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Hausdorff Distance-Mixnet: A Hybrid Convolutional Neural Network-

Transformer Network with Boundary-Aware Mechanisms for Polyp 

Segmentation 

Kartik Pruthi 

ABSTRACT 

Colorectal cancer is one of the most preventable cancers. Most colorectal cancers develop 

from benign polyps that can be removed if found early on colonoscopy. Automated polyp 

segmentation helps in this regard, but current approaches suffer from a long-standing 

dilemma that convolutional networks can model fine texture information but fail to model 

long-range dependency, while transformers can model global structure but ignore fine 

boundaries. Most hybrid methods simply add these representations in a naive manner and 

are trained with region-overlap losses like Dice that are insensitive to the worst-case 

boundary errors of interest in the clinical setting. In this thesis, we propose a hybrid dual-

branch architecture, namely HD-MixNet, for boundary-aware polyp segmentation. The 

model consists of a convolutional branch with Res2Net and a Swin Transformer branch, 

both streams running in parallel. They are combined with a Boundary-Aware Mix-Fusion 

(BAMF) module, which uses learned edge-gated blending to prevent the boundary 

suppression problem in attention-based fusion. We explicitly supervise boundaries to 

YOHO-inspired Edge-Detect and Boundary-Enhance blocks, and train with a composite 

objective including a differentiable distance-transform approximation of the Hausdorff 

distance, aligning optimization to worst-case boundary risk, rather than simply overlap . 

HD-MixNet achieved a mean dice score of 0.896 on Kvasir-SEG benchmark and 

competitive region-level segmentation with a compact dual-branch design. We also 

critically analyse the model boundary behaviour and investigate the relation between the 

overlap and the Hausdorff performance of the model and the factors that influence the 

worst-case boundary error.  
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Chapter 1 

INTRODUCTION 

 

1.1 Background and Motivation 

Colorectal cancer (CRC) is one of the most common malignancies and the second leading 

cause of cancer death globally. But it is also one of the most preventable of the major 

cancers because it almost always progresses through a slow well-understood pathway. 

Benign growths on the wall of the bowel, called polyps, acquire changes over years before 

a minority become malignant. The long pre-malignant window is why screening works so 

well. Finding and removing a polyp while it is still benign means preventing cancer, not 

treating cancer. 

The gold standard for this screening is colonoscopy. The clinician introduces a flexible 

endoscope through the colon. This enables him to directly visualize the surface of the 

mucosa and to excise suspicious lesions simultaneously. However, human factors restrict 

the effectiveness of the colonoscopy. The accuracy of detection depends on the operator 

and also on the session with the same operator, due to fatigue, time of withdrawal and 

quality of bowel preparation. Some lesions are particularly difficult to visualize flat and 

sessile serrated polyps are elevated very little above surrounding tissue; low-contrast 

lesions are difficult to differentiate from the mucosa; and polyps situated at the edge of 

the field of view or behind folds are easily missed. Missing a polyp is not a harmless 

mistake. It is a lesion which may progress as a residual lesion. It is an established factor 

in interval cancers that occur between scheduled screenings. 

In this context, computer aided diagnosis (CADx) has emerged to assist the endoscopist 

and not to replace him. In CADx two related tasks need to be distinguished. Detection 

tells us if there is a polyp. Segmentation deals with the more difficult spatial problem of 

determining exactly which pixels are part of the polyp. Detection and resection are clinical 
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procedures but resection is not simply about knowing that a lesion exists but knowing the 

extent and margin and this is where this thesis is about segmentation. A segmentation 

model is like a second pair of eyes: it can pick up a region that the eyes missed and, more 

importantly, delineate the boundary of a lesion, delineating the tissue to be excised. 

So it is not a theoretical question, what quality is expected of that boundary. If the resection 

line is too close, there is the risk of leaving malignant cells behind, if the resection line is 

too far away healthy mucosa is unnecessarily removed. The clinically dangerous failure 

mode is not a small uniform shrinkage of the predicted region, but a localized large 

deviation at some point on the contour. The difference between average agreement and 

worst-case deviation is a recurring theme throughout this thesis and eventually provides 

the motivation for its central methodological choice. 

 

1.2 The Architectural Dichotomy and Its Limitations 

Deep learning has dominated recent advances in medical image segmentation, and these 

advances have been shaped by a decades-old divide between two families of feature 

extractors, each with a distinct -- and complementary -- mode of failure. 

The family of U-Net is the prototype of the Convolutional Neural Networks (CNNs) based 

on two inductive biases: locality, which assumes that each output depends only on a small 

spatial neighborhood, and translation equivariance, which assumes that the same filter is 

applied everywhere. These biases make CNNs efficient and good at learning local 

structure, e.g. texture and edges, from limited data. But they are constrained by locality 

too. The effective receptive field, the region of the input that actually influences a given 

output, grows slowly with depth and is in practice much smaller than the theoretical 

maximum. In practice, this means that for colonoscopy, CNNs simply can’t ‘see’ far 

enough when the polyp occupies too much of the frame, or when you need to relate one 

side of the image to the other to disambiguate it from a confusing fold, resulting in 

fragmented masks and false positives. 
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The Vision Transformers (ViTs) introduced overcame this limitation. Self-attention 

replaces convolution and allows each spatial location to (in principle) attend to all other 

locations, providing a global receptive field from the very beginning. Transformer-based 

segmenters therefore display better global semantic consistency. But this power of the 

transformer has a cost for the CNN. Self-attention is not biased towards local high-

frequency detail. Transformers operate on coarse patches, and aggregate globally; 

resulting in semantically correct predictions in the large, but blurred at the edge, exactly 

where flat and low-contrast polyps are located, and exactly the edge detail needed for 

clinical use. 

So the two paradigms fail in opposite directions. The CNN sees sharply but narrowly, the 

transformer broadly but softly. The conceptual basis for hybrid architectures is this 

symmetry. We find that models that combine CNN and transformer components, such as 

TransUNet, HiFormer, DS-TransUNet and MixFormer, consistently outperform single-

paradigm baselines, confirming the merit of the combination. But most have two structural 

faults. Conveniently, serial pipelines (feeding CNN features to a transformer) or late 

concatenation are lossy, introducing semantic misalignment between two different 

representational spaces and diluting the high-frequency edge information that the CNN 

branch is best placed to contribute. Second, in what they learn: the boundary is not often 

a clean target. The transition zone of the predicted probability map is implicit only, and is 

supposed to be a byproduct of getting the region right. It is a remarkable omission to not 

supervise the boundary, especially for a task where the clinical value is concentrated at 

the boundary. 

 

1.3 The Metric–Objective Misalignment 

The third problem is the training goal. This is not the same as architecture, and may be 

more primitive. Most segmentation models, including hybrid models, are trained with 

region-overlap losses, mainly Dice and Cross Entropy. These losses are stable and 

effective at maximizing the area of agreement between prediction and ground truth, but 
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they have a property that is benign in many applications and dangerous in this one: they 

are largely insensitive to boundary shape. Even if one predicted mask has a clean contour 

and the other has a spur of error protruding far outside the true boundary, two predicted 

masks overlapping the ground truth equally will get almost the same Dice scores. One 

concrete example gives a sense of the stakes involved. Take two predictions about the 

same polyp. The first one matches the lesion almost perfectly, except for a uniform one-

pixel under segmentation around the whole border. The second agrees well with the lesion 

over most of its extent, but generates a single tongue of false-positive tissue extending 

many pixels into healthy mucosa at one point. These could be almost the same as Dice. 

