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ABSTRACT

Soil moisture and biomass are two important quantities that can affect the climate, weather, and
agriculture. There is interest in measuring them from space because of the global, frequent, and re-
peated observations that could be achieved. Synthetic aperture radar (SAR) is an attractive imaging
sensor for this because microwaves can readily penetrate foliage, and SAR can take high resolu-
tion images in all weather conditions. Translating radar backscatter to biomass or soil moisture
is challenging, though, because it is also influenced by other variables. This work explores novel
methods for interpreting radar backscatter in terms of soil moisture and biomass for corn fields.
Key findings include the feasibility of using full-wave models and better inversion accuracy for
biomass than soil moisture when polarimetric SAR systems are used at L-band (1.25 GHz).

The first part of this dissertation proposes a device for real-time measurement of the complex
dielectric constant of liquids at X-band. The device consists of a narrow waveguide channel op-
erating at the cut-off frequency. A micro-3D printed sample holder is placed inside the channel
and connected to feeding tubes that are designed to prevent energy leakage from the channel. Two
variations of the device are fabricated: one that provides higher accuracy, and another that provides
higher sensitivity. The dielectric constant is estimated by using forward and inverse models based
on full-wave simulations of the devices. Experiments with static and time-varying liquids are per-
formed. The static measurements are done with mixtures of ethanol-water and methanol-water.
The time-varying measurements are done with ethanol-water-sugar and ethanol-water mixtures.
The measured results are consistent between the two devices and are in good agreement with the
published literature.

The second part of this dissertation begins to focus on how microwaves scatter from corn fields.
Historically, corn is a difficult crop to model at microwave frequencies. Novel models based on
full-wave electromagnetic solvers can be accurate by accounting for multiple scattering among
plant constituents, other adjacent plants, and the underlying soil surface. Such a model is com-
putationally expensive, but the increased availability of computing resources may make it more
feasible. This part presents a simulation methodology for calculating radar backscatter from corn
fields at L-band based on finite element method (FEM) simulations. The physical representation
of the corn plants comes from data-based 3-D plant models. The results of simulations are vali-
dated with synthetic aperture radar (SAR) data obtained during the SM active passive validation

xvi



experiment of 2012 (SMAPVEX12) experimental campaign. Validation is performed for two days
within the experimental campaign. Good agreement is observed between the simulated and mea-
sured backscatter.

The final part of this dissertation considers how biophysical parameters of corn fields might be
estimated with radar data. Here, the full-wave scattering model from the second part of this work
is used in tandem with an inversion algorithm that combines machine learning and regularized
inversion. The scattering model is first used to create a spline-based macromodel. The macromodel
is then inverted with the hybrid inversion algorithm. The performance of the method is evaluated
against simulated data from the SMAPVEX12 campaign for sensing soil moisture and plant height.
It was found that the inversion algorithm did not effectively retrieve soil moisture, but it did retrieve
plant height during vegetative growth with a correlation coefficient of 0.95 and RMSE of 39 cm.

xvii



CHAPTER 1

Introduction

Radar is a vitally important type of sensing instrument that can detect, locate, and determine the

characteristics of distant objects using radio waves. It finds widespread use in applications like

air traffic control, marine and automotive navigation, surveillance, and radar remote sensing. The

latter application seeks to gain information about the earth’s surface from radar observations. There

has been sustained interest in using radar to measure physical characteristics of the earth’s surface

such as soil water content, above-ground vegetation, canopy average height, and surface wind

speed over the oceans. This is because radars can produce high-resolution images of the earth’s

surface in almost all weather and lighting conditions.

Soil moisture and biomass are two physical quantities that have an important impact on earth’s

climate. Soil moisture or Soil Moisture Content (SMC) is important because of its role in the

water cycle, which affects weather and plants. Its impact can manifest in exacerbating heat waves

when more sunlight is converted into heat rather than creating water vapor [14], higher chances

of dust storms from lack of moisture, increased flooding risks when the soil is already saturated

with water, and potentially greater chances of precipitation from instabilities that are injected into

the atmosphere from evaporation [14]. Both soil moisture and biomass are especially relevant

in agriculture. There is only a relatively small portion of land used for agriculture at 7.5% of

the world’s habitable land (∼8 Mkm2). However, monitoring soil moisture and biomass in these

areas could have a significant impact on peoples’ lives because that land produces 83% of the

world’s calorie and 62% of its protein supply [111]. And in most cases, agricultural activities

are the primary user of freshwater, where 70%, on average, of the freshwater supply is directed
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to agriculture globally [110]. High resolution maps of soil moisture could help farmers use water

more efficiently [20]. Sensing biomass could also be helpful with improving yield forecasts, which

could give grain markets more time to coordinate shortages and surpluses [79].

Direct methods exist for measuring SMC or biomass. Hand-held or wired sensors can measure

soil moisture, and biomass can be measured by destructive sampling from an area. However, these

spot-measurements are labor intensive and can only be approximately generalized to a larger area

of land. Thus, researchers have looked to use spaceborne remote sensing instruments to create

maps of SMC and biomass.

Microwave radars and radiometers are two primary instruments that have been used for soil

moisture and biomass sensing. There is also a third, more recent type of sensing instrument that

opportunistically uses signals from a Global Navigation Satellite System (GNSS) to implement a

bistatic radar system, where a passive satellite will receive both the direct line-of-sight signal from

a GNSS satellite and its reflection off of the Earth’s surface to sense parameters like soil moisture

[25]. All of these sensors can penetrate vegetation and reach the soil at the proper frequencies,

unlike optical or infrared sensors that are blocked by it. This allows them to sense the soil moisture

and the biomass. Radiometers typically provide more robust soil moisture estimates since the

emission is less sensitive to the soil and plant structure, but their low spatial resolution (often

more than 30 km) limits their application, especially for smart agriculture. GNSS reflectometry

(GNSS-R) has better resolution than radiometers at about a ∼3 km resolution. This is still a

relatively recent technology, though, and correctly modeling the reflection from the Earth’s surface

is still an area of investigation [159]. Finally, radars can provide measurements at a very high

spatial resolution on the order of 10’s of meters. Thus, there is interest in using radars to estimate

soil moisture and biomass because of the potential gains in resolution and the all-weather, day or

night sensing capability of radars. The reflectivity or backscattered energy that a radar measures is

generally stronger or brighter when there is more water in the soil. However, the backscatter is also

a function of several other variables: frequency, polarization, the incidence angle, soil roughness,

plant structure, and material composition. This means that it is difficult to correctly interpret radar
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Figure 1.1: NISAR satellite concept art.

measurements and relate the backscatter to a specific amount of soil moisture or biomass.

Researchers have sought to find a reliable algorithm that can make accurate inferences about

physical variables like SMC from radar data. They have done this by developing scattering mod-

els that define the relationship between all physical variables (biomass, frequency, etc.) and the

backscatter. This type of model is called a forward scattering model. The forward model attempts

to encapsulate everything that is known about radio wave scattering in vegetation. The forward

model can then be used to develop an inverse model that can make predictions about physical

variables based on radar measurements.

An accurate inverse model would be a valuable tool to have in the coming years to help track

climate changes and enable efficient agricultural practices for a growing global population. Or-

ganizations may have seen these needs because there has been an increase in the amount of radar

data that is and will be available. There are already several radar-equipped satellites in orbit like

RADARSAT-2 from the Canadian Space Agency (CSA), the SENTINEL-1A satellite from the Eu-

ropean Space Agency (ESA), ALOS-2 from the Japanese Aerospace Exploration Agency (JAXA),

and SAOCOM from the Argentinian Space Agency. There are also several commercial companies

that have begun to field constellations of radar-equipped satellites including CapellaSpace, Iceye,

and Umbra Space. An important addition to this list is the NISAR satellite, a joint venture between

the Indian Space Research Organization (ISRO) and NASA that is shown in Fig. 1.1. Collectively,

these satellites and others can provide frequent passes over the same areas with multiple frequen-
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Figure 1.2: Outline of research topics in this dissertation.

cies and look angles. A good inverse model will be invaluable for interpreting the information

these satellites have and will collect.

1.1 Research Objectives

In this dissertation, I primarily investigate novel forward and inverse scattering models for mea-

suring soil moisture and above-ground biomass with radar, with a special focus on maize or corn

plants. These models are particularly intended for air- or space-borne radars. I also investigate

a method for characterizing the dielectric constant of liquids, as well as a technique for partially

separating the radar reflection from plants and that from the underlying soil surface. These topics

and their corresponding chapters are outlined by Fig. 1.2. The objectives of this study are also

summarized as follows.

1. Develop a high-fidelity forward scattering model for radar measurement of corn fields

throughout a growing season and as a function of radar attributes like the incidence angle,

look angle, polarization, and frequency.
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2. Develop an inverse model from the forward model that can accurately estimate SMC and

biomass from radar measurements.

3. Develop a method to characterize the dielectric constant of liquid from plants.

1.2 Background

The objectives of this dissertation will contribute to what is an already large area of research.

Thus, to give context to this work’s contributions, the next four sections discuss some relevant

background topics. The first two discuss forward and inverse scattering models to indicate some

of the challenges associated with sensing SMC and biomass with radar. The last section provides

background on measuring the electrical properties of soil and plant materials.

1.2.1 Forward Model for Predicting Radar Backscatter

Several models for characterizing radar signals from vegetation have been proposed over the past

several decades. They generally fall into one of the following categories: empirical or semi-

empirical models, analytic models, and numerical models. The empirical approaches generally

work by taking detailed measurements of any parameters of interest simultaneously with radar

measurements. The measured data can then be used as a lookup table or fitted to linear or non-

linear equations. The early modeling work with corn was semi-empirical [144]. The analytic

methods attempt to derive the relationship between backscatter and physical parameters from first

principles. The numerical approaches rely on discretizing Maxwell’s equations to explicitly solve

for the scattered fields from an arbitrary structure.

Much of the previous research has favored semi-empirical and analytic approaches. Semi-

empirical approaches often work well for the specific area and plant type that is studied, but beyond

that they may not generalize well. They are still useful and are still developed [54, 78, 12, 164],

and some notable examples are models developed by Oh [99] and Dubois et al. [32, 31]. Analytic

models do much better at generalizing to different scenarios. They can be less accurate because the
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scattering process is quite complex, and analytic models must make some simplifying assumptions

to arrive at a workable solution. Numerical models, for the most part, keep all the complexity of

a specific scattering scenario, and can thus take a more holistic consideration of a particular scat-

tering scenario. This comes at an increased computational cost, however. The analytic approaches

are important to be familiar with, and some background on them is given in the following section,

which is then followed by some background on numerical models.

1.2.1.1 Theoretical Models

Traditionally, there are three scattering problems to consider when constructing an analytical scat-

tering model for agricultural vegetation. The first is scattering from a rough soil surface; the second

is scattering from a collection of plants; and the third problem is when the collection of plants is in

close proximity to a rough soil surface.

Scattering from rough surfaces has been studied for quite some time. The first model for rough

surface scattering was the Small Perturbation Method (SPM) [109], which could accurately model

scattering from only slightly rough surfaces, which are surfaces where the Root Mean Square

(RMS) height and correlation length are both much smaller than the incident wavelength. SPM

formulations typically only provide only first-order co-polarized and second-order cross-polarized

scattering coefficients, but efforts have been made derive second-order approximations for all of the

scattering coefficients [120]. The next approximate model was the Kirchoff Approximation (KA)

[13], and it could handle rough surfaces at the other side of the roughness spectrum where the

soil’s roughness mostly consisted of gentle slopes that are much larger than the wavelength. The

equations of KA can be evaluated with geometric optics [139] or physical optics, depending on if

the scattering is dominated by specular reflections or if there is some additional diffraction.

Both SPM and KA had limited applicability for microwave radar observations. This led to

the development of the Integral Equation Method (IEM), which can handle the intermediate case

when the roughness characteristics of the surface are comparable to the wavelength [43]. It was

later improved to calculate bistatic scattering as an improved IEM, or I2EM [44], and then again to
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account for multiple scattering at high incidence angles as an advanced IEM, or AIEM [157] [158].

I2EM and AIEM represent the state of the art for analytic scattering models of rough surfaces, and

both show excellent agreement with measurements for their regions of validity.

The second problem to address in scattering from vegetation is to model scattering from a col-

lection of particles, or volume scattering, and this has been approached in a couple of different

ways. In one approach, the collection is represented by a continuous medium with small, continu-

ous fluctuations in its dielectric constant throughout it, which could be termed a kind of blue-cheese

representation. A second approach uses discrete particles like spheres, cylinders, disks, or needles

placed in free space to represent different plant components in the volume or canopy. Because of

that, it is often important to make detailed measurements of the plant being studied to correctly

parameterize each particle’s shape [22, 89, 131]. Both approaches can have an incoherent or co-

herent formulation model based on whether just power flow is analyzed, or if Maxwell’s equations

are used to keep track of the phase, respectively.

Most incoherent solutions are based on Radiative Transfer (RT). This solution only looks at how

the wave’s intensity or power density is scattered and absorbed by clusters of particles. This can

be applied to a blue-cheese type medium [143] or a group of discrete particles [142]. An important

incoherent approach is the Water Cloud Model (WCM) [6], which replaces a vegetation canopy

with an equivalent medium that consists of a layer of water particles distributed throughout it. It is

still currently used in practice in various forms because of its simplicity and reasonable accuracy.

Several other approaches, which are modifications of WCM or RT, have been investigated that

employed different layers for the canopy and trunk [147, 83], used an anisotropic medium to better

match vertical plant structures (e.g. stalks) [145], or used a 2D ABCD analysis to treat periodic

structures (i.e. corn rows) [124]. Incoherent solutions can only predict the average scattered power

from a particular distribution of particles or dielectric fluctuations.

Coherent formulations use Maxwell’s equations to derive scattering from heterogeneous medi-

ums or particles. This formulation tracks the amplitude and phase of all fields in the medium.

There is some variation in how coherent formulations are used such as taking periodic structure

7



into account for corn or agricultural crops [89, 135, 137], accounting for tall scattering elements

(grass, stalks) with dipoles [135], extending the analysis to include second-order interactions for

short, branching vegetation [26], accounting for multiple plant species and structures [19], or using

fractal methods for generating geometric plant models [73].

Coherent approaches usually make use of three approximations: the Distorted Born Approxi-

mation (DBA), Foldy’s approximation, and a single-scattering approximation. The DBA specifies

that a particle in a collection of scatterers is illuminated by the mean wave. The mean wave models

the extra propagation and attenuation that a plane wave would experience moving through a sparse

collection of electrically small scatterers [70]. The propagation and attenuation constants for DBA

are typically specified using Foldy’s approximation, which is that the free space propagation con-

stant is modified by the forward scattering characteristics of particles in the medium. Finally, the

single-scattering approximation only considers field interactions where energy is scattered off a

particle just once. This approximation leads to Single Scattering Theory (SST) models, and it can

also be applied with incoherent approaches, in which case the coherent and incoherent solutions

are effectively equivalent. It has been shown that the single-scattering approximation tends to

overestimate forward scattering from clusters of electrically large particles [65].

The third type of problem is when there are scattering particles or objects in close proximity

to the soil surface. This has been studied by considering the similar problem of scattering from a

sphere (or cylinder) in close proximity to a ground plane. The research on this problem highlights

an important difficulty in obtaining an analytic solution. Researchers often tackled the sphere-

ground problem by representing the fields in the system with a spherical harmonic basis. Doing

this leads to sphere-surface interaction terms whose evaluation requires the numerical integration

of complex exponential functions. This feature makes the exact solution somewhat inaccessible

[80]. Thus, approximate solutions were derived that are only valid when the distance between the

sphere and surface was more than a wavelength [151].

There is always some portion of a plant that is in close proximity to the soil surface (and per-

haps partially buried in it). This has meant that only approximations are available for predicting
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Figure 1.3: Model of scattering processes under a single-scattering assumption: (1) direct, (2,3)
direct-reflected, (4) indirect, and (5) rough surface.

the interactions between the plant structure and the soil surface. The most common approach is

to use the single scattering assumption along with the far-field scattering characteristics of the soil

surface and plant particles. In this approach, there are five scattering mechanisms that contribute

to the total observed backscatter, and they are diagrammed in Fig. 1.3. The first mechanism (1)

is direct scattering from a single plant component, where the incident mean wave is shown with

an orange arrow, and the wave scattered toward the radar is shown in blue. The second and third

mechanisms are the direct-reflected paths, which describe similar scattering trajectories, just in the

opposite order. In the second mechanism, for example, the mean wave illuminates the soil first and

then reflects towards the leaf, with the intermediate reflection being shown by the green arrow. The

leaf then scatters that reflection back toward the radar. The third mechanism goes in the opposite

order. The fourth mechanism occurs when the mean wave reflects off the ground toward the leaf,

and then the reflection from the leaf bounces off the ground again toward the radar. The final mech-

anism is the direct backscatter from the rough soil surface. The reflections from the soil surface are

taken into account by using the Fresnel reflection coefficient for each of the interactions, and an

attenuation factor can also be included which takes the soil’s roughness into account. The reflec-

tions from the particles are defined by their far-field bistatic or backscatter scattering amplitudes.

This model of the scattering process is also referred to as the four-component approximation when

neglecting scattering from the soil surface.
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1.2.1.2 Computational or Hybrid Models

As mentioned, analytic models rely on a few approximations (e.g. DBA, single scattering) to arrive

at a workable solution for predicting the backscatter from a collection of plants. Those approxi-

mations generally simplify the multiple scattering interactions that take place between the soil and

plants. The interactions can be explicitly accounted for using an electromagnetic numerical solver

such as the finite-difference time-domain method (FDTD), the method of moments (MoM), or the

finite element method (FEM). These solvers discretize Maxwell’s equations to solve electromag-

netic problems for nearly arbitrary structures and materials. Because of that, a numerical solver

can work with a more accurate plant shape without resorting to the cylinder and disk representa-

tion that analytic methods may employ. Plant scattering models based on numerical solvers can

thus produce higher fidelity results than their classical counterparts. The main drawback of using

numerical solvers is that significantly more computational power and time are needed to produce

results.

It may be for that reason that work with computational models has been limited. However,

there has been recent effort devoted to their development. A MoM solver was used by Huang et al.

[56] to predict the backscatter from rough surfaces as a function of several variables. They termed

their solver the numerical Maxwell model in three dimensions (NMM3D). Their work indicated

that even sophisticated models like I2EM may still not be entirely accurate. For scattering from

vegetation, the work by Park et al. analyzed transmission through a set of long cylinders with

periodic boundary conditions, which could serve as a rough model for a stand of corn plants [106].

One final example is the work by Gu et al. [49]. They used a numerical-analytic hybrid method

which combined results from a MoM solver together with vector cylindrical wave expansions and

the Foldy-Lax multiple scattering equation to predict transmission through a wheat field. The

same approach has been applied to corn, but there is some difficulty there because the hybrid

approach cannot yet handle overlap between plants, which is a common feature in corn fields [45].

Additionally, these approaches do not yet include effects from a soil surface.

Whether the model uses analytic or numerical methods, there is an important consideration to
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point out. Models can have high fidelity descriptions of a plant’s geometry in order to achieve

more accurate results, but that requires a long list of needed input parameters. Some models, on

the other hand, only need a few different parameters to make a prediction about the scattering.

Both extremes have their drawbacks. For few-parameter models, their drawback may be lower

accuracy. For many-parameter models, there is a problem where many different scenarios of input

parameters may give backscatter predictions that are very close to each other, or even the same.

This can be a problem when using a forward model to infer information about any of the input

parameters when backscatter data is available. This issue brings us to the next background topic:

inverse models.

1.2.2 Inverse Models for Physical Parameters From Radar Backscatter

Inverse problems try to estimate some quantity based on indirect observations of that quantity.

One example would be to estimate the initial temperature profile on a metal bar using the observed

temperature profile after some time has passed. This seems reasonable, however inverse problems

are notorious for being difficult to work with because they are often ill-posed problems, which is

a term coined in the 20th century by Hadamard [50]. A well-posed problem has the following

characteristics: (1) there is a solution (existence), (2) there is only one solution (uniqueness), and

(3) the solution varies continuously with data or initial conditions (stability). An ill-posed problem

will not satisfy one or more of these requirements. With a system of linear equations, for example,

a lack of stability can manifest as an ill conditioned matrix.

Despite the challenge of inverse problems, the second part of this work attempts to develop an

inverse model for estimating physical parameters of a corn field from the radar backscatter. In

this case, many-parameter scattering models for vegetation present a challenge because a radar

only provides a few independent measurements, perhaps three, from one observation. This means

that only three parameters at most can be estimated unless additional observations or other data

sources are used. Thus, the character of a forward scattering model may be well described as a

surjective function as illustrated by Fig. 1.4, where each element of the function’s output is mapped
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Domain Range

Figure 1.4: Different mapping classifications for functions.

to by at least one element from the function’s domain. This scenario is equivalent to having an

underdetermined set of equations. It inherently makes the forward model non-invertible from a

rigorous standpoint and violates the uniqueness condition of a well-posed problem. Additionally,

radar measurements are always corrupted by some amount of noise.

Nonetheless, even with an underdetermined problem, reasonable solutions can still be obtained.

The typical approach that others take to deal with an ill-posed problem is a broad class of tech-

niques that are referred to as regularization. Regularization can add more information to an un-

derdetermined problem by adding prior information, penalties on the final solution, or additional

constraints. This has allowed others to obtain estimates for physical parameters from radar data.

There are perhaps four kinds of approaches for making an inverse model. The first approach is

semi-empirical. These methods often use an already existing semi-empirical model, and then sim-

ply invert it for the parameter of interest [15, 74]. Like empirical models, these models have several

coefficients that need to be calibrated to a specific scenario for the best performance. The models

by Dubois et al. [32], Oh [99], and the WCM are good examples of forward models that support

this approach.

The second type of approach that is specific to soil moisture sensing is based on change de-

tection. Even without vegetation present, it’s difficult to correctly parameterize soil conditions

when attempting to estimate the SMC. A way around this is to assume that the soil’s roughness

or vegetation cover does not change significantly with time. Then, any changes in the backscatter

over a short time period can largely be attributed to changes in soil moisture. Thus, these meth-
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ods often compare a new measurement with a reference measurement that comes from bare, dry

soil conditions [152, 104, 103]. The third approach relies on machine learning methods to specify

the relationship between radar measurements and SMC or biomass. Most of the machine learn-

ing techniques like regression, random forests, vector support machines, artificial neural networks

(ANNs), and convolutional ANNs have been explored [74, 9, 105, 67, 93, 130, 114, 113]. The

data that the algorithm is trained on could be measured in situ data or data produced by analytic

or numerical models. Finally, there are some approaches that take an ad hoc approach to making

estimates. They rely on heuristic reasons for how the algorithm is developed. One example is the

work by He et al. [53], which used a polarimetric decomposition to isolate different scattering

mechanisms, and then used one of two empirical formulas to get the SMC, depending on which

scattering mechanism is dominant.

The success of an inverse model depends on the data or forward model it is based on. If it

is based on an analytic or numerical forward model, then it is equally important for that forward

model to produce accurate backscatter predictions. Correctly characterizing objects is an important

aspect of making good forward models, and part of that characterization is measuring the electrical

properties of soil and plants. The next section reviews some important techniques that are used to

measure the electrical properties of soil and plant material.

1.2.3 Electrical Characterization of Soil and Plant Material

There are several methods available at microwave frequencies for measuring the dielectric constant

or permittivity of a material. They can be divided into resonant and non-resonant methods. Res-

onant methods do very well at measuring the dielectric constant or permittivity at one frequency.

With the right modifications, they can also accurately measure materials with high dielectric loss.

It is typically quite difficult, though, to use one system to measure the dielectric constant at mul-

tiple frequencies. This is because the physical apparatus of the measurement system needs to be

tuned to work at another frequency, and this is often difficult or impossible. If a broadband charac-

terization of a material’s permittivity is desired, then a non-resonant method is more appropriate.

13



The apparatus in these methods does not need to be physically changed to work at a different fre-

quency. However, these techniques do not work well with lossy materials. Thus, there is a tradeoff

between dielectric accuracy and spectral range when selecting between one of these methods.

A well-known resonant technique is the resonant cavity. This is often a hollow, metal cylinder

that is machined to specific dimensions so that it resonates at the desired frequency. It is filled

with the material to be tested or the material under test (MUT) to determine its permittivity. This

procedure cannot measure lossy materials well, but there are two techniques that allow it to do so.

The first is to only partially fill the cavity with the MUT. The second is to place a small cylinder

of the MUT material inside the cavity. These are known as the partially-filled cavity and cavity

perturbation techniques. A second resonant technique is one that is based on a resonant microstrip

circuit [121]. It benefits from the fact that the MUT does not need to be ground into a powder or

machined to a specific shape. Only a flat surface on a bulk of the MUT is required. However, the

approach is less accurate for lossy materials because the fields generated by the resonant circuit

are allowed to expand.

Non-resonant methods for measuring a material’s permittivity often rely on how a traveling

electromagnetic wave interacts with the material. A common example of this method is the coaxial

probe method. In this method, one end of a coaxial cable is cut open to expose the center conductor,

dielectric and shielding. That end of the cable can then be pressed against the MUT, and a detector

will measure the amount of reflection from the end of the cable to determine the permittivity. This

is a very versatile method in terms of the situations where it might be used: against a solid bulk of

material or in a liquid. And because the technique is non-resonant, it can measure the permittivity

across a wide range of frequencies that is only limited by the detector and coaxial cable. A second

set of non-resonant techniques is based on the use of waveguides. In one method, a thin slice of

material with the same shape as the waveguide’s cross-section is inserted into a waveguide, and

a detector then measures the reflectivity from the slice to determine the permittivity [126]. The

drawback with it, though, is that the material needs to be shaped to the precise dimensions of the

waveguide.
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A variety of these methods have been used to measure the permittivity of soil and plants. A

seminal work relating the permittivity of plants to their water content are two papers by Ulaby, El-

Rayes et al. [37, 145]. They conducted many experiments to formulate a theoretical model relating

plant water content and the permittivity of plant tissue. They used the open-ended coaxial probe

method to obtain experimental data on the permittivity of plant tissue. The probe method has also

been used by Sharma et al. [131] to estimate the permittivity of nodes and internodes along a corn

plant’s stem. The waveguide method was used by Sarabandi et al. to determine the permittivity of

plant leaves [126]. For measuring the permittivity of soil, widely used measurements were made

by Hallikainen et al. [51]. They used two transmission-based methods, where the first involved

comparing transmission through a waveguide to a reference waveguide, and the second used a free-

space transmission method where radio waves were transmitted through the MUT. Another dataset

of soil moisture measurements was also made by Curtis et al. [29]. They used a specially-made

coaxial transmission line where the space between the center conductor and the shielding could

be filled with soil material so that it would act as the dielectric fill for the transmission line. The

permittivity would then be measured based on transmission through the line.

