
WEED AND CROP DISCRIMINATION WITH

HYPERSPECTRAL IMAGING AND MACHINE LEARNING

by

Bryan Joseph Scherrer

A thesis submitted in partial fulfillment
of the requirements for the degree

of

Master of Science

in

Electrical Engineering

MONTANA STATE UNIVERSITY
Bozeman, Montana

January 2019



c©COPYRIGHT

by

Bryan Joseph Scherrer

2019

All Rights Reserved



ii

ACKNOWLEDGEMENTS

I would like to thank Dr. Joseph Shaw for his enthusiasm and guidance towards

this project, Dr. Prashant Jha for his unwavering support, and Dr. Kevin Repasky for

his patience toward this work. I would also like to thank the Optical Remote Sensing

Laboratory team and Dr. John Sheppard’s machine learning group for letting me

pick their brains when I needed help. Finally, I am very grateful to my friends and

family for all the support they have shown me throughout the course of this project

and my educational career.

This research began with support from the Montana Research and Economic

Development Initiative (MREDI) through Contract No. 51040-MUSRI2015-01

and 51040-MUSRI2015-02. Additional opportunities to develop machine learning

capabilities were provided by Intel Corporation through IL/ER/Montana-Intel SRA

10-18-17. The views and conclusions contained herein are those of the authors

and should not be interpreted as necessarily representing the official policies or

endorsements, either expressed or implied, of the state of Montana or the Intel

Corporation.



iii

TABLE OF CONTENTS

1. INTRODUCTION ........................................................................................1

2. PHYSICAL EXPERIMENTS AND DATA COLLECTION .............................7

3. MACHINE LEARNING EXPERIMENTS.................................................... 15

Section 3.1: Image Processing...................................................................... 15
Section 3.2: Support Vector Machines .......................................................... 21
Section 3.3: Neural Networks....................................................................... 24

4. RESULTS AND ANALYSIS ........................................................................ 31

5. CONCLUSION........................................................................................... 64

REFERENCES CITED.................................................................................... 66



iv

LIST OF TABLES

Table Page

2.1 The number of spectra collected and date they were
collected from each crop species grown and imaged in
greenhouse conditions. Each image was taken under
diffuse solar illumination using the Pika L imager in
its tripod-mounted configuration. .......................................................8

2.2 The number of spectra collected and date they were
collected from each weed species and biotype grown
and imaged in greenhouse conditions. Each image
was taken under diffuse solar illumination using the
Pika L imager in its tripod-mounted configuration............................. 10

2.3 The number of spectra collected from each weed
species and biotype grown and imaged in greenhouse
conditions. The images taken in 2017 were taken
under direct solar illumination using the Pika L
imager in its tripod-mounted configuration. The
images taken in 2018 were taken under direct solar
illumination using the Pika L imager in its drone-
mounted configuration. .................................................................... 11

4.1 The classification accuracies for the different clas-
sification procedures to classify glyphosate-resistant
mare’s tail and lamb’s quarter. The bolded values
are the highest classification accuracies for each
plant listed. .................................................................................... 38



v

LIST OF FIGURES

Figure Page

2.1 A Resonon Pika IIg hyperspectral imager observ-
ing greenhouse-grown herbicide-susceptible and -
resistant kochia among corn on 7 June 2016. Photo
Credit: Joseph A. Shaw ....................................................................9

2.2 A Resonon Pika L hyperspectral imager mounted on
a tripod imaging weeds at the SARC greenhouse............................... 12

2.3 A Resonon Pika L hyperspectral imager mounted on
the DJI Matrice 600 Pro while the drone is in flight. ......................... 13

2.4 One of the images taken by the Pika L while
mounted on the Matrice 600 Pro flying over a sugar
beet field. ....................................................................................... 14

2.5 The red ellipse notes the position of herbicide-
susceptible, glyphosate-resistant, and dicamba-resistant
potted kochia next to a calibration panel. ......................................... 14

3.1 A spectrum of susceptible kochia that has not been calibrated. .......... 16

3.2 The same spectrum in Figure 3.1 has been calibrated
to reflectance. The mean and standard deviation of
all the kochia spectra used in this study are shown in purple. ............ 16

3.3 The signal-to-noise ratio of the calibrated kochia
spectrum is higher in the near infrared regime, where
the reflectance is higher. .................................................................. 17

3.4 The polarization response of the Pika L imager at
each of the imager’s wavelengths. .................................................... 18

3.5 The polarization response of the Pika L imager at
each of the imager’s wavelengths. .................................................... 19

3.6 The polarization response of the Pika L imager at
each of the imager’s wavelengths. .................................................... 19

3.7 Means and standard deviations of reflectance spectra
for every crop and weed species (susceptible biotypes
only) imaged in this study. .............................................................. 20



vi

LIST OF FIGURES – CONTINUED

Figure Page

3.8 Means of reflectance spectra for every crop and weed
species (susceptible biotypes only) imaged in this study. .................... 20

3.9 An example SVM kernel which maps two-dimensional
training data (left) to a higher-dimensional space
(right). A line (a two-dimensional hyperplane)
through the data on the left would be unable to
clearly divide the red and blue dots whereas a plane
(a three-dimensional hyperplane) through the data
on the right would be capable of a more accurate
distinction. ..................................................................................... 21

3.10 Means of reflectance spectra for susceptible (SUS),
glyphosate-resistant (GR), and dicamba-resistant
(DR) biotypes of kochia................................................................... 22

3.11 Confusion matrix from a multi-class SVM of sus-
ceptible, glyphosate-resistant (Glyphosate R), and
dicamba-resistant (Dicamba R) biotypes of kochia
from Figure 3.10. The correct prediction rates occur
on the diagonal. .............................................................................. 23

3.12 A two-hidden-layer neural network. The number of
hidden layers and nodes in a given neural network
are selected through a hyperparameter search. .................................. 24

3.13 An example of values of the nodes and weights in a
neural network. ............................................................................... 26

3.14 The red values have been changed from those in
Figure 3.13 to produce a different classification. ................................ 27

3.15 Training accuracies and epoch loss of the neural
network on the data shown in Figure 3.10......................................... 28

3.16 Confusion matrix from a neural network of the data
shown in Figure 3.10. ...................................................................... 29

3.17 Three kochia biotypes imaged were classified against
each other with at least a 98% accuracy............................................ 31



vii

LIST OF FIGURES – CONTINUED

Figure Page

4.1 Sugar beet was classified against all the weeds im-
aged. This classification does not attempt to distin-
guish weed type, but rather to distinguish between
sugar beet and any kind of weed. The accuracy and
confusion matrix suggested that differentiated sugar
beets from weeds can be done almost perfectly using
a neural network. ............................................................................ 33

4.2 Sugar beet was classified against the three weed
species separately. The accuracies suggested that
it is better to classify sugar beet vs weed and
then discriminate among the weeds separately. If,
however, only a single classification run can be done,
the algorithm still classified the plants with a 94%
accuracy at worst. ........................................................................... 35

4.3 Sugar beet was classified against the three weed
species’ herbicide-susceptible and herbicide-resistant
biotypes. The accuracies suggest that it is possible
to classify the weeds with a single iteration of the
neural network. ............................................................................... 36

4.4 The three weed species were classified against each
other, assuming that the crop has already been
isolated. This raises the minimum classification
accuracy to 96%, an increase of 2%, at the cost of
requiring two classification steps instead of one. ................................ 37

4.5 Glyphosate-resistant and susceptible mare’s tail bio-
types can be discriminated against each other almost
perfectly, assuming one knows that the weed being
discriminated is mare’s tail. ............................................................. 39

4.6 Glyphosate-resistant and susceptible lamb’s quarter
biotypes can be discriminated against each other
almost perfectly, assuming one knows that the weed
being discriminated is lamb’s quarter................................................ 40



viii

LIST OF FIGURES – CONTINUED

Figure Page

4.7 Herbicide-resistant and susceptible kochia biotypes
are more difficult to disciminate against each other,
with only 85% of herbicide-resistant kochia correctly classified. .......... 42

4.8 Discriminating between all herbicide-resistant kochia
biotypes at once is difficult, ranging from 41% to
76%, likely owing to the high similarity between the
distinct-resistant and multiple-resistant kochia biotypes..................... 44