They are worlds apart by the clinically relevant criterion, the first safe, the second with 

exactly the large, localized excursion that would mislead a resection. The model trained 

and selected only on Dice has no reason to prefer the first. The thesis is fundamentally 

about the misalignment of metrics and objectives. Clinicians do not judge segmentation 

safety by average overlap, but by worst case boundary error, formalized as the Hausdorff 

Distance – the largest distance between any point on one contour and the nearest point on 

the other. The Hausdorff Distance is the correct metric for the clinical question, but not a 

good training objective. The definition includes non-differentiable max and min functions 

and an expensive exact computation of it . Therefore, even in works that report Hausdorff 

Distance as an evaluation metric, it is seldom optimized for, as they are trained on Dice 

and then measured on Hausdorff, leaving the quantity they care about outside the loop the 

model learns from. 

 

1.4 Problem Statement 

Modern deep learning has greatly progressed automated polyp segmentation, yet none of 

the current methods satisfy three key clinical requirements concurrently:  

i. robust extraction of global semantic context for distinguishing polyps from 

visually similar gastrointestinal structures,  

ii. accurate delineation of lesion boundaries for safe and complete resection, and  
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iii. direct optimization to minimize worst-case boundary error, the clinically relevant 

risk factor.  

The CNN architectures are constrained by their small receptive fields and have difficulty 

with large or obscured polyps. Transformer based designs reason globally but coarse 

boundaries. Current hybrids only partially address these: their fusion rarely explicitly 

deals with boundaries and they are still trained with overlap-based losses that do not 

penalize small but clinically dangerous deviations. This thesis addresses the problem of 

unavailability of a segmentation framework that combines a boundary-aware objective, 

explicit boundary-supervision and complementary CNN-Transformer feature learning 

into a single model. 

 

1.5 Contributions 

Contributions of this thesis are: 

i. HD-MixNet, a hybrid dual-branch architecture The parallel encoder consists of a 

Res2Net-based CNN branch for learning fine-grained texture and edge 

information, and a Swin Transformer branch for long-range semantic context. 

Both branches are kept in parallel during the whole encoding process unlike serial 

hybrids, so that no spatial detail or global context is lost. 

ii. A Boundary-Aware Mix-Fusion (BAMF) module.   a learned, gated blend to 

fuse the CNN and Transformer streams, and modulate the fused features with 

explicit edge maps, thereby reducing semantic misalignment between branches 

and alleviating the boundary suppression common in attention-based fusion. 

iii. Explicit boundary supervision through Edge-Detect (ED) and Boundary-

Enhance (BE) blocks. In the YOHO framework, Sobel initialized edge-detection 

blocks are used in the encoder and a boundary-enhancement block is used in the 

decoder to use the boundary structure as an explicit signal, rather than an implicit 

by-product of region prediction. 

iv. A clinically relevant Hausdorff-DT loss term. We incorporate a differentiable 

approximation of the Hausdorff distance, based on distance transforms, into a 
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composite training objective such that the optimization penalizes errors that are 

spatially distant more than errors that are local, bringing the training signal closer 

to the clinical safety criteria. 

 

1.6 Research Objectives 

The main objective is the development of an automatic accurate and clinically-reliable 

segmentation of polyps from endoscopic images. The goals are  

i. To design a hybrid CNN-Transformer architecture which learns global context and 

fine texture simultaneously. 

ii. To develop a fusion mechanism which aligns complementary representations 

while preserving high-frequency boundary information. 

iii. To introduce explicit boundary learning via dedicated edge-focused modules 

which maintain structural integrity from encoder to decoder. 

iv. To provide a clinically aligned objective via a differentiable Hausdorff-DT loss 

which penalizes worst-case boundary deviation. 

v. To evaluate HD-MixNet on Kvasir-SEG and critically assess how it balances the 

semantic-boundary trade-off. 
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Chapter 2 

LITERATURE REVIEW 

Automated polyp segmentation is a confluence of three research streams: the network 

architectures for image feature extraction, the loss functions for training such networks, 

and the benchmark datasets for evaluating such networks. This chapter discusses all three; 

We review the evolution of architectures from fully convolutional networks, to pure vision 

transformers, to hybrid CNN-Transformer architectures that motivate this work in Section 

2.1. Section 2.2 describes the self-attention mechanism that forms the basis of the 

transformer branch of HD-MixNet and its fusion module. Section 2.3 deals with explicit 

boundary modeling. We describe in Section 2.4 the development of loss functions, from 

region-overlap loss functions to distance-based Hausdorff losses that are central to this 

thesis. Section 2.5 mentions training strategies and evaluation metrics. Benchmark 

datasets are discussed in Section 2.6. The identified gap and the position of HD-MixNet 

in the gap are summarized in Section 2.7. 

 

2.1 The Architectural Evolution of Segmentation Networks 

We can think of the history of deep segmentation as a constant balancing act between two 

competing factors: the need for fine-grained local detail and the need for coarse global 

context. The architectures below are successive attempts to satisfy both of these. 

 

2.1.1 Convolutional Architectures 

The key step to bridge the gap from image classification to dense pixel-wise prediction 

was the Fully Convolutional Network (FCN) [27], which replaced the fully connected 

classification head with convolutional layers, and thus allowed for an output map with the 

same spatial extent as the input. U-Net [12] is directly inspired by this idea and proposed 
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the symmetric encoder-decoder structure which still dominates the template in medical 

imaging. The encoder, a contracting path, reduces spatial resolution through pooling and 

strided convolution, but increases channel depth and semantic abstraction. The decoder is 

an expanding path that recovers the resolution by upsampling. In this sense, skip 

connections are important because they copy feature maps from all the stages of the 

encoder to the corresponding stages of the decoder. This recovers fine spatial information 

lost by downsampling. This design allowed learning dense predictions from small 

annotated datasets typical of medical imaging with the help of aggressive data 

augmentation. 

Successive refinements were aimed at the semantic gap, the gap between the low-level 

features carried by skip connections and the high-level features in the decoder. UNet++ 

[13] proposed a series of nested dense skip pathways with deep supervision to 

progressively narrow the semantic gap between the encoder and decoder feature maps 

before fusion, which improves the performance on colon-polyp segmentation and other 

tasks. ResUNet++ [14] incorporates residual learning, squeeze-and-excitation (SE) 

attention [29], atrous spatial pyramid pooling [28], and attention gates, and is fine-tuned 

for polyp datasets such as Kvasir-SEG [25] and CVC-ClinicDB [26]. Attention-gated 

residual variants, such as Attention ResU-Net [9], learn to propagate encoder features to 

suppress irrelevant background responses, while comprehensive attention designs, such 

as CA-Net [1], combine spatial, channel and scale attention to achieve accurate and 

interpretable segmentations. Surveys for the U-Net family [8] summarize the scope of 

these variants. 

