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Abstract

Commercial navigational marine radar systems are attractive for maritime and

oceanographic use due to their high power and low cost. However, their magnetron-

based transmitters generate random phase variations, and their receive subsys-

tems are susceptible to intermediate frequency drift. This thesis develops a

software-based coherent-on-receive signal processing framework that enables co-

herent Doppler processing on unmodified magnetron-based radar platforms. To

resolve the random pulse-to-pulse phase variations, the study proposes two distinct

phase correction algorithms: a Gradient Ascent optimization and a computation-

ally efficient Phase Difference Averaging technique. The proposed algorithms are

evaluated in comparison with an existing technique rooted in matched filtering

principles. Furthermore, the research mitigates non-stationary intermediate fre-

quency by utilizing the proposed power spectral density and template matching

estimation techniques. The efficacy of the framework is rigorously tested through

experimental data collections in radar environments, including stationary ground

targets, dynamic platform motion, and true sea clutter. Experimental results

confirm that signal processing algorithms can extract coherent Doppler informa-

tion on moving targets, including unmanned aerial vehicles, helicopters, thrown

projectiles, and birds, even when obscured by dominant environmental clutter.

Ultimately, this work develops and validates advanced adaptive signal processing

techniques that overcome the inherent hardware limitations of affordable marine

xii



radars, rendering them viable for advanced detection applications.
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Chapter 1

Introduction

1.1 Overview

Radar is an electromagnetic remote sensing technology used to detect, track, and

image targets or areas of interest within complex environments. Similar to other

electromagnetic sensing modalities, such as infrared, LiDAR, and even the human

visual system, radar operates by transmitting electromagnetic (EM) waves and

analyzing the signals reflected from objects within a scene. In most radar systems,

this energy is radiated into free space via a directive antenna, which also enables

estimation of the spatial location of objects relative to the radar. By precisely

measuring the propagation time of the transmitted signal, the system can deter-

mine the distance, or range, to a target. Advancements in radar technology have

enabled precise control of signal frequency and phase, paving the way for coherent

processing techniques that enable a system to estimate the velocity of objects in

a phase-coherent system. Radar systems are capable of reliable operation in con-

ditions that degrade other sensing modalities, including darkness, fog, rain, and

snow. Marine radar systems, in particular, are typically shipborne and are used

to detect and monitor objects such as vessels, landmasses, buoys, precipitation,

and sea ice. These systems are essential for safe maritime navigation, especially
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in low-visibility conditions, and are regulated under international law.

In particular, commercial off-the-shelf (COTS) marine radar units are widely

deployed in demanding operational environments due to their cost-effectiveness

and high peak power output. Most COTS marine radar systems rely on a mag-

netron as their radio-frequency (RF) power source, which is a cheap, compact,

and power-efficient device capable of generating radio frequency (RF) energy.

However, unlike other high-power RF sources used in radar systems, the mag-

netron operates as a power oscillator rather than a power amplifier, which does

not natively allow for amplitude or phase modulation of the transmitted signal

[2]. Consequently, each transmitted pulse exhibits a random initial phase, ren-

dering the system inherently non-coherent. This lack of coherence prevents the

direct application of coherent integration techniques and limits the radar’s ability

to perform Doppler processing for velocity estimation [3]. Doppler processing and

other advanced signal processing techniques increase the operational capability of

a radar system dramatically, so enabling coherent capabilities in COTS systems

is highly desirable.1

Early approaches to attaining coherence in a magnetron-based system focused

on injecting a low-power coherent reference signal into the magnetron to con-

trol the output phase [4], [5]. These approaches achieved pulse-to-pulse coherence

over bandwidths close to 200 MHz by injecting a low-noise oscillator signal strictly

timed to coincide with magnetron startup. The resulting phase-locked magnetron

emission exhibited phase stability sufficient for coherent pulse-Doppler process-

ing while maintaining the magnetron’s high output power [4], [5]. However, for

modern off-the-shelf marine radars, the transmitter is often sealed, and the sub-

systems are proprietary, making such modifications impractical. In addition, the
1Disclaimer: portions of this section were included in and have been accepted for publication

in [1]

2



injection-locking system requires a stable reference oscillator and RF components

capable of handling the magnetron’s high output power, thereby increasing the

system’s complexity and cost.

Coherent-on-receive (COR) processing can offer a more practical approach to

achieving coherence in magnetron-based systems without the same expensive and

invasive hardware modifications. In COR systems, the transmitter operates with

random phase variations, which the signal processing, not the hardware, estimates

and compensates for. One approach sampled the transmitted signal directly, en-

abling synchronous analog-to-digital converters to digitize the transmit signal and

the received echoes for COR processing [6]. In [7], a high-power marine radar is

modified with a tunable synthesizer and high- and low-gain channels to enable

COR processing. In both examples, a digitized transmit pulse model is created

and used to account for the magnetron-induced phase offset. Implementations

based on this principle have demonstrated the capability for Doppler processing

and moving-target detection by sampling and processing transmit and receive

signals with appropriate phase corrections. While not explicit on the specific

processing and hardware modifications, others have also used a modified X-band

marine radar for coherent signal processing [8], [9], [10].

A key distinction of this work from existing studies is the complete absence of

subsystem hardware modifications, which introduces previously unknown experi-

mentally observed obstacles. Beyond the random initial phase of the magnetron, a

critical secondary issue is the presence of intermediate-frequency (IF) instabilities

within the receiver chain [11]. Although the precise source of this time-varying

frequency drift is difficult to identify in proprietary systems, both literature and

experimental observations suggest that it arises from instability in local oscil-

lators [12]. Unlike the constant phase offset introduced by the magnetron, IF
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drift induces time-varying phase modulation within individual pulses, necessitat-

ing additional compensation strategies. Effective mitigation of both the random

transmit phase and IF drift with adaptive signal processing techniques is essential

for realizing a practical coherent-on-receive marine radar system.

This thesis develops and evaluates a signal processing framework to enable

coherent-on-receive operation in unmodified COTS marine radar systems. The

work includes experimental characterization of the radar platform and the devel-

opment of techniques to address both magnetron-induced phase offsets and time-

varying IF drift. The proposed methods are evaluated using multiple coherence

metrics and validated through extensive experiments involving both stationary

and moving targets in ground and maritime clutter environments. By demon-

strating reliable coherence restoration and enabling meaningful Doppler measure-

ments, this work establishes a practical pathway for extending the capabilities of

COTS marine radar systems for advanced sensing applications.

1.2 Contributions

This thesis makes the following contributions:

• Development of two novel algorithms, Gradient Ascent and Phase Difference

Averaging, for estimating and compensating the initial transmit phase in

magnetron-based pulsed radar systems

• Introduction of two estimation techniques for compensating time-dependent

intermediate-frequency instabilities in COTS marine radar systems without

hardware modification

• Comprehensive quantitative evaluation of the proposed methods, alongside

existing techniques, using novel coherence metrics across diverse radar en-

4



vironments

1.3 Thesis Outline

The remainder of this document is organized into the following chapters:

Chapter 2 reviews fundamental radar concepts, including hardware charac-

teristics, signal models, range measurements, noise definitions, signal-to-noise in-

teractions, and clutter. It also introduces the basics of Doppler processing and

discusses the role of coherence in radar performance. The content in this chapter

creates the foundation upon which the material in this thesis is built.

Chapter 3 describes the COTS radar system used in this study, including

data acquisition and system interfacing. It outlines experimental procedures for

characterizing system noise and time delay behaviors, and defines the creation

of an in-situ transmit pulse model. Finally, emphasis is placed on the digital

downconversion process and diagnosis of the time-varying IF drift.

Chapter 4 presents the development of coherency algorithms designed to com-

pensate for constant phase errors and restore coherence. Techniques such as phase

difference estimation, gradient-based optimization, and matched filtering are de-

scribed, along with adaptive digital downconversion methods for mitigating IF

drift. Performance metrics meant to encapsulate coherence of the system, in-

cluding phase variance, angular variance, and Doppler characteristics, are also

introduced.

Chapter 5 evaluates the proposed methods using experimental data from sta-

tionary targets and clutter environments. Assessment and optimization of algo-

rithm effectiveness is made in situations with and without dominating ground

clutter. Performance is analyzed with range-Doppler visualizations, coherence

metrics, and comparative studies. Observed limitations, including sensitivity to

5



IF estimation uncertainty, are also discussed.

Chapter 6 extends the analysis to non-stationary clutter in both ground and

maritime environments. Scenarios include varying target dynamics and sea clutter

conditions.

Chapter 7 concludes the thesis by summarizing the key findings and contribu-

tions, reiterating the scientific contributions of the work. It also describes limita-

tions of the current approach and provides recommendations for future work.
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Chapter 2

Radar Principles

2.1 Radar Hardware

2.1.1 Radar Structure

Modern radar systems vary widely in their hardware implementations, but most

share a common set of core components and subsystems designed to perform

specific functions. This section provides a highly simplified description of key

elements in a typical radar system, following the signal path from generation to

digitization. This discussion is not exhaustive and omits many additional filtering,

frequency conversion, and RF device stages that may be present in practical sys-

tems. This work focuses primarily on pulsed radar systems, in which the system

transmits a pulse of RF energy over a defined duration, followed by a listening

interval during which echoes are received before the next pulse is transmitted.

Transmit Subsystem

The transmit subsystem begins with a waveform generator, which produces a

representation of the desired phase-modulated signal at low frequencies, typically

near DC. This representation is commonly referred to as the baseband signal.

Modern waveform generators exercise precise control over frequency and phase,

7



enabling the synthesis of a wide array of arbitrary waveforms [13].

However, baseband signals are not suitable for direct transmission and must be

mixed to the signal carrier frequency prior to transmission into the environment.

This process is accomplished using an RF mixer and a stable local oscillator,

which provides the reference signal for frequency conversion. The mixing process

inherently produces undesirable image frequencies and intermodulation products,

which must be removed using appropriate filtering. After application of an analog

filter, the signal reaches a high power amplification stage to produce signals of the

necessary strength. In systems with a magnetron power oscillator, the functions

of waveform generation, frequency conversion, and amplification are effectively

combined within a single device, making it an attractive option for cost-efficient

applications.

After amplification, the signal is routed through a circulator, a non-linear de-

vice that passes energy between ports in a unidirectional manner (i.e., Port 1 to

Port 2, Port 2 to Port 3, and Port 3 to Port 1), while maintaining high isola-

tion against power flow in the reverse direction. This protects sensitive receiver

components from high transmit power while allowing much weaker return echo

signals to pass to the receiver. Finally, the signal is radiated by the antenna,

which shapes the spatial distribution of the transmitted energy according to its

radiation pattern. Antenna transmission is inherently non-ideal, leading to the

formation of sidelobes that radiate energy outside the main beam.

Receive Subsystem

After transmission, the radiated energy propagates through the environment, in-

teracting with objects and undergoing reflection, scattering, and attenuation, with

some portion of energy returning to the radar system. The receive antenna concen-
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trates EM energy density from free space and transfers it to the circulator, which

routes the signal to the receive subsystem. The receive chain sometimes includes

a limiter circuit to protect downstream components from high-power signals. The

received signal is then amplified, typically by several orders of magnitude with

a low-noise amplifier (LNA) designed to minimize the introduction of additional

noise. The amplified signal is subsequently downconverted to an intermediate

frequency with a stable local oscillator and filtered to suppress image frequencies.

The final stage of the receive subsystem is the creation of in-phase and quadrature

data from the IF signal as discussed in Section 2.1.2. This receive architecture is

commonly referred to as a superheterodyne receiver [3].

2.1.2 Demodulation Principles

The motivation for downconversion and baseband processing is rooted in the

Nyquist sampling theorem, which states that the sampling rate must be greater

than or equal to twice that of the highest frequency present in the signal. High

sampling rates can raise demands on power consumption, data throughput, and

computational load, so received data is typically shifted to lower frequencies prior

to digitization, allowing for significantly reduced sampling rates. Frequency trans-

lation is achieved through ”mixing,” a non-linear operation that in ideal contexts

acts as multiplication by a sinusoidal signal. Using the trigonometric identity

sin(ωRF )cos(ωLO) = sin(ωRF + ωLO) + sin(ωRF − ωLO)
2 , (2.1)

which contains both sum and difference frequency components. By filtering out

the unwanted image frequency, in this case ωLO +ωRF , the signal can be shifted in

frequency. These principles underlie upconversion to RF, downconversion to IF,

and subsequent conversion to baseband. In practice, perfect mixing of two analog
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frequencies is unattainable, producing intermodulation products that corrupt the

signal and must be mitigated through additional filtering.

Analog Demodulation

After downconversion to IF, the received signal is represented as a real-valued

voltage waveform centered at the intermediate frequency. Analog demodulation

generates data products by splitting the signal into two parallel channels of equal

length and mixing them with sine and cosine reference signals, respectively. Each

signal is low-pass filtered to remove the image frequencies, which produces two

analog signals that are 90◦ out of phase, called the in-phase (I) and quadrature

(Q) signals. Together they form the complex representation of the signal

x(t) = I(t) + jQ(t) = ejθ(t) (2.2)

which is widely referred to as IQ data. IQ representation enables efficient signal

processing by capturing both amplitude and phase information. Unlike real-valued

signals, which must have symmetric spectral content, complex-valued signals can

be used to represent an asymmetric frequency spectrum. In this way, the sig-

nal spectrum can be centered at DC, and the received information can be fully

recreated with a sampling rate equal to the bandwidth, although traditionally

the sampling rate is chosen by some margin above the minimum threshold. This

approach significantly reduces power consumption, computational burden, and fi-

nancial cost on the system and is a widely implemented practice.

Digital Demodulation

While analog demodulation is a critical element of many radar systems, it can

also be responsible for many practical challenges that must be addressed. In an

10



ideal context, the I and Q channels have identical amplitude and phase responses

and are precisely 90◦ out of phase from one another. This is impossible in prac-

tice, leading to a disparity in amplitude and phase often called IQ imbalance [14].