It is important to obtain accurate dielectric measurements that a forward or inverse model can

be based on for measuring physical parameters with radar.

1.3 Methodology

The main topic of this work is to investigate different methods for sensing physical quantities with

radar observations, with a special focus on sensing SMC and biomass or Vegetation Water Content

(VWC) in corn fields. This is primarily addressed by developing a numerical radar scattering

simulation that accurately mimics the scattering processes which take place in real-life scenarios.

That scattering simulation provides a forward model that can predict the relationship between

SMC and VWC and the radar backscatter coefficient. That relationship is then approximated with a

macromodel that allows its behavior to be predicted over a wide range of scenarios. This solves the
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problem of modeling the scattering from a corn field based on what its physical conditions are. The

next step is to develop an inverse model or algorithm to do the reverse: sensing those conditions

from backscatter measurements, constrained by the relationships derived from the forward model.

The inverse model that is used is based on iterative, non-linear, regularized inversion and a residual

artificial neural network, which is trained on the data produced by the forward model. This allows it

to work out the complex relationship between the backscatter coefficient and the SMC and VWC.

The inverse model then allows predictions to be made about those parameters given measured

backscatter coefficients from corn. The performance of the inversion algorithm is assessed with

measured, experimental data.

An important piece of this methodology lies in the need to electrically characterize plant com-

ponents. A novel sensing technique for the dielectric constant of liquids is investigated that also

makes use of inverse models, and it could be used for measuring the permittivity of fluid from

plants. The last section of this chapter gives an outline of the topics in this work.

1.4 Dissertation Outline

An outline of the topics in this dissertation is illustrated in Fig. 1.2. Chapter 2 investigates a

dielectric measurement technique that has special application for measuring the permittivity of

liquids. It also requires the use of a numerical forward model and a regressive inverse model. In

this case, the forward model is relatively simple and uses the coupling through a narrow waveg-

uide channel operating in the cutoff region to provide estimates of the dielectric constant. The

forward model is based on a full-wave numerical solver, and the computational cost is low. Ad-

ditionally, the forward-inverse function is well-behaved so that a straightforward correspondence

can be established between the microwave measurement and the estimated dielectric value. The

design of the waveguide coupling structure, experimental procedure, data processing methods, and

measurements of dielectrics using the apparatus are described.

Chapter 3 develops a full-wave scattering model for corn plants. It describes how the simulation
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is set up and how each component of a corn plant is modeled. This includes the use of periodic

boundary conditions in the computational domain and representing leaves with impedance sur-

faces. This chapter also justifies the modeling approach with analytic or simulated results.

The methodology in Chapter 3 is then validated for corn fields in Chapter 4. This is done by

using data-based 3D models of corn plants to accurately represent the geometry in the methodology

of chapter two. Chapter 4 also discusses the trade-off between computation time and radiometric

accuracy because of how computationally intensive the full-wave model is. The 3D models are then

used in the simulation methodology with in-situ data of biophysical parameters to make predictions

of the radar backscattering coefficient that are then compared with data from real observations to

validate the approach. The simulation results are also compared with lab measurements that use

artificial plant structures.

Chapter 5 builds on the forward model described in the third and used in the fourth chapter,

which is essentially a function that relates physical parameters to measurable radar quantities like

the backscattering coefficient. This chapter describes an algorithm that estimates physical vari-

ables from radar measurements. The algorithm combines iterative, nonlinear regularized inversion,

a classical inversion method, with a machine learning tool, specifically a residual artificial neural

network or ResNet. The inversion algorithm requires the forward model to be evaluated for many

different scattering scenarios. However, the forward model is computationally expensive to evalu-

ate, and thus a limited database of representative scenarios is first created with the forward model.

This database is then interpolated to create a spline-based forward macromodel that can be readily

used by the inversion algorithm. The inverse model is then used to retrieve physical parameters

from real radar measurements, and its performance is evaluated against experimental data.

Finally, Chapter 6 provides a summary of the work presented in this dissertation. Some avenues

for future research are also discussed.
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CHAPTER 2

In-line Dielectric Measurement Apparatus for

Liquids

2.1 Introduction

The need for non-invasive, non-destructive, real-time measurement of liquid properties is

widespread in industrial, agricultural, and scientific applications [97, 47, 117, 115]. Several spe-

cific applications include: measuring the purity of aqueous solutions for scientific experiments; the

manufacture of medicines; quality control during the malting and fermentation of beer, whiskey

and other alcohols; measuring sugar levels in beverages in the food and drug industries; and finally

in measuring bio-markers in blood, urine and biological tissues [85, 102, 3]. The standard mea-

surement techniques used in these applications are biochemical assays, spectroscopy, and radio fre-

quency (RF) measurements. Biochemical assays can provide an accurate chemical composition of

a liquid, but are generally very expensive and require a large sample to be collected. Spectroscopy

can be accurate, real-time, and non-invasive, but it requires expensive and bulky equipment. On the

other hand, RF measurement techniques are low-cost and compact, which makes them highly suit-

able for certain applications. They are generally based on resonance or propagation phenomena,

each having their own advantages [71, 154, 128]. Resonance based techniques have strong field

interactions and higher sensitivity, whereas propagation based techniques are broadband. Typi-

cally, liquid measurements using the resonance method require a small sample size due to their

high loss tangent. The small sample produces a perturbation in the resonator’s resonant frequency
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and quality factor from which the liquid’s complex dielectric constant can be extracted. Since

only a small shift is observed, the sensitivity of this approach is low. Furthermore, for measuring

multiple liquids and time-varying liquids, the samples must be replaced for each measurement,

which introduces repeatability errors and is also time-consuming. Therefore, it is desirable to have

a measurement technique that is: (1) accurate and sensitive; (2) capable of measuring a wide range

of liquids from water to alcohols; (2) able to track dielectric constant changes in real-time; (3)

low cost; and (4) easy to fabricate. This paper proposes such a device based on the concept of

epsilon-near-zero (ENZ) supercoupling [133, 35].

2.2 Background

The concept of ENZ supercoupling was first introduced by Silverinha and Engheta in [133], where

they showed a dramatic field enhancement inside a narrow, rectangular waveguide channel at its

cut-off frequency. The most salient features of supercoupling are: (1) the resonant frequency is

independent of the channel length and converges to the cut-off frequency as the height of the

channel tends to zero; (2) the quality factor increases as the channel length increases or as the

channel height decreases; and (3) the waveguide can be bent into different shapes while preserving

the supercoupling behavior provided that the channel height is small [34].

There are several ways to interpret these unique features. The most common interpretation is

the one provided by Silverinha and Engheta in the original article, where the channel being in

cut-off has an effective dielectric constant (ϵ) of zero at the cut-off frequency. They showed that

reducing the height of the channel towards zero causes energy squeezing, which results in perfect

transmission through the channel. Another interpretation is to think of the channel as a Fabry-

Pérot resonator with the supercoupling mode serving as the zeroth order resonance. In this case, as

the channel height decreases, the reflectivity at the two ends of the channel increases, the finesse

factor becomes larger, and the confined fields become stronger. Changing the length of the channel

does not affect the resonant frequency since the mode is the zeroth order resonance, which exists

19



because there is no phase shift through the channel at cut-off. A third interpretation comes from

basic waveguide/circuit theory. Assuming the channel length is small, it appears as a rectangular

aperture, which may also be represented by an equivalent LC resonator [81]. As the channel length

increases, the capacitance increases while the inductance decreases, thereby keeping the resonant

frequency constant and increasing the quality factor. Thus, from a circuit perspective, the electric

fields inside the channel grow larger for a given voltage excitation, and the quality factor increases.

The lumped circuit approximation is valid even for long channels because at cut-off there is no

phase shift between its ends. The first interpretation is the most general, as it can be extended to

other geometries readily, whereas the second and third interpretations offer intuition and simplified

modelling capability without the need for full wave simulations.

The strong fields inside the channel enhance wave-matter interactions and point to dielectric

constant (ϵ) measurements as a potential application [5]. If the channel is taken to be a rectangular

waveguide operating in the TE10 mode and filled with a material of permittivity ϵr, then it can be

shown that the ENZ channel presents an effective dielectric constant given by

ϵeff = ϵ0

(
ϵr −

c20
4a2f 2

)
, (2.1)

where c0 is the speed of light in a vacuum, ϵ0 is the vacuum permittivity, f is the operating fre-

quency, and a is the channel width [116]. Since an ENZ channel has zero permittivity at the cutoff

frequency, the dielectric constant of the waveguide’s filling material is directly given by the cutoff

frequency fc, or

ϵr =
c20

4a2f 2
c

. (2.2)

Thus, supercoupling and its many variations have been widely used for dielectric constant mea-

surements [132, 24]. Lobato-Morales et al. demonstrated a substrate integrated waveguide (SIW)

channel with two cavities and measured the dielectric constant of various solids at C-band [75].

Jha et al. demonstrated the same with binary liquid mixtures at S-band [58]. In both cases, a per-

turbation was introduced into the channel through a hole that was small enough to prevent energy
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(a) Exploded view (b) Front view

Figure 2.1: Supercoupling device made of machined pockets and micro-3D printed sample holder.

leaking from it. The small hole size limited the strength of the perturbation since the amount of

liquid that could be introduced into the channel was small. This is also perhaps the reason for

choosing the lower microwave frequency range in their work. As will be explained later in Section

2.3, the sample holder design proposed in this work overcomes this limitation to allow strong field

interactions without allowing energy leakage through the feeding pipes.

Other waveguide based resonator measurements of the dielectric constant of liquids have been

reported in the literature. In [2, 10], meta-material based resonators are placed inside a waveguide

to measure the complex reflection coefficient of liquid samples. However, the sample holder used

is large and therefore unsuitable for measuring lossy liquids such as water. The method proposed

in this paper is able to measure the dielectric constant of liquids over a wide range of permittivities

and loss tangents due to a novel sample holder design described in Section 2.3. Other works

like [108, 90, 28, 21, 46, 1] present similar methods, but do not experimentally demonstrate the

real-time capability for a wide range of liquids, which is shown in this paper.

In [11], Bao et al. characterized the complex dielectric constant of ethanol-water and methanol-

water binary mixtures. Their results indicate that the maximum shift in the real part of the di-

electric constant (as the volume fraction of water changes) occurs at around 4-5 GHz, whereas
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for the imaginary part the maximum shift occurs at around 11 GHz. Therefore, to maximize the

shift in the complex dielectric constant from alcohol to water, in this work the X-band (8 GHz

to 12 GHz) is chosen as the operating frequency range. This has an additional benefit of making

the device compact and in turn requiring a smaller sample size. However, the smaller wavelength

at these frequencies makes the manufacturing and modelling quite challenging. To address these

challenges, several techniques are introduced in the design, manufacturing, modelling and inver-

sion steps to achieve a very accurate and sensitive device. The main contributions of this paper are

the following:

1. A novel sample holder design is proposed. The design allows for larger liquid samples to be

introduced into the device without allowing energy to escape from the resonator. It is also

designed to prevent the formation of air cavities which improves repeatability and produces

consistent measurements.

2. A forward model is developed and optimized to account for variations in the design due to

manufacturing tolerances. A sensitivity analysis is performed to motivate the need for an

optimized forward model in order to achieve very accurate measurements. This is a key step

to make such a design work at high frequencies since the device is much more sensitive to

manufacturing errors.

3. The device is manufactured using high precision CNC milling and micro-3D printing. Since

the channel acts like a resonator, the machining accuracy must be very precise to prevent

evanescent mode leakage and loss. Several design choices are made to ensure the channel

and the sample holder can be successfully fabricated and assembled.

4. An extensive quantitative error analysis is performed to identify and minimize the various

possible sources of error in the measurements. This error model is used in the inversion stage

to quantify the error in each measurement.

5. Two designs of the device are fabricated to validate the measurement results and demonstrate

the trade-off between accuracy and sensitivity.
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6. Finally, the device is tested in two different real-time measurement scenarios and is shown

to agree well with the expected results. It is able to track variations in the complex dielectric

constant over time.

2.3 Design and Manufacturing

The design proposed in this paper is shown in Figs. 2.1 and 2.2. It has a large pocket (machined

inside the channel) that houses a sample holder chamber connected to two feeding tubes. The

novelty of this design over previous works is that the sample holder chamber can be made much

larger than the feeding tubes, which cannot be done using SIW channels. This creates a stronger

perturbation, allowing for very sensitive measurements at higher frequencies. Additionally, the

proposed design does not suffer from dielectric losses since the substrate is air.

The two narrow feeding tubes act as partially filled circular waveguides and must be carefully

designed to not allow energy leakage through them. Since water has the highest dielectric constant

(≈ 62 at 10 GHz) among the liquids tested in this work, the dimensions of the feeding tubes

were chosen to be small enough to ensure that the circular waveguide is operated below its cut-off

frequency. The cut off frequency is around 30 GHz for a circular waveguide that is partially filled

with water. This leaves a safe margin that accounts for manufacturing tolerances and the possibility

of measuring liquids with even higher dielectric constants. The cut-off frequency can be obtained

analytically [52] or by using an Eigen-mode solver.

This approach of using waveguide supercoupling with a large pocket machined into the channel

was first presented in [92]. However, in the design presented there, the pocket size was small and

the sample holder was put together using tubes. In this paper, the sample holder is made using a

high resolution micro-3D printing fabrication technique, which admits much larger chamber sizes.

The chamber design also prevents air bubbles from being trapped inside it, which is necessary for

consistent real-time measurements of a changing liquid mixture. This paper also improves upon the

preliminary work presented in [92] by: (1) developing an optimized forward model that accounts
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(a) Device 1 front view (b) Device 1 side view

(c) Device 2 front view (d) Device 2 side view

Figure 2.2: Cross section (front view) and side view of Device 1 and 2.
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for manufacturing tolerances of the channel and the sample holder; (2) performing an extensive

error analysis of the various sources of error to improve the accuracy of the measurements; and (3)

designing and manufacturing two variations of the device to corroborate the results between them

and optimize them for either sensitivity or accuracy.

The dimensions of the channel and the sample holder are shown in Fig. 2.2. Device 1 is chosen

to have a larger channel and sample holder volume to allow stronger interactions between the liquid

and the incident field. This produces a larger shift in the supercoupling frequency at the cost of

more loss and a lower quality factor. Device 2 is chosen to have a smaller channel height and a

smaller sample holder. The smaller height increases the quality factor and the weaker perturbation

reduces the loss. Therefore, Device 1 is expected to have a higher resolution since small changes

in ϵ produce larger shifts in the supercoupling frequency. Device 2 is expected to have higher

accuracy due to the higher quality factor and lower loss. The tapered top and bottom surfaces

of the sample holder chamber are designed to allow liquids to flow through without forming air

pockets inside it, which improves the repeatability of measurements. Due to the small size of

the sample holders, they were printed using a commercial Projection Micro Stereo-lithography

technology from Boston Micro Fabrication. The print resolution is 10 µm in both XY and height.

The dielectric constant of the sample holder polymer is 3.45 at X-band. The channel and pocket

are machined in aluminum with screw holes and access trenches as shown in Fig. 2.1.

2.4 Simulation Results

2.4.1 Parametric Analysis

A parametric analysis is presented to motivate the choice of dimensions used for the two devices

(see Fig 2.2). The simulations are run for air (ϵr = 1 and tan δ = 0) and water (ϵr = 62 and tan δ =

0.52) [85] since they represent the two extremes of the liquids being measured. As mentioned

earlier, the channel acts as a Fabry-Pérot resonator with the zeroth order mode corresponding

to the supercoupling mode and the first order mode corresponding to the Fabry-Pérot resonance.
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(a) Device 1 supercoupling mode (b) Device 1 Fabry-Pérot mode

(c) Device 2 supercoupling mode (d) Device 2 Fabry-Pérot mode

Figure 2.3: Channel length sweep comparison between the supercoupling mode and the Fabry-
Pérot mode. The black lines indicate the chosen design values.

Figure 2.3 shows a comparison between the two modes for air and water as a function of channel

length. Here, channel length is the dimension along which mode propagation occurs inside the

waveguide. As expected, the supercoupling mode’s resonant frequency does not change much

when the channel length is increased. However, what is of interest is the variation in resonant

frequency as the dielectric constant is changed.

Taking the two extremes of air and water, the difference between their resonant frequencies

should be large for better sensitivity. The Fabry-Pérot mode for both devices has a very small shift
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(a) Device 1 (b) Device 2

Figure 2.4: Channel height sweep comparison between Device 1 and 2. The black lines indicate
the chosen design values.

in frequency from air to water. On the other hand, the large difference in the case of the super-

coupling mode is attributed to the field enhancement inside the channel. This validates the choice

of using the supercoupling mode over the Fabry-Pérot mode for dielectric constant measurements.

Note that Device 1 has a higher sensitivity due to the larger shift in f0 from air to water. On the

other hand, Device 2 has a higher quality factor and hence a higher accuracy. This trade-off be-

tween accuracy and sensitivity (or resolution) is highlighted later in Section 2.7. The black vertical

lines in Figs. 2.3, 2.4 and 2.5 correspond to the parameter values chosen for each device.

Starting from the dimensions shown in Fig. 2.2, the height of the channel is swept and the

resulting resonant frequency and quality factor are shown in Fig. 2.4. The quality factor drops with

increasing height since the finesse factor of the resonator decreases. For Device 1, the resonance

frequency (with an air medium) remains stable since the cut-off frequency of the channel does not

change with its height. However, the resonance frequency of water decreases as the channel height

increases because a larger volume of the sample holder comes into the channel and produces a

larger perturbation. This effect is weaker in Device 2 since the sample holder radius is smaller.

Again, for Device 1, the change in resonance frequency ∆f0 is larger, while the quality factor is

lower. The nominal values of the two devices are chosen in the middle of the sweep range based
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(a) Device 1 (b) Device 2

(c) Device 1 (d) Device 2

Figure 2.5: Sample holder chamber radius and height sweep comparison between Device 1 and 2.
The black lines indicate the chosen design values.

on the manufacturing constraints of the sample holder.

Next, the dimensions of the sample holder itself are varied and the results are shown in Fig. 2.5.

As expected, the quality factor deceases with radius and height since the sample holder and water

have a non-zero loss tangent. Interestingly, there is a slight increase in the resonant frequency as the

volume of the sample holder increases when the medium is air, while the opposite effect is observed

when the medium is water. The change in frequency is larger for Device 1 since the channel height

is larger. The nominal values of the sample holder dimensions are chosen to be larger for Device 1

in order to further increase ∆f0. Several other parametric sweeps were conducted to optimize the
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Table 2.1: Sensitivity of ϵr and tan δ from Device 2 with respect to several key parameters and
different sample liquids, assuming tan δ = 0.4 for each liquid.

Liquid 𝜖𝜖𝑟𝑟 10 25 40 55 62

Parameters Δ𝜖𝜖𝑟𝑟 Δ tan 𝛿𝛿 Δ𝜖𝜖𝑟𝑟 Δ tan 𝛿𝛿 Δ𝜖𝜖𝑟𝑟 Δ tan 𝛿𝛿 Δ𝜖𝜖𝑟𝑟 Δ tan 𝛿𝛿 Δ𝜖𝜖𝑟𝑟 Δ tan 𝛿𝛿

Liquid radius 1.7 0.03 5.2 0.001 7.9 0.02 10 0.03 11.2 0.03

Liquid height 0.7 0.03 2.9 0.008 4.7 0.003 6.6 0.01 6 0.004

Pocket depth 0.01 0 0.11 0 0.6 0.007 0.1 0.004 1.2 0.002

Channel width 4.1 >4 >40 >4 >40 >4 >40 >4 >40 >4

Channel height 1.2 0.22 4.5 0.17 7.4 0.13 1.11 0.11 11.8 0.11

Chamber 𝜖𝜖𝑟𝑟 0 0 0 0 0 0 0 0 0 0

Metal 𝜎𝜎 0.1 0.01 0.02 0.003 0.04 0.003 0.43 0.005 0.2 0.002

two designs while keeping in mind the manufacturing constraints in machining and 3D printing.

2.4.2 Sensitivity Analysis

A sensitivity analysis is presented here to show which design parameters strongly affect the values

of ϵr and tan δ that the devices may measure. This is provided by Table 2.1 for device 2. The

sensitivity is analyzed with respect to seven parameters: the sample holder chamber’s radius and

height, the depth of the machined pocket, the supercoupling channel width and height, the dielec-

tric constant of the sample holder, and the conductivity of the metal used to construct the device.

First, each of these parameters is simulated at ±5% from the nominal value. The resulting f0 and

Q from the simulations are then used to extract a corresponding ϵr and tan δ based on an inverse

model detailed later in Section 2.5. Table 2.1 is then populated with the difference in the simulated

dielectric properties (∆ϵr and ∆tan δ) that occurred from the ±5% perturbation. This is done for

several representative values of ϵr: 10, 25, 40, 55, and 62. A loss tangent of 0.4 is used for each

ϵr value. The table shows that the chamber radius, the chamber height, and the channel height

significantly influence the dielectric constant. It is also extremely sensitive to the channel width.

A ±5% change in that parameter is enough to move f0 out of its typical range. Since these key

dimensions are subject to tolerances during manufacturing, this motivates the need for a rigorous
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Figure 2.6: Close up of the sample holder/chamber (yellow in inset image) and the top and bottom
halves of Device 2.

forward model that captures these variations in order to account for them during the inversion

stage. The details of the forward and inverse model are presented later on in the next section.

2.5 Methodology

The supercoupling devices described in Section 2.3 were used in several experiments to measure

the dielectric constant of mixtures of alcohol and water. This section describes how the devices

were set up for these experiments.

2.5.1 Experimental Setup

2.5.1.1 Device Assembly

The devices were manufactured in three parts: the sample holder, a top half, and a bottom half,

which are shown in Fig. 2.6 for the case of Device 2. The devices were assembled by placing

the sample holder in the machined pocket and screwing the two halves together tightly to prevent

evanescent energy leakage from any air gaps between them. Plastic heat shrink tubes were attached

to the ends of the sample holder with silicone to create a water-proof connection so that liquid

samples could be circulated through the device without any leaks. The two fully assembled devices
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(a) Device 1 (b) Device 2

Figure 2.7: Fully assembled devices with heat shrink tube connections to the sample holders.

can be seen in Fig. 2.7. Liquid solutions were passed through the sample holder by expelling liquid

with a syringe into the tube from the bottom until the liquid level reached the top of the upper tube.

Injecting liquid from the bottom helped to push all bubbles and air pockets out of the sample holder.

2.5.1.2 Network Analyzer and Waveguide Calibrations

A two-port Keysight E5080B-2K0 vector network analyzer (VNA) was used in all experiments.

The VNA was set up to measure s-parameters from 8 to 12 GHz with 1,201 sweep points and a

resolution bandwidth of 200 Hz. Prior to each measurement session, the VNA was calibrated using

a 2-port Short-Open-Load-Through (SOLT) calibration to bring the VNA’s calibration reference

plane to the end of two cables attached to each of the VNA’s ports. The cables were then attached

to the waveguide adapters, which were attached to WR90 waveguides that were screwed onto one

of the devices. A schematic representation of the connections between the VNA, waveguides, and

a device are shown in Fig. 2.8.

A second calibration was performed to bring the reference plane to the ends of the supercoupling

channel. This calibration used a standard 10-term error model, which assumes that the waveguide

ports are perfectly isolated [134]. The method normally requires attaching and measuring the
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Figure 2.8: Schematic of the measurement setup. The device was connected to WR90 waveguides
on both sides. The waveguides were attached to waveguide-to-coax adapters, which were used to
connect the setup to the VNA via coaxial cables. Sample liquids were introduced into the device
from the bottom to prevent the formation of air cavities inside the sample holder.

response of a few loads at each port, namely a short (S), an open (O), and a matched load (M),

followed by a through (T) connection between the ports. An open waveguide load does not exist

in practice, but an offset short (OS) can be used in its place. The length of the offset is typically

λ/4 in order to provide a load that behaves like an open circuit and also provides independent

impedance values compared to S. The OS that was available for this study had an offset of 7.6

mm, which is about one-fifth of the TE10 guided wavelength at 10 GHz (∼39.76 mm). It is

also a quarter-wavelength long at about 11.8 GHz. Additionally, the reflection coefficient of the

matched load was estimated to be about -40 dB. The responses from each load were saved so

that this second calibration could be applied in post-processing. This calibration was essential for

removing reflections from the waveguide adapters, which distorted the measured s-parameters of

the devices.

Table 2.2: Measured water-alcohol mixtures by alcohol volumetric percentage.

Percentage 5 10 15 25 50 75 100

Ethanol ✓ ✓ ✓ ✓ ✓ ✓ ✓
Methanol × × × ✓ ✓ ✓ ✓
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Figure 2.9: Processing flow for results.

2.5.2 Sample Preparation

Eleven mixtures were tested. Seven solutions of ethanol and distilled water were tested at 5, 10,

15, 25, 50, 75, and 100% ethanol concentration by volume. Four methanol and distilled water

solutions were also tested at 25, 50, 75, and 100% methanol concentrations by volume. The tested

mixtures are summarized in Table 2.2.

The ethanol and methanol solutions were prepared by measuring 100% alcohol into test tubes

with 0.5 ml gradation lines to the required amount. For the 5, 10, and 15% concentrations, distilled

water was also measured into larger, separate test tubes with gradation lines of 1 ml. The measured

portions of distilled water and alcohol were then mixed together in a single test tube to obtain a

solution at the desired concentration. The mixed solution occupied less volume than the combined

volumes of water and alcohol due to molecular packing. The alcohol mixtures had the following

errors: 5 ± 0.6%, 10 ± 0.3%, 15 ± 0.4%, 25 ± 0.9%, 50 ± 0.8%, 75 ± 0.9%. The derivation for

these errors is given in Section 2.6.

