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ABSTRACT

During their growthcrops mayexperience variety ofhealthissueswhich oftenlead to a

reduction incropyield. In order to avoid financial loss and sustain crop survival, it is imperative
for farmers to detect and treabp healthissuesinterest in the use einmanned aerial vehicles
(UAVSs) for precision aggulture has continued to grow as the cost of¢iptatforms and

sensing payloads has decrea§étk increasé availability of this tedéinology may enable

farmers to scout their fieldmd react to issues more quicklyd inexpensivelthan current

satellte and other airborne methodis.the work of this thesisnethodshave been developédar
applications ofJAV remote sensig using visible spectrum amaultispectral imageryAn

algorithm has been developtxwork on a server faheremote processing @nages acquired

of a cropfield with a UAV. This algorithm first enhances the imagesdjust the contrast and
then classifies areas of the image based upovigbe and greenness the crop The

classification is performed using a supporttee macine with a Gaussiakernel which

achieved a classification accuramfy86.4% Additionally, an analysis of multispectral imagery
was performed to determindices which correlate witthe health of corn crops. Through this
processa method for correctgqnhyperspectral images for lighting issues wagelopedThe
NormalizedDifferenceVegetationndexvalues did not show a significant correlation with the
health, but everal indices were creaté@dm the hyperspectral dat@®ptimalcorrelation was
achiewed by usinghe reflectance values for 740 nm and 760 nm wavelengths, which produced a
correlation coefficiat of 0.84 with the yield oforn.In addition tothis, two algorithms were
created to detect stink bugs on crops with aerial visible spectrumsmige first method used a
superpixel segmentation approasid acheved a recognition rate of 93.9%though the
procesing time was highThe second method used an approach based upon texture and color
and achieved eecognition rate of 95.2%vhile improving upon the processing speed of the first
method.While both methods achieved similar accurabg, superpixel approaetilowsfor

detection fromhigheraltitudes butthis comes at the cost ektraprocessing time
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GENERAL AUDIENCE ABSTRACT

Crops carexperiencea variety of issues as they grow, which can reduce the amount of resulting
crop. In ordeto avoid losingheir crgps and money, it is critical for farmers to detect and treat
these issued.he current methods for detecting the issues can be expensive and have slow
turnaround time to fintheresults. Unmanned aerial vehicles (UAVS) have emerged as a
potential to impree upon the current methods and reduce the cost and turnaround time for
determining issue§.he UAVs can use a wide array of sensors to quickly and easily acquire
information aboutfte crop fieldUsing a variety of cameradata can be gathered frohet
wavelengthsvhich can be seen by humans as well as many other waveleuogtite of our

visible spectrumThe work in this thesis uses images acquired from visible spectrum cameras as
well as mulispectral data, which usesdifferentrange of wavelengths. A method was created to
process the visible sptrum images to classify areas of the field based upon the health of the
crop. This method was implemented on a server to allowngefao upload their images through
the interneind hae the data processed remotédtyaddition to this, multispectral images were
used to analyze the healthaarncrops. The multispectral data can be used to create index
values based upon various wavelengths of ddaéay index values were analyzed and created to
find relationships between these values and the hefaltie @arops ad strong relationships were
found between some of the indices and the crop health. The final portion of this work uses
standard visible spectrum images to detect the presence of stink bugs on crops. Two separate
methods were created for this detection ot of these methods were able to accurately find
stink bugs with a high success rate. The first method was able to detect the stink bugs from
farther away than the second method, however the second method was able to perform the

detection much faster.
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Chapter 1 Introduction

With increased access to unmanned aircraft that are capable -o€bahtion overhead
imagery, farmers are now empowered to scout fieitts much higher accuracyd coverage
area. Thisimage acquisitiorrapability is complemented liye ability to interpret the data so

that an appropriate response is taken.

Crops can regularly suffer from a variety of issues, which a farmer will want to address. The
issues suffered can includmth biotic and abiotic stresses. These may invdiseases,

improper treatmenwith chemicals, misapplicatioof water as well as insect problems. The

current methods of detecting and resolvingse issues are lacking. Thesethods include

manual inspectionyhole field treatmentvith pesticides or fungicides, and photographic
inspection. The current manual inspection methods involve the farmers looking through the
fields at ground level or from a slightly elegdtheidnt. These methods of inspection do not

provide proper scope to truly locate issues and also can be manually intensive to see the scope of
the field. A current method gfhotographic inspection involves aerial imagery, generally

acquired from a manned aiaft, which can be used for the crop inspection. This method is also
manually intensive and the cost for this inspection meithwodry high, which limits its

appliability for mostfarmers. The other current methodrisating large portions of the field

based oriield-average thresholdsstead of targeting treatments to the specific problem areas.
Knowing the problem areas to target can help reduce the amount of treatment and save money

for the farmer.

The rise in availability and use of unmanned aircrafts tawa farmer to improve upon the

current methods of inspection and treatment. With the use of an unmanned aerial vehicle (UAV),
a farmer has the ability to quickly and easily acquire airborne imagery of the field, which can
thenbe used for inspection. The dad this work is to create tools and methods for farmers to
improve the health and yield of their crops from the anabfdimages which can be acquired

from a UAV. Various types of images can be used to investigate the health of crops. The most
widely avalable and most inexpensive form of imagery is visual spectrum imagery. As a result,
the first goal of the work was to create image processing methods to detect crop stresses using

solely visual imagery. While it is unlikely that farmers will have accese#sinfrared or



hyperspectral cameras, the information from these images can potentially provide a more
accurate representation of crop health than the simple visual imagery. As a result, the next goal
of this work was to examine the information obtaifredn multiplespectrums and the indices

this datacan produceincluding known indices and the creation of new indices.

In addition to locating and treating the issues after visual damage has been done to the crops, it
would be beneficial to detesome issues, such as the presenaesett pestsbefore the damage

has been done to the crop. This also has potential to be achieved through scouting of a field with
a UAV. The final goal of this work was to create methods for the detectiosaiftsin a field

from airborne imagery. Specifically, the goal was to detect brown marmorated stink bugs since
these arermemergingoest in Virginia, which is the focus area of this work.

The organization of this thesis will be in the following form. Chaptgis2usses all relevant
background information required to understand the methods presented in this thesis as well as
existing literature in these areas. The chapter will cover the topics of remote sensing, computer
vision, and machine learning. Chapteri€cdsses my method for processing visual imagery to

aid the detection of crop stress. This method includes image enhancement as well as an
implementation of a machine learning algorithm to classify the problem areas in the field.
Chapter 4 presents multesgtral analysis for crop health monitoring, including NDVI analysis
from visual and neanfrared imagery as well as hyperspectral index analysis using a
hyperspectral camera. Chapter 5 covers multiple methods that have been developed to detect
stink bugson vegetation from aerial images. Two different algorithms are presented, while
multiple other attempted methods are discussed. Chapter 6 will present a summary of the work in
this thesis along with the conclusions which were drawn from this work. Adalitfppotential

areas of improvement for future work are discussed. This final chapter is then followed with the

references which were used during this work.



Chapter 2 Background

This chaptediscusseshe background information which is necessary tenstand the work of
this thesis. The three main topics discussed in this section are remote sensing, computer vision,

and machine learning.

2.1 Remote Sensing

Remote sensing is observing an object without physically touching the object. In the field of
agiculture, remote sensing involves the ability for farmers to observe and acquire information
about their fields without physically touching the fields. This generally involves images acquired
from satellites and aircraft to provide a means to assessdirttitions from a point of view

high above the field. Many different sensors candezldor remote sensing, includinoges

which see in the visible wavelengths of light and others which can detect wavelengths not visible
to the human eye. With recent beological advances, remote sensing has become more
accessible to most agricultural producers. Images acquired through remote sensing can be used
for the identification of diseases, nutrient deficiencies, insect damage, herbicide damage, water
deficienciesor surpluses, and many other issues. This information allows farmers to focus

treatments on onlthe affected areas of a field|[1

Usingremotdy sensedlata,indices have been created for the analysis of different features of
crop health. Many athese indices rely on data from wavelesgtbrresponding to the visible
and infrared regions of the electromagnetic spectrum. Visible light ranges from wavelengths
between around 400 nanometers and 700 nanometers. One portion of the infrared region of the
spectrum is neanfrared (NIR) light, which ranges from wavelengths of 700 nm to 1100 nm.
Chlorophyll, the pigment in plant leaves, strongly absorbs visible light for photosynthesis while
strongly reflecting NIR light. These properties of the plants cthesase of an index known as
the Normalized Difference Vegetation Index (NDVI), shown in EquationZ.1
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In this equation) "OPépresents the spectral reflectance in the-imfared wavelengths ard "O"Y

represents the spectral reflectance in the visible (red) wavelengths. Values for the NDVI range



between pand p. Areas with high NDVI values, from 0.6 to 0.9, generally correspond to

dense vegetation such as crops at their peak growth stages or forests. Sparse vegetation can result
in moderate NDVI values, around 0.2 to 0.5, and areas of barren rockpsandw generally

result in very low NI¥I values, usually 0.1 or less][3Many other indices can be created from

the use of hyperspectral data, which involves reflectance values at specific wavelengths across a
range of wavelengths. A list of crop indicgas found in the dissertation work of Pavuldii [

From these, two indices were selected for further investigation in this thesis. The two indices

were selected because these were the only two which used wavelengths for which data could be
accurately aagired using our hyperspectral camera. The first of the indices was a ratio of the

reflectance values at 780 nm and 740 nm in the form shown in Equation 2.2.
I
Ot Q Q@— (2.2)

An additional index taken from that work is known as thenhidized Difference Red Edge
index, which uses the reflectance values at 790 nm and 720 nm. The formula for this index is
shown in Equation 2.3Jany additional indices are used in remote sensing, but these were not

included in the scope of this thesis.
OET awa @@QQQIYMQQW (2.3)

Current satellite sensors for remote sensing have critical limitations of the lack of imagery with
optimum spatial and spectral resolutions as well assiradde revisit time of the satellites.