An alternative approach is to sample the IF directly and perform the final de-

modulation in the digital domain. Although this requires a higher sampling rate

(exceeding twice the IF plus half the signal bandwidth), it is advantageous in

many cases because of the improved flexibility and removal of analog imperfec-

tions.

Digital downconversion is typically implemented in two ways. The first tech-

nique is a digital frequency shift with a complex exponential (e−j2πfIF t), followed

by a lowpass filter. Because real-valued signals have symmetric spectra, the low-

pass filter is required to remove the mirrored frequency components previously

located around −fIF . An alternative method employs the Digital Hilbert Filter

[15] and was not used in this work. An optional final step in digital demodulation

is decimation, which reduces the sampling rate after the signal has been shifted to

baseband. Since the newly downconverted signal spectrum is now centered at DC,

the sampling rate needs only to satisfy fs ≥ β, where β is the signal bandwidth, to

fully encapsulate the recorded information. Decimation can significantly reduce

data throughput and processing requirements, but was not used in this study.

2.2 Basic Radar Signal Processing

2.2.1 Transmit/Receive Signal Model

Transmit Signal Model

The operational modes and capabilities of a radar system are strongly influenced

by the signal waveform. A single pulse of an arbitrary waveform modulated in
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amplitude and phase can be expressed as

x̄(t) = a(t)cos[2πFct + θ(t)] = a(t)Re{ej(2πFct+θ(t))} (2.3)

where a(t) denotes the pulse amplitude envelope, Fc is the carrier frequency, and

θ(t) represents the phase modulation applied to the transmitted waveform. In

many systems, the transmitter operates in saturation, such that increases in input

power do not translate to a proportional increase in output power. Consequently,

it is common to have no amplitude modulation, and a(t) is often approximated as

a rectangular pulse with a duration of τpw [3]. For phase-modulated waveforms,

θ(t) may vary rapidly with time, and is manipulated to improve or specialize in

a wide array of parameters. Although there was no intentional phase modulation

applied in this system, the use of a magnetron transmitter ensures that the initial

phase of the transmitted signal is random. Accordingly, the phase modulation is

modeled with θ(t) = ϕm where ϕm is the phase offset of the mth pulse relative to

an arbitrary reference.

Return Signal Model

The received signal corresponding to a single transmitted pulse can be modeled

as a time-delayed and amplitude-scaled version of the transmitted signal:

ȳ(t) = a(t − τ)ej2πFc(t−τ)+θ(t−τ) + N(t) (2.4)

where τ is the round-trip propagation delay associated with a target at range R0,

given by τ = 2R/c. Fc is the carrier frequency, a(t) reflects amplitude scaling

governed by the radar range equation (Section 2.2.5), and N(t) traditionally rep-

resents an additive noise term as described in Section 2.2.4. This model neglects
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target motion, which is addressed in Section 2.3.3. As in the transmit model, the

phase modulation term is a constant written with θ(t) = ϕm.

2.2.2 Range Quantities

In pulsed radar systems, it is often impractical to simultaneously transmit and

receive EM energy. Although a circulator provides high isolation between transmit

and receive paths, it is an imperfect device that allows leakage of high-power

transmit energy into the receiver. This leakage can dominate the receiver input

during transmission, effectively preventing the detection of target echoes within a

certain interval. The corresponding space traversed by reflected EM waves during

this time is known as the blind range and is given by

RBlind = τpwc

2 . (2.5)

If a target is located within this range, it can easily be missed due to saturation

of the receive subsystem by the high-power transmit leakage.

Another key parameter is the range resolution, which describes the ability to

distinguish between objects near one another in range. For a simple, unmodulated

pulse, the radar resolution is found with

∆R = τpwc

2 . (2.6)

In a system utilizing pulse compression waveforms, this quantity is dependent on

the bandwidth of the signal rather than the pulsewidth and can be found with

∆R ≈ c

2β
(2.7)
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where β is the bandwidth of the pulse. However, the hardware used in this study

used only simple pulse waveforms, for which the range resolution is equal to the

blind range.

A third system-specific parameter is the unambiguous range. Pulsed radar

systems emit pulses at the pulse repetition frequency (PRF), with corresponding

pulse repetition interval (PRI) TP RI = 1/PRF. If a return echo arrives after a

subsequent pulse has been transmitted, ambiguity arises in determining its origin,

and the system falsely assumes the signal is an echo from the second radiated

pulse. Thus, the maximum range for which echoes can be uniquely associated

with a single pulse is then called the unambiguous range and written with

Rua = cTP RI

2 . (2.8)

There exist methods for mitigating this ambiguity, including staggered PRFs,

but none were implemented with the hardware in this study. Fortunately, the

hardware used in this study provides an unambiguous range of 54.3 km, which

significantly exceeds the maximum detectable range of interest, so the possibility

for range ambiguities was ignored.

2.2.3 Pulsed Radar Data Structure

Radar signal processing is often restricted to echoes within a predetermined set

of ranges. The blind range, for example, is typically useless and might be omitted

from the processed data. The measured data from the ranges of interest are

compiled for pulses that will be processed together into a coherent processing

interval (CPI). For the sequence of pulses within a CPI, received data is organized

into discrete range bins, each corresponding to a specific distance interval.

The resulting data structure can then be represented as a two-dimensional
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matrix. One dimension, referred to as fast-time, corresponds to samples within a

single pulse and maps directly to the individual range bins. The second dimension,

known as slow-time, represents the data contained within an individual range bin

between successive pulses in the CPI. In this work, the range bin size is defined

as the round-trip interval traveled by a propagating signal in the time between

two adjacent samples. It is determined by the sampling period Ts = 1/Fs of the

fast-time signal and written with

Rbin = cTs

2 . (2.9)

The range bin spacing can be significantly finer than the system’s range resolu-

tion, which aids in resolving targets that otherwise would be located at or near

resolution boundaries.

2.2.4 Noise

Thermal Noise

In every radar system, the EM echoes from targets in the scene must be distin-

guishable from the noise of the system. Noise is defined as unwanted electromag-

netic energy that interferes with a receiver’s ability to detect a desired signal. The

dominant noise source is typically thermal noise, generated by the constant ran-

dom motion of electrons. These random motions produce power variations that

are modeled by an additive zero-mean Gaussian random process [16]. The noise

power spectral density at frequencies lower than 100 GHz with temperatures larger

than 50 K can be approximated with Sn(F ) = kT0 W/Hz, where k is Boltzmann’s

constant (k = 1.38×10−23J/K), and T0 is the temperature in Kelvin. When pass-

ing through an amplifier, both thermal noise and the signal are amplified, scaling
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the noise power by Gr, which represents the receive gain of the system. Each RF

component contributes noise to the system, which is often lumped together into

the noise figure term Fn. The total noise power is obtained by integrating the

spectral density over the noise-equivalent bandwidth βn, resulting in

N(t) = kT0GrFnβn. (2.10)

However, for the equipment in this study, the noise figure of the receive subsystem

and its overall receiver gain were unknown, and so the true thermal noise calcu-

lation could not be performed.

Quantization Noise

When digitizing any signal, it is important to also consider the effects of quanti-

zation of a continuous-time process into discrete samples. In [17] the quantization

error of a system can be approximated as white Gaussian noise if the quantizer

does not overload, the probability distribution of the error is uniform over the

range of quantization error, the error sequence is uncorrelated with the input se-

quence, the error sequence is a sample sequence of a stationary random process,

and the random variables of the error process are uncorrelated. If these criteria

are met, the white-noise model of quantization error has a power spectral density

equal to its variance and can be written with

Pqn = σ2
qn = 2−2(B−1)X2

max

12 |ω| ≤ π (2.11)

where B is the bit resolution of the ADC and Xmax is the full-scale input range

[17]. There are many examples of situations where these assumptions are valid,

but experimental and theoretical studies concluded that the measured correlation
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between input and error decreases and the error samples become uncorrelated

when the quantization step size is small relative to the input signal and the sig-

nal traverses multiple quantization bins between samples [18], [19], [20]. These

conditions may be met initially by measured radar return signals, but as target

range increases, the received signal amplitudes can diminish enough to change the

statistical properties of the noise.

The statistical characterization of quantization noise becomes very difficult

when those assumptions fail, with some proposed representation methods de-

scribed in [21]. As a result, metrics and evaluations conducted in this study

attempt to avoid target ranges and radar cross-section (RCS) values at which this

quantization noise is not easily described. In most radar systems, it is customary

to set the quantization noise significantly below the amplified thermal noise floor

to reduce the effect on overall noise. However, for the equipment in this study,

setting the quantization noise floor at such a level was not possible due to the

required input signal power ranges and physical hardware limitations.

2.2.5 Signal-to-Noise Ratio

The relationship between radar system hardware characteristics and the maximum

detectable range of a target is modeled by the radar range equation. For isotropic

radiation, the power density at range R is Pt/(4πR2). If the antenna has a transmit

gain of G, an effective area of Ae, and the radiated energy reflects off an object

with a RCS of σ, a simple version of the radar-range equation can be modeled

with

Pr = PtG

4πR2 · σ

4πR2 · Ae = PtGAeσ

(4π)2R4 (2.12)

where Pt and Pr are the peak transmit and receive powers. For monostatic sys-

tems, the effective aperture is Ae = Grλ2

4π
where λ is the wavelength of the trans-
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mitted signal and Gr is the receive gain of the antenna. The signal power loss

in a system is denoted Ls, and the attenuation of the signal in the atmosphere

is represented by La. A received radar echo must then be distinguished from the

noise power by some algorithm, which is highly dependent on the signal-to-noise

ratio (SNR). The SNR is a unitless measure of the received signal power, calcu-

lated with the radar range equation, divided by the noise power of the system,

and can be written as

SNR = Pr

Pn

= PtGtGrλ
2σ

(4π)3R4LsN(t) . (2.13)

Traditionally, N(t) is written assuming that thermal noise forms the noise floor

using Equation (2.10), but in the case of this system, the noise floor is set by

the quantization error of the ADC. As mentioned earlier, quantization noise is

difficult to characterize under the conditions of this work, so an estimation of the

noise level was determined experimentally with the methods described in Section

3.1. Although no fixed SNR threshold guarantees detection, it strongly influences

the performance of a detector in a radar system. The principles of detection are

not examined in this work, but it is important to know that the SNR plays a large

role in the relationship between the probability of detection and the probability

of false alarm. An example of this dependence for a simple threshold detector in

the presence of complex Gaussian noise is illustrated in Figure 2.1.

2.3 Radar Coherence

Coherence in a pulsed radar system refers to the ability to preserve phase rela-

tionships between successive transmitted pulses. When the system can maintain

or accurately recover the initial phase of each transmitted waveform, it enables

18



10
-10

10
-5

10
0

P
FA

0

0.2

0.4

0.6

0.8

1

P
D

SNR = 0dB

SNR = 3dB

SNR = 10dB

SNR = 13dB

Figure 2.1: Example probability of detection vs. probability of false alarm for
multiple SNR values

the extraction of additional information beyond amplitude-only measurements.

As described in [22], coherent radar systems are generally classified into two cat-

egories.

Class I radar systems use a pulsed oscillator with a coherent reference oscillator

to create a coherent pulse train. These systems do not ordinarily produce trans-

mitted waveforms on transmission of the signal, but instead correct the variability

in phase with a detector circuit using the coherent reference oscillator in the re-

ceive subsystem. In contrast, Class II systems utilize a stable master oscillator to

generate pulses with a consistent initial phase across transmissions. This archi-

tecture inherently supports coherent processing and can be extended to systems

that apply intentional phase modulation, such as pulse compression techniques.

The radar system considered in this study does not strictly conform to either

class. It exhibits non-coherent pulse emissions and lacks a dedicated coherent

reference oscillator. Instead, coherence is achieved through software-based com-
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pensation of phase instabilities applied directly to sampled radar echo data.

2.3.1 Noncoherent Processing

In a fully noncoherent radar system, signal processing capabilities are limited due

to the absence of pulse-to-pulse phase information. In such systems, the phase

information of IQ data is discarded, and detection and tracking rely solely on the

magnitude of the measured data samples. SNR improvements can be achieved

through noncoherent integration, where some function of the signal magnitudes

(log-magnitude, magnitude-squared, or magnitude itself) is summed across a co-

herent processing interval. The output for noncoherent integration of the magni-

tude of the radar measurements, as described in [3], is given by

Y =
N−1∑
n=0

|Aejϕ + w[n]|2 = NA2 +
N−1∑
n=0

|w[n]|2 +
N−1∑
n=0

2Re{Aejϕ · w∗[n]} (2.14)

where A is the signal amplitude, N is the number of integrated pulses, ejϕ is

the signal phase, and w[n] is the additive noise. The presence of the cross-term

involving both signal and noise complicates separation into distinct signal and

noise components. Consequently, the non-coherent integration gain, GNC , of a

signal cannot be written simply, but is stated in [23] to be within the range of

GNC = Nα 0.5 < α < 1. (2.15)

Noncoherent integration is often the final stage of processing prior to detection in

such systems and does not provide any information regarding target velocity.
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2.3.2 Coherent Integration

The integration gain is substantially easier to quantify in a fully coherent radar

system where the phase information is retained. The summation of N coherent

complex voltage samples yields

Z =
N−1∑
n=0

{Aejϕ + w[n]} = NAejϕ +
N−1∑
n=0

w[n] (2.16)

which is cleanly separable into signal and noise components [3]. Assuming the

noise samples are independent, zero-mean, and have variance σ2
n, the power of

the summed noise terms is simply Nσ2
n. The integrated signal power is calculated

with N2A2, formed from the summed complex voltage samples. The resulting

SNR after coherent integration is

SNRout = N2A2

Nσ2
n

= N
A2

σ2
n

= N(SNRin). (2.17)

Thus, coherent integration provides an improvement in SNR proportional to the

number of pulses integrated in the CPI.