2.5.3 Data Processing

The processing flow for estimating ϵr and tan δ from the measured S21 response is illustrated in

Fig. 2.9, where a measurement made by the VNA is first corrected using the waveguide calibration.

Then, the center frequency f0 and quality factor Q are extracted from the measurement. The f0 and

Q are used to read out corresponding values of ϵr and tan δ from an inverse model created using

full-wave simulations from ANSYS HFSS. The following sections gives details on the f0 and Q

extraction and the construction of the inverse model.
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Figure 2.10: Typical S21 measurement for water. The center frequency f0 and points 3 dB below
the peak are shown with red cross hairs in the left panel. The right panel shows the data in blue
compared with a fitted parabola in red for interpolating the location of f0. Blue circles are sample
points.

2.5.4 Extraction of f0 and Q

The center frequency f0 is defined as the frequency location of a peak in the S21 response, while the

quality factor Q is f0 divided by the double-sided 3 dB bandwidth. Figure 2.10 illustrates a typical

S21 measurement with waveguide calibration applied. The 3 dB points and center frequency are

also marked. The response is measured at discrete frequency points, and therefore the actual peak

of S21 may lie between two points. This is also true for the 3 dB points. To avoid errors from

relying on discrete samples, the center frequency is determined using the following steps: (1) the

maximum sample point is located; (2) several points around this maximum are used to perform a

least squares fit of a parabola to the data; and (3) the parabola coefficients are used to determine the

location of the peak. The 3 dB bandwidth is measured by interpolating the crossing point between

S21 and 3 dB below the peak’s magnitude.
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(a) Device 1 (b) Device 2

Figure 2.11: A comparison between the measured and simulated S21 after performing the forward
model optimization using a constrained Nelder-Mead algorithm. Simulations are shown in solid
lines and measurements are shown in dots.

2.5.5 Construction of Inverse Model

2.5.5.1 Forward Model

The manufactured devices are not perfect replicas of the devices used in simulation. There are im-

perfections due to machining/printing tolerances, slight part misalignment, and some uncertainty

in the chamber’s dielectric constant. To correct for these errors, a forward model is developed by

perturbing the sample holder, channel dimensions, and metal conductivity until the simulation re-

sults match those obtained from an experimental measurement of three known dielectric materials.

The bounds of the perturbations are set based on the tolerances given by the manufacturers. The

three cases of known dielectric constant that are used to calibrate the forward model are: (1) a

measurement of the device with no chamber inside; (2) a measurement with the chamber inside

while filled with air; and (3) a measurement when the chamber inside is filled with distilled wa-

ter. Simulations of the three cases are used to define a cost function that is minimized using a six

parameter constrained Nelder-Mead simplex in MATLAB [69]. The six parameters over which

the optimization is performed are: (1) the radius of the sample holder chamber; (2) the height of
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the sample holder chamber; (3) the depth of the pocket machined into the channel that houses the

sample holder; (4) the width of the channel; (5) the height of the channel and (6) the conductivity

of the metal. The cost function is defined as a sum of relative errors for the resonant frequency (f0),

quality factor (Q), and insertion loss (S21(f0)) (see Eq. 2.3). A comparison between the measured

response and the optimized simulation response for these three materials is shown in Fig. 2.11 for

both devices.

Fcost =
|Qmeas −Qsim|

Qsim
+

|fmeas
0 − f sim

0 |
f sim
0

+
|S21(f

meas
0 )− S21(f

sim
0 )|

S21(f sim
0 )

(2.3)

Note here that S21(f
meas
0 ) is the insertion loss at the resonant frequency. This is a single scalar

number which is independent of the quality factor since it depends only on the resonator loss and

does not depend on the stored energy in the resonator. Therefore, Q, f0 and S21(f0) are three

independent quantities which are used in this cost function.

2.5.5.2 Inverse Model

Once the forward model is optimized, full-wave simulations in HFSS are used to sweep a range of

values for the sample liquid’s ϵr and tan δ. This gives a function that takes ϵr and tan δ and pro-

duces f0 and Q. As expected, due to supercoupling, the dielectric constant ϵr is a strong function

of f0, while tan δ is mainly a function of Q. The forward (ff ) and inverse (fi) models are specified

below.

ff : R2 → R2

ff (ϵr, tan δ) = f0, Q (2.4)

fi : = f−1
f = (f ϵ

i , f
δ
i ) (2.5)

ϵr = f ϵ
i (f0, Q) (2.6)

tan δ = f δ
i (f0, Q). (2.7)
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Figure 2.12: The inversion surface of ϵr for Device 2 generated by interpolating the sweep points
(blue dots) that are obtained from HFSS transmission simulations. A bi-harmonic spline interpo-
lation is used to generate the surface from the sample points.

To generate the inverse function, the forward model’s sweep points are interpolated with a bi-

harmonic spline interpolation. This generates a C2-diffeomorphism (ff ) that can be inverted at

each point. Each component of the inverse function (i.e. f ϵ
i and f δ

i ) can be visualized as a surface.

Figure 2.12 shows the surface for the f ϵ
i component.

2.6 Error Analysis

There are six sources of error in the proposed methodology. First, there is some error in the known

concentrations of the alcohol and water mixtures because of measurement precision limitations.

A second error comes from non-ideal loads used for the waveguide calibration. Third, there are

repeatability errors with the waveguide calibration and liquid measurements. A fourth source of

error comes from how well the inverse model function (2.5) matches the forward model (2.4). A

fifth source of error comes from the accuracy of the forward model. And finally, a sixth source

of error stems from electronic noise in the VNA. Methods for providing quantitative estimates of

these errors are given in the following sections except the errors due to non-ideal calibration loads
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Figure 2.13: Average calibrated through response. One standard deviation is shown by the shaded
areas.

and an imperfect forward model, which involve considerations beyond the scope of this work.

2.6.0.1 Volume Measurement Error

As mentioned in Section 2.5, the alcohol solutions were prepared using two sizes of test tubes,

a larger size with 1 ml gradation lines, and a smaller size with 0.5 ml lines. It was estimated

that the volumetric error in using the large test tube was ±0.5 ml, and the error from the small

one was within ±0.1 ml. In preparing the 5% solution, 2.5 ± 0.1 ml of ethanol was mixed with

(45 ± 0.5) + (2.5 ± 0.1) ml of distilled water, which indicates 45 ml from the large tube and 2.5

from the small tube. In the worst case scenario, 2.6 ml of alcohol might be mixed with 46.9 ml

(44.5 + 2.4) of water to give a 5.54% mixture. Thus, this mixture yielded a solution of 5± 0.6% at

the worst. For the 10% solution, 5±0.1 ml of ethanol was mixed with 45±0.5 ml of water, giving

a 10± 0.3% solution. For 15%, 7.5± 0.1 ml of ethanol was mixed with (40± 0.5) + (2.5± 0.1)

ml of water, giving a 15± 0.4% mixture. For 25%, 3± 0.1 ml of ethanol was mixed with 9± 0.1

ml water, giving 25± 0.9%. For 50%, 7± 0.1 ml of ethanol was mixed with 7± 0.1 ml of water,

giving 50 ± 0.8%. For 75%, 9 ± 0.1 ml of ethanol was mixed with 3 ± 0.1 ml of water, giving

75 ± 0.9%. The procedure for mixing the 25%, 50%, and 75% ethanol mixtures was also applied
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to the methanol mixtures. Once the samples were prepared, the same sample was measured in

both devices to maintain consistency in the experiment. The errors in the mixture percentages only

affects the absolute estimate of the percentage from the measured dielectric constant and is not a

shortcoming of the measurement system.

2.6.0.2 Waveguide Calibration Errors

There are two sources of error associated with the waveguide calibration: imperfect calibration

loads and repeatability variations between calibrations. The latter error, for example, may be due

to minute changes in cable flexion and interconnects. Errors from non-ideal loads will be omitted

from this analysis, although the matched load (M) may have introduced the most error in this

work. Variations between calibrations were assessed by observing the corrected S21 response while

the waveguides were directly connected together (i.e. the through response). Eight waveguide

calibrations were performed in the course of this study. Data from these calibrations was used to

calculate an average corrected through response along with a standard deviation. Both are shown

in Fig. 2.13. The following approach was used to quantify the calibration variation’s effect on the

extracted f0 and Q and the subsequent ϵr and tan δ of a liquid. First, an “ideal” S21 response for

each material was created by using the material’s estimated dielectric values (ϵ̂r, tan δ̂) to select

one HFSS simulation from the forward model sweep with the closest (ϵr, tan δ) pair. Then, the S21

response from that simulation is perturbed by adding the average calibration through response to

it, or

S̃21 = S21 + (ST
21 − 1), (2.8)

where S21 is the device’s ideal response, ST
21 is the average calibration through response, and S̃21

is the perturbed response. All quantities in (2.8) are in linear units. From there, measurements of

f̃0 and Q̃ are extracted from S̃21. Because of the calibration’s perturbation, the perturbed measure-

ments (f̃0, Q̃) differ from the nominal values (f0, Q) that would have been obtained from the ideal

S21. Those differences, (∆f , ∆Q), are then taken as the maximum error. For example, if the ideal

f0 is measured at 9.7 GHz, but the perturbed f0 is 9.71 GHz, then the error on the f0 measurement
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would be ±10 MHz. The errors (∆f , ∆Q) can be translated into errors in (∆ϵr, ∆tan δ) by using

the inverse function described in Section 2.5. This is done by evaluating the inverse function at

eight points corresponding to every combination of f0 ±∆f and Q±∆Q. The greatest difference

in ϵr and tan δ is then computed from those sample points, and half of that difference is taken as

the maximum error. For example, if the maximum and minimum ϵr values were 37 and 32, with a

nominal value of 34.5, and the corresponding sample points were (f0+∆f , Q+∆Q) and (f0−∆f ,

Q −∆Q) respectively, then the maximum error for this material’s ϵr would then be ±2.5. It is in

this way that the maximum error due to an imperfect calibration is estimated for each material.

The error from calibration is by far the most dominant error component.

2.6.0.3 Inverse Model Error

The forward model consists of the device’s geometry defined in HFSS and the electromagnetic

solver that HFSS uses to calculate s-parameters. The accuracy of the forward model is affected by

simulation parameters such as the density of the finite element (FE) mesh. These parameters were

specified to give a high-fidelity, accurate simulation of a device’s response.

There is a fitting error in the inverse function fi that is used to produce estimates of ϵr and tan δ.

This error comes from the fact that the inversion surface (see Fig. 2.12) is an approximate fit to the

sample points produced by the forward model. Thus, if one of the forward model’s sample points

was the input/output pair (ϵr = 30, tan δ = 0.4) and (f0 = 9.5 GHz, Q = 20), then plugging the

output pair into the inverse model, will not exactly produce (30, 0.4), but instead something like

(30.4, 0.41). This difference between the forward and inverse models is quantified by computing

the root mean square error (RMSE) between all sweep points of (ϵr, tan δ) from the forward model

and the corresponding estimates of (ϵ̂r, tan δ̂) from the inverse model.

2.6.0.4 VNA Noise and Total Error

The displayed average noise level (DANL) of the VNA is specified at -145 dBm/Hz between 8 and

12 GHz. An intermediate frequency (IF) bandwidth of 200 Hz was used in the measurements of
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this work, which results in a DANL of -122 dB. Since the DANL is very low compared to the S21

response of every liquid, which was always above -20 dB, the effect of noise from the VNA on the

measurement of f0 and Q is omitted.

The total error due to calibration, fitting, and noise is calculated by taking the Euclidean distance

of each error for each liquid, or

ϵerr =
√

ϵ2cal + ϵ2fit. (2.9)

The estimated dielectric constants of each liquid are then stated to be within ±ϵerr. The same is

done for tan δ. These errors for the different liquids are shown in Table 2.3. From Fig. 2.13, it

is clear that the calibration error is a function of frequency and hence is not consistent over the

different liquids. Finally, it is important to note that these are the upper and lower bounds on the

error and hence are very conservative estimates.

2.7 Experimental Results

The dielectric constant of the liquid mixtures listed in Table 2.2 were measured over the course

of two measurement sessions. Two other experiments were also carried out to demonstrate the

ability of the device to track real-time changes in ϵr, as well as the ability to track changes in the

concentration of the ethanol and water mixtures. Here, “real-time” is defined by the sweep time of

the VNA, which was around 2 seconds during these measurements. Any changes in dielectric con-

stant on time scales shorter than this sweep time are not captured by the VNA. In the applications

targeted by this study, the time scales are much larger than 2 seconds and hence this method can

be approximated to be quasi real-time. The system can be made truly real-time by replacing the

VNA with a chirp based vector transmission measurement where the chirp duration can be on the

order of microseconds [4]. In this case, dielectric characterization can be performed on timescales

on the order of microseconds.
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Table 2.3: Device 1 (left) and Device 2 (right) spot measurements. Distilled water, ethanol, and
methanol are indicated by W, E, and M respectively. The center frequency f0 is given in GHz.

Liquid 𝜖𝜖𝑟𝑟 ±Δ𝜖𝜖𝑟𝑟 tan 𝛿𝛿 ±Δ tan𝛿𝛿 𝑓𝑓0 𝑄𝑄

W 62.09 0.19 0.51 0.24 9.50 10.37

5% E 52.55 0.69 0.59 0.28 9.58 9.44

10% E 49.33 1.35 0.67 0.29 9.60 8.68

15% E 40.97 1.2 0.76 0.13 9.68 7.87

25% E 29.54 0.25 0.91 0.19 9.82 6.57

50% E 16.22 1.25 1.12 0.15 10.01 NA

75% E 8.13 0.03 0.96 0.09 10.51 NA

100% E 4.92 0.09 0.44 0.04 10.75 10.07

25% M 36.10 0.95 0.85 0.25 9.73 7.17

50% M 22.30 0.84 1.08 0.19 9.94 NA

75% M 13.70 0.14 1.1 0.15 10.2 NA

100% M 8.12 0.06 0.90 0.16 10.51 NA

Liquid 𝜖𝜖𝑟𝑟 ±Δ𝜖𝜖𝑟𝑟 tan 𝛿𝛿 ±Δ tan𝛿𝛿 𝑓𝑓0 𝑄𝑄

W 61.57 0.27 0.52 0.01 9.69 20.48

5% E 54.26 .010 0.60 0.02 9.71 19.96

10% E 49.75 0.12 0.67 0.02 9.72 19.57

15% E 40.77 0.21 0.77 0.03 9.74 19.30

25% E 29.53 0.05 0.92 0.05 9.77 19.11

50% E 16.17 0.05 1.05 0.07 9.82 19.75

75% E 8.72 0.02 0.93 0.02 9.88 21.11

100% E 5.10 0.01 0.46 0.00 9.93 24.58

25% M 35.91 0.17 0.84 0.05 9.75 19.13

50% M 21.90 0.13 1.01 0.08 9.80 19.35

75% M 13.94 0.06 1.02 0.05 9.84 20.10

100% M 8.78 0.05 0.86 0.02 9.88 21.45

2.7.1 Spot Measurements

The estimated ϵr and tan δ for the measured solutions are shown in Table 2.3. The ethanol solu-

tions are abbreviated with E, while methanol and distilled water are abbreviated with M and W,

respectively. The dielectric constant and loss tangent of distilled water that were used in the for-

ward model are ϵr = 62.0883 and tan δ = 0.5152 at 9.51 GHz for Device 1 and ϵr = 61.5693 and

tan δ = 0.5245 at 9.69 GHz for Device 2 [85]. As expected, the inverse model results shown in

Table 2.3 agree with the forward model for the case of water.

Device 1 has higher insertion loss due to the larger sample holder volume, which makes it

more susceptible to calibration error. Further, note from Fig. 2.13 that the calibration error is much

higher in the 10 - 12 GHz range, which is the range where Device 1 operates. Therefore, the results

from Device 1 are less accurate than those from Device 2. This is the main reason for the slight

discrepancy between the results from the two devices, the other reason being that the supercoupling

frequencies are slightly different for the two devices. It is interesting to note that the loss factor of

the ethyl and methyl solutions reaches a maximum around 50-75% before decreasing again. These

results are in very good agreement with those published in the literature (see for example [11, 7]).

For the cases where there is no upper side-band 3 dB frequency, the quality factor is undefined and
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marked as NA in Table 2.3. The loss tangent of these cases is estimated from the lower side-band

3 dB frequency (i.e. repeating the processing flow from Fig. 2.9 using only the lower side-band 3

dB frequency).

2.7.2 Real Time Measurements

Two experiments were also conducted to demonstrate the ability of the device to monitor changes

in a liquid’s dielectric constant as a function of time. The schematic and picture of the setup for

these experiments are shown in Figs. 2.14a and 2.14b, respectively. The liquid mixture was held in

a large beaker on top of an automatic stirrer. A liquid pump was used to circulate the liquid mixture

through plastic tubes into the supercoupling device and back into the liquid mixture. Device 2 was

used for all the real-time measurements since it had greater immunity to waveguide calibration

errors. The VNA was also set up to automatically measure the scattering parameters once every

minute. The chemical composition of the liquid mixture was varied over time by adding additional

liquid from a bottle, usually filled with alcohol, which was held above the large beaker. A flow

regulator was also used to maintain a constant flow rate from the raised container into the liquid

mixture.

For the first experiment, a liquid mixture made of 50 g of sugar and 500 ml of distilled water

was placed in the large beaker. The raised bottle was filled with 400 ml of distilled water and

100 ml of ethanol to make a solution of 20% ethanol. The mixture composition was chosen to

mimic the fermentation process of alcoholic beverages as the liquid in the beaker would start as a

sugar-water mixture and end as a mixture of sugar, water, and 10% alcohol (by volume). It should

be noted that the stirrer was not used in this experiment because the flow rate was set very low to

allow time for the liquids to mix via diffusion.

Figure 2.15a shows the evolution of the mixture’s dielectric constant as a function of time. The

final alcohol concentration at the end of the experiment was expected to be around 10% by liquid

volume. The alcohol concentration could not be estimated from the measured dielectric constant

in this case because of the additional effect that the sugar had on the dielectric constant. However,
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(a) Schematic of the real-time experimental setup. (b) Picture of real-time measurement
setup.

Figure 2.14: Experimental setup design and implementation for the real-time measurements.

it can be seen that small changes in ϵr and tan δ were easily picked up by the measurement system.

The variation in the measured value was typically less than 0.08 for ϵr and 0.004 for tan δ.

The second experiment was conducted to see if alcohol concentration could be estimated from

the measured ϵr. The same experimental procedure as the last one was used, except that 300 ml

of distilled water was poured into the large, bottom beaker, while the top container was filled with

309 ml of 100% ethanol so that a final concentration of about 50% would be achieved (about 9-

10 ml of alcohol would remain in the top container and tubing when the dripping stopped). The

flow rate was also initially set at roughly 12 ml/hr. It should be noted that the flow regulator was

designed for saline solutions, and therefore it did not properly regulate the flow of the ethanol,

which is more viscous than water. This led to some variation in the flow rate over time. The

stirrer was used in this experiment to actively mix the two liquids throughout the measurement

process. This was necessary because the alcohol would enter the beaker in streams that took time

to dissolve. Additionally, without active mixing, the added alcohol would rise to the top of the

liquid mixture and create a stratification between alcohol and water. The stirrer alleviated these

behaviors, but streams of alcohol still entered the intake tube on occasion. These streams would
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(a) Evolution of ϵr and tan δ over time as a mixture
of 20% ethanol is added to a mixture of sugar and
water.

(b) Estimated concentration of ethanol over time
as ∼300 ml of ethanol is added to distilled wa-
ter. Concentration estimate is based on measured
ϵr from table 2.3.

Figure 2.15: Experimental results showing in-line measurements of the permittivity of two solu-
tions whose compositions changed over time.

cause the measured alcohol concentration to sporadically spike up. These effects diminished,

though, as the volume of liquid in the beaker grew. Most of these spikes occurred in the first two

hours of the experiment.

To estimate the concentration of alcohol from the measured transmission parameters, first the

inverse model is used to find the dielectric constant and loss tangent from the measured scattering

parameters as a function of time. Then, spot measurements in Table 2.3 are used to derive the

relationship between alcohol concentration and ϵr for Device 2. A polynomial curve of ϵr versus

percent concentration was fitted to the spot measurement points to make a simple model for es-

timating percent concentration from ϵr. This gives the percentage concentration of alcohol as a

function of time, which is shown in Fig. 2.15b.

As mentioned earlier, major spikes in concentration subsided after the 2 hour mark. There were

still some small spikes due to the streams that do not disappear until after the 6 hour mark. Once

the initial large spikes subsided, the flow rate was increased to 30 ml/hr at about the 3 hour mark,

indicated by (1) in Fig. 2.15b, and left as is until the alcohol bottle was empty. The flow rate was

observed one more time and was found to be about 25 ml/hr at the 3.75 hour mark. Once again, it
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appeared that the ethanol flow was not properly controlled by the flow regulator. Given that fluid

flow through a long narrow tube of constant diameter is laminar and dominated by viscous forces,

the flow rate drops exponentially following the Hagen-Poiseuille law [165]. The parameters of

the exponential flow rate were obtained heuristically from observations of the flow rate over time

and the resulting ideal alcohol concentration level is shown in the dashed red line in Fig. 2.15b.

Since the measured concentration tracks the ideal (predicted) concentration very well, it can be

concluded that accurate real-time tracking can be achieved with the proposed device.

These experiments provide quantitative verification that the proposed device is able to track

changes in the dielectric constant and loss tangent of an evolving liquid. By replacing the VNA

with a miniaturized circuit that can extract the resonance characteristics of a resonator [4], this

device may become a compact, sensitive complex dielectric constant measurement tool that can be

used for real-time monitoring of liquids in many industrial and scientific applications.

2.8 Conclusion

A device that can accurately measure the real-time complex dielectric constant of a wide range of

liquids at X-band is presented. The device is based on the concept of energy squeezing or super-

coupling through narrow rectangular waveguide channels. It exploits the strong fields generated

inside the channel to enhance the wave-matter interactions between the electric field and the liquid

under test. Three interpretations of supercoupling are discussed and used to motivate the design

choices made for the device. To improve the measurement sensitivity, a large pocket is machined

inside the channel that houses a sample holder. This approach is one of the novelties of this device

and relies on a high precision micro-3D printed sample holder. The sample holder is carefully

designed to prevent the formation of air bubbles and also to eliminate energy leakage through the

feeding tubes.

Two versions of the device are fabricated: one for higher sensitivity, and another for higher

accuracy. To account for fabrication tolerances, a forward model based on full wave simulations
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is generated and optimized using a constrained Nelder-Mead algorithm. Using this optimized

forward model, an inverse model is generated to find the complex dielectric constant from the

measured scattering parameters of the device with the liquid running through the sample holder.

An exhaustive error analysis is conducted to identify and minimize the different sources of error in

the measurements. The largest error was found to be due to the imperfect waveguide calibration.

This error could be addressed by using better calibration standards, a sliding load, or an alternate

calibration procedure such as the Thru-Reflect-Line (TRL) calibration, which does not depend on

a matched load [39].

Two sets of experiments were performed: one of spot measurements of alcohol-water mixtures,

and another of real-time measurements of evolving alcohol-water-sugar mixtures. The results of

the spot measurements are in very good agreement between the two devices and also with the

published literature. The real-time experiments demonstrate the ability of the device to accurately

track both rapid and slowly varying changes in the complex dielectric constant of a liquid mixture.

Therefore, it provides a compact non-invasive solution to monitoring evolving liquid mixtures with

a high degree of accuracy.
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CHAPTER 3

EM Simulation Development and Characteristics

This chapter provides additional detail on the development and characteristics of a full-wave scat-

tering model for corn fields, and is meant to supplement the material in Chapter 4. It elaborates

on the simulation methodology for predicting radar backscatter from corn fields, which involves

using a commercial, numerical electromagnetic solver to calculate the electromagnetic fields from

3D Computer-Aided Design (CAD) models of corn plants. It also describes the major structural

elements of corn and how the differing plant components are electrically modeled. This chapter

also validates modeling approaches with analytic or simulated results.

Corn is known by that name in the US, but it is also referred to as maize internationally. It is a

robust, tall grass that produces cereal grain. Early corn plants were domesticated from wild teosinte

plants by Indigenous peoples in southern Mexican about 9,000 years ago. Today’s commercial

varieties produce grain or kernels that are typically yellow or white, but there are many different

varieties that can take on a range of colors [155].

This chapter is organized as follows. Section 3.1 discusses high-level considerations for a sim-

ulation methodology to calculate the radar backscatter from corn fields. Section 3.2 explains the

electrical and geometric properties of corn plants that must be considered. Section 3.3 provides

similar details for electrically and geometrically modeling a rough soil surface. Section 3.4 pro-

vides some simulation results to validate a choice made in developing the simulation methodology.

And finally, Section 3.5 provides some simple analyses of how the radar backscatter from a corn

field might change as a function of the incidence angle.
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3.1 Simulation Methodology

Achieving a high-fidelity scattering model was the main goal for pursuing a full-wave methodol-

ogy for calculating the radar backscatter from corn fields. Part of this goal, then, was to accurately

represent the geometry of a corn plant. Often, a plant’s shape is complex and describing it as a

random collection of cylinders and flat disks falls short of reality. Such simple shapes are typi-

cally used in scattering models, though, because they can be analyzed with Maxwell’s equations

to provide scattering solutions. More complex shapes can generally only be electromagnetically

analyzed with a numerical solver.

Such solvers are based on one of three general methods: the Finite-Difference Time-domain

(FDTD) method, the Method of Moments (MoM), and the Finite Element Method (FEM). Very

briefly, FDTD works by dividing the geometry into cubes or voxels, and then it simulates how

electromagnetic fields disperse through the voxels at discrete time steps. It can easily provide

broadband solutions since it operates in the time-domain, but the representation of the geometry

is limited by the voxel size. On the other hand, MoM is a frequency-domain method that works

by meshing the surface of an object with triangles and then calculating how the currents on the

object’s surface interact with each other and other surfaces. These interactions are captured in a

“stiffness” matrix that is dense (every entry is filled). It typically does very well with conductive

surfaces, and so is well suited for analyzing antennas. Finally, FEM is similar to MoM in that it

operates in the frequency domain and needs a mesh of the object. It differs in that it meshes the

whole volume of the object, the stiffness matrix is sparsely filled, and it typically does better with

dielectric objects.

