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Abstract 
 

 

Levees serve as critical flood protection structures, but failures due to inadequate maintenance and 

extreme water pressures have led to devastating events such as Hurricane Katrina. Manual 

inspections are slow, labor-intensive, and prone to human error, necessitating the development of 

automated solutions. This study proposes an AI-driven framework for levee inspection utilizing 

deep learning-based semantic segmentation to detect rutting and enhance the identification of sand 

boils. To address dataset limitations, high-fidelity synthetic images are generated using 

DreamBooth for fine-tuning, while ControlNet adds structural constraints to enhance realism and 

consistency. A semi-automatic convex hull annotation technique enhances labeling efficiency, and 

ensemble learning strategies further improve segmentation accuracy. The system integrates real-

time inference capabilities within a web-based platform, enabling rapid and precise identification 

of defects. By combining deep learning, synthetic data augmentation, and real-time deployment, 

this research presents a scalable, innovative solution for automated levee monitoring, addressing 

key challenges in flood risk management and infrastructure resilience. 

 

Keywords: Levee Inspection, Deep Learning, Semantic Segmentation, Synthetic Data, Real-time 

Monitoring, Generative AI. 

1. Introduction 
 

Earthen levees are critical for protecting communities and infrastructure from catastrophic 

flooding, yet their structural integrity is threatened by defects like rutting and sand boils. The 

devastating failure of levees during Hurricane Katrina highlighted the sever consequences of 

inadequate monitoring. Traditional inspection methods are manual, slow, and error-prone, making 

them inefficient for the vast levee networks that safeguard millions of people and billions of dollars 
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in assets [1]. This necessitates a shift towards automated, scalable, and precise monitoring 

solutions. 

 

This research aims to detect and segment levee ruts and sand boils using an enhanced 

encoder-decoder architecture with transfer learning, leveraging a pre-trained model as a feature 

extractor to improve efficiency and minimize reliance on large training datasets. A primary 

challenge in this domain is the scarcity of high-quality, annotated data for training robust models. 

Our approach is built on a foundation of transfer learning [9], leveraging powerful, pre-trained 

models to avoid the immense computational cost and data requirements of training from scratch. 

By fine-tuning a pre-trained backbone, we adapt general visual representations for the specialized 

task of levee inspection, significantly reducing training time and improving model adaptability. 

To further enhance robustness and overcome data limitations, we leverage advanced generative 

AI, specifically fine-tuning text-to-image diffusion models with DreamBooth to generate high-

fidelity synthetic defect images. Furthermore, ControlNet is employed to impose structural 

constraints on the generative process, ensuring the realism and consistency of the synthetic data.   

To complete our end-to-end system, we introduce a semi-automatic annotation pipeline 

using convex hull techniques to efficiently label the generated data, thereby reducing hours of 

manual effort. Segmentation accuracy is further improved using ensemble learning, which 

aggregates predictions from multiple specialized U-Net variants to produce more reliable and 

robust results. Finally, to ensure this research translates into a practical tool, we have developed 

and deployed a web-based application using Streamlit. This interactive platform supports both 

image and video overlay for real-time defect visualization, enabling rapid assessment and 

proactive flood risk management for decision-makers. By integrating transfer learning, generative 

data augmentation, and a real-time deployment, this work presents a scalable, data-driven solution 

for levee monitoring. 

Our methodology enhances model performance through several key innovations. We 

introduce a semi-automatic convex hull annotation technique to improve labeling efficiency for 

the generated data. To maximize segmentation accuracy, we employ an ensemble of specialized 

U-Net-based architectures [7], including a novel RuttingNet, which aggregates predictions to 

produce more robust and reliable results. The entire system is integrated into a real-time, web-

based platform, providing an accessible tool for rapid and precise defect identification. By 

combining state-of-the-art deep learning, generative data augmentation, and ensemble strategies, 

this research presents a scalable and innovative solution that significantly advances automated 

levee monitoring and strengthens flood risk management. 

2. Background 

Levee defect detection has evolved from manual measurements and classical computer 

vision to deep learning-based approaches. Early methods, including edge detectors, wavelet 

transforms, and thresholding techniques like Otsu’s method or Gabor and Canny filters, struggled 

with lighting variations, shadows, and surface textures, often misidentifying stains or missing 

subtle anomalies [50]. Traditional machine learning models, such as SVMs trained on handcrafted 

features, offered slight improvements but remained limited by the quality of the features. Today, 

deep neural networks, particularly encoder–decoder architectures like U-Net and ResNet, have 



 3 

revolutionized levee defect detection by enabling precise object-level detection and pixel-level 

segmentation. Additionally, object detection frameworks such as YOLOv3 and YOLOX-s have 

shown robust performance on rut detection. Yet their bounding-box outputs can fail to capture the 

exact shape and severity of defects, underscoring the need for segmentation-based models when 

higher geometric fidelity is required [51]. Recent work on road-based rutting demonstrated the 

viability of segmentation methods like PSPNet and DeepLabv3+, achieving around 53–55% IoU, 

highlighting both the feasibility and challenges of pixel-level rut detection [52]. With transfer 

learning and fine-tuned models, these systems achieve greater accuracy and consistency, 

overcoming the limitations of earlier rule-based methods. Below, we discuss key models, 

techniques, and recent advances in segmentation tailored to infrastructure defects such as rutting 

and sand boils. 

 

2.1 Latest Levee Defect Detection Works 
 

Levee systems can exhibit various structural vulnerabilities—such as cracks, seepages, and 

sand boils—when subjected to high water pressure, as illustrated in Figure 2.1. Within the context 

of levee inspection, Panta et al. [26] introduced IterLUNet, a lightweight U-Net derivative that 

uses iterative skip connections and multi-scale feature fusion, resulting in improved IoU scores for 

levee crack segmentation. Kuchi et al. [27] further addressed sand boil detection by combining 

synthetic datasets with a machine learning framework to mitigate class imbalance. Continuing in 

this domain, Panta et al. [28] developed SandBoilNet—a fully convolutional network that 

leverages transfer learning for sand boil segmentation—and later extended their work to seepage 

segmentation [29], effectively handling the complexities of real-world images. Although these 

efforts demonstrate the success of targeted deep learning architectures for levee-related defects, 

they often focus on specific fault types, such as cracks, sand boils, or seepages. 

 

Figure 2.1: Cross-sectional illustration of a levee system highlighting rutting formation zone, 

cracks, seepage, and sand boil. The high-water level forces water through a permeable sand 

aquifer—leading to under-seepage and, ultimately, the emergence of sand boils at the surface. 
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In broadening this scope, Alshawi et al. [30] investigated imbalance-aware culvert-sewer 

defect segmentation using an Enhanced Feature Pyramid Network (E-FPN) with sparsely 

connected blocks and depth-wise separable convolutions for enhanced feature extraction. 

Concurrently, Alshawi et al. [31] introduced a depth-wise separable U-Net with multiscale filters 

for sinkhole detection, highlighting how thoughtful architectural choices can simultaneously 

reduce model complexity and enhance segmentation accuracy. These studies collectively highlight 

the importance of domain-focused approaches for robust infrastructure inspection, while also 

underscoring the need for more generalized solutions capable of addressing a wider array of levee 

and infrastructure defects. 

2.2 Semantic Segmentation 
 

Semantic segmentation is a sophisticated computer vision technique that assigns a class 

label to each pixel in an image, effectively partitioning the scene into meaningful regions [16]. 

Unlike image classification, which predicts a single label for an entire image, or object detection, 

which locates discrete objects via bounding boxes, semantic segmentation produces a dense, pixel-

wise classification map for comprehensive scene interpretation [17]. By leveraging Convolutional 

Neural Networks (CNNs), this approach enables systems to learn feature representations that 

capture both content and context at a granular level. As a result, semantic segmentation has 

demonstrated high accuracy in autonomous driving [18], medical imaging [19], and remote 

sensing [20]. 

 

 

 
Figure 2.2: U-Net architecture for image segmentation. Each 3×3 CNN layer includes 

convolution, batch norm, and ReLU. Downsampling uses max pooling; upsampling uses 

transposed convolutions. Skip connections fuse encoder and decoder features. A final 1×1 

convolution with sigmoid yields the segmentation mask. 
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Modern segmentation architectures frequently build upon Fully Convolutional Networks 

(FCNs) [21], replacing fully connected layers with convolutions to generate output maps that align 

spatially with the input. Notable encoder-decoder variants include the Pyramid Scene Parsing 

Network (PSPNet) [22], which integrates a pre-trained ResNet101 [23] with a pyramid pooling 

module for multi-scale global context, and SegNet [24], which reuses pooling indices from the 

encoder to guide the decoder’s upsampling. The U-Net family is especially recognized for its skip 

connections that preserve fine-grained detail while integrating broader contextual information (see 

Figure 2.2 for the base architecture). Building on U-Net’s foundations, MultiResUNet [13] 

incorporates multi-scale processing with residual connections to enhance feature representation, 

U-Net++ [14] adopts nested and dense skip connections for deeper supervision, and Attention U-

Net [15] employs attention gates to emphasize salient regions. Additionally, DeepLabv2/v3 [25] 

utilizes Atrous Spatial Pyramid Pooling (ASPP) to capture multi-scale context with reduced 

computational overhead. 

Collectively, these encoder-decoder frameworks excel in scenarios that demand both high-

level semantic understanding and fine-grained spatial detail, making them integral to a range of 

applications involving irregular objects or cluttered backgrounds. 

 

2.3 Generative Models 
 

Generative models aim to learn the underlying distribution of a dataset, enabling the 

synthesis of new, realistic samples from this learned representation. Early approaches to generative 

modeling include Restricted Boltzmann Machines (RBMs) and Deep Belief Networks (DBNs). 

However, more recent methods, such as Variational Autoencoders (VAEs) [32] and Generative 

Adversarial Networks (GANs) [33], have significantly advanced the field. VAEs operate by 

encoding input data into a latent space and then decoding from that space to reconstruct or generate 

new samples. This latent-space representation enables tasks such as controlled data generation and 

interpolation between classes. GANs, on the other hand, employ a game-theoretic framework with 

two competing networks—a generator and a discriminator. The generator attempts to produce 

realistic samples that can deceive the discriminator, while the discriminator learns to distinguish 

between generated samples and real ones. This adversarial process often leads to highly plausible 

synthetic data once both networks reach equilibrium. 

 

The triangle diagram in Figure 2.3 illustrates the trade-offs between three key objectives 

in generative modeling: high-quality samples, fast sampling, and mode coverage/diversity. 

Generative Adversarial Networks (GANs) sit between high-quality outputs and fast sampling, 

making them ideal for producing realistic images quickly. However, they often suffer from mode 

collapse, where the model fails to generate the full diversity of the data distribution. On the other 

hand, Variational Autoencoders (VAEs) and Normalizing Flows prioritize fast sampling and 

diverse mode coverage, effectively capturing a wide range of variations in the data. Their main 

drawback lies in producing less visually convincing samples compared to GANs or diffusion 

models. 

Denoising Diffusion Models (DDMs) strike a different balance by excelling in both sample 

quality and mode diversity. They generate high-fidelity and diverse outputs but rely on a slow, 

iterative denoising process, which makes sampling significantly slower. The figure emphasizes 
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that no current model perfectly satisfies all three objectives; each model type lies closer to two 

corners of the triangle, highlighting the trade-offs involved. Understanding these placements helps 

in selecting the appropriate model for a given application based on the desired balance of quality, 

speed, and diversity. 

