INL/JOU-23-72162-Revision-0

Evaluation of artificial
neural network performance
for classification of potato
plants infected with potato
virus Y using spectral data
on multiple varieties and
genotypes
.

L. Michael Griffel, Donna Delparte, Jonathan Whitoworth, Paul Bodily,
Damon S Hartley

.

|daho National

|_(] oml‘ory INL is a U.S. Department of Energy National Laboratory operated by Battelle Energy Alliance, LLC



DISCLAIMER

This information was prepared as an account of work sponsored by an
agency of the U.S. Government. Neither the U.S. Government nor any
agency thereof, nor any of their employees, makes any warranty, expressed
or implied, or assumes any legal liability or responsibility for the accuracy,
completeness, or usefulness, of any information, apparatus, product, or
process disclosed, or represents that its use would not infringe privately
owned rights. References herein to any specific commercial product,
process, or service by trade name, trade mark, manufacturer, or otherwise,
does not necessarily constitute or imply its endorsement, recommendation,
or favoring by the U.S. Government or any agency thereof. The views and
opinions of authors expressed herein do not necessarily state or reflect
those of the U.S. Government or any agency thereof.




INL/JOU-23-72162-Revision-0

Evaluation of artificial neural network performance for
classification of potato plants infected with potato
virus Y using spectral data on multiple varieties and
genotypes

L. Michael Griffel, Donna Delparte, Jonathan Whitoworth, Paul Bodily, Damon S
Hartley

February 2023

Idaho National Laboratory
Idaho Falls, Idaho 83415

http://www.inl.gov

Prepared for the
U.S. Department of Energy
Under DOE Idaho Operations Office
Contract DE-AC07-05ID14517



Smart Agricultural Technology 3 (2023) 100101

Contents lists available at ScienceDirect

SMART
AGRICULTURAL
TECHNOLOGY

Smart Agricultural Technology

o %

ELSEVIER

journal homepage: www.journals.elsevier.com/smart-agricultural-technology

Check for

Evaluation of artificial neural network performance for classification of ol
potato plants infected with potato virus Y using spectral data on multiple
varieties and genotypes

L.M. Griffel ®", D. Delparte*, J. Whitworth ", P. Bodily ¢, D. Hartley

2 Department of Geosciences, Idaho State University, 921 S 8th Ave, Pocatello, Idaho, 83209-8072, USA

b United States Department of Agriculture Agricultural Research Service, Small Grains and Potato Germplasm Research, 1693 S 2700W, Aberdeen, Idaho, 83210, USA
¢ Department of Computer Science, Idaho State University, 921 S 8th Ave, Pocatello, Idaho, 83209-8072, USA

9 Bioenergy Technologies, Modelling and Simulation, Idaho National Laboratory, P.O. Box 1625, Idaho Falls, Idaho, 83415, USA

ARTICLE INFO ABSTRACT

Keywords:

Potato Virus Y

Machine learning
Remote sensing
Spectrometry

Artificial neural networks

Potato virus Y (Potyviridae, PVY) is a plant virus that poses a significant threat to potato producers on a global
basis. The pathogen has disrupted seed potato supplies and negatively impacted yield and quality of commercial
potato crops. The potato industry currently manages PVY infection levels via insecticide applications, regional
seed certification programs that rely on field scouting to visually assess individual plants for infection status, and
destructive and costly tissue sampling coupled with laboratory assays. Despite these efforts, PVY continues to
confound potato industry stakeholders resulting in economic harm. Remote sensing and machine learning pro-
vide for the development of new tools to more accurately detect and spatially quantify PVY-infected plants versus
the current state of the art. However, there is a need to understand how the occurrence of many different potato
varieties impact the dynamics of developing models to detect potato plants impacted with PVY and their po-
tential effectiveness. This study evaluates classification modelling outcomes using spectral datasets collected in
different temporal and spatial environments (greenhouse and a production field) on multiple potato varieties
consisting of labelled instances of plants infected with PVY and those not infected with the virus. A modelling
framework was developed to support iterative modelling runs using artificial neural network (ANN) architectures
configured as binary classifiers to develop sample populations to support statistical analysis on model perfor-
mance using specific spectral subsets. When using spectral data to detect PVY-infected plants, ANN models
achieved the highest mean accuracy of 0.894 on a single variety. Conversely, the same ANN model architecture
only achieved a mean accuracy of 0.575 on a spectral data set representing 29 potato breeding lines. Addi-
tionally, statistical analysis indicates spectral regions including the red edge, near infrared and shortwave
infrared contain more important spectral features for the ANN classifier introduced in this research.