We chose to use a solver based on FEM because it could represent the plant’s geometry more

accurately than FDTD, and plants are primarily made from dielectric material. We also wanted to

use a commercial solver since a custom solver could be time consuming to develop from scratch.

The mathematical machinery behind FEM does require expertise to understand, but it is somewhat

straightforward to implement. Computationally meshing 3D geometric objects is perhaps the more

challenging task. It is also very beneficial to have some kind of user interface for interacting with
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CAD objects, and that interface is also non-trivial to develop. Given these constraints, we decided

to use ANSYS HFSS as the numerical solver. With that choice, there are several questions we

had to answer. For instance, how could a CAD model of a corn plant be made? What would the

electrical properties of the plant be? How would the shape and electrical properties of the soil be

modeled? And finally, how should a simulation in HFSS be set up so that the backscatter from a

corn field can be predicted, especially given the constraints of HFSS? The first few questions will

be answered in later sections, and the last question will be addressed next.

3.1.1 Potential Simulation Configurations

It is a common task in HFSS to calculate the backscatter from an object in free space. This involves

defining a region of free space in which the object is placed. That free space region is then sur-

rounded by a layer of fictitious material called a Perfectly Matched Layer (PML). The permittivity

and permeability tensors of the PML are specially designed so that any waves scattered by the

object produce no reflections when they hit the PML, and are completely absorbed by it, thereby

mimicking an infinitely-large simulation domain. This kind of set up is illustrated by Fig. 3.1a.

Given this option, one way to go about getting a corn plant’s backscatter might be to calculate the

backscatter from one plant in free space. This can easily be done in HFSS, but it only provides the

backscatter of one plant in isolation without considering interactions between other plants or the

ground.

Another option in HFSS is to introduce a ground plane by putting the plant on top of a dielectric

to represent the soil, and then two different PMLs can be applied to the soil and the empty space

around the plant as shown in Fig. 3.1b. There are a couple of concerns with this approach, though.

First, the PMLs are designed with respect to the permittivity of the material that they are meant to

provide a reflectionless boundary for. This means that there will be a discontinuity in the PML’s

material properties where the PML for the air and the PML for the soil meet. This may result in

artifacts. One could also just expand the computational domain so that a buffer of air surrounds the

plant and box of soil. This can still be problematic, though. For one, the box needs to be big enough
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Figure 3.1: Diagrams of HFSS simulation layouts for different scenarios.

so that the plant can be fully illuminated by its image in the ground plane. Second, energy that

transmits into the soil will be reflected at the other side, and this will result in extra scattering that

is not present in reality. Finally, the edges of the soil box would also produce additional scattering

effects from diffraction.

That last issue could be mitigated with another approach, though. Up until now, it has been

assumed that the excitation for the computational domain is a plane wave. HFSS has another

source that makes sense: a Gaussian beam. The Gaussian beam would be more amenable since its

illumination tapers off towards the edges. Thus, one could use that with the soil box as seen in Fig.

3.1c. However, this would just give the backscatter from one plant on a ground plane. How would

other plants be simulated? Additional plants could be introduced in rows until there is a small patch

of plants built up. But there would need to be enough of them such that the Gaussian beam sees

a uniform medium of plants and soil and not the edges of the field. This means that there would

need to be many plants in the simulation, which translates to an impractically large simulation.

Figure 3.2 show’s an example of such a simulation, where the Gaussian beam is illustrated with a

transparent green cylinder, the solution frequency is at 1.25 GHz, and the computational domain’s

size is 4.6×3.2×2.9 m, or 19×13×12 wavelengths. It required 115 GB of RAM and 20 hours and

40 minutes of computer time to complete one adaptive pass in HFSS, which is not quite enough
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Figure 3.2: A 3D view of an HFSS simulation using a Gaussian beam illumination.

to achieve a good mesh, and this was all for just one incidence angle and polarization. That is

impractical. Thus, is there a more computationally efficient way to do this?

There may indeed be a more efficient way to do this simulation within the constraints of HFSS,

and that is by using periodic boundary conditions. This type of boundary essentially requires that

the fields need to be equal at a pair of points on two periodic faces of a unit cell, except for a

phase factor that depends on the frequency and scan direction. This works well with corn fields

since there is already an aspect of periodicity in the field: corn field rows are typically spaced 76

cm apart, and there can typically be 5-6 plants per meter along a row. Thus, applying periodic

boundaries makes the simulation act as if the backscatter is being calculated from an infinitely big

field. This is a step in the right direction, but there are some issues to resolve about the excitation for

the simulation, since a Gaussian beam will not work in a periodic context. The available excitations

are plane waves, and an excitation called a Floquet port. The configuration for the boundaries of

these two excitations are shown in Fig. 3.3, where the periodic boundaries and Floquet port are

indicated with PRB and FP respectively. The plane wave excitation also requires an impedance

boundary, which is indicated by ZB.

A Floquet port excites a periodic unit cell with different modes that are essentially periodic,
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Figure 3.3: Diagrams of HFSS simulation layouts with periodic boundaries.

free space plane waves whose wave vectors are defined by the unit cell’s size and the frequency of

operation. This type of excitation is frequently used to analyze periodic structures in HFSS. This

was appropriate for our application, and thus we started by using this type of port. It will be seen

later, though, that the plane wave excitation was used for the final simulation method. First, there

are some important ramifications for the results of the simulation if periodic boundaries are used.

Perhaps the most important consequence arises from the fact that scattering from a periodic

surface only occurs at discrete angles, rather than a continuum that one might expect from a rough

surface, for example. The transverse wavenumbers of the allowed scattering angles are given by

the following equations for a rectangular periodic lattice:

kxm = k0x +
2πm

a
(3.1a)

kyn = k0y +
2πn

b
, (3.1b)

where k0x and k0y are the Cartesian free space transverse wavenumbers of an incident wave, a and

b are the unit cell dimensions along the x- and y-axis respectively, and m and n are integers. The

transverse wavenumbers are taken from k⃗ = x̂k0 cos(ϕs) sin(θs)+ŷk0 sin(ϕs) sin(θs)+ẑk0 cos(θs),

where k0 is the free space wavenumber, and ϕs and θs are the azimuthal and elevation scan angles

of the incident plane wave using spherical coordinates. Equation (3.1) is a result of the periodic
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boundary requirement. Then, because the scattering from a periodic surface is a discrete spectrum

of plane waves, this means that there are only a finite number of incidence angles where one of the

reflected plane waves will be in the backscatter direction. Those angles are given by the following

formulae

θi = arcsin

(
λ

2

√(m
a

)2
+
(n
b

)2)
(3.2)

ϕi = arctan
( na
mb

)
, (3.3)

where λ is the wavelength, and the angles are referred to as Bragg angles.

This observation allows us to better consider how big the unit cell should be. Ideally, we would

like to determine the radar backscatter from corn at any arbitrary angle. Perhaps the smallest

possible unit cell size would be 76×17 cm because of the row and inter-plant spacing. At 1.25 GHz,

this would result in a relatively small number of angles. If, instead, a spacing of approximately

2◦ between Bragg angles was desired, then that would require a larger unit cell size. That angular

resolution is achieved with a unit cell that is 152×136 cm in size, which corresponds to two corn

rows with about 8 plants per row. The locations of the Bragg angles for those two lattice sizes (at

least in the first octant of a unit sphere) can be seen in Fig. 3.4, where red points are the Bragg

modes for the 76×17 cm lattice, and yellow points are for 152×136 cm lattice. The unit cell

size could be increased to achieve a finer angular resolution if desired. This, of course, has to

be balanced with computational cost. It seems that the 152×136 cm size is a good compromise

between angular resolution and computational cost.

Having a larger unit size is where problems with the Floquet port excitation begin to crop

up. In HFSS, these ports can only handle 100 Floquet modes, including TE and TM modes.

This means that only a unit cell size of about 76 x 51 cm can be achieved because of the mode

limitation. The only way around this is to use a plane wave excitation. Using Floquet ports would

be preferred because one Floquet simulation calculates the response from both polarizations and

many incidence angles. With the plane wave excitation, however, a simulation must be run for
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Figure 3.4: Bragg angles in the first octant for 76×17 cm (red dots) and 152×136 cm (yellow dots)
rectangular lattices.

each polarization and incidence angle. This increases the computational burden, but it does allow

the problem to solved.

This last development is the final piece for summarizing the simulation methodology that will

be used: HFSS will be used to solve for fields within a computation domain defined by a unit

cell with periodic boundaries, a plane wave excitation, with the inside of the cell being filled with

plants and a soil layer. Now the plant and soil structure of the simulation can be discussed.
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Figure 3.5: High-level anatomy of a corn plant, with a labeled diagram (left) left and an example
plant (right).

3.2 Adapting Corn Plants for The Simulation Methodology

3.2.1 Corn Plant Description

There are several components that make up the structure of a mature corn plant, and they are

diagrammed in Fig. 3.5. The main plant components are the stalk, leaves, and ears. The stalk of a

mature plant can range in size from 1.2 to 4 m tall. Commercial plant varieties usually have one or

perhaps two ears per plant. There are also usually around 10 to 16 leaves on a mature plant.

There are several additional components on corn plants. Going from the top to the bottom of

the plant, tassels form the male reproductive part of the plant, producing pollen that will ideally be

dropped onto the silks of the ears, which make up the female reproductive organ. The glume are

leaf-like structures in the flowering cluster of the tassel that surround the male reproductive organ,

or stamen, which are made up of anthers and filaments. The spaces between leaves are known as

the leaf internodes, and the connection point of each leaf is known as a node. The stalk’s nodes
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usually exhibit a thicker and stiffer knot of plant material compared with the internodes of the stalk.

The nodes also exhibit a collar-like structure where the leaf sheath splits and folds over to form the

leaf. The ears of the plant produce kernels and also have silks and ear wings. Each kernel of an ear

is connected to a silk, and that silk must be pollinated in order for the kernel to fill and mature. The

leaves of the plant usually alternate which side of the plant they grow on. Each leaf contains a stiff

spine along its length. A tiller is a separate stalk that grows from the base of the main stalk and

is often seen as a nuisance since it diverts nutrients away from the main stalk. Finally, the stalk is

supported by roots and brace roots. The brace roots radiate out above the soil line near the bottom

of the stalk and help provide extra stability for the plant.

After considering the structure of corn, it was decided that the stalk, leaves, and ears would be

the primary contributors to microwave scattering. This is because the tassels contain very little

biomass and would probably contribute very little to the backscatter. Tillers were also ignored

since they are usually removed if possible. Ear silks were also ignored because, like the tassel,

they contain very little biomass and would likely not contribute much to the backscatter as well.

3.2.2 Electromagnetic Representation of Corn Components

The next task was to determine how to represent each of the main components of a corn plant—the

stalk, leaves, and ears—in a full-wave electromagnetic simulation. The main aims to satisfy would

be maintaining structural and electromagnetic accuracy.

Most biological material can be classified as a dielectric to characterize its interaction with

electromagnetic waves. Thus, it is important to assign a realistic value of permittivity to the stalk,

leaves, and ears. It would also be helpful if the permittivity could be derived from a quantity that is

easier to measure than the dielectric constant. These needs were recognized by researchers some

time ago, and the work of Ulaby and El-Rayes provides an empirical formula that can relate the

gravimetric moisture content of plant material to its permittivity [145]. The gravimetric moisture

content is defined as the weight of water in the plant divided by the total weight of water and plant

material. Their work was also based on experiments with corn plants, so their formula is likely to
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be a good approximation for the permittivity of a corn plant. Their formulation is given below in

(3.4).

ϵv = ϵr + vfϵf + vbϵb (3.4a)

ϵr = 1.7− 0.74mg + 6.16m2
g (3.4b)

vf = mg(0.55mg − 0.076) (3.4c)

ϵf = 4.9 +
75

1 + jf0/18
− j

18σ

f0
(3.4d)

vb =
4.64m2

g

1 + 7.36m2
g

(3.4e)

ϵb = 2.9 +
55

1 +
√
jf0/0.18

(3.4f)

σ = 1.27 (3.4g)

Here, ϵv is the permittivity of plant material, and it is made up of a nondispersive residual com-

ponent ϵr, a free-water component vfϵf where vf is the volume fraction of free water and ϵf is

its permittivity, and a bound-water vegetation component vbϵb where vb is the volume fraction of

bound water and ϵb is its permittivity. The additional variables are the gravimetric moisture con-

tent mg, the observation frequency in GHz f0, and the ionic conductivity of aqueous solutions in

siemens per meter σ. Exemplary plots of how the permittivity changes versus moisture content are

shown in Fig. 3.6.

Th relationship from Ulaby and El-Rayes in [145] allows individual dielectric constants for

the stalk, ear, and leaves to be determined from their individual gravimetric moisture contents. It

should also be understood that the formulas in (3.4) may not always be correct. Work by Sharma

et al. has shown that the above formulas can overestimate the permittivity of tissue in corn plants

[131]. They also noted that the plant’s tissue at the nodes and internodes is different. Internodes

typically have less moisture than the nodes do. This leads to a roughly periodic dielectric profile in

the stalk. Again, Sharma et al. showed that an appropriately selected, uniform dielectric constant
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Figure 3.6: Change in vegetation dielectric constant versus gravimetric moisture and frequency.

can still adequately model scattering from the stalk [131]. With these limitations in mind, the

formulas from Ulaby and El-Rayes will be used to specify the dielectric properties of the corn

plant’s components. What remains is to determine how to model the structure of each corn plant

component.

The stalk of a corn plant can be represented by a straight, tapered cylinder or cylindrical frustum.

The stalk does develop bends as it matures at the nodes near where the ears develop, however much

of the stalk remains straight and upright. The leaves on a corn plant are geometrically complex

with curves and ruffles. They are also quite thin at around 200 µm. This can present a problem in

an FEM simulation where an excess number of elements may be used to mesh a thin leaf. Thus,

we use an approximation for the leaves by representing them as a surface, rather than as a volume.

This can be done because of work by Senior et al. [129]. This approximation treats the leaf as an

infinitesimally thin resistive sheet, where the sheet resistance or impedance is given by

Zsheet =
−jη0

kτ(ϵr − 1)
, (3.5)

where η0 is the free space impedance, k is the wavenumber, τ is the leaf thickness in meters, and ϵr

is the relative dielectric constant. Taken to the extremes, an impedance of zero effectively operates

as a perfect conductor, while at an impedance approaching infinity, the leaf ceases to exist.
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Figure 3.7: HFSS simulation illustration of backscatter from a thin leaf.

A leaf’s backscatter can be given in a closed-form expression with the impedance sheet approxi-

mation using a Physical Optics (PO) approach. Given below are the expressions for the backscatter

from a rectangular sheet with width a and height b as a function of the incidence angle θ as derived

in [129].

σE,H(θ) = |ΓE,H |2σpec (3.6)

ΓE =

(
1 +

2Zsheet

η
cos θ

)−1

(3.7)

ΓH =

(
1 +

2Zsheet

η
sec θ

)−1

(3.8)

σpec = 4π

[
ab

λ
cos θ sinc(ka sin θ)

]2
. (3.9)

An exemplary comparison between the PO approach and a full-wave simulation in HFSS gives a

sense for how well this approximation works. This was done for a rectangular leaf with a = 16

cm, b = 20 cm, τ = 200 µm, ϵr = 29.5 − j9.41, and Zsheet = 751 − j2275 Ω at an observation

frequency of 1.25 GHz. The simulation setup is indicated by Fig. 3.7, where k̂i, v̂, ĥ are the unit

vectors for the incident wave, vertical, and horizontal polarizations, respectively. The results of

the comparison are shown in Fig. 3.8. It can be seen that the PO and full-wave solutions are in

excellent agreement for most of the incidence angles considered.
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Figure 3.8: Backscatter from a thin leaf as simulated with HFSS and a physical-optics (PO) ap-
proximation for vertical (left) and horizontal (right) polarizations.

3.2.3 Geometric Representation of Corn Components

3.2.3.1 Leaves

The structure of the leaf is specified with 3-5 variables that are illustrated in 3.9a: total leaf length

(length 1 + length 2), leaf width, and the leaf’s angle with respect to the stalk (angle 1). Leaves can

exhibit a bend near the end of the leaf. In such cases, the length from the stalk to the bend is length

1, the length from the bend to the leaf’s tip is length 2, and angle 2 is used to specify the bend’s

angle. The leaf structure is specified in HFSS in several steps: (1) create two equation-based lines

that form the side edges of the leaf, (2) connect these curves with the surface “connect” function,

and (3) add two half-circles to the back to emulate the leaf collar.

The first step is accomplished by defining each edge as a parametric function that is given by

x(t) = L
(
α4t

4 + α3t
3 + α2t

2 + α1t+ α0

)
y(t) = ∓128W

81

(
t− 1

4

)4

± W

2

z(t) = ±A sin

(
2πt

L

Tw

)
+ L

(
β4t

4 + β3t
3 + β2t

2 + β1t+ β0

)
0 ≤ t ≤ 1,
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(c) Top-down view of leaf edges for a flat leaf.

Figure 3.9: Diagrams of leaf measurements and CAD design.

where W is the leaf width, L is the leaf length, A is the amplitude of the ruffles on the leaf edges,

Tw is the period of the leaf ruffles, and the α and β coefficients are yet to be determined. The ±

or ∓ in the y- and z-coordinates indicate that two lines are required. If there is no bend present on

the leaf, then all the coefficients are zero except α1, which is one. The equations for this case are

given below.

x(t) = Lt

y(t) = ∓128W

81

(
t− 1

4

)4

± W

2

z(t) = ±A sin

(
2πt

L

Tw

)
.

If there is a bend, though, a least squares approach is used to determine the coefficients α and β.

This is done by using several guiding points for the least squares fitting. This is illustrated in Fig.

3.9b, where blue circles indicate the guide points, and the resulting leaf edge is shown in red for a

leaf where L1 = 30, L2 = 20, and the bend angle θb = 50◦ (or angle 2 in Fig. 3.9a). The guide
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points for the parameter t and the x and z locations are dynamically defined based on the leaf’s

specifications with the following vectors

t = 1/L ∗ [0, 0.125L1, 0.333L1, 0.667L1, L1, L1 + 0.333L2, L]
T

x0 = L1 + L2/3 cos(θb)

x1 = L1 + L2 cos(θb)

x = [t0, t1, t2, t3, t4, x0, x1]
T

z0 = −L2/3 sin(θb)

z1 = −L2 sin(θb)

z = [0, 0, 0, 0, 0, z0, z1]
T ,

where boldface type indicates a vector and L = L1 + L2. The width of the leaf varies by the 4th

power along its length such that it reaches the nominal width one-quarter of the way along the leaf

(t = 1/4), is slightly narrower at the beginning (t = 0), and tapers to 0 at the tip. This is illustrated

in Fig. 3.9c for a flat leaf with a width of 10 cm. Finally, the ruffles are 180◦ out of phase between

the left and right edges. The ruffle period Tw is nominally 30 cm, but this is adjusted when the leaf

model is generated such that there are an integer number of half-cycles along the length of the leaf.

3.2.3.2 Ears

The geometry for the corn ears is based on measurements of ear length and radius. The shape of

the ear is defined heuristically with an approximate shape that can then be scaled to fit the length

and radius requirements. The shape is a body of revolution around the z-axis, and its outline is

given by

z = Lear[0, 0.15, 0.17, 0.19, 0.23, 0.48, 0.83, 0.93, 0.98, 1.00]
T

x = ±rear[0.4, 0.6, 0.8, 0.95, 1, 1, 0.85, 0.7, 0.4, 0.1]
T .
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Figure 3.10: Ear outline.

This outline is illustrated in Fig. 3.10 for an ear 30 cm long with a 2.5 cm maximum radius.

3.2.3.3 Stalk

The stalk is based on measurements of stalk length, bottom circumference, and top circumference.

These measurements are then used to define a frustum for the stalk’s shape.

The CAD models for the stalks, leaves, and ears of a corn plant are each created first in HFSS

with templates, and the resulting CAD model is exported and saved. A corn plant is then assembled

from the previously created components. Each piece is sized, oriented, and located in accordance

with the angles and positions defined by the plant dataset from the University of Florida.

3.2.4 University of Florida Dataset

Information on the geometry of each plant component is provided by a dataset from the University

of Florida [62]. The dataset lists each component and its measurements as found on real corn

plants over the course of a complete growth cycle. Each component was captured at specified days

since it was planted, or the DAP. For the stalk, this would include height and top and bottom

circumferences. For the leaves, this would include leaf height, width, length 1, angle 1, and length

2 and angle 2 if there is a bend present. If an ear was present, then its height (position on the stalk),

length, radius, and angle from the stalk were recorded.

The entries from each of these items was then organized into a dataset that could be analyzed

for relationships between measurements and the DAP, as well as with respect to the measurements

of other plant components. This analysis is captured in Figs. 3.11–3.13. The surface plots show
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versions of the data that have been smoothed from the original. The solid lines in those plots (where

applicable) indicate the average value for that quantity, while the shaded area shows one standard

deviation away from the average. The DAP of each measurement is indicated with circular markers

because measurements were not taken every day. For the 3D plots, the average value is given by

the surface in solid colors, and the deviation is indicated by the lighter, transparent surfaces. All

the surface plots use the DAP or the normalized height of the plant component (norm. h) as the

independent values. The normalized height of a plant component describes where it is on the stalk,

with 0 being at the bottom, and 1 at the top. To illustrate how this is used, consider Fig. 3.12b,

which shows the total leaf length. This surface indicates that the longest leaves (about 80 cm) start

appearing around DAP 60 and occur about halfway up the stalk. The normalized leaf separation

in Fig. 3.12a is also with respect to the height of the stalk. Figure 3.12e is the only surface plot

without an indication of the deviation. This is because the bend probably was calculated by taking

the number of leaves with a bend at a particular DAP and height on the plant, and then dividing

it by the total number of leaves at that DAP and height. The stalk radius in Fig. 3.11b shows the

average of the stalk’s top and bottom radii, and the stalk aspect ratio in Fig. 3.11c shows the ratio

between the top and bottom radius.
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(a) Stalk height.
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(b) Stalk radius.
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(c) Stalk aspect ratio.
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(f) Number of leaves at the top of the stalk.

Figure 3.11: Corn stalk metrics versus the DAP based on data from the University of Florida.
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(a) Separation between leaves. (b) Total leaf length.

(c) Leaf width. (d) Leaf first angle from stalk.

(e) Probability of a bend in a leaf. (f) Length of bent portion of leaf.

Figure 3.12: Metrics for corn plant leaves versus the DAP based on data from the University of
Florida.
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(a) Leaf bend angle.
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(c) Ear length.
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(d) Ear radius.
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(e) Ear angle vs DAP.

Figure 3.13: Metrics for corn plant leaves and ears versus the DAP based on data from the Univer-
sity of Florida.
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Figure 3.14: Soil texture diagram from [27].

The data from each of those figures can be used to generate realistic CAD models of the corn

plant components and to assemble those components together to make a realistic, data-based corn

plant.

3.3 Soil Model

Like the plant model, the model used for the soil includes (1) the dielectric properties of the soil

and (2) a 3D CAD model of the soil surface. Each of these are explained below.

3.3.1 Soil Dielectric Constant

The dielectric constant of soil is driven by its material composition. A major component of that

is any water dispersed in the soil since water has a very high dielectric constant at microwave

frequencies. The water content or SMC is also a quantity that can rapidly change. The other major

components of soil that are important for describing its texture and composition are its clay, silt,

and sand content. These soil components are categorized based on soil particle sizes, where clay

includes grain sizes from 0-2 µm, silt includes 2-50 µm grains, and grain sizes of 50-2000 µm are

classified as sand. There are 12 different soil texture classifications in the US that are based on the
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(a) Real soil permittivity.
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(b) Imaginary soil permittivity.

Figure 3.15: Permittivity for soil versus water content as formulated by Mironov et al. in [86].

relative composition of clay, silt, or sand in a soil [30]. These classifications can be organized as a

soil texture triangle as defined by the USDA and shown in Fig. 3.14.

The soil permittivity is specified using the formulas developed by Mironov et al. [86], which

relates the soil’s clay content and volumetric water content to the permittivity. The characteristics

of this formulation are shown in Fig. 3.15 for 1.25 GHz. It can be seen that increased clay content

lowers the real part of the permittivity, increases the imaginary part of the permittivity (more loss),

and of course wetter soils have a higher overall permittivity.

3.3.2 Soil Structure

The physical structure of a soil surface is very important for deriving its scattering characteristics.

Soil scattering falls under the consideration of scattering from rough surfaces. In the literature,

these surfaces (at least for soil) are represented by a zero-mean Gaussian process where the height

of the soil at any point along its surface is given by z(x, y) ∼ N (0, h2
rms), where N indicates a

normal distribution with mean 0 and variance h2
rms. The heights of two adjacent points are related

by the correction function, which usually depends on the distance R between them for an isotropic

surface. This looks like ρ(z0, z1) = ρ(R), and there are a few choices for ρ(R) such as a Gaussian,
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Figure 3.16: A 1D profiles of soil surfaces: (top) a Gaussian rough surface with an exponential cor-
relation function, (middle) a furrow structure defined as a combination of sinusoids, and (bottom)
their summation.

exponential, or power correlation function. Typically, the correlation function of natural surfaces

can be approximated by the exponential or power correlation function. There is also a measure

called the correlation length lcorr that indicates how correlated adjacent locations are, and thus

how smooth the surface might be. The correlation length is defined as the distance where the

correlation equals e−1 for most correlation functions, but not all. A 1D example of a Gaussian

rough profile with an exponential correlation function is shown in the top subplot of Fig. 3.16.

Additionally, hrms = 2 cm and lcorr = 12 cm for that profile.