This result, however, requires that corresponding samples from separate pulses

have the same initial transmit phase of ϕ. If the initial transmit phase changes

between pulses without compensatory measures, the integration gain suffers as∑N−1
n=0 Aejϕm ̸= NAejϕ. Additionally, the integration gain is only valid if the

noise component w[n] is fully independent of the signal Aejϕ, or the noise power

calculation changes. The signal Aejϕ is deterministic, so its integrated power level

does not change with non-independent noise, but the integrated noise power is
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found by calculating the variance of Z, given by

E[Z2] − E[Z]2 = E

N2A2ej2ϕ + 2NAejϕ
N−1∑
n=0

w[n] +
(

N−1∑
n=0

w[n]
)2

− E
[
NAejϕ +

N−1∑
n=0

w[n]
]2

= N2A2ej2ϕ + E
[
2NAejϕ

N−1∑
n=0

w[n]
]

+ Nσ2
n − N2A2ej2ϕ

= E
[
2NAejϕ

N−1∑
n=0

w[n]
]

+ Nσ2
n.

(2.18)

This resulting noise power contains an additional term that depends on the signal-

noise relationship and the length of the CPI, and whose expected value is likely

nonzero. While thermal noise is independent of the signal, quantization noise

violates this assumption when the signal amplitude approaches the quantization

step size [17]. Consequently, objects in the radar environment that might emerge

from beneath a thermal noise floor with coherent integration don’t necessarily

exhibit the same behavior when the noise floor is set by quantization error effects.

2.3.3 Doppler Processing

A leading advantage of a coherent radar system is the ability it creates to estimate

target velocity through Doppler processing. This capability enables improved clut-

ter suppression, enhanced moving target detection, micro-Doppler analysis, and

improved target discrimination. Unlike noncoherent integration, which produces a

single trace of summed measurements, coherent Doppler processing yields a range-

Doppler map (RDM), representing target energy as a function of both range and

velocity [24]. An example RDM is shown in Figure 2.2.

Doppler processing is based on the principles of traveling waves. When there

is relative motion between a wave source and an observer, the spacing of wave
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Figure 2.2: Example range-Doppler map with strong clutter and two moving
targets

fronts changes proportionally to the radial relative velocity, thereby changing the

observed frequency of the wave. That change is called the Doppler frequency shift,

which can be calculated for non-relativistic objects detected by radar using

Fd = 2v

c
Fc = 2v

λ
(2.19)

where λ is the wavelength and v is the radial velocity component between target

and observer. Within the duration of a single pulse, the Doppler-induced phase

shift exists in theory, but measurement of that shift is an impossible task in prac-

tice. Therefore, Doppler estimation relies on phase differences between successive

pulses, which requires coherence over the CPI.
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Phase History

The principles of pulse-Doppler processing can be illustrated using the signal

model from Section 2.2.1. If an object is assumed to move with constant radial

velocity over a CPI, its range can be written as a function of time with R(t) =

R0 − vt, where R0 is the initial range and v is the radial velocity. The receive

signal model from Equation (2.4), ignoring pulse modulation and noise terms, can

be written with

ym(t) = A

(
t − 2R(t)

c

)
exp

[
j
(−4π

λ0
R(t) + 2πFct

)]
. (2.20)

Proper downconversion removes the j2πF0t term, and if the amplitude scaling is

absorbed into a constant k, the signal as a function of m pulses radiated every

TP RI seconds becomes

ym

(
t = mTP RI + 2R0

c

)
= k exp

[
−j

4π

λ0

(
R0 − 2vR0

c

)]
exp

[
j

4πv

λ0
mTP RI

]
.

(2.21)

Under the stop-and-hop assumption, it is assumed that the target does not move

while the mth pulse is in the air. In this assumption 2vR0 << c, so the 2vR0
c

term

approaches zero, and the round-trip phase term can be assumed not to change

between pulses. Thus, the second exponential term is responsible for the phase

change between pulses and can be written with 4πv
λ0

every TP RI seconds. This is

known as the phase history of a series of pulses and is equal to a 2πFd radian shift

between each pulse, forming the basis for velocity estimation.

Range-Doppler Representation

The information provided by the phase history of a coherent pulse train can then

be used to formulate a representation of the targets in the scene using the dis-

24



crete Fourier transform (DFT) applied along the slow-time axis. This operation

converts the sequence of measured data into its constituent frequencies. In this

way, the sequential phase shifts across slow-time for individual range bins are

concentrated into frequency bins that represent the energy concentrated at those

Doppler frequencies, forming the range-Doppler map.

Since the phase shifts of a moving target between adjacent pulses are equal to

its Doppler shift in radians, the PRF of the system functions as the sampling rate

of that Doppler shift. The Nyquist Theorem then states that the unambiguous

measurable Doppler shift of a target must fall within

−FP RF

2 < Fd <
FP RF

2 . (2.22)

Objects moving at speeds exceeding the unambiguous Doppler shifts will then

alias to some frequency within the allowable range, and their true velocity will be

obscured.

The Doppler frequency resolution is determined by the properties of the DFT

and is given by

∆Fd = FP RF

N
(2.23)

where N is the number of pulses in a CPI. Thus, increasing N produces a finer

velocity sampling grid, but does not alter the measurable velocity bounds. The

final output of conventional range-Doppler processing is therefore a range-Doppler

map characterized by these fixed bounds and the corresponding velocity resolu-

tion.
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2.4 Clutter

Clutter consists of electromagnetic radar returns from physical objects in the

environment, including terrain, vegetation, sea surfaces, and weather phenomena.

These returns can obscure targets of interest and degrade detection performance.

Unlike noise, clutter arises from real physical scatterers in the scene, rather than

random or error-based quantities that corrupt a received signal. This distinction

is important because in a coherent system, the clutter returns sum coherently in

addition to those from the target of interest.

Depending on the application, clutter may be either a nuisance or a source of

useful information. For example, a radar altimeter, SAR, and ground-mapping

radar systems all make use of radar echoes from the land, while these echoes

interfere with other radar applications. In this study, both ground and sea clutter

are considered. As the name might suggest, ground clutter comprises the signal

returns of objects in the scene located on the ground. When radiating from a

stationary platform, ground clutter has no velocity relative to the radar system

and can be mitigated using relatively simple filtering techniques. In contrast, sea

clutter is inherently dynamic and exhibits complex statistical behavior, requiring

more sophisticated modeling and suppression methods [25]. Both clutter types are

analyzed in this work as potential signals of interest and as sources of interference,

each presenting unique challenges for detection and processing.

26



Chapter 3

Radar System Characterization

3.1 Experiment Hardware

The physical radar system used for experimentation in this work was the Furuno

FAR 1528, with the specifications listed in [26]. A key advantage of this work is

the use of a commercially available hardware system. However, a direct conse-

quence of this choice is that many of the hardware pieces within the RF receive

chain were integrated into a proprietary printed circuit board (PCB), for which

limited documentation and vendor support are available. As a result, the receive

subsystem after the circulator is treated as a ”black box” system whose charac-

teristics are assumed to be fixed but unknowable until the intermediate frequency

stage of the superheterodyne architecture is reached.

At the IF output, an SHP-50+ lumped LC high-pass filter (41–800 MHz) is

connected in series. The filtered analog signal is then digitized by an M4i-4481-x8

Spectrum Instruments analog-to-digital converter (ADC). The Furuno antenna

unit is controlled remotely by a processing unit, which also provides a 2760 Hz

trigger signal to the ADC for synchronization purposes. Digitized samples are

transferred to a host computer via direct memory access (DMA) over a PCIe

interface using the manufacturer-provided driver library. A block diagram of the
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system is shown in Figure 3.1. Two antennas were used for data collection. The

Figure 3.1: System block diagram,
reprinted from [1]

first was a Furuno XN20AF horizontally polarized slotted waveguide antenna, with

a vertical beamwidth of 20◦, a horizontal beamwidth of 1.23◦, and a mainlobe gain

of 30 dB. The second was a dish antenna provided by the United States Geological

Survey (USGS), with approximately 1.35◦ beamwidth in both the vertical and

horizontal planes. Detailed information regarding sidelobe structure and relative

sidelobe levels was not available for either antenna.

The operational frequency of the Furuno FAR 1528 is specified at 9410 ± 30

MHz with a peak transmit power of 25 kW. The pulsewidth of the system is

software-selectable and was fixed at 120 ns for all experimentation, corresponding

to a range resolution of 17.99 m. The PRF of the system was 2760 Hz, yielding an

unambiguous velocity of 21.98 m/s. Since all observed targets were assumed to

fall within this velocity range, Doppler aliasing was ignored. Radar echo measure-

ments were sampled by the M4i-4481x8 at 400 MS/s via the IF coaxial output,

resulting in a range bin spacing of 0.3747 m.
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3.2 M4i.4481-x8 Computer Interface

Following propagation through the receive subsystem, the analog radar return

signal is digitized at the input of the M4i.4481-x8 ADC into a 14-bit signed integer

representation of voltage. These samples are transferred to the control computer

using DMA in accordance with the protocols and driver libraries described in [27].

Upon transfer to the RAM of the control computer, each digitized measurement

is stored as a 16-bit integer in little-endian format, with appropriate handling

of the two unused bits. The raw ADC codes are converted to double-precision

floating-point voltage values using

Vin = ADCcode × Vmax

ADCmax
(3.1)

where ADCcode is the signed 14-bit integer value, Vmax is the user-defined full-

scale voltage, and ADCmax = 214 − 1. After conversion, the data is arranged in

a two-dimensional matrix of fast-time (range) and slow-time (pulse index) raw

samples as described in Section 2.2.3. All subsequent processing is performed

using double-precision floating-point arithmetic.

3.3 Noise Floor Considerations

Characterizing the system noise floor presented a challenge in this experimental

setup. In conventional radar systems, the noise floor is dominated by thermal

noise, which can be modeled as additive white Gaussian noise (AWGN). Under

these conditions, coherent integration yields an SNR improvement proportional

to the number of pulses in the CPI, as described in Section 2.3.2. However, the

system design did not permit the quantization noise floor to be set significantly

below the thermal noise level. Consequently, the effective noise floor is dominated
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by quantization noise, which is not independent of the signal under small-signal

amplitude conditions. Although Equation (2.11) predicts a quantization noise

power of approximately −103 dB, its underlying assumptions are violated when

signal amplitudes approach the quantization step size, rendering the model inac-

curate. Thus, to estimate the effective noise floor, a region of data containing no
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Figure 3.2: Power level comparison of single pulse vs. 256 coherently integrated
pulses

discernible scatterers was analyzed, and the variance of the ensemble was found to

be σ2
n = −85.94 dB. This value was observed to depend on the digital filter band-

widths, so measurements in this study were conducted using a 40 MHz bandpass

filter and a low-pass filter with fc = 20 MHz.

The measured power values of a single pulse, compared with those obtained

after coherent integration over 256 pulses, are presented in Figure 3.2. The co-
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herence of the pulses in this CPI was validated using the methods described in

Section 4.3. As expected, strong target returns increased by approximately 24 dB,

consistent with coherent integration of 256 pulses. However, the noise floor ex-

hibited a similar increase, indicating that the noise components are also summing

coherently. An estimated integrated noise trace, obtained by adding a theoret-

ical coherent gain of log10(256) to the single-pulse noise estimate (−85.94 dB),

closely matches the measured results in regions devoid of strong scatterers. This

behavior indicates that the noise floor of the system is the result of quantization

error and scales similarly to coherent integration regardless of the proposed signal

processing methods. As a consequence, weak target returns from small or distant

objects do not emerge from the noise floor with coherent integration, representing

a fundamental limitation of the system.

3.4 Transmit Pulse Modeling

Accurate compensation of magnetron-induced phase variations using the proposed

methods requires a high-fidelity representation of the transmitted waveform. In

an ideal context, the demodulated transmit signal follows the model in Equation

(2.3), with a perfectly rectangular amplitude envelope and no phase modulation.

In practice, real radar systems exhibit finite rise and fall times during which the

system is not transmitting at peak power, referred to as radar pulse smearing [28].

As explained in Section 3.5.2, there can also exist frequency offsets introduced by

imperfect downconversion techniques. These situationally dependent deviations

from simulated signal representations prevent artificial creation of accurate wave-

form models, necessitating alternative transmit signal model development.

A more robust approach is to derive the transmit signal model directly from

measured data. This approach was utilized by researchers in [29] who created a
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template of their transmitted waveform using an oscilloscope to measure the char-

acteristics of their signal for use in downstream signal processing. In this study,

the transmitted waveform is estimated on a pulse-by-pulse basis using digitized

radar measurements. This approach improves robustness to fluctuating waveform

characteristics that would otherwise degrade the accuracy of a fixed template.

Referring back to Section 2.1.1, when a radar transmits a high-power pulse,

the circulator protects the sensitive receive components from extremely high-power

voltages. Although the circulator provides isolation between transmit and receive

paths, it is not ideal, typically offering 20-30 dB of isolation [30]. As a result, a

portion of the transmitted signal leaks directly into the receive chain, which can

be exploited to construct a high-fidelity model of the transmitted waveform for

each pulse.

The pulsewidth of this radar system, 120 ns, and the sampling rate of 400

MS/s correspond to an indexed pulsewidth of approximately 48 samples. Ini-

tial attempts to isolate transmit power leakage estimated the location visually

with non-coherently integrated radar data, plotted in Figure 3.3. While visual

estimation was an accurate and adaptable technique, it was time-consuming and

impractical to use in any operational system. Thus, it was desirable to create a

programmatic methodology to determine the transmit leakage sample range. The

baseband representation of a simple pulse waveform without phase-modulation is

a constant rectangular pulse of comparable sample width. As a result, to enable

automated detection, the leakage region is estimated via convolution of a rectan-

gular window with the non-coherent sum of baseband signals. Mathematically,
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the calculation is given by

x[n] =
Np∑
i=1

|sbb,i[n]|

nLeakage = arg max
n∈x

(x[n] ∗ 1N)
(3.2)

where sbb,i[n] denotes the baseband sample of the ith pulse, Np is the number of

pulses, and 1N is a vector of ones with length equal to the number of samples

in a transmitted pulse. The index nLeakage corresponds to the final sample of

the leakage region, and the full set of leakage indices includes the preceding 47

samples. The resulting leakage location estimate is overlaid on the noncoherent

sum in Figure 3.3, demonstrating accurate localization of the transmit leakage

region. A marker representing when true radiation begins, based on the work in
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Figure 3.3: Transmit pulse model index extraction example
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Section 3.6, is included in the figure, showing that the transmit pulse model could

be contaminated by near-in clutter.