 

 

Figure 2.3: Comparisons of Generative AI Models Based on Sample Quality, Sampling Speed, 

and Mode Coverage Diversity 

 

 These generative approaches offer notable advantages in domains where data scarcity or 

imbalance is prevalent. For instance, conditional GANs [34] can synthesize class-specific training 

samples, helping address uneven class distributions or limited annotated images. In remote 

sensing, they can generate additional training examples for rare phenomena, and in medical 

imaging, they can augment datasets of uncommon pathologies without compromising patient 

privacy. Recent variants of GANs and VAEs also incorporate attention mechanisms, multi-scale 

feature fusion, or self-supervised learning components to bolster the quality and diversity of 

generated outputs [35,36]. 

 Integrating generative models with semantic segmentation pipelines has become 

increasingly common. By producing synthetic images that closely mimic real-world conditions, 

these models can expand the training set for segmentation networks and improve robustness in 

scenarios where data collection is difficult, expensive, or hazardous. In the context of levee 

inspection, generative models can help create representative samples of rare fault instances—be 

they cracks, sand boils, seepages, rutting, encroachments, or other defects—thereby mitigating 

class imbalance and enhancing the training of segmentation architectures. As a result, generative 

models serve as a crucial tool for both augmenting existing datasets and exploring new strategies 

to enhance the performance, generalizability, and resilience of deep segmentation frameworks. 

 Over the past few years, StyleGAN and its improved variant StyleGAN2-ADA [37,38] 

have demonstrated remarkable capabilities in synthesizing high-quality images, including face 

images and other complex objects. However, in certain niche domains—such as levee fault 



 7 

imagery—data availability can be severely constrained. Under these limited data conditions, 

StyleGAN-based models may struggle to produce diverse synthetic samples, thereby restricting 

their utility for tasks such as data augmentation in fault detection or segmentation. 

 To overcome these limitations, researchers have increasingly turned to diffusion-based 

models, which iteratively denoise random noise into coherent images. Methods like Stable 

Diffusion [39] and its extensions incorporate guidance strategies—ranging from text prompts to 

structural inputs—that can yield broader variation and finer control over the generated content. 

Two notable diffusion-based techniques are DreamBooth [11] and ControlNet [12]. DreamBooth 

refines a base diffusion model using a small number of domain-specific examples, enabling more 

precise, subject-driven generation. ControlNet extends diffusion architectures by incorporating 

control mechanisms (e.g., edge maps, pose estimations) that guide the generation process, enabling 

the maintenance of structural consistency or the achievement of a desired image-to-image 

transformation. 

 In the context of levee inspection, transitioning from traditional GAN-based strategies to 

diffusion-based approaches can prove advantageous. By incorporating textual or structural 

prompts, diffusion models can generate a more diverse range of synthetic images that better 

emulate real-world defects and environmental variability. This enhanced variety is crucial for 

tackling data imbalance and scarcity, as it expands training sets for downstream segmentation 

tasks. Consequently, advanced generative approaches not only bolster model generalization but 

also pave the way for more robust, domain-focused solutions in infrastructure and remote sensing 

applications. 

 

2.4 Rutting Detection 
 

Rutting refers to the formation of deep grooves or depressions in soil or a levee surface due 

to erosion, vehicle movement, or water flow. While typically associated with pavements, rutting 

in levee infrastructure can undermine the structural integrity of flood defenses by creating low-

lying areas that accumulate water. Excessive rutting may increase the likelihood of seepage or 

breaches during high-water events, thereby amplifying the risk of levee failure. 

Traditional rutting assessment methods rely on manual measurements, such as 

straightedges or level rods, which can be time-consuming and prone to human error. To improve 

efficiency and accuracy, modern inspection approaches often utilize 3D laser 

scanning or LiDAR to capture high-resolution surface profiles [40] and then apply machine 

learning algorithms to distinguish genuine deformations from benign surface variations. Notably, 

LiDAR sensors mounted on mobile platforms—including forestry machines—have shown 

promise for large-scale rut depth measurements, achieving unbiased estimates with minimal error 

[41]. Beyond these established techniques, several innovative frameworks have recently emerged: 

a metaheuristic-optimized machine learning model that employs Gabor filters and discrete cosine 

transforms for image-based rut detection [42], a cost-effective measurement system combining a 

linear laser and high-speed camera [43], and a tile-based LiDAR method that uses road surface 

fitting for comprehensive rut depth assessments [44]. Ground Penetrating Radar (GPR) further 

enhances these surface-based evaluations by probing subsurface conditions—such as moisture 

accumulation, voids, or weakened substrates—that contribute to permanent deformations. GPR 

transmits electromagnetic waves into the levee layers, analyzing reflections from interfaces with 
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varying dielectric properties, thereby offering more profound insight into potential causes of 

rutting and guiding proactive maintenance interventions [45]. By integrating these advanced 

sensing and modeling approaches, agencies can anticipate rut development, minimize seepage 

risks, and fortify levee systems against extreme flood events. This data-driven strategy reduces 

maintenance costs, enhances flood protection, and extends the service life of the levee. However, 

to the best of our knowledge, no prior work has employed pixel-level semantic segmentation 

specifically tailored for levee rutting. This study aims to fill that gap by offering a novel 

segmentation-based framework, designed to provide high-resolution detection ultimately 

advancing the state of the art in levee infrastructure maintenance. 

 

2.5 Sand Boil Detection 
 

In addition to advancing rutting detection, this study also focuses on refining sand boil 

detection by generating synthetic datasets [48] and improving annotation strategies. Sand boils are 

surface manifestations of internal erosion within levee systems, typically forming when water 

under high hydraulic pressure infiltrates permeable subsurface layers, carrying fine sediments 

upward. This process results in dome- or cone-shaped mounds at or near the surface, as illustrated 

in Figure 2.1. These anomalies frequently occur during flood events or prolonged high-water 

conditions and are early indicators of piping—a critical subsurface erosion mechanism that, if left 

unmitigated, can lead to levee instability or catastrophic failure. Prompt and precise detection of 

these formations is therefore vital for early intervention and levee resilience. 

Traditional detection methods for sand boils have largely depended on manual visual 

inspection during high-water events, where field personnel survey levee surfaces to identify 

sediment eruptions. While operationally straightforward, such approaches are time-consuming, 

labor-intensive, and prone to human error, particularly in large-scale flood-prone areas. Moreover, 

poor lighting, environmental variability, and the presence of similar surface anomalies can further 

complicate reliable detection. 

In response to the limitations of manual inspection, researchers such as James V., et al. 

[49], have explored remote sensing techniques, including Synthetic Aperture Radar (SAR), for 

monitoring subsurface water movement and detecting anomalies indicative of sand boil formation. 

SAR’s ability to operate in low visibility and penetrate soil layers makes it a promising candidate 

for early detection. However, due to environmental interference and resolution constraints, SAR 

often falls short in accurately identifying the small, spatially confined features typical of early-

stage sand boils. 

In parallel, early computational techniques employed classical machine learning 

approaches, using handcrafted features such as shape descriptors, edge gradients, and intensity-

based thresholds, to detect sand boil-like structures in levee imagery. While effective in controlled 

environments, these methods struggled to generalize across real-world conditions due to very 

limited datasets and variations in background textures, soil color, and lighting. More recently, deep 

learning-based models have shown promise in improving detection accuracy. For example, Kuchi 

et al. [27] utilized convolutional neural networks (CNNs) trained on manually annotated datasets 

to identify sand boils from aerial imagery, demonstrating improvements over traditional classifiers, 

particularly in complex field scenarios. However, their work did not utilize synthetic data, which 

limits its applicability in highly imbalanced or data-scarce conditions. Building on these 



 9 

foundations, Panta et al. [28] introduced a custom semantic segmentation architecture designed for 

pixel-level sand boil delineation—which outperformed prior shallow models in both accuracy and 

spatial consistency. 

Despite these advances, challenges remain. The limited availability of high-quality, pixel-

level annotated sand boil datasets restricts the use of existing deep learning models. This research 

addresses that gap by introducing synthetically generated sand boil datasets and novel annotation 

pipelines, ultimately improving generalization and segmentation precision across real-world levee 

imagery. 

 

Data and Methodology 

3.1 Introduction 
 

Levees are vital in mitigating flood risks, but they remain susceptible to various forms of 

deterioration over time. Among these, the most pressing concerns are rutting—linear depressions 

or grooves in the levee’s surface—and sand boils—funnel-shaped formations caused by subsurface 

erosion. Both phenomena can compromise the structural integrity of flood-control systems if left 

unaddressed. Conventional inspection methods often rely on manual surveys and visual checks, 

which can be impractical for large-scale networks of levees. Current USACE inspection protocols 

classify rut severity based on depth thresholds, categorizing depressions exceeding 6 inches as 

unacceptable (U-rated) due to their demonstrated hydraulic risks [1]. Maintenance guidelines 

mandate immediate remediation of U-rated features, while shallower (<6") depressions receive 

minimally acceptable (M) ratings requiring monitoring and scheduled repairs [46]. To address 

these challenges, this chapter outlines a comprehensive data and methodology framework that 

leverages deep learning for automated fault detection. We focus primarily on rutting—assembling 

a real corpus of real images, creating synthetic examples to mitigate data limitations, and applying 

extensive augmentations to enhance model robustness. In parallel, we refine existing sand boil 

detection approaches by generating additional synthetic sand boil images, further expanding the 

dataset and enhancing segmentation accuracy for these critical levee datasets. 

3.2 Rutting Dataset 
 

Ruts and depressions represent critical maintenance concerns for levee systems, 

developing through multiple mechanisms including vehicular compaction from patrol or 

maintenance traffic, differential settlement of embankment materials, or insufficient crown slope 

gradients that impede drainage. The real-world rutting dataset used for this study was self-collected 

from public online sources (e.g., Google) and, in part, from the U.S. Army Corps of Engineers 

(USACE) manual by leveraging official documentation where rutting in levee contexts is 

occasionally illustrated [1]. From an initial pool of inspection photographs that served as source 

material for synthetic image generation, 20 real images containing clearly identifiable rutting 

features were selected through systematic curation. Image selection followed a rigorous protocol 

prioritizing unambiguous visibility of rutting manifestations across critical levee infrastructure 

components. The dataset encompasses diverse levee morphology through images capturing three 
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structural domains: crest zones subjected to recurring maintenance vehicle traffic, side slope 

regions vulnerable to drainage-related erosion, and transitional areas connecting these features. As 

shown in Figure 3.1, real-world rutting examples vary across different levee sections. Since many 

real levee images available online or in manuals often show wide aspects rather than close-up 

defect details, each chosen image was verified to contain a distinct rutting region. This filtering 

process aimed to ensure a high signal-to-noise ratio, where rutting is prominent enough for precise 

annotation. 

 

(a) 

 

(b) 
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(c) 

 

(d) 

Figure 3.1: Representative real-world examples of rutting across different levee sections, including crest zones 

(a, c, d) and side slopes (b), illustrating variations in rut severity, morphology, and environmental context.  

3.2 Sand Boil Dataset 
 

Sand boils are among the most critical defects captured by the U.S. Army Corps of 

Engineers (USACE) during their routine level inspections. Field inspectors systematically drive 

along the levee crest and adjacent areas, using cellphones or high-resolution cameras to capture 

images of any potential abnormalities they encounter. These photographs are uploaded to a 

centralized database, which contains over 4,000 levee-related defect images, including instances 

of cracks, seepages, and sand boils. For this study, a curated subset of approximately 300 sand boil 

images was selected from the larger USACE repository, based on expert recommendations. The 

goal was to ensure each image chosen displayed clearly discernible sand boil characteristics in a 

variety of environmental contexts, ranging from grassy and muddy terrains to concrete and pebble-

strewn surfaces. This approach maximizes the dataset’s diversity, offering robust coverage of 

color, texture, and lighting conditions inherent to real-world levee inspections. 