Manned airborne platforms for remote sensing have the issue of high operational costs. With
remote sensing platforms for agriculture, high special resolution and quick turnaround times are
necessary for useful ressilfThe use of UAVs with remote sensors provides a potential solution
to provide lowcost approaches for meeting the spatial, spectral, and temporal resolution
requirementswhich waspresented in the article by Berni et[&]. Additionally, this article

explored andalidated the capabilities of thermal and narrowband multispectral remote sensing
from a UAV to monitor vegetation. The idea of kalitude remote sensing from a UAV as a
potential substitute for satellite precision agriculture systems sadaén explored iother

works ofliterature[6] and he use of UAVs for remote sensing applications in agriculture has
been investigated in many additional piecekterature [#9]. From these investigations, the use



of UAVs for remote sensing and pigon agriculture is a very capable and esfééctive option
when appropriate sensors are used. This is an emerging and growing technology that will likely

have a large impact on the future directions of remote sensing for agriculture.

2.2 Computer Vision

Computer vision is a field which aims to make computers see. The field includes methods for
acquiring, processing, analyzing, and understand images and data from the real world to produce
information, such as in the form of decisio@§][ Generally, compter vision techniques are
developed to replicate the abilities of human vision thrabhghuse o computer processing
images.The following will cover the computer vision concepts and techniques which have been

utilized in the course of this thesis.

2.21 RGB Color Space

The RGB color space is an additive color space which consists of red, green, and blue. This color
space is the most commonly used color space and is used by most cameras and for the related
applications.

2.2.2 HSV Color Space

The HSV cobr space is a cylindricaloordinate representation of points in an RGB color mode.
This is one of the two most common cylindrical representations, alongside the HSL color space.
The HSV name stands for hue, saturation, and value. The color space wapeattfe

computer graphics applications and is currently used in color pickers, image editing software,
image analysis as well as computer vision. The hue component is the angular measure of the
color space and it represents a measure of the color. Satusathe radial component and this
represents how colorful a color is relative to its own brightness. The value component is a

measure of the brightnepkl].

2.2.3 Lab Color Space

The Lab color space is a colopponent space, with the L component fghiness and*aand b
for the coloropponent dimensions. The a* component represents the position of the color

between red/magenta and green and the b* component represents the position of the color



between yellow and blue. The lightness value rangesgeet@ and 100, with O representing
black and 100 representing white. For a* and b*, negative values indicate green and blue and

positive values indicate red and yellow, respectiy&8}.

2.2.4 YIQ Color Space

The YIQ color space is the one that is usethieyNTSC color TV system. The Y component
represents the luma values, which correspond to the brightness of the image. The I and Q
components represent the chrominance information. This color space representation can be used
in color image processing tadjast images without altering the color balance. This is done by
applying the adjustments only to the Y channel of the imHg@}sThe formula for converting

an RGB image into the YIQ color spars shown by Equation 2[44].
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2.2.5 Superpixel Segmentation

Superpixels are largaixels formed from combinations of many other pixels. This allows
redundancy in images to be captured and reduces the complexity oatiefion later

processing. One method of superpixel segmentation, which is used in this thesis, is the method of
SLIC Superpixels. The algorithm for this method is called SLIC (Simple Linear Iterative
Clustering) and the method is detailed in the p&p8r This method uses a five dimensional

space containing the L, a, and b values of the CIELAB color space as well as the x and y pixel
coordinates and performs local clustering of the pixels based on these five dimensions. The input
to this algorithm is theesired number of superpixels K, which would be approximately equal in
size. For an image with a size of N pixels, each superpixel is approximately N/K pixels in size.
With superpixels which are roughly equally sized, a superpixel center would be |dcadeth a

grid interval™Y 0 0. To begin the algorithnK cluster center§ & R hghd hd h are
choserfor the superpixelsith Q  ph) at regular grid interval® Because the approximate

area of each of the superpixelsYs it can be assumed that the pixels associated with this cluster
center are located in@Y ¢"Yarea around the superpixel center indheplane. As a result,

this area becomes the search area for the pixels closest to each cluster cehieCEirAB

color space, Euclidean distances are perceptually meaningful for small distances. To prevent the
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spatial pixel distances from outweighing the pixel color similarities, a distance mé€asuas

used, which is defined as shown in Equation 2.5

Q a0 6 0 o
Q o ©  ® (2.5)
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The variablex is included to control the compactness of the supdmiGreater values @f
result in a stronger emphasis on the spatial proximity and creates more compact clusters. This
distance measure is used as the metric for determining how well the pixels match with the cluster

centers.

The algorithm begins by sampd U regularly spaced cluster centers and then moving them to
thelocations in a 3 x 3 neighborhood which have the lowest gradients. This reduces the chance
of choosing a noisy pixel and avoids placing them at an edge. The gradigetsnmage are

calaulated using Equation 2.6
Oahy  A0m pho Ob pho &£  AOohw p O p & (2.6)

In this equation’Ochw is the vectoof Lab values correspondirtg the pixel at locationain |

which takes both color and intensity informatioto account. Each of the pixels in the image

become associated with the nearest cluster center whose search area overlaps the pixel. Once all
pixels are associated with their nesdreluster center, the averagablxy vector of all pixels in a

cluster isdetermined to be the new cluster center. This process of associating pixels with the
nearest cluster center and recalculating the cluster center continues to be repeated iteratively until
the cluster centers converge within a threshold. After convergérgcepnnectivity of the pixel

clusters is enforced. If any stray pixel labels exist, the disjoint segments will be relabeled to the
labels corresponding to the largest neighboring clustex.SLIC superpixel segmentation

method has been compared to o#wasting methods and has been shown to outperform existing

methods in nearly every respet#].

2.2.6Edgesand Texture

Two properties of an image which can be very useful in computer vision are the edges in the

image and the texture of the image. Whetednining edges and texture properties of an image,
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the use of a filter can be advantageous. A filter is a matrix which is applied to a neighborhood of
pixels around a specific pixel. Filters can be used in a variety of tasks which include smoothing,
shapening, enhancing or detecting eslgend examining image textuj&7]. Two of the

applications for filters which were used in the course of the work in this thesis are for edge

detection and texture.

To detect edges in an image, it is necessary to femghhrp changes in the imagjece these

correspond to edges. These changes in the image can be determined through the use of a gradient
in the mage. The formula in Equation ZJiwes the gradient of an imaf#8]. This formula is

comprised of the partiaerivatives in both the x and y directions.
T Qr "Q

n"Q . .
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(2.7)

When performing this gradient calculation on an image, it can be approximated through the use
of a filter. One such example of a filter which can be uséteiSobel operator. Equation 2.8

shows the Sobel operatos the horizontal and vertical gradients. These operators can be used
to determine the gradients in an image by convolving the operator with an[h8a28.

p T p p < P
O ¢ m ¢h O m T T (2.8)
p 1T P p < P

To examine texires in an image, many different methods exist. The method used for the work in
this thesis was the entropy of the image. Entropy is a measure of the amount of disorder in a
system and a statistical measure of uncertainty. The entropy can be used to determh ow &6 b u s
areas of an image are and the amount of variability in the areas. As a result, this quantity can be
used to find differences in the texture of an image. The formula to calculaettbpy is shown

in Equation 2.9This equation is applie a neighborhood, or window, around each of the

pixels in an image.
(¢ niig (2.9)

In the equation, E is the entropy aipdepresents the histogram bin counts for the pixel values,

which corresponds with the probabilitiekthose specific pixel valug&2-25|.



2.2.7Binary Operations

When processing imagdsr some applications, a useful technique can be to create a binary
image and perform operations on that binary image. A binary image is an image with only two
possibé values for each pixel, typically 0 and 1. The use of binary images caiif githel

methods for processing images in many circumstances. One way of creating a binary image is
through the use athreshold. For image pixel values, or feature valuesif@ig a binary

image can be produced by comparing the pixel values to a threshold. If the pixel value fits the
criteria corresponding to the threshold, the binary pixel is assigned a value of 1, while a value of

0 is assigned otherwise.

One method of prassing binary images is through the use of morphological operations. These
operations apply a structuring element to an image and the output pixel values are based upon
comparing the input pixel values with their neighbors. A structuring element is dtmaaskn

take on various shapes to achieve different results. The mask will have values of 1 in a desired
pattern and will be applied to the input image to perform the morphological operations. The most
basic operations are dilation and erosion. Dilatsoa method for expanding the edges of an

object in an image. For dilation, the value of the output pixel value is set to the be the maximum
value of the pixels in the neighborhood, as defined by the structuring element, of the input pixel.
Forbinary imags, if any pixel in the neighborhood is 1, then the output pixel value is set to 1.
Erosion is a method to reduce the size of an object in an image by removing edge pixels. For
erosion, the output pixel value is set to the minimum value of all pixels meigaborhood of

the input pixel. So, if any pixels in the neighboodhas a value of 0, theutput pixel will be set

to 0 [26. Additional morphological operations can be achieved by the combination of the

dilation and erosion operations. One such opmras opening, which is achieved by an erosion
followed by a dilation. Opening can be used to remove small objects from an image and open
gaps between connected objects. These are removed through the erosion process, but any regions
which survive the erasn are restored to their original size by the dilation. Another operation is
closing, which refers to a dilation followed by an erosion. Closing can be used to fill holes in
regions of an image while keeping the same initial region size. A hole refaxetoalues of 0

within an object with pixel values of 1. The dilation operation sets the values in the hole to 1 and
the following erosion is used to return the objedts initial external shape T2



Additionally, for binary images, the region propes of the image can be useful. Regions are

areas in the image which contain pixel values of 1 and are connected together by being next to
the pixels. Many properties of the regions can be fantused for processing. The region
properties which are uden this thesis include area, perimeter, and eccentricity. The area is the
number of pixels, with a value equal to 1, contained in the region. The perimeter of a region is
the total distance around the boundary of the region. This is determined bytdheallsetween

the adjoining pairs of pixels around the region. For determining the eccentricity of a binary
region, a buikin Matlab method was used. For this, the eccentricity is found for an ellipse which
has the same secomtbments as the desired regidnce this ellipse is found, the eccentricity

can be found as the ratio of the distance between the foci of the ellipse and its major axis length.
This value varies between 0 and 1, with O representing a circle and 1 representing a line segment
[28].

2.2.8 Local lllumination Adjustment

During the work of thesis, issues were found with illumination in various portions of images.

These issues included shadowed as well as glared areas in an image. As a résult, loca

illumination adjustment was require@neexisting method which was explored in this thesis is

Poi sson image editing. For t hi™aclogedhsebsdtaf! | owi n
a9, be the image definition eitmBoundarygan deltet q
be a known scalar function defined ovémi nus t he i n t"®e an anknownfscalar a n d
function defined overvbttha ivetcemoirorfd &l Bhg deFii ma
guidance field for the illumination application is define the logdomain as shown in Equation

2.10.