3.5 Digital Downconversion

3.5.1 Initial Filtering

When sampled by the ADC, the radar return signals remain centered at an inter-

mediate frequency that should be brought to baseband prior to the application

of coherence processing algorithms. In real-world scenarios, significant quantities

of spectral content often exist outside the frequency band of interest, which can

degrade or even saturate the important radar signals. For magnetron-based sys-

tems, common sources of such interference include power supply switching noise,

harmonic distortion, intermodulation products, and internal reflections [31], [32].

Regardless of the origin of these undesired spectral components, appropriate filter-

ing, either analog or digitally, is required. The IF of the Furuno FAR 1528 system

is specified as 60 MHz with a signal bandwidth of 8.33 MHz, corresponding to

a rectangular pulsewidth of 120 ns. These radar return echoes are observable in

the measured spectrum, superimposed on a bed of corruptive spectral content,

with an example of the unfiltered spectrum shown in Figure 3.4. It can be seen

that the dominant contents of the frequency spectrum are concentrated at low

frequencies, but that there also exist structured components representing the IF

signals centered near 60 MHz. To suppress the strong low-frequency content, an

analog high-pass filter with cutoff frequency fc = 41 MHz was placed in series

with the IF signal path, as described in Section 3.1. In addition, a 40 MHz digital

bandpass filter centered at 60 MHz was applied to further isolate the signals of in-

terest prior to downstream processing. Note that the bandpass filter significantly
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Figure 3.4: Unfiltered frequency spectrum

exceeds the signal bandwidth for reasons described in Section 3.5.2. The filtered

frequency spectrum of a single pulse is shown in Figure 3.5.
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Figure 3.5: Filtered frequency spectrum
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3.5.2 Pulse-Dependent Intermediate Frequency

As discussed in Section 2.1.2, digital downconversion can be achieved by multi-

plying the signal by a time-dependent complex exponential of the form e−j2πfIF t,

followed by digital low-pass filtering. While this process is straightforward in con-

ventional coherent radar systems, it was observed that the IF in this system is not

constant and exhibits drift on the order of several megahertz over time. Figure

3.6 illustrates the fast-time spectral content of multiple pulses within a long CPI,

clearly demonstrating this variation in IF. A key implication of this behavior is
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that simple downconversion using a fixed-frequency complex exponential, as de-

scribed in Section 2.1.2, would fail to accurately convert the signal to baseband.

When a measured return signal is improperly downconverted to baseband, the
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newly demodulated signal model for a signal point target can be expressed with

sbb(t) = q(t − τ)ej2πferrtejϕ (3.3)

where ferr denotes the mismatch between the assumed and true IF. Assuming the

IF remains constant over the duration of a single pulse, this new signal model

introduces a linearly time-varying phase term. More importantly, this phase vari-

ation differs from pulse to pulse, degrading coherence across the CPI. Methods

for estimating and compensating for this IF drift are presented in Section 4.1.

Without correction, this loss of phase alignment reduces coherence and limits the

effectiveness of the coherent processing techniques to create a pseudo-coherent

radar system. An example of the baseband fast-time spectral content without IF

drift correction is shown in Figure 3.7. It can be seen that there is a clear and

repetitive structure in the drifting of the IF, a structure that remained largely

consistent for all experiments conducted in this study.

IF Drift Source Identification

Determining the origin of the observed IF drift was critical for selecting an ap-

propriate compensation strategy. If the drift originated in the transmit chain,

successive pulses would propagate through the air at different carrier frequencies,

invalidating conventional Doppler processing. While advanced techniques exist

to address frequency-agile systems [33], they are computationally intensive and

require accurate estimates of the frequency misalignments. Conversely, if the drift

stems from components within the receive chain, the mitigation techniques out-

lined in Section 4.1 can compensate for the shifts, provided the IF estimates are

accurate.

To identify the source of the drift, a WR-90 waveguide section with coupling
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Figure 3.7: Fast-time frequency baseband content without IF drift compensation

into SMA was placed before the antenna, enabling direct measurement of the

transmitted signal. An image of the waveguide coupler is shown in Figure 3.8.

The high-power transmit waveform was attenuated to protect sensitive down-

stream RF components and mixed to a measurable IF frequency using a ZX05-14-

S+ MiniCircuits mixer with a 9.355 GHz local oscillator generated by a Vaunix

LMS-183 DX signal generator. The resulting IF signal was digitized using the

same M4i.4481-x8 ADC employed for receiver measurements. This configuration

allowed for direct observation of the transmit signal’s spectral content prior to

any receive subsystem distortions. The results, shown in Figures 3.9 and 3.10,

indicate that the transmitted signal does not possess any of the frequency-drifting

components present in the receive data over a long CPI. Therefore, it is clear that

the IF variability originates within the receive subsystem, confirming that agile
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Figure 3.8: Waveguide coupler (designed by Brian Stade)
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carrier frequency compensation techniques are unnecessary.
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3.6 Trigger Timing Delay

Another fundamental question relating to the system characterization is whether

the estimated transmit pulse model, obtained in Section 3.4, arises solely from

transmit power leakage, or includes contributions from near-in clutter. Although

the main beam of the antenna in these experiments and a deployed system would

be directed toward open space, sidelobe radiation could possibly reflect from

nearby clutter, contaminating the measured signal.

Furthermore, the system does not provide a direct measurement of the precise

transmission time of each pulse. The ADC is triggered by a signal from the

processing unit to ensure synchronization between pulses, but this trigger preceded

radiation by an unknown, but consistent, delay. As a result, it was necessary to

determine the absolute timing of transmitted pulses in relation to experimentally

measured data. It should be mentioned that the identification of a transmit model,

shown in Equation (3.2), operated independently of the delay, but that knowledge

of the delay was essential for accurate range identification of targets.

To determine this delay, the antenna phase center was positioned at multiple

known distances from a large stationary reflector. Measurements were conducted

using a truck-mounted configuration, where the antenna was fixed to a steel struc-

ture securing the system to the vehicle. An image of the truck-mounted system

with the attached USGS antenna is shown in Figure 3.11. In this way, the radar

system was easily transported, allowing for simple data collection at several range

bin locations for the same large scatterer. Care was taken to select distances larger

than the blind range of the system and spanning several range resolution lengths.

For each measurement location, the measured offset in range was calculated with

Roffset = Rmeasured − kc

2Fs

, (3.4)
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Figure 3.11: Truck mounted setup

where k is the sample index corresponding to the peak response in coherently

integrated matched filtered data. For IQ data yet to be matched filtered, the

range offset becomes

Runmatched = Roffset + (ltx − 1)c
2Fs

(3.5)

where ltx is the length, in samples, of the transmit pulse model.

Using a large semi-truck as a reflector and a Revasri Laser Rangefinder for

ground-truth measurements, the results summarized in Table 3.1 were obtained.

The values in the table were found using a 10 ft. coaxial cable connecting the

processing unit and ADC, and 256 pre-trigger samples, both of which affect the
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Table 3.1: Ground Truth vs. Measured Range/Sample Offset

Ground Truth (m) Radar-Measured Range Offset Sample Offset
43.85 411.0904 -367.2424 980
61.35 426.8295 -365.4815 975
80.25 447.0655 -369.8655 979
97.75 465.8025 -368.0545 982
116.70 483.4153 -366.7173 979
134.25 501.0281 -366.7801 979
143.65 513.3946 -366.7466 979

trigger time delay. Under these conditions, the average range offset was found to

be −366.83 m, corresponding to a delay of approximately 979 samples in matched-

filtered data. For data without matched filtering, the range delay was found using

Equation (3.5) to be -349.26 m, equal to a sample delay of 932 samples. This

unmatched filtered delay equates to an experimental time delay of 2.33 µs from

when the ADC begins collecting samples to when the pulse is actually radiated.

A comparison of the incoherent sums of 256 pulses from several distances

included in Table 3.1 is presented in Figure 3.12. The corrected range markers

were obtained by adding the experimentally determined range offset value to the

uncorrected range axis. It is clear that they coincide with the beginning of the

strong return pulses from the semi-truck, validating the estimated delay. A marker

is also included in Figure 3.3, where it can be seen that the majority of measured

data contained in a transmit pulse comes after radiation begins, presenting the

possibility for corruption of the transmit pulse model by near-in clutter.
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Chapter 4

Signal Processing

4.1 Adaptive Digital Downconversion

The misalignment of fast-time spectral content between individual pulses presents

a significant obstacle to coherence, particularly for targets at longer ranges. How-

ever, if an accurate estimate of the IF can be produced for each pulse within a CPI,

a pulse-dependent frequency shift can be applied to remove time-dependent vari-

ability in the baseband signals. Regrettably, the frequency-domain characteristics

of real-world radar echoes are highly scene-dependent and difficult to character-

ize statistically in a generalizable manner. To address this challenge, this work

developed the following two pulse-by-pulse IF estimation techniques that operate

without prior knowledge of the contents or properties of the radar scene.

4.1.1 Power Spectral Estimation

The first proposed method estimates the IF by examining the power spectrum

of an individual signal. The method is also denoted in this work as the PSD IF

estimation technique. In this approach, the IF is approximated as the frequency
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bin corresponding to the maximum spectral magnitude, and can be found with

fIF,est = arg max
f

|F{s(t)}|2 (4.1)

where F{} denotes the discrete Fourier transform operation and s(t) represents

the fast-time voltage samples of a single, initially filtered pulse. An example of the

resulting IF estimates is shown in Figure 4.1, overlaid on the fast-time spectral

content across a CPI of 8192 pulses.
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Figure 4.1: Power spectral estimates of drifting IF (pre and post median filter),
reprinted from [1]

However, the in-band spectral distribution of real-world radar returns is sen-

sitive to small deviations in the radar scene, and in some cases has been observed

not to possess a centralized main lobe of spectral energy. When this energy is not
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concentrated in a dominant lobe, the algorithm performance can become unstable

and subject to large discontinuities between adjacent frequency estimates. Since

the underlying system and visible fast-time spectral distribution do not exhibit

such abrupt IF jumps, these discontinuities can be attributed to estimation error.

Such large estimation errors wreak havoc on the measured coherence of the system

and must be mitigated.

A classic choice for reduction of outliers is the median filter, which can be ap-

plied to the IF estimates to produce a more robust and consistent set of frequency

offsets, as shown in Figure 4.1. However, it can be seen that in the displayed

dataset, the outliers are particularly common, resulting in final IF estimation

values that maintain sharp discontinuities even after filtering. These residual ar-

tifacts are unacceptable for a coherent system, motivating the development of an

alternative estimation method.

4.1.2 Template Matching Estimation

The second approach estimates pulse-to-pulse IF variation by quantifying relative

frequency shifts rather than independently estimating the IF for each pulse. This

method assumes that the fast-time spectral content of the radar scene remains

approximately stationary over the CPI. Violations of this assumption, such as

with an excessively long CPI or highly dynamic objects within the radar scene,

can degrade IF estimation performance.

The algorithm proceeds as follows. First, the received signals are converted

to a pseudo-baseband representation with non-adaptive digital downconversion

and subsequent low-pass filtering. A reference template is then constructed from

the conjugate, frequency-reversed, fast-time spectral content of an arbitrary pulse

within the CPI. Next, the template is convolved with the spectral representation
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of each pulse, and the frequency bin corresponding to the maximum of the con-

volution is identified. This frequency bin provides an estimate of the relative IF

shift between the selected template and the ith pulse. The absolute IF of the

reference pulse is then estimated using the PSD method described in Equation

(4.1). The final adaptive IF estimate for each pulse is then obtained by adding the

estimated relative offset to the template pulse IF estimate. Formally, the method

is expressed as

Si[f ] = F{si[t]}, (4.2)

fIF,est = arg max
f

(Si[f ] ∗ S∗
temp[−f ]) + arg max

f
|Stemp[f ]|2 (4.3)

where Stemp[f ] denotes the discrete spectral content of the reference pulse and Si[f ]

corresponds to the spectral content of the ith pulse. This template matching ap-

proach provides a more robust estimate of the IF compared to the PSD-based

method. An example of its performance is shown in Figure 4.2, using the same

dataset as in Figure 4.1. The results demonstrate a significant reduction in es-

timation variability and discontinuities. Although this method greatly improves

estimation stability, it remains susceptible to occasional errors. As with the PSD-

based approach, applying a moving median filter to the sequence of IF estimates

enhances robustness and ensures smoother pulse-to-pulse frequency tracking.

4.2 Coherency Algorithms

The inherent incoherency of a radar system using a magnetron arises from a

random and uncontrollable initial phase associated with each transmitted pulse.

This randomness is incorporated into the transmit signal model with

x̄(t) = A(t)ej(2πFct+ϕm) (4.4)
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Figure 4.2: Template matching estimates of drifting IF (pre and post median
filter),
reprinted from [1]

where ϕm is the initial phase for the mth pulse. If ϕm can be accurately estimated

and compensated with signal processing, the radar system can effectively operate

coherently despite the magnetron’s intrinsic incoherency. Using a transmit pulse

model derived via the methods described in Section 3.4, many techniques for phase

correction are possible, but this work examines only three.

4.2.1 Gradient Ascent

Gradient ascent is a machine learning optimization technique used to maximize a

multivariate function by iteratively updating parameters in the direction of steep-

est ascent. Analogous to fitting a model in linear regression, it utilizes the gradient
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to find the set of variables that maximizes a user-defined objective, often called

a cost function. The gradient is written as a vector of partial derivatives with

respect to each parameter included in the multivariate function and is equal in

size to the set of variables. The learning rate of the algorithm, γ, is a typically

small value that represents the step size taken in the direction of each partial

derivative on every iteration of the algorithm. Proper selection of γ is critical,

without definitive rule-sets for how it should be chosen. A large γ accelerates con-

vergence but may prevent the algorithm from converging or lead to overshooting

of the true maximum. Conversely, a small learning rate will be more likely to be

caught in local maxima and will approach the steady-state more slowly, raising

computational cost.

