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Abstract

Aided Target Recognition (AiTR) improves human target detection and tracking by
enhancing sensor data for better accuracy and visual understanding. Remote sensing (RS)
collects information from a distance, often via satellites or aircraft. We are exploring a network
of unmanned aerial vehicles (UAVs) equipped with various sensors to enhance Intelligence,
Surveillance, and Reconnaissance (ISR), agriculture, and environmental assessment applications.
The combination of AiTR and remote sensing is a key advancement in military surveillance,
and research is ongoing in this area. Our research involves the development of algorithms for
target detection in collected hyperspectral sensor data. A key challenge we face is the need
for lightweight CPU-based anomaly detection to reduce computation overhead and battery
consumption, a crucial aspect in designing an optimized UAV surveillance system for long,
steady flight missions with broad area coverage. We must also further investigate those scenes
containing the anomalies on more capable drones or powerful ground stations.

Hyperspectral (HS) imaging, a powerful tool for capturing detailed spectral information,
is susceptible to variations in data quality due to weather conditions. Factors such as time of day,
cloud cover, dust, and water vapor can introduce noise and scattering, underscoring the necessity
of image preprocessing techniques. These techniques, including noise reduction, brightness
correction, and contrast enhancement, are crucial for improving data quality, bolstering feature
extraction, and enhancing the performance of standard detection methods and machine learning
models.

Statistical methods have been used extensively for anomaly detection. They typically
make assumptions about the background in an HS image to detect anomalies. However, they
can fail when the background does not meet their assumptions. In contrast, machine learning
(ML) techniques can enhance anomaly detection in cluttered backgrounds. Thus, we propose
a supervised stacking ensemble called GE-AD to combine the outputs from multiple statistical

methods and ML algorithms (i.e., base methods to GE-AD). The selection of these base methods
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is crucial, and we employ a greedy search algorithm to identify the most effective ones for

the ensemble. However, GE-AD has difficulty handling HS datasets collected using diverse
sensors or datasets collected using the same sensor but under different weather patterns, changed
collection techniques, and other uncertainties. I propose generalizing our anomaly detection
solution using domain adaptation to address this. Domain Adaptation (DA) is an ML technique
that assumes no access to target domain data. It aims to learn a generalized model to differentiate
between datasets from one or several training domains with different probability distributions,
thereby achieving good out-of-distribution generalization.

Semantic segmentation proves to be a valuable asset when applications necessitate a more
in-depth analysis of a scene for precise object localization and boundary delineation, such as in
military surveillance scenarios. It allows us to comprehend the detailed composition of a scene
by distinguishing different objects at a granular level. While high-performing image semantic
segmentation models like U-Net, FCN, and DeepLab are readily available, their direct use on
HS imager data, which has more channels than the RGB images they were designed and trained
with, is not feasible. Simply updating the input layers of existing deep learning (DL) models
may compromise their performance. Therefore, I propose a separate channel attention module
to extract crucial spectral information from the hundreds of channels in HS images without
disrupting the original DL model. By combining the spectral feature in the first layers of the
original DL model and fine-tuning it, we can achieve improved results, thereby demonstrating

the adaptability of this method for AiTR’s use.

Keywords: hyperspectral remote sensing, near-infrared NIR, unmanned aerial vehicles UAV,
aided target recognition AiTR, anomaly detection methods, machine learning, deep learning, crop

classification, semantic segmentation, stacking ensemble learning
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Chapter 1

Introduction

Hyperspectral (HS) imaging helps analyze materials for Aided Target Recognition
(AiTR) in military, agricultural, and environmental fields. AiTR [1] systems play a crucial role in
enhancing how accurately we can understand sensor data for target detection, classification, and
identification and assist in tracking. It involves preprocessing sensor data to improve detection
accuracy, detecting and classifying potential targets [2], and enhancing the visual effects of data
for human understandability. Whereas Remote sensing (RS) is gathering information about
an area or object from a distance, typically using a satellite or aircraft. However, using these
solutions on unmanned aerial vehicles (UAVs) is limited by UAVs’ computing power and battery
life. We are investigating the development of a network of multiple UAVs with different sensors
affixed to each [3]. This network of UAVs aims to enhance imaging and reporting capabilities for
intelligence, surveillance, and reconnaissance (ISR), potentially transforming military operations
by providing better situational awareness and a clearer picture of what is happening. These UAV's
or drones can also help in agriculture and environmental assessment applications.

HS imaging (HSI) is a promising tool with the potential to obtain detailed spectral
information from a scene. The advancement of HSI technologies [4] combined with machine
learning (ML) recognition techniques [5] holds the key to improved scene characterization in
numerous applications. This scene characterization includes the detection of anomalies in a
cluttered background, finding objects, or identifying materials. HS remote sensing combines
spectroscopy and imaging to collect spatial and spectral information and process information
across the electromagnetic spectrum. The advent of UAVs indicates that combining HS remote
sensing with AiTR promises hope. Figure 1 shows various steps in the generic algorithm pipeline
of an AiTR system. The top line shows different stages of processing on sensor data. The bottom
pipeline shows the final AiTR stage: processing and presenting them to humans in the loop.

Our research involves the development of algorithms for target detection in collected HS
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Figure 1: Generic algorithm processing pipeline for an AiTR system [1].

sensor data. A key challenge is that the AiTR’s detection performance can degrade due to sensor
variations, acquisition protocols, environmental conditions, and weather issues. HS imaging is
excellent for spotting material-level issues. However, it’s sensitive to environmental noise like
clouds, dust, and changes in lighting. Thus, it underscores the necessity of image preprocessing
techniques. These techniques, including noise reduction, brightness correction, and contrast
enhancement, are crucial for improving data quality. It bolsters feature extraction and enhances
the performance of standard detection methods and machine learning models. Another challenge
is that standard anomaly detection (AD) methods, especially statistical ones, often struggle when
design assumptions are unmet. On the other hand, deep learning models made for regular RGB
images do not easily adapt to high-dimensional hyperspectral data.

We propose a lightweight, CPU-efficient anomaly detection framework that combines
traditional statistical techniques with machine learning algorithms using a supervised stacking
ensemble named GE-AD to address these limitations. A lightweight CPU-based anomaly
detection is vital to reduce computation overhead and battery consumption, a crucial aspect in
designing an optimized UAV surveillance system for long, steady flight missions with wide area
coverage. A greedy search strategy is employed to select optimal base detectors, enhancing
ensemble performance under constrained computational resources. However, due to spectral

variability and acquisition inconsistencies, GE-AD’s performance declines across domains.



To overcome this, we integrate unsupervised domain adaptation methods that align feature
distributions between training and deployment domains, enabling robust, out-of-distribution
generalization without requiring labeled target data.

Furthermore, we extend our approach with semantic segmentation for tasks requiring
fine-grained scene understanding for AiTR identification. Recognizing that existing segmentation
models (e.g., U-Net, DeepLab) are not optimized for HS inputs, we introduce a channel attention
module to extract relevant spectral features without disrupting the original architecture. By fusing
this module with early layers of deep segmentation models and task adaptation, we preserve their
performance while adapting them to the rich spectral space of HS data.

Finally, our task-oriented digital image processing enhances human visibility to detect
targets and better understand the scene. We can apply these image-processing techniques to 1- or
3-channel digital images (1-channel gray-scale and NIR images or 3-channel RGB and NIR-RG
images). Compared to generic image processing, which can introduce artifacts and hinder scene
understanding, our proposed framework will significantly improve scene understanding, anomaly
detection, and semantic segmentation performance under real-world constraints, enabling
effective, long-duration UAV operations across diverse sensing conditions.

This proposal aims to solve AiTR problems for HS data collected using low-flying UAVs,
Unmanned Aircraft System (UAS) platforms, and aircraft by providing anomaly detection and
segmentation solutions based on HS remote sensing. Here, UAV (Unmanned Aerial Vehicle)
refers only to the drone or unmanned aircraft itself, whereas UAS (Unmanned Aircraft System)
encompasses the whole system needed to operate a drone, including the aircraft, supporting
ground control station and systems, communication links, and software. This work bridges the
gap between high-performance HS analysis and domain-robust AiTR systems. The individual
components are also valuable and advance the research frontier in various computer vision and

remote sensing fields.



1.1 Goals and Future plan

The overarching goal of my proposal is to explore, investigate, and propose novel ways
to improve HS anomaly detection and semantic segmentation for AiTR and efficiently quantify
and measure their performance. The plan includes investigating ensemble anomaly detection and
finding innovative ways to generalize the solution on various HS datasets. This plan also includes
investigating task adaptation on an existing deep semantic segmentation model pre-trained on a
large RGB dataset and spectral channel attention module to optimize it for HS inputs. It will also
include unique ways to preprocess the HS images and measure their impact on detections. It will
help with both remote sensing and aided target recognition. I will also plan to investigate a novel

way to improve visualization for human understanding.

Process HS images to improve machine detection accuracy

Identify anomalies in HS images across various scenarios with greater accuracy to assist

humans

Scenes HS image semantic segmentation

Process images to enhance human visibility

Achieving these goals presents multiple challenges. We have found that there is
limited public HS data, and annotated data is even more scarce. To address this, we have
comprehensively explored and combined unsupervised learning with supervised learning for
anomaly detection. The HS image’s numerous channels pose memory constraints on fitting
deeper networks, leading us to employ no or limited deep-learning algorithms. Leveraging
the HS imager’s low spatial resolution at a high altitude and high spectral resolution, we have
used spectral information and unmixing to improve accuracy. To overcome the biases of simple
statistical solutions, We have developed an ensemble using meta-model to generalize them,
thereby enhancing their accuracy. We have also devised a greedy solution to select base methods

from various statistical HS-AD methods to use in an ensemble. As for future, our proposal
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Figure 2: The Electromagnetic spectrum [6].

includes the application of domain adaptation to ensure the widespread application of our
solutions. Furthermore, This plan also includes investigate task adaptation to optimize an existing
deep semantic segmentation pre-trained on large RGB dataset for HS inputs. Finally, we will
investigate the impact of image processing on detection algorithms and human understanding,

potentially leading to significant improvements.

1.2 Background

In this section, we briefly introduce all topics related to this proposal. We discussed these

topics in detail in the subsequent chapters based on their relevance.

1.2.1 Hyperspectral Imaging

Hyperspectral imagers capture data from contiguous electromagnetic bands from the
electromagnetic spectrum, as shown in Fig. 2. An HS image has hundreds of channels and
additional reflectance information per pixel [2]. Figure 3 shows an HS image stack that an HS
imager can capture using the remote sensing (RS) technique. Figure 3 also shows various unique
reflectance signatures of different materials, as they reflect light differently. Thus, it helps classify
materials, differentiate fakes and decoys, and identify objects that do not belong (anomalies)
in the captured scene. For example, targets that deviate spectrally from their surroundings in a
scene.

HS imager captures hundreds of contiguous bands from the electromagnetic spectrum.

However, weather can affect the quality of data collected. Time of day and cloud can impact the
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Figure 3: A generic scheme of HS imager mapping a scene identifying soil, vegetation and water through
reflectance signature [4].

amount of sunlight available for reflectance, dust can create the scattering effect, and water vapor
absorbs some electromagnetic bands completely and leaves only noise. Image enhancement
techniques, such as noise reduction, brightness correction, and contrast enhancement, are crucial
in curating better data. Thus, image preprocessing can improve the performance of standard
detection methods. ML and deep learning (DL) models usually improve their performance with

image augmentation using these techniques, too.