Once the images were filtered, each sand boil example was carefully examined to confirm 

it depicted either a single dominant boil or multiple closely spaced boils requiring segmentation. 

These filtration steps aimed to eliminate ambiguous or low-quality images that could introduce 

unwanted noise into the dataset. Consequently, the curated sand boil set exhibits a representative 

spectrum of shapes and sizes, which are critical for developing reliable segmentation models. This 

rigorous selection process aligns with standard practices for semantic segmentation tasks, where 

data quality and diversity are key factors in achieving high performance. By integrating expert 
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judgment with methodical reviews of USACE field imagery, the sand boil dataset forms a solid 

foundation for training and evaluating computer vision algorithms dedicated to levee health 

monitoring. 

  

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 3.2: Real-world examples of sand boils captured across diverse levee environments, illustrating 

variability in appearance, terrain, and contextual challenges—ranging from grassy (a), muddy agricultural (b), 
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and sediment-rich (c) settings to controlled sandbag-surrounded conditions (d) commonly encountered during 

field inspections. 

  

Despite their typically round or elliptical appearance, sand boils pose several detection 

challenges. They can be small and intricate, making them difficult to distinguish from the 

surroundings, especially in wet grassland areas, as shown in Figure 3.2(a). Additionally, various 

forms of noise affect sand boil images, including variations in texture and color between the boils 

and their surrounding areas (evident in Figures 3.2(b) and 3.2(c)), hampering identification based 

solely on visual cues. In some cases, sand boils may be surrounded by sandbags to prevent further 

enlargement, as illustrated in Figure 3.2(d). 

In this investigation, existing sand boil images from levee inspection archives were 

supplemented with synthetic samples to mitigate real-world data limitations. This approach 

introduced variations in texture, moisture levels, and surrounding terrain, which helped the 

segmentation model adapt to the noise, color shifts, and shape irregularities observed in real 

inspections. By integrating refined sand boil detection into our broader methodology, the 

framework aims to strengthen overall levee fault monitoring, reducing the chance of embankment 

failure during floods and minimizing disaster risk. 

 

3.3 Generative Approaches for Synthetic Data Augmentation 
 

This section introduces the motivation behind utilizing generative modeling techniques to 

address the critical challenge of limited annotated data in levee defect segmentation. Manual data 

collection for geotechnical anomalies such as rutting and sand boils is often constrained by 

environmental conditions, safety concerns, and the rarity of certain defect types—resulting in 

small, imbalanced datasets that hinder the performance of deep learning models. To overcome this 

bottleneck, synthetic data generation using generative models offers a scalable and effective 

solution. This study investigates two major classes of generative frameworks—Generative 

Adversarial Networks (GANs) and Diffusion-based Models—each offering distinct advantages in 

image realism, diversity, and controllability. While GANs have been widely used for high-fidelity 

image synthesis, they are prone to challenges such as mode collapse and training instability, 

especially under low-data regimes. In contrast, diffusion models provide greater robustness and 

flexibility, particularly when guided through conditioning techniques. The following subsections 

explore these two paradigms in detail, highlighting their roles in augmenting levee inspection 

datasets and improving segmentation performance. 

 

3.3.1 GAN-Based Approaches 
 

A. Early Experiments with StyleGAN2-ADA 
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This study initially explored generative adversarial networks (GANs), specifically the 

StyleGAN family, for synthetic levee fault image augmentation. GANs, first introduced by 

Goodfellow et al. [33], are generative models composed of two competing neural networks: the 

generator (G), which creates synthetic data, and the discriminator (D), which assesses whether a 

given sample is real or synthetic. Through iterative adversarial training, these two networks 

improve each other simultaneously. The generator tries to fool the discriminator, while the 

discriminator tries to correctly identify real versus fake inputs, as shown in Figure 3.3. This 

adversarial dynamic is formalized as a min-max optimization game as shown in Equation 3.1: 

 

min
G

max
D

V (D, G) = Ex∼pdt
[log D (x)] + Ez∼pz

[log (1 − D(G(z)))] (3.1) 

 

In this formulation, G represents the generator network and D represents the discriminator 

network. The term x ∼ pdata denotes samples drawn from the real data distribution, while  z ∼ pz 

denotes latent noise vectors sampled from a predefined prior distribution (typically Gaussian). The 

function D(x) estimates the probability that input x is real, and G(z) is the synthetic image 

generated by passing z through the generator. The objective is for D to correctly classify real and 

fake images, while G tries to generate images that maximize the discriminator’s classification error, 

forming a minmax game. This process ideally results in highly realistic synthetic images that are 

indistinguishable from real examples. 
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StyleGAN2, developed by Karras et al. [38], is a state-of-the-art GAN variant known for 

its distinctive style-based architecture. Unlike traditional GANs, StyleGAN2 transforms a latent 

noise vector through a mapping network into an intermediate latent representation, which is then 

used to modulate each convolutional layer of the generator independently—a technique known as 

Adaptive Instance Normalization (AdaIN), allowing for explicit control over high-level attributes 

and fine-grained visual details. To address stability and artifact issues in earlier versions, 

StyleGAN2 introduced two significant improvements: the use of weight demodulation in place of 

AdaIN normalization to eliminate “blob” or “water droplet” artifacts, and a revised network 

architecture using multi-scale skip connections and residual connections (inspired by MS-GAN) 

to enhance training convergence and spatial consistency. These enhancements allow StyleGAN2 

to generate more stable and high-fidelity outputs, even at high resolutions. 

A significant limitation of GANs in general—and StyleGAN variants specifically—is the 

necessity for extensive training data to prevent discriminator overfitting and the resultant training 

instability. In practice, acquiring a large dataset is challenging, particularly in specialized domains 

such as levee fault imaging. Traditional data augmentation methods, such as rotation, cropping, 

and color transformations, partially mitigate data scarcity. However, they carry risks, notably that 

artifacts from these augmentations can propagate into the generated images—noise introduced to 

real inputs, for example, can appear explicitly in synthetic images.  

To address these challenges, Karras et al. [38] introduced StyleGAN2-ADA (Adaptive 

Discriminator Augmentation), an extension of the StyleGAN2 architecture equipped with a novel 

augmentation strategy. Instead of applying augmentation solely to input training images, ADA 

systematically applies stochastic transformations to all images shown to the discriminator during 

training. Importantly, ADA dynamically adjusts augmentation strength based on the 

discriminator's feedback: if the discriminator overfits, augmentation intensity increases, and vice 

versa. This adaptive augmentation strategy, built upon balanced consistency regularization (bCR), 

substantially reduces training dataset requirements—by up to 10–20 times—without significantly 

compromising image fidelity [56]. 

In our experiments, StyleGAN2-ADA was trained following the official workflow 

provided by NVIDIA’s implementation. The image dataset was first preprocessed into TFRecord 

format and resized to a consistent resolution of 512×512 pixels to match the model’s architectural 

requirements. Fixed random seeds were used throughout the training and generation process to 

ensure reproducibility. The training leveraged mixed precision (FP16) for faster computation and 

included periodic saving of generated image samples and FID evaluation metrics during training 

iterations. The generator model was optimized using a non-saturating logistic loss function, while 

the discriminator used R1 regularization. Despite leveraging high-end hardware NVIDIA A100 

80GB GPUs, the training process was compute-intensive and typically required multiple days to 

converge—particularly due to the limited variability in the dataset. 

Ultimately, however, StyleGAN2-ADA did not yield satisfactory results for the levee fault 

dataset. While the model produced images with relatively realistic features, we consistently 

observed limited variation among the generated images. This phenomenon, known as mode 

collapse, occurs when the generator fails to capture the entire data distribution and instead 

produces a narrow subset of repetitive samples. Mode collapse is common in GANs trained on 

datasets exhibiting inherently low variability, as limited diversity makes it easier for the generator 

to settle into generating only a few plausible images that sufficiently fool the discriminator. 

Additionally, significant training instabilities were observed, including difficulties balancing the 

generator and discriminator, vanishing gradients, oscillating training dynamics, and high 
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sensitivity to hyperparameter choices, despite using high-end computational resources. Thus, the 

model did not enhance dataset diversity as desired, effectively negating the benefits of synthetic 

data augmentation for our segmentation task. 

Evaluation of generated image quality typically involves metrics such as Fréchet Inception 

Distance (FID) and Kernel Inception Distance (KID). Briefly, FID computes the Wasserstein-2 

distance between real and generated image distributions in a pretrained Inception-v3 feature space, 

where lower values indicate superior image realism and variety. KID similarly measures statistical 

differences in feature distributions but is more unbiased and reliable, particularly with smaller 

datasets. Due to notable mode collapse and training instabilities, StyleGAN2-ADA demonstrated 

unsatisfactory FID and KID scores in our scenario. 

Given these limitations, our research transitioned toward more advanced generative 

modeling techniques. Recent conditional image generation frameworks, specifically diffusion-

based models such as DreamBooth and ControlNet, offer improved robustness in scenarios with 

limited data. These methods leverage extensive, pre-trained visual priors to effectively mitigate 

the issues of limited variation and mode collapse, thereby supporting a more diverse and high-

quality synthetic dataset suitable for enhancing semantic segmentation models. 

3.3.2 Diffusion-Based Approaches 

Considering the limitations encountered with GANs, this subsection transitions to 

diffusion-based generative models, highlighting their robustness in limited-data scenarios due to 

enhanced diversity and control. It provides an overview of the general diffusion process and 

introduces two specialized variants—DreamBooth for fine-tuning and ControlNet for structural 

guidance—each of which is described in subsequent detailed subsections. 

A. Overview of the Stable Diffusion Model 

While Generative Adversarial Networks (GANs), such as StyleGAN2-ADA, have 

previously demonstrated potential for synthesizing realistic images, they often encounter issues, 

including mode collapse, training instabilities, and limited dataset variation—particularly evident 

in the generation of specialized geotechnical anomalies, like levee defects. To address these 

shortcomings, recent advancements have shifted toward diffusion-based generative models, which 

offer a fundamentally different and more stable approach to image synthesis. Unlike GANs, which 

rely on adversarial training between generator and discriminator networks, diffusion models 

employ a probabilistic framework that progressively corrupts data with noise and learns to reverse 

this corruption, thereby recovering the original data distribution. 

Diffusion models operate in two phases: a forward diffusion process, where input data is 

gradually transformed into noise, and a reverse denoising process, where a neural network is 

trained to reconstruct the original image from noise. This two-step mechanism ensures robust and 

diverse generation, helping avoid issues like mode collapse that often affect GANs. The 

effectiveness of this structured noise addition and removal process is visually demonstrated in the 

diffusion-based generative pipeline, as illustrated in Figure 3.4. The forward process adds 

Gaussian noise in small increments over a fixed number of timesteps, as defined in Equation 3.2: 

q( xt ∣∣ xt−1 ) = 𝒩(xt; √1 − βt xt−1, βt I) (3.2) 

Here, xt represents the intermediate noisy images at timestep t, and βt denotes the noise 

variance at each timestep. By the end of this diffusion sequence, the data is reduced to pure noise 

xt typically sampled from a standard Gaussian distribution. 
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The core learning task occurs during the reverse diffusion phase, where a neural network 

(often implemented as a U-Net) is trained to systematically remove the noise from these corrupted 

images, gradually reconstructing realistic images from pure noise. This reverse denoising process 

is defined in Equation 3.3: 

pθ( xt−1 ∣∣ xt ) = 𝒩(xt−1; μθ(xt, t), Σθ(xt, t)) (3.3) 

In this formulation,  μθ and Σθ represent the predicted mean and variance by the neural 

network parameterized by θ. Through iterative denoising, the trained model generates visually 

coherent images that closely resemble the original training data. 