The algorithm update rule for the ith parameter is given by

θi,new = θi,old + γ
∂z

∂θi

(4.5)

where θi,new is the new estimate of the ith variable for an iteration, θi,old is the

previous estimate of the ith variable (θi,new of the iteration before), and ∂z
∂θi

is the

partial derivative of the function z with respect to the variable θi. This iterative

process repeats for a set number of iterations or until a convergence threshold is

met. The cost function can be chosen to maximize a wide variety of measurements

and metrics, making the gradient ascent algorithm a very useful tool.

In a coherent radar system, the baseband phase of returns from transmit leak-

age and stationary clutter should remain constant across pulses. Accordingly, the

cost function in this work is designed to maximize the coherent summation of M

samples across N pulses using a constant phase correction per pulse, given by

z(θ̄) =
M∑

m=1

∣∣∣∣∣
N∑

n=1
snmejθn

∣∣∣∣∣ (4.6)
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where snm represents the mth sample from the nth pulse of the transmit model

waveform, θn is the phase-corrective term for the nth pulse, and θ̄ is the vector

of all phase corrections within the CPI. The gradient is then found by computing

the partial derivative of each θn. This is derived from the maximized function in

the following steps:
∂z

∂θi

= ∂

∂θi

M∑
m=1

∣∣∣∣∣
N∑

n=1
snmejθn

∣∣∣∣∣ (4.7)

which can be rewritten using the Euclidean Norm as

∂z

∂θi

=
M∑

m=1

∂

∂θi

√√√√( N∑
n=1

snmejθn

)(
N∑

n=1
snmejθn

)∗

. (4.8)

Applying the Chain rule, the partial derivative becomes

∂z

∂θi

=
M∑

m=1

∂
∂θi

(∑N
n=1 snmejθn

) (∑N
n=1 snmejθn

)∗

2
√(∑N

n=1 snmejθn

) (∑N
n=1 snmejθn

)∗
. (4.9)

Since the partial derivative is only affected by terms containing θi, the numerator

of Equation (4.9) can be simplified using the Product Rule to

−j
N∑

n=1
snms∗

imej(θn−θi) + j
N∑

n=1
s∗

nmsimej(θi−θn) (4.10)

which is the sum of two conjugates and thus can be rewritten with

2 Re

{
j

N∑
n=1

s∗
nmsimej(θi−θn)

}
. (4.11)

Putting everything together, the final partial derivative can be written with

∂z

∂θi

=
M∑

m=1

Re
{
j
∑N

n=1 s∗
nmsimej(θi−θn)

}
∣∣∣∑N

n=1 snmejθn

∣∣∣ . (4.12)
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With this formulation, the gradient ascent algorithm can be implemented directly.

In this work, it was decided to use γ = 0.05 and 100 iterations. The convergent

behavior of the algorithm is illustrated in Figure 4.3, where the phase correc-

tive terms and cost function are plotted as a function of iteration for a CPI of

1024 pulses. It can be seen that the cost function increases monotonically as the

phase corrections migrate toward values that maximize coherent integration. As

expected, the convergence becomes asymptotic because as variables near their

steady-state values, their gradient decreases until there is a negligible effect on

subsequent iterations. The resulting phase corrections approximate the conjugate

of the magnetron-induced phase offsets and can be compensated by applying a

pulse-dependent phase rotation to every sample in each respective pulse, resulting

in a coherent system.

However, the gradient ascent algorithm has notable limitations. The algorithm

cannot distinguish between local and global maxima, so if it begins near or moves

initially towards a local maximum, it can become entrenched in that value when

there exists a much higher maximum elsewhere in the vector space. It is also diffi-

cult to choose a learning rate prior to experimentation, and the optimal step size

is not a constant value for every scenario. Perhaps the most important drawback

of the gradient ascent approach for this work is the computational complexity of

the algorithm. Even with modest iteration counts and large learning rates, the

method took significantly longer than other coherence algorithms and was too

computationally intensive for real-time implementation.

4.2.2 Phase Difference Averaging

The Phase Difference Averaging (PDA) algorithm is a computationally efficient

alternative to the gradient ascent approach that leverages the same assumption of
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Figure 4.3: Gradient ascent convergence indicators as function of iteration

phase consistency across pulses for stationary returns and transmit power leakage.

The PDA algorithm also estimates and then compensates for the magnetron initial
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phase offset, but does not require iterative optimization, making it well-suited

for real-time or pseudo-real-time. In this work, pseudo-real-time will be defined

as computationally swift enough to handle the throughput of measured data,

regardless of the required latency.

The algorithm operates on the baseband representation of the transmit signal

model, including considerations taken for non-stationary IF. For each pulse, the

phase difference relative to a chosen reference pulse is computed for all samples.

The name ”phase difference averaging” is slightly misleading because, rather than

calculating the mean, the final estimated phase offset is found with the median of

the phase differences for each sample. Formally, the algorithm is written with

θ̃i = med{∠si,m − ∠sref,m} m = 0, 1, ..., M − 1 (4.13)

where si,m is the transmit signal model of the ith pulse, sref,m is the signal model of

the reference pulse, and M is the number of samples in the transmit pulse model.

The resulting θ̃i values provide per-pulse phase corrections, which are applied via

multiplication by e−jθ̃i .

This approach yields phase correction estimates that closely match those ob-

tained via gradient ascent while significantly reducing computational burden. A

comparison of the phase corrective values between the PDA and gradient ascent

algorithm for 128 pulses is shown in Figure 4.4. It is shown that the two methods

of estimating the phase corrective terms produce nearly identical results, despite

the PDA algorithm executing significantly quicker. For example, with a CPI of

128 pulses, the PDA algorithm was approximately 121 times faster than the gra-

dient ascent computation. In another test with a CPI of 1024 pulses, the PDA

algorithm speed improvement increased to over 470 times faster. This substantial

efficiency gain makes the PDA algorithm a practical solution for real-time imple-
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mentations.

4.2.3 Coherent-On-Receive Matched Filtering

The third approach is a coherent-on-receive (COR) matched filtering technique

implementing the ideas proposed in [7]. Similar to the other methods, this tech-

nique requires accurate knowledge of a transmit pulse model, but unlike previous

methods, it does not explicitly estimate the magnetron-induced phase offsets. In-

stead, it removes them implicitly in a computationally efficient manner using a

convolution of the conjugated, time-reversed transmit signal model. The mathe-

matical justification for the method is as follows. If the transmitted pulse model
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is written as

s(t) = q(t)ej2πFctejϕm (4.14)

then the return signal from the radar environment with delay τ can be written

with

r(t) = q(t − τ)ej2πFc(t−τ)ejϕm (4.15)

where q(t) is the pulse amplitude envelope, Fc is the carrier frequency, and ϕm is

the pulse-dependent initial phase offset. After demodulation, the baseband signals

become

sd(t) = q(t)ejϕm (4.16)

and

rd(t) = q(t − τ)e−j2πFcτ ejϕm . (4.17)

If sd(t) is time-reversed and conjugated, it can be convolved with rd(t) to produce

rd(t) ∗ s∗
d(−t) = q(t − τ)e−j2πFcτ ejϕm ∗ q(−t)e−jϕm (4.18)

where the ϕm terms can be simplified to obtain the final result of

rd(t) ∗ s∗
d(−t) = e−j2πFcτ q(t − τ) ∗ q(−t), (4.19)

demonstrating that the phase term ϕm cancels completely, provided the transmit

pulse model is accurate.

This method is computationally efficient and inherently robust, as each pulse

is processed independently without a reference pulse. Each pulse is made coher-

ent with information from its own adaptive transmit model, resulting in a radar

system devoid of magnetron-induced phase offsets. Take, for example, a situation
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without proper downconversion and some remaining ferr on the baseband signal.

In this scenario, using the same variables as Equations (4.14 - 4.19), the algorithm

performance is written

sd(t) = q(t)ej(2πferrt+ϕm), rd(t) = q(t − τ)e−j2πFcτ ej(2πferrt+ϕm) (4.20)

so

rd(t) ∗ s∗
d(−t) = q(t − τ)e−j2πFcτ ej(2πferrt+ϕm) ∗ q(−t)e−j(−2πferrt+ϕm)

= e−j2πFcτ
(
ej2πferrtq(t − τ)

)
∗
(
q(−t)ej2πferrt

)
.

(4.21)

This shows that the COR algorithm remains effective at handling the magnetron-

induced ϕm term despite the presence of residual time-dependent frequency errors,

provided those errors are present in both the transmit signal model and receive

data. An additional benefit of COR matched filtering is the associated signal

processing gain, whereby the energy of a received pulse is concentrated in range.

While less pronounced than in pulse compression waveforms such as LFM or

phase-coded signals, this gain still improves detectability in conventional simple

pulse systems.

4.3 Coherence Metrics

There is a clear distinction between fully coherent and non-coherent range-Doppler

maps, but assessing the degree to which an RDM is coherent becomes much more

difficult to observe. Consequently, it is necessary to establish well-defined metrics

to quantitatively and qualitatively evaluate coherence. In this study, coherence

was assessed using a combination of numerical measures and observational criteria.
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4.3.1 Phase Variance

The first metric is based on evaluating the phase relationships across pulses of

selected range bins containing a stationary scatterer. Assuming the signal returns

reflect exclusively from stationary objects, the phase of returns in a coherent

system within a given range bin would remain constant across the CPI. The phase

variance is therefore computed as

V ar(ϕ) = E{(ϕ − µ̄m)2} (4.22)

where ϕ is the phase term for the range bin of interest and µ̄ is the mean of the

ensemble of ϕ. Prior work has used the standard deviation of phase for strong

stationary scatterers to quantify the coherence of their pseudo-coherent system

[7], providing a useful benchmark for comparison. This metric was widely used

throughout this study.

Phase Variance Instabilities

Despite its utility, phase variance is an imperfect metric, prone to several inher-

ent limitations. First, the assumption that a range bin contains only stationary

scatterers will never be met in practice, especially at higher frequencies. In an

attempt to mitigate this issue, experiments in this study considered physically

large and high RCS targets (metal sheets, large buildings, radio towers, large

jumbo-trons, etc) that might better resist movement. The wavelength of the car-

rier frequency in this particular system is only 0.0319 m, which means that even

minuscule movements from the scatterers under consideration will result in mea-

surable phase shifts in the received data. In these cases, the phase variance will

be artificially inflated regardless of the coherence achieved by the proposed algo-
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rithms.

A second limitation arises most often in long CPI scenarios, where the non-

stationary characteristics of the IF drift become a critical issue. The standard

phase variance metric produces favorable results for highly coherent range bins,

but the metric produces unrepresentative results as coherence degrades due to the

large discontinuities caused by phase wrapping. This phase wrapping also affected

highly coherent datasets, but could be avoided with strategic range bin choices,

phase unwrapping, or a constant phase shift and modulus operation across pulses.

However, in range bins that were not highly coherent, there was no simple solution

to the phase wrapping issue. As an example, Figure 4.5 demonstrates the issues

created by phase wrapping from a single range bin of a large scatterer 1760 m

from the antenna, across a long CPI. It can be seen that when the phase shifts
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Figure 4.5: Long CPI phase vs. pulse number with wrapping

between ±180◦, the traditional variance values give an inaccurate portrayal of the

coherence of the system. Furthermore, small IF estimation errors introduce pulse-

to-pulse phase inconsistencies that grow with range, creating range bins where the
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Figure 4.6: Long CPI phase vs. pulse number unwrapped

phase changes enough that previous unwrapping solutions are ineffective. As an

example, the unwrapped phase of Figure 4.5 is shown in Figure 4.6. It is shown

in the unwrapped version that there are periods of consistent phase stability in-

terrupted by large shifts in phase estimates, and it was found that those periods

coincide with the stable and transitory periods of the IF drift. Attempts were

made to quantify IF estimation errors using gradient ascent and linear regression

on long-CPI phase comparisons without success. In the absence of adequate com-

pensatory measures, it was clear that the development of more robust coherence

metrics was necessary. Nevertheless, phase variance remained a useful metric for

many experimental conditions and was used extensively in testing and analysis.

4.3.2 Angular Variance

To address the limitations associated with wrapping in standard phase variance, a

second metric based on directional statistics was introduced. Unlike linear statis-
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tics, directional statistics attempts to account for the periodic nature of angular

data, which is a non-Euclidean space. The typical arithmetic mean 1
n

∑n
i=1 θi does

not always produce satisfactory results from a geometric standpoint. For exam-

ple, angles of [−179◦, 179◦] would arithmetically have a mean of 0◦ while a truer

geometric mean would be 180◦. To account for this, the circular mean, as defined

by [34], is found with

C =
n∑

i=1
cos(θi), S =

n∑
i=1

sin(θi), R2 = C2 + S2 (R ≥ 0) (4.23)

and

cosθ̄ = C/R, sinθ̄ = S/R (4.24)

where θi is the ith angle measurement, n is the number of samples and θ̄ is the

sample circular mean. Traditionally, the circular variance is then found with

V = 1 − R/n (4.25)

where V is the sample circular variance. However, the conventional circular vari-

ance did not fully encapsulate the grouping of angular data in a way that was

satisfactory for this project. For example, if a set contains the angular measure-

ments shown in Figure 4.7, the circular mean would be zero and the circular

variance would have the maximum value of 1, even though the data is not a max-

imally dispersed distribution [34]. There exist several alternative algorithms for

calculating angular dispersion, specifically for deviations in wind direction [35],

[36], that inspired the proposed metric for measuring coherency of a radar sys-

tem, which is denoted as angular variance. In this work, the angular variance of
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Figure 4.7: Angular phase variance example unit circle

a sample set blends linear variance with the circular mean and is written with

σθ = 1
n − 1

n∑
i=1

∆2
i (4.26)

where ∆i is defined as the minimum of |θi − θ̄|, 2π − |θi − θ̄|, and |θi − θ̄| − 2π. In

this way, the angular variance mitigates the discontinuities introduced by phase

wrapping and provides a more stable measure of dispersion for angular data.