4.9 Glyphosate- and dicamba-resistant spectra were clas-
sified against
distinct-, glyphosate- and dicamba-, and glyphosate-
and distinct-resistant kochia. ........................................................... 45

4.10 Glyphosate-resistant and dicamba-resistant kochia
biotypes can be discriminated from one another with
80% and 63% accuracy, respectively.................................................. 46

4.11 Distinct-, glyphosate- and dicamba-, and glyphposate-
and distinct-resistant biotypes can be discriminated
from one another with 67%, 81%, and 52% accuracy,
respectively. .................................................................................... 47

4.12 Spectra of susceptible (SUS), glyphosate-resistant
(GR), and dicamba-resistant (DR) biotypes of kochia
over time. Note that the none of the spectra change
in a linear fashion............................................................................ 49

4.13 The reflectance difference between the spectra from
the kochia biotypes when they were imaged at two
weeks old and spectra from subsequent weeks. .................................. 49

4.14 Kochia biotypes were classified with at least 98%
accuracy when they were two weeks old and imaged
in the greenhouse. ........................................................................... 50

4.15 Kochia biotypes were classified with at least 76%
accuracy when they were three weeks old and imaged
in the greenhouse. ........................................................................... 51



ix

LIST OF FIGURES – CONTINUED

Figure Page

4.16 Kochia biotypes were classified with at least 44% ac-
curacy when they were seven weeks old and imaged
in the greenhouse. ........................................................................... 52

4.17 Kochia biotypes were classified with at least 98%
accuracy when they were two weeks old and imaged
in the greenhouse. ........................................................................... 53

4.18 Kochia biotypes were classified with at least 54%
accuracy when they were imaged by a drone at 4-6” tall. ................... 55

4.19 Kochia biotypes were classified with at least 25%
accuracy when they were imaged by a drone at 8-12” tall. ................. 56

4.20 Barley was classified against all the weeds imaged
with near perfect accuracy. .............................................................. 57

4.21 Corn was classified against all the weeds imaged with
near perfect accuracy. ...................................................................... 58

4.22 Dry pea was classified against all the weeds imaged
with near perfect accuracy. .............................................................. 59

4.23 Garbanzo was classified against all the weeds imaged
with near perfect accuracy. .............................................................. 60

4.24 Lentil was classified against all the weeds imaged
with near perfect accuracy. .............................................................. 61

4.25 Pinto bean was classified against all the weeds
imaged with near perfect accuracy.................................................... 62

4.26 Safflower was classified against all the weeds imaged
with near perfect accuracy. .............................................................. 63

4.27 Wheat was classified against all the weeds imaged
with near perfect accuracy. .............................................................. 64



x

ABSTRACT

Herbicide-resistant weed biotypes are spreading across crop fields nationally and
internationally and mapping them with traditional crop science methods - cloning
plants and testing their resistance levels in a lab - are costly and time consuming.
A segment of the field of precision agriculture is being developed to accurately and
quickly map the location of herbicide-resistant and herbicide-susceptible weeds using
advanced optics and computer algorithms. In our study, we collected hundreds
of thousands of spectra of herbicide-resistant and herbicide-susceptible biotypes of
the weeds kochia, mare’s tail and lamb’s quarter and of crops including barley,
corn, dry pea, garbanzo, lentils, pinto bean, safflower, sugar beet at the Southern
Agricultural Research Center in Huntley, Montana using a hyperspectral imager.
Plants were imaged in a controlled greenhouse setting as well as in crop fields using
ground-based and drone-based imaging platforms. The spectra were differentiated
from one another using a feedforward neural network machine learning algorithm.
Classification accuracies depended on what plants were imaged, the age of the plants
and lighting conditions of the experiment. They ranged from 77% to 99% for spectra
acquired on our ground-based imaging platform and from 25% to 79% on our drone-
based platform.
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CHAPTER ONE: INTRODUCTION

Herbicides are chemical compounds used to control the growth of unwanted

plants; the first was 2,4-D, an herbicide synthesized during World War II by four

different groups in the United Kingdom and United States who were researching

different ways to use herbicides in the war. While the chemical was never used

as a weapon, it did become the first commercially available herbicide in 1945 after

studies done the previous year showed that 2,4-D could kill dicot (broadleaf) plants

invading crop fields but not kill off monocot (narrowleaf) crops such as cereal, corn,

rice and wheat. This discovery increased food production internationally by largely

eliminating the need for mechanical weed control and has been an integral part of

farming ever since. In 2012, world expenditures on herbicides totaled approximately

$25.2 billion dollars [1].

The potential losses if herbicides are not used are even greater. The most

common weeds worldwide are rigid ryegrass (Lolium rigidum), wild oat (Avena fatua),

redroot pigweed (Amaranthus retroflexus), common lamb’s quarter (Chenopodium

album), green foxtail (Setaria viridus), barnyard grass (Echinochloea crus-galli),

goosegrass (Eleusine indica), kochia (Kochia scoparia), mare’s tail (Conyza canaden-

sis), and smooth pigweed (Amaranthus hybridus) [6]. In the US and Canada alone,

the combined potential losses from uncontrolled weeds in just corn and soybean would

total $43 billion annually [30] and production of both crops would be cut in half.

The interference of just the weed kochia (Kochia scoparia [L.] Schrad.) can reduce

soybean, sorghum, corn, wheat, and sugar beet yields by up to 30, 38, 40, 58, and 90%,

respectively [3,4,24,28,29]. Mare’s tail can reduce grain yields by up to 93% [13] and
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lamb’s quarter can cause losses in corn and soybean fields up to 60% [26]. Herbicides

are an essential part of crop production worldwide.

The mass use of herbicides, however, has led to the emergence of herbicide

resistance in weeds. The phenomenon occurs when a few plants are genetically

predisposed (a random mutation) to resist a typically lethal dose of a given chemical,

are exposed to the chemical, and survive and reproduce [21]. Through natural

selection, successive generations of the weed inherit this trait and become a resistant

biotype of the weed species. This process is similar to the emergence of antibiotic

resistance in bacteria. In the ensuing 73 years since herbicides were first used, at

least 255 weed species across 92 crops in 70 countries have developed some form of

herbicide resistance. This includes resistance to 23 of the 26 biochemical signatures

used by herbicides to suppress weeds and resistance to 163 different herbicides [6].

This immediately raises the need for more precise and effective weed management

systems.

A total of 43 weed species including kochia have been observed to have

populations with resistance to the herbicide glyphosate [5, 6] (commonly marketed

as Roundup R©). Kochia has been shown to be resistant to the chemical dicamba,

the active ingredient in the herbicides Banvel R© or Clarity R©. Kochia has also

demonstrated some resistance to the combination of dicamba and diflufenzopyr, the

two active ingredients in the herbicide Distinct R©. The first instance of glyphosate

resistance was documented in 2007 [6] for kochia and in 2001 for mare’s tail [6].

In addition, kochia biotypes resistant to the herbicide dicamba were identified in

1994 [20]. As more populations of these weeds become resistant to herbicides, the

cost of crop production increases both as a result of crop loss and from the need to

purchase greater quantities and different types of herbicides.

The current methods for discriminating between herbicide-resistant and
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-susceptible weed biotypes involve whole-plant dose-response assays, shoot bioassays,

petri dish bioassays, target enzyme bioassays, and molecular/genetic markers specific

to the resistance trait [2, 6]. Susceptible plants show high levels of herbicide-induced

stress or death, while resistant plants tend to show only minimal damage. While

these currently used herbicide-resistance screening methods are accurate, they are

laborious, cost intensive, and time consuming for confirmation of herbicide-resistant

weeds in large production fields [2]. Furthermore, the delay in the process of screening

(weeks or months) makes it difficult to implement in-season remedial measures to

mitigate or prevent further spread of herbicide-resistant weed populations in a field

and raises the need for the development of new methods to detect herbicide-resistant

weeds among crops.