1. Introduction potato seed production since the vast majority of potato crops rely on

vegetative reproduction. Potato production using true botanical seed is

Potato (Solanum tuberosum) ranks as the third most important food
crop relative to global human consumption and supplies over 1 billion
consumers while contributing to food security and agricultural resil-
ience [4]. As an agricultural crop, many nations have expanded potato
production capacity over the past 20 years driven by significant in-
creases in China and India [49]. In the United States, potato production
surpassed 369,920 ha in 2020 with an estimated value of $3.9 billion
(https://www.nationalpotatocouncil.org/). In addition to being an
important food source, a portion of harvested acres are reserved for
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rare since resultant individual plants within a field are genetically
heterogenous and can produce tubers of varying size, shape, colour, and
other attributes [42]. Vegetative reproduction results in a genetically
homogenous crop yielding tubers with uniform characteristics necessary
to support food manufacturing supply chains. However, seed tubers used
for vegetative reproduction can serve as sources of inoculum for mul-
tiple plant diseases with potential to damage subsequent potato crop
yields and quality [33].

Potato virus Y (Potyviridae, PVY) was first recognized in the early
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Fig. 1. A Russet Norkotah potato plant (Centre) showing visual symptoms of PVY infection in an agricultural production field in eastern Idaho during the summer
growing season. Symptoms include slightly stunted growth, rough and crinkled leaf texture, and a slightly different green hue in overall plant colour. (Photo taken by

L.M. Griffel in June 2015).

1930s [40] and has been ranked fifth among the top ten most
economically important plant viruses due to its deleterious impacts on
yield and marketability [39]. PVY is a single-strand RNA virus that is
often classified into biological strains including PVY?, PVYN, PVYC,
PVYNO, PvY¥Wi and PVYN™ [18]. Analysis of the phylodynamics of
PVY indicate the virus originated in South America and was transported
to Europe in the 19th century and subsequently to other regions around
the globe [8, 43]. Multiple aphid species have been shown to be an
important in-season vector for PVY including Brachycaudus helichrysi,
Myzus persicae, Phorodon humuli, Aphis species, and B. helichrysi [15,25,
28-30,45]. Potato seed tubers, either intentionally cultivated and har-
vested or those promulgated through volunteer plant populations that
result from un-harvested tubers, can harbour PVY from one growing
season to the next [13]. Mondal et al. [31] assessed mixed PVY strain
dynamics in three potato varieties and found that PVY® and PVYN™
strains can accumulate simultaneously in daughter tubers after infecting
mother plants. Yield losses due to PVY have been documented to be as
high as 79 percent in field trials and can result in significant internal
and/or external tuber defects depending upon potato variety and bio-
logical disease strain [11,14]. Nolte et al. [34] documented economic
losses ranging from $16.96/ha to $17.91/ha for each percentage of in-
crease in PVY at a field level across multiple varieties and growing
seasons.

Current efforts to control the spread of PVY are focused on the
development and maintenance of clean potato seed production systems,
often managed by state or regional potato seed certification programs
with regulatory authority. Within these programs, seed potato crops are
subjected to intense in-season field scouting and post-harvest tissue
sampling coupled with laboratory assays that are intended to quantify
disease incidence to rate potato seed lots [22,50]. In turn, these regu-
latory steps compel seed producers to take steps to minimize disease
buildup in seed stocks to maintain marketability. Seed potato growers
try to spatially isolate fields to limit exposure of neighbouring crops with
potentially higher incidences of PVY along with regular applications of
pesticides to reduce insect vectors and manually remove (rogue) infec-
ted plants and tubers based on visual symptoms [6,11]. Visual foliage
cues of plants infected with PVY can vary depending upon the potato
cultivar, PVY strain, environmental and crop agronomic conditions, and

other factors making accurate detection difficult without proper training
and experience [18]. In many cases, foliage symptoms can include a
mosaic pattern of green and yellow tissue, rough and crinkled leaf
texture, small necrotic lesions, stunted growth, and a slightly different
green hue as shown in Fig. 1.

Conventional breeding in the U.S. has led to new varieties such as
Payette Russet [35] and Eva [36] with PVY resistance conferred by the
Ry gene. The resulting resistance has been shown to be effective against
PVY strains O, N:O, NTN, and N-Wi in these and other varieties [47,48].
While this conventionally bred resistance is available, the resistant va-
rieties are not yet widely grown. Additionally, given PVY mixed-strain
infection dynamics in multiple potato varieties documented by Mon-
dal [31], there is potential for PVY genetic mutations to outpace
conventionally bred resistance.