As such, it was used extensively in this study, particularly in scenarios where

traditional phase variance proved unreliable.

Angular Variance Disadvantages

The angular variance is not without its own limitations. As with traditional phase

variance, the motion of scatterers relative to the antenna during a CPI increases

angular dispersion regardless of the performance of the proposed algorithms. Ad-

ditionally, the calculation of the circular mean may yield unintuitive results when
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phase wrapping is not present. For example, in a dataset containing angle mea-

surements of [0◦, 0◦, 90◦], the circular mean would be 26.57◦ while the arithmetic

mean would be 30◦, which is a more representative central value. As a result,

the standard phase variance was preferred in highly coherent datasets, while an-

gular variance was employed when wrapping effects were significant. It should

be noted that using a minimized angular difference term for traditional phase

variance would assist with some of the phase wrapping issues, but was mostly

unnecessary for the highly coherent range bin analysis conducted in this study.

4.3.3 Peak Doppler Sidelobe Levels

A third metric evaluates coherence based on phase variation in a single range bin

indirectly through Doppler-domain characteristics. For a stationary scatterer, the

upsampled Doppler response should approximate a sinc function consistent with

the Fourier transform of a rectangular window. The peak sidelobe levels of a sinc

function occur at −13.2 dB relative to the main lobe, irrespective of rectangular

window length. Thus, by analyzing Doppler slices corresponding to selected range

bins, the deviation of peak sidelobe levels from this theoretical value provides a

quantitative assessment of coherence.

An example of a coherent, partially-coherent, and non-coherent sidelobe struc-

ture using the same range bin is shown in Figure 4.8. The examples shown used

a CPI of 256 pulses with an upsampling factor of eight. Special care was taken

to choose a point at which the IF was drifting heavily within the CPI, so the

coherent trace uses the template matching IF estimation and the COR method,

the partially coherent trace did not use adaptive digital downconversion but did

use the COR method, and the noncoherent trace is formed without any coherency

algorithms or adaptive digital downconversion. Note that the peak sidelobe levels
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Figure 4.8: Comparison of Doppler sidelobes for coherent, partially coherent, and
noncoherent results

of the coherent trace are very close to the -13.2 dB boundary, with a measured

level of -12.7 dB, a small difference that can be attributed to slight misestima-

tions of the transitory IF. The peak sidelobe levels of the partially coherent trace

appear at similar power levels to that of the coherent trace, but the mainlobe

peak is much lower, resulting in a peak sidelobe level of only -7.86 dB. There

is no main lobe in the noncoherent data, and so the sidelobe level metric is not

applicable. While this method is also sensitive to scatterer motion, it provides a

complementary perspective on system performance.
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4.3.4 Moving Target Energy Signature

A primary objective of this work was to enable reliable detection and character-

ization of moving targets within varied clutter environments for aeroecological

studies. Coherent processing facilitates the separation of moving targets, such as

birds, insects, or other small objects, from other powerful radar signal returns.

A variety of moving targets were analyzed, including drones, projectiles, vehicles,

and birds present in the scene. Many of these targets exhibited low RCS values

that would likely be obscured by sea clutter if measured with non-coherent pro-

cessing methods. However, coherent Doppler processing allowed these objects to

be detected despite high-power contaminating clutter, proving the performance of

the coherency algorithms.

Beyond simple detection of moving objects in the scene, the energy distribution

of the targets was examined as they traversed the radar beam. The SNR of each

target was particularly useful in the evaluation, as a highly coherent radar system

would more tightly focus the energy of a moving object on the RDM. Additionally,

certain targets exhibit micro-Doppler signatures arising from internal motion or

rotation, providing further insight into target characteristics and reinforcing the

benefits of coherent processing.
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Chapter 5

Stationary Targets and Clutter

5.1 Coherency Algorithm Evaluation

After defining the coherency algorithms theoretically, their performance was eval-

uated using the metrics introduced in Section 4.3. To assess coherence, the radar

system was deployed on the third floor of the Advanced Radar Research Center

(ARRC) at the University of Oklahoma and equipped with the XN20AF fan-beam

antenna. The antenna was manually directed toward several large, stationary

scatterers with an unobstructed line of sight from the radar position. Data was

collected for several seconds while the radar was pointed at each target. The

recorded data was processed in MATLAB using the gradient ascent, PDA, and

COR methods described in Section 4.2 for a 500-pulse CPI.

Pulses of interest were strategically selected from regions in the dataset in

which the IF exhibited minimal drift, ensuring that the adaptive digital down-

conversion would not skew results between the different targets. Precise range

information for the selected scatterers was not available, primarily because the

mainlobe beamwidth of the XN20AF antenna illuminated a large area (approx-

imately 5.1 x 83.6 m2 for only the nearest target), encompassing a substantial

portion of each structure. As a result, the displayed ranges were determined using
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radar fast-time information rather than direct physical measurements. To vali-

date these choices, a Google Earth measurement project was created to confirm

that the selected radar fast-time ranges corresponded to the intended stationary

scatterers, which is shown in Figure 5.1.

Figure 5.1: Large stationary target locations (Google Earth)

The phase standard deviation (square root of linear phase variance) across

pulses is given in Table 5.1. It is evident from these results that the COR method

consistently outperformed the other coherency methods, followed closely by the
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Table 5.1: Phase Standard Deviation for Specified Target

Target Range (m) COR PDA Gradient Ascent
Nat. Weather Center 237 0.807◦ 1.421◦ 0.908◦

Stephenson Research 365 1.075◦ 1.227◦ 1.176◦

Stephenson Life Sciences 570 1.653◦ 2.642◦ 1.727◦

Baseball Stadium 1396 3.965◦ 4.077◦ 4.084◦

Sam Noble Museum 1760 4.737◦ 4.753◦ 4.758◦

gradient ascent algorithm. This behavior is to be expected because, given a rea-

sonable transmit pulse model, the COR method should remove the magnetron-

induced phase offset without the risk of estimation error. The gradient ascent

algorithm is expected to perform at least as well as, and potentially better than,

the PDA method due to its iterative optimization of the phase corrective terms.

This superior performance is reflected at the shorter range targets, although the

PDA algorithm marginally outperforms gradient ascent in some of the longer range

datasets. This outcome is encouraging because the PDA technique, which is the

fastest and simplest algorithm, achieved phase variance values similar to those of

the more computationally intensive methods.

The stationary targets were selected to be large buildings or structures whose

likelihood of movement during the data collection was minimized. However, de-

spite this precaution, it is clear that there exists non-zero phase variance for

every target, and that the variance grows with increasing range. One explanation

for this could be movement of the radar system itself. The FAR 1528 system was

designed to rotate, so there was no locking mechanism to prevent azimuthal move-

ments during the radiation process. Even a very small movement of the antenna

during transmission would induce a Doppler shift on the transmitted signal that

would affect pulse-to-pulse coherence. Another possibility comes from the area

illuminated by the antenna’s main beam, which was very large and grew with in-
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creasing range. If a scatterer in the range bin of interest exhibits any movement,

such as trees swaying, people walking, or vehicles driving, the corresponding radar

echoes will contain unequal phase shifts equivalent to the Doppler shift of those

scatterers. A larger range has a larger illuminated area, which translates to an

increased possibility that the measured data contains radar echoes from moving

targets. The distance required for measured phase shifts between pulses is very

small, 0.21 mm for even the highest measured standard deviation, so it is also

possible that the targets themselves were shifting at those scales during the CPI,

presenting a third potential culprit for the nonzero phase standard deviation. All

possibilities would increase phase variance across pulses, regardless of the perfor-

mance of the coherency algorithms. Nevertheless, the measured phase variance

values remain extremely low, demonstrating effective performance of the coher-

ence algorithms over a wide range of target distances.

Using the same experimental setup, short-CPI coherency was also examined by

evaluating the peak Doppler sidelobe levels for the selected stationary scatterers,

with the results summarized in Table 5.2. A perfectly coherent radar system

Table 5.2: Peak Doppler Sidelobe Levels for Specified Target (dB)

Target Range (m) COR PDA Gradient Ascent
Nat. Weather Center 237 -11.431 -11.434 -11.159
Stephenson Research 365 -12.311 -11.999 -12.016

Stephenson Life Sciences 570 -12.375 -12.346 -12.202
Baseball Stadium 1396 -11.079 -11.130 -11.049

Sam Noble Museum 1760 -9.782 -9.819 -9.757

observing a fully stationary scene is expected to produce peak sidelobe levels of

approximately -13.2 dB. However, the same factors that affect phase and angular

variance also degrade the reliability of this metric. With this in mind, it can be
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Figure 5.2: Normalized doppler sidelobes of COR method with different targets

seen that the measured peak Doppler sidelobe levels do not consistently reflect

the trends observed in Table 5.1. In practice, the sidelobe metric did not reliably

indicate which coherency technique was superior and was consistently observed to

be a less robust measure of coherency. Furthermore, the largest observed difference

in sidelobe levels between coherency algorithms, 0.275 dB, was extremely small,

corresponding to only 6.5% difference in measured power. Consequently, this

metric was not used in subsequent analyses, although it provided a coarse method

of validating the coherence of the stationary targets. A normalized representation

of the peak Doppler sidelobe levels, obtained using the COR method, is shown in

Figure 5.2 for the scatterers included in Table 5.2. Note that the sidelobe levels

increase with increasing range, following the pattern shown by the phase variance

evaluation.
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5.2 Adaptive Digital Downconversion Evaluation

5.2.1 Dominant Ground Returns

To evaluate the effectiveness of the IF estimation and compensation techniques,

system coherence was assessed over a long CPI in which significant IF drift was

present. This experiment utilized the same setup described in Section 5.1, using

the Furuno XN20AF antenna, but extending the CPI length to 8192 pulses. In

this way, the IF drift was comparable in length and structure to that shown in

Figure 3.7. The system setup and experimental capabilities of this work did not

make it possible to obtain ground truth about the proper values of the IF drift,

complicating direct analysis of algorithm performance. As a result, algorithm

performance was assessed indirectly through coherence metrics, and was thus

subjected to the same limitations presented in Section 4.3.

A comparison of the phase standard deviation between non-adaptive digital

downconversion, the PSD method (Section 4.1.1), and the template matching

method (Section 4.1.2) is presented in Table 5.3. A median filter length of 51 pulses

was applied in each case. The results demonstrate that the template matching

Table 5.3: Long CPI Standard Deviation of Phase for Specified Target

Target Range (m) No Adaptive PSD Template
Ground Plane 47 12.532◦ 2.552◦ 1.415◦

Ground Plane 106 13.899◦ 6.065◦ 1.500◦

Nat. Weather Center W. 237 10.931◦ 3.743◦ 1.223◦

Stephenson Research S. 365 10.784◦ 6.129◦ 2.033◦

Stephenson Research N. 429 12.944◦ 5.118◦ 2.341◦

technique consistently yields the lowest phase variation across all targets, indicat-

ing superior phase stability and IF estimation accuracy. The PSD-based approach
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provides moderate improvement over non-adaptive downconversion but remains

less precise than the template matching method. In contrast, the absence of adap-

tive digital downconversion results in substantial degradation of phase stability,

often rendering the phase variance metric ineffective.

A zoomed-in RDM comparison between the non-adaptive digital downconver-

sion and template matching method approaches is shown in Figure 5.3. The results

clearly illustrate the significant impact of accurate IF estimation and compensa-

tion, with large spreading in Doppler of the stationary targets when this compen-

satory measure is neglected. However, while the phase variance evidence suggests

that the non-adaptive case creates a fully incoherent result, Figure 5.3a suggests

otherwise. There is still some semblance of structure in the RDM, whereas in a

fully noncoherent system, there would be a constant spread of energy across all

Doppler bins. For reference, an example of a fully non-coherent RDM is shown is

Figure 5.4.

The influence of median filter length on IF estimation performance was also

investigated. To arrive at an optimized median filter length, phase stability was

evaluated across several representative range bins as a function of median filter

length. Due to the large quantity of phase stability calculations and the man-

ual tuning required for phase wrapping, angular variance was used in place of

standard phase variance. The results are shown in Figure 5.5 for filter lengths

ranging from 1 to 151. For clarity, the true variance curves for each target in the

figure were shifted by its mean to emphasize the trends between phase stability

and median filter length. The results indicate that as the median filter length

increases, the phase variance tends to grow for the included targets. However, in

many of the traces, very short filter lengths exhibit significantly elevated variance

levels, suggesting reduced estimation accuracy. This behavior is expected, as in-
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Figure 5.3: RDM comparison of adaptive and non-adaptive downconversion meth-
ods, reprinted from [1]

creasing the median filter length raises the likelihood of incorporating unrelated

IF estimates from neighboring pulses, particularly for those occurring near tran-
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Figure 5.4: Example of fully non-coherent RDM with several strong scatterers

sitional IF drift periods. However, as discussed in Section 4.1, the IF estimation

techniques are also prone to large outliers, which significantly degrade adaptive

digital downconversion performance. These observations highlight a trade-off in

filter design between suppressing outliers and preserving local accuracy. Based on

this analysis, the median filter lengths used in this study were selected within the

range of 11 to 51 pulses. It was also observed that even-length filters consistently

degraded performance, likely due to asymmetric bias relative to the pulse index,

and were therefore excluded.

Overall, the results strongly support the effectiveness of the proposed adap-

tive digital downconversion techniques. However, it is important to consider the

parameters involved in creating these specific datasets. The Furuno XN20AF
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Figure 5.5: Angular phase variance of targets vs. median filter length

antenna radiates in a fan-beam shape, illuminating a large spatial region and re-

sulting in a large quantity of energy reflected back at the radar. This can be

seen in Figure 5.3b as the strong energy signature reflected by multiple ground-

based targets located at 0 m/s. These dominant reflections supplement the IF

estimation and improve the performance of the estimation. In scenarios lacking

strong stationary scatterers or in environments with strong moving targets, the

IF estimation performance experiences some degradation. As a result, further

evaluation was conducted to assess algorithm performance in situations without

dominant ground clutter returns.