1.2.2  Aided Target Recognition (AiTR)

Aided Target Recognition (AiTR) refers to the use of advanced technologies and
systems to assist in identifying and classifying objects or targets, typically in military, security,
and surveillance contexts. AiTR systems enhance the ability to recognize and track targets

by utilizing various tools, such as sensors, computer vision, ML algorithms, and automated



processing and analysis. These systems play a crucial role in reducing human error and
workload, thereby enhancing detection accuracy and speeding up decision-making processes
when identifying potential threats or objects is critical.

Figure 4 shows a military application where AiTR can help identify enemy vehicles using
infrared sensors. The system may integrate infrared, radar, or optical sensor data from multiple
sources (e.g., satellites, UAVs, or ground-based sensors) to provide more accurate identification
in complex environments. Importantly, AiTR systems are designed to learn from previous
encounters, continually improving their ability to recognize targets and instilling confidence in

their adaptability.

Figure 4: AiTR is helping identifying enemy vehicles in military applications.

AiTR enables operators to distinguish threats that humans cannot discern easily and
rapidly in a highly cluttered environment where automated target recognition algorithms are
unreliable [2]. AiTR needs a low False Alarm Rate (FAR) [7, 8]. A lower FAR value indicates
fewer false targets identified as targets so as not to overwhelm the operator. AiTR requires a high
Detection Rate [9] (i.e., recall) or a high ratio between the number of detected targets and the
total number of targets. Although the detection and false alarm rates are inversely related, AiTR
can prioritize a higher (better) detection rate, which may lead to a higher (worse) false alarm rate.

Operators can take action to interrogate further and mitigate the threat.



In my exploration, I will use data from the HS imager and concentrate mainly on anomaly
detection from the detection step and classification from the identification step. I will also

investigate the impact of Preprocessing on machines and humans.

1.2.3  Potential Applications of AiTR

AITR has the potential to significantly impact the agriculture, the environment, the
military, and surveillance. In the agriculture, AiTR’s potential in predicting plant health
and detecting pests as shown in Fig. 5 is a reason for optimism. In the environment, AiTR’s
monitoring capabilities, including changes in land cover and pollution level detections, offer a
reliable tool. In mineral exploration, AiTR’s ability to recognize mineralization-related anomaly
patterns and contour geological maps to detect target areas is a promising development. In the
military, AiTR’s role in camouflaged target detection, differentiating targets from decoys, is a

significant advancement.

1. Classification

AW
S
-

Deep learning
>

Gray mold

Tomato diseases and pests image
Image category label

Rectangle label Pixel by pixel label

Figure 5: Example of plant diseases and pests detection problem [10].

1.2.4 Hyperspectral Unmixing

Hyperspectral unmixing identifies and quantifies the individual components within
a mixed pixel in a HS image. Because HS data often has a lower spatial resolution, the pixels
can represent a combination of multiple materials. Unmixing helps identify these materials
and objects by analyzing their physical reflective properties. This process breaks down the
measured pixel spectra into a group of constituent spectral signatures (endmembers) and their

corresponding fractional contributions (abundances).



1.2.5 Hyperspectral Anomaly Detection (HS-AD)

Hyperspectral Anomaly Detection (HS-AD) [11] aims to find targets in HS images that
deviate spectrally from their surroundings in a scene. It helps characterize the captured scenes
and separates them into anomaly and background classes. Supervised anomaly detection solves
this problem using data labeled with ground truth, whereas unsupervised anomaly detection does
not. Statistical methods have been used extensively for anomaly detection. They typically make
assumptions about the background in an HS image to detect anomalies. Therefore, they will fail
to capture the anomalies if the background does not satisfy their assumptions. However, ML
recognition techniques can improve the detection of anomalies in a cluttered background. Thus,
we propose a supervised stacking ensemble called GE-AD to combine the outputs from multiple
statistical methods and ML algorithms (i.e., base methods to GE-AD), as well as a greedy search
algorithm for selecting the base methods for the ensemble. However, GE-AD has difficulty
handling HS datasets collected using diverse sensors or datasets collected using the same sensor
but under different weather patterns, changed collection techniques, and other uncertainties. Both
RS and AiTR can benefit from the improvement and generalization of HS anomaly detection

algorithms.

1.2.6  Generalization of Detection

Universality or generalization suggests that if a method achieves promising results on
known datasets, it will perform similarly well for new or unseen data and provide consistent
predictions. Usually, unsupervised HS-AD methods promise generalization as they should
work well enough on unknown data. However, these methods typically do not generalize well
when tested on other unfamiliar datasets. That’s where Domain Generalization (DG) comes
into play. DG is an ML technique that assumes no access to target domain data. It aims to learn
a generalized model to differentiate between datasets from one or several training domains
with different probability distributions. In the context of our research, DG will be used to align

input features like the HS dataset and outputs of varying base methods. It weights them based



on their effectiveness for more than one dataset, thereby achieving good out-of-distribution

generalization.

1.2.7 Hyperspectral Image Semantic Segmentation

Image Semantic Segmentation is a computer vision technique that classifies each
pixel based on its semantic class. It precisely identifies and classifies every pixel within an
image. It allows us to understand the detailed composition of a scene by distinguishing different
objects at a granular level. Hyperspectral Image Semantic Segmentation utilizes spectral
pixel information along with spatial data to solve this semantic segmentation problem. It is
valuable for applications that require a granular level of image analysis, like medical imaging,
military surveillance, and industrial inspection, where precise object localization and boundary
delineation are crucial. Image semantic segmentation is a well-investigated problem, and various
high-performing DL models designed and trained with RGB images like U-Net, FCN, and
DeepLab are readily available. However, AiTR cannot use these models for scenes collected
using an HS imager, as these HS images have hundreds of channels. Only updating the input
layer of existing DL models to take in HS data can hamper their performance. In contrast, there
is insufficient data to utilize these hundreds of channels from HS images to train a model from
scratch and extract crucial spectral information. Thus, to address this challenge, the spectral
feature should be combined with spatial features in the DL. model and fine-tuned for better

results.

1.3 Organization

This dissertation proposal and the final dissertation will interpolate material from papers
by the author [12, 13] and coauthored [14] with M Younis, A Robinson, L. Wang, and C Preza. I
incorporated some material from each of these papers into each Chapter.

The current proposal is organized into six major parts. The current introductory Chapter

presents the research field of HS Aided Target Recognition (AiTR), existing problems, and

10



solutions. Chapter 2 discusses various HS and RGB image processing techniques and their
impacts on detections and human understandability. It also explores a better way to select and
apply these processing techniques. Chapter 3 looks into HS anomaly detection in remote sensing
and the details of various detection methods. It goes over our hard voting ensemble HS-AD
method [14], which uses predicted class labels for majority rule voting. It details our supervised
stacking ensemble HS-AD method [12]. It also summarizes the greedy searching mechanism for
base method selection for the ensemble. Chapter 4 outlines our ideas on generalizing HS-AD,
which could broaden our HS-AD method’s applications. It presents preliminary results, uses
material from Reference [13], and describes our proposed solution to address the issue. Chapter 5
discusses our proposed hyperspectral image semantic segmentation method. Chapter 6 outlines
the timelines, deliverables, and deadlines to extend and finalize this proposal into a complete

dissertation document.
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Chapter 2

Hyperspectral Image Preprocessing

This chapter examines various image processing techniques we apply initially to
hyperspectral (HS) data before proceeding to anomaly detection and segmentation, which may
improve data quality and increase training data for machine learning and deep learning models.
These image-processing techniques enhance human visibility and understanding when applied to
1- or 3-channel digital images. These digital images can be 1-channel gray-scale and NIR images

or 3-channel RGB and NIR-RG images.

2.1 Previous Work

Digital image processing, a subcategory of digital signal processing, enables a broad
spectrum of algorithms to be applied to the digital input data. Its ability to resolve noise
and distortion during processing is a significant feature. It is in considerable demand for its
applications in diverse fields such as the agriculture, defense, environment, manufacturing, and
medical imaging. The evolution of digital image processing is significantly influenced by the
development of mathematics, particularly the creation and enhancement of discrete mathematics
theory. In this section, we will dive deeper into a select few existing state-of-the-art image
processing and enhancement solutions pertinent to this proposal. We will also review some

examples followed by our proposed solution.

2.1.1 Initial HS Image Preprocessing

Radiometric calibration is the very first step in converting raw digital numbers (DNs)
to radiance values. However, the sensor manufacturer supplies this solution to ensure the data
represents physical measurements. We also apply geometric Correction (Orthorectification) to
correct geometric distortions due to UAV movement (pitch, roll, yaw) and terrain [15].

Atmospheric Correction (AC, also referred to as Atmospheric Compensation,
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Characterization, or ACA) Algorithms are used in the application of remotely sensed HS
imaging data to correct for the effects of atmospheric scattering, propagation, and absorption on
measurements acquired by air and space-borne systems. It is usually the first step after collecting
new HS data, and it removes the atmosphere’s impact on an image’s reflectance values [16].
FLAASH (Fast Line of Sight Atmospheric Analysis of Spectral Hypercubes) [17] is one of the
standard AC techniques. The goal of AC is to convert the radiance the sensor receives at the top
of the atmosphere to the radiance of the Earth’s surface. We apply FLAASH as the first step
in our preprocessing pipeline. Wang et al. also found that effective atmospheric correction is
essential for minimizing atmospheric interference in UAV-based hyperspectral imagery [18].

Analyzing the signal-to-noise ratio (SNR) for the HS images obtained from a new
sensor is essential to ensure that the sensor maintains excellent overall sensitivity and spectral
resolution, which supports the capture and preservation of critical information in the scene.
Noise reduction techniques can remove unwanted noises identified during SNR analysis through
smoothing, blurring, and filtering. Gaussian and median blur methods are some of the standard
noise reduction techniques [19]. We selected the Gaussian filter over the median for better
performance in our unmixing pipeline.

Deblurring restores a sharp image from a blurred one, which can sometimes reduce noise.
A Wiener low-pass filter is one of the first deblurring techniques to reduce additive random noise
in images [20]. K. Dabov et al. [21] proposed the BM3D denoising method using modified
collaborative Wiener filtering. Y. Mékinen et al. [22] introduced an improved version called
BM4D with exact computation of the noise power spectrum and practical approximations of
the spectrum for faster computation. We have tested BM4D; however, we have not seen any

improvement in detection accuracy. We plan to test it on RGB images for better visibility.

2.1.2 Data Normalization for Machine Learning

Aggarwal [23], and Zimek et al. [24] investigated outlier detection using ensemble

methods. They found using multiple methods with wide ranges of output values challenging
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since this often produces unbalanced ensemble results. Thus, we have investigated potential
ways for normalizing anomaly detection scores. Normalization scales the feature values in a
dataset to a desired similar range, often between 0 and 1, enhancing machine learning models’
performance. It prevents features with larger magnitudes from dominating the learning process,
allowing the model to learn more effectively from each feature. This leads to better model
performance and faster convergence during training. Vilikangas et al. [25] comprehensively
evaluated various data normalization methods, which significantly helped our understanding and
shortlisting choices. Zhao et al. [26] demonstrated the effectiveness of quantile normalization in
their study. This method involves first ranking the gene of each sample by magnitude, calculating
the average value for genes occupying the same rank, and then substituting the values of all genes
occupying that particular rank with this average value. The next step is to reorder the genes of
each sample in their original order [27]. It transforms the original data to remove any unwanted
technical variation and preserve meaning [28]. It standardizes the distribution of each variable in
a dataset, making their distribution identical across variables and allowing for easier comparison
of patterns across different variables. However, this can obscure the original scale, variability, and

magnitude, resulting in a loss of interpretability and original distribution characteristics.