Precision agriculture is a relatively new field of crop science that has the potential

to reduce pesticide input and mitigate herbicide-resistant crops. The field uses

remote sensing techniques to plan for and respond to variability in crops, including

pests, soil conditions, disease, stress, moisture, and weeds [16, 17]. These methods

were developed alongside the growth of the Global Positioning System and satellite

navigation, aeriel imagery, weather prediction and variable rate fertilizer application.

It is estimated that due to Earth’s increasing human population, the yield of an

individual farmer will need to increase from feeding 155 people per acre to 265 people

per acre [18] and precision agriculture methods will play an important part in this

process.

One aspect of this is large-scale weed mapping. The general management

strategy for controlling herbicide-susceptible and herbicide-resistant weeds is to rotate

crops and herbicides such that a given weed species is unable to survive. This,

however, can involve spraying herbicides across millions of acres of farmland. In

contrast, recent work has shown that it is possible to map the position of weeds to
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GPS coordinates, allowing farmers to spot spray, targeting herbicides on the weeds

patches and not the entire crop field. This has the potential to save crop growers

in the US and around the world hundreds of millions of dollars annually and vastly

reduce the environmental impact of herbicides.

These efforts, however, have not yet been able to map herbicide-resistance across

millions of acres. In part, this is because of the different types of weeds that are resis-

tant to different herbicides in different ways. Work has emerged in the past six years

that uses the spectral reflectance of crops and weeds, particularly using differences

across the near UV, visible, and near infrared spectrum, to distinguish them from one

another [7]. This technique has also been shown to discriminate between glyphosate-

resistant and glyphosate-susceptible Palmer amaranth (Amaranthus palmeri S. Wats.)

biotypes in laboratory conditions [22].

Simultaneously, the development of commercially available hyperspectral im-

agers, cameras which produce a 2-dimensional spatial map with an additional

dimension of spectral information, has allowed researchers to collect reflectance

profiles and predict herbicide resistance in a variety of weeds and situations. This is

a site-specific weed control technique [27] designed not only to locate weeds among

crop fields, but to also determine the appropiate herbicide(s) to use on each individual

plant. The process involves a detailed spectral analysis of different weeds (e.g. kochia,

mare’s tail, and lamb’s quarter) in different crops (e.g., wheat, barley, and sugar

beet), aimed at differentiating between herbicide-resistant and -susceptible biotypes

of the weed. Some work in this field includes distinguishing between susceptible- and

glyphosate-resistant Palmer amaranth biotypes [15], differentiate between glyphosate-

susceptible and glyphosate-resistant Italian ryegrass [14], and detecting the injury on

crops as a result of dicamba and glyphosate [8].

Weeds also have been distinguished from crops using shape rather than spectral
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data [25], but in our application there are no systematic shape differences between

herbicide-resistant and herbicide-susceptible kochia plants. Simple multi-spectral

imaging methods have not yet been studied for this application.

Given the urgent need for improved methods for detecting herbicide-resistant

weeds, a partnership was formed in 2015 between Dr. Joseph Shaw’s Optical Remote

Sensor Laboratory (ORSL) in the Electrical and Computer Engineering Department

and Dr. Prashant Jha at the Southern Agricultural Research Center (SARC) in

the College of Agriculture, both at Montana State University. The goal of the

collaboration was to develop optical remote sensing methods to identify herbicide-

resistant weeds in realistic settings with live weeds and crops. This collaboration

later expanded in 2018 to include Dr. John Sheppard’s machine learning group in the

Gianforte School of Computing at Montana State University. As part of this highly

interdisciplinary collaborative effort, the research reported in this thesis involves the

application of hyperspectral imaging and machine learning to the identification and

classification of weeds in crop. The operating hypothesis driving this research is that

machine learning applied to hyperspectral images can effectively identify weeds in

crop fields and classify those weeds according to their type of herbicide resistance.

My contribution was to study herbicide-resistance in the weeds kochia, mare’s

tail, and lamb’s quarter while among the crops were sugar beet, barley, corn, dry

pea, garbanzo, lentils, pinto bean, safflower, and wheat. Herbicide-resistant biotypes

were found and confirmed using traditional herbicide-resistance techniques by our

partners at SARC and then cloned for further studies using a previously established

method [11, 12]. I then imaged these plants in the greenhouse and in the field

using a ground-based and drone-based hyperspectral imager, generating 7,112,255

spectra of crops and 16,506,161 spectra of weeds, and developed a neural network

machine learning algorithm to accurately predict plant species and biotypes in time
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scales measured in hours. The classification accuracies of the spectra herbicide-

resistant weeds range from 25% to 99%, depending on the weed biotype, age of the

plant, lighting conditions, and imaging platform. The lowest classification accuracy

when using a ground-based imager was 77%, which allows agricultural producers to

accurately identify an herbicide-resistant weed in the field in hours rather than weeks

or months.

The paper follows this format: Chapter 2 presents the methodology used to grow

the plants, the species and biotypes imaged, and the imaging and calibration process;

Chapter 3 details the machine learning algorithm used to discriminate between plant

species and biotypes; Chapter 4 discusses the classification accuracies on different

combinations of crops and weeds; Chapter 5 offers concluding remarks and proposals

for further work.
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CHAPTER TWO: PHYSICAL EXPERIMENTS AND DATA COLLECTION

Data were collected at the Montana State University Southern Agricultural

Research Center (SARC) in Huntley, Montana from June 2017 to August 2017 and in

August 2018. All kochia, mare’s tail and lamb’s quarter plants (homogenous for the

resistance trait as described previously) used in the experiments were grown in pots

containing a commercial potting mix (VermiSoil, Vermicrop Organics, 4265 Duluth

Avenue, Rocklin, California) in the greenhouse under identical conditions [25/23 ±

3◦C day/night temperatures, 80% relative humidity (RH), and 16 h photoperiod]. All

greenhouse-grown crop plants - barley, corn, dry pea, garbanzo, lentils, pinto beans,

safflower and wheat - were grown under the same conditions. During the 2017 and

2018 data collection in the field, we imaged potted kochia plants (at identical growth

stages) among sugar beet at the full canopy growth stage, this time in direct sunlight.

Hyperspectral images were collected individually for crops, and herbicide- resistant

versus herbicide-susceptible kochia, as well as for a combination of various crops and

different kochia biotypes. The number of spectra collected from each species and

biotype are detailed in Tables 2.1, 2.2, and 2.3. In all field measurements, the potted

plants were stored inside the greenhouse when they were not being imaged.

The 2017 imaging campaign included a total of 22 plants, including 13 different

weed plants of different species and resistance classes and 9 different crops. These

plants were either imaged inside the greenhouse under diffuse solar illumination or in

the field under direct sunlight. An example of the field setup under direct solar

illumination (using a Pika IIg imager from our previous study [19]) is shown in

Figure 2.1. In addition, 8 of the crops (barley, corn, dry pea, garbanzo, lentils, pinto

bean, safflower, and wheat) and 3 of the weeds (susceptible, glyphosate-resistant,

and dicamba-resistant kochia) were imaged at different growth stages, allowing us to
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Crop Experiment dates

22-06-2017 29-06-2017

(two weeks old) (three weeks old)

Barley 63576 504785

Corn 155152 1338646

Dry Pea 206854 788800

Garbanzo 82115 567271

Lentils 50087 275048

Pinto Bean 336359 821563

Safflower 56071 733594

Wheat 51297 324080

Table 2.1: The number of spectra collected and date they were collected from each
crop species grown and imaged in greenhouse conditions. Each image was taken under
diffuse solar illumination using the Pika L imager in its tripod-mounted configuration.

track the evolution of their spectral signature from as they grew from 3-4” in height

to 12-15” in height.

Images from 2018 consist solely of potted, greenhouse-grown susceptible,

glyphosate-resistant and dicamba-resistant kochia in a sugar beet field. Two sets

of kochia were used, one at a height of 4-6” and another at a height of 8-12” tall.

For our experiments, we used a Pika L imaging system from Bozeman-based

Resonon, Inc with a Schneider Xenoplan f/1.4, 17-mm-focal-length lens. This

hyperspectral imager had 300 spectral channels spread across the visible and near-

infrared spectrum, from 387.12 nm to 1023.5 nm in increments averaging 2.13 nm.