Despite significant efforts to meet seed potato certification standards,
accurately detecting, quantifying, and reducing PVY in seed potatoes
has not been an easy task and certification programs, potato growers,
and other industry stakeholders continue to struggle with increased
disease pressure and, at times, the loss of seed supplies [3,50]. In North
America, PVY infection is the most common reason for downgrading or
rejecting seed lots [13]. Seed certification programs managed by Idaho,
Montana, and Wisconsin were shown to have significant discrepancies
between PVY levels measured during in-season field inspections and
post-harvest laboratory testing highlighting the current limitations of
accurately detecting and quantifying PVY incidence [38]. The discrep-
ancies exist because in-field testing doesn’t capture all the virus trans-
mission that can occur between the test and harvest time. Because the
industry depends primarily on visually assessing PVY symptoms to guide
management and certification decisions and costly destructive tissue
sampling coupled with laboratory assays, the opportunity exists for the
development of robust, accurate, and high-throughput detection algo-
rithms that incorporates remote sensing data and machine learning (ML)
to improve disease verification and removal strategies.

A growing body of work indicates remote sensing of electromagnetic
(EM) reflectance coupled with classification via ML algorithms can
achieve high accuracies when it comes to in-situ detection of potato
plants infected with PVY based on spectral foliage characteristics. This
type of application represents a significant improvement over current
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Fig. 2. The field spectrometer equipment setup for data collection in the greenhouse environment.

time-consuming and labour-intensive field sampling protocols coupled
with destructive laboratory-based characterization assays. Griffel et al.
[12] utilized Support Vector Machines (SVM) classification to differen-
tiate PVY-infected potato plants within a potato production field based
on EM reflectance measured by a field spectrometer achieving accu-
racies of almost 90 percent by utilizing red edge and near infrared (NIR)
spectral regions. Analysis of spectroradiometer data has shown that
partial-least squares discriminate analysis can differentiate asymptom-
atic potato leaves from PVY-infected plants from those of non-infected
plants and that shortwave infrared (SWIR) spectral regions displayed
the strongest correlation with infection status [2]. The research also
provided insights on plant biochemical and physiological properties
indicating that PVY infection slightly increased leaf lignin content and
decreased photosynthetic capacity. Polder et al. [37] demonstrated high
precision and recall metrics when applying convolutional neural
network (CNN) architectures to detect PVY-infect potato plants using
hyperspectral imagery. The authors claim CNN model precision was
almost equal to an experienced crop expert trained to recognize PVY
foliage symptoms. Spectral data from two potato varieties were evalu-
ated by Moslemkhani et al. [32] using principal components analysis
(PCA) for PVY detection. Specifically, the PCA loading weights indicated
that the spectral range of 900 to 1100 nm was most sensitive to PVY
infection. Linear discriminant analysis was applied to selected spectral
data from the subset region and achieved classification results with high
accuracy.

Although previous analysis has demonstrated high classification
accuracies for PVY detection using spectral data, additional work is
needed to better understand the impacts of multiple potato varieties on
models designed to classify PVY-infected potato plants from non-
infected counterparts. The literature contains multiple sources (previ-
ously noted) that indicate visual symptoms of PVY infection vary by
potato variety with some showing strong leaf texture, colour, and plant
size differences while others express mild to no visual cues. The goal of

this study is to develop, train, and test supervised artificial neural
network (ANN) models implemented as densely connected feedforward
multilayer perceptron (MLP) models using spectral reflectance data
collected from multiple potato varieties and genotypes to answer
whether or not a single model is capable of accurate classification using
only spectral data across multiple potato varieties and genotypes.
Additional statistical analysis will be utilized to explore if specific
spectral subsets contribute to improved ANN performance. ANNs were
selected for this analysis as they can solve non-linear complex classifi-
cation tasks without having to explicitly define the complex relation-
ships within the feature space, something typically required by
traditional statistical techniques [9]. CNNs are not appropriate for this
specific type of spectral data as they are not collected on a pixel-basis.
Model tests will be used to quantify important performance metrics
including accuracy, precision, and recall. For this analysis, spectral data
quantifying EM reflectance from PVY-infected and non-infected plants
were collected with a field spectrometer from greenhouse and produc-
tion field environments. Spectral data are an effective tool to measure
and characterize EM reflectance [26]. The following sections of this
paper are structured as follows. Section 2 will detail the data and
associated collection methods, algorithm development, classification
modelling, and statistical analysis. Section 3 will show all results fol-
lowed by discussion points and conclusion statements in sections 4 and
5, respectively.

2. Materials and methods
2.1. Data

To support this analysis, two spectral datasets were compiled that
were collected with a FieldSpec 4 spectroradiometer (Analytical Spec-

tral Devices, a PANalytical Company, Longmont, CO, USA). The data
consists of EM reflectance values (floating values ranging from 0 to 1) at
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Table 1
Spectral region subsets.

