ABSTRACT

KRAFFT, DANIEL ANDREW. Bidirectional Reflectance Correction using Polarization in
Maize Remote Sensing. (Under the direction of Michael Kudenov).

Automation of plant phenotyping using data from high-dimensional imaging sensors
is on the forefront of agricultural research for its potential to improve seasonal yield by
monitoring crop health and accelerating breeding programs. A common challenge when
capturing images in the field relates to the spectral reflection of sunlight (glare) from crop
leaves which, at certain solar incidences and sensor viewing angles, presents unwanted
signals. The research presented here involves the convergence of two parallel projects to
develop a facile algorithm which can use polarization data to decouple light reflected from
the surface of the leaves and light scattered from the leaf’s tissue.

The first project is a mast-mounted hyperspectral imaging polarimeter (HIP) that can
image a maize field across multiple diurnal cycles throughout a growing season. The sec-
ond project is a multistatic fiber-based (MFB) Mueller matrix bidirectional reflectance
distribution function (mmBRDF) instrument which measures the polarized light-scattering
behavior of individual maize leaves. The mmBRDF data was fitted to an existing model,
which outputs parameters that were used to run simulations. The simulated data were then
used to train a shallow neural network which works by comparing unpolarized two-band
vegetation index (VI) with linearly polarized data from the low-reflectivity bands of the VI.
Using GNDVI and red-edge reflection ratio (RERR) we saw an improvement of an order
of magnitude or more in the mean error (¢) and a reduction spanning 1.5 to 2.7 in their

standard deviation (¢,,) after applying the correction network on the HIP sensor data.
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CHAPTER

1

INTRODUCTION

1.1 Motivations

1.1.1 Remote Phenotyping

A plant's phenotype describes the observable characteristics of a sample which result from
the interaction of the plant's genotype with it's environment. Remote phenotyping (RP) is
the observation of a plant or crop using specialized high-throughput sensor technology
from a distance. It has the potential to automate agricultural processes and improve crop
diagnostics for farmers and breeders. Rapid increases in global populations coupled with
a decrease in cultivated land area, intensi cation of climate change, and water shortages
pose a tremendous challenge to the agricultural sector( 42; 19; 40). Researchers worldwide
are using phenomics to accelerate breeding programs, monitor crop health, and generate
quality control standards from a small scale (e.g., biochemical and molecular) to a large
scale (e.g., whole plant and ecosystem).

RP systems are high-throughput - i.e., they employ sensors that gather large amounts of
data in a relatively short period of time - and can be implemented with a variety of sensor
platforms (e.g., ground, aerial, satellite) ( 30). Some platforms collect data from a single (or



relatively narrow) range of perspectives (e.g., unmanned aerial vehicles (UAVs), satellites)
and others are mobile - observing and collecting data from wide range of perspectives
and eld of views (FOV) ( 29; 59; 17; 52). Each platform can employ a variety of different
sensor types including but not limited to: RGB, Multispectral, Hyperspectral, Thermal,
Lidar, Fluorescence, and Polarimetric.

The goal of such systems is to accurately and precisely obtain traits linked to crop growth
status, yield, and resilience to environmental stress. These systems are often limited to low
resolution images and, when deployed outdoors, data collection is often constrained within
a small ( 2hr) window in the middle of the day - when the sun is highest in the sky. The
reason for this time constraint relates to the bidirectional re ectance distribution function
of leave in a canopy and glare, which are de ned in the following sections. Throughout
this paper, we will be referring to remote phenotyping and high-throughput phenotyping
simply as phenotyping.

1.1.2 Hotspot Effects of Leaves, Canopies

There is a gap between the quality of phenotyping achieved in controlled environments (e.g.,
greenhouses, grow rooms) and phenotyping in the eld. This gap has created a bottleneck

in the scale and environment in which phenotyping research takes place ( 2). Of the many
environmental challenges driving this divide, glare stands out as a primary contributor.