For polyps area, there are several convolutional models that set benchmarks that still 

compete. To address the above issues, PraNet [15] proposed a parallel partial decoder to 

inject high-level features into a coarse global map, then adopted reverse attention modules 

to successively mine the boundary details by explicitly modeling the region-boundary 

relationship, which showed strong performance on five polyp datasets. HarDNet-MSEG 

[16] combines a low-memory backbone, Harmonic DenseNet, with a cascaded decoder, 



 
 

9 
 

achieving a mean Dice of nearly 0.90 on Kvasir-SEG with real-time inference speed, 

which makes it attractive for clinical deployment. The convolutional branch of HD-

MixNet is based on the Res2Net backbone [17], which introduces a modification to the 

residual block itself: instead of a single 3×3 convolution, the block splits its channels into 

groups that are connected in a hierarchical, residual-like cascade, so that a single block 

accumulates information over several effective receptive field sizes. This property is 

especially useful because polyps may be extremely different in size. 

But all the convolutional designs are limited by a fundamental restriction: convolution is 

an inherently local operation. Even with very deep stacks of layers, the effective receptive 

field is far smaller than the theoretical maximum. This prevents CNNs from capturing real 

long-range dependencies, as discussed in the background of DS-TransUNet [6]. For a 

partially occluded polyp or when the polyp covers most of the frame, there is a lack of 

pixel correlation during colonoscopy, which leads to fragmented masks and false 

responses. Dilated (atrous) convolution and ASPP [28] enlarge the receptive field but 

sparsely sample the input, which may damage the precise localization of small structures. 

 

 

FIGURE 2.1 — Canonical U-Net encoder–decoder. 
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2.1.2 The Limits of Locality and the Motivation for Global Modeling 

This is precisely the problem for which transformers have been introduced, and it is worth 

formalizing the above limitation. For a stack of convolutional layers with kernel size k , 

the theoretical receptive field after L layers grows only linearly as 1+L(k-1)1+L(k-

1)1+L(k - 1) for unit stride. It has been empirically shown that the effective receptive field, 

i.e. the region that significantly influences an output, is much smaller, decaying in a 

Gaussian-like fashion away from the center. Thus, in a practical depth CNN, two pixels 

on opposite sides of a large polyp may never interact directly. No amount of local texture 

modeling can recover a relationship that cannot be represented by the architecture. It is 

this structural ceiling, not the lack of training, that drives the switch to attention-based 

models. 

 

2.2 The Self-Attention Mechanism and Vision Transformers 

2.2.1 Scaled Dot-Product Attention 

The transformer [18], a model initially introduced for machine translation, replaces 

recurrence and convolution with attention, a mechanism that directly relates each element 

of a sequence to every other element. Each input element is projected into a query, key 

and value. Scaled dot-product attention for packed query, key and value matrices Q, K 

and V is 

𝑨𝒕𝒕𝒆𝒏𝒕𝒊𝒐𝒏(𝑸, 𝑲, 𝑽) = 𝒔𝒐𝒇𝒕𝒎𝒂𝒙 (
𝑸𝑲𝑻

√𝒅𝒌
) 𝑽                                       (2.1) 

where 𝑑𝑘is the key dimensionality and the factor √𝑑𝑘prevents the dot products from 

growing large enough to push the softmax into regions of vanishing gradient. The softmax 

row for a given query forms a probability distribution over all keys, so the output for that 

query is a weighted average of all values — a global operation by construction. Multi head 
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attention runs ℎsuch operations in parallel on learned projections and concatenates the 

results, 

             𝑴𝒖𝒍𝒕𝒊𝑯𝒆𝒂𝒅(𝑸, 𝑲, 𝑽) = 𝑪𝒐𝒏𝒄𝒂𝒕(𝒉𝒆𝒂𝒅𝟏, … , 𝒉𝒆𝒂𝒅𝒉)𝑾𝑶                     (2.2)      

allowing the model to attend to different relationships simultaneously. The contrast with 

convolution is the crux: where a convolutional filter aggregates a fixed local 

neighborhood, attention aggregates the entire field, with data-dependent weights. 

 

2.2.2 The Vision Transformer and Its Cost 

The Vision Transformer (ViT) [19] extended this to images by dividing an image into non-

overlapping patches, linearly embedding each patch into a token, adding positional 

encodings, and feeding the sequence into standard transformer blocks. ViT showed that a 

pure-attention model can match or exceed convolutional networks for image recognition, 

given enough data. But the global self-attention has a quadratic cost in the number of 

tokens, O(N^2) for N tokens in computation and memory. Dense segmentation is spatially 

demanding in token counts, and this cost is prohibitive. 

 

2.2.3 The Swin Transformer 

To solve this cost while retaining global modeling, the transformer branch of HD-MixNet 

employs the Swin Transformer [20]. It applies self-attention within local non-overlapping 

windows to reduce the complexity to be linear to the image size. Importantly, it shifts the 

window partition by half a window between adjacent blocks, so that tokens in different 

windows now fall in the same window. Cross-window connections are accumulated over 

a stack of layers, and the effective receptive field becomes the whole image. Hence, a 

Swin stage is a sequence of alternating Window Multi-head Self-Attention (W-MSA) and 

Shifted-Window Multi-head Self-Attention (SW-MSA). The patch-merging layers 

between stages downsample the spatial resolution and increase the channel depth, 
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producing the hierarchical, multi-resolution feature maps required for dense prediction, 

which is structurally similar to the encoder of a U-Net. It is this mix of efficiency and 

hierarchy that makes Swin and not vanilla ViT the anchor of most modern hybrid 

segmentation networks. 

 

 

2.2.4 Hybrid CNN–Transformer Architectures 

The idea behind hybrid designs is to combine transformers, which can capture global 

context but lack a bias towards low-level texture and edges, and CNNs, which have the 

opposite profile. One of the first and most influential was TransUNet [21]: the feature 

maps produced by a CNN encoder are tokenized and fed into a ViT bottleneck, and a U-

Net style decoder recovers the resolution. It showed that multi-organ and cardiac 

segmentation can be significantly improved by integrating global self-attention within a 

convolutional pipeline. Swin-Unet [22], on the other hand, constructed a U-shaped 

network solely with Swin blocks for both encoder and decoder, surpassing convolutional 

baselines without any convolution. 

Then came the more methodical merging. DS-TransUNet [6] used two parallel Swin 

encoders for coarse and fine patch scales, and a Transformer Interactive Fusion (TIF) 

module to exchange information between two encoders. HiFormer [10] employs a CNN 

encoder with a Swin encoder. They propose a Double-Level Fusion (DLF) module in the 

skip connections to fuse local and global representations before decoding. MixFormer [7] 

interleaved convolutional and self-attention blocks at multiple depths of the network, 

coupling the two paradigms throughout the network instead of just at a bottleneck. Hybrid 

designs have also been extended to neighboring modalities -- histopathology [11], retinal 

vessels [5] -- as well as self-supervised and domain-adaptation strategies to extend them 

to low quality medical images [2]. 
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These hybrids, despite their success, have three common weaknesses, and together they 

define the gap that this thesis addresses. The fusion is typically serial (CNN features fed 

into transformer) or simple concatenation or addition, resulting in the semantic 

misalignment between CNN and transformer features in different representation spaces 

and diluting the high-frequency edge cues from CNN branch as transformer features are 

globally smooth. Second, the boundary is modeled implicitly and learned from the 

segmentation head rather than explicitly supervised. Third, the training is biased by 

overlap losses that are misaligned to the clinically relevant worst-case boundary error. The 

rest of the chapter deals with the last two issues, which have been less studied than the 

first. 