Each raster scan had a vertical height of 900 pixels and a horizontal width set by the

scan parameters, with a 2500-pixel maximum under most conditions. The lens had
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Figure 2.1: A Resonon Pika IIg hyperspectral imager observing greenhouse-grown
herbicide-susceptible and -resistant kochia among corn on 7 June 2016. Photo Credit:
Joseph A. Shaw

an angular field of view of 0.88 mrad per pixel, giving us 0.56 rad (32◦) by 2.20 rad

(126◦) angular field of view.

The imager provided us with a series of images with two spatial dimensions and

one spectral dimension. Each spectrum was then extracted from its corresponding

pixel in the spatial plane. For our outdoor experiments, it should be noted that

the data collected were taken during moments when the wind was calm to minimize

both spatial and spectral blurring (both occur as each frame has one spatial and one

spectral dimension).
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Figure 2.2: A Resonon Pika L hyperspectral imager mounted on a tripod imaging
weeds at the SARC greenhouse.

For any 2017 image of an entire kochia plant, the camera was placed 2.25 meters

away from the base of the weeds (resulting in a pixel size of 1.98 x 1.98 mm), a

distance similar to having the camera look at weeds if mounted on the boom of a

tractor-mounted herbicide sprayer. The crops in those images were placed at most

0.25 meters from the weeds so both the crops and weeds could be contained within

the same image. This resulted in the camera being between 2.0 and 2.5 meters from

the imaged crops. For images of individual leaves, we placed the imager 10 cm away

(resulting in a pixel size of 0.088 × 0.088 mm) to capture more spatial features and

more spectra of each type of plant. An example of the setup in the greenhouse is

shown in Figure 2.2.
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Figure 2.3: A Resonon Pika L hyperspectral imager mounted on the DJI Matrice 600
Pro while the drone is in flight.

The images from 2018 were all taken while the Pika L was mounted on a DJI

Matrice 600 Pro drone, flying 9.7 meters above the ground (approximately 9.0 meters

from the canopy of the crops and weeds) at a velocity of 1 m/s. The camera was

pointed with a DJI Ronin-MX gimbal and the imager was activated using a Resonon

flight computer connected to a global positioning system receiver using a target map

generated by Google Earth. The drone was flown along a path that included crops,

weeds, and the spectralon panel, with the path designated by the DJI Ground System

Pro application. Each image generated using this method was used independently

and not stitched together to make a single hyperspectral image. An image of the

setup while taking data is shown in Figure 2.3. A sample image of the weeds, crop,

and panel are shown in Figures 2.4 and 2.5.
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Figure 2.4: One of the images taken by the Pika L while mounted on the Matrice 600
Pro flying over a sugar beet field.

Figure 2.5: The red ellipse notes the position of herbicide-susceptible, glyphosate-
resistant, and dicamba-resistant potted kochia next to a calibration panel.



15

CHAPTER THREE: MACHINE LEARNING EXPERIMENTS

Spectral differences in the imaged plants were calibrated using a Spectralon panel

and classified using machine learning. An attempt was made to use a support vector

machine to classify the spectra, the method used in our previous work [19], and we

instead used a neural network to classify our data after initial tests of both models

showed that neural networks provided higher classification accuracies.

Section 3.1: Image Processing

A Spectralon panel was used to calibrate the digital numbers in every image to

spectral reflectance (the percentage of light that is reflected from the object at a given

wavelength). During each of the observations using the Pika L, we began the imaging

sequence by recording dark images of a tightly sealed lens cap and placed a portion of

the spectralon panel in the field of view when we recorded a vegetation image. This

allowed us to subtract the electronic sensor noise (dark current) from the raw image

and then divide out the spectral variation of the light source using an algorithm we

developed. Further work needs to be done to make an algorithm independent of the

calibration panel.

A raw kochia spectrum is shown in Figure 3.1 and the calibrated spectrum

overlaid with the mean spectrum of all the kochia collected are shown in Figure 3.2.

These are followed by Figure 3.3, a plot of the signal-to-noise ratio (mean divided

by standard deviation) as a function of wavelength. Note that the SNR is generally

higher in the near-infrared (NIR) part of the spectrum (700-1000 nm) than in the

visible because of the much larger NIR signal.

It should be noted that while we do have the specifications to calibrate to

radiance instead of reflectance, current ecological literature uses reflectance as a
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Figure 3.1: A spectrum of susceptible kochia that has not been calibrated.

Figure 3.2: The same spectrum in Figure 3.1 has been calibrated to reflectance. The
mean and standard deviation of all the kochia spectra used in this study are shown
in purple.
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Figure 3.3: The signal-to-noise ratio of the calibrated kochia spectrum is higher in
the near infrared regime, where the reflectance is higher.

function of wavelength rather than radiance as the unit with which to undertake

analyses. In addition, measurements of light generated by an integrating sphere with

a wire grid polarizer rotated through 178◦ at 2◦ increments showed little polarization

dependence of the Pika L imager. Figure 3.4 shows the spectral response (in data

numbers) of the imager at each wavelength and at each polarization angle. Each

spectrum is the average of all the spectra observed by the imager at the specified

polarization angle.

We plotted the brightness of six wavelengths (486.23, 589.45, 694.79, 802.25,

911.82, 1023.5 nm) as a function of polarization angle Figure 3.5. They show that

there is some polarization response in some wavelengths, mostly near 90◦. We also

calculated the percent change in the brightness for each wavelength, defined as

maximumbrightness−minimumbrightness

zero polarization angle brightness
. (3.1)

This value was plotted as a function of wavelength in Figure 3.6. The
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Figure 3.4: The polarization response of the Pika L imager at each of the imager’s
wavelengths.

polarization response is maximum at approximately 720 nm and minimum at

approximately 580, 620, 710, 860, and 900 nm.

Figure 3.7 is a sampling of the calibrated data for every crop and weed species

(susceptible biotypes only) imaged. Each spectrum is an algebraic mean and standard

deviation derived from 4,000 randomly selected individual spectra. The plot shows

the differences and similarities in the spectral reflectance for crop and weed species,

which suggest that there is information that can be useful for classifying plants in

images using their spectra. At the same time, the overlapping standard deviations

suggested to us that machine learning algorithms and not simple spectral comparison

are required to accurately discriminate them from one another.

Unless otherwise stated, every spectrum in this and all subsequent plots will show

the means derived from 4,000 randomly chosen spectra of the noted plant biotypes

imaged on the day specified. In addition, plots of spectra will no longer have standard

deviations plotted, in order to more clearly see the mean spectral differences, as shown

in Figure 3.8.
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Figure 3.5: The polarization response of the Pika L imager at each of the imager’s
wavelengths.

Figure 3.6: The polarization response of the Pika L imager at each of the imager’s
wavelengths.
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Figure 3.7: Means and standard deviations of reflectance spectra for every crop and
weed species (susceptible biotypes only) imaged in this study.

Figure 3.8: Means of reflectance spectra for every crop and weed species (susceptible
biotypes only) imaged in this study.
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Figure 3.9: An example SVM kernel which maps two-dimensional training data (left)
to a higher-dimensional space (right). A line (a two-dimensional hyperplane) through
the data on the left would be unable to clearly divide the red and blue dots whereas
a plane (a three-dimensional hyperplane) through the data on the right would be
capable of a more accurate distinction.

Section 3.2: Support Vector Machines

Our initial work to discriminate between weed biotypes focused primarily on

kochia and used a multidimensional support vector machine (SVM) with a radial

basis function kernel to classify different kochia biotypes. [19] An SVM is a supervised

learning model that uses a training set of pre-classified data (such as susceptible,

glyphosate-, and dicamba-resistant kochia) which is represented as points in space.

Each data point is viewed as an N−dimensional vector (i.e spectra with 300 channels),

and the algorithm attempts to separate them with an N−1−dimensional hyperplane.

While there are many hyperplanes that could separate the data, the task of an SVM

is to find the largest separation between the classes.

Once the hyperplane of maximum separation has been found, any new data are

then mapped and compared to the map of the training data and its class is predicted

by where it falls in relation to the hyperplane. A conceptual mapping of data by an

SVM is shown in Figure 3.9.
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Figure 3.10: Means of reflectance spectra for susceptible (SUS), glyphosate-resistant
(GR), and dicamba-resistant (DR) biotypes of kochia.