T 9°Gs g (2.10)

In this equation, the variableis 0.2 multiplied by the average gradient nornibb ver g and
is 0.2. For an image, a discrete Poisson solver must beaied new, adjusted, pixel values.

For this, at each pixéj in "YU is the set of the-donnected neighbors for the pixel.

Additionally, 8Os a pixel pair such that™ . For the discrete solvey, is the projection

of I — . The solution for the discrete Poisson solver satisfies the simultaneous linear

equations shown in Equatiord2.forallfn ™ q 29].
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This g/stem of equations forms a classical, sparse, symmetric, pedéivete system and due

to the arbitrary shape of the boundary, iterative solvers must be used.

2.3 Machine Learning

Machine | earning was defined bwthétgteur Samuel
computers the ability to | eaB80nhThefielddf machinebei ng
learning explores the construction of algorithms for the use of learning from and making

predictions on data. Twaf themain areas of machine leawmg are unsupervised learning and

supervised learning, which will be discussed below.

2.3.1Unsupervised Learning

Unsupervised learning involves inferring information and making decisions about unlabeled data
[31]. All information obtained from the datacdecisions made about the organization must be
made without any information input from a human, since no labels are given for the data. As a
result of the unlabeled learning, there is no error or success informaticim can beused to

evaluate the solidn method. A common form of unsupervised learning involves clustering.
Clustering is commonly used in computer vision applications for grouping together different
pixels based upon how similar their features are. One such algorithm that can be usgdsfor th

the kmeans clustering algorithm. The previously discussed SLIC superpixels algorithm utilized

a version of kmeans clustering.

2.3.2 Supervised Learning

Another form of machine learning is supervised learning, which uses labeled training data to
create the function for predicting future data. In supervised learning, the features of the labeled
training data are compared to the features of each new item of test data in order to predict class
labels for the test data. Many different methods of supsghiesarning exist, which include k

nearest neighbors, support vector machines, and many [8Bgrs

Support vector machines have become very popular for machine learning applications due to
their great performance and the flexibility from the kefveetedramework. These classifiers

11



have the ability to achieve high classification accuracy even with only a small amount of training
data. SVMs are inherently binary linear classifiers which use a set of labeled training data to
build models to assign new explas into one of two classes. The kerbased framework of an

SVM also allows for efficient nofinear classification with the use of the kernel trick.

Additionally, multiple SVMs can be combined in order to classify instances into more than two
classeswhich becomes a multiclass SVNhe algorithm for an SVM will be explainecsed

upon the information frorf83] and [34.

The most basic case of an SVM is the 2D binary linear SVM. In this case, the SVM attempts to
separate the data into two classes uaihgperplane, which is reduced to a line for this case. In
general, the hyperplane is describecHquation2.12

VA @ T (2.12)

In the equationgis the input data) is normal to the hyperplane aigel/—Eis the perpendicular

distance from the hyperplane to the origin. A representation of a support vector machine can be
seen in Figure 2. The data in thexample in the figure is linearly separable between the two
classes. The hyperplane is represented by the solid line between the two classes and the support
vectors are represented by the dashed line, lali@letdO . The margins, or distancestiveen

the hyperplane and the support vectors, are represented in the fi@rarnyQ . The overall

margin of this support vector machine is the distance between the support vectors, or the sum of

the individual margins.
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Figure 21: Representain of a support vector machine.
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A mathematical representation of the two classes is showhelpair of equations in Equation
2.13 As a result, implementing the SVM requires the selection of the vatiattelosuch that
the conditions of these eqiats are met.
wd w0 pAEO p Al AOO
. L (2.13)
W pAEIWO p Al KOO
When considering the points of the classes which are closest to the hypergdkmkspwn as
the support vectors, the plane connectirggéhpoiks is represented byghation2.14 The

equation for the linéO from Figure 2.1uses p and the line fofO uses p.
wd @ p (2.14)

In this model of an SVM, the distanCebetween any data point and the hyperplane is found

through theuse ofEquation 2.15

O gw::u—wé (2.15)
A E
Using the previous equation, the margins for each of the support vectors as well as the overall
margin for the SVM can be found. The margins for each of the support vé&etaran be found
by substituting Equatio@.14into Equatior2.15 The overall margin of the support vector
machine can be found from combining the margins of each support vectors. The equations for

these margins are shownEquation 2.16

Q %E AL Qqﬂef—m (2.16)
When determining the functions to represent an SVM, the valuésdadmust be solved for.
The goal when creating the SVM is to orient the hyperplane in such a way that it is located as far
away from the support vectors as possiblartter to this, the margin must be maximized.
Maximizing the margin creates a quadratic optimization problem and the solution for the

variable w is shown in Equatichl7.

0 A (2.17)
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For this equation, has been introdudeas a weight variable. When using the SVM in
applications, the classifier function in Equat@®Ad8is used. The use of the sign function for this
classifier results in output label values gb or p, which correspond to the label values for

each of thelasses.

Qo OEQImw o (2.18)
The previous description works well for data which is linear separable, but this is not the case for
many applications. In many cases, the classes cannot be separated using a simple linear

classifier. An example ofugh data is shown in Figure22 With this data, a line will not be able

to separate the two classes, so a nonlinear hyperplane and support vectors would be required.

6
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Figure 22: Data which is not separable with a linear hyperplane.

A technique which cahe used with SVMs to handle the classification of data which is not
linearly separable is the kernel tridhefeature vectors for the data can be mapped into higher
dimensional space using some mapping funab@n %. w . Applying this mapping to the linear

classifier function produces the new cléssifunction in Euation2.19
Mo OECT woow 0° Qw OECIH 0%ow Jnew o (2.19)

For the new maung, the Kernel Function can be defined as shown in Equaiiih
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Using this definition of the Kernel Function, the classifier function cam Ine written in the

form of Equation 2.21

Qo OECT ol o © (2.21)

One example of a kernel that can be used is the radial basis function (RBF) kernel, which is also
known as the Gaussian kernel. The formula of this kernel is shown below in Equa#iofihe
value for this kernel carange between 0 and 1 and decreases with the distance. Additionally,

there are an infinite number of dimensions in the feature space of this kernel.

0 o Q — (2.22)
Although the feature space of the kedimas an infinite number of dimensions, Fig@rgis
included togive avisualrepresentation dhe impact of the kernel function. The figure shows
the data from Figure 2 after the RBF kernel has been applied to the data. Thigrdatahe
feature speewas summed to produce thalBnensional plot. After the kernel, the data is clearly

separable with a hyperplane, which was not the case with the original data.

80 -

0
Figure 2.3 3-dimensional representation of the impact of the RBR&lewn the data
from Figure 2.2.

15



Although SVMs are inherently binary classifiers, their use can be extended to perform multi
class classification. Two primary methods of performing rraldtss classification with SVMs
are the fione vs. all 0 mekRohteedneasnal methok anfBahtis v s .
trained for each of the classes against all of the other data. thesdthe training data fane

class is set to be the first class and all other training data, from each of the rest of the classes, is
set to be th second class in this model. To perform the test stage on a test example, each SVM is
applied to the test example and the class assignment is selected as the class of the SVM which
returned the largest decision value. The one vs. all method requireetb®uSVMs, whera)

is the number of classes in the model. The second method is the one vs. one method, which
requiresh U p ¢ different SVM classifiers. The implementation of this classifier requires
creating an SVM for each possible pair of classesinguhe test stage, each of these SVMs
classifies the test example between two classes and each of theseasaugei® for which class

to assign the test example. The class which receives the most votes for test examplethecome

classification of tht test examplg35, 36].

2.3.3 Machine Learning for Crop Classification

Some examplesf using machine learning for crop classification exist in the literature. Those
examplesised machine learning to classify the types of crops, but not the healts@ttobps.

One method used hyperspectral data and a support vector machine for the classification. This
was used to classify six different classes, which indwden, sugar beet, barley, wheat, alfalfa,
and soil. Each of these classes achieved recogméiesof greater than 90 percent [37

Another example also used hyperspectral data for separating types of crops. For this, the five
crop species examined were soybean, canola, wheat, oat, and barley. This method used a
discriminant function analysis amach to classify the objects based on a measure of generalized
square distance. High classification accuracies were achieved throughowavtimeg geason for

this approach [38
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Chapter 3 Visual Crop Stress Detection

This chapter discusses a methodd@p stress dettion through the use of visibépectrum
imagery. This would enabkefarmer to investigate their field for healdsues by flying a low

cost UAV, with astandirdcameraover the crops.

3.1 Dataset

A large set of aerial crop images wasvided by Tim Sexton, who works for the Department of
Conservation and Recreation in Virginia. The images were taken by Tim during flights he made
over fields. When farmers want their fields investigated for potential issues, Tim will be flown
over the felds to take images out of a helicopter. Images of various fields from many different
flights became the basi®r the dataset which wassed for my algorithms. The total database
consists of 144 images of fields with crops in various states of health. The iemagespass a

wide array of crop stress issues as well as different lighting conditions. Two images from the
data are shown below in Figures 3.1 and 3.2. The image in Figure 3.1 was annotated by Tim
before beinglelivered The image in Figure 3.2 is anotloarn field with some stressed areas

throughout.

Irregular manure spread pattern----->

Figure 3.1:An example of an image from the dataset, with an annotation provided.
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Figure 3.2: This is an example of an unlabeled image from the dataset showing corn with
multiple stressed areas.

3.2 Image Enhancement

Many conditions can impact the quality of aerial images and the visibility of the crops in the
images. These can include the lighting conditions as well as atmospheric conditions such as haze.
In order to mitigate the impact of these coiuhis, normalize the imagesnd improve the

contrast lktween differences in crops, mmage enhancement method was employed to initially
process the images. With the images captured from the helicopter, this enhancement is currently
performed manually tollaw differences in crop health to be more visually obvious. The image

enhancement algorithm will automate that process.

The image enhancement algorithm has two main parts: contrast adjustment and lightness
adjustment. The contrast adjustment allows vianatwithin the crop to be seen more easily,
while the lightness adjustment mitigates the atmospheric impacts and normalizes the image
brightness levels.