 

FIGURE 2.2 — Three fusion paradigms side by side: (a) serial CNN→Transformer 

(TransUNet-style); (b) late concatenation of two encoder outputs; (c) the parallel, 

bidirectional, boundary-gated fusion used by HD-MixNet.  

 

 

2.3 Explicit Boundary Modeling 

Most of the above networks treat the boundary implicitly, it is just the level-set where the 

predicted probability map crosses a threshold and is expected to emerge as a by-product 

of correctly classifying regions.  The YOHO (You-Only-Have-One) framework for one-

shot segmentation of early esophageal cancer [4] abandoned the passivity. The main 
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argument is that in data-scarce or visually complex situations the network has to be 

explicitly taught how to see edges, rather than let it infer them. YOHO introduces 3 

components: (1) an Edge-Detect (ED) block in the encoder, which uses fixed or learnable 

gradient operators (e.g., Laplacian or Sobel kernels) to generate explicit edge maps; (2) a 

Boundary-Enhance (BE) block in the decoder, which enhances the segmentation by using 

these edge maps; and (3) a consistency loss that makes sure the boundary suggested by 

segmentation mask is consistent with explicitly predicted edge map. 

HD-MixNet builds upon these concepts from the one-shot setting to the fully supervised 

setting. The hypothesis is that explicit boundary supervision stabilizes training of the 

transformer branch which would otherwise be prone to "boundary bleed" (attention maps 

will blur across edges) and that propagating edge information through the encoder and 

decoder preserves the fine contours on which clinical resection depends. In HD-MixNet, 

the ED block is initialized with Sobel operators, which is a strong edge detecting inductive 

bias from the first optimization step, instead of letting the network learn edge filters from 

scratch. 

 

2.4 Loss Functions: From Region Overlap to Boundary Distance 

The loss function is what the network is optimizing. This is what it ends up prioritizing. 

Segmentation losses are divided into three families: region-based, boundary-based and 

distance-based. 

2.4.1 Region-Based Losses 

Region-based losses maximize the overlap between predicted and ground-truth regions. 

Binary Cross-Entropy (BCE) penalizes per-pixel misclassification. For ground-truth label 

𝑝(𝑥) ∈ {0,1}and predicted probability 𝑞(𝑥)over the pixel domain Ω, 

       𝑳𝑩𝑪𝑬 = −
𝟏

|𝛀|
∑ [𝒑(𝒙) 𝐥𝐨𝐠 𝒒(𝒙) + (𝟏 − 𝒑(𝒙)) 𝐥𝐨𝐠(𝟏 − 𝒒(𝒙))]𝒙∈𝛀                       (2.3) 
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BCE works well when foreground and background are roughly balanced, but in medical 

images the lesion often occupies a small fraction of the frame, biasing BCE toward the 

dominant background class. Dice loss [23] addresses this imbalance by directly 

maximizing the Dice overlap coefficient: 

 

                                    𝑳𝑫𝒊𝒄𝒆 = 𝟏 −
𝟐 ∑ 𝒑(𝒙)𝒒(𝒙)𝒙 +𝛜

∑ 𝒑(𝒙)𝒙 +∑ 𝒒(𝒙)𝒙 +𝛜
                            (2.4) 

with 𝜖a small constant ensuring numerical stability and defined behavior on empty 

masks. The Intersection-over-Union (Jaccard) loss is a close relative, 

 

                          𝑳𝑰𝒐𝑼 = 𝟏 −
∑ 𝒑(𝒙)𝒒(𝒙)𝒙 +𝛜

∑ 𝒑(𝒙)𝒙 +∑ 𝒒(𝒙)𝒙 −∑ 𝒑(𝒙)𝒒(𝒙)𝒙 +𝛜
             (2.5)                                              

with the same objective of maximum overlap. These losses are the workhorses of 

segmentation, but as argued in Section 1.3, they are fundamentally insensitive to boundary 

shape: two predictions of equal overlap get near-equal loss regardless of how their 

contours differ.  So a model can get a high Dice score, but violate a clinically important 

margin. 

 

2.4.2 Boundary-Aware Losses 

Boundary-aware losses weight errors according to their distance to the boundary, to 

directly target contours. Boundary loss [24] by Kervadec et al. rephrases the problem as 

an integral over the contour, using a level-set representation, and defines the boundary 

error as a function of the ground-truth boundary distance map, which seamlessly handles 

severe foreground-background imbalance and targets contour accuracy. Edge-supervision 

and gradient losses, part of the YOHO consistency term, enforce agreement between edge 

maps computed on the prediction and those on the ground-truth, leading to sharper edges. 

These approaches improve boundary quality but still penalize a misclassified pixel only 
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moderately, irrespective of how far it is from the true boundary, yet it is the error far away 

that is clinically dangerous. 

 

2.4.3 Distance-Based Losses and the Hausdorff Distance 

Distance-based losses target worst-case boundary error explicitly. The Hausdorff Distance 

(HD) between a predicted boundary ∂𝑄and a ground-truth boundary ∂𝑃is 

 

        𝑯𝑫(𝛛𝑷, 𝛛𝑸) = 𝐦𝐚𝐱{ 𝐬𝐮𝐩
𝒂∈𝛛𝑷

𝐢𝐧𝐟
𝒃∈𝛛𝑸

‖𝒂 − 𝒃‖ , 𝐬𝐮𝐩
𝒃∈𝛛𝑸

𝐢𝐧𝐟
𝒂∈𝛛𝑷

‖𝒂 − 𝒃‖}                      (2.6) 

In words, for each point on a boundary we find the closest point on the other and HD is 

the largest such closest point distance in both directions. This is precisely the worst-case 

criterion clinicians care about. A large HD means that at some point on the contour the 

prediction is far from the truth. In terms of resection this means either remaining malignant 

tissue or removal of healthy mucosa. The variant HD95 uses the 95th percentile of nearest-

point distances instead of the supremum, which is less sensitive to outlier pixels and is the 

standard reported boundary metric. 

The issue with using HD as a *training* objective is that the nested sup\sup and inf\inf 

operators are not differentiable and are expensive to compute exactly. Karimi and 

Salcudean [3] solved the problem using differentiable approximations based on Euclidean 

distance transforms. They define the distance transform by penalizing the squared error of 

each pixel by the distance to the boundary: 

 

                 𝑳𝑯𝑫−𝑫𝑻 =
𝟏

|𝛀|
∑ (𝒑(𝒙) − 𝒒(𝒙))

𝟐
(𝒅𝒑(𝒙)𝛂 + 𝒅𝒒(𝒙)𝛂)𝒙∈𝛀                       (2.7)      

where 𝑑𝑝(𝑥)and 𝑑𝑞(𝑥)are the distance transforms of the ground-truth and predicted 

boundaries respectively, and 𝛼(typically 𝛼 = 2) determines how much remote errors are 

amplified. In this construction, small local deviations close to the boundary are penalized 
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very little, but false positives and false negatives far from the boundary are penalized with 

an increasingly steep penalty. Thus, the gradient signal is aligned with worst case 

boundary safety, not area agreement. Karimi and Salcudean reported a reduction of 18-

45% in Hausdorff Distance for prostate, liver and pancreas segmentation without a change 

in Dice [3]. 