The algorithm was trained on the full spectrum observed by the hyperspectral

imager, providing a 300-dimensional vector for the SVM to train and classify. The

data used to compare the SVM with a neural network are shown in Figure 3.10.

Each spectrum is the average of 4000 randomly selected spectra from susceptible,

glyphosate-resistant, and dicamba-resistant kochia biotypes that were imaged on 23

June 2017. These 4000 spectra for each class of plant were randomly and evenly split

into training and validation sets. The training sets were combined and validation

sets were combined, forming a training set of 6000 spectra and a valiation set of 6000

spectra, 2000 spectra from each kochia biotype. The SVM was trained on the training

set and used to predict the class of the spectra in the validation set. The roles of the

training and validation set were then reversed: the validation set was used to train

the SVM and the trained SVM predicted the class of the spectra in the training set.

This process was repeated five times in an experimental design method known as

K×2 stratified cross validation [10], which is used to ensure that a particular instance
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Figure 3.11: Confusion matrix from a multi-class SVM of susceptible, glyphosate-
resistant (Glyphosate R), and dicamba-resistant (Dicamba R) biotypes of kochia from
Figure 3.10. The correct prediction rates occur on the diagonal.

of a machine learning algorithm is not randomly showing accurate classifications. The

average and standard deviation of the classification accuracies are presented in the

multi-class confusion matrix shown in Figure 3.11.

A confusion matrix is a table that visualizes the classification accuracy of

a machine learning algorithm, indicating the fraction of measurements that the

algorithm predicted correctly or incorrectly. In this case, the SVM correctly

identified dicamba-resistant, glyphosate-resistant, and susceptible (susceptible to

both glyphosate and dicamba) kochia with 57%, 20%, and 78% accuracy, respectively.

More generally, the correct prediction rates occur on the diagonal and various

incorrect prediction options exist in the off-diagonal positions. For example, the

algorithm incorrectly predicted susceptible kochia as glyphosate-resistant 11% of the

time and as dicamba-resistant 33% of the time.
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Figure 3.12: A two-hidden-layer neural network. The number of hidden layers and
nodes in a given neural network are selected through a hyperparameter search.

Section 3.3: Neural Networks

In order to overcome the limitations of an SVM, the study used an artificial

neural network to more accurately classify more than two types of data. Similar

to an SVM, neural networks are systems that ‘learn’ by being given pre-classified

data and are then used to predict unknown data that are assumed to have the same

number and types of the pre-classified data. This is accomplished by generating layers

of interconnected nodes, an example of which is shown in Figure 3.12. Each circle

represents a node and each column of nodes represents a layer that acts upon the

data as part of the classification. Data are received by an input layer, operated on

by any number of hidden layers (each of which can have a different number of nodes)

and ultimately classified after passing through the output layer.
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The arrows that go to and from each node are the weights, the amplitude of the

connection between the node of one layer and all the nodes of the next (a node can

have different weights for different connections). The sum of the weighted inputs at a

given node is the value used by the activation function (described below) to determine

whether or not that node will pass along its (weighted) output to the next layer in

the network.

Through iterations of this process, the weights are adjusted so that the input

pre-classified data are correctly classified by the output of the algorithm. This is how

a neural network ‘learns’ to more accurately classify unknown data.

The neural networks used to classify data in this study were all feedforward

networks, one where the connections between nodes do not form a cycle and where

information in the network always moves from the input layer to the output layer.

These multilayered networks (a multilayer perceptron) used the rectified linear

activation function, defined as

f(x) = x+ = max(0, x), (3.2)

and approximated by the analytic function

f(x) = log(1 + ex). (3.3)

The output of the activation function (also known as the transfer function) at

every node was based on the sum of the weighted inputs as described above. If the

output fell within a desired range (zero or above in our case), the node passed its

output to the nodes in the next layer.

The networks employed two hidden layers, each with 500 nodes, to predict the

class of input data. We used the backpropagation algorithm to train the network
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Figure 3.13: An example of values of the nodes and weights in a neural network.

[23]. Backpropagation works by computing the error of the network, calculating

the gradient of the error, and following the gradient to adjust the weights on the

connections, thereby reducing that error. Error corrections are propagated from the

output layer back towards the input layer, thus giving the algorithm its name. The

network minimized errors using ADAM, a first-order gradient-descent optimization

algorithm [9].

The training process is demonstrated in the neural network shown in Figures 3.13

and 3.14, which has an input layer of two nodes, one hidden layer of three nodes, and

an output layer of two nodes. In Figure 3.13, the two inputs are 1 and 2, which are

both multiplied by the weights on each arrow and summed to form the values seen

in the three nodes of the first hidden layer (e.g. 1 × −0.3 + 2 × 0.4 = 0.5). This

process is repeated to produce the values in the nodes of the output layer. Note that

the node in the hidden layer that has a value of −0.1 does not pass that value as it

does not meet the greater-than-zero criterion of our activation function.

The highest value in the nodes of the output layer tell us the classification. If,

however, this results in an incorrect classification, the weights might be modified
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Figure 3.14: The red values have been changed from those in Figure 3.13 to produce
a different classification.

as shown in Figure 3.14 (the values in red are those that have been changed). This

produces different values in the nodes of the output layer, modifying the classification.

These new weights would be used in the next iteration of training.

The model used a momentum factor of 0.5 to help the network avoid local minima

during its training. A low learning rate of 0.0005 allowed only small changes in weights

during each training iteration, which makes the training more reliable at the cost of

more training needed to minimize errors in the network. A type L1 regularizer with

a coefficient of 0.005 was introduced as a penalty function for all the weights in the

network in an effort to minimize overfitting the training data.

The neural network architecture and parameters were selected by performing a

hyperparameter search on the activation function (rectified linear, hyperbolic tangent)

number of hidden layers (from 1-3), the number of nodes in each layer (125, 250, 500,

1000), the learning rate (0.05, 0.01, 0.005, 0.001, 0.0005, 0.0001), the momentum

(0.5, 0.9) and the regularizer coefficient (0.01, 0.005). The structure described in the

preceding paragraphs was found to produce the highest classification accuracies when
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tested on the data shown in Figure 3.10.

The mean-squared error in the neural network at each iteration is known as the

loss and the sum total of the loss over an epoch (a set number of iterations, in our case

20) is the epoch loss. If the epoch loss is constant as a function of epoch and has not

plateaued, it is an indication that the network has learned all it can from the training

data, that the error of the prediction accuracy has been minimized. The accuracy and

epoch loss as a function of the epochs for the classification of the data in Figure 3.10

is shown in Figure 3.15. The epoch loss values are always plotted from 0 to 75,000

and are never noted on the axis to reduce clutter on the plots. These accuracies and

epoch losses, and those henceforth, are the mean and standard deviation of accuracy

values from a 5 × 2 stratified cross validation. Any accuracies of 1.00 or standard

deviations of 0.00 shown are the result of rounding errors when displaying the data

and indicate accuracies equal to or greater than 0.995 and standard deviations less

than 0.005.

Figure 3.15: Training accuracies and epoch loss of the neural network on the data
shown in Figure 3.10.
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Figure 3.15 also shows a second accuracy value, which is a final check against

overfitting. The dotted-dashed faded red accuracy was used to track the neural

network as it predicted the validation data set and solid yellow accuracy was used to

track the neural network as it predicted the training set. (The accuracies overlapped

and produced a pinkish color in the figure.) If the yellow accuracy approaches 1

while the red accuracy does not, it is an indication that the network is overfitting

the training data, which prevents it from correctly predicting new data. This check

was performed every time the neural network was used to classify a different subset

of weed and plant biotypes. In each case, both accuracies tracked each other to 1%

percent so the training set accuracies will no longer be plotted.

Figure 3.16: Confusion matrix from a neural network of the data shown in Figure 3.10.

In total, it took on average 2.5 hours to extract weed spectra from a hyperspectral

image, train the neural network and produce classification accuracies. While this

varies widely depending on a given computer system and any other processes the

machine is running simultaneously, it shows that this methodology has the potential

to decrease the time needed to classify herbicide-resistant weeds by an order of
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magnitude.