There can also be other structural features of the soil profile in an agricultural field besides

a random roughness component. Many fields undergo tilling that introduce parallel ridges and

troughs, or furrows, into the soil surface’s profile. This could be modeled by using a combination

of sinusoids, and this is shown in the middle subplot of Fig. 3.16 to represent the furrows. In that

example, the spacing between furrows is 76 cm, which is a typical row spacing for corn fields. A

random rough height component can also be added to the furrow profile to give a rough furrow

profile. That is shown in the bottom subplot of Fig. 3.16.

A Gaussian random soil profile can be straightforward to generate with the right software tools
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like MATLAB or NumPy and SciPy. There are a few aspects that must be carefully considered,

though. The MATLAB function mvnrnd makes it easy to make the soil profile. It can accept

two arguments mu and Sigma, where mu is a vector of average values and Sigma is a covariance

matrix. If one would like to create N random heights to make up the soil profile, then mu would

be a length N vector of zeros, and Sigma would be an N × N covariance matrix, where the

covariance will be defined based on hrms and the correlation function, which will mainly be a

function of the lateral distance between two different points.

The point that requires careful consideration is when using a function like mvnrnd to generate

profile heights that can then be used to define a mesh for a CAD model of the soil. The soil profile

must be sampled at discrete locations in order to do this. If the distance between sample locations is

too big, then the CAD surface profile will not have the desired correlation function characteristics.

This is very similar to the problem of Nyquist sampling of a time-domain signal like audio: the

sample rate has to be at least twice as much as the highest frequency in the audio.

3.3.2.1 Determining Sampling Period

The soil profile’s correlation function can also be characterized in the frequency domain using

the power spectrum of the rough surface, which is a scaled version of the Fourier transform of

the correlation function. The power spectrums W (k) for a Gaussian, exponential, and power

correlation function can be seen in Fig. 3.17, along with the associated correlation functions and

some 1D profile examples. Their equations are also given below.

Gaussian

w(r) = e−r2/l2

W (k) = l
√
πe−k2l2/4

Exponential

w(r) = e−r/l

W (k) =
2l

1 + k2l2

Power (x = 2)

w(r) =
1

(1 + r2/l2)x

W (k) =
πl

2
(|k|l + 1)e−|k|l

(3.10)

We note that each power spectrum has nearly infinite support over all spatial frequencies. This

means that there will be some amount of aliasing if we sample a rough surface with any of these
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Figure 3.17: Plots of the exponential, Gaussian, and power correlation functions, their associated
power spectrums, and 1D profile examples: exponential (top), Gaussian (middle), power (bottom).

power spectrums, and that will reduce how accurately a 3D mesh can represent the desired soil

surface. How much aliasing can be tolerated then?

To perhaps answer that question, consider a study by Chen et al. that discusses some analytic

rough surface models [23]. They derive an expression for the polarimetric scattering cross section

σ0
qp of a rough surface in equation (18), and it shows that σ0

qp is proportional to the power spectrum,

evaluated at a point in k-space that depends on the transverse incident and scattered wave vectors

k⃗s and k⃗i: σ0
qp ∝ W (n)(ksx − kix, ksy − kiy), where W is the power spectrum. In the case of

backscatter, this becomes W (n)(2kix, 2kiy), or W (n)(2k0 sin θi) if the power spectrum is isotropic.

Thus, if we take the specific case of a 1.25 GHz wave that is incident on the ground at θi = 60◦,

then the power spectrum will be evaluated at W (n)(45.38 rads/m). This means that the sampling
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Figure 3.18: Comparison of the power spectrum of a sampled, exponential surface with its ideal
spectrum, with ∆x = 5 cm (left) and ∆x = 2 cm (right).

period of the rough surface should be small enough so that the power spectrum of the sampled

surface at 45.45 rads/m is close to the ideal power spectrum of the surface. The radial spatial

sampling frequency is given by Ωs = 2π/∆x. Following the Nyquist rule, Ωs = 91 rads/m, and

∆x should at most be 6.9 cm between samples.

But this sampling period is only just enough to accommodate 45.38 rads/m, which means that

the power spectrum of the sampled surface will be evaluated at the spectrum’s edge where aliasing

effects will be greatest. Thus, a finer sampling period must be used. This is illustrated by Fig. 3.18,

where the average power spectrum of a 1D profile with a sampling period of 5 cm is compared to

another with a sampling period of 2 cm. The same surface statistics were used in each case: hrms =

1 cm, lcorr = 12 cm, an exponential correlation function, and a profile length of 2 m. The average

spectrums were computed using Bartlett’s method for spectrum estimation with 1,000 independent

spectrums. The average, calculated spectrums are shown in red, with the ideal spectrums without

aliasing shown in blue. The spatial frequency of interest 45.38 rads/m or 7.22 m−1 is shown as the

black, dashed line. It can be seen that the error due to aliasing in the 5 cm case is significant, and

in the 2 cm is very small. This shows that the sampling period can be chosen such that the sampled

rough surface’s power spectrum, on average, is very close to the ideal spectrum at the spatial

frequency of interest. It also shows that using the Nyquist criteria for determining the sampling
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Figure 3.19: Sample points along the x-axis of a 1D surface profile.

period is insufficient, at least for an exponential correlation function.

3.3.2.2 Creating a Periodic Surface

The other fine point about creating the soil profiles comes into play because of the periodic bound-

aries that will be utilized in the simulation method. This means that the generated rough surfaces

must also be periodic. How this can be done is considered in the following example. Let us say

that we restrict ourselves to a 1D surface profile and only consider eight sample points that we

need to determine the height for as shown Fig. 3.19. If we use mvnrnd, we need a vector of

means mu for each point and a matrix of covariances between each sample point C. The mean is

straightforward: it’s all zeros. The covariance matrix can be filled in a loop where each entry will

be given by (assuming an exponential correlation function)

dmn = |xm − xn| (3.11)

cmn = h2
rmse

−dmn/lcorr (3.12)

C =


c11 . . . c1N
... . . . ...

cM1 . . . cMN

 . (3.13)

Here, cmn are the entries of the 8 × 8 matrix, and dmn is the Euclidean distance between each

sample point. In the normal case, the shortest distance (besides 0) will be between adjacent points,

and will fill entries on the diagonals on either side of the main diagonal of the matrix. The longest

distance will occur between the end points, and this will fill the entries in the top right and bottom

left corners. Using the mu vector of zeros and C with mvnrnd will provide a random surface

profile with the desired characteristics, but it will not be periodic. How can this be adjusted so that

75



a periodic profile is obtained?

Notice that if the profile is periodic, then the endpoints are actually the same point. Also, point

x1 would only be separated by one sample from x7, rather than the nominal six samples. The

longest possible distance, then, would be 3, since the periodic distance of x1 to x4 is the same as

x1 to x5 because x1 and x8 are the same point. To reflect this observation, the distance between

points needs to be modified:

dmn = |xm − xn| (3.14)

d̃mn = min(dmn, L− dmn) (3.15)

c̃mn = h2
rmse

−d̃mn/lcorr . (3.16)

C̃ =


c̃11 . . . c̃1N
... . . . ...

c̃M1 . . . c̃MN

 , (3.17)

where L is period of the profile. It is possible to create periodic surfaces by extending this method

to 2D. Figure 3.20 shows an example of a periodic 2D surface, and Fig. 3.21a shows a 3D view

of a rough surface. Another consequence of having a periodic profile is that, like scattering, the

power spectrum is only nonzero for discrete spatial frequencies. And it turns out that the values of

these spatial frequencies, that of scattering and periodicity, are the same.

To see why this is, the power spectrum of a periodic surface is first derived as follows. In

1D, begin with the correlation function w(x) of a non-periodic surface such as the exponential

one. This can made periodic by first truncating it with a rectangular window of length L and then

convolving it with a pulse train of period L:

w̃(x) =
(
rect

(x
L

)
· w(x)

)
∗

∞∑
n=−∞

δ(x− nL). (3.18)

These steps are equivalent to convolving the power spectrum W with a sinc function and then
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(a) Single tile of a rough, periodic surface.
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Figure 3.20: A 2D version of a periodic rough surface.

multiplying it with another pulse train

W̃ (k) =

(
L sinc

(
kL

2

)
∗W (k)

)
· 2π
L

∞∑
n=−∞

δ

(
k − n

2π

L

)
. (3.19)

This last function is only nonzero for k = 2πn/L. When it comes to the allowed θi for backscatter,

that can be derived as follows for the 1D case.

Consider Fig. 3.21b, which shows an infinite array of periodically spaced scatterers along the

y-axis. The spacing between them is L. This array is illuminated by an incident plane wave with

wavevector k⃗i at an angle θi. It can be seen that the scattered waves from point 1 and 2 will

constructively interfere in the backscatter direction if the distance 2L sin θi is some multiple of a

wavelength, or 2k0L sin θi = 2πm. The expression 2k0 sin θi can be found in the argument of the

power spectrum W earlier in section 3.3.2.1. Rearranging the equation in terms of this quantity, we

obtain 2k0 sin θi = 2πm/L, which expresses the same valid k-space values as the prior derivation

for the spectrum of a periodic surface.
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(a) 3D view of a periodic rough surface.
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Figure 3.21: A 3D view of a rough, periodic surface (left) and a diagram of a plane wave incident
on an array of regularly-spaced points (right).

3.4 Plane Wave Equivalence Validation

Earlier, Section 3.1 explained that the Floquet port excitation for the periodic simulation was re-

placed by a plane wave excitation in HFSS due to the mode limit for a Floquet port. Making this

switch was tested by performing a simulation experiment to verify that both excitations would pro-

duce similar results. The experiment ran five random realizations of three different scenarios: 1) a

Floquet port excitation with a PML on the bottom, 2) a Floquet port with an impedance boundary

on the bottom, and 3) a plane wave excitation with an impedance boundary on the bottom. 3D

views of the plant and simulation structure for each scenario are shown in Fig. 3.22. A realization

was created by randomizing the orientations of each plant. The plant structure was also the same

across different scenarios. A flat soil layer 7 cm thick was also included in all simulations with

a permittivity of 19.4 − j0.9. The backscattering coefficient values from these simulations were

then calculated for ϕi = 0° and θi = 39.1344° and are compared in Table 3.1, where PML, Z, and

PLW are the labels for the first, second, and third scenarios respectively. The average backscatter

is also shown. It can be seen that the differences between the methods are less than 1 dB, except

for realization 4 of σ0
vh and realization 1, 3, and 5 of σ0

hv. These differences are small enough on
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Table 3.1: Comparing the backscattering coefficient of three simulation configurations to assess if
the plane wave excitation can replace the Floquet port excitation.

𝜎𝜎𝑣𝑣𝑣𝑣0 (dB)

Real. PML Z PLW
1 -1.26 -1.10 -1.11
2 -6.65 -6.66 -6.55
3 -5.76 -5.61 -5.51
4 -0.07 0.05 0.00
5 -1.88 -1.75 -1.80
Avg. -2.42 -2.30 -2.31

𝜎𝜎𝑣𝑣𝑣0 (dB)

PML Z PLW
-32.5 -31.6 -32.6
-29.0 -28.2 -28.9
-30.7 -30.7 -31.3
-27.6 -27.9 -29.6
-34.7 -34.6 -34.1
-30.2 -30.0 -30.9

𝜎𝜎ℎ𝑣𝑣0 (dB)

PML Z PLW
-32.5 -31.5 -33.1
-29.0 -28.2 -27.9
-30.6 -30.9 -32.9
-27.6 -27.9 -27.8
-34.4 -34.7 -39.4
-30.2 -30.0 -30.6

𝜎𝜎ℎℎ0 (dB)

PML Z PLW
-6.67 -6.61 -5.89
-4.56 -4.62 -4.21
-6.12 -6.10 -5.67
-5.44 -5.33 -4.69
-3.20 -3.15 -3.04
-5.02 -4.99 -4.57

average, though, that it is reasonable to replace using a Floquet port with a PML on the bottom

with a plane wave excitation and an impedance boundary on the bottom of the simulation domain.

3.5 Canopy Row Structure

Section 3.1 discussed some of the implications of using periodic boundaries to simulate the radar

backscatter from a field of corn plants. This section takes a closer look at some of the effects that

may be observed from a vegetation canopy with a regular structure like rows.

The physical structure and the material properties of corn plants are important for predicting

their backscatter coefficient. The physical relationship between plants, namely their physical lo-

cations, is also important because corn is usually found in large corn fields where the plants are

planted in relatively straight rows that are regularly spaced with a consistent number of plants in

each row. This creates a somewhat periodic 2D lattice that can display similar features as a strict

periodic lattice. One of these features is that the backscatter coefficient is not just a function of the

incidence angle with respect to elevation, as is often observed with scattering from natural terrain,

but it is also a function of the incidence angle with respect to the azimuth incidence. This feature

can be identified from the circular crop fields in Fig. 3.23, which shows a SAR image of σ0
vv taken

by NASA’s UAVSAR around July 2012 near the Rosamond dry lake in California, where illumina-

tion is coming from the bottom of the image. It is not known if these are corn fields, but assuming
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(a) Floquet port excitation, PML
termination.

(b) Floquet port excitation,
impedance termination.

(c) Plane wave excitation,
impedance termination.

Figure 3.22: 3D views of different simulation configurations to test replacing the Floquet port with
a plane wave.

the plants in these fields are planted in concentric, circular rows, then the azimuthal incidence an-

gle, with respect to the row direction, progresses from being parallel, to perpendicular, and back to

parallel again when scanning across a field. It can be seen that the backscatter is indeed a function

of the row direction with respect to the incident transmitted wave from the radar; it is brightest

when the rows are perpendicular to the wave. Another example of this can be seen in Stiles et al.,

with respect to wheat fields [137]. The specific scattering behavior is strongly influenced by the

spacing between plants in this case, and thus some simple analyses were carried out to characterize

these effects.

3.5.1 Row and inter-plant spacing characteristics

The spacing between rows in corn fields is determined by the equipment used for cultivation. The

most common row spacing is about 30 inches, or 76 cm. The nominal spacing between plants can
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Figure 3.23: Calibrated σ0
vv SAR image in dB taken by NASA’s UAVSAR of circular agricultural

fields near Rosamond dry lake, CA, using a slant-range projection, with illumination coming from
the bottom of the image.

vary from 16-20 cm, and it has a larger variance. This can be ascertained from some websites such

as R.L. Nielson of Purdue University [96] and also in-field samples. The inter-plant spacing was

measured between 94 different plants in a corn field to provide an insight into the plant spacing.

A histogram (in probability density) of the spacings between these plants can be seen in Fig. 3.24.

The mean spacing is 17.5 cm, while the standard deviation is 6.5 cm. As can be seen, though, the

distribution is not Gaussian. Much of the distribution resides between 12 and 20 cm, but a sizable

portion also exists beyond 25 cm. That region exists because of gaps in the row where a seed did

not get planted or none of the planted seeds grew. This distribution could be approximated with a

shifted Rayleigh distribution. This type of distribution is also compared with the sampled spacings

in Fig. 3.24. The shift amount and σ parameter of the Rayleigh distribution are provided in the

legend.

When building a simulation of a corn field with 3D models of plants, each plant in the simulation
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Figure 3.24: Sampled and potential spacing distributions.

Figure 3.25: Point locations (left) and a heatmap (right) of the backscattered power from those
points versus the incidence angle.

must have a location, and this is determined by the row and inter-plant spacing. Using an ideal

spacing rule of something like 76×17 cm is perhaps not the best representation of reality. The

spacing should be a little random. One way of doing this is to add a random offset with a uniform

distribution to a plant’s nominal location. Doing this causes the spacing between plants to have

a triangular distribution. If a random offset of -4 to 4 cm is added to the plant’s location along

the row direction, which has a nominal 17.5 cm spacing, then the inter-plant spacing’s distribution

will look like the triangle function (the yellow curve) in Fig. 3.24, whose limits and mode are also

given in the legend.

3.5.2 Effect of Plant Spacing on Backscatter

A simple analysis was performed to assess how the spacing between plants could affect the

backscattering behavior. This was done by taking a finite group of points and, assuming plane wave

illumination at 1.25 GHz, coherently adding the single-scattering reflections from each point. Each

point represented a corn plant’s location, and thus the nominal spacing between points was 76×17
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(a) Random rows. (b) Random inter-plant. (c) Both random. (d) Rayleigh inter-plant.

Figure 3.26: Illustration of point locations under different randomization schemes.

cm, and the group of points consisted of two rows with about 9 points per row. The total power

from the sum of the reflections was then calculated for many incidence angles, both in ϕi and θi,

so that a heatmap could be created that showed the angular distribution of the backscattered power.

The result of this process for an ideal scenario with strict spacing between all points is shown in

Fig. 3.25, where the left panel illustrates the point locations and the right panel shows a heatmap

of the backscattered power versus incidence angle. The backscattered power is also normalized.

The locations of the Bragg modes are evident at the bright spots along ϕi = 0° and the arc of bright

spots near ϕi = 90°. Sidelobes can also be seen, and the size or width of the bright spots depends

on the spatial extent of the group of points for which this process was applied to. Using more

locations (more rows and columns) would lead to narrower bright spots. This scenario highlights

the angle-dependent scattering behavior of a periodic lattice and what could be expected from an

ideally spaced field of plants. The goal of the analysis here, though, is to gain some insight into

how randomized plant locations might affect the backscattered power’s behavior versus incidence

angle.

Thus, the process above was followed for four additional scenarios. The first scenario only

randomized the points’ spacing between rows by adding a uniform, random ±4 cm to each point’s

x-location. One iteration of these locations can be seen in Fig. 3.26a. Additionally, the normalized

backscatter was calculated and averaged over 1,000 random realizations of point locations. The

results of this can be seen in Fig. 3.27a. Randomizing the row locations led to additional scattering

near ϕi = 0° in the areas that would normally be nulls in the ideal case. The second scenario only
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(a) Random rows. (b) Random inter-plant.

(c) Both random. (d) Rayleigh inter-plant.

Figure 3.27: Heatmaps of average, normalized backscattered power versus incidence angle for
each of the location randomization schemes.

randomized the inter-plant spacing by adding a uniform, random ±4 cm to each point’s y-location.

One iteration of this can be seen in Fig. 3.26b, and the backscattered power is shown in Fig. 3.27b.

It can be seen that the arc of Bragg modes around ϕi = 90° almost becomes washed out entirely,

and it appears that the average power has once again been spread over areas previously occupied

by nulls in the ideal case. This can be seen more strongly for the third scenario, where both the

row and inter-plant spacing are randomized by adding a uniform, random ±4 cm to the x- and

y-location of each point, and the points and their backscattered power are shown in Figs. 3.26c and

3.27c. The last scenario again randomizes the row locations with a uniform, random ±4 cm offset,

but the inter-plant spacing is determined by a shifted Rayleigh distribution with an offset of 6 cm

and with σ = 8.78 cm. The point locations and average backscattered power can be seen in Figs.

3.26d and 3.27d. It can be seen that the Bragg modes along ϕi = 0° remain intact, the arc of Bragg

modes around ϕi = 90° are completely washed out, and the few nulls still visible are shallow.

The main finding of this analysis is that non-uniform spacing between corn plants in a field can

significantly affect the distribution of the average backscattered power with respect to the incidence
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Table 3.2: Simulation parameters for the corn patch simulations associated with Fig. 3.28.

Parameter Value
Center frequency 1.25 GHz

Unit cell size 184 x 182 cm
Realizations 5
Soil moisture 5%
Soil Clay % 7.1

Soil dielectric 7 – 𝑗𝑗0.3
RMS height 1.5 cm

Correlation length 10 cm
Correlation function exponential

Parameter Value
Average stalk height 82.3 cm
Average stalk width 2.1 cm

Row spacing 92 cm
Inter-plant spacing 13 cm

Stem moisture 94.7%
Stem dielectric 49 – 𝑗𝑗14.7
Leaf moisture 86.7%
Leaf dielectric 42.1 – 𝑗𝑗12.8

Leaf Z 498 – 𝑗𝑗1594

angle. It is also possible for the Bragg modes associated with parallel illumination of the rows to

be completely wiped out. This indicates that the azimuth dependence of scatting from corn field

could be classified into three regimes: backscatter from looking across or perpendicular to the

rows, backscatter looking down or parallel to the rows, and backscatter from viewing the rows at

an oblique angle. The backscatter may not be a strong function of the azimuth incidence in the

latter two regimes. These characteristics may be borne out by the SAR image in Fig. 3.23, where

for a few of the fields, the backscatter is strongest when the fields are viewed at a presumably

perpendicular aspect relative to the row direction, and then relatively uniform outside of that.

3.5.3 Backscatter Behavior Versus Angle for a Small Patch of Plants

Finally, one last experiment was performed to better characterize the backscatter behavior of a

corn field versus incidence angle. This experiment used HFSS to calculate the backscatter at many

different incidence angles from a field of corn following the simulation methodology outlined

summarized earlier in this chapter and explained in Chapter 4. Five different random realizations

were used to estimate the average backscatter. Corn plants of medium size were used, and an

example of these can be seen in Fig. 3.28. Several relevant parameters for the simulation are

also given in Table 3.2. Unlike the previous analysis, the spacing between plants in this case was

nominally 92 × 13 cm, and a unit cell size of 184 × 182 cm was used. The position of the plants

was also randomized by adding a uniform random offset of ± 2 cm to the x-location (perpendicular
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Figure 3.28: HFSS corn patch simulation model (left) and heat maps of the average backscatter
(right) for σ0

vv, σ0
hh, and σ0

hv in dB, going from top to bottom.

to the row) and ± 4 cm to the y-location (parallel to the row). The plant spacing in this case also

changes the location of Bragg modes such that the arc of modes near ϕi = 90° in the previous

analysis are not present. The Bragg mode at ϕi = 90° is near θi = 67.4° and would thus not be

visible.

The results of these simulations are shown on the right side of Fig. 3.28 as heatmaps of

the polarimetric backscattering coefficients σ0
vv, σ0

hh, and σ0
hv, going from the top to the bot-

tom. The Bragg angles associated with this size of unit cell are indicated by red circles on top

of the heatmaps: with periodic boundaries, it’s only possible to have a scattering component in

the backscatter direction at these locations. The backscattering coefficients at other incidence an-

gles were approximated by interpolation, using the “natural” interpolation method in MATLAB’s

griddata function. The Bragg modes present from the row spacing can be seen around ϕi = 0°,

with σ0
vv generally being more prominent. The backscatter level between 30° ≤ ϕi ≤ 105° is also

relatively constant. It’s interesting to note that there is not much cross-pol power at the Bragg
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modes visible in the co-pol maps. The results again show that the backscatter can be quite strong

when observing a corn field across its rows, and weaker but more consistent at oblique angles.
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CHAPTER 4

Full-Wave Numerical Scattering Model for Corn

4.1 Introduction

Corn, or maize, is a widely grown crop around the world. Corn made up 28% of the harvested land

in 2017 in the U.S. alone and had a market value of $51.2 billion [98]. Many experiments have

used microwave radar to study corn fields to see if soil moisture (SM), vegetation water content

(VWC), biomass, or growth stage can be measured [144, 61]. These parameters are important

because of their roles in the water and carbon cycles, but they could also help growers employ

efficient irrigation strategies and predict crop yield [149, 41, 20, 66]. Radar is generally a valuable

sensor because of its ability to operate in most weather and lighting conditions. Radar on satellites

like SMAP [38] or NISAR [160], whose launch date is under review at the time of this work’s

writing, also make it possible to globally monitor agricultural fields. Accurately estimating SM or

growth stage requires a scattering model that links those quantities with the backscatter measured

by a radar. Corn has historically been a difficult plant to model because of its large electrical size

and dense, structured canopy.

In general, scattering models for corn can be classified into four types: coherent, single scatter-

ing theory (SST) models based on the distorted Born approximation [22, 89, 131, 146], incoherent

methods using radiative transfer (RT) theory [131, 124], semi-empirical models [54, 78, 60, 12],

and hybrid strategies that utilize results from numerical methods [106, 49]. Each of these models

have their respective weaknesses and strengths.
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Approaches based on SST and RT are computationally efficient because they use ideal canonical

shapes that have analytical scattering solutions like cylinders and ellipsoidal disks to represent

plant components like stems, branches, and leaves. They also typically ignore near-field multiple

scattering effects. Single scattering theory and radiative transfer models differ from each other in

that SST attempts to maintain coherent effects, while RT ignores phase and only calculates power

transfer. Both methods also require a list of ancillary data to make realistic predictions. Semi-

empirical methods are more straightforward to develop, but they can be difficult to generalize.

Hybrid methods are newer and require more computer resources. They may also be more accurate

than the other approaches because they use full-wave electromagnetic solvers such as the method

of moments (MoM) or the finite element method (FEM) to compute scattering from one plant, or a

part of one. Hybrid methods have only recently been explored, with SST and RT based approaches

making up the majority of research efforts with regard to scattering from corn.

Ulaby and Bush [144] made early scatterometer measurements of corn. They used their results

to make a semi-empirical model that correlated the radar backscatter coefficient σ0 with a unique

descriptor of plant development called the “normalized plant water content,” but for frequencies

between 8−18 GHz. Ulaby also developed another simple model for the phase difference [146],

which was later validated by Barber et al. [12] using SMAPVEX12 and ALOS-2 corn field scat-

tering data. Based on that model, Barber et al. showed that the phase difference is most sensitive

to the stalk height and the angle of incidence.

Several works highlight the importance of accurately representing the geometry of a scatterer

(corn plant) with the fundamental scattering elements used in the model. The Michigan microwave

canopy scattering model (MIMICS) was an early effort to model radar backscatter by represent-

ing the geometry of forests more accurately than its predecessors [147]. Sarabandi et al. [124]

also developed an early model for predicting wave transmission through a corn canopy by using

an ABCD matrix approach and restricting the analysis to a 2D scattering scenario. Their model

agreed well with measured data for vertical polarization, but not horizontal polarization due to the

incorrect orientation of the leaf elements in the model. Another early SST-based model was created
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by Chuahan et al. [22]. They made detailed measurements of plant components like stalk and leaf

sizes to use as inputs to calculate the average scattering. Their results indicated sensitivity to the

model’s representation of the stalk, and they suggested that a refinement of it may be necessary.

Although they did not work with corn, Lin et al. [73] developed a coherent scattering model for

trees that was also based on SST, and it used a unique tree architecture generator based on frac-

tal Lindenmayer systems. They found the structure had a significant effect on the extinction and

scattering profiles of the generated trees.