Although this advantage has been shown, the literature on polyp segmentation has largely 

continued to train on Dice and BCE alone, reporting HD or HD95 only at test time. This 

results in a metric-loss mismatch, where the network is trained on one quantity but tested 

on another. To address this issue, HD-MixNet incorporates the Hausdorff-DT term [3] in 

its composite training objective, along with the region-overlap and edge-consistency 

terms, such that the quantity used to evaluate clinical safety also contributes to the learning 

signal. 

 

2.5 Training Strategies and Evaluation Metrics 

2.5.1 Data Augmentation and Optimization 

Due to the small size of annotated medical datasets compared to natural image corpora, 

augmentation is critical for generalization. We use standard geometric augmentations 

(random flips, rotations, scaling and cropping) to increase anatomical variability, and 

photometric augmentations (brightness, contrast, saturation and hue perturbation) to 

simulate variable illumination, specular highlights and colour casts of endoscopy. Noise 

and blur-based augmentations mimic sensor degradation and motion blur, and mix 

strategies such as MixUp and CutMix encourage reliance on structural cues over color 

alone. Training is typically done with mini-batch gradient descent using the Adam or 

AdamW optimizer, where the decoupled weight decay of AdamW is particularly helpful 

for the transformer components. 
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2.5.2 Evaluation Metrics 

Two complementary metric families are used in this thesis. Overlap metrics — the Dice 

Similarity Coefficient and the Intersection-over-Union — measure regional agreement: 

                                                        𝑫𝒊𝒄𝒆 =
𝟐|𝑷∩𝑸|

|𝑷|+|𝑸|
                                       (2.8a) 

 

                                                   𝑰𝒐𝑼 =
|𝑷∩𝑸|

|𝑷∪𝑸|
               (2.8b) 

for predicted region 𝑄and ground-truth region 𝑃. They are bounded in [0, 1], higher being 

better, and Dice always equals or exceeds IoU for the same prediction. Boundary metrics 

— chiefly HD95, defined above — measure worst-case contour deviation in pixels, lower 

being better. The central evaluative argument of this thesis is that the two families can 

diverge: a model may score well on overlap yet poorly on boundary distance, and reporting 

both is therefore essential to an honest assessment of clinical reliability. 

 

2.6 Benchmark Datasets for Polyp Segmentation 

Kvasir-SEG [25] is the most frequently utilized benchmark for polyp segmentation and 

is the dataset employed in this study. It comprises 1000 colonoscopy images with expert 

pixel-wise mask annotation, which vary in resolution from 332x487 to 1920x1072 and 

include pedunculated, sessile, serrated and flat lesions. High variability in illumination, 

focus, shape and texture, realistic artifacts such as specular reflections, motion blur, fluid 

debris and surgical instruments challenge the robustness of a model. Its diversity and 

annotation quality has made it the de-facto standard for validation of CNN, transformer 

and hybrid architectures. 

In other literature we test cross-dataset generalization on complementary datasets. CVC-

ClinicDB [26] is a dataset containing 612 frames of colonoscopy video, usually affected 

by motion blur and partial occlusion. CVC-ColonDB contains 380 frames, which are 
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often low contrast and flat making it difficult to define boundaries. ETIS-Larib and 

EndoScene expand the range of acquisition conditions. We train and test HD-MixNet on 

Kvasir-SEG. However, its modular decomposition (global-context modeling, local-

texture encoding and boundary-aware optimization) is designed to be transferred to these 

datasets. Cross-dataset validation is identified as future work in Chapter 5 

Method Type Boundary 

mechanism 

Loss Results on 

Kvasir-Seg 

TransUNet Hybrid (serial) None CE+Dice 0.912 

Swin-Unet Transformer None CE+Dice 0.913 

DS-TransUNet Hybrid (dual-

Swin) 

Implicit (TIF) BCE+Dice 0.913 

HiFormer Hybrid 

(CNN+Swin) 

Implicit (DLF) CE+Dice 0.929 

MixFormer Hybrid 

(interleaved) 

MSAF CE+Dice 0.930 

HD-MixNet 

(ours) 

Hybrid (parallel) Explicit 

(ED/BE) 

Dice+BCE+B

oundary+HD-

DT 

0.896 

 

TABLE 2.1 — Comparative summary of representative segmentation methods on 

Kvasir-SEG 
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Chapter 3 

METHEDOLOGY 

In this chapter we describe the details of the proposed HD-MixNet architecture. In Section 

3.1 we describe the design philosophy and the end-to-end pipeline. The two branches of 

the encoder, the Res2Net convolutional branch and the Swin Transformer branch, are 

presented in parallel in Sections 3.2 and 3.3. The explicit boundary-supervision modules 

are described in Section 3.4. 3.5 Boundary-aware Mix-fusion (BAMF) module.  The 

decoder and output heads are presented in Section 3.6. The composite training objective 

is presented in 3.7. 

 

3.1 Overview of the HD-MixNet Architecture 

HD-MixNet: A Hybrid Architecture for End-to-End Polyp Segmentation Chapters 1 and 

2 are based on the central premise that neither a convolutional network nor a vision 

transformer can satisfy both of the two requirements for safe segmentation: global 

contextual understanding and fine-grained boundary precision. HD-MixNet consists of 

two parallel encoder branches linked by a boundary-aware fusion mechanism . It gives 

explicit supervision on the boundary, and optimizes a composite objective including a 

distance-based boundary term. 

The network at a high level is made up of four parts. Firstly, a dual-branch encoder is 

utilized to the input image, which is composed of a Res2Net-based convolutional branch 

for local texture and high frequency edge information extraction, and a Swin Transformer 

branch for the semantic context modeling at long range. In serial hybrids, the 

convolutional features are fed into a transformer and vice versa, and the two streams are 

kept in parallel so that no spatial detail or global context is lost during encoding. Second, 

we propose an explicit boundary supervision by attaching the YOHO-inspired Edge-

Detect (ED) blocks to the convolutional branch to generate multi-scale edge maps. Third, 
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a Boundary-Aware Mix-Fusion (BAMF) module fuses the two branches at different 

scales. The learned gated blend is modulated by the edge maps so that the boundary 

information is reinforced rather than suppressed. Fourth, a decoder with a Boundary-

Enhance (BE) block rebuilds the segmentation mask from the fused features and sharpens 

the contours by the encoder edge maps, generating three outputs, namely the main 

segmentation map, auxiliary segmentation map and an edge map. 

Before processing, the input image is padded with reflections such that its spatial 

dimension is a multiple of the Swin window-size factor and the outputs are cropped to the 

original resolution. All experiments in this thesis used an input resolution of 384 × 384. 

 

FIGURE 3.1 – Overall architecture of HD-MixNet. 