75



Table 5.4: Long CPI Phase Standard Deviation (Angular) with Minimal Ground
Clutter

Range (m) PSD PSD No Med. Template Template No Med.
91.1 12.502◦ 12.621◦ 2.276◦ 8.253◦

109.8 13.007◦ 13.543◦ 5.221◦ 13.083◦

141.3 11.315◦ 11.485◦ 2.980◦ 5.288◦

181.8 13.371◦ 12.880◦ 3.486◦ 3.456◦

199.4 12.146◦ 11.994◦ 4.847◦ 8.444◦

5.2.2 Minimal Stationary Clutter

The performance of the proposed adaptive digital downconversion techniques was

further evaluated in scenarios with minimal stationary clutter. For these exper-

iments, the USGS dish antenna was directed at slightly elevated angles toward

the experimental targets. Data collection utilized the same truck-mounted system

described in Section 3.6, enabling flexible positioning of the radar across multiple

range bins. The USGS antenna has a small vertical beamwidth, which, com-

bined with the elevated angle, significantly minimized the clutter returns from

the ground. This resulted in receiver data containing substantially less energy,

making IF estimation more challenging. The system was positioned at several

locations near the National Weather Center, and the angular phase standard de-

viation measurements, computed over an 8192 pulse CPI, are presented in Table

5.4.

A clear degradation in phase stability is observed for long-CPI experiments

conducted in low-clutter environments, despite the targets being at relatively short

ranges. In this dataset, the PSD method demonstrated little success, even when

combined with median filtering, and failed to achieve meaningful coherence ac-

cording to the metrics available. Examples of some actual estimates produced

by the PSD and template matching methods with and without median filtering
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are presented in Figures 5.6 and 5.7. In these results, it can be seen that the
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Figure 5.6: IF estimates with minimal ground clutter (with median filter)

PSD algorithm exhibits visibly more erratic behavior than the template matching

approach, so for the remainder of this work, only the template matching method

was considered.

The frequency response of the receiver subsystem is unaffected by the objects

in the radar environment, so the true IF drift is expected to retain the same

general structure as observed in Figures 4.1 and 4.2, characterized by periods

of relative stability interspersed by brief transitional intervals. It is also clear

that even with median filtering, there is a diminished estimation accuracy of the

proposed methods, particularly within the stable portions of the IF drift pattern.

This observation motivated the development of additional strategies to improve
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Figure 5.7: IF estimates with minimal ground clutter (no median filter)

IF estimation that were previously unnecessary.

5.2.3 IF Pattern Decision Framework

As shown in Table 5.4 and Figure 5.6, the proposed IF estimation techniques suffer

in the absence of strong stationary clutter, resulting in reduced system coherence.

In an attempt to address this limitation, additional estimation strategies were

developed. Analysis of datasets containing dominant ground clutter revealed that

stable regions of IF drift consistently contained identical frequency values, which

produced the most reliable coherence metrics. In contrast, datasets with minimal

clutter or strong moving objects demonstrated large variation, even in relatively

stable periods of IF drift. Since the behavior of the receive chain is unaffected by
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the radar scene, the IF structure shown in stationary clutter-dominated datasets

was assumed to better approximate the true IF drift. This observation motivated

the development of a classification framework to distinguish between stable and

transitional IF regions.

In the proposed framework, each pulse is classified as belonging to either a

stable or transitory portion of the IF drift. Pulses identified as stable are grouped,

and a constant IF estimate value of the mean of their respective estimates is

assigned to the entire group. The IF estimation performance was observed to be

a volatile value, with small changes in the radar environment and system operating

parameters having substantial consequences. One such parameter was the median

filter length of the original IF estimation, which for this investigation was chosen

to be 21 pulses. Another is the window size used in each classification scheme,

chosen for both methods to be 51 pulses.

Variance-Based IF Classification

The first classification scheme categorizes an IF estimate based on the variance of

the surrounding IF estimates. The underlying assumption is that estimates from

stable regions exhibit low variance, whereas those in transitional regions display

higher variability. Thus, the variance-based method is simple, and an individual

IF estimate is considered part of a stable section if

E{(fest,w − µ̄f )2} ≤ σ2
threshold (5.1)

where fest,w are the IF estimates within a window w and σ2
threshold is some thresh-

old variance value above which it can be assumed that an IF estimate is not in a

stable section. Consecutively stable IF estimates are grouped together, and their

mean is chosen as the estimate for the entire ensemble. An example of the results
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Figure 5.8: Variance-based IF classification comparison to template matching
method

of the variance-based IF classification method can be seen in Figure 5.8 overlaid

on the estimates of the normal template matching method. In general, the sta-

ble sections of the IF structure are successfully clustered to the same value and

achieve an improved degree of coherence. However, the classification encounters

some difficulty near the borders of sections in the drift structure, classifying some

transitory estimates as part of the stable section and vice versa.

The information in Figure 5.8 was created using a σ2
threshold that was chosen

specifically for this dataset, which required direct adjustment of the threshold. It

was desirable to identify a threshold value that would yield consistent performance

across multiple datasets without the need for manual tuning. To establish a
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baseline for optimizing σ2
threshold, the variance of stable IF regions was computed

across a collection of datasets with minimal ground clutter. The resulting values

were then averaged to obtain an empirically derived initial estimate of σ2
exp =

5.61×109. The coherence of each range bin listed in Table 5.4 was then evaluated
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Figure 5.9: Variance-based IF classification coherency vs. threshold

using the variance-based IF classification as a function of σ2
threshold, with the results

shown in Figure 5.9. To produce an aligned figure, each trace was normalized by

the corresponding measured angular standard deviation value included in Table

5.4. In this way, negative values indicate lower phase variance and an improved

performance by the variance-based classification scheme relative to the template

matching method.

Classification of stable IF regions does not universally improve performance,
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particularly when σ2
threshold is chosen poorly. Additionally, it was observed that

the method enhances coherence within stable segments of the IF drift, but that it

can degrade estimation accuracy during transitional intervals. This degradation

is most pronounced in pulses near the boundaries of stable regions, which may

be incorrectly grouped and assigned the value of the group instead of retaining

their more accurate original estimate. Despite these limitations, the results in

Figure 5.9 demonstrate that the method can produce a largely beneficial result.

Choosing an optimal σ2
threshold was difficult, but analysis of the results in Figure

5.9 led to the choice of σ2
threshold = 1.2 ∗ σ2

exp = 6.7320 ∗ 109 for the remainder of

this study.

Linear Regression IF Classification

The second classification approach distinguished sections of the IF structure by

using the slope of a linear regression fit to local IF estimates. The premise is that

IF estimates from transitional regions will exhibit larger slope magnitudes, while

slopes from stable regions will be significantly smaller. Again, the framework is

simple, classifying a pulse as stable if

d

dn
(LR{fw,est}) ≤ mthreshold (5.2)

where n is the pulse number, w is the window of surrounding pulses, LR{} is the

linear regression operator, and mthreshold is the chosen slope threshold value. IF

estimates classified as stable are again grouped, and their mean is chosen to be the

estimate for each group. The coherence of each range bin listed in Table 5.4 was

then evaluated using the linear-regression based IF classification as a function of

mthreshold, with the results shown in Figure 5.10. Again, the traces were aligned by

normalizing to zero with the measured angular variance of the template matching
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Figure 5.10: Linear regression based IF classification coherency vs. threshold

method found in Table 5.4. It is clear that the linear regression method does not

produce consistent effects for each dataset and is seen to perform generally worse

than the variance-based classification scheme. However, it was still important to

select a generalizable threshold, which, based on the displayed results, was selected

to be mthreshold = 6.5 kHz/pulse for the remainder of this study.

IF Classification Comparison

The performance of the classification methods was compared against the origi-

nal template matching approach for both minimal and dominant clutter environ-

ments. The angular variance of both situations is presented in Table 5.5 for a

CPI of 8192, and the same median filter and threshold values used in the previ-

ous sections. The results show that the IF classification techniques can improve
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Table 5.5: IF Classification Phase Standard Deviation (Angular) with Minimal
Ground Clutter

Range (m) Template Variance Based Linear Regression Based
Minimal Ground Clutter (USGS Antenna)

91.1 2.276◦ 1.831◦ 1.662◦

109.8 5.221◦ 5.042◦ 4.382◦

141.3 2.980◦ 2.866◦ 3.758◦

181.8 3.486◦ 3.504◦ 4.018◦

199.4 4.847◦ 4.374◦ 4.092◦

Dominant Ground Clutter (Furuno Antenna)
106 1.114◦ 1.275◦ 1.317◦

237 1.058◦ 1.549◦ 1.663◦

365 1.953◦ 3.013◦ 3.215◦

429 2.238◦ 3.504◦ 3.743◦

567 3.594◦ 4.897◦ 5.126◦

coherence in low-clutter scenarios, but increase the angular variance in situations

with strong stationary clutter environments. This outcome is expected, as the

classification process is an imperfect estimator that can misidentify pulses. This

misclassification of pulses can lead to incorrect grouping and assignment of IF

values, reducing coherence. When the initial IF estimates are already accurate,

as they are in ground clutter dominant scenes, the additional processing can be

detrimental rather than beneficial.
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Chapter 6

Non-Stationary Targets and Clutter

6.1 Measurements with Platform Motion

The final objective of this project is the deployment of the pseudo-coherent radar

system on a large buoy in the Pacific Ocean. Depending on environmental con-

ditions and operational modes, such a system is expected to encounter significant

levels of non-stationary clutter, so it was essential to evaluate system performance

under similar conditions. Prior to conducting expensive field work in true mar-

itime environments, preliminary testing was performed locally to assess coherence

in the presence of substantial non-stationary clutter. In particular, it was nec-

essary to demonstrate that coherence could be achieved when moving objects

dominate the received radar returns, as may be the case upon deployment on a

buoy.

There is an absence of naturally occurring non-stationary clutter phenomena

in the vicinity of the University of Oklahoma, so non-stationary conditions were

emulated by using a moving platform. The truck-mounted system setup was crit-

ical in this data collection, as the radar system was fully contained and operable

from within the vehicle. For this experiment, the USGS antenna was mounted

facing directly behind the truck while the vehicle was driven forward. Under these
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conditions, nearly all observed radar returns exhibit Doppler shifts, with the ex-

ception of transmit power leakage and near-in clutter located on the truck itself.

An RDM taken from the resulting dataset is shown in Figure 6.1 for a stable IF

CPI of 256 pulses. During this data collection, a large building located behind
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Figure 6.1: RDM of moving platform with stable IF (CPI = 256)

the radar system served as a dominant scatterer, appearing in Figure 6.1 as a

strong, distributed target located at roughly 5 m/s. Additionally, several objects

with positive Doppler velocities (i.e., moving towards the radar) are observed.

Their polarity can be explained by the dish antenna backlobes and sidelobes that

likely illuminated targets, such as trees and a chain link fence, outside the pri-

mary beam. This dataset provided an important initial validation that coherent

processing is achievable in environments dominated by non-stationary clutter.
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Figure 6.2: RDM of moving platform with transitory IF (CPI = 256)

However, similarly to the effects observed in minimal ground clutter scenarios,

the IF estimation techniques suffered in the presence of non-stationary clutter,

with an example RDM shown in Figure 6.2. This RDM was created by choosing

a CPI that directly straddles two stable IF sections from the same dataset and

general time period as that of Figure 6.1. It can be seen that the misestimations

of IF result in Doppler smearing, reducing object SNR, and complicating what

would have been detection and classification. However, despite this degradation,

the data retains discernible moving target information that would be impossible

in a fully non-coherent system.

87



6.2 Sea Clutter Performance

To further evaluate system performance, experiments were conducted in a true

sea clutter environment. To address this need, the truck-mounted system was

deployed in Galveston, Texas, where several data collection experiments were

performed. Datasets were collected at Galveston Seawall at Diamond Beach and

Figure 6.3: Galveston Seawall location

Galveston East Beach, pictured in Figures 6.3 and 6.4. In both cases, the radar

system was positioned such that reflections from stationary objects between the

radar and shoreline were within the blind range of the system. At the seawall

location, ocean waves directly approached the radar with wind speeds of approx-

imately 3-4 m/s. At the East Beach location, wave motion included a significant

tangential component, resulting in Doppler shifts whose polarity depended on an-

tenna pointing direction.

An important objective of this data collection was the characterization of sea

clutter across multiple elevation angles to evaluate the degree to which it might
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Figure 6.4: Galveston East Beach location

interfere with the operating modes of a deployed system. Radar data was acquired

with the USGS dish antenna at elevation angles of 0◦, 5◦, 10◦, 15◦, 20◦, 25◦, 30◦,

45◦, 60◦, 75◦, and 90◦ for a period of several seconds. Representative RDMs

for a stable IF CPI of 256 pulses at 0◦ and 5◦ elevation are shown in Figures

6.5 and 6.6, respectively. The results of Figure 6.6 demonstrate that the narrow

vertical beamwidth of the USGS dish antenna effectively suppresses sea clutter,

a phenomenon that was consistent for all datasets collected with elevation angles

above 0◦. However, at 0◦, the sea clutter is sufficiently strong to obscure low-RCS

targets unless they are well separated in range or Doppler.