To adjust the contrast of the images, an auto contrast adjustment algorithm was developed as an

adaptation to a similar method [39For this, an upper and lower limit are set for the percentile of
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the values that the data will be scaled to. For this implementation, values of 0.005 and 0.995
were set for the low and high limits, respectively. The R, @,Bacomponents of the image are
then sorted and the mmum and maimum RGB values are selected corresponding to the
location of the high and low limits multiplied by the number of pixels. The high and low RGB
pairs will then be converted to the YIQ colpace for the Y, or luma, component to be used.
The Y component for the high and low pairs will then be used to rescale the image as a
percentage of these maximum and minimum values. The rescatiogady Euation3.1.

‘0a —:Od w (3.1)

W @

In this equationimadjustediS the output image, Im is the input imageninfs the low limit luma
component and waxis the high limit luma component. Thatput image will have values that
rangefrom O to 1, sotimust be multiplied by 255 to rescale the RGB values for the output.

To correct and normalize the brightness of the image, it is first converted into the Lab color
space. The L, or lightness, component is extracted and used for further processingh Throug
analysisof manually enhanced imageike optimum median image lightness level was found to
be around a value of 40. As a result of this finding, the brightness correction algorithm was
designed to adjust the median lightness component of the imagedodilgo a value of 40 by
lineady shifting the channel value$he results of the image enhancement algorithm can be seen
in the following examples. Theigmal image in Figure 3.3 watark and the enhancement was
able to correct for that, while the igminFigure 3.4 was too bright whichaglenhancement was

alsoable to appropately correct

Overlap of Nitrogen >

Top Dressing of Nitrogen Skip >

Figure 3.3: An image shown before (left) and after (right) the enhancement algorithm has
been applied
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Figure 3.4: An image shown before (left) and afteyhfi) the enhancement algorithm has
been applied

3.3 Machine Learning Approach

Once the images have been enhanced and normalized, the next step is to classify the areas of the
images which are stressed dhd areas whichre healthy. In order to achietree classification,

a machine learning approach was used. Specifically, this method utilizes a support vector
machine to perform the classification. For the classification, three classes are being used. The
first class represents healthy crop areas. Toenskclass represents potential problem areas in

the field, which would be stressed areatutther examine in order to resolpeoblems. The

third class contains dirt and dead areas of the fields, which would be issues that could not be
resolved.

In theearly stages of the development of the classification, the amount of training data was very
limited, so this limited the options for the classifier selection-Mearest Neighbors classifier

would not have been a good option due to the lack of trainitagsitace that classifier generally
requires large amounts whining data to perform well. On the other handupport vector

machine is a classifier that has the ability to work well with very limited training data.
Additionally, the Kernebased framewark of the SVM makeshis classifier very powerful as

well as flexible.
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The first step for creating the support vector machine is to train the classifier. This requires
labeling areas of the images in the dataset as one of the three classes. All infegdataset
were labeled usg LabelMe #0]. Appropriate areas in the images were selected to correspond
with the correct class. Figure 3.5 shows one of the training images being labeled in LabelMe.

Figure 3.5: Training image labeled using LabelMe.

Oncethe selected areas of the image have been labeled, features can be extracted from the image
in order to train the support wec machine. The features thavebeenselectedor the support

vector machine lie solely in the color aspects of the imadebiple color spaces have been

looked at, including RGB, HSV, and Lab. The decision to only use the color aspects of the image
was made due to limitations in the dataset. Different features, such as texture, would also be very
useful for detecting stress and issues in the crops, however many images in the dataset did not
allow for the use of texture. This was due to a lack of the required resolution to analyze the

texture of the crops and to see rows of the crops.

The potential features within the colspects of the image come from RGB, HSV, and Lab

color spaces, which produces nine potential features: red, green, blue, hue, saturation, value,
lightness, a* and b*. To s&it the best features to uskssifiers were trained using the different
combindions of these nine features and cross validation was performed to select the best
combination of features. For the cross validation, a subset of 10 percent of the training data was
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held out as the test data set and the remaining 90 percent of the tdaitaivgas used for

training these classifiers. Using these data sets, each combination of features was tested for
classification accuracy. The test began by using each feature individually, then using every
combination of two, followed by three, and so ®he initial classifier used was a linear support
vector machine, but other methods were tested in an attempt to improve upon the accuracy. A
second method that will be discussed is a Gaussian Kernel for the support vector maesee.
SVMs were implemeted in Matlab through the use of the bunltfunction. This method uses

the one vs. one approach for the multiclass SVM test was first run on the linear support
vector machine using #@ld cross validation and the optimal features for each stdpedest

are summarized in Table 3.1.

Table 3.1: Linear SVM Optimal Features

Feature Classification
Accuracy (%)
Hue 80.18
Hue & a* 82.95
Hue, a* & Red 84.72
Hue, a*, Red &
Lightness 85.06
Hue, a*, Red,
Lightness & Greer] 85.29

Once the optimal featusevere determined using the linear SVM, a performance comparison

was run against an SVM with a Gaussian Kernel. This comparison was performed using a single
subset of data as the test set for cross validation rather thanibld hfethod. This was done t
compare the classification performance as well as computation time. The results are summarized
in Table 3.2.

Table 3.2: Comparison Between Linear SVM and SVM with Gaussian Kernel
Linear Classifier Gaussian Kernel
Features Classification| Computation| Classification | Computation
Accuracy (%)} Time (S) Accuracy (%) | Time (S)
Hue 80.04 21.37 83.24 28.33
Hue & a* 82.33 539.41 83.71 27.18
Hue, a* & Red 82.89 1373.66 85.20 23.36
Hue, a%, Red & | g, 43 1311.34 85.27 27.16
Lightness
Hue, a*, Red,

Lightness & Gree 84.27 1315.27 85.48 28.74
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Due to the Gaussian Kernel performing much better than the Linear SVM, the original optimal
feature selection method, using-fbdd cross validation, was performed usitihg SVM with a

Gaussian Kernel. The results of the testfamal feature selection are summarized in Table 3.3.

Table 3.3: Optimal Features for SVM with Gaussian Kernel

Feature Classification
Accuracy (%)
Hue 82.962
Hue & Green 84.512
Hue, Gre_en & 85 776
Saturation
Hue, Green; Saturatior, 86.062
& a
Hue, Gren, Saturation,
a* & b* 86.127
Hue, Green, Saturation
a*, b* & Blue 86.157
Hue, Green, Saturation
a*, b*, Blue & Value 66.160

The classification accuracy from Table 3.3 is plotted against the number of features used for the
SVM in Figure 3.6When tlke number of features used is very small, the addition of a single
feature can create a large increase in the classification accuracy. As the number of features
increases, thimpact of adding features becomes much less signifisttat.a value of five

features is reached, the classification accuracy completely levels off and the gains in accuracy
from adding a feature are very small. Additionally, the addition of features to the algorithm
increases the complexity of the algorithm, which alsoincreasegherequired processing time.

Since the accuracy improvement is not significant after the addition of the fifth feature, the added
complexity of additional features is not justified. As a result, the final SVM uses only five
features, which are Green, Huef8ation, a*, and b*.
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Figure 3.6: The classification accuracy of the SVM is plotted against the number of
features used to train the SVM. The accuracy can be seen to level off after 5 features.

3.4 Results

Once the final SVM implementation was selectibeé performance was examined with various
testing data sets. To obtain a quantitative measure of the classification performance, a testing set
of the labeled data was classified using the SVMelabelsfrom theclassificatiorwere

comparedo theactuallabels to determine the accurag@e classification accuracy for this set

of data was 86.43 peent, which is similar but slightllgetterthan the classification accuracy

during the feature selection process. For a visual understand of the accuracy of the SVM,
multiple field images were used to test the SVM. Examples of this can be seen in Bigures

3.8, and 3.9. The original images are shown on the left and the classification results are shown on
the right. In the classification, green corresponds with healthy crop, yellow represents potential
problem areas in the field, and red shows areasittiéasas dirt or not being crops. The

classification appears to work well for areas containing the field of crops, but does not perform

as well when dealing with necrop areas such as trees, grass, or some other objects. However,
these limitations are m@an issue for the farmer since these areas could be easily identified as not
being located in the field. The classification performs well, but still has potential for future

improvement.
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Figure 3.7: Classification results from the support vector machimeimage of the field
is shown on the left and the right shows the classification results. The green corresponds

to the healthy class, the yellow is the class for potential problem areas, and the red is the
class for dirt.
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Figure 3.8: Classificatioresults from the SVM for an image of a field. The image of the
field is shown on the left and the classification is shown on the right. This field can be
seen to have major issues with the crop health.
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Original

Figure 3.9 Classification results from the SVM fan image of a field. The image of the
field is shown on the left and the classification is shown on the right. This image shows a
broad view of field, which also contains areas not corresponding to crops.

3.5 Server

To enable the automatic processing cagres taken by farmers, a server was created in the
Unmanned Systems Lab. The server that was created is an FTP server with the address of
ftp://198.82.189.17.3Access to this server is restricted to people who have an account. Access
can be granted for afmer by contacting a server administrator and providing a login username
and password. When a farmer requests access to the server, a new folder will be created. The
farmer will only have access to this one folder and all subfolders. The subfoldersasgthin

Upload, Original, and Enhanced. The farmer using the service will upload the desired images to
the Upload folder and will receive the processed results within an hour. The server is set up to
check all of the Upload folders for new images and whenimages are found, the images will

be copied to the Original folder and processed. The processed results will be placed in the
Enhanced folder and the processed images will be deleted from the Upload folder. The server
processing capabilitieacludethe dgorithms discussed in thisiapter. The images will first be
enhanced using the previously described image enhancement method and then the enhanced
image will be classified using the SVM to determine potential problem areas in the field. Both
the enhancetnage and the classification result will be placed into the Enhanced folder. The
farmer will then be able to use these results to analyze the health of the field and determine any
necessary steps for reducing issues. In the case of an error duringctssiorg, an error log

output will be created in the Enhanced folder. This log will mention possibilities for thee issu
Some issues can be solvedupjoading a new image, but other issues may require contacting a
server administrator.
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Chapter 4 Multispectral Analysis

This chapter discusses the analysis of crops through the use of multispectral data. While this
technology is not as readily available for an average farmer, it has a large amount of potential in

the field of remote sensing.