 

3.2 Res2Net-Based Convolutional Branch 

The convolutional branch learns local texture and fine details such as the edges of the 

polyp, tissue boundaries, and subtle texture variations that the transformer branch alone 

misses. It is based on Res2Net block which extends the standard residual block with 

hierarchical residual-like connections for multi-scale feature extraction within a single 

block. 
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3.2.1 The Res2Net Block 

Within each block, the input is first compressed by a 1×1 convolution and then split along 

the channel dimension into 𝑠groups (the scale factor; HD-MixNet uses 𝑠 = 4). The first 

group is passed through unchanged; each subsequent group is added to the output of the 

previous group and then passed through a 3×3 convolution. Formally, if 𝑥𝑖denotes the 𝑖-

th channel group and 𝐾𝑖the corresponding 3×3 convolution, the group outputs 𝑦𝑖are 

The outputs are concatenated and passed through a 1 * 1 convolution with a residual 

connection added on top. Each subsequent group sees the accumulated output of the 

preceding groups. The single block accumulates information over the range of effective 

receptive-field sizes, which fits well the large size variation of polyps. The block performs 

a strided convolution for downsampling (if needed) and a corresponding strided projection 

on the residual path. 

 

Stage Module Output channels Spatial size 

Stem 2× ConvBNAct 64 384×384 

1 Res2Net (stride 1) 64 384×384 

2 Res2Net (stride 2) 128 192×192 

3 Res2Net (stride 2) 256 96×96 

TABLE 3.1 — Res2Net branch feature dimensions 
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FIGURE 3.2 – Res2Net based CNN branch for HD-MixNet Architecture 

 

3.3 Swin Transformer Branch 

The Swin Transformer branch is the global semantic path. The convolutional branch 

preserves fine spatial detail, while this branch captures long range contextual 

dependencies. This allows the network to both understand the larger anatomical 

organization of the scene and discriminate true polyp regions from visually misleading 

background. 

 

3.3.1 Patch Embedding and Hierarchical Stages 

The patch-embedding layer tokenizes the input image by means of a strided convolution 

that splits the image into non-overlapping patches and projects each patch to an 

embedding of dimension D. The generated grid of tokens is fed into a cascade of Swin 

stages. Each stage comprises alternating Window Multi-head Self-Attention (W-MSA) 

and Shifted-Window Multi-head Self-Attention (SW-MSA) blocks. W-MSA performs 

self-attention calculation in each non-overlapping window, while SW-MSA calculates 

self-attention in shifted windows to allow cross-window connection. Across a stack of 
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such blocks the effective receptive field grows to cover the whole image, while keeping 

the computation linear in the image size. During the transition between stages, a patch-

merging layer decreases the spatial resolution and increases the channel depth to produce 

hierarchical feature maps, similar to a convolutional encoder. 

HD-MixNet uses a two-stage Swin branch. The first stage is carried out at the patch-

embedding resolution. A patch-merging layer reduces the spatial resolution by 2 and 

doubles the channel dimension. Then the second stage is done. The window-based 

attention and the shifted-window attention are the same as that in Eq. 2.1. 

 

3.4 Explicit Boundary Supervision: Edge-Detect Blocks 

An important characteristic of HD-MixNet is the explicit modeling of the boundaries, 

instead of implicit boundaries definition. This is done by Edge-Detect (ED) blocks, 

adapted from the YOHO framework, attached to the convolutional branch. 

Each of the ED blocks starts with a 1x1 convolution that reduces the channel dimension, 

followed by a depthwise 3x3 convolution with weights initialized by a Sobel operator. 

Specifically, the block approximates the gradient magnitude by combining the horizontal 

and vertical Sobel kernels , normalises it and copies to the filter of each channel. This 

gives a strong edge-detecting inductive bias from the very first training step, rather than 

requiring the network to invent gradient filters from a random init, while the filter remains 

learnable and can adapt during training. then batch norm and relu. 

The output of the first two Res2Net stages in HD-MixNet is fed into ED blocks to produce 

edge feature maps at two scales. These maps are used for two purposes: to regulate the 

fusion in the BAMF module (Section 3.5), and to supervise the network predicted edge 

output with the ground-truth edge map during training (Section 3.7). 
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FIGURE 3.3 — The Edge-Detect block 

 

3.5 Boundary-Aware Mix-Fusion (BAMF) Module 

The BAMF module is the main fusion approach to combine the convolutional and 

transformer representations. Conventional hybrids combine the two streams via serial 

connection or naive concatenation which leads to two problems. One is semantic 

misalignment as the two feature spaces are different. The other is boundary suppression 

as the globally smooth transformer features dilute the high-frequency edge cues from 

convolutional branch. BAMF does both by a projected gated edge-modulated fusion. 

 

3.5.1 Working Mechanism 

Given the convolutional feature map C and the transformer feature map T at a given scale, 

BAMF proceeds in three steps. 

Projection and orientation First, the transformer feature map is resized to the spatial size 

of the convolutional feature map by bilinear interpolation. Both are then projected to a 
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common channel dimension with 1 x 1 convolution-batch-norm-activation layers, 

resulting in aligned representations c and t in a shared latent space. 

Gates blending the mixing gate is a 1x1 convolution of the concatenation of c and t, passed 

through a sigmoid, which yields a per-pixel per-channel blend coefficient g∈ [0,1]. The 

two streams are combined as 

                                            𝑭 = 𝒈 ⊙ 𝒄 + (𝟏 − 𝒈) ⊙ 𝒕                                          (3.1) 

 

where ⊙is element-wise multiplication. The gate is learned, so the network determines 

locally how much to rely on each branch. 

Boundary-gated refinement. Where an edge map 𝐸is available (at the shallower fusion 

scales), it is projected and passed through a sigmoid to produce an edge weight, which 

amplifies the fused features along boundaries and reintroduces convolutional detail there: 

                       𝑭 = 𝑭 ⊙ (𝟏 + 𝒆𝒅𝒈𝒆_𝒘𝒆𝒊𝒈𝒉𝒕) + 𝒄 ⊙ 𝒆𝒅𝒈𝒆_𝒘𝒆𝒊𝒈𝒉𝒕                 (3.2) 

 

The output is refined by two 3x3 convolutional layers and by a squeeze and excitation 

block with a residual connection from the projected convolutional features. This residual 

guarantees that the convolutional (edge bearing) information is never lost in fusion. 

In the encoder, HD-MixNet employs BAMF at different scales, in which the shallower 

fusions are guided by the edge guidance of the corresponding ED block, while the deepest 

fusion is performed without explicit edge gating. Then a pyramid context block is 

employed to aggregate multi-scale context via parallel dilated convolutions. 
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FIGURE 3.4 — The BAMF module in three phases 

 

3.6 Decoder and Output Heads 

The decoder progressively upsamples the fused features with skip connections to recover 

the segmentation mask. At each decoder stage, the input is up-sampled to the size of a 

skip-connection from the encoder via bilinear interpolation, then the skip features are 

projected, concatenated and refined with convolutional layers and a squeeze-and-

excitation block, with a residual added from the projected skip. The first decoder stage 

takes the deepest fused feature (after pyramid context block) and the mid-level fused 

feature as its skip. The second one takes the result and features from the first Res2Net 

stage as its skip, recovering full resolution. 