The hotspot effect (i.e., glare) is characterized by a peak in re ected radiation in the
retroillumination direction ( 57; 50). These effects are geometrically dependent, (e.g., leaf
shape, orientation, surface characteristics, illumination-, and view-angle). At certain in-
cidence and viewing geometries, light gets re ected off of the air-surface boundary of a
leaf. In these cases, the diffusely scattered light is blocked (hidden) by spectrally scattered
light. These hotspots also have a tendency to saturate the sensors dynamic range, which
can adversely effect all data across a sample image.

Researchers have proposed a number of different strategies for glare removal. Signoroni
et. al. proposed a method which sought to remove glare in hyperspectral imaging using a
ColorChecker ®for reference (50). By observing samples at different incidence and viewing
geometries, and comparing the data against a reference. The idea was to work backwards
from a known surface normal to acquire an understanding of what a sample  should look
like. Results presented showed their approach is an improvement to no correction, but
used complex methodology which doesnt lend itself to broader applications.

Zhang et. al. attempted to correct for glare in maize and soybeans by fusion of a 3D point



cloud with hyperspectral images ( 61). Their approach was to x a sample leaf to a speci c,
known angle relative to the source and camera, and capture a hyperspectral image along
with a 3D point cloud. By observing the leaf at a range of incidence and viewing geometries,
and calculating the Normalized Difference Vegetation Index (NDVI) at each arrangement,
they sought to associate the change in NDVI with different source and viewing angles. Using
the 3D point cloud allowed Zhang et. al. to acquire the orientation of the leaf surface normal,
and use that to "guess" the true NDVI.

Both examples above demonstrate the need for more universal hotspot removal strate-
gies that can be employed in uncontrolled environments and dont require reference to a
large series of heuristic observations. Recently, researchers have begun to apply polarimetry
in the eld of plant science (  38; 10; 56; 44; 34; 20; 62) and some have begun exploring the
potential of using polarimetry to estimate the leaf surface normals for glare correction (  27)
- but none that we are aware of that proposes an approach which rst characterizes the
polarized light scattered at the leaf-level and applies that understanding to remove glare via
a single snapshot image at the canopy-level. The research presented here demonstrates a
novel approach for glare removal in phenotyping data which employs a facile shallow neural
network that can be used to correct for glare observed in a single, snapshot image; the
success of which may permit researchers to collect more reliable sample data in real-world
environments and across a broader window of time during the day.

1.2 Background

1.2.1 Hyperspectral Imaging

Hyperspectral imaging (HSI) as a eld grew rapidly with sensor development and has found
applications in astronomy, agriculture, molecular biology, biomedical imaging, physics,
and more (22; 41). HSI represents an attractive and ef cient technology that is capable
of estimating soil and crop biophysical variables of interest from leaf- to canopy-scales.
However, the acquisition, processing, and analysis of hyperspectral imagery remain a
challenging research topic due to large data volume, high data dimensionality, and complex
information analysis.

HSI measures a continuum of the sample's spectra - typically hundreds of colors - in
the visible range; 400 nm (blue) to 780 nm (NIR). Each measurement is acquired as a single
image, consisting of a data cube in which the rsttwo dimensions are spatial (  x,y), and
the third dimension is the spectral (). There are a handful of different approaches for HSI



sensor design, we will not be reviewing those speci cally, however Pascucci  et. al. published
a throughout review of these designs and applications in plant sciences (51).

While HSI sensors have been available for a couple decades, only recently has the
technology existed as an affordable off-the-shelf product (7). This improved availability has
broadened scope of what researchers can study. Even with these recent advances, more
research is required to improve the reliability of HSI data and to validate methods for the
estimation of crop biophysical variables.

1.2.2 Vegetation Indices

A vegetation index (VI) is a quantitative analysis of the absorption and scattering rates of
plants, often sampled at canopy scale (e.g., satellite imagery), whereby ratiometric com-
parisons are made between spectral bands in a sample. There are many different Vlis, each
designed to isolate different biological features in multispectral and hyperspectral data.
One example of a commonly used VI is the Normalized Difference Vegetation Index (NDVI).
NDVI is a two-band metric de ned as

NIR Red

NDVI = (1.1)