2.1.3 Image Processing Algorithms for Visual Enhancement

Histogram equalization is a contrast adjustment technique that increases the global
contrast of an image with a narrow range of intensity values [29-31]. It evenly distributes the
densely populated intensity values into the full range of intensities in the histogram. It allows
areas with lower local contrast to achieve a higher overall contrast, enhancing the contrast of
degraded images. Adaptive histogram equalization (AHE) differs from traditional histogram
equalization by calculating multiple histograms for distinct sections of an image, which helps
enhance local contrast and edge definitions [32]. However, AHE can overamplify noise in
relatively homogeneous regions of an image. To address this, contrast-limited adaptive histogram

equalization (CLAHE) is introduced [33]. Its purpose is to limit the amplification and reduce
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noise, thereby improving AHE’s performance. HSV CLAHE applies CLAHE to the brightness or
value part of the HSV image (hue or tint, saturation or amount of gray, value or brightness), and
LAB CLAHE applies CLAHE to the lightness part of the LAB image (lightness, green-magenta
color axis, yellow-blue color axis). We have evaluated various types of histogram equalization

and plan to continue using them for improved visibility.

2.1.4  Performance Evaluation Metrics

Image quality assessment (IQA) algorithms automatically assess the quality of images
compared to perceived image quality by human observers [34, 35]. Comprehensive research
efforts have evaluated the image quality and assessed the performance of image enhancement
algorithms. Usually, the mean-square error (MSE) and the peak signal-to-noise ratio (PSNR)
predict noise reduction performance. The structural similarity index measure (SSIM) assesses
the improvement through enhancement. Blind IQA methods like natural image quality evaluator
(NIQE) help when there are no reference images to compare with. Usually, it evaluates distortion

and blur reduction algorithms.

2.2 Preliminary Work

In Sections 2.2.1 and 2.2.2, we discuss the image processing methods we used before
using the HS data for unmixing and anomaly detection. Section 2.2.3 discusses the techniques

we used to improve human visibility and understanding.

2.2.1 Preprocessing Methods to Improve Hyperspectral AD Algorithms for Arizona Dataset

When dealing with HS images from a new sensor, it is crucial to analyze the SNR to
ensure that the sensor has an excellent overall sensitivity and spectral resolution. This supports
capturing and preserving the most important information in the scene and increases the efficacy
of pre-processing techniques such as geo-rectification [15]. We have computed the SNR for all

bands using the Avhyas plugin [36] in QGIS. Many HS images contain noisy bands, so further
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analysis of the SNR is needed. Figure 6a displays the SNR for Image 5 from the Arizona dataset.
Analysis of the figure reveals that the hypercube tends to be noisy for input wavelengths close

to 400 nm and those higher than 860 nm. This suggested a procedure to remove those noisy
wavelengths/bands, evaluate the anomaly detector on the new hypercube containing less noisy
wavelengths, and create a new hypercube consisting of the bands with signal-to-noise ratios
above our predefined threshold. The results of the noisy band removal are depicted in Figures

6a and 6b. Once all noisy bands are removed, we selected the most informative bands using the
method proposed by Du and Yang [37] to reduce the hypercube’s dimensionality and improve the

processing times without degrading performance.
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Figure 6: Positive impact of removing noisy bands from Image V in the Arizona dataset.

Analysis of data contained Figures 6a and 6b supports the conclusion that Figure 6b has a
much better minimum hypercube SNR and does not result in any significant change to the input
data characteristics. However, aggressively removing the noisy bands can reduce the spectral

content and cause information loss, resulting in worse anomaly detection performance.

2.2.2  Normalization of Anomaly Detection Results

We have diverse output values representing anomalies from different AD algorithms.

Quantile normalization (quantile) can convert these results to a new distribution without losing
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relative patterns (see Section 2.1.2). Figure 7 shows how quantile normalization transformed the

irregular results from KIFD into a normal distribution.
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Figure 7: Irregular results from kernel isolation forest anomaly detection are transformed into a normal
distribution. (a) Distribution of Original data. (b) Irregularities. (c) Transformed normal distribution.

When aggregating the output values, some meta methods, e.g. logistic regression, require
normalization of the values, while others, e.g., Random Forest, inherently use information
gain, which is not negatively impacted by scaling. Nevertheless, we applied normalization to
ensure fair evaluation between various models. Figure. 8 shows a positive impact of the quantile
normalization on the final results. We have also tested Z-score normalization, also known as
standardization. It adjusts data values to have a mean of zero and a standard deviation of one.

Figure 8 shows that quantile normalization boosts performance for tricky ABU-IV data.

(@) (b) (©) (d) (e)

Figure 8: Normalization can give a boost in performance for tricky data like ABU-IV. (a) RGB, (b) ground
truth, (¢) GE-AD with no normalization (F1 = 0.727), (d) GE-AD with z score normalization (F1 = 0.744),
(e) GE-AD with quantile normalization (F1 = 0.757).
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2.2.3 Image Enhancement Methods for Human Understandability

Figure 9 illustrates the challenge of enhancing images to improve human comprehension.
The middle image results from auto brightness adjustment, which weights image pixels toward
lighter white pixel values and creates a brighter image. In contrast, the right image results from
HSV CLAHE (Contrast Limited Adaptive Histogram Equalization), which redistributes intensity
values to utilize the entire display range. This results in an overall bright image with more
significant details. However, human eyes are naturally drawn to the enhanced brighter image
(middle) [38] compared to the more detailed image (right), and the reflective tarp at the bottom is
very pronounced in it (middle). There are few details in the original image, and the anomalies are
not distinctly visible; still, some may find it more appropriate for anomaly detection. Conversely,
increased information (right) can hinder a person’s ability to identify anomalies. Thus, the
effectiveness of enhancing images to help humans detect anomalies is very subjective. In this
scenario, producing a helpful image for stakeholders is more important than developing a new
enhancement algorithm.

We will not develop a new algorithm as various standard image enhancement methods are
readily available. Instead, we will devise an efficient way to select image enhancement methods
for our images, as most methods focus on achieving a high quantitative performance score rather

than producing high-quality pictures that can help humans detect anomalies.

2.3 Further Research Plan
2.3.1 Process HS images to Improve Machine Detection Accuracy

Previously, we have removed noisy bands below a fixed threshold (5 SNR) or below
a certain percentage (97%) [12, 39]. Figure 10 shows various bands with noise. We may
recover sensor noise before 0.40 and after 1.004m, weak atmospheric water absorptions at 0.60
and 0.66m, and slightly stronger atmospheric water absorptions at 0.73, 0.82, and 0.91um.

However, the strong atmospheric water absorptions at 0.94 and 1.14pm are not possible to
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(a) Original (b) Auto brightness adjust (c) HSV CLAHE

Figure 9: Example of digital image processing. From left to right, it shows the original image, the image
applied auto brightness adjust (SSIM 0.685), and the image processed using HSV CLAHE (SSIM 0.677).

recover.

Aggressively dropping noisy channels may cause data loss and reduce anomaly detection
performance. I will investigate the impact of removing and recovering some of these bands.
Data collection and stitching may introduce artifacts and noises. My objective is to improve the
performance of detection methods by preprocessing. I am committed to finding a systematic way
to select preprocessing methods. A hidden potential may be untapped due to the manual section

of preprocessing methods. We aims to optimize input data for better outcomes in each scenario.

2.3.2 Image Enhancement Methods for Human Understandability

This part of my research will investigate improving the processing of digital images, with
the ultimate goal of enhancing human visibility and helping them detect targets. We will collect

various image processing algorithms, create a new dataset, and propose a new algorithm selector
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Figure 10: Visual comparison showing quantitative improvement of removing noisy bands from Florida
Image 1. The green line shows SNR in [dB] after deleting noisy bands, whereas the blue line shows the
dropped channels.

system, all to make a tangible difference in image processing.

At the heart of this research is the understanding that user feedback is invaluable to
creating an efficient aided target recognition system. We can simultaneously apply various
image processing and enhancement techniques to the same image. To ensure that our model
is user-centric, we will pursue a classification model [40] as shown in Fig. 11. This classifier
predicts mutually exclusive class labels (i.e., image enhancement methods) for a scene in a
sequence based on latent space features created from a scene. The ground truth of the model
will come from users who will vote on which image is better than the original image. This user
feedback is crucial as the model learns to mimic high-quality pictures of what human eyes like
for identifying targets rather than focusing solely on achieving a high quantitative performance
score.

We will create a new GUI application (or Web App) for user feedback. This application
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will randomly use any processing or combination of methods to develop enhanced digital images.
The crucial element is that the human will select between the original and enhanced images.

We plan to showcase one process and image combination to twenty users and identify if one
algorithm receives ten votes. If two or more image processing algorithms receive ten votes, they
will compete with each other. The application will present enhanced digital images from the two
selected processing methods, continuing until it finds an algorithm combination with the highest
votes for an image. We can create a new dataset based on the highest vote, consisting of data
tuples (original image, algorithm combination).

The challenge we face is significant as we propose a novel data approach. Traditionally,
the image enhancement dataset is a tuple of the original and enhanced images. However, our data
tuple combines the original image and algorithm. To fully explore this innovative approach, we
require sufficient manpower and support. Securing these resources is crucial to the success of my

proposal. I will deliver this solution if we can produce this dataset.
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Chapter 3

Hyperspectral Anomaly detection

This chapter will discuss hyperspectral anomaly detection (HS-AD), which identifies
anomalies in HS images. Anomalies are pixels that are spectrally different from their neighboring
pixels. HS-AD helps characterize the captured scenes and separates them into anomaly and
background classes. Unsupervised AD methods do not require any annotated data. However,

their performance varies in different scenarios due to design assumptions.

3.1 Previous Work
3.1.1 Individual HS-AD Algorithms

Table 1 shows various types of individual HS-AD Algorithms. The Reed—Xiaoli (RX)
Anomaly Detector algorithm characterizes the HS image’s background using the hypercube’s
mean and covariance [41,42]. RX calculates the Mahalanobis distance between the background
and pixel under test. The pixel will be declared an anomaly if the distance exceeds a predefined
threshold [43]. The RX algorithm is currently the performance comparison benchmark for most
anomaly detection algorithms. It has gained popularity by enabling the detection of anomalies
without the need for scarcely available labeled data. However, the RX algorithm does not
consider the influence of anomaly targets on the background computation. The Kernel-RX
Algorithm (KRX) [44] considers HS image data complex and non-linear. It uses the Gaussian
Radial Basis Function (RBF) kernel trick to compute the global normal statistics, project them
into a linear model in a higher-dimensional feature space, and apply the RX algorithm in that
higher-dimensional feature space. Thus, KRX produces better results than the RX algorithm for a
complex scene. One of the main limitations of KRX is that it is computationally intensive. If the
dimensions of the HS image are large, then KRX would also require a large amount of memory.

The Gaussian Mixture RX Anomaly Detector (GMRX) [45] fits the Gaussian Mixture

Model (GMM), assuming the entire image is the background, and assigns pixels to the highest
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Table 1: Examples from various types of HS-AD algorithms.

Type of HS-AD Examples
Statistics based RX, MD-RX, WIN-RX
Subspace based LSUNRSORAD, CSD, SSRX
Cluster-based CBAD, FCBAD
Spatial—spectral based AED
ML-based SVM, iForest
Kernel-based KRX, GM-RX, KIFD

posterior probability mixture component. Then, it applies the RX algorithm to those pixels.
However, GMRX fails if it assumes an incorrect number of components.

The Complementary Subspace Detector (CSD) [46] considers HS image data to be linear,
assumes that the background and target are complementary subspaces of principal component
analysis (PCA), and applies the RX algorithm in those subspaces. PCA is a linear dimensionality
reduction technique that uses the data’s singular value decomposition (SVD) to project it to a
lower dimensional space.