To train the denoising model effectively, it is essential that the learned reverse process 

pθ( xt−1 ∣∣ xt ) closely approximates the true posterior distribution q( xt−1 ∣∣ xt, x0 ), which 

represents the ideal step to reverse noise at each timestep. Since the true posterior is derived using 

Bayes’ theorem but is intractable to compute directly during inference, diffusion models are 

trained by minimizing the Kullback-Leibler (KL) divergence between the model’s approximation 

and the actual posterior. This training objective is formalized in Equation 3.4: 

ℒKL = KL(q( xt−1 ∣∣ xt, x0 ) ∥ pθ( xt−1 ∣∣ xt )) (3.4) 

Equation 3.4 serves as the core loss function in diffusion training. The KL divergence is a 

mathematical measure of how one probability distribution diverges from a second, expected 

distribution. In simpler terms, it quantifies how much information is lost when the model’s 

predicted distribution  pθ is used in place of the true distribution q. A KL divergence of zero would 

mean the two distributions are identical. 

During training, the model learns the parameters of  pθ—such as the mean and variance of 

the Gaussian distribution used for denoising—by minimizing this KL divergence using gradient 

descent. This optimization process iteratively updates the model weights so that its predicted 

denoising steps more closely approximate the true reverse process. 

Rather than reconstructing the original image in a single pass, the model learns a series of 

small, probabilistically accurate steps to gradually remove noise. This structured and statistically 

grounded process enables the model to generate outputs that are both realistic and diverse. 

During training, the model is optimized using a simplified denoising objective that aims to 

predict the noise added to a clean image at a given time step. Rather than directly reconstructing 

the original image  x0, the network ϵθ is trained to estimate the noise ϵ used in the forward diffusion 

step. This is more stable and effective, especially when the input is heavily corrupted by noise. 

The corresponding loss function is expressed in Equation 3.5: 

ℒsimple = Et,x0,ϵ[|ϵ − ϵθ(xt, t)|2] (3.5) 

Here, xt is the noisy image at timestep t, and ϵθ is the networks prediction of the noise. 

This objective function is computationally efficient and empirically effective, and it forms the 

backbone of training in both standard and latent diffusion models like Stable Diffusion. 

To improve computational efficiency, Stable Diffusion operates in a latent space rather 

than directly on high-resolution pixel images. An encoder ℰ(x) compresses images into a lower-

dimensional latent space z, where the diffusion process occurs. The denoised outputs are then 

decoded back into image space using a decoder 𝒟(z), as defined in Equation 3.6: 

z = ℰ(x),  x′ = 𝒟(z) (3.6) 

This approach—known as Latent Diffusion—greatly reduces the memory footprint and 

computational cost, allowing for high-resolution image synthesis on modern GPUs without 

compromising visual quality. 
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Stable Diffusion further enhances these diffusion processes by integrating textual conditioning, 

enabling highly controllable text-to-image generation. By leveraging latent space embeddings, it 

translates descriptive prompts into coherent visual representations. Such control over generation 

significantly surpasses traditional GAN capabilities in terms of stability, realism, and adaptability 

to specialized tasks like levee defect synthesis. Subsequent sections (DreamBooth and ControlNet) 

will detail advanced methods built upon this diffusion-based foundation, demonstrating their 

efficacy in specialized geotechnical contexts. 

 

B. Dreambooth Fine-Tuning 

 

Automated levee inspection faces a critical challenge: limited training data for rare defects 

like rutting and sand boils. Training diffusion models from scratch is particularly challenging in 

such scenarios, as it requires massive datasets, extensive computational resources, and significant 

training time to achieve stable and realistic image generation. DreamBooth fine-tuning addresses 

this constraint by leveraging a pre-trained stable diffusion model to learn specific defect 

characteristics from minimal reference images (typically 10–15 per defect type). This approach 

leverages transfer learning principles by starting with a model already proficient in understanding 

general visual concepts—soil textures, vegetation patterns, and environmental conditions—and 

then guiding it to internalize the distinctive visual signatures of levee-specific anomalies. 

The process effectively embeds novel defect representations within the model's extensive 

latent space, preserving its foundational understanding of natural scenes while developing 

specialized capabilities for reproducing domain-specific features with high fidelity. This technique 

enables the creation of diverse, realistic training examples that would otherwise be impossible to 

collect through traditional field surveys. 

Fine-tuning diffusion models for specialized geological features requires a strategic 

approach. During this process, we provide carefully curated image sets depicting target concepts—

whether elongated depressions characteristic of rutting or circular mounds typical of sand boils. 

These images are paired with two types of textual prompts that serve distinct purposes. 

The model learns through both instance prompts and class prompts, each serving a different 

function. An instance prompt such as “a photo of [identifier] sand boil” connects to the specific 

new subject being taught. Here, the term “identifier” represents a unique token or special word 

(often a random string like “sks” or a descriptive term like “geological”) that helps the model 

distinguish this particular version of a sand boil from others in its training data. Meanwhile, class 

prompts like "a photo of a sand boil" maintain the link to broader data distributions and general 

understanding of the concept. This dual-prompt approach allows the model to recognize the 

specific features of interest while still placing them within the appropriate conceptual category. 

During fine-tuning, a technique known as prior preservation penalizes the model from 

deviating too far from its baseline understanding, creating a crucial balance between capturing 

unique defect features (specificity) while maintaining overall image realism (generality). This is 

particularly important when working with geological features, as they must appear natural and 

consistent with real-world observations despite limited training examples. Moreover, DreamBooth 

incorporates classifier-free guidance during the generation phase, blending unconditional and 

conditional noise predictions to improve alignment between the generated images and provided 

textual prompts. The scale is set up as 7.5 as the standard practice; however, it is adjustable 

between 5 and 15. This guidance mechanism is mathematically expressed in Equation 3.7: 
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ϵguided = (1 + w) ϵθ(xt, t, c) − w ϵθ(xt, t) (3.7) 

 

Here,  w represents the guidance scale, which controls prompt adherence strength, allowing 

generation to be highly aligned with textual descriptions without compromising diversity or 

realism.  

The technical implementation of DreamBooth fine-tuning utilizes conservative parameters 

due to the significant challenges associated with training diffusion models from scratch, including 

massive dataset requirements, extensive computational resources, and prolonged training times. 

Instead, fine-tuning was performed starting from a pretrained Stable Diffusion v1.5 model already 

proficient in general visual concepts. To effectively specialize the model for generating levee 

defect images, minimal instance-specific images (typically 10–15 per defect type) were paired 

with approximately 10–12 times as many generalized class images, thereby preserving broader 

visual knowledge and preventing overfitting. All images were standardized to a 512×512-pixel 

resolution for consistent model input. Training involved approximately 80 iterations per instance 

image (800–3200 total steps), using a low learning rate (1e−6) to minimize drastic parameter shifts, 

coupled with a learning-rate warmup phase (10% of total steps) to ensure training stability. Small 

batch sizes, typically one image per step, further helped mitigate overfitting. The Adam optimizer 

with 8-bit precision and mixed-precision training (FP16) was utilized to optimize computational 

efficiency on an NVIDIA A100 GPU using standard diffusion-model libraries including PyTorch, 

Diffusers, Accelerate, and xFormers — the latter providing efficient attention mechanisms and 

memory optimizations for large-scale transformer models. 

During inference, the deterministic Denoising Diffusion Implicit Models (DDIM) were 

specifically chosen over the stochastic Denoising Diffusion Probabilistic Models (DDPM) to 

significantly reduce the computational load. DDPM sampling requires extensive iterative 

denoising steps, as defined in Equation 3.8: 

 

pθ( xt−1 ∣∣ xt ) = 𝒩(xt−1; μθ(xt, t), Σθ(xt, t)) (3.8) 

 

where xt is the noisy image at timestep t, and μθ, Σθ represent the mean and variance 

predicted by the neural network. Due to its stochastic nature, DDPM sampling typically involves 

hundreds to thousands of steps, making it computationally demanding. 

Conversely, DDIM sampling is deterministic and efficiently approximates the original data 

distribution using significantly fewer inference steps (25–50), as defined in Equation 3.9: 

 

xt−1 =
√αt−1

√αt

(xt −
1 − αt

√αt

⋅ ϵθ(xt, t)) + √1 − αt−1 ⋅ ϵθ(xt, t) 

(3.9) 

 

Here,  αt and  αt−1 control the noise schedule at respective timesteps, and ϵθ(xt, t) is the 

predicted noise. The deterministic nature of DDIM thus enables efficient and rapid generation of 

coherent and high-quality synthetic defect images. Generation was further guided by carefully 

crafted textual prompts—including both instance-specific and broader class descriptors—and 

explicit negative prompts ("blurred," "low-resolution") to minimize undesirable artifacts. Prior 

preservation maintained a balance between defect-specific features and realism. The experimental 

setup for DreamBooth fine-tuning parameters is summarized in Table 1. 
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Table 3.1: Summary of DreamBooth Fine-Tuning Configuration and Parameters 

Parameter Setting 

Base Model Stable Diffusion v1.5 (Pretrained) 

Instance Images 10 – 15 per defect type 

Class Images 10 – 12x instance images 

Resolution 512 × 512 pixels 

Training Steps ~80 × instance images (800–3200) 

Learning Rate 1 × 10−6                                                 
Optimizer 8-bit Adam 

Sampling Method DDIM (25–50 inference steps) 

Precision Mixed (FP16) 

Hardware NVIDIA A100 GPU (80GB) 

 

This measured approach results in a fine-tuned diffusion model capable of synthesizing 

new images that remain coherent—often with natural variations in soil type, lighting, or 

environmental details—while accurately reproducing the distinctive characteristics observed in the 

limited training examples. For geological applications, this means creating diverse yet accurate 

representations of features like sand boils or rutting that can supplement limited field observations 

or enhance training datasets for automated detection systems. The flowchart for the high-fidelity 

image synthesis pipeline is presented in Figure 3.5, illustrating the overall DreamBooth fine-tuning 

process alongside segmentation model training and ensembling strategies, which are discussed in 

subsequent sections. 
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C. ControlNet for Structure-Guided Generation 

 

Despite the advantages of DreamBooth in learning specialized features from limited 

images, text prompts alone can sometimes prove insufficient for controlling the spatial layout of 

generated scenes. This shortcoming becomes especially relevant in geotechnical contexts, where 

capturing the precise shape or structure of a defect—such as the curved contour of a sand boil or 

the elongated edges of a rut—is critical. 

ControlNet addresses this gap by enabling structure-guided image generation, allowing 

users to provide additional visual cues, such as edge maps, along with refined textual inputs 

(positive and negative prompts). Positive prompts explicitly describe desired features (e.g., "levee 

rutting, high stress, cloudy sky"), guiding the model toward generating contextually accurate 

images, while negative prompts (e.g., "blurry, pixelated, low-resolution") discourage undesirable 

attributes, thereby improving image quality and realism. Through this combined textual-visual 

guidance, the model achieves stronger geometric fidelity and precise aesthetic control, translating 

into more accurate renditions of domain-specific forms. Unlike traditional diffusion models 

relying solely on text conditioning, ControlNet integrates visual structural information directly 

into the generative process, making it particularly valuable for engineering applications where 

geometric and visual accuracy are paramount. 