Spectral Range (nm) Number of Features Description

380-720 340 Blue, Green, and Red

500-900 400 Green, Red, Red Edge, and NIR
720-900 180 Red Edge and NIR

720-1300 580 Red Edge, NIR, and SWIR
900-1300 400 NIR and SWIR

a 1-nm resolution for wavelengths ranging from 350 to 2500 nm total-
ling 2151 spectral features. The first spectral dataset was collected in
2015 at an agricultural potato production field in southeastern Idaho,
United States which was planted to the Russet Norkotah variety. The
grower/cooperator requested that the specific geographical coordinates
not be published for anonymity. This effort was detailed by Griffel et al.
[12] and will only be highlighted here. Researchers identified 31 plants
infected with PVY based on visual symptoms and confirmed the pres-
ence of the virus using enzyme-linked immunosorbent assays (ELISA).
The specific PVY strains were identified using Immunocapture Multiplex
Reverse Transcriptase Polymerase Chain Reaction (RT-PCR) revealing
the presence of PVYN™N, PVYNC and PVY®. Additionally, an equal
number of control plants not infected with PVY were identified. Spectral
data were collected from each plant at a minimum of three times during
the growing season resulting in 242 spectral scans evenly balanced be-
tween infected and non-infected instances. All scans were collected by
positioning the sensor directly above the plant at a distance of 100-150
mm to minimize any background soil reflectance. The spectrometer was
optimized before each data collection campaign and continually cali-
brated using a Spectralon white target any time light conditions
changed. This provided a dataset where every spectral instance was
collected from a single potato variety and will be referred to as the Single
Variety dataset. It is important to note that the results detailed here differ
from the analysis results presented by Griffel et al. [12] as different
modelling techniques were used for this classification analysis.

A second spectrometer dataset was collected at the United States
Department of Agriculture Agricultural Research Service (USDA-ARS)
Small Grains and Potato Germplasm Research greenhouse facility in
Aberdeen, Idaho, United States in 2016. In this case, the data were
collected with the same instrument used by Griffel et al. [12] from a
potato breeding program with a heterogeneous mixture of genetic en-
tries (breeding lines) with confirmed PVY-infections. The field spec-
trometer was optimized at the beginning of each data collection period
and calibrated approximately every 20 min during the collection run to
account for any changes in light conditions. A supplementary halogen
axial filament light source was mounted above the scanned target area.
All scans were taken directly above infected plants at an approximate
distance of 100-150 mm from the sensor to minimize any background
reflectance effects as shown in Fig. 2.

Each plant sample belonged to one of 38 different variety breeding
line entries developed by the program and was scanned inside the

Smart Agricultural Technology 3 (2023) 100101

greenhouse production system on four dates during the growing cycle
(February 17, 2016, February 24, 2016, March 2, 2016, and March 9,
2016). Multiple entries and dates are represented in the data. ELISA
results used to determine virus presence in plant materials were
compiled for each plant providing infection status. Additional testing
using RT-PCR revealed the presence of PVYN™ and PVY™© strains.
Observations of non-virus symptoms on the leaves that may contribute
bias to the spectral imaging were noted to support data selection de-
cisions for modelling efforts to ensure that spectral data used were clear
of confounding symptoms. Additionally, since the number of instances
of PVY-infected and non-infected was not always balanced within the
individual breeding lines, random sub-setting was performed to develop
a balanced dataset where each breeding line was balanced. These data
present an opportunity to evaluate EM reflectance from potato plant
foliage tissue across a multitude of varieties genetic backgrounds than
can exhibit significantly different phenotypic responses relative to plant
foliage structure and colour and will be referred to as the Multiple Va-
rieties dataset.

Given the large number of features (2151 spectral wavelengths)
present in the spectral data, it was decided to subset the data into smaller
spectral regions as defined by Griffel et al. [12]. This would allow for
analysis to better understand if some spectral regions contained features
more important for ANN classification for PVY-infected potato plants.
Table 1 shows the spectral ranges used in this analysis.