Cluster-Based Anomaly Detection (CBAD) [47] considers each pixel to be strictly a
member of one cluster in k-means clustering. It computes the pixel’s Mahalanobis distance
to the component mean. Fuzzy Cluster-Based Anomaly Detection (FCBAD) [48] is a novel
extension of the CBAD and GMRX algorithms. It assumes that each pixel can have several
possible fuzzy logic membership functions in fuzzy c-means clustering and computes each
pixel’s Mahalanobis distance to the component mean. The weakness of any clustering-based
outlier detection is that the efficacy largely depends on the clustering method used, and these
methods are hard to optimize for outlier detection. The model is not more flexible as it needs
to be adjusted according to the distribution characteristics of the different datasets. It fails if it
assumes an incorrect number of components. Finally, the application of clustering techniques to
large datasets is usually expensive.

HS images provide spatial and spectral data about objects of interest. Spatial information

23



can improve the reliability and stability of anomaly detection if the resolution is high enough.
For example, HS-AD with Attribute and Edge-Preserving Filters (AED) [49] consists of two
stages. This algorithm assumes that anomalies tend to be smaller and possess unique reflectance
signatures and that the pixels belonging to the same class would have a high correlation in the
spatial domain. First, it utilizes principle component analysis to reduce the data’s dimensionality.
Then, a predefined attribute filter is used along with boolean-based fusion to create the initial
detection map. The detection map is then refined using edge-preserving filters to reduce the false
positive outliers. AED uses a predefined filter, which may not be suitable for various datasets.
Moreover, AED assumes that the anomalies must be small objects, making it unsuitable for
detecting the large anomalies in a scene.

Du et al. [50] proposed Local Summation Anomaly Detection (LSAD), which utilizes
the second-order Mahalanobis distance and a window filter to create the local summation.
LSAD represents the correlation between backgrounds via a correlation matrix. The matrix
inverse is used during mathematical computation, making the process computationally intensive.
Thus, Tan et al. [51] proposed Local Summation Unsupervised Nearest Regularized Subspace
with an Outlier Removal Anomaly Detector (LSUNRSORAD) to improve the process by
utilizing a linear combination using multiplication and addition. The general idea of the
LSUNRSORAD algorithm is the ability to represent background pixels by its neighbors.
In addition, LSUNRSORAD uses two thresholds in the outlier removal process to improve the
accuracy; one is called the minimum threshold, and the other is called the maximum threshold.
If the value of a pixel is higher than the maximum threshold or lower than the minimum
threshold, it would be considered an anomaly. The main disadvantage of this algorithm is that it
assumes the background obeys a Gaussian distribution. The probability of degraded performance
is increased in scenarios where this assumption does not hold.

The isolation forest (iForest) [52] contrsucts multiple binary trees by random
sub-sampling to isolate anomalies. The iForest assumes that in an HS image, a background

pixel is hard to isolate from the neighboring pixels whereas anomalous pixel separation should
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be relatively straightforward. As a result, in the constructed trees, regular pixels reside in a deeper
part of the trees, while anomalus pixels reside in the most shallow parts of the trees. The HS-AD
with Kernel iForest (KIFD) [53] algorithm assumes that anomalies are easily distinguishable

and do not occur frequently. First, it maps the data into the kernel space in order to reduce

scene complexity. It then applies the PCA to choose most important features. Next, it uses

the iForest algorithm constructs the trees, which outputs an initial detection map that is further
improved using locally constructed iForest over sliding windows. The depth of a pixel in the tree

determines if the pixel is regular or anomalous.

3.1.2 Ensemble HS-AD Algorithms

Classic HS anomaly detection algorithms usually make assumptions, including
background distributions and the frequency of anomalies. However, real-life scenarios are much
more complicated than this, which is why many anomaly detectors fail to identify anomalies.
Various techniques are proposed to solve these anomaly detection methods’ instability problems,
and ensemble anomaly detection methods are one of them. This section reviews several ensemble
learning algorithms related to our work and various approaches to automating the selection
and aggregation of the base models for ensemble learning. In Table 2, we summarize all these
methods’ similarities and dissimilarities.

The detectors derived from the Collaboration Representation Method (CRD) are classic
HS-AD methods. CRD represents each test query as a linear combination of all the training
samples from all the classes for image classification [60]. It has a high computational cost due
to the use of a dual sliding window to explain a complex scene through a linear combination.

Lu et al. [54] proposed an Ensemble and Random CRD (ERCRD) method that utilizes random
sub-sampling on homogeneous CRD (RCRD) base models to reduce the computational
complexity of each RCRD method. It then uses summation to aggregate the detection results
from the RCRD methods. Although ERCRD reduces the computational complexity of each

RCRD method, the ensemble process still brings its own computational burden without the
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Table 2: Feature comparison of ensemble learning algorithms.

. Type of Base Base Model Base Model .
Literature Base Models Models Optimization Selection Aggregation
ERCRD [54] homogeneous  unsupervised random sampling N/A baggmg,
summation
random sampling, bacein
UE-kPCA [55] homogeneous unsupervised gradient descent N/A avi%a i’
optimization &
heterogeneous, .
ERRX mixed with unsupervised random sampling not mentioned bagging,
MFs [56] average
passthrough
only one
method or based on stacking,
SED [57] heterogeneous, unsupervised not mentioned ensemble unsupervised
mixed with performance meta method
passthrough
Fatemifar et al. . . genetic stackmg,
heterogeneous  unsupervised not mentioned . unsupervised
[58] algorithm
meta method
Nalepa et al. . . not stacklpg,
heterogeneous supervised not optimized . . supervised
[59] investigated
meta-learner
based on
HUE-AD [14] heterogeneous unsupervised not optimized individual bagging, voting
performance
stacking,
GE-AD heterogeneous  unsupervised not optimized greedy search supervised

meta-learner
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assurances of complex detection.

Compared to principal component analysis (PCA), kernel PCA (kPCA) can carry
out non-linear projections for more complex data. Merrill et al. [S5] proposed Unsupervised
Ensemble kPCA (UE-kPCA) by suggesting an anomaly scoring function using reconstruction
error in KPCA feature space. To reduce computational costs, the authors utilized sub-sampling
and an ensemble of homogeneous kPCA base models to refine the final anomalies through
averaging. Furthermore, they introduced a novel loss function and automated the kernel
parameter selection using batch gradient descent. Despite these advancements, UE-KPCA
remains a complex method that requires finding parameters for multiple kKPCAs, which can be
computationally expensive.

Yang et al. [56] proposed an Ensemble and Random RX with Multiple Features (ERRX
MFs) anomaly detector. Three features, Gabor, Extended Morphological Profile (EMP),
and Extended Multiattribute Profile (EMAP), were computed using heterogeneous base models
mixed with the original HS image (passthrough). They utilized random sub-sampling to compute
multiple results for each feature using the RX algorithm. The results for each feature are fused
using a voting average ensemble. Then, the four ensembles (for the three features and the original
HS image) produce the final results. This approach avoids the problem of mixing diverse features
in an ensemble. However, overrepresented features or noise can dictate the anomaly detection
results without standardization.

Wang et al. [57] proposed a subfeature ensemble called SED . They removed the noisy
bands, normalized the remaining ones, randomly sub-sampled several subfeature sets, and used
six different base models in the ensemble. Unlike the ERRX MFs algorithm proposed by
Yang et al. [56], SED evaluates the six base models to choose the best-performing methods
and uses them to obtain an enhanced feature set. This enhanced feature set is combined with
the original HS image (passthrough) to become the input for the PTA algorithm (meta-model).
However, some methods used the same distribution model of the background. Due to background

interference, feature redundancy, and noise, the feature enhancement process for these processes
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may become irrelevant to the final anomaly map. Additionally, SED uses a feature ensemble
method rather than an ensemble of different algorithms, as the first-level algorithms aim to obtain
the enhanced feature map.

Fatemifar et al. [58] proposed a stacking ensemble for face spoofing anomaly detection
that consisted of 63 base classifiers and a Gaussian Mixture Model (GMM) as the meta-classifier
for the second stage. The proposed stacking ensemble utilized all 63 classifiers by assigning
weights ranging from —8 to 8. While the application for this ensemble is different, it is worth
noting that assigning values for each of the 63 weights, even those not performing well, might not
result in the most optimized algorithm, especially for the larger dimensional images.

Nalepa et al. [59] proposed a deep learning ensemble for data classification and unmixing
that utilized convolutional base models and model augmentation to create new modified models
by adding Gaussian noise to the weights of the base models and a second level fuser. The fuser
could be as simple as an averaging process, a majority vote, or a supervised second-level
fuser. While the proposed method performs well for the tasks of classification and unmixing,
it is unclear how effective adding Gaussian noise to the base model weights is when used for
detecting anomalous objects.

Ensemble methods yield superior outcomes as they combine the predictions of multiple
methods [61]. Aggarwal et al. [62] delved into the effects of using homogeneous weak outlier
detectors in the bagging ensemble method in their research. On the other hand, we found that
combining heterogeneous weak detectors in an ensemble creates a better understanding of
the background and provides better prediction results. Thus, we explored this direction using
unsupervised heterogeneous weak detectors in our previous work [14]. However, we found
that the process of selecting these algorithms from many options and assigning them weights is
not systematic or efficient. In this study, we propose the Greedy Ensemble Anomaly Detection

(GE-AD) method with greedy search as the solution to the above problem.
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3.1.3 Hyperspectral Unmixing-Based Voting Ensemble Anomaly Detector (HUE-AD)

To tackle the shortcomings of the statistical HS-AD methods, we utilized them in
an ensemble. HUE-AD [14] is an equal-weight voting method that combines four detectors
(Abundance, AED, KIFD, and LSUNRSORAD) to identify anomalies. These methods are
selected based on our domain knowledge and promising precision scores. We used the unmixing
method N-FINDR to compute the abundance.

Hyperspectral unmixing identifies and quantifies the individual components within
a mixed pixel in a HS image. Due to lower spatial resolution, pixels in HS data may be a
combination of multiple materials, which unmixing can help identify those materials and objects
using physical reflective property [63]. It breaks down those measured pixel spectra into a group
of constituent spectral signatures (endmembers), along with their corresponding fractional
contribution (abundances) [64].

The first step in the spectral unmixing process is estimating the number of unique spectra
or endmembers. This can be accomplished by an algorithm such as the noise-whitened Harsanyi
Farrand Chang method [65]. Once the number of endmembers in the HS image is known, the
N-FINDR algorithm can estimate those individual spectra [66]. Figure 12 displays the complete
method to get target abundance using target endmember [14].

HFC

Number of Endmembers

HSI Data 4{ N-FINDR ’

Endmembers
Target Target
Endmember FCLS Abundance

Abundances
Figure 12: The complete method to get target abundance using target endmember [14]. A target

endmember is a specific reference spectrum extracted from a reference HS image. The process of
extracting target abundance is similar to object detection.

Once the endmembers have been estimated in an HS image, then the Fully constrained

least-squares (FCLS) [63] method could be applied to estimate the abundance map of the unique
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Figure 13: Design for Hyperspectral Unmixing-Based Voting Ensemble Anomaly Detector (HUE-AD).

spectra in the HS image. This method unmixes an HS image into the fractional abundance

of each material in each pixel. The output abundance map has the same size as the input HS
image and has the same number of abundance maps as the number of estimated end-members

in the HS image. Further analysis of the HS image can be done using the spectral similarity
information divergence algorithm (SID), which can measure the spectral similarity between
pixels and specific reference spectra [67]. The particular reference spectra could be a part of the
same image or be extracted from another reference HS image. In this case, the process is similar
to object detection as shown in Fig. 12. FCLS assigns a probability distribution to each class as
an abundance map. The class with the highest probability is normalized to 1 and classified as that
pure material spectrum.