 

 
 

Figure 3.6: Illustration of the ControlNet image generation pipeline combining textual (positive 

and negative prompts) and visual (edge map) guidance to produce realistic, structurally accurate 

images of levee rutting. 

 

 

Figure 3.6 illustrates the integration of these textual and visual cues into the ControlNet 

generation pipeline. A user-provided textual prompt specifies the overall appearance and 
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conditions desired in the generated scene, while an auxiliary structural input, such as a Canny edge 

map derived from reference images, explicitly encodes critical geometric outlines. In the case of 

rutting defects, edge maps highlight the distinctive linear contours of depressions, while prompts 

help ensure accurate soil texture and environmental conditions. The model then jointly processes 

these cues, combining visual structure and textual descriptions within a pretrained diffusion 

framework to yield coherent, structurally faithful synthetic images. 

The underlying principle of ControlNet involves augmenting a standard diffusion process 

with these auxiliary inputs that represent desired structural constraints. By conditioning the 

diffusion model on explicit visual features and carefully curated text prompts, ControlNet 

effectively "locks in" the fundamental geometry and aesthetic attributes of the generated images. 

The architecture achieves this dual-level control by introducing trainable copy layers within the 

underlying U-Net backbone, allowing structural and textual information to seamlessly combine 

during generation. 

Implementing ControlNet within the stable diffusion framework requires modest 

alterations to the standard pipeline. Users load both a pretrained base diffusion model and the 

specialized ControlNet model designed to handle structural guidance. At inference, carefully 

selected textual prompts describing desired and undesired image attributes are paired with 

structural inputs such as edge-detected images, typically produced using techniques like Canny 

edge detection. Hyperparameters including inference steps, guidance scales, and negative prompts 

offer further control over visual fidelity and detail. 

For rutting and sand boil data augmentation specifically, this approach ensures preservation 

of distinctive defect shapes while allowing diverse visual variations, significantly reducing 

unrealistic artifacts. Practically, this method generates multiple realistic renditions of the same 

structural defect under varying environmental and soil conditions, greatly enhancing dataset 

diversity without compromising geometric fidelity. Maintaining shape accuracy is critical for 

segmentation tasks that depend heavily on precise pixel-level boundaries. ControlNet's capacity to 

integrate multiple modalities of guidance—both textual and structural—thus substantially 

strengthens the reliability and realism of generated defect imagery, ultimately bolstering the 

accuracy and performance of automated levee defect detection systems.  

 

3.4 Data Annotation and Pre-Processing 
 

Accurate pixel-level annotations are critical for semantic segmentation models, as they 

define the ground truth boundaries of rutting and sand boil features. Following best practices in 

computer vision research—akin to methods used for fault detection [47], we used the VGG Image 

Annotator (VIA) to mark rut boundaries and sand boils. Given the irregular, elongated nature of 

ruts, polygon tools were employed for careful boundary tracking, while ellipse tools were 

employed for sand boils due to its round appearance. Each market rut was cross verified to ensure 

it accurately encompassed the depressed region without intruding into adjacent non-rutted 

surfaces. Figure 3.7 illustrates examples from the synthetically generated dataset, showcasing 

annotated rutting and sand boil defects across diverse backgrounds. Following annotation, we 

exported the data in JSON format which contained the precise coordinate information of all 

marked rut and sand boil regions. We then developed a custom Python script to process this JSON 

file, extracting the polygon and ellipse coordinate data to generate corresponding binary masks. 
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(a) 

 

(b) 
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(c) 

 

(d) 
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Figure 3.7: Annotated synthetic dataset samples, with (a), (b) showing rutting and (c), (d) depicting 

sand boils. Each set includes the original image, ground truth, and an overlaid segmentation mask, 

illustrating fault variations across different backgrounds. 

 

Building upon these annotated masks, we segregated 20% of the images and their 

corresponding masks to form an independent test set, ensuring the model evaluation remains 

unbiased. The remaining corpus, however, was still limited for deep learning purposes, risking 

overfitting—a typical challenge when datasets are small. To address this, we adopted a 

comprehensive data augmentation strategy, drawing on proven techniques from similar fault-

detection studies.  

In total, 30 distinct augmentation methods were selected, spanning geometric (e.g., 

rotations, flipping, elastic transforms), spatial (e.g., optical and grid distortions), pixel-level (e.g., 

noise injection, superpixel and dropping pixel techniques), channel transformation such as Channel 

Shuffle and Contrast Limited Histogram Equalization (CLAHE), and filter-based manipulations 

(e.g., blur or sharpening). This multilayered approach expands both the dimensionality and 

variability of the training set, thereby improving the model’s capacity to generalize under diverse 

real-world conditions. Crucially, transformations that altered the spatial layout—such as flips or 

elastic deformations—were also applied to the masks to preserve alignment, whereas purely color-

related transformations were restricted to the images alone. Certain techniques (e.g., random 

cropping, padding, and simulated snow) were excluded upon closer inspection, as they proved 

detrimental to highlighting the subtle boundaries of rutting and sand boil defects. 

After finalizing the augmentation pipeline, the augmented data was further partitioned into 

70% for training and 30% for validation, maintaining a common seed for reproducibility. 

Additionally, each image was resized to 512 × 512 and scaled to the [0,1] range by dividing pixel 

intensities by 255. These preprocessing steps not only ensure consistency and compatibility with 

standard deep learning architectures but also bolster the model’s overall performance. By 

systematically combining high-fidelity annotations, targeted data augmentation, and careful 

dataset partitioning, we significantly increased both the volume and diversity of the training 

samples—ultimately laying a robust foundation for accurate segmentation of rutting and sand boil 

regions. 

To further enhance the model’s generalization ability and minimize false positives, the 

training process incorporated a dedicated phase using negative images—scenes that contain no 

visible levee defects. These included clean terrains such as grassy levee tops, undisturbed 

embankments, and water channels without anomalies. After initial training on annotated defect 

regions, the model was subsequently trained using these negative examples, enabling it to better 

differentiate between faulty and non-faulty areas. This two-stage training approach allowed the 

model to build a stronger contrastive understanding, significantly improving its ability to reject 

false detections during inference and ensuring greater robustness in real-world deployment 

scenarios. 

3.5 Automated Convex Hull-Based Annotation 
 

Accurate annotation of defect images, especially those generated through sophisticated 

generative models such as DreamBooth and ControlNet, remains essential yet often labor-

intensive and arduous task for semantic segmentation workflows. To streamline and automate this 
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crucial process, an Automated Convex Hull-Based Annotation pipeline was developed. This 

method leverages computational geometry—specifically, the convex hull algorithm—to 

systematically and precisely generate segmentation masks, significantly accelerating dataset 

preparation and reducing manual labeling efforts while preserving annotation consistency and 

precision. 

 

Figure 3.8: Illustration of the Convex Hull Algorithm applied to a finite set of points. The convex 

hull (highlighted in red) represents the smallest convex polygon encompassing all given points. 

In image segmentation, this concept is leveraged to automatically generate precise annotations 

by identifying and encapsulating the spatial extent of defect regions. 

 

At its core, the convex hull algorithm mathematically computes the smallest convex 

polygon encompassing a finite set of points in two-dimensional space. The practical utility of this 

approach in image segmentation is evident, as it enables automated annotation by encapsulating 

the spatial extent of detected defects within a minimal enclosing boundary, as depicted in Figure 

3.8. Formally, given a set of points P = {p1, p2, . . . , pn}, the convex hull H is defined as the set of 

all convex combinations of these points here in Equation 3.10: 

 

H = { ∑ αipi
n
i=1 ∣∣ (∀i: αi ≥ 0), ∑ αi

n
i=1 = 1 } (3.10) 

 

This means any point inside the convex hull is a weighted average of the original points, 

where all weights αi are non-negative and sum to 1. Geometrically, this ensures that the 

constructed polygon tightly wraps around the outermost points without concavities or internal 

holes. In the context of image segmentation, especially for defect detection using models like 

SandBoilNet, each predicted defect region in a binary mask corresponds to a discrete set of pixel 

coordinates. By treating these pixels as the point set P, the convex hull algorithm computes a 

minimal enclosing polygon that represents the outer boundary of each detected anomaly. 

This formulation ensures that the annotated mask encloses the full spatial extent of the 

defect while eliminating noisy, fragmented edges. Moreover, since the convex hull includes all 

convex combinations of the detected pixel locations, the resulting polygon is mathematically 

guaranteed to be both tight and complete—capturing the anomaly boundary with minimal 

overreach. This not only improves annotation precision but also enhances consistency and 

efficiency for downstream tasks like training semantic segmentation networks. 
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Figure 3.9: Manual adjustment of convex hull annotations using the VGG Image Annotator (VIA). 

From left to right: (a) the original synthetic image showing a sand boil defect, (b) convex hull-based 

auto-annotation visualized as a red polygon, and (c) human refinement by dragging the polygon points 

for precise defect boundary alignment. 

 

Practically, the annotation pipeline initiates by leveraging pretrained semantic 

segmentation models to generate preliminary masks for synthetic images. These masks undergo 

adaptive thresholding to produce binary representations of the segmented anomalies. Connected 

component labeling then identifies discrete defect regions, which are individually assessed based 

on area (thresholded at 100 pixels) to filter out insignificant artifacts. For each validated region, 

the convex hull is computed using efficient image processing routines (convex_hull_image) 

provided by the ‘skimage’ library [57]. Contours are subsequently extracted via OpenCV’s contour 

detection (cv2.findContours) function, delivering pixel-level polygon boundaries precisely 

outlining the defects. 

Once polygon coordinates are established, annotations are visually validated by overlaying 

distinctively colored convex hull boundaries onto the original synthetic RGB images. Furthermore, 

the polygon coordinates are serialized into structured JSON files compatible with standard 

annotation tools (e.g., VGG Image Annotator). These generated JSON annotations facilitate rapid, 

manual quality checks and minor adjustments within interactive annotation tools, ensuring 

flexibility and accuracy validation without re-annotating images from scratch. This semi-

automated workflow significantly reduces annotation time while retaining human oversight for 

critical corrections. As shown in Figure 3.9, various examples of sand boil anomalies are 

automatically enclosed using the convex hull polygon, which users can manually edit by dragging 

control points to better align with the ground truth. 
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3.6 Baseline and Existing Models 
 

This section outlines the baseline and existing segmentation models explored in this study, 

with a primary focus on partial fine-tuning using the ResNet50V2 architecture. Given the limited 

availability of annotated training data for levee defect segmentation—especially for rare faults like 

rutting and sand boils—this research adopts a transfer learning strategy that leverages the 

representational power of a pretrained ResNet50V2 backbone, originally trained on the large-scale 

ImageNet dataset. This approach enables controlled feature extraction and selectively generates 

feature maps most relevant to the fault segmentation domain, thereby enhancing performance. 

The proposed baseline architecture utilizes a partial fine-tuning approach, wherein the early 

layers of the pretrained ResNet50V2 model are frozen and used purely for feature extraction, while 

the last 48 layers, including the bottleneck block, are fine-tuned on the domain-specific dataset. 

While originally built for classification tasks and not having a decoder on its own, this strategy 

selectively updates specific layers of a pre-trained ResNet50v2 architecture, retaining 

generalizable low and mid-level visual features learned from extensive datasets such as ImageNet. 