4.1 Hardware and Data Collection

4.1.1 Cameras

For the multispectral crop analysis, three g/peécameras were used: a visibpgctrum camera,

a neatinfrared spectrum camera, and a hyperspectral camera. Canon SHd@scare used as

both the visible gectrum and neanfrared spectrum cameras. For the riefnared version, the

filter which blocks the infrared wavelengths hagb removed and replaced with a Hilter.

The filter blocks the red light and captures the fiefrared spectrum data in the red channel of

the recorded image. The Canon S100 cameras have a sensor resolution of 12.1 megapixels and
produces images with a resolution of 12 megapixels. An image of one of these cameras is shown
below in Figure 4.141].

Figure 4.1: Canon S100 camera, which is wsed visual camera as lhas the near
infrared camera.

The hyperspectral camera is a Bpgc OCIUAV-2000 hyperspectral camera. The

hyperspectral camera captures an image from 25 wavelength bands between 694.56 nanometers
to 967.15 nanometers. The wavejtdrs of each of the 25 spectral bands are listed as follows:
694.556, 708.894, 732.992, 746.892, 758.992, 772.236, 784.373, 797.516, 808.470, 821.876,
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839.886, 851.014, 860.955, 872.309, 881.561, 891.523, 900.802, 910.270, 925.705, 933.048,
941.019, 94076, 956.318, 962.312, and 967.148 nanometers. The camerd Grdegreefield

of view lens and is very compact, weighing only 218 grams. Images can be recorded very fast,

up to 120 frames/second and are saved to a computer through a USB 3.0 connection. The
exposure time can be set between 1 and 300 milliseconds and is determined based on the lighting
conditions and the camera is referenced using a 95% white referencelpagphbyperspectral

camera can be seen, with dimensions, in Figure42]2 [

«~— b6bCtm —

Figure4.2: OCFUAV -2000 hyperspéral camera that is being used.

The imaging payload combines the three cameras that have been discussed. The three cameras
are mounted side by side to a piece of carbon fiber. Along with the camerash€adiallow

for interfacing with the hyperspectral camera through a USB 3.0 connection. The hyperspectral
camera can be externally triggered by sending a voltage between 15 and 24 volts to the camera.
The two Canon S100 cameras were also triggered by a voltage signal twad taeneras were
synchronized through the useCanon Hack Development Kit [43The voltage signals for

triggering the camerasexecontrolled by an Arduino, which was set up to be either triggered by

a switch or for continuous image capturing, dependmghe intended mode.

4.1.2 UAV Platform

One method of acquiring aerial images with the camera payload is through the use of a UAV
platform. The UAV platform used for acquiring images is the DJI S1000+ octocopter. This UAV
was selected due to its ability carry the weight of the required payload and have sufficient
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flight time to cover a field of over an acre. An image of this octocopter is shown in Figure 4.3
[44] without any of the payload attached to it.

Figure 4.3: DJI S1000+ Octocopter used wite tamera payload.

The entire payload included the three cameras;Rditan Arduino for triggering, as well as a
Ubiquiti Bullet to allow wireless connectivity to the-BC. This payload was mounted to the
octocopter using 3D printed components terffsce with the bottom of the UAV. Figure 4.4
shows the entire UAV system with all of the hardware mounted to it. The image was taken

during a test flight of the system at Kentland Farm.

Figure 4.4: Our octocopter flying at Kentland Farm with all elext®and camera
payload attached.
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During a test flight of the octocopter with the imaging payload at Kentland Farm, images were
taken by continuously triggering the cameras for the duration of the flight. A set of
simultaneously captured images is showFigure 4.5. The visual and neafrared cameras

have the same resolution and field of view, so the two match, however the hyperspectral camera

can be seen to have a much smaller field of view than the other two.

Visual Near Infrared Hyperspectral

Figure 4.5: Set of three images takenudtaneously by each of the cameras during the
flight at Kentland Farm. It can be seen that the field of view for the hyperspectral camera
is much smaller than for the other two cameras.

4.1.3 Imaging Pole

Due to difficultieswith the ability to set up équent flights, many images acquired for the

purposes of this investigation were acquired using-fo@bpole. The same camera payload was
utilized for the images taken from the pole, however the@itwas not required due to the

ability to use a laptopt the base of the pglhich could beconnected to the hyperspectral

camera using a USB 3.0 cable. The three cameras could then be triggered using a switch rather
than the continuous triggering required for the flight. Figure 4.6 shows both the pole and the
camera paylad attached to the pole. The left image shows the pole, which shows the height
relativeto the corn crops that were being used for the stlildg.right image shows tleamera

payload attached to the pole and the wires can be seen running down tloegtaleht with the

laptop on the ground.
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Figure 4.6: The height of the pole, relative to the corn, can be seen on the left and the
imaging payload attached to the pole is shown on the right.

4.1.4 Corn Test Plots

For the purposesf the multispectral ap analysis, plots of corwith various sidedresstrogen
application rates were used as the test plots. The entire set of crops for the test plots contained
five differentnitrogen applications: 0, 40, 80, 120, and 160 Ibs/acre. Each of these treatments
were repeated four different times, for a total of 20 different test plots of corn. Each individual

test plot consisted of four rows of comhich were 30 inches wide and 25 feet londgnev

images were acquireaf these plotsthe cameras were aimed todsithe center of the plots to

reduce any border effects of the treatments. The main plots that we acquired images of for the
analysis were plots 101, 102, 103, 104, and 105. The entire area of test corn test plots, with labels
for the plot number and thtrogen application can be seen in Figure 4.7. This image was taken
during a flight over the field with a UAV.
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Figure 4.7: Aerial view of thaitrogen rate test plots used to acquire images of for
analysis. Each plot is labeled with the plot number el a8 thesidedressitrogen
applicationratein Ibs/acre.

4.2 NDVI Analysis

Using the data acquired, the visible spectrum images and NIR images were combined together to

perform an analysis on the NDVI results.

4.2.1 Lighting Impact

From the images acquired of the telstts, the portions of the visual and na#rared images,
which corresponded with the field of the view of the hyperspectral images, were extracted. These
visual andhearinfraredimages were used to calculate the NDVI values for the plots. Figure 4.8
shows a visual and nedmfrared image of test plot 105, along with the calculated NDVI values
of the plot. From this NDVI calculation, an issue was discovered with image lightness,
particularly the areas of the image with shadows and glares. The NDVlatadnalproduced
inaccurate results, sometimes with large variations in NDVI across a singMheaflighting
changes occurred. Additionally, when a shadow occurred over an area of soil, the NDVI
calculation produced a value very close to 1. The shadpaidns of the visual image produce
a Red value very close to zero, which creates an NDVI value of 1, as shown in Equation 4.1.
L, 00YYQQO0 OYn
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infrared image is in the top right, and the bottom image is the NDVI of the plot.

To quantfy the impact of the image lighting conditions, such as shadow, a regression analysis
was run using the NDVI values and the corresponding Lightness values, from the Lab plane. The
plot of the NDVI and Lightness values is shown in Figure 4.9. The two \esiakere found to

have a linear correlation with a coefficient of determinatich 0iR0.9488. The regression

analysis confirms the lighting conditions have a strong correlation to the calculated NDVI and

the trend matches with the previously mentionedrsr The lower lightness values, shadowed

areas, corresponded with high values of NDVI and the high lightness values, areas with glare,
corresponded with lower values of NDVI. As a result of this trend, to produce more accurate
NDVI data, the images shalibe adjusted to reduce the impact of the lighting conditions.
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Figure 4.9: Plot of NDVI and Lightness of the images shown in Figure 4.8. A regression
analysis produced a coefficient of determination of 0.9488.

4.2.2 Lightness Correction

Due to the cordation between the NDVI values and the lightness values of the images, the
method for correcting the NDVI values was to normalize and adjust the lightness of the visual
image. The first attempt to adjust the lightness was through the use of Poissonditiage e

since this can adjust local illumination. The method for performing this was explained in Section
2.2.8. This method allows for the selection of specific areas for which the illumination
adjustment is desired. This method was implemented in Matidlbested on various images to

see the performance. One result of this implementation is shown below in Figure 4.10. The
image in the top left is the original image and the top right shows the NDVI calculation before
the adjustment, with scaled color @sponding to the color bar on the right. The bottom left

image is the image after the Poisson editing was performed and the bottom right shows the new
NDVI values after the editing. This method did not perform very well in correcting the lightness
for theNDVI. The adjustment changed the lightness, but the new image was slightly blurred and
the extreme values, such as the shadows, were not actually removed. As a result, the NDVI
calculation did not show any noticeable improvement. The Poisson image adifiragso tested

on a large portion of an image and was found to perform worse on a large scale. When applying

to most of an image, the adjustment blurred the image into a very dark blob.
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Figure 4.10: Results of the Poisson image editing method. Thealrigiage and
original NDVI are shown on the top and the adjusted image and NDVI are on the bottom.

Due to the failure of the first method, the next attempt was to normalize the lightness across the
image by adjusting the scale of the lightness valuesubh testing all of the images, the areas
which produced appropriate NDVI values generally had a lightness values between 30 and 50.
As a result, a normalization method was employed to rescale the lightness values to mitigate the
impact of extreme lightres values. Theormalization method follows Equation 4.2.

(4.2)

0 EQLAaQE O I ED
EQOUAOBHQLAQkRAD [ ED
In this equationl_newis the new lightness for the images, newmin is the selected new minimum
lightness, newmax is the selected new maximum lightness, and L is the current lightness of the
image. The previous equation can be rearranged to solve for the new lightness values of the
image as shown in Equation 4.3

0O T ED 2z EQUL A OHQL & Q¢ Q0 & O 4.3)
T A® 1 ED g0 Al '

For the purpose of these images, as a result of testing all of the images for the most appropriate

values, the newmin variable was set to be 30 and the newmax variable was set to be 50. The
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result ofthe lightness normalization can be seen in Figure 4.11. The visual andfread

images are shown on the top row, the NDVI before adjustment is on the bottom left and the
bottom right image shows the calculated NDVI after lightness adjustment. THeD¥élwalues

remove the dependence to lightness across individual leaves and also produce appropriate values

for the soil portions, rather than the falsely high values previously calculated.

Figure 4.11: Images of corn test plot 105. Th

e top left enaghe vi.sual image, the near
infrared image is in the top right, the bottom left image is the NDVI of the plot before the
lightness adjustment, and the bottom right image is the NDVI after adjustment.