2.2. ANN modelling

For classification using the spectral data, ANN model architectures
were developed as feedforward densely connected MLPs consisting of
input, hidden, and output layers. This work was performed using Python
3.6 and the TensorFlow 2.1 software package [1,44]. A common ANN
structure was developed to classify each dataset derived from the field
and greenhouse efforts independently for comparison purposes. The
model structure, shown in Fig. 3, consisted of a flexible input layer (to
accommodate for varying input features) followed by hidden layers with
1200, 800, 400, 200, 50, 10 neurons respectively. Each hidden layer was
configured with a rectified linear unit (ReLU) activation function [10]
shown by Eq. (1):

0,x<0
fx) = { } (€9
x, x>0
where f(x) is always positive and x, the neuron input, is not bounded in
the positive direction. This activation function is commonly used as it
converges faster, x does not plateau or saturate in the positive direction,
and it is sparsely activated as all negative inputs are converted to zero
within the network. The models were optimized with the Adam function
[20] wusing learning a learning rate of 0.000001. Adam is a
stochastic-gradient-based optimization method favored for its compu-

tational efficiency and straightforward implementation based on intui-
tive hyper-parameters that require little tuning. The output layer was
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Fig. 3. The ANN model structure used for the classification analysis.
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Fig. 4. Plots of the spectral subset features for the Single Variety (left) and Multiple Varieties (right) datasets used as inputs for the ANN modelling analysis. The
green lines represent “Not Infected” plants, and the red lines represent “Infected” plants.

configured with two neurons (representing “Infected” and “Not Infec-
ted” classes) and configured with the softmax activation function that
can be interpreted as a probability distribution representing the model’s
output decision. Additionally, given that the number of input instances
are relatively small (i.e. 242 instances within the field data), dropout
layers [41] were added after the first and second hidden layers to reduce
the risk of overfitting.

In many classification analyses, researchers report singular accuracy
metrics based upon a randomized split of the data instances into training
and testing groups. This makes sense when the number of instances is
sufficient to have reasonable confidence that the input features
adequately represent the expected distributions after the train-test split.
However, when restricted to a relatively small number of instances due
to limitations of data collection, there is a risk that the training data may
not include an adequate representation of the feature space distribution
which could impede model performance. This is further confounded
when an additional subset is required from the data for model validation
during training. To address this risk, a modelling framework was
developed to support an iterative approach to define model performance
distributions versus singular metrics. Each dataset (Single Variety and
Multiple Varieties) was randomly split into training and testing groups
(proportions of 0.8 and 0.2 respectively) for 100 iterations for each
spectral feature subset shown in Table 1. Within each iteration, a model
structured as shown in Fig. 3 was instantiated and trained on a training
group. Within the training group, a second random subset (proportion of
0.1) was selected for validation to track for model overfitting during
training. Validation accuracy and loss were calculated on the validation
subset at the end of each training epoch. Accuracy was calculated as the

ratio of correct inferences over in-correct inferences and model loss was
calculated with a categorical cross entropy function. Model training was
terminated when the model loss metrics failed to improve for 100
epochs. The trained model that achieved the lowest loss function output
on the validation data was then tasked to infer on the appropriate testing
group which provided the final accuracy, precision, and recall metrics.
Precision and recall are calculated as shown in Egs. (2) and (3):

TP
Precision = ———— (2)
TP + FP
TP
Recall = ———
eca TP L FN 3

where TP represents true positive inferences, FP represents false positive
inferences and FN represents false negative inferences.

2.3. Statistical analysis

After the modelling framework analysis, the iteration results were
compiled and served as sample populations for statistical tests to
investigate if statistically significant differences existed in the model
inferences for each spectral subset of input features within each dataset.
The statistical analyses were conducted with the SciPy software package
for Python [46]. A Shapiro-Wilks Test [27] was applied to the accuracy,
precision, and recall metrics to determine if each approximated a normal
distribution-this is necessary as some statistical tests require an
assumption of normally distributed data. The Shapiro-Wilks test rejects
the null hypothesis (Hp) of normality when the probability value is less
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Fig. 4. (continued).

than a selected threshold, which for this analysis was 0.05 for all sta-
tistical tests requiring a probability threshold.

Following the normality testing, the accuracy distributions of each
spectral group within the individual datasets were tested for equiva-
lence. If the normality test Hy could not be rejected on all accuracy
distributions, an Analysis of Variance (ANOVA) Test [19] was applied.
In ANOVA, the null hypothesis states that there is no difference among
the group means. If the normality test Hy could be rejected on any of the
model accuracy distributions, a Kruskal-Wallis Test [21] was used to
evaluate the equivalence of model performance for each spectral data-
set. A Kruskal-Wallis Test does not require normally distributed data
distributions and poses the null hypothesis that the samples were drawn
from the same population with the same median.

If the accuracy distributions among the spectral subsets for each
dataset were shown to be statistically different, additional post-hoc pair-
wise testing was applied to identify which model accuracy distributions
of the spectral subsets were statistically different from others. Again, if
the data proved normally distributed, a Tukey’s Honestly Significant
Difference (HSD) Test [16] was applied for the pair-wise analysis. If the
Shapiro-Wilks Hy could be rejected for any of the accuracy distributions,
then a post-hoc pair-wise Dunn’s Test [5] was conducted to differentiate
the modelling accuracy distributions among each dataset’s spectral
subsets. A Dunn’s Test is non-parametric and does not assume data
normality and is an alternative to Tukey’s HSD Test. It poses a null
hypothesis that there is no difference between a given pair of groups.