HUE-AD only takes in the binary vote (a vote for a pixel means the pixel is a detected
anomaly). We created binarized results by thresholding the four base models’ results. Based on
the three-sigma rule of thumb, a 99.7th percentile threshold can be used to identify the anomalies
in normally distributed data. However, Chebyshev’s inequality [68] suggests that at least 88.8%
of cases should fall within properly calculated three-sigma intervals, even for variables that are
not normally distributed. We conducted tests to improve the F1-macro score and determined that
a 97th- percentile threshold would be more appropriate for our purpose.

During our evaluation, we found that systematically assigning weights to inputs improved

30



the accuracy compared to the traditional equal-weight HUE-AD algorithm. We also found that
the threshold selection can be a significant source of information loss, resulting in complete
system failure in extreme cases. Thus, we developed our model stacking solution called GE-AD
to find those weights using a supervised meta-learner and a normalization method to use the

complete information generated by the base AD algorithms without introducing bias.

3.2 Greedy Ensemble Anomaly Detection (GE-AD)

Ensemble learning is a machine learning technique that combines multiple individual
base models or weak learners to create a stronger, more accurate model with better predictions.
The individual base models in an ensemble can be different algorithms (heterogeneous) or the
same algorithm (homogeneous), and they can be unsupervised or supervised. Note that, even
if the base models are the same algorithm, they may be trained on different subsets (random
sampling) of the training data. Furthermore, selecting the best parameter values using various
approaches, such as cross-validation, i.e., hyperparameter tuning, can optimize the individual
base model’s performance. The three main classes of ensemble learning methods are bagging,
stacking, and boosting. Stacking uses another ML model to aggregate the base models’
predictions, whereas bagging uses voting, averaging, or summation, and boosting uses a sequence
of models to correct the predictions of prior models.

Figure 14 shows the flowchart of a stacked model [61], which uses output predictions
from multiple base models trained on the same dataset to train another ML model (meta-model)
to make the final predictions [69]. Please note that the meta-model will assign different weights
to the base models to maximize the performance of the proposed ensemble method.

We previously proposed HUE-AD [14], an equal-weight voting ensemble of four
heterogeneous detectors. Our empirical analysis showed that a weighted voting approach
outperforms HUE-AD. However, determining the voting system’s optimal weights requires a
training dataset. Drawing inspiration from Feature Weighted Linear Stacking (FWLS) [70, 71],

we developed a two-stage weighted stacking ensemble with unsupervised weak HS-AD methods
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Figure 14: The architecture of a stacked model, where the new training data consist of the outputs of the
first-level models.
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in the first stage and a supervised machine learning (ML) method in the second stage to compute
the weights. For the first stage, as there are limited annotated HS image datasets, a supervised
ML model may suffer from under-fitting, so we opted to use unsupervised HS-AD methods.
For the second stage, as learning the appropriate weights to assign to multiple inputs requires
much less training data than learning features from images, we can utilize a supervised ML
method. Initially, we explored Logistic Regression [72] and decision trees [73] to determine the
weights in the second stage. Ultimately, we opted for random forest [74] due to its promising
results. A random forest is a meta-estimator that fits several decision tree classifiers on various
sub-samples of the dataset. These sub-samples are generated by randomly drawing from the
dataset with replacement. It uses averaging over the predictions from the decision trees to
improve the predictive accuracy and control over-fitting.

Additionally, our empirical analysis showed that the combination of base models that
yields the best outcomes varies based on the given scenario. As a result, we put our effort into
identifying a more systematic and efficient method for base model selection in a weighted voting
ensemble. Figure 15 shows the overall flowchart of the GE-AD algorithm, and our proposed
greedy search is depicted in Figure 16.

The GE-AD algorithm [12] uses consistent stratified 2-fold cross-validation. K -fold

cross-validation is a widely used technique to assess the accuracy of a model [75-77]. It splits the
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training dataset into K subsets or folds. The model is trained using K — 1 of the folds as training
data, and the resulting model is validated on the remaining part of the data. The model is trained
and evaluated K times, with each fold serving as the validation set in turn and being used for
validation exactly once. The performance metrics obtained from each fold are then averaged to
estimate the model’s generalization performance. In our approach, 2-fold cross-validation divides
the pixels in our data into 50-50 split training and testing datasets and evaluates the performance
of our GE-AD algorithm twice. Our evaluation found that getting stuck in a local maxima can
hinder searching for the best methods. We solved this issue by running the search algorithm five
times. We included this 5 x 2-fold cross validation as a part of the GE-AD algorithm to ensure
that we find the best combinations. Out of these ten sets of results, GE-AD identifies which
combinations survived the most. If there is a tie, it uses first the average test score and then the
average training score to break the tie. For our ensemble fusion, we have considered one HS
unmixing algorithm, FCLS, to generate an abundance map and nine AD algorithms, including

AED, CSD, FCBAD, GMRX, KIFD, KRX, LSUNRSORAD, Median AD, and RX.

—
—> Model A
-
SEEEE— i+=
New Dataset for run Greecliy+Sealrch using
Image Dataset > > Met_a Model 2-fold cross-validation
- i=0 save results in storage
S
—>»  Model Z l
-

get best test get survived No get most survived
combinations with combinations with combination from
best training score best test score storage
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Figure 15: Overall flowchart of GE-AD to find the best AD methods for ensemble fusion.

In Figure 16, the k_best variable defines the highest number of base models to be

used in combination. We varied the k best variable to determine how many AD methods to
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Figure 16: Flowchart of the greedy search to find the best AD methods for ensemble fusion.
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include in the ensemble. We found that using four AD methods provides the best results within
the constraints of computation complexity. Thus, we set four as the value for k best. We

first applied the AD algorithms to the image data to get each method’s raw anomaly detection
output. Then, we used these detection outputs as input features to train the ML model pipeline,
which contains quantile normalization and random forest. The greedy search uses 5-fold
cross-validation to compute the average F1-macro score of the trained ML model which fuses the
output from the selected methods and stores the scores in a Priority Queue (Max Heap). Initially,
the top 1 best AD methods are selected individually from the priority queue. We varied the
i_best variable to determine how many combinations to pick up from the priority queue. We
found that using the top five unique performers is enough to provide better results. Thus, we set
i best to be five. Then, in each subsequent round, one more method is added to the set found
in the previous iteration. The methods (or combinations of them) that perform better than the
best score of the last round are stored again in the queue, and iteration continues. As the number
of methods reaches k_best or no better result is found, the greedy algorithm stops its search.
We then train the ML pipeline on the training dataset and evaluate the performance using the
testing dataset (both datasets are created from the selected methods’ outputs). As GE-AD model
trained on one dataset may differ from that trained on other datasets, we may identify each of
these distinct GE-AD models by a different name.

Now, we analyze the time complexity of the greedy search algorithm. The greedy search
starts with finding the performance of the entire set of n AD methods. The priority queue helps
greedily choose only the best-performing combinations. Because ML model training time is
orders of magnitude higher than the priority queue’s enqueuing and dequeuing time, we do not
consider the latter in the complexity analysis.

Thus, the runtime of the first round is O(n) as n AD methods are evaluated. In the second
round, 7;.s; best-performing methods were dequeued, each combined with one of the remaining
(n — 1) methods for training and evaluation.

Thus, the runtime of the second round is O (ipes; X (n — 1)) for model training computation
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as up to ipess X (n — 1) AD methods are evaluated and enqueued into the priority queue. Then,
in the third round, the ;.5 best-performing combinations of two methods are dequeued, each
combined with one of the remaining (n — 2) methods for training and evaluation. A table with all
combinations is kept for time optimization and to avoid recomputation. Eventually, k;.s; number
of methods are chosen. Then, n + ipest X (1 — 1) + ... 4 Gpest X (N — kpest + 1) training and

evaluations are performed resulting in time complexity of

O +dpest X (N — 1) 4+ dpest X (N —2) 4+ ...+ Gpest X (N — Kpest + 1))
or, O(n), when ips; and kpes; are small constants.

On the other hand, a brute-force search trains and evaluates C'(n, 1) + C(n,2) + ... + C(n, kpest)

combinations, with a time complexity of

OCn,1)+C(n,2)+ ...+ C(n, kpest))

n!
(n - kbest) !kbest '

or, O(C(n, kpest)) = O( ) ~ O(nfrest), when Ky, is a small constant.

3.3 Evaluation
3.3.1 Datasets

We assessed the AD algorithms’ effectiveness using the scenes from the
Airport—-Beach—Urban (ABU) dataset [49, 78], the San Diego dataset [79, 80], the Salinas
dataset [81], the Hydice Urban dataset [82], and the Arizona dataset [15].

We used four airport scenes from the ABU dataset [49, 78] with dimensions of 100 x
100 pixels, manually extracted from larger images obtained from the Airborne Visible/Infrared
Imaging Spectrometer (AVIRIS) website [83]. The AVIRIS is a unique optical sensor that
delivers spectral radiance in 224 contiguous spectral channels (bands) with wavelengths from

370 to 2510 nm. The authors removed the noisy bands in the original images using a noise level
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estimation method [84]. The four images have different spatial resolutions due to variations in
flight heights. ABU-I, II, and III have a spatial resolution of 7.1 m per pixel. In comparison,
ABU-IV has a spatial resolution of 3.4 m per pixel. The main background includes roofs,
shadows, and aircraft parking aprons; airplanes in the image are considered anomaly targets.

The San Diego airport dataset is also a subset of the AVIRIS dataset. It was preprocessed
in a previous study [79, 80] as follows. The low-SNR (signal-to-noise ratio) and water vapor
absorption bands (1-6, 33-35, 97, 107-113, 153-166, and 221-224) were eliminated, and the
remaining 189 bands were used. The dataset has two images with a size of 100 x 100 pixels
and a spatial resolution of 3.5 m per pixel. The main background is similar to the ABU dataset,
and airplanes in the image are considered anomaly targets.

The Salinas dataset [81] is also a subset of the AVIRIS dataset. The dataset was collected
by an AVIRIS sensor with 224 channels with a high spatial resolution of 3.7-meter pixels and
dimensions of 512 x 217 pixels. The 20 removed water absorption bands included 108-112,
154-167, and 224.

The Hydice dataset is a subset of the Urban dataset originating at the US AG center [85].
The dataset was collected by a sensor [86] with a spectral resolution of 10 nm, capturing 162
bands that cover wavelengths ranging from 400 to 2500 nm. The dataset has dimensions of
80 x 100 pixels. The preprocessing done to the dataset included the removal of bands due to
atmospheric effects and dense water vapor. The discarded bands included the following bands:
1-4,76, 87, 101-111, 136-153, and 198-210.

The Arizona dataset, introduced by Watson et al. [15], features a staged scene at the Santa
Rita Experimental Range imaged in December 2022. The scene was captured by an unmanned
aerial vehicle (UAV) that carries a Pika L sensor manufactured by Resonon [87]. This dataset
from Pika L has 281 spectral bands ranging from 400 nm to 1000 nm in wavelength and a spatial
resolution of 0.1 m per pixel. The UAV captured the scene from an altitude of 40 m and a speed
of 10 m/s. The dataset contains five image scenes of varying sizes from 358 x 293 to 849 x 291.

The main background includes soil, vegetation, and water. Vehicles, plastic inflatables, tarps,
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and miscellaneous foreign objects are considered anomaly targets in this dataset.

