ImageJ from R exist but they seemed difficult to use compared to using the 
system function in R to control ImageJ from the OS terminal. Having R create an ImageJ 
script and tell the terminal to tell ImageJ to run said script seemed to be a promising 
solution. I was able to do this with an ImageJ macro script, but it opened all the normal 
windows in ImageJ that open when using the GUI manually, which seemed to be an 
extremely inelegant and resource inefficient solution. Headless mode in ImageJ is 
theoretically able to avoid this but I was unable to get TWS to work correctly in headless 
mode using the macro scripting language.  

I later found a script written to create probability maps in TWS for a full folder of 
images without opening each image written in BeanShell (available at 
https://imagej.net/plugins/tws/scripting). Using this script in place of my macro script 
indeed avoided many windows from opening but still opened some ImageJ windows and 
worse yet required user input in a Java window. This seems avoidable but I lack the 
knowledge of Java or Beanshell to effectively alter this script to take the directories for 
the images from R.  

To summarize, the ideal way the program, as currently imagined, would work is 
as follows: 

1. The classifier model is created in Weka using data created in TWS. This doesn’t 
involve R as this doesn’t have to be scaled. Refer to Appendix C for creating the 
models. 

2. An R function takes the location of the classifier and the images to be measured 
for a trait and inserts these into a boilerplate script that is sent to ImageJ using the 
OS terminal. 

3. The script runs in ImageJ headless mode, not opening any windows and 
terminating itself once it’s finished. 
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4. The EBImage package can then use the probability map TIFF files (either in the 
same folder as the originals or sent to a new folder) generated by TWS to measure 
things like percent of the tuber surface area affected by a trait or potentially things 
like how many pressure bruises are on the tubers in the image. This stage works 
more like how TubAR functions currently work. 

 

Possible advances and alternatives: 

Here is a list of possible future paths for the project in order of similarity to the current 
project and my opinion of the order in which they should be attempted: 

1. Someone more knowledgeable about Java or Beanshell may be able to get the 
current system working much more cleanly and efficiently. If this is implemented, 
I would consider separating this project from TubAR as its own package. 

2. Image analysis and machine learning tools exist in R that I have not fully explored 
and may allow either TWS to be avoided completely while creating good training 
data, or training data from TWS could be reformatted to be used to create models 
in R using a package such as randomForest. 

3. PlantCV is often cited in the literature for similar tasks to this and seems to be 
worth further investigation. If we had not started with the TubAR project in R, I 
likely would have used Python for this reason. This is also the way that I know of 
to implement the image “patches” idea mentioned in Chapter 3.  

4. Further investigation of ImageJ and discussion with scientists at the University of 
Wisconsin suggests that ImageJ scripts may be more capable of processing large 
scale image collections than was originally thought when the TubAR project was 
started. Running this program primarily from ImageJ seems possible, though Java 
still seems to present some issues with memory limitations and generally being 
harder to code in than R or Python. 

 

 
 
 

 

 

 

 