Analysis was also conducted to evaluate if precision and recall
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Table 2

Descriptive statistics of the modelling framework accuracy metrics.

Smart Agricultural Technology 3 (2023) 100101

Data Spectral Subset Training Epochs (mean) Acc. (mean) Acc. (std) Prec. (mean) Prec. (std) Recall (mean) Recall (Std)
Single Variety 380-720 902.0 0.837 0.085 0.868 0.104 0.814 0.105
500-900 681.8 0.891 0.041 0.905 0.057 0.880 0.065
720-900 838.8 0.894 0.039 0.901 0.052 0.889 0.067
720-1300 928.0 0.874 0.051 0.873 0.063 0.881 0.069
900-1300 857.1 0.856 0.050 0.852 0.062 0.867 0.075
Multiple Varieties 380-720 196.5 0.500 0.042 0.504 0.110 0.484 0.269
500-900 254.7 0.531 0.050 0.534 0.091 0.476 0.234
720-900 266.7 0.517 0.047 0.526 0.095 0.408 0.255
720-1300 395.9 0.574 0.059 0.598 0.089 0.532 0.199
900-1300 418.2 0.575 0.057 0.608 0.091 0.503 0.192
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Fig. 5. Plots showing examples of validation accuracy and loss metrics during model training for Single Variety data (left) and Multiple Varieties data (right).

statistically differed in spectral subset groups. If their respective distri-
butions proved to be normal, their means were compared using a two-
sided t Test [17] where the null hypothesis states that their means are
equivalent. If their respective distributions did not adhere to normality,
a two-sided Mann Whitney Wilcoxon Test [24] was used. This test is
non-parametric alternative to the t Test that does not require an
assumption normally distributed data. It’s null hypothesis states that the
two populations are equivalent in that they are sampled from pop-
ulations with identical medians.

3. Results
3.1. Data

The field data representing the Single Variety dataset (Russet Nor-
kotah) consisted of 242 instances that were evenly split between

“Infected” and “Not Infected” classes and are detailed by Griffel et al.
[12]. The greenhouse data making up the Multiple Varieties dataset
yielded 422 instances evenly split between “Infected” and “Not Infected”
classes. Additionally, 29 different breeding lines were represented in the
data with smallest group consisting of 4 total instances and the largest
group consisting of 32 total instances-all split evenly between “Infected”
and “Not Infected”. The spectral subsets for each dataset were plotted for
visual assessment and shown in Fig. 4.

3.2. ANN modelling

The ANN modelling framework was successfully applied to each
dataset’s spectral subset for 100 iterations yielding sample populations
(n = 100) for accuracy, precision, and recall derived from model testing
and evaluation. Table 2 shows the descriptive statistics of the modelling
outcomes.
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Table 3
Results of the Shapiro-Wilks Test for normality.
Data Spectral Acc. p- Prec. p- Recall p-
Subset value value value
Single Variety 380-720 6E-13 8E-10 2E-07
500-900 5E-03 2E-02 3E-03
720-900 2E-02 3E-02 3E-04
720-1300 2E-04 7E-04 9E-04
900-1300 7E-03 *2E-01 9E-05
Multiple 380-720 *1E-01 1E-11 9E-04
Varieties
500-900 *7E-02 3E-09 2E-02
720-900 *6E-02 4E-07 1E-04
720-1300 1E-02 1E-04 7E-07
900-1300 1E-02 1E-07 4E-06

*Cannot reject HO at a 0.95 confidence level.

1.0 A

0.8

o
)
)

Accuracy

I
IS
)

0.2 A

0.0

500-900 720-900 720-1300 900-1300
Wavelength Segments (nm)

380-720

Single Variety Accuracy Distributions

1.0 A1

0.8

o
o
|

Accuracy

I
>
L

0.2

0.0

500-900 720-900 720-1300 900-1300
Wavelength Segments (nm)

380-720

Multiple Variety Accuracy Distributions

Fig. 6. Violin plots showing the accuracy distributions derived from ANN
model testing for each spectral subset iteration group for the Single Variety and
Multiple Varieties spectral datasets. The solid lines mark the minimum and
maximum values of the distributions, and the dotted lines mark the 25th, 50th,
and 75th quantiles.

Fig. 5 shows some examples of individual model training and vali-

dation data accuracy and loss metrics during training to provide visual
reference of ANN validation training profiles.