NIR T red

where g isthe near-infrared (NIR) bandand .4 isthe red band. NDVIworks by com-
paring a band which is know to have stable re ectivity (e.g., NIR band) with a band known
to be absorbed by leaves (e.g., red band). It is commonly employed in satellite imagery
to increase contrast between soil and canopy. Itis also used to represent photosynthetic
activity of a plant canopy ( 36; 45; 35; 2). We have focused primarily on two-band Vis (i.e.,
VIs which are calculated with two bands of light), speci cally, Red-edge Re ection Ratio
(RERR) - a variant of NDVI where the red band is shifted up towards the red-edge, and Green
Normalized Difference Vegetation Index (GNDVI) where ratiometric comparison between
the green band and NIR band is made. In context of research presented here (Section 1.1.2),
glare has been shown to have a signi cant impact on VI values (  60). The research presented
here utilizes these Vls as a metric for the performance of our glare correction process.

1.2.3 Polarimetry

Polarimetry is the measurement and interpretation of the polarization of transverse (electro-
magnetic) waves. While measurement of a sample's spectral re ectance (HSI) can be used to
identify a material's chemical composition, polarization information can be used to identify



structural or geometric features (e.g., surface roughness, shape, and scattering angle) of the
sample. This information is largely uncorrelated with spectral and intensity images, and
thus has the potential to enhance many elds of optical metrology (  55; 33). It is with this in
mind that many researchers have been working to develop spectropolarimeters capable of
measuring spectral and polarization information (3; 4; 38; 26; 1; 5; 15; 47; 44, 18; 56; 10).

Stokes parameters are a set of values that describe the polarization state of electromag-
netic radiation and are de ned as

S)=l% s S s, (1.2)

where §, describes the total (unpolarized) intensity of the incident light, S, is the intensity
difference between vertical and horizontal linear polarization states, S, is the intensity
difference between +45°and 45°linear polarization states, S; is the intensity difference
between right and left circular polarization states, T is the transpose operation, and  isthe
wavelength (8). Polarization analyzing optics, such as rotating linear retarders and linear
polarizers, can be employed to measure S.

When light is re ected from a surface, the light—matter interaction can be characterized
by changes within the re ected Stokes vector. A Mueller matrix models this input-output
relationship by

So( )=MSi( ), (1.3)

where S is the incident Stokes vector, M expresses a4 4 Mueller matrix of the sample, and
S, is the re ected, transmitted, or absorbed (output) Stokes vector.

Since our experiments only measure linearly polarized light, S;is not considered. In
this case, M can bereducedtoa 3 3 matrixand Scontainsonly S, S;, and S, (8; 14). From
these parameters, the degree of linear polarization (DoLP) can be calculated by

DoLP =" SR+ (SF=S. (L.4)

Angular conventions used for backward-scattering mmBRDF models are presented
in Figure 1.1a. Incident light is represented by  ; with an altitude angle of incidence ;.
Re ected light is represented by  , with an altitude and azimuth angle of re ection, , and
., respectively. In our mmBRDF models, incident light represents the sun's position in
the sky (time of day) and the angles of re ected light are representative of the camera (or
observer) viewing angles. When we vary these values, the observed spectral and polarization



states change. This is a property of mmBRDF which is illustrated in Figure 1.1b where we
see the DoLP change based on time of day and viewing angle of the sensor.

DoLP spans 0 (unpolarized) to 1 (fully polarized) and characterizes the proportion of
energy, received by the sensor, that is linearly polarized. The DoLP changes continually
throughout the day based on the leaf angle, incident sunlight angle, and view angle and is a
key metric of our modeling efforts. Three example images of DoLP are displayed in Figure
1.1b below for different times of the day. The amount of specular re ected light observed is
related to the angle of incident light and the view angle of the sensor system. At lower angles
of incidence, when the sun is lower in the sky, we observe a higher DoLP in the image. In
the middle of the day, when the sun is highest in the sky, a lower DoLP is observed. It is
assumed that regions containing glare are more polarized than others and can therefore be
used as a metric that drives a bidirectional re ectance-based correction.

Figure 1.1: (a) presents angular conventions used for BRDF modeling and (b) displays
three example DoLP images of the eld sampled at 8:29am, 12:30pm, and 5:30pm. Note
how the bright sections with high DoLP shifts across the eld as the position of the sun
changes throughout the day.
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