3.3.2 Evaluation Metrics

Traditional classification evaluation metrics could be applied to evaluate the proposed
GE-AD algorithm. An example of those metrics is the ROC (receiver operating characteristic)
curve. It visually represents a binary classifier model’s efficacy across various classification
thresholds. The ROC curve plots the true positive rate (TPR) versus the false positive rate
(FPR) at each threshold. The decrease in the classification threshold classifies more items as
positive, which may increase both false positives and true positives. AUC (area under the ROC
curve) [88-90] measures the total two-dimensional area under the ROC curve, comprehensively
evaluating the model’s performance across all potential classification thresholds.

Another example is the F1 score [91], a harmonic mean of precision and recall.

The equations for precision and recall are shown below:

TP
Precision = ———— 1
recision TP+ FP (D)
TP
Recall = 45 FN @

Here, T'P is the number of actual positives predicted as positive, F'P is the number of
actual negatives predicted as positives, and F'N is the number of actual positives predicted as
negatives. Because of class imbalance in our dataset (many more negatives than positives),
the general F1 score, as shown in Equation (3), will not provide us the perfect insight into
the algorithmic performance. With the need for different metrics understood, we used the
macro-averaged F1 (or F1-macro) score, as shown in Equation (4). The macro-average calculates
the metric independently for each class and then computes the average, treating all classes
equally. This approach makes it simpler to demonstrate the impact of improved anomaly

detection. Here, IV is the number of classes. It is computed by taking the mean of all the classes’
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F1 scores. In this case, IV is two as we have two classes.

Precision x Recall
F1_ =2 3
seore % Precision + Recall 3)

Zivzl F1_score,
N

F1_macro =

)

We note that when evaluating binary classifiers on imbalanced datasets, the false positive
rate is less informative than precision in assessing the quality of a classifier [92]. Since anomaly
detection typically involves highly imbalanced data (many more negatives than positives), the

F1-macro score is more suitable than the ROC AUC metric.

3.3.3 Comparison with Individual AD Methods

We evaluate our GE-AD algorithm using consistent stratified 5 x 2-fold cross-validation.
2-fold cross-validation randomly selects 50% of the pixels as training data and the other 50% for
testing.

In this evaluation with ABU-Airport dataset, the GE-AD algorithm selected the
Abundance, AED, FCBAD, and KRX methods as the base models for the ensemble.
Subsequently, the individual predictions from these selected algorithms were supplied to the
meta-model for the final ML model training and detection. We trained a model with seed 842,
which achieved a training F1-macro score of 0.81 and a test F1-macro score of 0.86, a higher
Fl-macro score than any of the methods used in the ensemble. We are calling this model trained
on the ABU dataset GE-AD model-1. GE-AD model-1 produces fewer false positives and creates
a clear detection map with all the targets at least partially detected, as shown in Figures 17 from
the ABU dataset.

The null hypothesis of the Wilcoxon signed-rank test [93] is that the rank sums of the
control algorithm are not significantly less than those of the other base models used in the

ensemble. If the p-value is less than the significance level (0.05), the null hypothesis can be
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(k) ® (m)

Figure 17: Visual comparison showing better performance of our proposed ensemble method (GE-AD)
compared to other methods using ABU-IV data. (a) RGB, (b) ground truth, (¢) GE-AD (F1 = 0.856),
(d) HUE-AD (F1 = 0.649), (e) Abundance (F1 = 0.735), (f) AED (F1 = 0.610), (g) KIFD (F1 = 0.587),
(h) KRX (F1 = 0.604), (i) LSUNRSORAD (F1 = 0.569), (j) FCBAD (F1 = 0.631), (k) ERRX MF (F1
=0.666), (1) ERCRD (F1 = 0.545), and (m) SED (F1 = 0.592). Please note that, as the implementations
of algorithms for Figures (k—-m) were not publicly available, we binarized the original outputs from the
authors’ papers [54,56,57], respectively.
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rejected, and the result is statistically significant. We ran our tests ten times and used all the ABU
results to run significance tests. In Table 3, GE-AD has the lowest rank, and all the methods have
a p-value less than 0.05; thus, the null hypothesis can be rejected, and our process is better and
differs significantly from the other methods.

For comparative analysis, we applied the Friedman rank test [94], which measures the
significance of the performance differences among the detection methods considered. The null
hypothesis of the Friedman rank test is that the rank sums do not differ significantly between
the three or more “paired” samples, and they are identical. As in the case of the Wilcoxon test,
if the p-value is less than the significance level (0.05), the null hypothesis can be rejected, and the
result is statistically significant. The Friedman test for F1-macro is one-tailed with a p-value of
0.05, and ROC AUC is two-tailed [95-97] with a p-value of 0.05/2. Table 3 shows our method
is better and differs significantly from the other methods for the F1-macro metric, with the best
average rank of 1.07 (lower is better), and the p-value is 3.397~2¢ (numerical zero), which is
less than 0.05.

In addition to the F1-macro metric, we also determined the ROC AUC scores [88] for
each algorithm as the authors of other papers evaluated their work using this metric. The results
are summarized in Figure 18. Note that even though GE-AD model-1 resulted in outputs that are
visually closer to the ground-truth data, it failed to achieve a higher ROC AUC score compared
to all the methods used in the ensemble. This demonstrates that a single metric is not sufficient to
assess the performance.

As shown in Figures 17 and 18, the proposed method outputs results that are visually
closer to the ground-truth data with a lower ROC AUC score; we still conducted the statistical
tests on the ROC AUC score and obtained an interesting result. Our evaluation shows that our
method is statistically significant for the ROC AUC score over the ten runs. The p-value of AED
in the one-sided Wilcoxon signed-rank test is 0.038011, much higher than the others but still
less than the significance level (0.05). Table 4 shows that the rank of the proposed method is the

lowest, and the p-value in the Friedman rank test is 3.9722, which is less than 0.05 /2.
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Table 3: Comparison of F1-macro scores showing our proposed ensemble method (GE-AD) performs
better compared to HUE-AD, and individual methods using the ABU dataset.

Method ABU-I ABU-II ABU-III ABU-IV Avg. F1 Wilcoxon’s Avg. Friedman’s
-macro p-Value Rank p-Value
Score [93] [94]
GE- 0.887 0.878 0.875 0.769  0.852 & 1.07
AD [12] 0.087
HUE- 0.793 0.770 0.751 0.649 0.741 4+ 1.9262x  2.62
AD [14] 0.058 1078
Abundan  0.670 0.741 0.760 0.736  0.727+ 3.033 x 3.10
ce [63] 0.038 1078
AED[49] 0.781  0.646  0.697  0.610 0.683+ 1.7847x  4.40 3-3927 X
0.065 1078 1072
FCBAD  0.606 0.603 0.591 0.621  0.605+ 1.7847x  6.75
[48] 0.014 10-8
KIFD [53] 0.694 0.682 0.695 0.587 0.664 4+ 1.7847x  5.05
0.046 1078
KRX [44] 0.559 0.658 0.659 0.604  0.620 4+ 1.7847x  6.42
0.043 1078
LSUNRS 0.695 0.608 0.661 0.568 0.633+ 1.7847x  6.58
ORAD [51] 0.049 1078

Table 4: Performance results of all methods regarding AUC metric (%) along with Friedman rank using the

ABU-airport dataset.

Method ABU-I ABU-II ABU-III ABU-IV  Avg.  Wilcoxon’s Avg.  Friedman’s
AUC p-Value Rank p-Value [94]
Score [93]
GE-AD  0.987 0.980 0.975 0978  0.980 £ 2.00
0.018
Abundance 0.620 0.733 0.834 0.805 0.748+ 1.7847x  7.15
0.085 1078
3.901 x
AED 0.992 0.980 0.975 0932 0970+ 3.8011x  2.48 1022
0.025 1072
FCBAD  0.900 0.896 0.889 0978 0916+ 1.4139x  4.28
0.038 1077
KRX 0914 0.971 0.951 0975 0.953+ 2.7606x  3.55
0.025 107°
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Figure 18: Detection accuracy evaluation through ROC curve and AUC scores (shown in the legend) of (a)
ABU-IL, (b) ABU-II, (¢) ABU-III, and (d) ABU-IV.
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3.3.4 Comparison with Baseline SOTA Ensemble Methods

We broaden our comparative analysis by elaborating on the performance results of several
existing ensemble AD methods. Our GE-AD model-1 struggled to achieve a higher ROC AUC
score compared to the other individual methods. Still, it achieved a considerably similar ROC
AUC score to the other SOTA ensemble anomaly detection algorithms, as shown in Table 5.
However, our previous work [14] discussed how the F1-macro score is a better-suited metric
to evaluate anomaly detection tasks as a small number of incorrect or correct predictions can
significantly change the AUC score. Additionally, the AUC score does not consider the impact of
false positives. Hence, this study has included the ROC AUC score, the F1-macro score, and their
corresponding visual comparisons. Our method outperforms the other ensemble methods both
visually and in terms of the F1-macro score, as shown in Table 5 and Figure 17, while it provides

comparable scores for the ROC AUC.

Table 5: ABU-IV quantitative performance (as reported in the authors’ papers [54, 56, 57]) comparison
between our proposed ensemble method (GE-AD) and other ensemble methods. Here, the best scores are
shown in bold.

GE-AD ERRXMF [56] ERCRD [54] SED [57]
ROC AUC score 0.9632 0.9970 0.9533 0.9980
F1-macro score 0.856 0.666 0.545 0.592
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Chapter 4

Generalization of Hyperspectral Anomaly detection

Universality or generalization suggests that if a method achieves promising results on
known datasets, it will perform similarly well for new or unseen data and provide consistent
predictions. Usually, unsupervised HS-AD methods promise generalization as they fit the
given unknown test data before delivering the results. Muhammad et al. [98] evaluated their
model’s generalization by comparing the performance metrics with other state-of-the-art methods
trained on the target dataset and tested only on the test dataset. We also adopted this evaluation
methodology. In our previous evaluation [12], the GE-AD algorithm trained on the San Diego
Airport dataset selected the Abundance, GMRX, KIFD, and KRX methods as the base input
components for the ensemble. It achieved a test F1-macro score of 0.883 and 0.910 on two
images, respectively. We have used our GE-AD model trained using the ABU-Airport dataset to
test the San Diego dataset and evaluate the model’s generalization performance. Figure 19 shows
the results of the San Diego Airport data 02. The model achieved F1-macro scores of 0.822 and
0.826. This shows the generalization of our GE-AD model trained using the ABU-Airport for
the San Diego Airport dataset. This model’s performance is similar to our previous evaluation

without seeing any San Diego Airport dataset before testing.

(a) (b) () (d) (e) ® (2

Figure 19: The visualization shows the generalization of our proposed ensemble method (GE-AD) trained
on the ABU dataset compared to other methods using San Diego-02 data. (a) RGB, (b) ground truth, (c)
GE-AD (F1 =0.826), (d) Abundance (F1 = 0.655), (e) AED (F1 = 0.636), (f) FCBAD (F1 = 0.536), and
(g) KRX (F1 =0.627).