The last decoder feature is fed into a Boundary-Enhance (BE) block to enhance the 

segmentation features with the shallowest edge map. The BE block projects edge features, 

calculates a gate from concatenation of segmentation and edge features, enhances 

segmentation features along boundaries, fuses and adds a residual to sharpen contours at 

the final resolution. 
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Outputs are derived from three 1x1 convolutional heads: a main segmentation map from 

the boundary-enhanced features, an edge map from the same features (supervised against 

a ground truth edge map), and an auxiliary segmentation map from the first decoder stage, 

upsampled to full resolution, offering deep supervision during training. All three outputs 

are logits and are cropped back to the input resolution. 

 

3.7 Training Objective 

HD-MixNet is trained with a composite objective involving region, structure, boundary 

and distance terms on the main output, with auxiliary and edge supervision. This sub-

section describes the implemented objective. 

 

3.7.1 Component Losses 

The main segmentation loss is a weighted sum of four terms. The structure loss is a binary 

cross-entropy combined with IoU, weighted by the boundary. Pixels near the boundary 

are up-weighted by a factor that depends on the local difference between the mask and the 

average-pooled version of the mask: 

                                            𝒘 = 𝟏 + 𝟓 |𝒂𝒗𝒈𝒑𝒐𝒐𝒍(𝒚) − 𝒚|                                   (3.3) 

 

with the BCE and IoU weighted computed under this weighting. The Dice loss and the 

binary cross-entropy loss are given in Equations 2.4 and 2.3. The boundary loss computes 

a soft boundary map for both the prediction and the target via the difference of max-

pooling and min-pooling and penalizes their Dice disagreement: 

                     𝒃𝒐𝒖𝒏𝒅𝒂𝒓𝒚(𝒎) = 𝒎𝒂𝒙𝒑𝒐𝒐𝒍(𝒎) − (−𝒎𝒂𝒙𝒑𝒐𝒐𝒍(−𝒎))                (3.4) 

 

 



 
 

29 
 

3.7.2 Hausdorff-DT Loss (as implemented) 

The Hausdorff-DT term penalizes errors by their distance from the boundary, using the 

Euclidean distance transform. For each sample, the foreground and background distance 

transforms 𝑑𝑓𝑔and 𝑑𝑏𝑔of the ground-truth mask are computed and normalized to [0, 1], 

then raised to the power 𝛼to give weight maps 𝑤𝑓𝑔 = 𝑑𝑓𝑔
𝛼 and 𝑤𝑏𝑔 = 𝑑𝑏𝑔

𝛼 . With 𝑝̂the 

predicted foreground probability, the loss penalizes false positives by their distance into 

the background and false negatives by their distance into the foreground: 

                       𝑳𝑯𝑫−𝑫𝑻 = 𝒎𝒆𝒂𝒏(𝒑̂ ⋅ 𝒘𝒃𝒈) + 𝒎𝒆𝒂𝒏 ((𝟏 − 𝒑̂) ⋅ 𝒘𝒇𝒈)                   (3.5) 

 

averaged over the batch with α =2. This is the formulation used here. It penalizes errors 

near the boundary only very slightly, and penalizes errors away from the boundary 

increasingly strongly. Thus, the gradient points towards the worst-case boundary safety. 

 

3.7.3 Total Objective 

The joint loss combines the four main-output terms with weights 𝜆, and the total training 

objective adds auxiliary and edge supervision: 

𝑳𝒋𝒐𝒊𝒏𝒕 = 𝛌𝒔𝒕𝒓𝒖𝒄𝒕𝑳𝒔𝒕𝒓𝒖𝒄𝒕 + 𝛌𝑫𝒊𝒄𝒆𝑳𝑫𝒊𝒄𝒆 + 𝛌𝑩𝑪𝑬𝑳𝑩𝑪𝑬 + 𝛌𝒃𝒐𝒖𝒏𝒅𝒂𝒓𝒚𝑳𝒃𝒐𝒖𝒏𝒅𝒂𝒓𝒚 +

𝛌𝑯𝑫𝑳𝑯𝑫−𝑫𝑻                                                                                                             (3.6) 

 

                       𝑳𝒕𝒐𝒕𝒂𝒍 = 𝑳𝒋𝒐𝒊𝒏𝒕(𝒎𝒂𝒊𝒏) + 𝛌𝒂𝒖𝒙𝑳𝒋𝒐𝒊𝒏𝒕(𝒂𝒖𝒙) + 𝛌𝒆𝒅𝒈𝒆𝑳𝒆𝒅𝒈𝒆             (3.7)       
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Chapter 4 

EXPERIMENTS AND RESULTS 

In this chapter we present the experimental evaluation of HD-MixNet. 4.1 Implementation 

environment, dataset and pre-processing and augmentation are described. The training 

setup is described in Section 4.2, and the evaluation metrics are defined in Section 4.3. 

The quantitative results are reported and compared with representative prior methods in 

Section 4.4. 4.5 Qualitative results Qualitative results are shown in section 4.5. 4.6 Critical 

assessment of the model at the borders. 

4.1 Experimental Setup 

4.1.1 Hardware and Software 

All experiments are performed on a workstation with an NVIDIA GTX 1650 Ti (4 GB 

VRAM) GPU, multi-core CPU and 24 GB system memory on a 64-bit operating system. 

The model was implemented in PyTorch. Supporting libraries: NumPy, OpenCV, SciPy, 

scikit-image and Albumentations for pre-processing and augmentation. 

4.1.2 Dataset and Split 

All experiments are performed on Kvasir-SEG [25] dataset. It contains 1,000 colonoscopy 

images with pixel-wise expert mask annotations of polyps having different sizes, shapes 

and imaging conditions. The data set was divided into training, validation and test sets on 

the image level. 

4.1.3 Preprocessing and Augmentation 

All images and masks were resized to 384 by 384. Images per channel were normalized 

by ImageNet statistics and masks were binarized to {0,1}. Data augmentation was only 

done on-the-fly for the training set with the following transformations: random horizontal 

flip (p = 0.5), random vertical flip (p = 0.1), random 90° rotation (p = 0.3), shift-scale-

rotate with reflection padding (p ≈ 0.35) and random brightness/contrast adjustment (p = 
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0.20). These augmentations mimic the geometric and photometric variance of endoscopic 

acquisition, thus improving generalization due to the small dataset size. 

4.2 Training Configuration 

We trained the model with the AdamW optimizer with decoupled weight decay[17] 

The learning rate was increased linearly for the first few epochs, and then followed a cos

ine-annealing schedule decaying to a small floor value. 

We used gradient accumulation and gradient-norm clipping for stable training. 

The validation was done at the end of each epoch.In each epoch, we selected the threshol

d value for converting predicted probabilities to a binary mask by performing a grid sear

ch over candidate thresholds and selecting the threshold that maximized the validation D

ice. The best performing checkpoint was saved. 

4.3 Evaluation Metrics 

Two complementary families of metrics were employed. The main overlap metric reported 

is the Dice Similarity Coefficient (Equation 2.8), which measures the regional overlap 

between the predicted and the ground-truth masks. The primary boundary metric is the 

95th-percentile Hausdorff Distance (HD95) which measures worst-case boundary 

deviation in pixels (Section 2.4.3). Both must be reported, for the main argument of this 

thesis: overlap and boundary quality can be different, and a comprehensive assessment 

must reflect both. 