The rationale behind this design stems from the role of initial layers as fixed feature extractors in 

learning general-purpose low-level features (e.g., edges, textures, and corners), which are largely 

transferable across domains preserving valuable generic information. In contrast, the deeper layers 

at and beyond the bottleneck encode more task-specific semantic features and are thus adapted to 

the nuanced visual characteristics during fine-tuning to specialize in levee fault detection. 

To preserve the spatial information necessary for pixel-level segmentation, the architecture 

adopts an encoder-decoder format, similar to the U-Net framework. Establishing a baseline model 

is crucial, as it provides a standardized benchmark for objectively evaluating improvements 

offered by more advanced architectures. Direct skip connections are employed from early encoder 

blocks to corresponding decoder layers, facilitating the transfer of fine-grained spatial details. This 

architectural design enables accurate delineation of subtle levee anomalies, such as thin rutting 

lines or irregular sand boils, particularly in challenging environmental textures. A schematic 

overview of this encoder-decoder architecture with integrated ResNet50V2 layers is shown in 

Figure 3.10 and Figure 3.11. The baseline model incorporates skip connections that merge detailed 

low-level encoder features with corresponding decoder stages, thereby preserving the fine spatial 

information essential for accurate segmentation. 

The implementation of targeted partial fine-tuning also involves careful consideration of 

optimization stability, effectively mitigating overfitting risks posed by limited training datasets 

and ensuring robust adaptation to the levee domain. A low learning rate is used to prevent abrupt 

changes in pretrained representations, and batch normalization layers are frozen to preserve 

internal normalization statistics from the source domain (ImageNet). This is essential because the 

domain shift from ImageNet to geotechnical imagery can lead to inconsistent normalization 

behavior if these layers are retrained. Consequently, freezing batch normalization layers during 

fine-tuning helps retain generalization capacity while avoiding overfitting, especially when 

training on small datasets. 
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Establishing this baseline is methodologically important, as it offers a consistent benchmark 

against which the performance of more advanced models can be both quantitatively and 

qualitatively compared. To build upon this foundation, several state-of-the-art segmentation 

models were explored with the objective of enhancing generalization performance in levee defect 

detection. Among them, MultiResUNet was considered for its ability to handle scale variance 

through multi-resolution residual blocks. Attention U-Net was incorporated for its integration of 

attention gates, which help emphasize spatially relevant features during decoding. U-Net++, 

known for its densely connected skip pathways, was also evaluated for its capacity to enhance 

feature reusability and improve segmentation precision across complex textures. 

These architectures were selected based on their demonstrated success in related tasks, such 

as crack detection and seepage mapping in civil infrastructure monitoring. Furthermore, design 

choices and hyperparameters were informed by previous work on sand boil segmentation, ensuring 

domain relevance. Collectively, by combining partial fine-tuning strategies with carefully chosen 

model architectures and grounding improvements in a reliable baseline, this research constructs a 

progressive performance pipeline tailored to the challenges of automated levee fault monitoring. 
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The SandBoilNet architecture employed in this study is designed to handle the complexity 

and variability inherent in the task of sand boil segmentation. Built upon a resilient encoder-

decoder framework, the model is augmented with PCAI (Principal Component Analysis-based 

Channel-Spatial Attention with Inception) Skip Connection Blocks, strategically positioned to 

reinforce the feature propagation between corresponding encoder and decoder layers. These blocks 

serve a dual purpose: first, by applying PCA-based dimensionality reduction, they eliminate 

redundant or noisy feature dimensions, leading to a more compact and discriminative 

representation; second, by embedding channel-spatial attention mechanisms, they enable the 

model to emphasize critical spatial locations and feature channels associated with sand boil 

characteristics. This guided attention is particularly beneficial for enhancing the network’s 

sensitivity to small, irregularly shaped, or low-contrast sand boils, which might otherwise be 

suppressed or diluted in conventional skip connection pathways. 

The model's internal inception-inspired modules further improve feature representation by 

capturing multi-scale context through parallel convolutional operations. These modules enable the 

network to learn both fine and coarse details simultaneously, facilitating more accurate 

segmentation across diverse scenarios—whether the sand boils are partially occluded, embedded 

in noisy textures, or appear in varying shapes and scales. The decoder progressively reconstructs 

spatial resolution by fusing semantically rich, attention-weighted features from deeper layers with 

refined details preserved in the skip pathways. 

A key distinction in this work lies in the training strategy, which utilizes a hybrid dataset 

composed of both real sand boil imagery and a large collection of synthetically generated samples. 

The synthetic data was created to mirror real-world variation in background, lighting, texture, and 

environmental context, ensuring that the model is exposed to a wide range of visual patterns. This 

synthetic-real fusion is further enhanced through a comprehensive set of augmentation techniques 

(detailed previously), which simulate real-world distortions and scene variability. This approach 

not only addresses the limitations posed by the relatively small number of annotated real samples 

but also ensures that the model generalizes effectively across different field conditions. 

By combining multi-scale representation, PCA-augmented attention, and a diverse, hybrid 

training dataset, the SandBoilNet model achieves strong segmentation performance in visually 

complex levee environments. Its architecture and data-driven training methodology together 

contribute to improved fault localization accuracy, offering a scalable and reliable solution for 

automated levee health monitoring. 

 

3.7 Metrics and Loss Functions 
 

The accurate segmentation and localization of levee faults are critical for effective 

infrastructure monitoring and preventive maintenance. The performance of deep learning-based 

semantic segmentation models, particularly in specialized applications such as rut and sand boil 

detection, heavily relies on the careful selection of appropriate evaluation metrics and loss 

functions. Due to the subtle nature and irregular geometry of rutting defects, relying solely on basic 

pixel accuracy is insufficient and can misrepresent a model's true segmentation capability, 

especially in imbalanced datasets where defect pixels constitute a very small portion compared to 

background pixels. 

Therefore, multiple metrics were employed to comprehensively assess the models' 

effectiveness in precisely identifying and delineating rutting regions. Among these, the 
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Intersection over Union (IoU) and the Dice Coefficient (DC) stand out as particularly suitable, as 

both provide insights into the spatial congruence between predicted and ground truth segmentation 

masks. The IoU, defined in Equation 3.11, measures the overlap between predicted and ground 

truth pixels, effectively quantifying how accurately the model captures the precise boundaries of 

rutting. Meanwhile, the Dice Coefficient, defined in Equation 3.12, offers a complementary 

evaluation, calculating the harmonic mean of precision and recall, and providing balanced insight 

into the model's accuracy and sensitivity toward defect segmentation. 

IoU =
Ypredicted  ∩ Ygt

Ypredicted  ∪ Ygt
 

(3.11) 

Dice Coefficient (DC) =  
2 · |Ypredicted ∩ Ygt|

|Ypredicted| + |Ygt|
 

(3.12) 

However, given the significant class imbalance in levee rutting and sand boils data—

characterized by a considerably higher proportion of background pixels relative to defect pixels—

standard evaluation metrics alone might not fully capture the model’s performance. To address 

this challenge, Balanced Accuracy (BA) was also utilized, as it equally considers sensitivity (true 

positive rate) and specificity (true negative rate) , as defined in Equations 3.13 – 3.15. Balanced 

accuracy provides a more representative measure of the segmentation model’s ability to correctly 

classify both defect and background regions. 

Balanced Accuracy (BA) =  
Sensitivity + Specificity

2
 

(3.13) 

Sensitivity or True Positive Rate (TPR) =  
TP

TP + FN
 

(3.14) 

Specificity or True Negative Rate (TNR) =  
TN

TN + FP
 

(3.15) 

Macro F1 Score (MaF1) =  
2 · Precision · Reccall

Precision + Recall
 

(3.16) 

BCE Loss =  − (Ygt · log(Yp) + (1 − Ygt) · log(1 − Yp) (3.17) 

Dice Loss = (1 − DC) (3.18) 

BCE Dice Loss =  θ1 · BCE Loss +  θ2 · Dice Loss (3.19) 

 

Therefore, composite loss functions, such as the BCE-Dice Loss, were explored to enhance 

training efficacy. This combined loss function integrates Binary Cross Entropy (BCE) Loss and 

Dice Loss, as defined in Equations 3.17 and 3.18, thereby simultaneously encouraging accurate 

pixel-level classifications and promoting overlap similarity. The weighted combination of these 

two loss components, as expressed in Equation 3.19, effectively balances the optimization process 

by addressing both precise boundary delineation and overall region segmentation. In addition to 

loss-based evaluation, Micro and Macro F1 scores were used to assess segmentation performance 

from both localized and overall perspectives. Micro F1 calculates precision and recall per 

instance—similar to the Dice coefficient on an image-wise basis—before averaging across the 

dataset. In contrast, the Macro F1 Score, defined in Equation 3.16, provides a class-agnostic 

average of precision and recall over the entire test set, offering a more holistic measure of model 

performance in imbalanced scenarios. 

In the above equations, Ypredicted and Ygt denote the predicted and ground-truth pixel sets, 

while TP, FP, TN, and FN represent the respective counts of true-positive, false-positive, true-

negative, and false-negative pixels. The variable Yp corresponds to the predicted probability for 
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the rutting and sand boil class. In Equation 3.19, θ1 = 0.5 and θ2 = 0.5 are the weights for BCE 

and Dice losses. Collectively, the strategic use of these metrics and loss functions ensures robust 

evaluation and effective optimization of segmentation models. By addressing the distinctive 

challenges of levee defects segmentation—particularly class imbalance and subtle defect 

visibility—this comprehensive evaluation framework enhances model performance and reliability, 

ultimately providing meaningful insights for improved levee maintenance strategies. 

3.8 Experimental Setup 
 

 The segmentation models for levee rutting and sand boils were implemented using the 

Keras deep learning framework [53], a user-friendly and high-level neural network API, integrated 

within the TensorFlow ecosystem. To leverage modern computing capabilities, model training was 

conducted on four of NVIDIA’s A100 80GB GPUs, taking advantage of their high-speed parallel 

processing and optimized tensor operations. To ensure efficient and consistent training across 

multiple devices, a distributed training approach was employed using TensorFlow’s 

MirroredStrategy. This strategy enables synchronous training by replicating the model across 

multiple GPUs, where gradients are averaged, and variables are updated in lockstep, maintaining 

uniform learning across all replicas. By utilizing MirroredStrategy, training efficiency was 

significantly improved, and larger batch sizes were accommodated without sacrificing model 

performance. 

 To maintain consistency in weight initialization and ensure fair comparisons across 

different architectures, all convolutional layers were initialized using the He initialization method. 

He initialization is designed explicitly for layers utilizing rectified linear unit (ReLU) activations, 

ensuring optimal variance preservation across network layers and facilitating faster convergence 

during training. By initializing the network weights from a carefully scaled random distribution, 

the He initialization mitigates problems such as vanishing or exploding gradients, which are 

common in deep neural networks. Furthermore, applying a fixed random seed ensured uniformity 

across the initial network states and guaranteed identical compositions of training and validation 

datasets across experimental runs. This approach minimized variability stemming from random 

weight assignments and dataset partitioning, thus significantly enhancing the reproducibility and 

comparability of experimental results. 

 All segmentation models were trained for a maximum of 200 epochs, employing a batch 

size of 32 and an initial learning rate of 4e-4. To further reduce the risk of overfitting and promote 

stable model training, an early stopping criterion was integrated, terminating training when the 

validation loss showed no improvement over eight consecutive epochs. Additionally, a learning 

rate scheduler was activated when validation loss plateaued, applying a decay factor of 0.06 every 

six epochs to refine model optimization and encourage convergence progressively. 