More recent work by Monsivais-Huertero et al. [89] also shows that the geometrical represen-

tation of a corn plant is important. They attempted to reflect a corn plant’s changing structure

over the course of a growing season. The growth was accounted for using a generative algorithm

that modified individual scatterers appropriately according to the time of the growing season. The

algorithm also put vegetation scatterers in a periodic arrangement in accordance with the row-

structure. The model was validated against data from a ground-based L-band scatterometer. Their

results showed improved accuracy over a model with randomly-placed scattering elements.

Researchers have also found that multiple scattering effects can be significant for scattering

from vegetation. Sarabandi et al. [122] used dielectric cylinders to represent a stalk canopy and

applied analytical methods for calculating interactions between adjacent stalks up to 2nd order

without appealing to SST, which were used in a Monte-Carlo simulation and RT approach. They

verified that the RT approach was not accurate outside of its region of validity, such as when the

medium is dense and near-field interactions become important, which is true for corn. Additionally,

Oh et al. created a model that could be used for scattering from rice fields [100]. They used an

impedance surface to represent the ground that allowed them to obtain the exact half-space Green’s

function. The problem could then be solved using the method of moments (MoM). They found

that the cross-polarized backscatter is significantly influenced by multiple scattering.

Soil roughness is another important feature that studies seek to account for. Chiu et al. [26]

developed an SST-based model for soybeans and included interactions between stems and a rough

soil layer. They compared their simulation with measured data at L-band and C-band. They found
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that the stem and rough soil interaction could significantly impact the cross polarization scattering

at L-band.

Many investigations indicate that the azimuthal incidence angle is important for scattering from

vegetation with row structure, as is seen for many agricultural crops. Stiles et al. [135] formulated

a model for scattering from grasslands that used SST, accounted for the non-uniform illumination

of plant components, and addressed periodic rows of grasses that can be found for cultivated plants

like wheat. Their model and experimental data [137] showed that the backscatter is significantly

affected by the illumination angle with respect to the row direction. More recently, Sharma et al.

[131] investigated corn backscatter at L-band over a growing season using ground-truth data and

two models: one based on SST, and a second based on RT. They used a ground-based scatterometer

that scanned across a field from -60° to 60° to collect experimental data, where 0° looked across

the rows. They found that the backscatter from azimuth incidence angles less than ±16° was

significantly stronger than from the other angles. Bouchat et al. [17] also observed different values

of σ0 from corn when viewing it across and parallel to the rows.

It is perhaps no coincidence that SST- and RT-based scattering models are prevalent and well-

developed. For early researchers, computationally efficient models were desirable because of the

relatively limited computing resources available. Since then, computing technology has progressed

enormously, and the prevalence and capability of high performance computing (HPC) systems has

been spurred on by applications like machine learning (ML). The current wealth of computing

resources provides today’s researchers the opportunity to investigate vegetation scattering models

with numerical methods.

Some of the most recent work with numerical methods has been conducted by Gu et al. [49].

Their approached used a two-step method, where in the first step, the T-matrix of a single plant

was derived using results from a full-wave numerical solver. In the second step, multiple scattering

effects were accounted for with the calculated T-matrices and with the Foldy-Lax multiple scatter-

ing equations. The approach was applied to wheat plants, and the results showed good agreement

with large full-wave simulations. Applying the same approach to corn may not be straightforward
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because of overlap between plants in a corn field. Adaptations of the approach for corn have been

investigated [45].

The current research on radar scattering models for corn and vegetation make it apparent that

a good model for corn ought to include an accurate representation of the plant’s geometry, ac-

count for multiple scattering effects, be able to incorporate a rough-soil surface, and handle the

periodicity present in a corn canopy.

The goal of this work is to present a method for accurately predicting backscatter from corn

that is based on a full-wave electromagnetic solver. Recent advancements and easier access to high

performance computing (HPC) may alleviate the high computational cost of this approach. Ideally,

the simulation should be able to (1) faithfully represent the plant’s geometry, (2) accurately account

for interactions among plant constituents and other adjacent plants, (3) account for interactions

between the plants and the soil surface, and (4) reflect the row structure of the canopy. The novelty

of the proposed method lies in the fact that it is a computationally tractable full-wave simulation

that uses accurate, data-based 3D models to represent the vegetation’s structure. A high-fidelity

simulation like the one presented here will lead to an increased understanding of corn’s scattering

characteristics. This work utilizes real-world synthetic aperture radar (SAR) data to validate the

simulation’s accuracy.

This work is organized as follows. The next section describes how the model works and some

of its limitations. The third gives an overview of the SAR dataset that was used for validation.

The fourth compares predictions of the radar backscatter coefficient with SAR data and an SST-

based model to evaluate the simulation. The fifth section discusses some of the results from that

comparison, while the sixth section draws conclusions with suggestions for future research.

4.2 Scattering Model Description

The scattering simulation for a corn field has two major parts: 3D CAD models of corn plants and

an FEM-based electromagnetic solver. We used the commercially available ANSYS HFSS for the
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Figure 4.1: Samples of corn plant geometries based on field measurements for four growth stages.

electromagnetic solver.

4.2.1 Plant 3D CAD Model

The University of Florida collected geometrical information from corn plant samples in 2016 and

2018 at Citra, Florida in order to create realistic 3D plant models. These measurement efforts

were also carried out in connection with the Delft University of Technology. They were done by

taking plant samples from a corn field throughout the growing season and making measurements

of their geometry. For each plant sample, they measured the following quantities: stem height,

stem circumference at the top and bottom of the plant, leaf starting height, leaf length, leaf width,

angle between the stem and leaf, angle of the leaf tip, ear starting height, ear length, ear maximum

circumference, and the angle between the stem and the ear.

Based on these measurements, they developed a computer program which can automatically

generate corn plant CAD models. The program can use the measurements from 2016 and 2018 as

inputs to generate 3D CAD models for each plant. An example of what individual plants look like
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can be seen in Fig. 4.1. These 3D CAD models represent the more substantial components of a

corn plant. Plant components like tassels, nodes, internodes, and ear husks are not included in the

plant’s geometry because their effect would likely be small and would unnecessarily increase the

computational cost. These data-based CAD models provide the starting point for calculating the

radar backscatter from a corn field.

4.2.2 Electromagnetic Analysis

The programmatically generated plant CAD models are electrically analyzed via FEM in HFSS.

An overview of the simulation configuration can be seen in Fig. 4.2. The size of the computational

domain is large compared to the illuminating wavelength, and it is also large enough to include a

couple rows of plants in order to capture some of the randomness present in a corn field. Periodic

boundary conditions are applied to the front, back, left, and right boundaries of the computational

domain. This type of boundary effectively replicates the structure inside the unit cell to create

an infinite periodic structure. This was done to (1) limit the size of the computational domain,

(2) to include multiple-scattering effects among plant constituents and adjacent plants, and (3) to

avoid edge diffraction effects, which exist in simulations with a finite ground-plane. The top of the

domain is terminated by a perfectly matched layer (PML) to absorb scattered energy. A dielectric

slab, which can be given a rough top surface, represents the soil layer and is located below the plant

canopy to account for soil-plant interactions. The bottom of the soil layer was originally terminated

with another PML, but simulation results showed a significant reflection at the soil-PML boundary.

To address this issue, the bottom of the computational domain is assigned an impedance boundary,

which results in only a very small reflection from the bottom of the domain.

The simulation is also configured so that the structure is excited by a plane wave. This exci-

tation requires that the scan direction, or phase delay, between periodic boundaries matches the

propagation delay of the incident wave. An iterative solver was chosen for the matrix inversion

due to the sparse nature of the FEM stiffness matrix. The delta energy convergence criteria used

for the adaptive meshing was set to 0.025 J/J, which is higher than a preferred value of 0.008
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Figure 4.2: 3D view of the electromagnetic simulation. Periodic boundaries (PRB) are applied to
the left, right, front, and back sides of the simulation domain. A PML boundary is used on the
top, while an impedance boundary (ZB) is used on the bottom of the soil layer. The soil layer is a
dielectric material that is shown in brown near the bottom.

J/J. This was done to reduce the computation cost and only had a small effect on the convergence

of the results. The large electrical size of the simulation domain produces a large mesh, which is

susceptible to dispersion errors. However, HFSS uses tetrahedral finite elements that have been

shown by Wu et al. to exhibit lower dispersion errors because of phase error cancellation [156].

Based on the findings from Wu et al., the maximum phase error of simulations in this work may

be below 5°.

Predictions of the backscatter coefficient σ0 are produced by setting up the plant geometry with

the correct material parameters and simulating it at an appropriate incidence angle. This is done for

multiple random realizations of plant geometry, which is explained more below. The monostatic
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radar cross-section (RCS) is then calculated using the scattered fields from the top surface of the

computational domain. The ensemble average of the calculated RCSs from each realization is then

divided by the area of the unit cell to produce an estimate of σ0.

The simulation configuration described above with the data-based 3D plant models is the main

contribution of this work. While the configuration is not complicated, it is also not obvious. There

were a few issues that had to be addressed such as including soil interactions, how many plants to

include while keeping the computational cost down, and how large of a period should be considered

with the periodic boundaries. The answers to these issues are not obvious, and thus the simulation

configuration is a novel, balanced solution.

4.2.2.1 Implications of Periodic Boundaries

Using periodic boundaries in HFSS means that the field distributions on corresponding sides of the

computational domain will have the same magnitude, but different phases. For example, the left

and right sides of the computational domain are parallel to the xz-plane. If the electric fields on

these sides are considered, then the periodic boundary condition is

E⃗right(x, y0 + Ly, z) = E⃗left(x, y0, z)e
−jϕ, (4.1)

where ϕ is an additional phase factor and Ly is the unit cell’s length along the y-axis. HFSS allows

this phase factor to be specified. For incident-wave simulations, it is the same as the phase delay of

the incident wave traveling across the unit cell. Thus, if the incident wavevector is k⃗ = (kx, ky, kz),

then ϕ = kyLy.

With periodic boundaries, the simulation configuration will essentially calculate the scatter from

a 2D periodic surface made up of the unit cell. Scattering from such a surface is made up of a

discrete angular spectrum of plane waves whose wave vector components are given by
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kxmn = k0x +
2πm

Lx

(4.2)

kymn = k0y +
2πn

Ly

(4.3)

kzmn =
√

k2
0 − k2

xmn − k2
ymn, (4.4)

where a rectangular lattice is assumed, k0x and k0y are the transverse components of the incident

wave, m and n are integers, and Lx is the length of the unit cell along the x-axis. A scattered plane

wave is evanescent if kzmn is purely imaginary.

Backscatter from a 2D lattice only occurs for specific incidence angles or Bragg modes given

by

θi = arcsin

λ

2

√(
m

Lx

)2

+

(
n

Ly

)2
 (4.5)

ϕi = arctan

(
nLx

mLy

)
, (4.6)

where λ is the free space wavelength. Ideally, we would like to obtain backscatter estimates for

arbitrary incidence angles. To help accommodate that, the number of possible scattering angles

can be increased by increasing the size of the simulation domain or unit cell. This allows the

backscatter to be calculated at a large number of angles, and perhaps interpolated for non-Bragg

incidence angles.

4.2.2.2 Plant Component Representation and Material

The plant geometry has three primary components: a stem, leaves, and one or two ears. The stem

is represented with a dielectric circular frustum, the ears with dielectric ogives, and the leaves are

simply represented as resistive sheets. Electromagnetically, the leaves are replaced with impedance
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boundaries. This simplifies the computation by reducing the size of the mesh needed for the

simulation. It is an approximation that is justified because leaves are often very thin (about 200

µm) with respect to the wavelength (∼24 cm at 1.25 GHz). Senior et al. [129] and Sarabandi

[116, p. 310] have also demonstrated that using an impedance-surface to model scattering from

leaves agrees well with real-world measurements. Their formulation was used with an ejωt time

convention to calculate the appropriate impedance based on the leaf’s permittivity and thickness:

Zsheet =
−jη0

k0τ(ϵr − 1)
. (4.7)

Here, η0 is the free space impedance, k0 the free space wavenumber, τ the leaf thickness, and ϵr the

relative permittivity. The dielectric constant of the leaves, stem, and ears were determined using

the relationship developed by Ulaby et al. [145], which relates the gravimetric moisture content

mg to the dielectric constant.

The structure of each plant is defined by the programmatically generated CAD models that are

in turn based on measurements taken from real plants. However, the placement of a plant and its

orientation in the simulation can be specified. Because of this, we applied a uniformly distributed

random tilt with respect to the vertical axis of ±2° or ±3° to each plant in a random direction

between 0° and 360°, along with a uniformly distributed random rotation of the plant between 0°

and 360°. The physical location of the plant in the simulation was also randomized with respect to

the nominal spacing between plants. Corn plants are typically planted with 20 cm between plants

and 76 cm between rows. The plant locations were randomized by putting plants at their nominal

locations determined by the spacing and then adding a uniformly distributed random offset of ±2

cm to the plant’s location across rows, and ±4 cm to its location along a row. Additionally, there

are typically several different CAD models of the plant to choose from for one stage of growth.

The CAD model was also randomized with respect to which CAD model was used at each plant

location among the available models for one growth stage. This randomization process is important

for creating independent realizations of the plant structure used in the simulation, while keeping
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the material permittivities constant.

4.2.2.3 Soil Representation and Material

The soil layer was represented with a dielectric substrate, which is the brown portion of the sim-

ulation structure seen in Fig. 4.2. The soil can be given a rough profile to model the rough soils

typically seen in agricultural fields. The dielectric constant of the soil layer was estimated using

the model from Mironov et al. [86] that relates volumetric moisture mv to dielectric constant. It

was assumed that soil moisture was constant as a function of depth, which is reasonable as long as

the moisture profile is continuous [120].

4.2.2.4 Balancing Model Computational Cost and Accuracy

Because of this model’s high computational cost, it is important to quantify the relationship be-

tween computer resources and accuracy in the estimated backscatter. We analyze this relationship

by assessing how many simulation realizations are needed to achieve a specified tolerance around

the backscatter estimate, such as ±2 dB. Put more formally, we want the sample average Zn to

be within ϵ of the true average µ with probability p. Additionally, if ϵ is specified in dB, then the

inequality

P (µ10−ϵ/10 ≤ Zn ≤ µ10ϵ/10) ≥ p (4.8)

could be used to help determine the number of realizations or samples N needed to achieve the

required tolerance.

We assume that a backscatter estimate produced by the simulation can be modeled as an expo-

nentially distributed random variable. This is a reasonable assumption for scattering from generally

uniform natural targets like corn fields (see [76], pg. 177). Averaging N exponentially distributed

random variables produces a χ2 distribution with 2N degrees of freedom. We use the following

form of the χ2 probability distribution function (PDF)
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Figure 4.3: Level curves relating number of realizations, error interval, and confidence level (prob-
ability). The black marker indicates what was used in this study.

fX(x,N) =
xN−1NNe−Nx

Γ(N)
(4.9)

to characterize the sample average’s distribution. Curves can be calculated that relate the number

of realizations N , the confidence level p, and the error interval ϵ. Several of these curves are shown

in Fig. 4.3.

From those curves, it can be seen that a 90% confidence interval of ±1 dB can be achieved with

50 simulation realizations. Fifty realizations were used in this study.

4.3 Study Site

This work leverages data from the Soil Moisture Active Passive Validation Experiment of

2012 (SMAPVEX12) in order to evaluate the accuracy of the proposed scattering model. The

SMAPVEX12 experimental campaign was conducted to acquire active and passive microwave ob-

servations over a long period of time to facilitate soil moisture retrieval algorithms for the SMAP

satellite [84]. The campaign’s survey area included agricultural and forested regions near Mani-

toba, Canada. The survey area is outlined in the left panel of Fig. 4.4. Calibrated measurements

of σ0 were collected during the campaign by NASA’s UAVSAR, which is an aircraft-based, fully

polarimetric L-band (f0 = 1.26 GHz) SAR. Many different kinds of measurements were also per-
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Figure 4.4: Satellite image of the SMAPVEX12 experiment region in Manitoba, Canada [33]. The
total area imaged by UAVSAR is shown in red on the left panel. The right panel is a closeup of
corn field 53, which is used for validation in this study.

formed throughout the survey area. Relevant ancillary measurements for this work include soil

moisture, crop type, plant gravimetric moisture content, stalk height and diameter, soil texture, soil

roughness, and crop row direction. All observed data (both ancillary and radar) used in this study

come from a corn field with the field identifier 53. This corn field is outlined in the right panel of

Fig. 4.4.

The UAVSAR made four consecutive passes over the experiment area on each day that it flew

to gather data. It traveled in a north-west direction on each pass so that the imaged terrain would

be on the left of the aircraft (see Fig. 4.4). The flight lines were offset from each other so that each

pass imaged the same area at different incidence angles. This multi-pass data was used to create

incidence-angle normalized data following a novel method in [87]. However, only SAR data from

one pass was used in this study. The pass was chosen such that the SAR illuminated field 53 at an

incidence angle of ∼40°. SAR images of σ0
vv for field 53 are shown in Fig. 4.5. The row features

visible on DoY 169 are spaced about 120 ft apart, and are likely due to tractor tracks. For that day,
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(a) DoY 169 (b) DoY 199

Figure 4.5: SAR images of σ0
vv of field 53, which is highlighted in blue. Row-like features for

early-season corn (169) are likely tractor tracks.

only pixels between the tracks were used for comparison with the model.

The ancillary data for corn field 53 includes several measurements that are shown in Fig. 4.6.

The stalk height and average biomass make up the top two panels. Unsurprisingly, those panels

show how the plant’s height corresponds with biomass, and it is also apparent that water makes up

the bulk of the vegetation’s weight. The gravimetric moisture level of different plant components

is shown in the third panel from the top. They remain relatively constant over time, with only some

slight drying later in the season. Soil moisture is in the bottom panel and shows the average soil

moisture with ±1 standard deviation (shaded area). It can be seen that the soil starts out relatively

moist and then dries out as the season progresses. Finally, the rows in field 53 were oriented north

to south.

The soil roughness was measured with a pinprofilometer to characterize the soil structure at the

beginning of the season on June 13. The RMS height and correlation length of the soil in field 53

were estimated to be 1.26 cm and 11 cm, respectively. Agricultural fields in this area generally

relied on rain irrigation for water. Thus, irrigation furrows are not required, and were not likely to

be a feature of the soil profile.
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Figure 4.6: Averaged ancillary data from field 53 over time. From top to bottom: stem height, plant
biomass weight, gravimetric moisture content of plant components, and soil volumetric moisture
content.

4.4 Model Validation

Radar data from SMAPVEX12 was used to validate the predictions of the scattering model. It

is important to match the model’s input parameters (plant geometry, moisture levels, etc.) to the

in situ field conditions. The SMAPVEX12 ancillary data helps tremendously in this regard. The

measured stalk heights and circumferences from SMAPVEX12 were used to modify the original

stalk geometry data from the University of Florida to create 12 unique plant CAD models for

each growth stage used for validation, where the growth stages were matched by comparing stalk

heights. However, some characteristics were not recorded. These include any tilt of the stalk from

vertical and the specific leaf structure. Thus, the original leaf structure from the University of

Florida’s data was used in these models. Two days from the experimental campaign were selected
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Figure 4.7: A single simulation realization from DoY 169 and 199, going from left to right. Each
simulation is one of 50 total random realizations. The red disks are 10 cm thick, 20 cm wide, and
spaced 50 cm apart and are only included for scale.

for comparison to evaluate the ability of the model to predict backscatter. They were chosen to

predict the backscatter from small and mature, but not yet fruiting, plants. The specific days that

were used were June 17 and July 17, 2012, or the 169th and 199th days of the year (DoY). Again,

the plant and soil material properties in the HFSS simulations were determined using [145] and

[86].

Table 4.1 shows the nominal corn plant parameters that were used to set the material permit-

tivities and plant geometry. The table also shows the permittivity that was used for each material

in the simulation. The soil moisture level for DoY 199 was not known because there was no soil

moisture measurement on that day. It was likely somewhere between 0.07 and 0.18 because there

was rain the day before. To address this unknown, an iterative process was used that executed the

HFSS simulations for that day with different soil moisture values until good agreement was at-
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Table 4.1: Model input parameters.

Table 4.2: Simulation input parameters for the DoY 169 variations indicated by the markers.

𝑚𝑣 ℎ𝑟𝑚𝑠 𝑙𝑐𝑜𝑟𝑟

0.27 1.26 11

0.23 1.26 11

0.21 1.2 13

tained, and that value was 0.16. The experimental campaign ended just as tassels started to emerge

on the plants, so no plant had ears during the UAVSAR flights. The geometric plant structure used

for each day is illustrated in Fig. 4.7. The unit cell size for all of the simulations was 152 x 136

cm, with an average plant spacing of 17 cm for plants in the same row, and 76 cm between rows.

A rough soil profile was also used in the simulations that was parameterized by the RMS height

(hrms), correlation length (lcorr), and an exponential correlation function. The roughness parame-

ters were made slightly smoother on DoY 199 to account for erosion. The model was also solved

at f0 = 1.25 GHz.

4.4.1 Comparison of Models Against SAR Measurement

It is reasonable to directly compare the results from HFSS with the SAR data since they each had

roughly the same incidence angle. Field 53 was illuminated at ϕi ≈ −45° and θi = 42°, where

ϕ = 0° corresponds to north and ϕ = 90° corresponds to west. The HFSS simulations were
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(a) DoY 169 (b) DoY 199

Figure 4.8: Simulated σ0 (red, filled markers) compared with σ0 data from UAVSAR for field
53 (blue squares) and SST predictions (green, unfilled markers). Whiskers around the red mark-
ers indicate the 90% confidence interval as defined by (4.8), while circles show the mean value.
Whiskers on the blue markers indicate the 1st and 3rd quartiles of the SAR data, while the circles
indicate the median.

executed at an incidence angle of ϕi = 42.965° and θi = 40.306°, which is a backscatter Bragg

mode. The predictions of the SST-based model were obtained following the approach of Sharma

et al. [131], with several modifications that are detailed in Appendix A.

Figure 4.8 compares the predictions from the SST-based model, the proposed model, and the

SAR data shown in open green markers, filled red markers, and filled blue, square markers, re-

spectively. The upwards triangle, circle, and downwards triangle markers represent different sets

of input parameters for DoY 169 and are given in Table 4.2. This was done to show the possible

variation in backscatter values because of natural variation in each of the input parameters. For

DoY 169, there is good agreement between the third set of inputs (downward triangles) of the pro-

posed model and the measured SAR data, except for the cross-pol, which is overestimated. There

is also good agreement for DoY 199, with σ0
vv being underestimated. All predictions from the SST

model overestimate the backscatter by at least 5 dB for all polarizations.
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Table 4.3: Computation statistics of a single realization.

DoY 169 199
Median RAM (GB) 20.6 44.6
Max RAM (GB) 28.3 57.2
Median Time (hr) 1.2 4.3
Max Time (hr) 2.4 4.8

4.4.2 Computation Performance

The simulations were executed on the Great Lakes high performance computing (HPC) system at

the University of Michigan. The computation statistics for each day of comparison are summarized

in Table 4.3. Each realization was solved at one incidence for both vertical and horizontal incident

polarizations. The mesh generated for vertical incidence was reused in the horizontal incidence

simulation to speed up simulation time.

4.4.3 Backscatter Sensitivity to Soil Moisture and Vegetation Water Content

The simulation was also used to see how sensitive the backscatter may be to SM and VWC by

varying the dielectric constant of the soil and plant components. This was also done for the two

different growth stages that were used for validation.

The results of sweeping SM and VWC (via the moisture content of the plant components)

are shown in Fig. 4.9. The top panels show the backscatter from the small plants, while the

bottom panels show the same for the mature plants. At least 15 realizations were solved for each

growth stage and moisture level. A flat soil was used in these simulations except for the soil

moisture sweep for DoY 169, which was done with a rough soil since its impact would be more

pronounced. The shaded areas show the 90% confidence interval. The results used for validation

are also included, and can be seen at mg ≈ 0.82 and mv ≈ 0.21 for DoY 169, and mg ≈ 0.82 and

mv ≈ 0.16 for DoY 199.

It can be seen that the backscatter for both stages increases with SM, except for the last point of

the HH polarization for DoY 199. For DoY 169, the backscatter changes by 4.2 dB for VV, 3.0 dB
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Figure 4.9: Average backscatter from sweeping SM and VWC for the early and mature growth
stages. Again, the shaded areas show the 90% confidence interval, where at least 15 realizations
were computed for each sweep point.

for HH, and 3.8 dB for HV as mv changes from 0.1 to 0.3. For DoY 199, the backscatter changes

by 4.3 dB for VV, 2.4 dB for HH, and 3.3 dB for HV over the same range of mv. This shows

that the backscatter from a mature corn field is somewhat less sensitive to SM than one with small

plants. For simplicity in changing the VWC, the gravimetric moisture content (mg) was made the

same for all plant components, which significantly increased the VV scattering for DoY 169 from

its nominal value. These results can be seen in the panels on the left-side. For DoY 169, both

VV and HH increase by 1.9 dB, while HV increases by 4.1 dB as mg increases from 0.8 to 0.95.

However, there is virtually no change in backscatter for DoY 199, except for the HH polarization

that decreases by 1.4 dB.
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4.5 Discussion

Other studies have also shown similar qualitative trends in the sensitivity of backscatter to soil

and plant moisture as predicted by the simulation results given in Fig. 4.9. For instance, the

observations from Chauhan et al. show a positive correlation between backscatter and soil moisture

for a corn canopy 92 cm high [22]. This is also seen in the results given by Vermunt et al. for both

early and mature plants [150]. The measurements from Vermunt et al. also show an increase in

backscatter with vegetation water content for early plants, and a saturation in the total measured

backscatter around the emergence of tassels for mature plants. This characteristic is also present

in the results from Sharma et al., although it is not as clear in their case because cobs are present

in many of their measurements for the mature growth stage [131].