We have also tested the same GE-AD model using the Arizona dataset to evaluate the

generalization performance. In our previous evaluation [12], the GE-AD algorithm trained on
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the Arizona dataset selected the FCBAD, KIFD, KRX, and LSUNRSORAD methods as the base
input components for the ensemble. It achieved a test F1-macro score of 0.770, 0.799, 0.882,
0.816, and 0.859 on five images, respectively. Figure 20 shows the result of the GE-AD model
trained using the ABU-Airport dataset and tested on Arizona-V data. It achieved F1-macro
scores of 0.490. Abundance, AED, FCBAD, and KRX methods are used for the ABU-Airport
dataset. This F1-macro score of 0.490 is lower than those of the input methods used in the
ensemble trained on the ABU-Airport dataset. It is also lower than our previous evaluation of
0.859 which selected FCBAD, KIFD, KRX, and LSUNRSORAD methods as base methods
for the Arizona dataset. Some base methods are different, and the importance assigned by the
meta-method for each base method differs significantly between the two datasets as we can see
in Fig. 21. When we tested the importance of the Arizona dataset feature in the model trained
using the ABU-Airport dataset based on feature permutation, we found that this information
had no negative impact on the model (see Fig. 21c). Thus, the GE-AD model trained using the

ABU-Airport fails to generalize for the Arizona dataset.

() (b) () (d) (e) ® (€9)

Figure 20: The visualization shows the performance of our proposed ensemble method (GE-AD) trained
on the ABU dataset compared to other methods using Arizona-V data. (a) RGB, (b) Ground Truth,(c)
GE-AD (F1 =0.490), (d) Abundance (F1 = 0.701), (e) AED (F1 = 0.584), (f) FCBAD (F1 =0.810), (g)
KRX (F1 =0.503).

A supervised classifier usually performs well when tested on data from the same dataset
with a similar distribution to the training dataset. However, their performance tends to drop when
tested on other unfamiliar datasets. GE-AD generalizes some similar unseen data, as both the

ABU Airport and the San Diego Airport dataset contain scenes from airports dissimilar to those
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Figure 21: Visualization of difference of feature importance between models.

of the Arizona dataset. Also, the Arizona dataset is collected using different HS sensors. Thus,
based on our evaluation, the GE-AD model does not always generalize. It is worth investigating
the problem to find a generalized solution that people can readily deploy for AiTR and RS

problems.

4.1 Previous Work

Wang et al. [99] generalized a zero-shot learning problem and presented a unified domain
adaptation framework for both unsupervised and zero-shot learning conditions. The authors
assume they don’t have target domain data. Unlike theirs, we consider our target domain data
available without labels.

Muhammad et al. [98] proposed a comprehensive solution combining synthetic data
generation and deep ensemble learning to enhance face Presentation Attack Detection (PAD)
generalization capabilities. They evaluated four PAD datasets and used Half Total Error Rate
(HTER) and ROC-AUC score as metrics. A lower HTER signifies that the system makes fewer
errors in accepting incorrect identities (false positives) and rejecting correct identities (false
negatives). They ran four experiments, using three as training and the other as testing. They
compared other state-of-the-art methods tested only on the test dataset. We have integrated their

evaluation technique into ours. However, synthetic data generation and deep ensemble are more
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complex tasks than the data augmentation and random forest ensemble we have in our current
design. We plan to keep our design simple and investigate complex solutions if simpler ones do
not work.

Meegahapola et al. [100] proposed a new algorithm called M3BAT using an unsupervised
adversarial-based domain adaptation (DA) method. They used an encoder as a feature extractor
and two discriminators to identify source and target datasets. In domain adaptation, the dataset
changes, not the label. In our case, we want to identify the same set of anomalies in the new
dataset. Domain adaptation methods may apply here as our dataset changes, not the target.

Pillai et al. [101] used semi-supervised DA. Semi-supervised DA helps if there are
limited labels in target datasets. This DA method, Subspace Alignment (SA), aligns the statistical
measures of features of different domains. They also explored multiple other DA methods and
evaluated their impacts.

Mancini et al. [102] proposed an ensemble learner with domain predictor to predict the
probability of a sample belonging to each domain (weights). Their domain predictor to predict
the likelihood of a sample belonging to each domain is intriguing, and we plan to investigate it in
our ensemble learners. Ryu et al. [103] investigated the generalizability in random forests. As we
have random forests as our meta-model, we can extend their solutions in our scenario.

I plan to investigate the Subspace Alignment (SA) approach adopted by Pillai et al [101]
as SA solves a problem similar to our case, and if successful, we do not need to try complex
GAN-like adversarial models such as M3BAT [100]. SA methods try to align the statistical
measures of features of different domains. Their idea [101] of sub-sampling to find related
examples in the source domain is intriguing. It helps a model become data agnostic, reducing

the training time without sacrificing performance in a new dataset.
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4.2 Preliminary Work
4.2.1 Replacing Supervised Meta Method in GE-AD with Unsupervised Method

For our first evaluation, we replaced the Random Forest with an unsupervised Mixture
Model (GMM) as the meta-model.' In our evaluation, we found that it has an AUC ROC score
of 0.943 4 0.088 and F1-macro score of 0.548 + 0.048 among all datasets (see Section 4.2.3).
We plan to investigate other unsupervised models in the future. We also plan to apply all options
we used in improving our supervised GE-AD [12] to this new unsupervised GE-AD (UGE-AD)

model and investigate their impacts.

4.2.2 Adding Spectral Information as Input to GE-AD

As GE-AD uses only the results from base models, the spatial and spectral information
from an HS image is not visible. GE-AD can compute different weights for different datasets
based on features from the input data. However, we cannot feed all the channels to the our model
due to two concerns: (a) this approach may hinder our model from learning essential features
from the base models; and (b) the curse of dimensionality leads to increased computational
complexity, overfitting, and spurious correlations. As an initial investigation, we modified
GE-AD (mGE-AD) to take thirty random spectral channels and four other base methods as
input [13]. In our evaluation, we found that it has an AUC ROC score of 0.593 + 0.070 and
F1-macro score of 0.548 + 0.048 among all datasets (see Section 4.2.3). Instead of randomly
selecting spectral channels, we plan to use dimensionality reduction techniques similar to

section 5.4.

4.2.3 Evaluation Results

For our evaluation, we used only one dataset in the greedy search to find suitable base

methods for UGE-AD to maximize the ROC-AUC score. The evaluation results are shown in

I'We also tested the isolation tree, which did not work.
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Tab. 6. The results show that the greedy search may fail to find the optimum base methods for a
smaller dataset, and the results are generalizing more for larger datasets. As we can see, the best
test score for the Salinas dataset comes from a model trained using the ABU airport and urban
dataset. Table 6 shows that the performances are correlated to input base methods; for example,
GM-RX with UGE-AD achieves a favorable performance score in six out of eleven best score
cases. Another issue was that greedy search could not find a better score for the Arizona dataset.
GM-RX alone was enough for the Arizona dataset, as seen from Tab. 6. Figure 22 shows the

results from the test for better visualization and understandability.

Table 6: The average ROC-AUC scores of our newly proposed Unsupervised ensemble UGE-AD over
various datasets. The first column shows the dataset used in the greedy search to find suitable base
methods, and the second column shows those base methods. Where the dataset names in rows and
columns match, those cells show the training score after the greedy search. The boldface marks the best
performance in each test dataset column.

San ABU ABU ABU

HYDICE Salinas Diego  airport beach urban Arizona
HYDICE  WIN-RX 0.997 0951 0962 0943 0963 0964  0.802
Salinas LSUNIESXORAD’ 0995 0999 0965 0949 0971 0971  0.780
San GM-RX 0997 0997 0964 0934 0961 0962  0.847
Diego
Apu  AED.GMRX,
o KIED, 0995 1.000 0971 0962 0985 0966 0.712
POt | SUNRSORAD
ABU KIED,
teaq ~ LSUNRSORAD, 0996 0997 0965 0960 0973 0976 0.766
RX, WIN-RX
ABU AED, KIFD,
LSUNRSORAD, 0996 1.000 0970 0962 0.985 0971  0.706
urban
RX
. CBAD, FCBAD,
Arizona oo KIFp 0994 0999 0972 0948 0967 0966 0.779

For our second evaluation, we used at most fifty percent of datasets in the greedy search

to find suitable base methods for mGE-AD and UGE-AD to maximize the ROC-AUC score.
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Figure 22: Average ROC-AUC scores of our UGE-AD over various datasets showing consistent
performance against various training datasets. The X-axis shows the dataset used in the greedy search
to find suitable base methods. The Y-axis shows the testing ROC AUC scores. Except where the dataset
names in rows and columns match, those bars show the training score after the greedy search.

Table 7: The average and standard deviation of our ensemble methods’ ROC-AUC scores computed over
the test datasets. We generated this table using a model trained on randomly selected, at most, fifty percent
of the datasets from the ABU, Arizona, HYDICE urban, Salinas, and San Diego datasets as training and
evaluated on other datasets. The boldface marks the best performance in each column.

HYDICE,_ .. San ABU ABU ABU . Average
Methods Salinas i . Arizona
urban Diego airport beach  urban score
baseline
HUE-AD (AED, 0.902
KIFD, 0.962 1.000 0988 0980 0986 0.987 0411 0.201
LSUNRSORAD)
mGE-AD
(GM-RX, KIFD, 0.882 +
LSUNRSORAD. 0.927 0997 0939 0907 0965 0970 0.472 0.170
MD-RX), RF
UGE-AD (AED,
FCBAD, 0.943 +
GM-RX. KIFD), 0995 0999 0970 0960 0980 0968  0.731 0.088
GMM
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Table 8: The average and standard deviation of our ensemble methods’ F1-macro scores were computed
over the test datasets. We generated this table using a model trained on randomly selected, at most, fifty
percent of the datasets from the ABU, Arizona, HYDICE urban, Salinas, and San Diego datasets as
training and evaluated on other datasets. The boldface marks the best performance in each column.

HYDICE, .. San ABU ABU ABU . Average
Methods Salinas . . Arizona
urban Diego airport beach urban score
baseline 0.578 £
HUE-AD 0.519 0512  0.619 0.629 0.564 0.663 0.541 0.055
mGE-AD 0.525 0.729 0560 0.584 0.628 0.624 0.503 0'05?)?; OlL
UGE-AD 0.500 0480 0559 0566 0.514 0.605 0.613 0053531;

Compared to our first evaluation, we want to review whether a model can perform better when
it sees multiple datasets during training. Table 8 shows the F1-macro scores, and Table 7 shows
the ROC-AUC scores of our ensemble methods evaluated over the leftover datasets. We ran our
experiment multiple times and stored the performance scores whenever the dataset was in the
test fold. We reported the average of those scores, the overall average score, and the standard
deviation. When comparing Tab. 6 and 7, UGE-AD trained on one dataset could achieve higher
ROC-AUC scores than learning from multiple datasets. However, these scores in Tab. 6 do not
come from the same model. The unsupervised UGE-AD method shows better ROC-AUC scores
but lower F1-macro scores than our mGE-AD. Figure 23 shows the qualitative difference of
UGE-AD with multiple false-positives that resulted in lower F1-macro scores than mGE-AD.
Finally, from Tab 4, our original GE-AD trained on 50% of the pixels from ABU-airport
data and tested with the other 50%. It achieved a better ROC-AUC score of 0.980 £ 0.018 than
UGE-AD of 0.960, as seen in Tab. 7. The performance of UGE-AD is inline with the path of

generalization.
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Figure 23: The visualization shows the qualitative difference between our proposed ensemble method
(UGE-AD) and our other methods using ABU-airport IV data. (a) RGB, (b) ground truth, (¢) GE-AD, (d)
HUE-AD, (e) UGE-AD.

4.3 Further Research Plan

Figure 22 shows that unsupervised models provide a stable result for each dataset
irrespective of the training dataset with slight variation, except for the Arizona dataset. On
the other hand, we can modify a supervised model more straightforwardly using ground truth.
Thus, we plan to evaluate both types for our meta-learner and investigate other supervised and
unsupervised models.