 Throughout training, both computational efficiency and inference performance were 

closely monitored. Training and inference durations were systematically recorded, enabling an 

objective comparison of computational requirements across different model configurations. 

Ultimately, the best-performing model was identified and selected based on achieving the highest 

Dice Coefficient (DC) on the validation set, prioritizing accurate delineation of rutting and sand 

boil defects. This checkpointed model was retained and subsequently evaluated on an independent 

test set, ensuring that reported results reliably reflected the model's generalization capabilities in 

realistic, unseen scenarios. 
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Chapter 4: Ensemble Learning and Deployment 
 

 

4.1 Ensemble Learning for Enhanced Segmentation 
 

Segmentation accuracy in levee fault detection can significantly benefit from combining 

predictions of multiple deep learning models—a practice known as ensemble learning. Individual 

models often exhibit unique strengths and limitations due to differences in architecture, training 

dynamics, and learned feature representations. By strategically aggregating the outputs of several 

segmentation models, ensemble methods aim to capitalize on the collective predictive power of 

these diverse architectures, mitigating overfitting, individual weaknesses, and increasing overall 

prediction reliability and accuracy. 

In this research, multiple prominent U-Net-based architectures—including the standard U-

Net, MultiResUNet, Attention U-Net, Nested U-Net (U-Net++), and our specifically designed 

RuttingNet—were employed as backbone models for the ensemble. Each of these architectures 

independently generates segmentation masks, capturing varying levels of spatial detail and 

emphasizing different aspects of rutting features.  

To integrate the outputs of multiple segmentation models, various ensemble strategies were 

explored. Majority voting assigns the final class label to each pixel based on the most frequent 

prediction among models, effectively reducing outlier effects and enhancing segmentation 

reliability. Weighted averaging, on the other hand, refines this process by assigning different 

importance levels to each model's prediction, with higher weights given to models demonstrating 

superior performance on validation data. This ensures that the most reliable models contribute 

more significantly to the final segmentation. Median stacking further enhances robustness by 

selecting the median probability value for each pixel, mitigating the influence of extreme outlier 

predictions. Additionally, geometric mean stacking incorporates a multiplicative fusion of 

predicted probabilities, reinforcing agreement among models and downplaying inconsistent 

outputs. 

Beyond direct prediction aggregation, this study also employs feature soup, a technique 

that blends intermediate feature representations from different models before passing them through 

a shared decoder. This method allows the model to harness diverse learned feature representations, 

enriching the segmentation process by capturing more nuanced spatial and textural details. 

Furthermore, bagging (bootstrap aggregating) was utilized to train multiple models on different 

randomly sampled subsets of the training data, ensuring better generalization by exposing models 

to varied distributions. By systematically evaluating these ensemble techniques—ranging from 

simpler voting methods to advanced stacking and feature-level blending strategies—this study 

comprehensively explored methods for maximizing segmentation accuracy and robustness against 

variations in lighting, surface textures, and environmental conditions. 

The ensemble strategy implemented in this research is illustrated conceptually in Figure 

4.1, highlighting the input flow through backbone models, the employed ensemble aggregation 

techniques, and the final enhanced segmentation output. By clearly understanding and harnessing 

these ensemble techniques, the presented methodology significantly advances the effectiveness of 

automated levee monitoring systems, ensuring reliable, accurate, and practically robust rutting 

segmentation performance. 
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Employing ensemble methods allowed the aggregation of diverse strengths across multiple 

segmentation architectures, resulting in predictions that were consistently superior to any single 

model’s outputs. The final selected ensemble strategy represents an optimal balance of 

computational efficiency, accuracy, and practical applicability for real-world levee rutting 

inspection tasks. 

In addition to the ensemble strategies outlined above, weighted average stacking with 

thresholding emerged as the most effective method in this study for post-ensemble mask 

refinement. After computing a weighted average of the probability maps generated by each 

model—based on their individual performance on validation data—a fixed threshold of 0.5 was 

applied to convert the soft ensemble outputs into binary segmentation masks. This two-step 

approach not only ensured that higher-confidence predictions were more influential in the final 

mask but also enabled fine-tuning of the segmentation boundary sharpness through threshold 

optimization. The use of thresholding following weighted averaging allowed for a calibrated 

control over sensitivity and specificity, reducing false positives while preserving critical rutting 

features. Empirical evaluation demonstrated that this method consistently outperformed other 

fusion strategies in terms of Intersection over Union (IoU) and Dice coefficient, especially under 

varying lighting and surface texture conditions. As such, weighted averaging with thresholding 

was adopted as the preferred ensemble method due to its superior performance, interpretability, 

and ease of implementation within real-time levee inspection pipelines. 

 

4.2 WebApp Deployment for Defect Segmentation 
 

Effective deployment of AI-driven segmentation models is crucial for translating research 

outcomes into practical tools for levee inspection. A real-time web-based application was 

developed using the Streamlit framework as shown in Figure 4.2, which offers an interactive and 

accessible user interface for field inspectors and decision-makers. This deployment integrates 

multiple advanced functionalities, including model inference, image preprocessing, thresholding, 

overlap resolution, and visual post-processing, ensuring efficient visualization and analysis of 

levee defects like sand boils, seepage, rutting, cracks, potholes, and vegetation encroachment. 

To achieve robust and responsive performance, TensorFlow and Keras models were 

integrated into the Streamlit app, which can be inferred on any personal computer without needing 

any heavy GPUs for acceleration. The system adopts dynamic GPU memory management by 

enabling memory growth, which helps efficiently allocate and free GPU resources during 

inference—crucial for maintaining real-time responsiveness when processing large video streams 

or batches of high-resolution images. 

To further optimize user experience and app responsiveness, the web application adopts 

lazy loading and caching mechanisms. Lazy loading ensures that heavy operations—such as model 

loading and preprocessing—are only executed when explicitly required. This approach 

significantly reduces initial page load time, particularly when multiple models are available for 

selection. Additionally, Streamlit's “@st.cache_resource” and “@st.cache_data” decorators are 

used to store model weights and preprocessed image results, preventing redundant re-computations 

and enabling near-instantaneous response for previously seen inputs. Together, these optimizations 

enhance the app’s scalability and performance, especially during iterative testing or high-

frequency inspections in the field. 



 41 

The application supports both single-image analysis and video-based processing. Upon 

uploading an image or video file, the app preprocesses the input according to model-specific 

requirements. This preprocessing pipeline involves resizing images to a consistent input dimension 

512×512 pixels, followed by customizable preprocessing such as brightness and contrast 

adjustments, Gaussian blurring, and optional edge detection using the Canny algorithm. Additional 

augmentations such as image rotation, horizontal or vertical flipping, and resolution scaling can 

be interactively controlled via the Streamlit interface, providing flexibility to field inspectors who 

often deal with varied environmental conditions and image quality. 

Inference within the web application utilizes multiple segmentation models, each trained 

specifically for identifying particular defects. Users select the defect types through a dynamic 

sidebar interface. Predictions generated by the models produce initial probability masks, which are 

then refined through a thresholding mechanism to create binary masks clearly delineating defect 

boundaries. Three thresholding methods are available: a manual threshold (user-defined), Otsu's 

automatic thresholding, and percentile-based adaptive thresholding. Otsu’s method provides 

automated thresholding optimized by minimizing intra-class variance, whereas percentile-based 

methods dynamically adjust thresholds according to statistical distribution of prediction scores, 

ideal for varied defect types and uncertain lighting conditions. 

A crucial aspect of real-world segmentation tasks is handling overlapping or adjacent 

detections. This app employs several post-processing strategies to resolve such conflicts with 

precision: 

• Non-Maximum Suppression (NMS): Bounding box-based visualization was further refined 

using the Non-Maximum Suppression (NMS) algorithm [58], which is designed to reduce 

overlapping predictions by retaining only the most confident bounding box in a cluster of 

nearby detections. Without NMS, as shown in Figure 4.3, multiple overlapping boxes 

appear around small rutting defects, leading to visual clutter and ambiguity. In contrast, 

Figure 4.4 illustrates how NMS effectively suppresses redundant detections in seepage 

segmentation, resulting in cleaner and more interpretable bounding box outputs. This 

enhancement improves visual clarity and supports efficient, field-friendly inspection 

workflows. 

• Confidence Thresholding and Distance Control: Binary masks generated from probabilistic 

outputs are filtered using confidence scores to retain only the most reliable and accurate 

detections. To manage cases where different defect regions appear close to one another, 

morphological dilation is applied to establish proximity zones around each defect. If two 

masks fall within a configurable distance threshold, the system identifies them as 

potentially overlapping, enabling automatic suppression of redundant or conflicting 

segmentations. This mechanism reduces misclassification and ensures clear separation 

between nearby fault regions, improving the precision of the overall segmentation output, 

as visually demonstrated in Figure 4.6. 

These combined techniques ensure clear, non-redundant delineation of complex coexisting 

defects, reducing false positives, significantly improving interpretability, and practical utility in 

levee assessments. 

Visual post-processing further improves the interpretability of model predictions. The app 

supports two primary visualization methods: transparent overlays and bounding-box annotations. 

Transparent overlays apply distinct colors to each defect mask with adjustable transparency to 
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clearly visualize the defect locations and boundaries. Bounding boxes simplify defect 

interpretation, particularly for quick visual scans or when precise pixel-level details are less 

critical. Each defect type is color-coded—green for sand boils, pink for seepage, blue for cracks, 

and so forth—enhancing quick defect recognition. 

For video inputs, real-time processing was implemented to support continuous frame-by-

frame analysis with adjustable playback speed, ensuring efficient monitoring. Users can define the 

starting point within the video, with the application dynamically managing inference timing to 

sustain smooth and coherent real-time visualization. The processed frames are stored temporarily, 

compiled into a downloadable video file upon completion, enabling subsequent review or detailed 

inspections by engineers. 

To complement these capabilities, we also integrated a lightweight active‐learning 

feedback loop directly into the web app. After the model produces its initial defect masks, users 

can enter a “Human-in-the-Loop Re-annotation” mode in which they correct or refine mask 

boundaries via an interactive Streamlit canvas. All user edits are captured as timestamped JSON 

entries (defect type + polygon coordinates), producing a curated set of expert‐labeled failure cases. 

These annotations can then be ingested into an offline retraining pipeline—scheduled nightly or 

weekly—to iteratively improve the ensemble segmentation models without burdening the real-

time UI with on-the-fly training. This design shown in Figure 4.5 ensures continuous model 

refinement informed by actual field corrections, striking a balance between responsiveness in 

deployment and quality gains from active-learning. 