3.3. Statistical analysis

The results of the Shapiro-Wilks Test for each modelling group are
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Table 4
Results of the post-hoc pair-wise Dunn’s Test on model accuracy distributions of
spectral subsets within the Single Variety and Multiple Varieties datasets.

Pairs p-value (Single Variety) p-value (Multiple Varieties)
(380-720)-(500-900) SE-09 4E-04
(380-720)-(720-900) 8E-10 *2E-01
(380-720)-(720-1300) 3E-03 1E-17
(380-720)-(900-1300) *1E+00 2E-18
(500-900)-(720-900) *1E+00 *9E-01
(500-900)—(720-1300) *1E-01 2E-05
(500-900)-(900-1300) 3E-06 9E-06
(720-900)—(720-1300) 5E-02 1E-09
(720-900)-(900-1300) 7E-07 4E-10
(720-1300)-(900-1300) *1E-01 *1E+00

*Cannot reject HO at a 0.95 confidence level.

Table 5
Results of the Mann Whitney Wilcoxon Test to test for precision and recall
equivalence generated by the ANN modelling iterations for each spectral subset.

Data Spectral Subsets p-value

Single Variety 380-720 3E-06
500-900 1E-02
720-900 *5E-01
720-1300 *2E-01
900-1300 3E-02

Multiple Varieties 380-720 *8E-01
500-900 3E-03
720-900 2E-06
720-1300 1E-04
900-1300 3E-09

*Cannot reject Hy at a 0.95 confidence level.

shown in Table 3. In the Single Variety segment, only one precision
distribution from the 900-1300 nm spectral subset could be deemed
normal as the returned probability value was not sufficient to reject Ho.
In the Multiple Variety data, three accuracy distributions (spectral
subsets 380-720 nm, 500-900 nm, and 720-900 nm) were also shown to
be normally distributed. Based on these results, only results of the non-
parametric statistical tests that do not require an assumption of normally
distributed data will be presented.

The Kruskal-Wallis Test was applied to the model accuracy distri-
bution groups for each dataset to determine if the spectral subsets were
equivalent from the perspective of potentially having been drawn from
the same population with the same median. Analysis of the Single Va-
riety and Multiple Varieties datasets returned p-values of 4.25E-14 and
2.80E-26 respectively which are less than the threshold of 0.05 needed
for the null hypothesis to remain valid. Therefore, the tests indicate that
the modelling accuracy results among the spectral subsets in the Single
Variety and Multiple Variety datasets are not equal and require addi-
tional post-hoc testing to identify which subset accuracy distributions
are statistically different. Fig. 6 shows violin plots of the individual
spectral subset ANN model accuracy distributions for the Single Variety
and Multiple Varieties data. These provide a visual reference of both the
size and shape of the accuracy distributions produced from the model
iterations in the modelling framework.

The results of the post-hoc pair-wise Dunn’s Test on the Single Va-
riety and Multiple Varieties accuracy distributions by spectral subset are
shown in Table 4. Among the spectral subset groups of the Single Variety
data, the results indicate statistical differences exist among six of the
possible 10 pairing options. Among the 10 possible pairs of the spectral
subset groups within the Multiple Varieties dataset, all but three appear
to be statistically different.

The results of the two-sided Mann Whitney Wilcoxon Tests per-
formed on the precision and recall distributions derived from the ANN
modelling iterations for each spectral subset are shown in Table 5. For
this test, a p-value less than the threshold of 0.05 indicates the null
hypothesis of equivalence must be rejected. Within the Single Variety
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Fig. 7. Violin plots showing distributions of each pair of precision and recall distributions tested for equivalence. The solid lines mark the minimum and maximum
values of the distributions, and the dotted lines mark the 25th, 50th, and 75th quantiles.

dataset, ANN modelling yielded precision and recall distributions with
medians that do not statistically differ for the 720-900 nm and
720-1300 nm spectral subsets. Within the Multiple Varieties dataset, the
results indicate precision and recall are not statistically different for the
380-720 nm spectral subset.

Fig. 7 shows violin plots for each precision and recall distribution
tested for equivalence within the spectral subset groups.

4. Discussion

This analysis depended on spectral data collected and introduced by
Griffel et al. [12] and on new spectral data collected at the USDA-ARS
Small Grains and Potato Germplasm Research greenhouse facility in
Aberdeen, Idaho, United States. With these data, researchers were able
to evaluate ANN modelling performance for classification of potato fo-
liage infected with PVY from non-infected counterparts using spectral
datasets collected from a single variety and from multiple potato vari-
eties. Although these data were collected in different environments and
years, the methods to account for changes in lighting conditions and
other factors that could potentially add bias were employed to allow for
reasonable comparisons. The spectral subset plots shown in Fig. 4 pro-
vide a visual comparison of the Single Variety and Multiple Varieties
datasets. Graphical assessment indicates that it is difficult to visually
differentiate spectral curves collected from potato plants infected with
or without PVY for any of the spectral subsets in the Multiple Varieties
data. However, the Single Variety dataset shows more visual differen-
tiation for all but the 380-720 spectral subset.