The correlation between the NDVI values and lightnealues was tested again by performing a
regression analysis between the NDVI calculated after lightness adjustment and the adjusted
lightness values. The plot of these values can be seen in Figure 4.12 and the coefficient of
determination, R was calclated to be 0.0295. The regression confirms the lightness adjustment
has eliminated any significant correlation between the lightness and the NDVI values.
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Figure 4.12: Plot of NDVI and Lightness after adjusting the images shown in Figure 4.10.
A regresson analysis produced a coeféat of determination of 0.0295.

4.2.3 Trend Analysis

Once the NDVI of the test plots was calculated and corrected, the data was used for analyzing
any trends. The test plots that we were able to image and get usable datefeooiots 101,

102, 103, 104, and 105. These five test plots covered edah five differeninitrogen sideress
application rates. After the corn plots were harvested, the yield was determined, in bushels per
acre, which is plotted in Figure 4.13 fbie five plots. The yield did not have a strong

relationship with nitrogen application rateith a coefficient of determination of 0.226. The
highest yield came from the plot with the 80 Ib/ac application, while the second higtessed

an applicatiorof 160 Ib/ac.
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Figure 4.13: Plot of the corn crop yield, in bushels/acre, andittlogien application rate,
in pounds/acre for the five test plots our images focused on.
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The first pair of variables to analyze were the NDVI values of the plots amitbgen

application rates of the plots. For the analysis, the average NDVI values were found for each of
three separate sections of the corn along with average NDVI values of portions of soil in the
images. The measured NDVI values are shown plotted aglagrstrogen application rates in
Figures 4.14 and 4.15. Figure 4.14 shows the results from images acquired on July 13 and Figure
4.15 corresponds to images taken on July#fich correspond to R2 and R3 growth stages of
corn, respectivelyThe values arshown for corn, as well as soil, before and after the lightness
adjustment. No significant trend was found for these plots between the NDYit@gen rate.

The trend of the data is relatively flat acrossriitiegen rates and none have strong coedfits

of determination. The impact of the lightness correction code can be seen in the plot by the
NDVI values of soil. Before the correction, the NDVI values of the soil were larger than the
values for corn, which is not an accurate result. However,taagorrection, the new values are
much lower than the corn, which are the values that are expected for soil. Additionally, the
adjusted values have a smaller variance due to a reduction of the inaccuracies caused by the

lightness changes.
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Figure 4.14PIlot of the NDVI values against timgrogen rates of the test plots for
images acquired on July 13, 2015.
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Figure 4.15: Plot of the NDVI values against titeogen rates of the test plots for
images acquired on July 22, 2015.

The NDVI values for the aa after the lightness adjustment can be seen in Figure 4.16 for both
July 13 and July 22. The NDVI values for the two different days are very similar, so the indices
are consistent across the plots for different days. However, no significant trend acs fou
between the NDVI anditrogen applicatiomate Figure 4.17 shows the corn yield plotted against
the NDVI values for the same two days. This also did not show any trend, while the NDVI
values are all very similar across the pldise lack of trend isikely due to a very limited

response to the nitrogen at this test Jitee nitrogen did not show a major effect on the yield

and this is reflected by the nitrogen not affecting the NDVI values.
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Figure 4.16: NDVI of the corn after lightness adjustmeattpt against theitrogen
application for two different days.
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Figure 4.17: Corn yield plotted against the adjusted NDVI of the corn for two days.

4.3 Hyperspectral Data Issues

Throughout the collection and processing of the hyperspectral images anchday different
issues were experienced. These issues included referencing issues, accuracy issues, as well as

issues due to local variations in lighting conditions.
4.3.1 Referencing

To acquire the hyperspectral images, the camera must be connectentpuder through the

USB 3.0 connection. The camera interfaces with the computer through tBeeBay

SpecGrabber program to acquire images. Before images may be capture, the camera must first be
calibrated. The first step is to capture an image of a wéifiéeence. A 95 percent white

reference sheet is used when performing the referencing. The camera exposure is set when
acquiring the image of the white reference sheet. The camera can be auto exposed for the
reference or the exposure time can be set nilgnitavas recommended by BaySpec that when
capturing the white reference image, the max intensity of the image should be between a value of
200 and 220 for optimal results. Once the exposure time has been set, it remains the same for all
of the followingacquired images. A dark reference must also be captured by placing the lens cap
on the camera and taking an image. Once the white and dark references have been acquired, the
camera is ready to begin taking raw images. In order for accurate resultghtimg Iconditions
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when taking raw images should be very similar to the conditions when the white references were
taken. If lighting conditions change and a new exposure time is desired, a new white reference
image must be captured in order to ensure atezueaults. The referencing and exposure time

are crucial to ensuring accurate results and any errors during this process can lead to completely
useless dataAdditionally, adjusted or resetting the exposure time during an experiment often
results in changs in the measuremenEgure 4.18 shows a raw image acquired without proper

referencing and the result is an overexposed image, which will lead to inaccurate data.

L R T & = A el T T

Figure 4.18: Raw image acquired of bushes when the referencing was not performed
propety. This image is overexposed and leads to bad data when processed.

Once the raw images are acquired, they are processed in the BaySpec CubeCggatortpro
produce the cube of hypgextral images for the different wavelengths. Once the cube is Greated
the data can be analyzed in CubeCreator or loaded into Matlab for further processing. Figure
4.19 shows the processed results of the raw image shown in Figure 4.18. The left image shows
the first band of hyperspectral data and the image is mostly wieteodhe overexposure. The

plot on the right shows the reflectance for the selected areas in the image on the left. The blue
line corresponds to the blue box and the red line corresponds to the red box. The reflectance
values range between 340 percent 4nfd percent, so the data from these images is useless due

to the overexposure from improper referencing.
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Figure 4.19: The first band of the hyperspectral cube is shown in the left image. The
overexposure resulted in a mostly white image. The ploteofdaftectance is shown on
the right for the two selected portions in the left image.

4.3.2 Hyperspectral Camera Accuracy

Once the issues in the reference process were resolved and images could be properly acquired,
the accuracy of the camera was analyZedook at the accuracy of the camera, it was compared
against a higher quality and more expensive hyperspectral imager, which is known to be
accurate. This device was used as the baseline comparison for investigating the accuracy of our
hyperspectral caara. The baseline device had a field of view of 8 degrees, while our camera has
a field of view of 16 degrees. To account for this, only the center portion of the image was used,
corresponding the-8egree field of view of the other device. For the congoartest, three

different objects were used: concrete, a patch of grass, and a healthy leaf from a tree. For each
case, the two cameras were referenced at the same time and in the same lighting conditions.
Once the referencing was complete, the imagelseobbjects were taken consecutively, while
lighting conditions were consistent. The baseline comparison device recorded the average
reflectance for wavelengths between 350 nm and 2500 nm, by increments of one nanometer. The
results of this comparison areavn in Figures 4.20, 4.21, and 4.22. Figure 4.20 shows the
comparison for the results with concrete and the two devices achieved similar results. Both
curves have a very flat shape across the wavelength spectrum, however there is a small bias
error. The omparison of the devices imaging grass is shown in Figure 4.21. The middle bands of
the data produce similar shapes, but there is still a bias error in the data, with our hyperspectral
camera recording slightly smaller reflectance values. The biggesedite occurs at the high

and low ends of the spectrum, with large error between the two devices. Similar resbés can

seen in Figure 4.22, whicdhows the results from the leaf comparison. Again, the reflectance
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curves have similar shapes in the me&daiavelengths, but have a bias error, with our camera
recording smaller values. The error becomes very large at the high and low wavelengths, so our
camera does not appear to be very accurate at those ends of the spectrum. For wavelengths below
720 nm andhbove 940 nm, our camera appears to produce extremely inaccurate reflectance data
for vegetation, so as a result, the data from bands on those outsideaty# be trusted to be

accurate.
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Figure 4.20: Reflectance curves of concrete for each of thayperspectral devices.
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Figure 4.21: Reflectance curves of grass for each of the two hyperspectral devices.
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Figure 4.22: Reflectance curves of a leaf for each of the two hyperspectral devices.

0.1

A final comparison of this data can be seen in Figure, 4vB&h shows reflectance curves of the
grass, concrete, and leaf for each of the two cameras. Despite the inaccuracies of our camera
from the baseline hyperspectral device, each similarly show distinct differences between the
grass, concrete, and leaf.elleaf had the highest reflectance over most of the spectrum, with the
grass being second, and the concrete having the lowest reflectance. The high and low ends of the
grass and leaf curves from our camera can be seen to display similar shapes, soutsenac

results are likely due to issues with our camera. As a result, the wavelengths below 720 nm and

above 940 nm will be ignored in future analysis due to the inaccuracies.
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Figure 4.23: Reflectance curves of the three objects for each of the twesléhie top
plot shows the curves produced from the baseline camera and the bottom plot shows the
curves produced from our camera.

4.3.3 Shadows and Light Variations

After the referencing issues were resolved, the next issues discovered with the sladial anes

in the images. Due to the conditions and heights at which at the images were taken, the
hyperspectral data was impacted by variations in lighting conditions, particularly shadows. The
portions of the hyperspectral images that were impacted shddows showed a reflectance

curve similar to that of a stressed crop, even when the leaf was healthy. An example of this can
be seen in Figure 4.24. The visual image is shown along with one band of the hyperspectral
image. The blue and red boxes selecedhe hyperspectral image correspond to the blue and

red reflectance curves on the plot. These portions were selected on the same leaf, with one in a
shadowed portion and the other without any shadows. The portions are also nearby on the same

leaf, so theeflectance characteristics of the two portions should be very similar in the same
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lighting conditions. The reflectance curve plot shows that the shadowed portion of the leaf
resulted in much lower reflectance values, which would be similar to an unheattressed

leaf. The large differences in reflectance values due to variations in lighting conditions can be
problematic to ensuring the accuracy of the data.
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Figure 4.24: Test plot image impacted by shadows. The visual image (top left) and
correspoding hyperspectral image (top right) are shown. Red and blue boxes on the
hyperspectral image correspond to the Reflectance curves on the plot.