Single-scattering theory-based models typically use a few scattering mechanisms like volume

scattering or the soil-vegetation bounce to explain, at a first order approximation, the contributions

from different vegetation or soil components. However, a corn plant has many large scattering

components, and there are also adjacent plants in the near-field. In this case, the scattering mech-

anisms cannot be easily and correctly decomposed into individual mechanisms. The proposed

technique attempts to mimic that same situation, and thus this technique does not lend itself to an

analysis of quantifying different first-order scattering mechanisms.

One could still attempt to analyze the main scattering mechanisms at play in the SAR backscat-

ter data in Fig. 4.8 and the sensitivity analysis results in Fig. 4.9. For instance, the SAR data shows

an increase of at least 8 dB for all polarizations in going from DoY 169 to 199. It could reason-

ably be presumed that volume scattering is the dominant scattering component on DoY 199 based

on the increased backscatter, the higher vegetation content, and the low soil moisture in Fig. 4.6.

However, for corn at L band with non-sloped soil, the dominant component of σ0 is the coherent

interaction of the vegetation and soil as indicated by previous work by Sharma et al. [131] and

Monsivais-Huertero et al. [89, 88], which can produce a similar increase in the backscatter during

the growth season. Thus, the soil-vegetation bounce is likely the dominant scattering component

for this study, which implies that it is still possible to have significant sensitivity to SM for the
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mature plant on DoY 199.

Additionally, the plant moisture sensitivity analysis in Fig. 4.9 indicates that the backscatter

may be insensitive to changes in plant moisture content for mature plant canopies. This seems

unexpected considering the increased backscatter in going from DoY 169 to 199. If volume scat-

tering were the dominant scattering component, then increasing the plant moisture content should

increase the backscatter. However, the vegetation-soil bounce is the dominant component for ma-

ture growth stages, as established by the previous analysis of [131] and [89, 88]. This means that

canopy attenuation will affect the backscatter, and the attenuation will increase with plant moisture.

Thus, there may be a balancing effect where the increased plant moisture slightly increases volume

scattering, but the vegetation-soil bounce is reduced due to the increased absorption in the canopy.

The backscatter would then be relatively stable as plant moisture increased. This is perhaps the

most likely explanation for the plant moisture analysis in Fig. 4.9.

Predictions from the proposed model were not compared with a radiative transfer model (RT).

This was done because most recent work done on corn-field scattering has shown that SST-based

models are more accurate (see [131, 49]). Additionally, RT models usually assume that the scat-

tering medium is sparse and the size of any scatterers are small compared to the illuminating

wavelength. This allows phase and extinction matrices to be defined. This is not the case for a corn

field, though, because stalks are as tall as the medium and there are multiple stalks in the near-field

of each other. In that case, it is not clear how the phase and extinction matrices should be specified.

4.6 Conclusion

The cultivation of corn could be enhanced by using radar to estimate quantities like soil moisture,

biomass, or growth stage of the corn field. Accurate scattering models are needed to do this,

though, and such models should be able to account for the plants geometry, intra- and inter-plant

interactions, interactions between plants and a rough soil surface, and also reflect the row structure

of the corn canopy. Numerical scattering models can meet these criteria because of their high
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fidelity and precision. And even though such models are computationally very expensive, today’s

abundant computational power may alleviate the cost of such a model.

The commercial electromagnetic solver HFSS was used to develop a numerical scattering model

for corn. The plant geometry was defined with 3D CAD models of corn plants based on data col-

lected by the University of Florida and the Delft Technical University. Periodic boundary condi-

tions were employed in the simulation to limit the computational domain’s size. Restrictions from

these boundaries were also addressed. The accuracy of the model was assessed by comparing its

predictions with SAR data obtained during the SMAPVEX12 experimental campaign. Ancillary

data measured during the campaign provided the inputs required by the HFSS simulation. Good

agreement was observed between the model’s predictions and the measured SAR data. Addition-

ally, an experiment was conducted on the numerical model’s sensitivity to soil moisture and plant

moisture content changes. The observed behavior is in agreement with existing studies. These

are encouraging results and indicate that this model may have predictive power in estimating corn

backscatter characteristics.

Additional work is needed to reach the goal of measuring soil moisture and biomass with this

scattering model. An inversion algorithm needs to be developed and would involve running the

model for many different types of scenarios to build an accurate forward model or datacube. A

machine learning algorithm could then be trained on the data to accurately infer soil moisture or

biomass from backscatter information, which could then be used by other researchers. Future

research could also be undertaken to use this model for predicting brightness temperature mea-

surements.
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CHAPTER 5

Inverse Model for Radar Sensing of Corn

5.1 Introduction

Monitoring earth’s changing climate requires regular measurements of important variables. Sci-

entists have long recognized the importance of two of them: soil moisture content (SMC) and

above ground biomass (AGB) [82]. Soil moisture plays an important role in the water cycle, can

affect weather patterns over land [14], and is necessary for plant growth, which is also important

in agriculture. Biomass can be used as an indicator of carbon stock in the carbon cycle, and it can

also be used to forecast crop yields [79]. Both SMC and AGB can be measured with instruments

or sampling techniques on the ground, but such measurements are difficult to do at scale across

wide areas of land. Because of this, synthetic aperture radar (SAR) has long been investigated as a

potential sensor for these variables.

SAR can image wide swaths of terrain with high resolution and operate in most weather con-

ditions during the day or night. Satellites equipped with SAR can also obtain images at regular

intervals over time, and radio waves from a SAR can easily penetrate through agricultural vege-

tation when they operate at low microwave frequencies in L- or C-band [36]. These capabilities

make it possible for SAR-equipped satellites to sense SMC and AGB over large areas at regular

intervals with enough resolution to see individual agricultural fields. The challenge with doing that

accurately, though, lies in the fact that radar backscatter measurements are a complex function of

the soil moisture, biomass, frequency, incidence angle, the physical structure of the soil, rocks,
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topography, or plants that make up the terrain, and the dielectric properties of those materials. This

makes it difficult to directly relate a SAR backscatter measurement to a particular level of SMC or

biomass.

Nonetheless, researchers have explored how radar might be used to measure SMC and biomass

for at least three decades. The approaches that have been taken may be categorized in three ways:

empirical models, semi-empirical models, and physical models. Each approach relies on measured

data and expert knowledge to differing degrees. Empirical approaches typically only work well

in specific situations, while semi-empirical and physical or analytical models can generalize more

easily. Extensive analytical models have been developed in the past for vegetation components

like leaves [68, 118, 127], branches, tree trunks [125, 72, 123, 95], grasses [138, 136, 137], and

needles [119, 153]. These models have been used in more general forward models to estimate

polarimetric radar backscatter from different vegetation-covered terrains [147, 73, 26, 136, 137].

These models do not require measurements to specify them since they are usually derived from

first principles like Maxwell’s equations. They do require several ancillary variables to specify

the model, though. Because of that, there are usually fewer observable features than ancillary

variables, making physical models difficult to invert.

Empirical approaches were some of the earliest to be employed. These could range from using

truck-mounted scatterometers to collecting empirical data [32], to using multifrequency logarith-

mic models to tailor the frequency used to the level of AGB, or using tomographic SAR to suppress

ground level backscatter [16]. Empirical methods also make use of machine learning (ML) tech-

niques by training the ML algorithm on measured data. An early example of this approach was

used by Pierce et al. [107]. There are a wide range of ways that empirical machine learning can

be used in radar remote sensing. Regressive artificial neural networks can be trained on different

polarimetric decompositions like the Freeman-Durden decomposition or others [105, 74, 77]. Dif-

ferent machine learning algorithms can also be used such as support vector regression or random

forest regression [67, 77]. Studies of these approaches indicate that there is not yet one approach

that performs effectively for every scenario: a neural network with a polarimetric decomposition
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[74] may work well in one case, while using σ0
vv with support vector regression is better in another

[67].

Semi-empirical approaches also had an early start with the water cloud model (WCM) proposed

by Attema and Ulaby for predicting σ0 from SMC and AGB, and it has served as a building block

for subsequent approaches [6, 15] or in combination with physical models [94]. The work of Oh

et al. on an semi-empirical backscattering model is also an important building block for directly

estimating SMC [101, 99], or in combination with the WCM [40], or with different polarimetric

decompositions [53]. Change-based algorithms are another type of semi-empirical approach that

relies on a time-series of measurements to make estimates of changes in SMC. The reasoning is

that soil and plant conditions will not change quickly, while SMC will. Thus, backscatter changes

on short timescales mostly come from changes in SMC. Some examples of this approach are the

algorithm used by the Advanced Scatterometer (ASCAT) [152], and another that uses the co-pol

ratio [104].

Finally, approaches with physical models are usually based on analytic formulas or full-wave

numerical methods, with there being several notable examples for rough surfaces [44, 158, 55].

There are also notable models for vegetation based on radiative transfer [147, 18], and others

based on single scattering theory and the distorted Born approximation [22, 73, 26, 89, 131]. With

a physical model, it must be inverted to produce estimates of SMC or AGB. The inversion is often

carried out by minimizing some type of cost function [63], but ML techniques can also be applied

by training the ML algorithm from data produced by the physical model, and then later applying

it to measured data. The flexibility of these algorithms also allows partial information about SMC

or vegetation structure to be incorporated into the inversion, which can improve performance [9,

8, 59].

Given the extensive research on AGB and SMC retrieval with radar, we found that there

were not many numerical, full-wave physical models tailored for corn fields, and modeling their

backscatter is typically challenging because of their large electrical size, high density, and semi-

periodic arrangement or row structure [124]. This has been partially addressed by previous work
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[112], but a retrieval method was still needed. Thus, this work seeks to use the physical model

in [112] for estimating SMC and biomass levels in corn fields. This is done by building a multi-

variate spline macromodel on top of the numerical physical model to make inversion easier. The

macromodel is then inverted with a regularized cost function combined with a residual, artificial

neural network (ResNet) to estimate SMC and plant height, which is used as a surrogate for AGB.

In the context of previous work, this proposed method uses a physical model for the forward func-

tion, while the inverse function is based on a cost function minimization combined with ML. The

primary contributions of this work are (1) using a full-wave scattering model for SMC and growth

stage retrieval and (2) using an inversion technique combining classical and ML methods.

The remainder of this work is organized as follows. Section 5.2 provides a brief description of

the physical model that will be inverted to make SMC and AGB estimates. Section 5.3 then ex-

plains the inversion techniques that are used. Section 5.4 gives details on the dataset of SAR, SMC,

and AGB that is used to validate the overall retrieval method. Section 5.5 presents the retrieval re-

sults. Section 5.6 discusses some aspects of the results, and finally Section 5.7 summarizes the

findings of this work and points toward future avenues of investigation.

5.2 Forward Model

The forward model used in this work consists of two parts. The first is a simulation methodology

that uses a full-wave solver to calculate the polarimetric backscattering coefficient σ0
pq, which will

also be referred to as the backscatter, from fields of corn. This is referred to as the full-wave

model. The second piece is a multivariate spline macromodel of the full-wave model that allows

the results of the full-wave model to be readily generalized for various combinations of constitutive

parameters.
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5.2.1 Full-Wave Model

The full-wave model is defined by (1) the material properties of corn plants and of the soil, (2)

the geometry or structure of both of those, and (3) the numerical electromagnetic analysis that is

used to estimate the backscatter based on (1) and (2). The material properties, specifically the

dielectric constants, of the plant and soil are defined using relationships that are already available.

The dielectric constant of the plant material is specified based on the work of Ulaby and El-Rayes

[145], where the gravimetric moisture content is used to estimate the dielectric constant. In this

work, a gravimetric moisture content of 0.8 was used for the stalks and ears, while a content of

0.72 was used for the leaves. The soil’s dielectric constant comes from the work of Mironov et

al. [86], where the volumetric soil moisture content and the soil clay percentage determines the

dielectric constant. This work used a constant 15% clay percentage for deriving the soil dielectric

constant from the SMC.

The plant structure is defined using allometric relationships that are derived from field mea-

surements of corn plants. The University of Florida, in conjunction with the Deflt Technical Uni-

versity, collected measurements on corn plant structures over the course of an entire growth cycle

[62]. Some of the relevant allometric relationships can be seen in Fig. 5.1 as a function of the

day after planting (DAP)–a measure of growth stage–including the stalk height and ear radius.

Some relationships like the leaf length, however, depend on more than just the growth stage of the

plant. This is illustrated by Fig. 5.2a, where the surface shows the leaf length versus the DAP

and the normalized position of the leaf on the stalk, where 0 corresponds to the bottom, 0.5 the

middle, and 1 the top of the stalk. It can be seen that the longest leaves are found for mature plants

(60 ≤ DAP ≤ 110) that occur near the middle of the stalk. The stalk width in Fig. 5.1b is the

average of the measured diameter at the top and bottom of the stalk. The top’s diameter decreased

over time, which also caused the average to decrease as well. The relationships in Figs. 5.1 and

5.2a, along with the additional allometric data, allowed us to programmatically generate 3D CAD

models of corn plants whose dimensions were based on the statistics of the allometric measure-

ments. It should be noted that at least one other 3D corn model has also been developed, but it was
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Figure 5.1: Corn allometric relationships recorded by the University of Florida versus DAP: (a)
stalk height, (b) stalk width, (c) number of leaves, and (d) ear radius.

not explored in this work [163].

The soil’s structure is characterized with a Gaussian profile that has an RMS height hrms, cor-

relation length lcorr, and correlation function. This means that the height of any point on the soil

surface is expressed as a Gaussian random variable with zero mean and standard deviation hrms,

and the correlation between two different points is defined by the correlation length and function.

An exponential correlation function with lcorr = 12 cm was used to define the soil’s height profile.

Finally, the numerical electromagnetic analysis used in the full-wave model relies on the Finite

Element Method (FEM) as implemented in Ansys HFSS to analyze how electromagnetic fields

would interact with corn plants. There are two unique aspects of the electromagnetic analysis. The

first is that the plant’s leaves are represented with resistive surfaces rather than thin volumes to

reduce the computational complexity. This approximation is supported by previous work done by

Senior et al. [129]. The second is that the computational domain of the problem is bounded by

periodic boundaries on the sides and absorbing boundaries on the top and bottom. The periodic
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(a) Leaf length (cm) allometric relationship versus DAP and
normalized vertical position.
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(b) Nominal simulation set up with 3D
CAD models of corn plants and a rough
soil surface, with periodic boundaries
(PRB) on the sides, a perfectly matched
layer (PML) boundary on top, and an
impedance boundary (ZB) on the bottom.

Figure 5.2: A surface plot showing the allometric relationships for leaf length (left) and a labeled
diagram of the computational domain for calculating the backscatter from a corn field (right).

boundaries allow the response from a big corn field to be assessed, including all multiple scattering

effects between adjacent plants. A 3D view of a typical plant scattering simulation is shown in Fig.

5.2b.

5.2.2 Multivariate Macromodel

The full-wave model is computationally expensive to evaluate. Thus, it is necessary to have a

robust way to interpolate between different scenarios (growth stage, soil moisture level, etc.) and

also provide an avenue for rapidly evaluating the forward model, which will help streamline the

inversion process. Thus, a forward macromodel was made to help achieve this. One guiding
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Table 5.1: Varied parameters in the simulation database.

DAP 0, 34, 44, 54, 64, 74, 84, 94, 104
𝑚𝑚𝑣𝑣 (m3m−3) 0.05, 0.15, 0.25, 0.35
ℎ𝑟𝑟𝑟𝑟𝑟𝑟 (cm) 1, 2, 4

Inc. Angle 
𝜙𝜙𝑖𝑖, 𝜃𝜃𝑖𝑖

(0, 28.3), (0, 39.1), (0, 52.1), 
(48.2, 28.2), (43.0, 40.3), (43.8, 49.9), 
(90, 31.9), (90, 38.1), (90, 52.5)

34
44

6454
74

84
94

104

Figure 5.3: Representative plant models used for each growth stage in the macromodel with labels
for the DAP of each 3D model.

principle that may justify interpolation is that the average polarimetric backscattering coefficients

for vegetated, natural terrains are often smooth functions of the constitutive parameters like soil

moisture or growth stage. Thus, we expect that several Monte Carlo realizations of the full-wave

simulation methodology should also give average backscatter values that vary smoothly with dif-

ferent underlying plant or soil conditions, and this can justify interpolating the backscatter across

different conditions.

Building a macromodel requires some data points on which the interpolation can be based. This

initializing data requires many simulations to be run for representative scenarios. The scenarios

considered by this work are shown in Table 5.1, where mv is the volumetric moisture content of the
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soil, and hrms is the RMS roughness of the soil. The observation angle in elevation and azimuth (θi,

ϕi) are also included, where an azimuth incident angle of ϕi = 0° corresponds to the radar looking

at the corn field perpendicular to the row direction. The somewhat unusual angles are a result of

using periodic boundaries, which only allow backscatter at specific angles. Scenarios with a DAP

of 0 only included a rough soil surface. The allometric data was then used to programmatically

generate 3D models of corn plants for different growth stages as given by the DAP. Representative

models of the corn plants from each growth stage are shown in Fig. 5.3.

Each scenario in Table 5.1 was simulated at 1.25 GHz with at least 10 different random real-

izations. All simulations were performed on the Great Lakes high-performance computing (HPC)

services at the University of Michigan. The simulations were completed over the course of two

months. The simulation results make up a full-wave simulation database that contains the backscat-

ter from every combination of the variables in Table 5.1.

This database was then used to interpolate the backscatter using penalized cubic splines with

the Splinter library [48] to create a multivariate macromodel that expresses the backscatter as 4D

functions of the elevation incidence angle θi, DAP or growth stage t, SMC mv, and soil roughness

hrms, or σ0
pq = fpq(θi, t,mv, hrms). The database does include backscatter information at three

azimuth incidence angles (0°, ∼45°, 90°). However, because radar data from the validation dataset

(see Section 5.4) was essentially acquired at ϕi = 45°, the macromodel is only based on the results

from that incidence angle. The functions’ smoothness was controlled by using 2nd order splines for

t and mv, and 3rd order splines for θi and hrms, with the spline regularization parameter α = 0.001.

Figure 5.4 shows the backscattering coefficients for σ0
vv and σ0

hh in decibels from the macromodel

for vertical and horizontal polarizations as functions of the DAP and SMC for a given incidence

angle of θi = 40° and an RMS roughness of 1.5 cm. Red points indicate the backscatter from the

simulation database, while the colored surface shows the smoothed macromodel.
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Figure 5.4: Surface plots of the spline macromodel fit to the full-wave simulation data (red dots) for
σ0
vv (top) and σ0

hh (bottom) as a function of the DAP and SMC for a fixed θi = 40° and hrms = 1.5
cm.

5.3 Inversion Algorithm

The macromodel provides a map from the constitutive parameters (SMC, growth stage, etc.) to

polarimetric backscattering coefficients. A reverse map is required, though, to make estimates

of SMC or growth stage from the backscatter; that is, based on the measured σ0, we would like

to find a set of macromodel parameters that at least comes close to reproducing σ0. This is a

challenging task since there are many combinations of parameters that may produce the desired

σ0. We approached it with a regressive residual artificial neural network (ResNet) combined with

an iterative, nonlinear, regularized inversion (RI) method. This approach is illustrated in Fig.

5.5, where the measured backscatter σ0
vv, σ0

hh, σ0
hv, and the incidence angle θi are first fed to the

regularized inversion algorithm to produce coarse estimates of the growth stage t̂c, SMC m̂v,c, and
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Figure 5.5: Diagram of inversion algorithm.

RMS roughness ĥrms,c. The backscatter, incidence angle, and coarse estimates are then fed to the

ResNet, which makes the final SMC estimate. The ResNet’s estimates for growth stage are then

smoothed to give the final result for growth stage.

5.3.1 Iterative, Nonlinear, Regularized Inversion

Regularized inversion is a conventional approach for inverse problems that are ill-posed in some

way. A typical formula that expresses the idea of regularization is given by

min
p

g(p) = ∥F(p)−m∥2 + µ

2
∥Lp∥2 , (5.1)

where g is the objective function, p ∈ Rn is a vector of model parameters, m ∈ Rk is a vector

of measurements, F is the model function that maps Rn to Rk, µ is the regularization weight,

and L is the regularization operator. A high-level interpretation of this formula is that a set of

parameters p should be sought that minimizes the error between the measurement and the model’s

prediction at p, while at the same time penalizing solutions that stray from prior knowledge of

acceptable parameters. If F is linear, then there are many tools that allow questions of uniqueness

or continuous dependence on data to be analyzed, as well as methods for minimizing g. Answering

these questions becomes much more complicated if F is nonlinear. As indicated by Fig. 5.4, the

macromodel for corn plant backscatter is nonlinear. In this case, solving (5.1) can be accomplished

with an iterative optimization method [91].

We tailored (5.1) to our specific problem by considering the noisiness of the measured data and
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prior knowledge of the soil roughness as follows

min
p

g(p) =
1

2

∥∥C−1/2
p (F(p)− m̃)

∥∥2
+

µr

2
∥hrms − hrms,0∥2

(5.2)

p = [θi, t,mv, hrms]
T (5.3)

m =
[
σ0
vv, σ

0
hh, σ

0
hv

]T
, (5.4)

where m̃ is a noisy measurement from a normal distribution with mean m and covariance matrix

Cp, hrms,0 is a prior known soil roughness, and µr is the regularization weight. From there, (5.2)

is minimized with a global optimization routine, specifically dual annealing from SciPy’s

optimization library [162, 140, 141, 161]. The incidence angle θi is used to restrict the search

space since it can usually be derived from the measurement geometry. If roughness information is

available, a regularization parameter value of µr = 5 is used.

The RI serves as the first stage in the inversion algorithm. It provides rough estimates of the

parameters of interest. These rough estimates are then given to the second stage: the residual

network or ResNet.

5.3.2 Regressive, Residual Neural Network

Artificial neural networks have achieved significant performance breakthroughs in the past decade

by effectively using the parallel computing capabilities of graphics processing units (GPUs). They

have the ability to fit highly nonlinear data patterns and make predictions, and this has been applied

in many diverse applications. Their capability comes at the cost of intensive training and difficulty

in understanding what a trained model specifically learns. Nonetheless, the performance metrics

are difficult to match. Thus, we wanted to apply the power of this machine learning technique to

making SMC and ABG estimates with the simulated macromodel.

To this end, a ResNet was designed using the PyTorch framework, and its structure is illustrated

in Fig. 5.6. The input features to the network are the polarimetric backscattering coefficients,
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Figure 5.6: Diagram of ResNet structure for soil moisture and growth stage estimation.

incidence angle, and the coarse estimates from the regularized inversion. Information about the

RMS roughness can also be included in the list of features if it is available. Other polarimetric

features could also be used as inputs for the network, such as the coherent phase difference [148].

The network is made up of three residual blocks. Each block is a dense network with two hidden

layers of 128 nodes each, as well as a skip connection from the input to the output. Linear blocks

in the network are indicated with blue in the diagram along with the input and output dimensions

(in × out). Rectified linear activations (ReLUs) are used for the activation functions between each

layer, and these are shown in yellow. An additional linear layer is included in the skip connection

if the dimensions of the input and output do not match. Thus, the output of a block is given by

yblock = F(x) +Wskip(x), (5.5)
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where F represents the output of the dense network, and Wskip is the output of the skip connection,

which is the identity operator when the input and output dimensions match. There are 7 inputs to

the first block with 32 outputs. The number of outputs were increased to provide the opportunity

for learned patterns from the first block to flow to subsequent ones; these additional outputs (and

inputs for downstream blocks) do not have a physical basis and would represent fictitious measures

determined by the network itself. The second block has input and output layers of 32 nodes. The

last block has 32 input nodes and 3 output nodes, corresponding to the parameters of interest.

Figure 5.6 also shows another dense, two-layer network that is trained alongside the main ResNet.

It is used for predicting the variance or n̂, which is used in the loss function during training.

The loss function used for training the network relied on calculating the negative log-likelihood

function, which is given by

L =
1

MN

M−1∑
i=0

N−1∑
j=0

e−n̂j(ŷj − yj)
2 + n̂j, (5.6)

where L is the loss, ŷj is a set of estimated parameters, yj is the corresponding set of true param-

eters, and n̂j is a set of variances that are proportional to the variance of the estimated parameters,

or n̂ ∝ [σ2
t , σ

2
sm, σ

2
h]

T . The summation over j in (5.6) indicates an average over all sets in the

batch, and the summation over i is an average over individual parameters. Note that all parameters

in (5.6) are assumed to be normalized. Using this loss function requires that the variance must also

be estimated, and this is the purpose of the additional dense network in Fig. 5.6.

Two iterations of the network were trained: one that uses σ0
vv, σ0

hh, σ0
hv, θi, and the coarse

estimates to make predictions, and a second that has those same inputs, plus measured roughness

hrms information, which is also provided to the regularized inversion. The networks were trained

on data created by randomly sampling the domain of the macromodel’s parameters with uniform

distribution. This amounted to 19 points for θi between 30° and 50°, 25 points for t from 0-85

days, 19 points for mv from 0.05-0.35% or m3m−3, and 13 points for hrms from 1-3 cm, for a total

of 117,325 training points. The parameters were normalized by their sample mean and standard
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Figure 5.7: Retrieval performance for SMC from simulated data without (left) and with (right)
knowledge of the roughness.

deviation so that the normalized dataset had a mean of zero and a standard deviation of one. The

dataset was also randomly partitioned into training and validation datasets. The networks were

then each trained for 200 epochs in batches of 512 using the Adam optimizer [64].

5.3.3 Growth Stage Smoothing

The last stage of the algorithm is to smooth the growth stage estimates. This is done to bring prior

knowledge of realistic results into the algorithm, and this knowledge is the fact that, normally, the

growth stage of a plant will be a monotonically increasing function of time. This is only valid

in nominal growing conditions. The smoothing is carried out by again using 2nd order penalized

splines as implemented by the Splinter library. Here, the time variable, either DAP or DOY, is

provided as the independent dataset parameter, and the estimated height t̂ is given as the dependent

dataset parameter, and a regularization parameter of 20 is used to provide the desired degree of

smoothing.
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Figure 5.8: Retrieval performance for DAP from simulated data without (left) and with (right)
knowledge of the roughness.