Overall, ANN model performance between the Single Variety and
Multiple Varieties data were noticeably different as shown in Table 2.
For the Single Variety data, the mean spectral subset classification ac-
curacies ranged from 0.837 to 0.894. The mean spectral subset classi-
fication accuracies for the Multiple Varieties data ranged from 0.500 to
0.575, barely outperforming a baseline “guesser”. This is in line with

observations by [7,18,34] that have documented that foliage symptoms
vary between different potato varieties when infected with PVY.
Although [2] showed promising results to detect PVY spectral profiles in
potato foliage on four varieties, that is likely not an adequate compar-
ison to this analysis since the Multiple Varieties dataset represented 29
different breeding lines. Additionally, MacKenzie et al. [23] docu-
mented differing PVY foliage symptoms based on viral strain and potato
variety dynamics. These outcomes indicate an ANN model trained on
and tasked with classifying PVY-infected potato plants based on spectral
features for a single variety will likely outperform a counterpart trying
to learn and infer on spectral data from a multitude of potato varieties
without any context of the varietal heterogeneity within the feature
space. Evidence of this also exists in the model accuracy and loss training
patterns. Fig. 5 shows examples of ANN model validation accuracy and
loss curves developed during training. The patterns produced by the
ANN model learning on the Single Variety training data indicate the
model was able to learn patterns within the spectral feature space to
achieve highly accurate classification outcomes. Conversely, the rough
and inconsistent accuracy and loss curves indicate the model training on
data derived from the Multiple Varieties dataset appears to have strug-
gled to discriminate suitable patterns from the spectral data feature
space to achieve a reasonable classification accuracy.

Although ANN model testing data appear to show variations in
testing performance, it was important to generate sample populations
with which to apply robust statistical analysis to understand the impacts
of subsetting spectral regions. This is intended to help inform future
research efforts to identify important spectral wavelengths, especially
when spectral resolutions are potentially limited by instrumentation.
This iterative approach utilizing the ANN modelling framework devel-
oped for this analysis generated distributions representing ANN model
testing performance for accuracy, precision, and recall that, in most
cases, were shown to violate the normality assumption. This guided the
selection of the statistical tests to verify that model performance did vary
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Fig. 7. (continued).

among the spectral subset groups for the Single Variety and Multiple
Variety data. Based on this, the analysis indicates that spectral subsets
identified by [12] do impact ANN classification accuracy when classi-
fying on single or multiple varieties. It is important to note that the
spectral ranges of 500-900 nm, 720-900 nm, and 720-1300 nm yielded
the best accuracy performance metrics for the Single Variety data. This is
in line with findings documented by [12, 32]. However, the ANN models
did surpass the accuracy for the 380-720 nm spectral range documented
by Griffel et al. [12]. The spectral ranges of 720-900 nm and 720-1300
nm yielded the highest classification accuracies for the Multiple Vari-
eties data. However, given that these metrics were marginally higher
than 0.50, it would be difficult to state that the ANN model achieved
even adequate performance metrics.

Although classification accuracy is an important metric when
assessing ANN model performance, precision and recall are also
important, especially when trying to understand a potential bias toward
false positive or false negative outcomes. For the Single Variety data,
this analysis indicates that precision and recall did not vary for the
720-900 nm and 720-1300 nm spectral subsets, which also achieved the
highest classification accuracies. However, ANN models utilizing the
500-900 nm spectral subset did yield a statistically higher precision

10

metric indicating a slight bias toward false negative inferences. For the
Multiple Varieties data, all ANN models except those utilizing the
380-720 produced statistically different metrics favoring precision.

5. Conclusion

This research shows that ANNs can achieve high classification ac-
curacies to differentiate potato plants infected with PVY from non-
infected counterparts and is in line with previous efforts. However, it
is also apparent that an overarching classifier incorporating multiple
potato plant varieties may not be successful and that varietal informa-
tion does impact spectral features across all wavelengths evaluated in
this analysis. Differing spectral regions appear to contain feature infor-
mation that can impact ANN model performance and these methods
support the concept of detecting PVY-infected potato plants in larger
field areas based on specific spectral features. It is important to
acknowledge that these data are limited and that more work is needed to
expand spectral libraries to continue this type of research.
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