Compared to transfer learning and domain adaptation that assume the availability of target
domain data, Domain Generalization (DG) takes a step further and does not require access to
target data [104]. We can use DA (domain adaptation) for our semantic segmentation problem
in chapter 5.2, as the complete dataset is available during the model’s devising and training. DA
method SA (Subspace Alignment) aligns the statistical measures of features of different domains.
We will investigate when to apply DA methods. We can use them for spectral information before
providing them to the base methods of our GE-AD algorithm. We have investigated providing
spectral information directly to the meta-model. We will explore dimensionality reduction
techniques to reduce spectral information and apply DA and DG methods here to inspect its
impact. We will also use these DA and DG methods to outputs from base methods without
exposing spectral information to the meta-model.

Here, the challenge of DG (Domain Generalization) is that the target dataset is
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unavailable during training, which is usually the case in real life. DG aims to learn a generalized
model from one or several training domains with different probability distributions that can
achieve good out-of-distribution generalization. After completing the DA (domain adaptation)

investigation, I will expand our investigation on DG if I have sufficient time and support from

others.
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Figure 24: The initial design for generalized GE-AD.

Alternatively, we will investigate ensemble learners with domain predictor [102] to

predict the probability of a sample belonging to each domain (weights). I will investigate this if

I fail to achieve the expected results using the first proposal. I propose an initial system in Fig. 24
that takes latent information from a transformer as a feature for the meta-model to decide the
domain source and weightage of other inputs. As we run iterations of training and validation,

we expect the meta-model to learn to differentiate different datasets. If both the previous cases
fail, we will also investigate the generalizability in random forests. We have random forests

as our meta-model, and we can extend their solutions [103] in our scenario. Although various
researchers are contributing to this active generalization field, we can contribute to generalizing

the HS AD problem through our work. We will do ablation studies for the model architecture and

update the design based on evaluation results.
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Chapter 5

Hyperspectral Image Semantic Segmentation

Image Semantic Segmentation is a computer vision technique that classifies each pixel
based on its semantic class. When applications require precise object localization and boundary
delineation, such as military surveillance, semantic segmentation identifies and classifies
every pixel within an image. It allows us to understand the detailed composition of a scene by
distinguishing different objects at a granular level. It is also valuable for applications in other
fields, like autonomous driving, medical imaging, and industrial inspection, where precise object
localization and boundary delineation are also crucial.

HS Image Semantic Segmentation (SS) utilizes spectral and spatial information to solve
this semantic segmentation problem. When an anomaly detector identifies targets in a scene,
AiTR (Aided Target Recognition) wants to interrogate the scene further and distinguish target
objects at a granular level. HS Image SS helps AiTR further interrogate a scene. Image SS is
a well-investigated problem, and various high-performing deep convolutional neural networks
like U-Net [105], FastFCN [106], and DeepLab [107] and Transformer based models like
Segmenter [108] and ViT [109] are readily available. However, AiTR cannot use these models,
which are designed and trained with RGB images, directly for HS image semantic segmentation
as these HS images have a higher number of channels. Crop mapping is a good use case for
investigating this problem in agricultural background. We can transfer this solution to AiTR to
classify the scene for our desired objects of military interest.

Crop mapping plays a vital role in agricultural monitoring, enabling essential tasks such
as crop identification, assessing plant health, and estimating crop production [110,111]. Figure 25
shows an example of crop mapping. Pinpointing the types of crops grown in specific areas and
their spatial distribution offers invaluable insights for farmers and stakeholders. Remote sensing
technology is currently replacing traditional, labor-intensive, on-the-ground surveys [112]. HS

imagery gathered via unmanned aerial vehicles (UAV) strikes a remarkable balance by providing
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better spatial and spectral data for crop mapping [113, 114].
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Figure 25: Example of Crop mapping [114].

One way of crop mapping is using a deep classifier, a simple task that may overfit the
model [115]. However, the inference task on a scene has quadratic time complexity. It may take
longer as the model classifies individual pixels in the image. In contrast, crop mapping using SS
is a complex task that underfits a model without enough data. However, the model completes
inference tasks in one operation, where the model classifies all the pixels simultaneously. Thus,

we will investigate the SS solution considering the inference time when deployed.
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5.1 Previous Work

U-Net is a versatile semantic segmentation network among deep networks with various
data types and architecture [116, 117]. Multiple researchers have included transformers [114,
118] and attention networks [119, 120] in the U-NET. Figure 26 shows the U-Net-like
Visual Transformer that Chen et el. [118] had proposed. Schlemper et al. [121] proposed an
Attention-gated U-Net. Figure 27 shows their proposed U-Net. Sadly, these deep SS models
cannot achieve their full potential when training from scratch using HS image datasets because
there are various large RGB datasets but very limited large HS image datasets for various

tasks [122].
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Figure 26: Overview of the TransUNet framework [118]: (a) schematic of the Transformer layer; (b)
architecture of the TransUNet.

Compared to greyscale and RGB images, HS images contain hundreds of channels. Wang
et al. [123] proposed a Channel Attention Module (CAM). Figure 28 shows a basic structure of
their CAM. Leveraging this spectral information in the CAM can help differentiate objects better
in our new U-Net. However, various HS sensors collect HS data differently, and the same sensor
may produce a different number of usable channels because of noise, which hinders the way to
domain adaptation. Thus, unmixing to select the most informative channels [37] ensures that our

model always uses the same number of channels with the best spectral information.
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Figure 27: A block diagram of the Attention U-Net [121] segmentation model. Input image is
progressively filtered and downsampled by factor of 2 at each scale in the encoding part of the network
(e.g. H4=H 1/8). N c denotes the number of classes. Attention gates (AGs) filter the features
propagated through the skip connections.
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Figure 28: Channel Attention Module [123].

5.2 Preliminary Work

AiTR cannot use these deep semantic segmentation models, which are designed and
trained with RGB images, directly for HS image SS. The main challenge here is the high
dimensionality of HS images, which DL model cannot handle them effectively. One solution
is updating and fine-tuning the input and final output layers. However, this can hamper their
performance as middle layers still expect features from RGB. Another solution is end-to-end
fine-tuning of existing DL models, which can compromise its general knowledge. Thus, I
propose to use a channel attention network to utilize these hundreds of channels from HS images
and extract crucial spectral information. A channel attention network is a neural network that
learns to focus on vital channel information. By combining the spectral feature in the final layers

of the DL model with the RGB image and fine-tuning it, we can expect to produce significantly

58



improved results.

Our proposal to combine an HS channel attention network with U-Net and transformers,
thereby enhancing the Trans-U-Net [118] trained on a large RGB dataset, offers a promising
avenue for advancing HS image SS. Compared to other models, we integrate RGB and HS
images through the fine-tuning technique to create a versatile model. Using the U-Net model
further simplifies the implementation and testing of our new solutions. Importantly, we design a
separate HS CAM network to avoid modifying the entire pre-trained Trans-U-Net model, thereby
preserving its general knowledge and stability for new tasks, providing a reliable foundation for
our approach.

By leveraging task adaptation and fine-tuning, we improve the accuracy of U-Net in
segmenting crops [124]. Although visual transformers provide better results than convolution
neural networks, they are hard to train and need hundreds of thousands of images. However,
there are no hundreds of thousands of annotated HS images available. Thus, domain adaptation
is the key factor in successfully using visual transformers. This approach is convenient when the
source and target domains have different tasks, and the target domain is not only related but also
accessible during training. In our case, we will use pre-trained U-Net and Transformers trained
on large RGB ImageNet datasets [125]. We will further fine-tune these models on the RGB and
HS image dataset. Transfer learning [126] or fine-tune helps to enhance a model’s performance
trained for one task and deployed for a different but related task. The original transformer cannot
handle all hundreds of channels present in an HS image. In contrast, our model will be able to

utilize the HS dataset.

5.3 Preliminary Results

Our evaluation investigated the model’s performance on large UAV HS agricultural
imagery datasets [114]. Figure 29 shows results from some existing models. We have tested
Trans-U-Net [118] on RGB images we created from the HS dataset as it was trained on the

RGB dataset. We also trained U-Net [105] from scratch using the HS training images from this
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dataset. Figure 29d shows how challenging it is to train from scratch. We plan to implement and

investigate our proposed model further to improve its performance.

—

(a) (b) (©) (d)

Figure 29: The visualization shows an example of semantic segmentation using an image from large UAV
hyperspectral agricultural imagery datasets. (a) RGB, (b) Ground Truth,(c) Trans-U-Net [118] fine-tuned
on this agricultural RGB dataset (dice coefficient 0.13), (d) U-Net [105] trained on this agricultural HS
image dataset (dice coefficient 0.06).

5.4 Further Research Plan

We will integrate the HS channel attention network into the Trans-U-Net to harness the
spectral information from all those hundreds of channels. We will comprehensively analyze
this model, focusing on complexity reduction without sacrificing performance. We will also
incorporate dimensionality reduction techniques like unmixing to select the most informative
channels [37], ensuring a constant number of channels with the best spectral information. This
thorough approach will enable us to generalize our model across various datasets and examine
the impact of fine-tuning on tiny datasets such as Indian Pines [127], which consists of just one

image.
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Chapter 6

Proposed Work Timeline

Table 9 outlines the comprehensive timeline for this proposal. I will continue
investigating the impact of HS image processing on machine detection and digital RGB image
processing on human visibility and understandability.

Anomaly detection in HS imaging is the leading task we should address in AiTR.
Chapter 3 discusses the existing anomaly detection algorithms and our solution. Our stacking
ensemble uses existing methods as base methods, reducing their variability for diverse scenes.
We have published this work as a journal article in the MDPI Journal of Imaging. However,
the hyperspectral sensor variability challenges our model’s generalizability. Utilizing domain
adaptation to enhance anomaly detection accuracy for unseen data shows great promise. By
applying various domain adaptation methods within ensemble machine learning and deep
learning frameworks, I, in collaboration with my advisors and research team, can develop a
robust tool for detecting anomalies in HS images. Chapter 4 discusses the challenges we may
encounter and presents solutions we will introduce to handle new unseen datasets and novelty
anomalies. In addition, I plan to investigate this solution over two months, produce a journal
article with my collaborators, and submit it to the MDPI Sensors Journal.

Semantic segmentation, a key tool in our research, can help with AiTR identification. It
is crucial when investigating scenes with registered anomalous targets. We aim to identify these
targets if they are our object of interest. We utilize a semantic segmentation model trained on
an RGB dataset and apply task adaptation for HS images to achieve this. The use of the spectral
channel attention module, which leverages information from the invisible spectral range, is a key
component of our approach. This module significantly improves semantic segmentation accuracy
for objects that are hard to separate from in the visible wavelength. Chapter 5 delves into the
challenges we can face and presents the solution to handle the scarcity of large HS datasets

and the complexity of hundreds of channels from HS images, which we have published as a
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Deadline ‘Work

Complete Investigate Greedy Ensemble Anomaly Detection (GE-AD)
Complete Publish GE-AD to MDPI Journal of Imaging
Complete Investigate Semantic segmentation on UAV HS Agricultural Imagery
Complete Publish HS image Semantic Segmentation to SPIE D+CS conference
May 01, 2025 Start Generalized HS AD
May 31, 2025 Start Preprocess digital images
June 30, 2025 Start Impact of image processing
August 15, 2025 Submit Generalized HS AD to MDPI Sensors Journal
August 15, 2025 Work on preparing dissertation
August 30, 2025 Apply to Graduate
September 18, 2025 Defend dissertation
October 7, 2025 Submit Final copy of dissertation

Table 9: Timeline to complete my proposed disssertation works.

conference article to the SPIE D+CS conference.

Finally, I will tidy up all the chapters, update them with new findings, and submit the

findings with my written dissertation.
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