5.3.4 Simulated Algorithm Performance

After training, the performance of the inversion algorithm was evaluated with the validation

dataset, which consisted of 20,000 random sets of the input parameters (θi, DAP, mv, hrms). These

parameter sets were passed through the macromodel to give the associated backscatter. The in-

version method was then given those backscatter quantities as data points with which to make

predictions of SMC and growth stage (smoothing was excluded). The results of this process can

be seen in Figs. 5.7 and 5.8, where bivariate histogram heatmaps are used in place of scatter plots

to show the correlation between the nominal and estimated SMC and DAP values.

It can be seen that most of the SMC and DAP estimates track the nominal SMC and DAP. There

are outliers, but the root mean square errors (RMSE) from the nominal estimations are 2.1% and

4.76 days, with correlation coefficients of 0.969 and 0.988 for the SMC and DAP, respectively. The

second iteration that includes roughness information also performs slightly better, with perhaps a

bigger boost for the SMC than DAP.
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Figure 5.9: Map of corn fields considered in this study (left) and typical soil moisture sampling
locations (right).

5.4 Description of Validation Data

We used data from the Soil Moisture Active Passive Validation Experiment of 2012

(SMAPVEX12) that took place in Manitoba, Canada to evaluate the performance of the inversion

methods [84]. The campaign sought to collect simultaneous vegetation and radiometric measure-

ments to aid in validating algorithms for the then upcoming SMAP mission. Brightness tempera-

ture measurements were made with the airborne PALS system, and radar backscatter measurements

were made with both PALS and NASA’s UAVSAR. All radiometric observations were made in L-

band: 1.2 GHz for the radiometer, and 1.26 GHz for the SAR. The area of study included both

forest and agricultural terrain, and the measurement of vegetation characteristics were tailored to

each type of terrain. There were 9 corn fields that were monitored during the experiment campaign.

Their geographic relationship can be seen in Fig. 5.9. Our study only used the measured results

from fields 53, 54, 71, 83, and 94.
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Table 5.2: Average soil parameters and incidence angle for each field.

Field ID Sand Silt Clay ℎ𝑟𝑟𝑟𝑟𝑟𝑟 𝑙𝑙𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝜃𝜃𝑖𝑖
53 57.8% 13.1% 29.1% 0.8 cm 7.5 cm 42.0°

54 81.25% 5.55% 13.2% 0.83 cm 5.75 cm 43.6°

71 93.5% 0.2% 6.3% 1.57 cm 15.5 cm 42.6°

83 72.75% 11.55% 15.5% 1.13 cm 8.75 cm 49.2°

94 70.80% 11.0% 18.3% 1.28 cm 8 cm 45.6°

5.4.1 Soil and Vegetation Data

The soil texture and roughness were measured for all the corn fields (and all other agricultural

fields) near the beginning of the campaign. Table 5.2 shows a breakdown of this information for

the fields considered. The soil moisture was typically measured in 16 locations across each field as

seen on the right side of Fig. 5.9 with a portable, handheld meter to capture the spatial variation of

SMC. Additionally, three measurements were taken at each location, and if furrows were present,

then the three measurements were taken at the top, middle, and bottom of the furrow. The soil

moisture measurements from the handheld meter were also calibrated against core soil samples

whose moisture content was assessed by oven drying. Finally, the soil moisture measurements were

only made on mornings when the UAVSAR flew to try and achieve simultaneous measurements.

The agricultural vegetation measurements focused on many selected fields. These fields were

regularly surveyed for measurements like leaf area index and plant dimensions. The observed

fields represented a diverse range of crop types from wheat to soybeans, canola, and several others.

Measurement of plant characteristics like plant height were tailored to each type of crop. For corn,

this meant that the plant’s height and diameter were measured, as well as the total biomass and the

separate biomass of the stalk and leaves. The location of these measurements took place at three

of the 16 SMC measurement sites for each field that was monitored.
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5.4.2 SAR Data

The UAVSAR typically made observations around 8-10 am local time. Each observation included

four parallel passes that were offset so that the same location could be observed at several different

observation angles. We used passes that allowed each corn field to be observed in the range of

40° -50°. These passes can be identified on the UAVSAR website as 31603, 31604, 31605, and

31606 [57]. We used pass 31603 for field 93, 31604 for fields 71 and 83, and pass 31605 for fields

53 and 54. We used the gridded, georeferenced data product from the UAVSAR website to build

the backscattering coefficient covariance matrix for each pixel in every field. This allowed the

backscatter to be calculated for any polarization. We primarily made use of the nominal polari-

metric backscattering coefficients σ0
vv, σ0

hh, and σ0
hv. They were then averaged over each field. The

average incidence angle at each field is also given in Table 5.2.

5.5 Results

The macromodel from Section 5.2.2 provides the basis on which the inversion algorithm in Section

5.3 relies on to produce estimates of SMC and growth stage from σ0
pq. This section will demon-

strate the performance of the inversion algorithm against measured data from SMAPVEX12. Be-

fore doing so, however, some context for the inversion results will be added by first providing a

demonstration of how well the macromodel can predict σ0 for corn fields.

5.5.1 Forward Model Predictions

First, the SMAPVEX12 data was used to specify proper inputs for the multivariable macromodel,

which consisted of the incidence angle, the growth stage, SMC, and the soil roughness. Growth

stage and SMC evolved over time, and the SMAPVEX12 data on these variables is shown later

in Section 5.5.2. The incidence angle did not change appreciably over time, and it was assumed

that the soil roughness did not change either. Again, the values of those variables for each field

are given in Table 5.2. The growth stage for the macromodel was determined by matching the
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Figure 5.10: Comparison of σ0
pq from UAVSAR data and the macromodel.

SMAPVEX12 average plant height with the corresponding plant height in the macromodel. For

example, if the SMAPVEX12 plant height was 150 cm on day of year (DOY) 192, then that might

correspond to DAP 70 in the macromodel. Finally, the nominal input for the soil moisture was

determined from the average soil moisture for the entire field.

The macromodel’s predictions for σ0
pq are compared with the SMAPVEX12 SAR data in Fig.

5.10. The shaded area around the SAR values indicate the middle 70th percent, while the solid line
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Figure 5.11: Correlations for the predicted and measured backscattering coefficients. The DOY
color scale is identical among all plots.

is the median value. For the predicted (red) σ0 values, an error tolerance was estimated based on

the statistics of the SMC measurements. This was done by generating many random sets of input

parameters from a normal distribution of the SMC based on the sample mean and deviation. These

random sets were then fed into the macromodel to produce many σ0 realizations that could be used

to derive statistics. Again, the shaded red area indicates the middle 70th percent, while the solid

red line is the median. Figure 5.11 also shows the overall correlation between the measured and

predicted backscatter, with points colored by DOY.

It can be seen that the macromodel’s predictions generally agree well with the measured SAR

data. However, both σ0
hh and σ0

hv are frequently underestimated, especially early in the campaign

and around DOY 187 and 189. And although there is not much bias for σ0
vv, the dynamics of the

predicted values are subdued compared to the data. This feature is present to some degree for each

polarization and field. These results are shown because the inversion’s performance will be limited

by how well the forward model can predict the backscatter from the constitutive parameters. Thus,

it can be expected that the retrieval performance with real data will be degraded compared to the

retrieval performance using simulated data.

5.5.2 Inversion Results

The inversion algorithm used the polarimetric backscattering coefficients measured by UAVSAR

to estimate SMC and growth stage, where the plant height was used as a surrogate for the growth

stage. One iteration of the algorithm used the measured σ0
vv, σ0

hh, σ0
hv, and θi to make its estimates.

132



0
10
20
30
40

SM
 (%

) Field 53
R: 0.63 RMSE: 8.5

meas. m̂v

0
10
20
30
40

SM
 (%

) Field 54
R: 0.511 RMSE: 5.9

0
10
20
30
40

SM
 (%

) Field 71
R: 0.748 RMSE: 10.8

0
10
20
30
40

SM
 (%

) Field 83
R: 0.857 RMSE: 7

170 174 178 182 186 190 194 198
DOY

0
10
20
30
40

SM
 (%

) Field 94
R: 0.479 RMSE: 8.1

(a) Inversion algorithm estimates of SMC without
soil roughness information.

0
10
20
30
40

SM
 (%

) Field 53
R: 0.632 RMSE: 8.7

meas. m̂v j hrms

0
10
20
30
40

SM
 (%

) Field 54
R: 0.501 RMSE: 7.1

0
10
20
30
40

SM
 (%

) Field 71
R: 0.824 RMSE: 5.6

0
10
20
30
40

SM
 (%

) Field 83
R: 0.874 RMSE: 7.4

170 174 178 182 186 190 194 198
DOY

0
10
20
30
40

SM
 (%

) Field 94
R: 0.798 RMSE: 5.1

(b) Inversion algorithm estimates of SMC with soil
roughness information.

Figure 5.12: Inversion results for SMC.

The second iteration used those same inputs as well as hrms to make its predictions. As previously

mentioned, all the SAR pixels for a particular field were averaged together for each DOY, and that

average value was run though the algorithm to make the estimates.

The SMC inversion results for fields 53, 54, 71, 83, and 94 are shown in Figs. 5.12a and 5.12b.

Again, the shaded areas are the middle 70th percent of the data, while the solid lines are the median

values. The statistics are based on 48 nominal samples for each field and DOY. The statistics for

the predicted values (red) were determined based on running many sets of random inputs into the

inversion algorithm that are based on the statistics of the SAR data. The statistics of the SAR

data, in decibels, were characterized as a multivariate, normal random variable, with a mean and

covariance matrix determined by the sample mean and covariance. The statistics of the inversion
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Figure 5.13: Scatter plots of measured SMC and estimated SMC values without (left) and with
(right) soil roughness information.

estimates were then determined with respect to those inputs. The figures also show the correlation

coefficient (R), the RMSE, and the field number.

From the results in Fig. 5.12a, it appears that the retrievals of the first iteration follows the

trends of the measured data, however there are significant mismatches early in the growing season

for fields 53 and 71. It is also apparent that the inversion’s performance is not uniform across all

the fields. For instance, the estimates for field 71 are the most inaccurate, while the estimates for

field 83 agree well with the data.

The second iteration of the inversion algorithm’s results can be seen in Fig. 5.12b. By taking

roughness information into account, the SMC estimation accuracy improves for fields 71 and 94.

There also appears to be a decrease increase in the variability of the predicted SMC overall. The

performance of the algorithm’s first and second iterations are summarized in the scatterplots of Fig.

5.13, where the overall correlation coefficient and RMSE improve from 0.46 and 8.3% to 0.647

and 6.9%.

The growth stage inversion results are shown in Figs. 5.14a and 5.14b. Again, the solid lines in-

dicate the median values, while the shaded areas are the middle 70th percent of the data. However,

the blue solid line is the average measured plant height, while the blue-shaded area is the minimum

and maximum measured height, since only 3 height measurements were made for each field. The

smoothed plant height measurement is shown in black. The correlation and RMSE given in these

figures are with respect to the non-smoothed estimates.
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Figure 5.14: Inversion results for plant height.

Both algorithm iterations generally overestimate the plant height, with the retrievals from the

first performing best with field 54 and worst with field 94. The second iteration does best with

field 71 and worst with 83. It appears that having roughness information reduces the variability

of the retrieval, however accuracy is in general degraded. The overall retrieval performance for

growth stage is summarized in Fig. 5.15, which shows the smoothed height estimates. Figure 5.15

makes it clear that the plant height is overestimated with a bias of 30.9 and 62.4 for each iteration,

respectively, but otherwise there is a tight correlation of 0.951 and 0.909 between the estimated and

measured values. It is also apparent that soil roughness information can degrade the plant height

estimate.
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Figure 5.15: Scatterplots for smoothed plant height, with nominal results on the left, and results
that include roughness information on the right.

5.6 Discussion

There are a few observations that can be made about the retrieval algorithm. First, it predicts SMC

best when roughness information is provided. Second, it can predict the growth stage with better

accuracy than the soil moisture, and this accuracy is enhanced when roughness information is not

included in the inversion. These observations are borne out in a summary of the results shown in

Tables 5.3a and 5.3b, where the height results are with respect to the smoothed estimates. There are

also a few germane questions to consider in addition to these observations. One is what might be

the source of errors in the predictions? A second is why is the retrieval better for some fields than

others? And finally, why does roughness information generally not help with height estimation?

Considering the first question, there are several error sources. There are of course potential

measurement errors with the SMC, plant height, and SAR data, and quantifying these is not possi-

ble. They may likely be small or at least typical compared to other experimental campaigns. There

is also error from the inversion method, which relies on a measurement vector whose dimension-

ality is smaller than the parameter space it is used to estimate. The error in doing this is apparent

from the simulated retrieval results in Figs. 5.7 and 5.8. Another source of error would be any

mismatch between the forward scattering model and the actual scattering process that took place

to produce the SAR data, which would include the soil structure, permittivity, and the plant struc-

ture and its permittivity. This source is likely in effect, and a sense of its magnitude is given by the

forward model predictions in Fig. 5.10. And finally, in connection with the error from the forward
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Table 5.3: Summary of inversion performance

(a) Summary of SMC results.

Patch ID 53 54 71 83 94
R 0.63 0.511 0.748 0.857 0.479
RMSE 8.5 5.9 10.8 7 8.1
Bias -6.3 -0.8 6.6 -0.4 -2
R | ℎ𝑟𝑟𝑟𝑟𝑟𝑟 0.632 0.501 0.824 0.874 0.798
RMSE | ℎ𝑟𝑟𝑟𝑟𝑟𝑟 8.7 7.1 5.6 7.4 5.1
Bias | ℎ𝑟𝑟𝑟𝑟𝑟𝑟 -6.6 -1.1 1 0 -1.5

(b) Summary of smoothed plant height results.

Patch ID 53 54 71 83 94

R 0.998 0.994 0.985 0.973 0.959
RMSE 44.8 18.5 27 53.1 43.5
Bias 33 10.4 25.1 49.9 34.8
R | ℎ𝑟𝑟𝑟𝑟𝑟𝑟 0.989 0.968 0.982 0.94 0.961
RMSE | ℎ𝑟𝑟𝑟𝑟𝑟𝑟 87.2 74.2 29.9 81.7 60.5
Bias | ℎ𝑟𝑟𝑟𝑟𝑟𝑟 83.7 68.7 27.4 78.6 57.2

scattering process, there may be errors in the allometric model of corn plants that was used, where

the generated models deviate in some way from the general structure of the corn plants that were

present during SMAPVEX12.

The last two error sources may be part of the reason why the retrieval performance is not con-

sistent across each field. For instance, the soil composition of each field is different, and the clay

percentage is a key parameter for estimating the soil’s dielectric constant. Again, the macromodel

simulations were executed assuming a 15% clay content, so it might be expected that the retrieval

performance would be best for fields 54, 83, and 94. The retrieval performance for field 83 is

generally good, but comparatively not for field 54 or 94. As another example, the forward model

predictions for field 71 match up better than the predictions for field 83. But the SMC retrieval

performance is better for field 83 than field 71. So, while it is very likely that there is mismatch

between the forward model and the real scattering scenario, it’s clear that this is not the only factor

that affects the variability in the retrieval performance between fields.

There is a plausible explanation for the last question. Soil roughness usually increases the

soil’s cross-polarized backscatter and reduces its co-polarized interaction with any plants. That

first effect would strongly influence σ0
hv. The second effect would influence σ0

vv or σ0
hh, but it

may not be as strong because the fields’ soil is relatively smooth for L-band; their roughness is

on the edge of validity for the small perturbation model (ks < 0.3, kl < 3, s/l < 0.3) [109].

Additionally, vertically polarized waves will strongly couple with a corn canopy because of the
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vertical orientation of the stalks, and thus σ0
vv is strongly influenced by the plant height, as can be

seen in the top of Fig. 5.4. Thus, because soil roughness may affect σ0
hv more strongly than σ0

vv,

and σ0
vv is strongly influenced by plant height, adding roughness information to the inversion may

not strongly enhance the plant height estimates.

5.7 Conclusion

It is possible to measure soil moisture and biomass with radar because of the backscatter’s sensitiv-

ity to the plant and soil structure and material properties. Deploying a SAR on a satellite makes it

possible to measure these quantities at regular time intervals across the globe. Modern SAR tech-

niques also allow large swaths of terrain to be imaged at high resolution so that SMC and biomass

estimates can be used for smart agriculture applications, improving local weather forecasts, and

environmental monitoring. The challenge in this endeavor is to correctly interpret backscatter with

regard to SMC and biomass.

This work has sought to aid in that goal by investigating whether estimates can be improved

by using σ0
pq predictions from a scattering model specifically designed for corn fields that is based

on a full-wave electromagnetic solver methodology. That scattering model is encapsulated in a

macromodel and serves as the basis for an inversion algorithm that generates SMC and biomass

estimates from radar data. The algorithm is based on a residual, artificial neural networks com-

bined nonlinear, regularized inversion. The inversion algorithm’s performance was first evaluated

using simulated data from the macromodel. Then, both the macromodel and inversion algorithms

were tested using vegetation, soil, and radar data that were collected during SMAPVEX12. The

inversion algorithm estimated growth stage more accurately than SMC. It was also found that the

SMC estimates improved if known prior information about the soil roughness was included in the

inversion process. The results indicate room for improvement, since an RMSE of 4% would be

more desirable. This is still an important step towards radar-based SMC and AGB estimation and

represents the first time that a full-wave scattering model has been used in this application.
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Figure 5.16: Scatterplots of the average measured co-pol phase difference versus measured SMC
(left) and plant height (right).

Further improvements may come from broadband scattering models for corn fields in order

to provide additional measurement points to enable more robust inversion results. Other features

such as the co-pol phase difference could also be modeled and included in the inversion process.

From the SMAPVEX12 data, the phase difference can provide information on plant growth stage

as seen in Fig. 5.16, but not necessarily information about SMC. Modeling the phase difference

would require fast full-wave simulations, since many realizations must be run in order to derive

phase difference statistics (10 is not enough). The incorporation of other ancillary information

would also be a large benefit, such as planting dates from farmers, a limited number of scattered in

situ soil moisture sensors or estimates of canopy height from other sensing modalities like LIDAR.
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CHAPTER 6

Conclusion

6.1 Research Summary and Contributions

This work has undertaken a detailed investigation of using 3D CAD models of corn plants to

help push the envelope forward on using SAR data to sense biophysical parameters like SMC

and Above Ground Biomass (AGB). Two important keys in this effort were (1) creating a model

that could predict the radar backscatter from a set of biophysical parameters or forward model,

and (2) developing an inverse model which could do the reverse: derive estimates of biophysical

parameters from radar backscatter data. An important aspect of that investigation is the ability

to measure the permittivity of different materials. Thus, this work also presented a novel system

for the in-line measurement of a liquid’s dielectric constant, which also used forward and inverse

models to make estimates. A summary of the major contributions of this dissertation include:

• An in-line system for measuring a liquid’s permittivity with a (1) novel sample holder de-

sign for easily introducing liquids while confining microwave energy; (2) a forward model

to account for variations in the design due to manufacturing tolerances; (3) an extensive

quantitative error analysis of the device; and (4) two fabricated designs to validate the mea-

surements with previous work and real-time capability.

• A simulation methodology for corn fields that (1) faithfully represents the plant’s geometry,

(2) accurately accounts for interactions among plant constituents and other adjacent plants,
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(3) accounts for interactions between the plants and the soil surface, (4) reflects the row

structure of the canopy, and (5) is computationally feasible for a full-wave commercial solver

to execute.

• A computer program for creating realistic 3D models of corn plants based on measured data

from the University of Florida, and a database of simulated radar backscatter from corn

for a whole growing season, which may be interpolated with splines to create a forward

macromodel. The forward model is also compared with SAR data from SMAPVEX12 and

is shown to have good agreement.

• A novel inverse model based on classical iterative, regularized inversion and a neural net-

work, which uses the macromodel for making estimates and training data for the network.

It’s ability to estimate plant height and soil moisture is again evaluated against SMAPVEX12

data.

6.2 Insights

The main contributions of this work stepped through the process of modeling radar scattering and

then using that model to sense biophysical parameters from radar data. Several insights were

gained in going through that process.

The first is that accurately retrieving parameters from radar data is difficult. Part of that diffi-

culty comes from several sources of uncertainty. One of these is modeling uncertainty, where the

scattering model may not faithfully represent the scattering processes that occur in reality. Another

source is associated with experimental data. Examples of this are the uncertainties associated with

the calibration of Synthetic Aperture Radar (SAR) data, and at what depth in situ soil moisture

measurements are made. Finally, there is some error that arises when attempting to invert a multi-

parameter scattering model. These uncertainties and error sources can build up, making it difficult

to retrieve biophysical parameters with high accuracy. The difficulty of properly characterizing

ground-truth data (SAR, in situ SMC measurements) has been identified by Long and Ulaby in
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[76, p. 364], who referred to it as a “curse of remote sensing.”

The second set of insights comes from some modeling aspects that could make an important

difference but were difficult to characterize. The first of these was the structure of the soil. This

work assumes a surface profile based on a random Gaussian process. However, the presence of

furrow-like structures would affect scattering from the soil surface. The effect of such structures

was not considered, though, because there was not enough information that could be found about

the shape of such structures. Thus, in the future they could be better characterized by using pin

profilometers or 3D scans of the soil profile to measure any furrow structures in a field. The second

modeling aspect is the spacing between plants. Spacing makes a difference as illustrated in Section

3.5.1. However, once again there was a lack of information about the variability of plant spacing.

Given another attempt at this study, it would be helpful to measure both the row and inter-plant

spacing statistics by measuring many samples in different corn fields.

The third insight deals with the experimental dataset. SMAPVEX12 is an excellent dataset, and

it would have been more useful for the purposes of this work if there was more information about

the previously mentioned modeling aspects (soil profile, plant spacing). There are also a couple

aspects of the radar data that would be more conducive for validating a vegetation scattering model.

The UAVSAR is an excellent, complicated system that makes use of electronic beam steering to

correct for the attitude of the UAVSAR with respect to the area of interest that it is attempting to

image. The beam’s characteristics likely change with respect to the steering angle, and this could

introduce some variability in the observed backscatter. Additionally, the resolution of the multi-

look UAVSAR dataset used in this work is about 5 × 7.2 m (range × azimuth) per pixel. The raw

single-look data has a higher resolution of about 1.67 × 0.6 m. This higher resolution would help

in resolving spatial variations within fields, but the UAVSAR single-look data was more difficult

to access during the course of this work.

For these reasons, it may be possible to more thoroughly validate a scattering model for corn

fields by using a relatively simpler, small SAR system operating from a drone that could operate

with a fixed antenna beam, high resolution, while incorporating a consistent calibration routine.
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The fixed beam would reduce variation from beam steering, and a higher pixel resolution would

help with discerning spatial variations. A consistent calibration routine is a necessary feature to

track changes in scattering from a corn field. Using such a SAR system in combination with other

ground-truth measurements like the plant structure or soil moisture could then provide an experi-

mental database with a tighter relationship between the radiometric and biophysical measurements,

which may then help to enhance the fidelity of any developed scattering model.

6.3 Future Work

6.3.1 Standardized Test Datasets

It is still an open question as to how well this corn field forward model performs in comparison

to other types of well-known models like ones based on RT or the DBA. It would be valuable to

see one of these methods applied in the same way as the present work to the SMAPVEX12 data

to provide a thorough, fair comparison. A lack of such comparisons between different methods is

one challenge that may face the field right now. Perhaps one reason for this may be the scarcity of

easily accessible high-quality datasets with simultaneous measurements. There are many studies

that publish good work on their own methods, but sometimes with datasets that are unique to their

work in some way, thus making it difficult to fairly compare two different methods. The availability

of Sentinel-I data has certainly helped to provide some commonality between approaches, however.

It may be a valuable asset for the microwave remote sensing community to have a standard group

of datasets that new SMC or AGB retrieval algorithms or forward scattering can be tested against.

This would help to clarify what methods work well and crystallize meaningful progress.

6.3.2 Modeling Tilted Ground Planes

On the forward modeling side, one direction for future investigation is studying the effect of a

tilted ground plane on the backscatter from corn plants. It certainly has a significant effect, and
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it may be possible to fully characterize it with the methodology of this work. However, it could

require significant computation, since taking ground tilt and tilt direction into account will add two

variables to the five which already make up the simulation database, thus requiring many additional

simulations.

6.3.3 Additional Directions for Future Investigation

• Applying this same simulation methodology to other types of plants. An important focus

here would be developing accurate allometric models of the plants.

• Extending the plant full-wave analysis to calculate the backscatter as a function of frequency.

The current setup does not easily allow this (essentially, simulations have to be re-run for

each frequency).

• Accelerating the process of calculating the average backscatter coefficient. The current

method relies on averaging the results of several random realizations in order to arrive at

that. Perhaps the solution to this may be a custom numerical solver that can execute much

more quickly.

• On the inverse sensing side, additional features could be investigated for improving predic-

tions, such as the average co-pol phase difference or multi-frequency data.
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APPENDIX A

SST-based Corn Scattering Model

The SST-based model follows the same formulation as that given by Sharma et al. [131] in their

appendix, with several modifications. First, scattering coefficients are calculated for the entire

plant as one entity, rather than breaking it up into stalks and leaves. Second, the plant’s scattering

coefficients are calculated using HFSS, which has the benefit of accounting for intra-plant scatter-

ing mechanisms. The equations for the direct and bistatic components were modified to reflect the

fact that the simulation’s phase center was located at the bottom of the stalk of each plant. The

average direct component is given by

σ̄0
q,direct =

⟨σq,direct⟩
Aplant

e−4|κ′′
q |d, (A.1)

where the angle brackets ⟨·⟩ are an average of the orientation statistics and plant models, σq,direct

is the direct RCS calculated by HFSS, q is the vertical (v) or horizontal (h) polarization, Aplant is

the nominal area of ground that each plant occupies, κ′′
q is the imaginary part of the mean wave

propagation constant, and d is the canopy depth. The bistatic component is given by

σ̄0
q,bistatic = 4|Γq,surface|2

⟨σq,bistatic⟩
Aplant

e−4|κ′′
q |d, (A.2)

where Γq,surface is the reflection coefficient of a rough soil surface, and σq,bistatic is the bistatic

RCS calculated by HFSS. Finally, the rough surface scattering σ0
q,surface is calculated with AIEM

[43, 158] rather than IEM [42].
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