The confusion matrix of the data presented in Figure 3.10 is presented in

Figure 3.16 and demonstrated much higher accuracies than the SVM, which is why

a neural network model was chosen instead of an SVM to discriminate the spectra

of plant species and biotypes. The spectra, accuracies and confusion matrix are

aggregated in Figure 3.17. This form of plot will be used extensively in Chapter 4.
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(a) Spectral differences between susceptible (SUS), glyphosate-resistant (GR) and dicamba-
resistant (DR) kochia biotypes.

(b) Final total accuracy, epoch loss and confusion matrix produced by the classification of
the above spectra.

Figure 3.17: Three kochia biotypes imaged were classified against each other with at
least a 98% accuracy.
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CHAPTER FOUR: RESULTS AND ANALYSIS

This chapter details the classification of crop species and weed biotypes using

the neural network algorithm described in Chapter 3 applied to spectra obtained

from hyperspectral images recorded at the Southern Agricultural Research Center in

Huntley, Montana. We did not, however, attempt to train the neural network for

every possible combination of the 22 crop species and weed biotypes imaged, a total

of
∑22

n=2

∑n
i=2 nCi = 8, 388, 331 combinations. A subset of these combinations were

selected based on how much might be known about a given crop field. For example,

while nine crops were imaged (barley, corn, dry pea, garbanzo, lentils, printo bean,

safflower, sugar beet, wheat), a farmer knows which crop was planted in each field.

Our neural network thus was trained to discriminate between single crops and all

weed biotypes and not to discriminate between crops.

Each plant species or biotype was instead classified assuming different levels of

knowledge about an imaginary field, starting with a discrimination between the crop

and all potential weeds. This process was then iterated, assuming more knowledge,

either known previously or gained through the previous classification. Most of this

chapter uses sugar beet as its crop to classify against the weeds. The classification of

the other crops imaged versus weeds can be found at the end of the chapter.

Figure 4.1 is the first step in our crop/weed discrimination process, accurately

classifying sugar beet spectra from weed spectra 99% of the time. The weeds

classification accuracy of 1.00 in the confusion matrix (and subsequent confusion

matrices) is caused by rounding an accuracy of equal to or greater than 0.995 to two

decimal places. In this case, actual classification accuracy is 0.9978. Note that the

spectra shown in this figure and all figures in this chapter were generated by averaging

4000 randomly selected spectra of the specified plant species or biotype.
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(a) Spectral differences between sugarbeet and the average spectrum of all weeds species
and biotypes used in this study.

(b) Final total accuracy, epoch loss and confusion matrix produced by the classification of
the above spectra.

Figure 4.1: Sugar beet was classified against all the weeds imaged. This classification
does not attempt to distinguish weed type, but rather to distinguish between sugar
beet and any kind of weed. The accuracy and confusion matrix suggested that
differentiated sugar beets from weeds can be done almost perfectly using a neural
network.



34

We next assumed that we knew kochia, mare’s tail and lamb’s quarter were

in the crop field, which allowed us to discriminate them immediately as shown in

Figure 4.2. The classification accuracies in this case are slightly lower, ranging from

94% for sugar beet and lamb’s quarter to 99% for kochia.

This is the first instance of significant false positives, showing that sugar beet

is misinterpreted as kochia and lamb’s quarter 3% each and that lamb’s quarter is

misinterpreted as sugar beet, kochia, and mare’s tail 1%, 2%, and 3% of the time,

respectively. The confusion matrix also indicates that the algorithm is most likely to

misinterpret a plant as lamb’s quarter or kochia. One explanation for the misclassified

data is that kochia and lamb’s quarter are approximately the average of the the four

spectra below 700 nm while kochia is the average of the four spectra above 700 nm.

It is also possible to discriminate between sugar beet and the herbicide-

susceptible and -resistant biotypes of the three weeds, classifying the seven different

plants in Figure 4.3. The classification accuracies start to vary more in this

circumstance, ranging from 77% for herbicide-resistant kochia to just under 100%

for herbicide-susceptible mare’s tail. In this plot, every type of herbicide-resistant

analyzed in kochia was grouped into the herbicide-resistant class displayed.

This process was also done in multiple steps: to classify the plants as crop versus

weeds and then to discriminate amongst the weeds themselves. The first step was the

classification shown in Figure 4.1; the second used the neural network to discriminate

among just those spectra classified as ’weeds’, shown in Figure 4.4. Using this method,

the classification accuracy for kochia dropped by 1% and increased for lamb’s quarter

by 2%. This method also prevented the 6% misclassification of sugar beet seen in

Figure 4.2. The results of the error propagation are shown in Table 4.1.
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(a) Spectral differences between sugar beet and mare’s tail, and lamb’s quarter weed species.

(b) Final total accuracy, epoch loss and confusion matrix produced by the classification of
the above spectra.

Figure 4.2: Sugar beet was classified against the three weed species separately.
The accuracies suggested that it is better to classify sugar beet vs weed and then
discriminate among the weeds separately. If, however, only a single classification run
can be done, the algorithm still classified the plants with a 94% accuracy at worst.
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(a) Spectral differences between sugar beet (SB), herbicide-susceptible and -resistant kochia
(KS, KR), glyphosate-susceptible and -resistant mare’s tail (MS, MR), and glyphosate-
susceptible and -resistant lamb’s quarter (LS, LR) biotypes.

(b) Final total accuracy, epoch loss and confusion matrix produced by the classification of
the above spectra.

Figure 4.3: Sugar beet was classified against the three weed species’ herbicide-
susceptible and herbicide-resistant biotypes. The accuracies suggest that it is possible
to classify the weeds with a single iteration of the neural network.
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(a) Spectral differences between kochia, mare’s tail and lamb’s quarter weed species.

(b) Final total accuracy, epoch loss and confusion matrix produced by the classification of
the above spectra.

Figure 4.4: The three weed species were classified against each other, assuming that
the crop has already been isolated. This raises the minimum classification accuracy
to 96%, an increase of 2%, at the cost of requiring two classification steps instead of
one.
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One-step Two-step Three-step

Sugar Beet 0.88 ± 0.02 0.94 ± 0.02 0.99 ± 0.01

Kochia (SUS) 0.90 ± 0.06 0.95 ± 0.02 0.94 ± 0.03

Kochia (RES) 0.77 ± 0.04 0.84 ± 0.03 0.83 ± 0.04

Mare’s Tail (SUS) 1.00 ± 0.00 0.98 ± 0.01 0.98 ± 0.01

Mare’s Tail (RES) 0.95 ± 0.02 0.97 ± 0.01 0.97 ± 0.01

Lamb’s Quarter (SUS) 0.98 ± 0.01 0.94 ± 0.02 0.96 ± 0.01

Lamb’s Quarter (RES) 0.92 ± 0.03 0.93 ± 0.02 0.94 ± 0.01

Table 4.1: The classification accuracies for the different classification procedures to
classify glyphosate-resistant mare’s tail and lamb’s quarter. The bolded values are
the highest classification accuracies for each plant listed.

Once the weeds have been discriminated against each other, the algorithm can

more clearly classify herbicide-susceptible and -resistant biotypes. Figure 4.5 shows

that the algorithm classified glyphosate-resistant and -susceptible biotypes of mare’s

tail at least 99% of the time. Similarly, Figure 4.6 shows that the algorithm accurately

discriminates between glyphosate-resistant and -susceptible biotypes of mare’s tail at

least 99% of the time.

These six figures show that herbicide-resistant mare’s tail and lamb’s quarter

can be classified in one, two, or three stages: one seven-plant classification, one four-

plant classification and one two-plant classification, or two two-plant classifications

and one three-plant classification. The final classification accuracies and errors for

the resistant biotypes were collected in Table 4.1. The accuracies for the two- and

three-stage procedures were multiplied and their errors propagated. The classification

accuracies are higher the more classification stages are used.
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(a) Spectra of glyphosate-resistant (RES) and -susceptible (SUS) mare’s tail biotypes.

(b) Final total accuracy, epoch loss and confusion matrix for the classification of the above
spectra.