The entire web-based framework was developed to be interactive, intuitive, and accessible 

without advanced technical knowledge, bridging the gap between AI-driven analytics and practical 

levee inspection. This comprehensive system significantly accelerates defect identification, 

enhances precision through visual and algorithmic refinement, and provides an intuitive, scalable 

solution suitable for field deployment in diverse environments. 
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Figure 4.2: Sand Boil Detection Interface in the Levee Fault Detection WebApp with Overlay and Mask 

Visualization. The sidebar enables users to select defect types, choose between overlay or bounding box 

visualization, and adjust thresholding and preprocessing parameters such as brightness, contrast, blur, and 

resolution scaling—allowing flexible, real-time customization to enhance segmentation accuracy under 

diverse field conditions. 
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Figure 4.3: Rutting Detection Interface in the Levee Fault Detection WebApp Displaying Bounding Box 

Annotations for Surface Fault Localization without non-max suppression algorithm. 
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Figure 4.4: Seepage Detection Interface in the Levee Fault Detection WebApp with Bounding Box 

Annotations Highlighting Moisture-Induced Fault Zones with non-max suppression algorithm. 
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Figure 4.5: Human-in-the-Loop Re-annotation interface in the deployed WebApp, showing sandboil and 

seepage overlays corrected by expert input and saved as JSON for active-learning feedback. 
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Figure 4.6: Segmentation overlay visualization from the deployed web application showing simultaneous 

detection of sand boil (green) and seepage (pink) defects with clearly separated masks and no overlapping, 

demonstrating effective multi-defect segmentation and priority-based overlap resolution. 
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Chapter 5: Results and Analysis 
 

 

This chapter presents a comprehensive evaluation of the proposed deep learning framework 

for rutting and sand boil segmentation in levee systems. Both quantitative and qualitative 

assessments are conducted to provide a holistic view of model performance, including 

comparisons to established baselines, insights into computational costs, and a discussion of 

strengths and limitations. 

Models were assessed using a dedicated test set of levee images containing annotated 

rutting or sand boil defects. Key performance indicators included Balanced Accuracy (BA), 

Intersection over Union (IoU), Dice Coefficient (DC), Precision, Recall, and Macro F1. These 

metrics collectively address common challenges—such as severe class imbalance—by capturing 

how well the models detect small, irregularly shaped defects without neglecting the extensive 

background region. Table 5.1 and Table 5.2 summarizes the performance results from standard 

baselines (U-Net, Attention U-Net, U-Net++, MultiResUNet) and the specialized models 

developed specifically for rutting (RuttingNet) and sand boils (SandBoilNet). Notably, the 

proposed specialized architectures outperformed classic baselines, demonstrating improvements 

of approximately 8–13 percentage points in IoU and 6–10% in Balanced Accuracy, highlighting 

their robust capability in correctly classifying both defective and non-defective pixels. 

These performance improvements are significantly influenced by transfer learning and 

generative augmentation techniques. Models leveraging pretrained backbones and enriched 

synthetic data from DreamBooth or ControlNet consistently demonstrated faster convergence and 

higher accuracy compared to training from scratch. This underscores the effectiveness of targeted 

fine-tuning and synthetic data augmentation in compensating for scarce real-world datasets typical 

of specialized fields like levee inspection. 

All models were trained on four NVIDIA A100 GPU using a distributed training approach. 

By employing selective fine-tuning alongside mixed-precision (FP16) training, advanced 

architectures completed training within approximately 30-40 minutes for 200 epochs—even when 

incorporating computationally demanding multi-scale and attention-based modules. During 

inference, the specialized models achieved an encouraging processing speed averaging around 

0.7–1.0 seconds per 512×512 image, making the approach practical for real-time scenarios, 

including drone-based inspections, and continuous field-based camera monitoring. 

Figure 5.1 and Figure 5.2 provides key qualitative comparisons among the baseline and 

specialized models across diverse real-world scenarios. Specialized models such as RuttingNet 

and SandBoilNet demonstrated enhanced proficiency in capturing subtle defect edges and fine 

textural details, effectively addressing the common issue of fragmented or incomplete predictions 

produced by baseline U-Net variants in visually complex contexts. Although occasional false 

positives persisted—especially in reflective or muddy conditions—multi-scale feature extraction 

and attention mechanisms significantly reduced their occurrence, improving the reliability of 

segmentation predictions. Moreover, the specialized architectures effectively managed scenarios 

involving multiple coexisting anomalies by clearly distinguishing boundaries between different 

defect types, despite occasional minor confusions in areas with extremely subtle transitions. 
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Practically, achieving Intersection over Union values above 50% and Balanced Accuracy 

scores surpassing 80% significantly validates the proposed framework's suitability for large-scale 

levee monitoring. Among all models, the ensemble model—particularly the weighted average 

stacking approach with threshold tuning—yielded the highest performance gains, further boosting 

IoU and Balanced Accuracy by approximately 3–5 percentage points. This ensemble strategy 

effectively leveraged the complementary strengths of individual models, resulting in more stable 

and accurate segmentation outcomes. The near real-time processing capability enhances its utility, 

allowing inspectors to swiftly identify areas needing closer examination. The robust nature of 

segmentation results, supported by synthetic data augmentation, suggests strong generalizability 

across varied environmental conditions, including fluctuating lighting, diverse soil textures, and 

different moisture states. 

Overall, these comprehensive results affirm that the integrated approach—encompassing 

advanced neural architectures, targeted transfer learning, generative augmentation, and semi-

automated annotation—markedly surpasses traditional CNN-based baselines. While certain 

challenges remain, particularly in handling reflective surfaces and overlapping defects, the 

achieved gains in accuracy, speed, and general reliability represent meaningful progress toward 

automated levee inspection systems. Looking ahead, future improvements such as lightweight 

model optimizations using quantization, pruning and distillation for edge-device deployment, 

ensemble learning strategies, semi-supervised augmentation methods, and incorporating 

explainable AI techniques could further enhance the system’s robustness, scalability, and field 

applicability. Collectively, these developments promise substantial advancements in proactive 

maintenance strategies, ultimately contributing to improved flood protection and strengthened 

infrastructure resilience. 

 

Table 5.1: Metric results of models on Rutting Levee test dataset. The best metrics results are 

shown in bold. The model with the highest Intersection over Union (IoU) score is indicated in bold 

and underlined. 

 

Models 
IoU 

Score 

Dice 

Coefficient 

Mean 

IoU 

Binary 

Accuracy 

Balanced 

Accuracy 

U-Net 0.450 0.565 0.474 0.651 0.669 

MultiResUnet 0.400 0.534 0.435 0.603 0.665 

Attention U-Net 0.430 0.561 0.442 0.609 0.669 

U-Net++ 0.430 0.561 0.442 0.609 0.669 

Proposed RuttingNet 0.549 0.690 0.600 0.749 0.786 

Weighted Ensemble 0.582 0.749 0.631 0.770 0.812 
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Table 5.2: Metric results of models on the SandBoil Levee test dataset. The best metric results are 

shown in bold. The model with the highest Intersection over Union (IoU) score is indicated in bold 

and underlined. 

 

Models 
IoU 

Score 

Dice 

Coefficient 

Mean 

IoU 

Binary 

Accuracy 

Balanced 

Accuracy 

U-Net 0.385 0.503 0.651 0.922 0.744 

MultiResUnet 0.447 0.570 0.684 0.927 0.786 

Attention U-Net 0.410 0.536 0.662 0.924 0.766 

U-Net++ 0.430 0.561 0.674 0.925 0.775 

Proposed SandBoilNet 0.496 0.645 0.625 0.805 0.839 

Weighted Ensemble 0.547 0.671 0.697 0.871 0.850 
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Figure 5.1: Segmentation results on levee images illustrating rutting defects. The blue 

segmentation mask represents the ground truth annotations overlaid on the original images. 

Predictions from U-Net (green), MultiResUNet (cyan), Attention U-Net (purple), U-Net++ 

(red), RuttingNet dataset (yellow), and the final ensemble model utilizing Weighted Average 

Stacking with thresholding (white) are displayed sequentially. 
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Figure 5.2: Segmentation results on levee images illustrating sand boil defects. The red 

segmentation mask represents the ground truth annotations overlaid on the original images. 

Predictions from U-Net (green), MultiResUNet (yellow), Attention U-Net (purple), U-Net++ 

(dark blue), SandBoilNet trained on a hybrid synthetic dataset (light blue), and the final 

ensemble model utilizing Weighted Average Stacking with thresholding (white) are displayed 

sequentially. 
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Chapter 6: Concluding Remarks 
 

6.1 Conclusion 
 

This research presents an end-to-end deep learning framework for automated levee defect 

detection, integrating advanced segmentation architectures, generative augmentation techniques, 

and a real-time deployment pipeline to address the longstanding challenge of limited annotated 

data in geotechnical domains. Focused on structurally complex and rare anomalies—such as 

rutting, seepage, and sand boils—the study leverages a multi-tiered strategy encompassing 

StyleGAN2-ADA for early GAN-based experiments, DreamBooth and ControlNet for diffusion-

driven generation, and custom semantic segmentation architectures (RuttingNet, SandBoilNet) 

designed for high-resolution, fine-grained defect delineation. 

By harnessing the capabilities of DreamBooth and ControlNet under the Stable Diffusion 

framework, the research successfully generated diverse, high-fidelity training samples from 

minimal input images (10–15 per class). These synthetic samples preserved key structural and 

textural properties of the target defects, significantly enriching the available dataset, improving 

generalization, and mitigating overfitting—a critical need given the scarcity of real-world levee 

imagery. The generative pipeline allowed for scalable dataset augmentation across various 

environmental contexts, contributing to improved model robustness and segmentation accuracy. 

This research contributes not only to the niche field of levee monitoring but also offers 

generalizable insights into the combined use of generative augmentation, diffusion models, and 

semantic segmentation in other domains where data scarcity and structural variability remain 

significant challenges. By focusing on realism-preserving augmentation, modular network design, 

and efficient deployment pipelines, the study establishes a scalable blueprint for future AI-driven 

environmental monitoring systems. 

6.2 Future Work 
 

Despite the promising outcomes achieved, several directions remain open for future 

enhancement and exploration. One crucial aspect is model optimization for edge deployment. 

While current models perform well on high-end GPUs, deploying them on lightweight or 

embedded devices such as UAVs, mobile phones, or IoT-based monitoring systems requires 

significant size and speed optimization. Techniques like model pruning—which eliminates 

redundant weights or neurons—can help compress the model without major sacrifices in accuracy. 

Similarly, quantization-aware training (QAT) and post-training quantization (PTQ) can convert 

models from 32-bit floating-point to 8-bit integers, drastically reducing memory footprint and 

computational demand, thereby enabling inference on resource-constrained hardware. 

Another promising avenue is the use of stacked generalization (model stacking) or 

ensemble learning to improve robustness and generalization across varied environmental 

conditions and image resolutions. By combining the strengths of multiple models—such as a base 

segmentation model with auxiliary attention-based refiners or geometric-aware decoders (meta 
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model)—stacking strategies can reduce bias and variance, thereby improving segmentation 

consistency. Integrating lightweight transformer modules or deformable convolutions within 

existing encoder-decoder pipelines can also improve attention to localized features, particularly 

useful in identifying small, irregular anomalies like animal burrows or shallow rutting. 

Moreover, expanding the dataset through semi-supervised or self-supervised learning 

methods remains a priority. Techniques such as pseudo-labeling or contrastive learning could help 

exploit unlabeled data or weak labels to further enhance model performance. Finally, incorporating 

explainable AI (XAI) mechanisms would aid in interpreting model outputs, fostering user trust 

and supporting field engineers in decision-making processes. These future advancements, when 

combined, can drive the development of a fully autonomous, scalable, and interpretable levee 

defect monitoring system—applicable not only in civil infrastructure but in broader geospatial and 

remote sensing applications. 

The proposed approach shows strong segmentation performance but struggles with 

distinguishing visually similar defects, especially in complex environments with lighting 

variations, occlusions, or surface textures. While it uses semantic segmentation, it lacks instance 

differentiation. Integrating panoptic or instance segmentation could improve defect identification 

and localization, but this would require additional labeled datasets, increasing the annotation 

burden. These challenges point to the need for more advanced segmentation techniques for better 

real-world defect characterization. 
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