4.4 Hyperspectral Shadow Correction

In order to ensure that the data acquired in the hyperspectral imaga® iagourate and usable,

it will beimportant to reduce the impact of the shadows on the data. A method for correcting the
shadows in the images was created thraugbmbination of the visual and hyperspectral

images. To determine the relationship betwienocal lighting conditions of the image and the
hyperspectral reflectance, combinations of matched images were used. Using pairs of matched
visual and hyperspectral images, areas with varying lighting conditions were selected. The

conditions varied frm shadowed to glared areas and included lightorglitionsin between as
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well. For the areas selected, the Lightness from the Lab plane of the visual image was
determined as well as the hyperspectral reflectance. Using these pairs of values, the data was
plotted todetermine a relationship. The plot is shown below in Figure 4.25 and contains values
for 20 of the 25 different spectral bands. The extreme high and low bands were removed since
these bands were not very accurate. The reflectance and lightness valaeh fafrthe bands
showed similar trends, but were biased from each other vertically. To get a true grasp for how

well the data fits, an average of the bands was taken before fitting a line to the data.
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Figure 4.25: Plot of the hyperspectral data poiot2D bands at various lighting

conditions.

The averaged data is shown in figure 4.26 with a best fit regression line shown for the data.
Higher order polynomial fits were also looked at, but the addition of a second order term was not
statistically sigrficant. This additional term produced aalue of 0.713, while a statistically
significant term would have ayalue less than 0.05. As a result, a linear fit was chosen for the
data.
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Figure 4.26: Plot of the average of the hyperspectral data poihtsavibus lighting
conditions. A trend line was fit to the data with awRlue of 0.868.

The trend line of best fit for the Lightness dreflectance data was found to be Equation 4.4.
Y ™MppXiv o@ YT (4.4)

In thisequation,R is the reflectance, in percent, and L is the Lightness value of the Lab plane of
the visual image. This line fit the data with a coefficient of determination of 0.868. After an
eqguation was determined for thedationship between the two variables, it could be implemented

as a method for correcting the lighting conditions in the hyperspectral images. The constant term
at the end of the equation can vary depending upon the magnitude of the reflectanceovalues, s
this is set as a constant variable, c. The optimal image Lightness for the correction was
determined through investigating the dataset of images. Through manual tuning, a value of 45 for
the Lightness was found to be the optimal condition which conthiyyeerspectral reflectance

values corresponding to the healthy corn as well as the absence of both shadows and glare in the
visual image. The Lightness value of 45 wagetedvhen correcting the lighting conditions.

When plugging the Lightness value & #hto Equation 4.4 to determine the final adjusted

reflecance value, the result is Equation 4.5.

Y ™MMPPYXDO®L W (4.5)

From this equatiorRadjustediS the new reflectance value after being adjusted for the shadows and

c is the constant term. To adjust an image, the current Lightness and reflectance values must also
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be taken i account, so pluggintpese into Equation 4.4 creates the result shown below in

Equation 4.6.
Y MppXd o (4.6)

R representthe reflectance of the current hyperspectral image and L is the current lightness of
the visual image at the corresporglincation. Rather than solving for the constant term, the
equations can be combined together by subtracting Equation 4.6 from Equation 4.5. Once the
two equations are subtracted, the constant value cancels out and after rearranging variables, the

final equation becomeEquation 4.7.
Y Y Mppko®u O 4.7)

Thesevariables are the same as previously defined. Equation 4.7 was then used as the method for
removing the impact of the shadows from the hyperspectral reflectance values. The results of the
method can beeen in Figures 4.27 and 4.28. The results show the method reduces the impact of
the shadows and normalizes the reflectance across leaves and the image. The adjustment
performs well overall, however some areas in the images are not perfectly aligned leéveen

visual and hyperspectral and this can lead to undesired results in some small sections.

Figure 4.27: The top image is the visual image which corresponds to the hyperspectral
image for test plot 101. A single band of the hyperspectral imagevwsshdahe bottom

left. The bottom right image is thiesult of the reflectance adjustment code on the
hyperspectral image.
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Figure 4.28: The top image is the visual image which corresponds to the hyperspectral
image for test plot 102. A single bandtbé hyperspectral image is shown in the bottom
left. The bottom right imge is theresult of the reflectance adjustment code on the
hyperspectral image.

The impact of the reflectance adjustment can be seen across the entire spectrum of the camera in
Figure 4.29. The Soil and Healthy Corn curves correspond to reflectance curves of shadowed
areas before the adjustment and the Adjusted curves show the reflectance as a result of the
adjustment method. The reflectance of the shadowed areas increases fadjudtment. Figure

4.30 shows how well this method normalizes the reflectance in an image. The reflectance is
shown for a shadowed area of the corn as well as an area, on the same leaf, with a glare, both
before and after the adjustment. The adjustedtsesnd up with reasonably close reflectance

curves over the middle portion of the spectrum, which is the desired result. The reflectance curve
is also shown for a shadowed portion of soil both before and after adjustment, which also
increases the reflectae to values still reasonable for soil.
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Figure 4.29: Reflectance curves for shadowed areas of corn before and after adjustment.
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Figure 4.30: Reflectance curves for corn and soil in various stages of lighting before and
after adjustment.

4.5 Hyperspectral Indices

The hyperspectral reflectance data for each of the plots can be used to investigatiaaspan
help indicate the vigaof the crops. A wide variety of indices have been discovered through
various research, however only a few known iaditocus on the bands within the range of our

camera. Two known indices includes®Rz40 as well as th@ormalized difference red edgehe
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first index is simply the ratio between the reflectance at 780 nm and the reflectance at 740 nm

and the second ingenormalized difference red edge, is determined fEmuation 4.8.
0€1 aowada @lemmeW (4.8)

In this equationR7e0 and R0 are the reflectance valuas790 and 720 nm, respieely. The
investigation of our test plots began with these two indices to analyze any trends for these given
test conditions. These bands are within the range of our hyperspectral camera, however theses
exact values are not among the 25 bands collegtéltebcamera. As a result, it was necessary to
interpolate the reflectance results in order to estimate the reflectance values at those wavelengths.
Through discussions with BaySpec, the company who produces our camera, we were informed
that the reflectareevalues at wavelengths between the measured bands of the camera were
linearly related and could be estimated by using linear interpolation between the measured
wavelengths. The linear interpolation was performed between values measured by the camera in
order to produce the desired reflectance values at 790, 780, 740, and 720 nm, which could be
used in the previously mentioned indices. To calculate the indices, only portions of the
hyperspectral image were used, due to images containing both corn leabaslagrdund soil

through the image. Three separate portions of leaves were selected from the image and then these
selected areas were averaged to determine the final indexofdhescorn in the image. This

process was performed in order to isolate tra cropvalues from the background soil

contained in the image and the averaging of multiple sections produces a more representative

value of the entire image, rather than isolating one localized section.

Once the indices were determined, the results eeaé/zed to determine any possible trends of
the data. Figure 4.31 shows th&dR740index values for the test plots on July &ich
corresponds to the R2 growth stagjbe plot on théop shows the index plotted against the yield
of the corn plotstad thebottom plot shows the index against thiérogen appliation rate The
relationship between this index and the corn yield exhibits a positive trend with a correlation
coefficient of 0.6554. The index androgen application rate show a slightly gos trend, but

only a correlation coefficient of 0.4534. A small relationship was found between this index and
thenitrogen application rate, but a stronger one was found between the index and crop yield.

While the relationship does exist, it is still rebtown to be very significant.
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Figure 4.31: Plots of the/&®/R7s0index. The top plot shows the index against the crop
yield and the bottom plot shows the index againshiinegen application rate.

The next index to be analyzed was the Normalizdtki2ince Red Edge index and the results
can be seen in Figure 4.32. The left plot shows the index against the yield and the right plot
shows the index against th#érogen application rate. Both of these exhibited a slightly negative
trend but neither trehwas significant with correlation coefficients-6£1085 for the yield and

-0.1315 for thenitrogen rate.
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Figure 4.32: Plots of the Normalizengifferf(enc)e Red Edge index. The top plot shows the
index against the crop yield and the bottom plot shbwrsrtdex against thatrogen
application rate.

Due to the lack of strong trends with the previous indices, the creation of new indices was

desired for these crop conditions. To create a new index, the hyperspectral data was interpolated

to determine theeflectance for each wavelength that is divisible by 10, such as 720 nm, 730 nm,
etc. Only wavelengths at which the camera was accurate were used for this investigation, so that
included only the wavelengths between 720 nm and 940 nm. The two forms esititht were

looked at were ratios of the reflectance at two distinct wavelengths and normalized differences of

the reflectance between two wavelengths. All of the possible combinations of wavelengths were

used for this data and the correlation was caledlaetween the new index and the yield of the

crop to find the best indices. An additional criteria used to assess the validity of the indices was

the value of the index for areashackgroundsoil to ensure that the index valuesto soll

match up wih the trend observed for the crop.
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After testing all combinations of wavelengths, the pair of wavelengths which produced the
highest correlation between the index and the crop yield were 760 and 740 nm. Two different
indices using these two bands were ledlat. The first one is the ratio of the reflectance at each

of these wavelengths, which is shown in Figure 4.33. The top plot shows the index value plotted
against the yield of the corn in the plot. A least squares regression line was fit throughtthe poin
which can be seen as the red line in this plot. The correlation coefficient between this index and
the yield was found to be 0.8404, which shows a much stronger correlation than the previous
indices. The bottom plot in the figure shows the same indkies along with additional points
showing the index values fepil. These were plotted at a yield of zero to show the separation
between the index magnitudes and the index trend can be seen as an extensioenaf Wwithin

the corn.
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Figure 4.33: Rits of the relationship between the corn yield and the new index created
from the ratio between the reflectance at 760 nm and 740 nm.
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The same pair of wavelengths, 740 nm and 760 nm, was used to create a second index in the

form of a normalized differencaguation. The index produced is shown in Equatién 4.
Ve Q 'Q‘Y Al 4.9
eRRg— (4-9)

This index produced similar results to the previous one, which used the same wavelengths. The
index was found to have a correlation coefficient with the corn yield of 0.84. Plots of this index
againsthe corn yield are shown in Figure 4.34. The top plot shows the index against the yield

for the plots of corn with a least squares regression line fit to the data. The bottom plot shows the
index values for the corn along with index valuesstat. The dfference between the largest and
smallest index values was much smaller for this index than the previous index. The difference for
the corn was 0.015, compared to 0.035 and the difference between the ceoil awad 0.046

compared to 0.1.
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Figure 4.34Plots of the relationship between the corn yield and the new index created
from the normalized difference between the reflectance at 760 nm and 740 nm.
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The pair of wavelengths which produced the second highest correlation between the index and
the corn yeld was 860 nm and 930 nm. The first combination of these wavelengths was a simple

ratio of the reflectance, shown Eyguation 4.10
N
Ot 00— (4.10)