Figure 4.5: Glyphosate-resistant and susceptible mare’s tail biotypes can be discrim-
inated against each other almost perfectly, assuming one knows that the weed being
discriminated is mare’s tail.
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(a) Spectra of glyphosate-resistant (RES) and -susceptible (SUS) lamb’s quarter biotypes.

(b) Final total accuracy, epoch loss and confusion matrix for the classification of the above
spectra.

Figure 4.6: Glyphosate-resistant and susceptible lamb’s quarter biotypes can be
discriminated against each other almost perfectly, assuming one knows that the weed
being discriminated is lamb’s quarter.
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Discriminating between kochia biotypes proved more difficult. Figure 4.7 shows

the classification accuracies for susceptible kochia and all five resistant biotypes, which

are 96% and 85%, respectively. Given 1000 spectra of each biotype class, 1110 out of

1000 plants would be identified as susceptible (true susceptible and false suceptible)

and 890 out of 1000 plants would be identified as resistant (true resistant and false

resistant).

This does not, however, immediately throw the results of a map over an entire

crop field in doubt; a single spectrum might be classified incorrectly, but that

probability is lower for an entire plant, depending on how many pixels of a plant

are in an image. The more detailed a hyperspectral image, the less likely a plant as

a whole is to be wrongly classified.

If, for example, an herbicide-resistant kochia plant observed in a hyperspectral

image consists of p pixels (and thus has p spectra that have been measured), it will

on average of 0.85p spectra that are classified as resistant and 0.15p as susceptible.

To falsely classify the plant as a whole as susceptible, 0.96p of the resistant spectra

would have to be misclassified as susceptible, a probability of .150.96p. If p = 10, i.e.the

imager is relatively far from the plants it is imaging, the probability of a resistant

kochia plant being misclassified as susceptible is 1.23 × 10−8.

In other words, if we assume that every genuine plant has the average number of

correctly and incorrectly classified spectra (an assumption which needs to be tested),

this algorithm wrongly classifies an herbicide-resistant kochia plant with ten spectra as

herbicide-susceptible approximately once every ten million classification attempts. If

the kochia plant were herbicide-susceptible, the algorithm would wrongly classify it as

herbicide-resistant once every trillion classification attempts. Using this methodology,

even classification accuracies that might seem low can be used to correctly identify

plants as a whole.
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(a) Spectra of glyphosate-resistant (RES) and -susceptible (SUS) kochia biotypes.

(b) Final total accuracy, epoch loss and confusion matrix for the classification of the above
spectra.

Figure 4.7: Herbicide-resistant and susceptible kochia biotypes are more difficult to
disciminate against each other, with only 85% of herbicide-resistant kochia correctly
classified.
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Herbicide-resistant kochia were then classified against each other. The average

spectra of glyphosate-, dicamba-, distinct-, glyphosate- and dicamba-, and glyphosate-

and distinct-resistant kochia are plotted in Figure 4.8 along with their classification

accuracy and confusion matrix.

While the neural network was less able to clearly discriminate between these

plant biotypes, the confusion matrix did suggest another stage of classification. While

the accuracies shown in the confusion matrix were not completely segregated on the

diagonal, they are grouped by glyphosate and dicamba resistance and by distinct,

glyphosate and dicamba, and glyphosate and distinct resistance. There are no false

positives between either group, suggesting that they can be classified as two groups of

kochia biotypes and then as individual kochia biotypes. This hypothesis was shown

to be true in Figure 4.9, which correctly classifies each group of kochia biotype nearly

perfectly.

Figures 4.10 and 4.11 continue the classification of herbicide-resistant kochia

biotypes. The former classified glyphosate-resistant and dicamba-resistant biotypes

and the latter classified distinct-, glyphosate- and dicamba-, and glyphposate- and

distinct-resistant biotypes.

It was not clear that the two extra stages of classification provided an increase in

overall accuracy. The classification accuracy rose for the glyphosate-resistant biotype

by 14%, fell by 12% for dicamba-resistant, fell by 3% for distinct-resistant, rose by 5%

for glyphosate- and dicamba-resistant, and rose by 11% for glyphosate- and distinct-

resistant biotype.

As before, the correct classification of plants as a whole will require further

statistical methods to properly discriminate between kochia biotypes. This is also an

area where further work could be done to refine the neural network algorithm when

classifying these biotypes.
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(a) Spectra of herbicide-resistant kochia biotypes.

(b) Final total accuracy, epoch loss and confusion matrix for the classification of the above
spectra.

Figure 4.8: Discriminating between all herbicide-resistant kochia biotypes at once is
difficult, ranging from 41% to 76%, likely owing to the high similarity between the
distinct-resistant and multiple-resistant kochia biotypes.
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(a) Average spectrum of glyphosate- and dicamba-resistant kochia and average spectrum of
distinct-, glyphosate- and dicamba-, and glyphosate- and distinct-resistant kochia.

(b) Final total accuracy, epoch loss and confusion matrix for the classification of the above
spectra.

Figure 4.9: Glyphosate- and dicamba-resistant spectra were classified against
distinct-, glyphosate- and dicamba-, and glyphosate- and distinct-resistant kochia.
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(a) Spectra of glyphosate-resistant and dicamba-resistant kochia biotypes.

(b) Final total accuracy, epoch loss and confusion matrix for the classification of the above
spectra.

Figure 4.10: Glyphosate-resistant and dicamba-resistant kochia biotypes can be
discriminated from one another with 80% and 63% accuracy, respectively.
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(a) Spectra of distinct- and multiple-resistant kochia biotypes.

(b) Final total accuracy, epoch loss and confusion matrix for the classification of the above
spectra.

Figure 4.11: Distinct-, glyphosate- and dicamba-, and glyphposate- and distinct-
resistant biotypes can be discriminated from one another with 67%, 81%, and 52%
accuracy, respectively.
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There is one further variable that has yet to be considered in the classification

algorithms: time. As part of the 2017 imaging campaign, we imaged susceptible,

glyphosate-resistant, and dicamba-resistant kochia biotypes as they aged. Figure 4.12

plots the reflectance curves of susceptible, glyphosate-resistant and dicamba-resistant

kochia at 2, 3, 7, and 8 weeks old, corresponding to heights of 3-4” tall, 5-6” tall,

10”, 12-15” tall, respectively. While we can use absolute ages in this case because

the kochia were grown in a greenhouse, in a field its age must be estimated based on

its height. These biotypes were chosen because they are the most common currently

found in crop fields.

Figure 4.13 plots reflectance curves of susceptible, glyphosate-resistant and

dicamba-resistant kochia at 2 weeks old and the difference of the 2-week-old spectra

subtracted by the 3-, 7-, and 8-week old data, respectively. This and the previous

plot clearly show that the spectrum of kochia biotypes evolves with time and in a

nonlinear fashion.

An analysis of the kochia at each stage of its development revealed that the

classification accuracies of at least kochia heavily depend on age. We found that

kochia biotypes imaged when they were about two weeks old were the easiest for

our algorithim to discriminate, correctly discriminating between glyphosate- and

dicamba-resistant kochia with 99% accuracy.

This changes as the plant grows older, though not strictly decreasing. Week

8, for example, has a higher classificationa accuracy then week 7. This strongly

suggests that attempts to discriminate between herbicide-susceptible and -resistant

kochia should be done in the plant’s earlier growth stages.
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Figure 4.12: Spectra of susceptible (SUS), glyphosate-resistant (GR), and dicamba-
resistant (DR) biotypes of kochia over time. Note that the none of the spectra change
in a linear fashion.

Figure 4.13: The reflectance difference between the spectra from the kochia biotypes
when they were imaged at two weeks old and spectra from subsequent weeks.
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(a) Spectral differences of two-week-old susceptible (SUS), glyphosate-resistant (GR), and
dicamba-resistant (DR) biotypes of kochia.

(b) Final total accuracy, epoch loss and confusion matrix for the classification of the above
spectra.

Figure 4.14: Kochia biotypes were classified with at least 98% accuracy when they
were two weeks old and imaged in the greenhouse.
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(a) Spectral differences of three-week-old susceptible (SUS), glyphosate-resistant (GR), and
dicamba-resistant (DR) biotypes of kochia.