Quantitative evaluation of coherence in the presence of real sea clutter was also

performed by directing the antenna toward a stationary scatterer located beyond

a region of breaking waves. Finding such a target proved challenging, and only a

single suitable dataset was obtained. The selected scatterer was a permanent pier

approximately 1.7 km from the radar, as shown in Figure 6.7. For a 500 pulse
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Figure 6.5: Galveston Seawall with 0◦ elevation angle (CPI = 256)

CPI selected from a stable IF region, the measured angular standard deviation

was 6.891◦. By comparison, a large building at a similar range in a ground clutter

environment exhibited a standard deviation of 4.737◦ (Section 5.1). This increase

is likely due to increased motion of the pier induced by wave action. It is a

reasonable assumption that the large building referenced in Section 5.1 would

be less likely to suffer the same caliber of movement as a wooden pier in the

ocean. Importantly, a standard deviation of 6.891◦ corresponds to an approximate

range displacement of only 0.30 mm, which is physically sensible in the given

environment. Despite these limitations, the short CPI coherence indicates that

the system maintains a high degree of coherence in sea clutter conditions.
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Figure 6.6: Galveston Seawall with 5◦ elevation angle (CPI = 256)

6.3 Moving Target Analysis

Another primary goal of this work was to develop and examine the system’s abil-

ity to resolve targets in Doppler. Accordingly, experiments were conducted with a

variety of moving targets under diverse environmental conditions. Ground truth

velocity measurements were unavailable, so performance was assessed through

analysis of target SNR and Doppler energy signature. In theory, improved co-

herence is expected to produce higher peak target power and reduced energy

spreading in Doppler. However, it should be noted that many targets presented

in this work were spinning or contained smaller moving parts that contributed

their own micro-Doppler effects, which can be mistaken for Doppler spreading,

regardless of coherence.
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Figure 6.7: Galveston pier location relative to radar system

6.3.1 Targets in Ground Clutter

Experiments in ground clutter were conducted using the Furuno XN20AF antenna,

which has a narrow horizontal beamwidth of 1.23◦. It was initially difficult to catch

the moving targets in the narrow beam, so objects were intentionally thrown across

the azimuthal direction and were only fully illuminated for a brief period of time.

As a result, a CPI of 512 pulses was selected to avoid range bin migration and

ensure the target was illuminated throughout its duration. The resulting RDMs

for a thrown baseball, frisbee, and football are shown in Figures 6.8–6.10. In

each case, the target is clearly resolved with a concentrated main lobe, indicating

successful coherent processing. Additionally, each object displays slightly altered

behavior in the surrounding Doppler bins, which indicates successful measurement

of the micro-Doppler signatures of each object. The normalized Doppler slices for

these targets are presented in Figure 6.11, where the Doppler energy signature
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Figure 6.8: Thrown baseball (CPI = 512)
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Figure 6.9: Thrown frisbee (CPI = 512)

can be more closely examined. The baseball, which most closely resembles a

point scatterer, exhibits minimal Doppler structure in the surrounding bins. The
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Figure 6.10: Thrown football (CPI = 512)
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Figure 6.11: Normalized doppler energy signature of thrown objects

frisbee, which contains physical elements spinning with a wide radius, displays a

clear Doppler spread related to the orientation and angular velocity of the object.
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The football also exhibits a distinct Doppler signature that differs from both the

baseball and frisbee, and cannot be attributed to smearing from IF misestimation.

Collectively, these results confirm the effectiveness of the proposed methods and

highlight the potential for future work on the use of pseudo-coherent radar systems

in the measurement and classification of the micro-Doppler signatures for objects

in motion.

6.3.2 Targets in Sea Clutter

For experiments involving moving targets in the presence of sea clutter, the USGS

antenna was used. Each dataset consisted of several minutes of recorded radar

returns, such that there was a more diverse array of moving target data. Due to

the relatively narrow vertical and horizontal beamwidths of the antenna, targets

with meaningful tangential velocity traversed the main beam in short periods of

time. Consequently, the coherent processing interval (CPI) was again selected

to be 512 pulses. The moving targets considered in this portion of the study

included a small remote-controlled quadcopter, as well as birds and a search he-

licopter that presented themselves as targets of opportunity in the radar scene.

The corresponding RDMs for each target are presented in Figures 6.12-6.14. The

UAV and helicopter datasets were collected at the Galveston Seawall location,

while the bird observations were made at the Galveston East Beach site.

In each case, the Doppler signatures of the targets are clearly distinguishable

from the surrounding environment. The quadcopter is particularly prominent,

likely due to its motion away from the radar system while the surface waves move

in the opposite direction. The bird dataset contains multiple targets exhibiting

both positive and negative velocities, reflecting a range of motion relative to the

radar. The sea clutter is noticeably reduced in this dataset, on account of the more
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Figure 6.12: Quadcopter drone over the ocean (CPI = 512)
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Figure 6.13: Gathering birds over the ocean (CPI = 512)
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Figure 6.14: Rescue helicopter flying over the ocean (CPI = 512)

sheltered sea conditions at the East Beach location and the antenna orientation,

which reduced the radial velocity component of the waves. Nevertheless, the radar

system resolved many birds in the scene that are low in RCS and located at diverse

ranges within the same CPI. The helicopter dataset differs slightly in that it was
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collected with the antenna elevated to 5◦, spatially filtering nearly all sea clutter

from the measured data. However, the elevated angle is an important operational

mode for the system, where, despite being the most distant target considered

in this study, the helicopter reflections were concentrated into a distinct peak.

It is important to note that the moving targets observed in the Galveston sea

clutter datasets do not directly overlap with the strongest sea clutter returns

in range-Doppler space. Further investigation is therefore warranted to assess

target detectability in scenarios where significant overlap occurs. Such analysis

would likely require precise knowledge of both antenna beam geometry and target

position.

6.3.3 SNR Evaluation and IF Misestimation Effects

The results presented in Section 6.3.2 demonstrate strong system performance

under favorable conditions, but do not consider the impact of misestimation in

the IF drift. Each example is selected from a stable portion of the IF drift, where

the assumption of a constant IF is valid and estimation errors are minimized. This

manual selection of CPI is infeasible on a deployed system, where such tuning of

large quantities of data is impossible. As a result, it is necessary to evaluate

system performance under general conditions, including periods of IF transition.

As discussed in Section 5.2.2, reduced stationary clutter adversely affects IF

estimation accuracy, but the presence of strong moving targets introduces further

challenges. It was consistently observed that strong moving scatterers altered the

fast-time spectral content such that the main-lobe shifted from pulse to pulse.

An example is illustrated in Figure 6.15 for the thrown baseball. This behavior

violates a key assumption of the template matching approach, which relies on

an essentially consistent fast-time frequency content over the CPI. Similarly, the
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Figure 6.15: Fast-time frequency content with strong moving target

PSD estimation method correctly identifies the shifting spectral peak, resulting

in inconsistent IF estimation. The degradation in IF estimation accuracy leads

to Doppler spreading of target energy, similar to that in Figure 6.2, reducing the

effective SNR.

To quantify this effect, the targets introduced earlier were evaluated in terms

of SNR under different IF conditions and compensation strategies, using a CPI of

256 pulses. The system noise floor for this CPI length was experimentally deter-

mined to be −61.85 dB, and SNR values were found by subtracting that noise level

from the peak target power. The results are summarized in Table 6.1, where each

column corresponds to a different combination of IF stability and compensation

strategy. They include a CPI selected from a stable IF section without adaptive

digital downconversion, a stable IF section using the template matching method,
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Table 6.1: SNR of Moving Targets vs. IF Estimation Technique and Drift
Structure

Target No Adaptive,
Stable

Template,
Stable

No Adaptive,
Transitory

Template,
Transitory

Baseball 91.54 dB 90.73 dB 88.93 dB 89.73 dB
Football 64.95 dB 65.28 dB 58.44 dB 61.19 dB
Frisbee 85.26 dB 83.61 dB 83.67 dB 83.92 dB

Quadcopter 57.20 dB 56.73 dB 54.84 dB 56.30 dB
Small Bird 33.78 dB 29.31 dB 24.93 dB 21.97 dB
Helicopter 43.15 dB 36.61 dB 45.98 dB 39.51 dB

a transitory IF section without adaptive digital downconversion, and a transitory

IF section using the template matching method. To obtain the transitory CPI,

the stable CPI was simply shifted by 256 to ensure an IF transition is included

in the new interval. This selection process created some unavoidable inconsisten-

cies where a target was more heavily in the beam for different IF drift sections,

which could account for the transitory sections exhibiting higher SNR values than

those of the stable portions. Regardless, it is evident that with dominant ground

clutter, the template matching technique overcomes the issues presented by the

shifting spectral content and outperforms non-adaptive digital downconversion in

the transitory bands. It was found that non-adaptive digital downconversion is

superior in the stable sections, where it can be assumed that the IF has no drift.

This effect is more pronounced in sea clutter environments, where the absence

of strong stationary scatterers further complicates IF estimation and reduces the

effectiveness of adaptive techniques. Interestingly, in some instances, the lack of

stationary clutter degrades the template matching performance enough that it is

exceeded by the non-adaptive digital downconversion, even during a transitional

period.

Several considerations should be noted when interpreting these results. The
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SNR analysis is based on a limited dataset and may not fully capture system

behavior across all operational scenarios. Furthermore, SNR is highly dependent

on target orientation and trajectory relative to the antenna beam, sensitizing

results to rapid positional changes. The reported SNR values are also referenced

to the system noise floor and do not account for interference from clutter, which

would reduce the effective signal-to-interference ratio that determines detection

and tracking relationships. Despite these limitations, the results demonstrate that

the proposed signal processing framework is capable of resolving moving targets

across a range of conditions, including clutter environments, target dynamics, and

IF stability. This performance supports the overall objective of enabling coherent

processing and meaningful Doppler analysis using magnetron-based radar systems.
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Chapter 7

Conclusions and Future Work

7.1 Conclusion

This thesis presented the design, implementation, and evaluation of a coherent-on-

receive signal processing framework for magnetron-based marine radar systems.

By addressing both random transmit phase variations and receiver-induced in-

termediate frequency drift, the proposed methods successfully enabled coherent

processing using unmodified commercial hardware. The results demonstrate that

software-based compensation techniques can effectively restore phase coherence

across both short and long coherent processing intervals.

Through the development and comparison of multiple coherency algorithms,

it was shown that reliable phase correction can be achieved under a range of op-

erating conditions. Among the methods considered, the matched filtering (COR)

approach consistently provided the highest degree of phase stability when an ac-

curate transmit pulse model was available, while the gradient ascent and phase

difference alignment methods offered competitive performance with varying imple-

mentation complexity. Adaptive digital downconversion was shown to be essential

for maintaining coherence over long CPIs, with the template matching approach

demonstrating superior robustness compared to power spectral estimation tech-
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niques. Although performance degradation was observed during periods of rapid

IF variation and in environments dominated by non-stationary clutter, the overall

framework improved coherence and enabled meaningful Doppler analysis.

Experimental validation confirmed that the proposed system is capable of re-

solving a wide range of targets, including low radar cross-section objects, in both

ground-based and maritime environments. The ability to generate well-defined

range-Doppler signatures for moving targets, including drones, helicopters, pro-

jectiles, and biological scatterers, demonstrates the effectiveness of the approach

in achieving the primary objectives of this work.

Despite these successes, several limitations were identified. These include sen-

sitivity to IF estimation errors and reduced performance in scenarios with strong

non-stationary clutter or limited stationary reference returns. These observations

highlight important areas for continued investigation, including the development

of more robust IF estimation strategies. Nevertheless, this work demonstrates the

feasibility of transforming low-cost, widely available marine radar systems into

capable pseudo-coherent sensing platforms through advanced signal processing

alone. This capability has significant implications for expanding the use of ma-

rine radar in scientific and operational applications, particularly in aeroecology,

where financially accessible and high-performing sensing solutions are increasingly

valuable.

7.2 Scientific Impact

This thesis addresses an underexplored problem space and introduces several con-

tributions to the existing body of work on coherent processing with commercial

marine radar systems. Prior efforts to achieve coherence with magnetron-based

systems have largely relied on invasive hardware modifications to the subsystems
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within. In contrast, this work demonstrates that high levels of coherence can be

achieved through software-based approaches.

Specifically, the proposed power spectral density and template matching IF

estimation methods provide practical solutions to compensating receiver-induced

frequency drift without requiring hardware changes. In addition, this work presents

a detailed characterization of algorithm performances across a variety of radar en-

vironments, including scenarios with dominant stationary clutter, minimal clut-

ter, and highly dynamic conditions. The comparison of established and newly

proposed coherency algorithms further contributes to the understanding of phase

correction techniques, including the identification of approaches that achieve near-

equivalent performance with reduced computational complexity.

Another key contribution is the quantitative evaluation of coherence using

multiple complementary metrics, addressing a gap in prior literature where quali-

tative assessments were more common. Collectively, these contributions culminate

in the development of a low-cost pseudo-coherent radar system suitable for future

scientific investigations, particularly in the study of aeroecological phenomena.

7.3 Future Work

Several avenues for future research emerge from the findings of this thesis. Al-

though the proposed signal processing framework demonstrates strong perfor-

mance, further improvements in IF estimation remain an important objective,

particularly in environments characterized by minimal stationary clutter or highly

non-stationary returns. Additional investigation into the effects of residual phase

and frequency misalignment on downstream processing tasks, such as target de-

tection and tracking, would further enhance system understanding. Moreover,

the analysis and classification of micro-Doppler signatures of moving targets in

104



pseudo-coherent radar data represents an unexplored space with promising poten-

tial for future research branching directly from the work done in this thesis.
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Appendix A

List of Acronyms and Abbreviations

ADC Analog-to-digital converter

CFAR Continuous False Alarm Rate

COR Coherent-On-Receive

COTS Commercial Off the Shelf

CPI Coherent Processing Interval

DFT Discrete Fourier Transform

EM Electromagnetic

GMTI Ground-Moving Target Indicator

IF Intermediate Frequency

IQ In-Phase and Quadrature

LNA Low Noise Amplifier

PCB Printed Circuit Board

PDA Phase Difference Averaging

PRF Pulse Repetition Frequency

PRI Pulse Repetition Interval

RADAR Radio Detection and Ranging

RCS Radar Cross Section

RDM Range-Doppler Map

RF Radio Frequency
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SAR Synthetic Aperture Radar

SNR Signal-to-Noise Ratio

TWT Traveling-Wave-Tube

∗ Linear Convolution
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