This index produced a correlation coefficient of 0.8224 between the index and the corn yield.
Figure 4.35 shows the relationship between this index and the yield of the corn. The top plot
shows the index of the corm@corn yield plotted for the test plots along with a least squares
line fit to the trend of the data. The bottom plot shows the indices plotted in the top plot along
with indices of various portions gbil in the image. A large separation can be seendsgt the
index values of corn argbil. The difference between index values for the corn is .011 and the
difference between the corn asail is 0.06.
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Figure 4.35: Plots of the relationship between the corn yield and the new index created
from the raticbetween the reflectance at 860 nm and 930 nm.
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This same pair of wavelengths, 860 and 930 nm, was combined using a normalized difference

eqguation to be used as another index. rtdsex was calculated usingji&ation4.11

R { Y
O¢ QQW (4.11)

The results from this index are shown in Figure 4.36 and this index produced a correlation
coefficient of 0.8221 with the corn yield. The top plot shows the index values and yield for the
corn in the test plots along with a leastiaiges regression line and the bottdot pdds index
values of soil The separation between the corn values was very small, only 0.005, while the

difference between thsoil and corn index values was a much larger value of 0.027.
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Figure 4.36: Plat of the relationship between the corn yield and the new index created

from the normalized difference between the reflectance at 860 nm and 930 nm.
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The third highest correlation between the index and the yield resulted from the use of 810 and
930 nm wavelegths. The ratio index created frahese two indices is the ratio shown in
Equation4.12

08 Q 'Q%)— (4.12)

This index produced a correlation coefficient of 0.8101 with the corn yield. The relationship
between this index and the cojfield can be seen in Figure 4.37. The top plot shows the index
values for the corn portions of the test plots and shows a least squares regression line for the
data. The bottom plot shows the points from the top plot along with index values for paftions o
the test plot containingoil. The separation between the maximum and minimum values for corn

was very small, 0.015, while the segtzon between the corn and seis slightly larger, 0.085.
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Figure 4.37: Plots of the relationship between the cold gied the new index created
from the ratio between the reflectance at 810 nm and 930 nm.
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The pair of wavelengths from the previous index, 810 and 930 nm, was used to create a different

eqguation in a normalized difference form. This index valsulated usg Equation4.13

' Y

0t Q 'Q.viY .Y (4.13)
The correlation coefficient between this index and the corn yield was found to be 0.8103. Figure
4.38 shows plots of the relationships between this index and the yield of the corn. The top plot
displays the index for sections of corn in the image along with the yield for the corresponding
plots. A least squares regression line was fit to the data and is also displayed. The bottom plot
includes index values which correspond to areas of soil. Thesevaties are very small and
the difference maximum difference between the recorded corn index values was only 0.007. The
separation between the corn and soil was much larger, with a value of 0.042. Moreover, the

index values for the soil were all negatigcempared the positive values for the corn.
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Figure 4.38: Plots of the relationship between the corn yield and the new index created
from the normalized difference between the reflectance at 810 nm and 930 nm.
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The fourth index was created using the wamgths of 730 nm and 760 nm. The index using

these wavelengths was in the ratio form representétijogtion 4.14
N §
Oe Q Q@— (4.14)

This index produced a correlation coefficient of 0.7580 between the index value and the yield of
the corn. This relationship be seen in the top plot of Figure 4.39, which shows the index values
plotted against the coryield, along with a least squares regression line. The bottom plot in the
figure includes index values fapil. A large separation can be seen between the index values for
corn andsoil. The maimum difference between index values of corn was 0.037, compare

the difference of 0.19 between the index values for corrsaihd
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Figure 4.39: Plots of the relationship between the corn yield and the new index created
from the ratio between the reflectance at 760 nm and 730 nm.

61



A second index was createdtire form of a normalized difference equation using the previous
pair of wavelengths, 730 nm and 7@@. This index is shown in Equation 4.15

' Y

‘0t O .Q!Y o (4.15)
This index resulted in a correlation of 0.7577 betwéenrdex values and the corn yield. This
index can be seen below in Figure 4.40. The top plot shows the index values for the test plots
against the corn yield of the plot along with a least squares regression line. The bottom plot
displays the indices farorn along with index values for soiThe difference between the index
values for corn was 0.014 and the separation between the index values for csoih\aas
0.081.
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Figure 4.40: Plots of the relationship between the corn yield and the new iedédcr
from the normalized difference between the reflectance at 760 nm and 730 nm.
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The results of the investigation of indices are summarized in Table 4.1. The correlation between
each of these indices and the corn yield were larger than the correlatibe &xisting indices

that were looked at. For each of the four combinations of wavelength pairs, the correlation
coefficient for the ratio index and the normalized difference index were almost identical.
Additionally, in all cases, the index values foeas ofsoil followed along with the trend of the

crop, so these extend well to determining differences between areas of soil and areas containing

the corn crops.

Table 4.1: Indices and Correlation to Corn Yield

Wavelengths Index 1 Corre_la_ltion Index 2 Corre_la_tion
(nm) Coeffident Coefficient
Y Y Y
740 and 760 N 0.8404 N N 0.8400
Y Y Y
860 and 930 v 0.8224 v, N 0.8221
Y Y Y
810 and 930 v 0.8101 v, N 0.8103
Y Y Y
730 and 760 N 0.7580 N N 0.7577

Among these top four dices, two wavelengths were preseniwo separate indices. These two
wavelengths were 760 nm and 930 mowever, the use of these wavelengths together did not
produce a strong correlation for the index valbeme of these indices may jeking up on the
waterabsorption of the test plots since there are generally strong water vapor absorption lines
around 930, 820, and 740 nkor each of the pairs of waveléhg, the two different forms of

the indices produced very similar correlations with the yield. While the magnitudes of the indices

were much different, the associated trends between the indices and yield were almost identical.
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Chapter 5 Stink Bug Detecton

This chapter discusses methods for enabling the detection of stink bugs on crops through the use
of airborne imagery. The presence of brown marmorated stink bugs can have extremely
detrimental effects on crops. As a result, it is very important fomaefato be aware of the

presence of thesasect pesté order to eliminate the issue and save crops from harm. Scouting

a field for can be very difficult, so the goal is to enable the detection of these stinkirougt

the use of images acquired frolWAV. The following will elaborate on the image dataset used

for the creation of algorithms and various stages of algorithm development. The created
algorithms are discussed and their performance is analyzed.

5.1 Image Collection

The image dataset for tiséink bug detection was collected from two main sources. The first is a
set of images provided kycontact who workat DuPont and the second set of images are taken
by me using dead stirtkugs and placing them on various forms of vegetafiorm images fom

this dataset are shown in Figure 5.1, with the left image being one provided from our contact at

DuPont and the image on the right being taken at our lab by placing dead stink bugs on canola.

Figure 5.1: Two example images from the dataset Therefje was prowded by a
contact at DuPont and the image on the right was taken using canola at our lab.

5.2 Edge and Contour Methods

Stink bugs have a very distinct shape to their bodies, so this can be utilized to facilitate their
detection. The first ggnentation method that was looked at was a contour based segmentation
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method. By extracting the contours in the image, the outline of the shaperdabiean be
distinctly seen. Once this contour has been extracted, the shape can be matched witthea temp
of the appropriate shape for think bug to determine if orie in the imageTo begin examining
the feasibility of this approach for the detection of stink bugs, the contour method was first
applied to an image of a single stink bug with a backuplaaf a white piece of papekn output

of contours from a stink bug image are shown below in Ei§L2. In this case, the contour of

thestinkbug can be clearly seen.

Figure 5.2: Contour extracted for a high resolution image of a stink bug on avplten
background.

In addition to this, simple edge detection methods westedo determine the effectiveness of

these methods. Edge detection methmadsalsoextract the outline of thstink bug, which can

then be used in the detection process. Amgia of an edge detton output is shown in Figure

5.3 The image of the stinkug on a white background from the previous figure was used to
determine the effectiveness of the edge detection. For the edge detection in the image, the Sobel

operator was &sl.

Figure 5.3 Edge segmentation results from the stink bug in Figure 5.2.
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The biggest issue for the segmentation and detection of the stink bugs was found to be the
resolution of the image. Very high resolution images are required in order for acmgaseand
contours to be found. The previous images had a resolution of 34000ipitteddirect vicinity

of thestink bug andproduced very good results. Figure SHows the same segmentation

performed using only 2700 pixels. The shape can still e, $mit this is near the lowest

resolution at which the shape can still be accurately found. The stink bugs tend to be very small,
generally less than an inch, so images taken close stittkdoug or with very high resolution

are required to achieve ergiupixels over thensect

Figure 5.4 Contour and edges extracted from a resized version afitilebug in Figure
5.2. The new image had a resolution of 2700 pixels.

The main issue with these twetdction methods is when the stink bsiglaced in dackground
containing many edges. In a reabrld setting, such as with tlwsecton a leaf, many other
edges and contours result in increased difficulty for finding the shape stink&ug. In these

cases, the previous, simple methods no longer witgktevely. This can be seen Figure 5.5

Figure 5.5 Contoufs and edges for a stink bug on leaves of a plant.
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Due to the issues with the previous methods, more sophisticated methods were required. As a
result, a more sophisticated edge detection ndetvas looked aflhis was a structured edge
detection methof45, 46] This was performed on some images of stink bugs areshlts are
shown in Figures 5.8nd 57. This extracted the edges, which would allow the shape atitile

bugs to be matchedgain, high resolution is required to achieve the accuracy needed.

Image Edges

i boe

Figure 5.6 Structured edge detection performed on an image with a stink bug on a plant.

Figure 5.7 Structured edge detection performed on an image with a stink bug on a plant.

5.3 Superpixel Segmentation

In an attempt to reduce the resolution required for the stink bug detection, a superpixel
segmentation method was investigated. To segment the image into superpixels, the SLIC
Superpixels method was used. The SLIC Superpixels methsdmplemented using an existing
versim, which is publicly available [47Adult brown marmorated stink bugs have consistent
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