(b) Final total accuracy, epoch loss and confusion matrix for the classification of the above
spectra.

Figure 4.15: Kochia biotypes were classified with at least 76% accuracy when they
were three weeks old and imaged in the greenhouse.
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(a) Spectral differences of seven-week-old susceptible (SUS), glyphosate-resistant (GR), and
dicamba-resistant (DR) biotypes of kochia.

(b) Final total accuracy, epoch loss and confusion matrix for the classification of the above
spectra.

Figure 4.16: Kochia biotypes were classified with at least 44% accuracy when they
were seven weeks old and imaged in the greenhouse.
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(a) Spectral differences of eight-week-old susceptible (SUS), glyphosate-resistant (GR), and
dicamba-resistant (DR) biotypes of kochia.

(b) Final total accuracy, epoch loss and confusion matrix for the classification of the above
spectra.

Figure 4.17: Kochia biotypes were classified with at least 98% accuracy when they
were two weeks old and imaged in the greenhouse.
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Figures 4.18 and 4.19 show the classification accuracies and confusion matrices

for kochia imaged in a sugar beet field by a drone flying at 1 m/s at a height nine

meters above the canopy of sugar beet and kochia biotypes and flying level with

the ground. The accuracies were considerably worse than the ground-based images,

though the trend of younger kochia being easier to classify continues.

Similar to the discrimination of herbicide-resistant kochia biotypes presented

earlier, the accurate classification of whole plants will take an additional layer of

statistics. The lower accuracies produced by data gathered from the drone-based

platform also suggested that the parameters involving the drone itself should be

further explored. For example, the drone could have been flown at a lower altitude

to increase the resolution of the plants. The drone could also in theory have flown at

a slower velocity to minimize any noise in the image cause by traveling too fast. This

will, however, require different software to fly the drone as the DJI Ground System

Pro application enforces a minimum flight speed of 1 m/s even though the drone itself

is capable of speeds less than that.

Figures 4.20 - 4.27 show the classification of barley, corn, dry pea, garbanzo,

lentil, pinto bean, safflower, and wheat against all the weeds imaged, similar to

Figure 4.1. The neural network was able to discriminate each crop from the weeds

with near perfect accuracy and showed that the procedure used to classify herbicide-

resistant weeds among sugar beet can also be used to classify the same weeds among

these eight other crops.
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(a) Spectral differences of 4-6” tall susceptible (SUS), glyphosate-resistant (GR), and
dicamba-resistant (DR) biotypes of kochia imaged via drone.

(b) Final total accuracy, epoch loss and confusion matrix for the classification of the above
spectra.

Figure 4.18: Kochia biotypes were classified with at least 54% accuracy when they
were imaged by a drone at 4-6” tall.
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(a) Spectral differences of 8-12” tall susceptible (SUS), glyphosate-resistant (GR), and
dicamba-resistant (DR) biotypes of kochia imaged via drone.

(b) Final total accuracy, epoch loss and confusion matrix for the classification of the above
spectra.

Figure 4.19: Kochia biotypes were classified with at least 25% accuracy when they
were imaged by a drone at 8-12” tall.
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(a) Spectral differences between barley and the average spectrum of all weeds species and
biotypes used in this study.

(b) Final total accuracy, epoch loss and confusion matrix produced by the classification of
the above spectra.

Figure 4.20: Barley was classified against all the weeds imaged with near perfect
accuracy.
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(a) Spectral differences between corn and the average spectrum of all weeds species and
biotypes used in this study.

(b) Final total accuracy, epoch loss and confusion matrix produced by the classification of
the above spectra.

Figure 4.21: Corn was classified against all the weeds imaged with near perfect
accuracy.
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(a) Spectral differences between dry pea and the average spectrum of all weeds species and
biotypes used in this study.

(b) Final total accuracy, epoch loss and confusion matrix produced by the classification of
the above spectra.

Figure 4.22: Dry pea was classified against all the weeds imaged with near perfect
accuracy.
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(a) Spectral differences between garbanzo and the average spectrum of all weeds species
and biotypes used in this study.

(b) Final total accuracy, epoch loss and confusion matrix produced by the classification of
the above spectra.

Figure 4.23: Garbanzo was classified against all the weeds imaged with near perfect
accuracy.
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(a) Spectral differences between lentil and the average spectrum of all weeds species and
biotypes used in this study.

(b) Final total accuracy, epoch loss and confusion matrix produced by the classification of
the above spectra.

Figure 4.24: Lentil was classified against all the weeds imaged with near perfect
accuracy.
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(a) Spectral differences between pinto bean and the average spectrum of all weeds species
and biotypes used in this study.

(b) Final total accuracy, epoch loss and confusion matrix produced by the classification of
the above spectra.

Figure 4.25: Pinto bean was classified against all the weeds imaged with near perfect
accuracy.
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(a) Spectral differences between safflower and the average spectrum of all weeds species and
biotypes used in this study.

(b) Final total accuracy, epoch loss and confusion matrix produced by the classification of
the above spectra.

Figure 4.26: Safflower was classified against all the weeds imaged with near perfect
accuracy.
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(a) Spectral differences between wheat and the average spectrum of all weeds species and
biotypes used in this study.

(b) Final total accuracy, epoch loss and confusion matrix produced by the classification of
the above spectra.

Figure 4.27: Wheat was classified against all the weeds imaged with near perfect
accuracy.
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CHAPTER FIVE: CONCLUSION

Herbicide-resistant weed biotypes are an emerging and costly problem for crop

production internationally. While the underlying biochemistry of herbicide resistance

is well understood, the time it takes for traditional methods to detect these biotypes

make them unwieldy to apply on a large scale. In addition, these methods generally

require one to spray whole fields of crops, a costly endeavor both economically and

environmentally. We developed a neural network machine learning algorithm that

uses spectral reflectance observed by a hyperspectral imager that can discriminate for

herbicide-resistant weeds with up to 99% accuracy. Spectra can either be classified

against each other all at once or in stages, depending on the accuracy desired, and

are classified on time scales an order of magnitude smaller than traditional methods.

This process is currently implemented for an individual plant and has not yet been

scaled up to entire crop fields.

My work on the project involved imaging weeds in the greenhouse and in the field

and the development and application of the algorithm. I deployed the hyperspectral

imager in its ground-based and drone-based configuration and collected and calibrated

every plant spectrum used in this study. This involved regular travel to the Southern

Agricultural Research Center in Huntley, MT and the maintenance of the imager

throughout the entire process.

I also led the development of the machine learning algorithms used in this study,

building on previous work done before I joined the Optical Remote Sensing Research

Laboratory. This involved extensive research into machine learning methods, training

the neural network and testing the classification accuracies of the model.

Lastly, I integrated the drone, the imager, the gimbal, and the flight computer

so that we were able (and are still able) to gather hyperspectral imagery while flying



66

above the crop and weed canopy. I piloted the drone and programmed its flight paths

as well as oversaw all aspects of drone maintenance and health, including grounding

the drone in unfavorable environmental conditions.

Further work on this project needs to be done investigating the age dependence

of the classification algorithm on glyphosate-resistant mare’s tail and lamb’s quarter

as well as distinct-, glyphosate- and dicamba-, and glyphosate- and distinct- resistant

kochia. In addition, given the scope of the problem, more weeds and crops should be

imaged and classified against one another.

The neural network also has areas where it can be refined, particularly

when discriminating between herbicide-resistant kochia biotypes. This includes

investigating parameters such as dropout, bias nodes, reducing the dimensionality

of the data, and changing the learning rate and momentum (annealing) while the

network is training.

Concurrently, the imaging parameters of future drone-based campaigns should

be changed in order to provide spectra closer to those observed in greenhouse

conditions to help gain more reliable classification accuracies.

Lastly, the trained neural network should be applied to a hyperspectral map of

herbicide-susceptible and -resistant weeds among crops to test the model under field

conditions. These maps should consist of data from the field as well as those modeled

using the data collected in order to vary the crops, weeds, lighting, mixed pixels,

distance of imager from plants, environmental conditions and other factors to explore

the efficacy of the methods developed in this study.
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