4.4 Quantitative Results 

HD-MixNet achieved a mean dice score of 0.896 and a mean HD95 of 9.8 px on Kvasir-

SEG evaluation set. Table 4.1 provides a summary of previous methods which are 

representative of this. 

Note on comparability. The results for the previous methods presented in Table 4.1 are 

taken from the original papers and published benchmark comparisons and have not been 

re-tested using the experimental protocol of this thesis. Note that these methods were 
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originally evaluated on different train/test splits, input resolutions and post-processing 

choices, so this comparison should be considered indicative rather than a strict controlled 

head-to-head. The only protocol in this chapter with a row corresponding to it is HD-

MixNet. This caveat is important for a fair reading of the table. 

Model Backbone Loss Boundary 

mechanism 

mDice HD95 (px) 

U-Net [12] CNN CE + Dice None 0.818 7.5 

UNet++ 

[13] 

CNN (dense) CE + Dice Deep 

supervision 

0.821 7.1 

PraNet [15] CNN (Res2Net) Weighted BCE+IoU Reverse 

attention 

0.898 5.8 

TransUNet 

[21] 

CNN→ViT CE + Dice None 0.912 5.0 

MixFormer 

[7] 

CNN + 

Transformer 

CE + Dice MSAF 0.930 4.5 

HD-MixNet 

(ours) 

CNN +Swin Dice+BCE+Boundary

+HD-DT 

Explicit 

(ED/BE) 

0.896 9.8 

 

TABLE 4.1 — Comparison with representative methods on Kvasir-SEG. 

Our results suggest that HD-MixNet can obtain comparable Dice score to strong 

convolutional baselines such as PraNet, while taking a compact architecture (~1.17M 

parameters) that is much smaller than transformer-heavy alternatives. However, the HD95 

of our method is larger (worse) than the reported values for the comparison methods. 

rather than resolving this apparent tension, a boundary-centric architecture reporting a 

weaker boundary metric, directly in Section 4.6. 
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4.5 Qualitative Results 

Some representative qualitative results are shown in Figure 4.1. For each example, we 

show the input endoscopic image, the ground-truth mask, the predicted probability map 

and the overlay of the ground-truth contour and the predicted contour in the input. From 

the overlays we see that in the case of well-illuminated region, HD-MixNet correctly 

recovers the overall polyp region and closely follows the lesion boundary. In the low 

contrast/partially occluded regions, we expect larger deviations from the boundary. 

 

 

FIGURE 4.1 — Qualitative results panel: columns = Original image | Ground-truth 

mask | Predicted probability map | Overlay (GT in green, prediction in red) 

4.6 Analysis of the Semantic–Boundary Trade-off 

The most informative finding of this study is the discrepancy between the overlap 

performance of HD-MixNet and its boundary metric, with a strong Dice score of 0.896 

and a relatively high HD95 of 9.8 px. There are a number of reasons for this which, taken 

together, constitute the main analytical contribution of the chapter. 

First, the comparison is not tightly controlled. The baseline HD95 values are obtained 

from different papers with different evaluation protocols, resolutions and post-processing 

pipelines, as mentioned in Section 4.4. HD95 is especially sensitive to these differences, 

so part of the apparent gap is due to the protocol mismatch rather than any real difference 

in the quality of the boundary. 



 
 

34 
 

Secondly, by definition HD95 is a metric sensitive to outliers. Dice is the mean agreement 

over the whole region, while HD95 is the worst-case boundary deviation at the 95th 

percentile. So a model can segment the vast majority of each polyp with high accuracy 

(high Dice), but a small number of difficult cases (low-contrast, flat or partially occluded 

polyps) will have large boundary excursions that dominate the mean HD95. The metric is 

doing exactly what it is supposed to do: show worst case error that overlap metrics hide. 

Actually this is the phenomenon which led to the thesis. 

Third, and most importantly for future work, optimisation for a differentiable surrogate to 

the Hausdorff distance does not always translate into improvements in the discrete HD95 

metric. The Hausdorff-DT term penalizes the probability errors weighted by distance 

which is related, but not identical, to the discrete worst-case contour distance. The 

surrogate optimizes the whole model towards boundary-aware behavior without directly 

minimizing the percentile statistic measured by HD95. Chapter 5 identifies closing this 

surrogate–metric gap, e.g. by stronger weighting of the boundary terms, longer training or 

curriculum strategies for the HD term, as a direction for future work. 

In summary, HD-MixNet demonstrates that explicit boundary supervision and Hausdorff-

aware optimization can be combined within a compact hybrid architecture to achieve 

competitive overlap performance. The boundary result does not disprove the approach, 

but rather is a textbook case of the type of problem that the thesis was intended to address: 

that boundary safety is a fundamentally harder target than region overlap, and that the 

matching of training signals to it is an open and important problem. 

4.7 Analysis with the help of graphs depicting change per epoch 

Here additionally the graphs were generated for the training of model where we could se 

how much dice metric, IOU metric and loss changes over the run. (The data plotted in the 

graph is for 50 epochs) 
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FIGURE 4.2 — Trend for dice score per epoch 

 

FIGURE 4.3 — Trend for IoU score per epoch 

 

FIGURE 4.4 — Trend for Training over epochs 
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FIGURE 4.5 — Trend for various other a) training loss b) Validation Dice Score c) 

Hausdorff 95 distance d) Loss Vs Dice Correlation e) Learing Rate f) Optimal 

Threshold Evolution g) Per epoch improving rate h) All normalized Metrics i) 

Convergance analysis 
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Chapter 5 

CONCLUSION AND FUTURE WORK 

5.1 Summary of Contributions 

The thesis was centered on a single specific and clinically relevant problem in automated 

polyp segmentation: the gap between the region-overlap performance, optimized and 

reported by existing methods, and the boundary safety, which is what really matters for 

resection. 

Driven by this gap, we propose HDMixNet, a hybrid architecture that combines 

complementary feature learning, explicit boundary modeling and boundary-aware 

optimization objective into a unified framework.  

The main contributions are:  In this thesis, we propose a parallel dual branch encoder that 

fuses the convolution branch based on Res2Net and the branch based on Swin 

Transformer. As we will see in Chapter 2, this approach solves the complementary 

shortcomings of convolutional and attention-based models by maintaining both streams 

in parallel for the entire encoding, rather than passing one into the other, thus preserving 

the fine-grained texture and edge details along with the long-range semantic context. 

Second, it proposed a Boundary-Aware Mix-Fusion (BAMF) module to fuse the two 

branches with learned gated combination modulated by explicit edge maps.  This 

mechanism is used to solve the problems of semantic misalignment and boundary 

suppression of traditional serial or concatenation-based fusion. Third, it combined explicit 

boundary supervision with the YOHO-based Edge-Detect and Boundary-Enhance blocks. 

Edge filters initialized with Sobel gave a strong edge-detecting inductive bias from the 

first iterations, such that boundary structure is treated as a direct target of learning and not 

an emergent by-product of region prediction. Fourth, it augmented the composite training 

objective with a differentiable Hausdorff-DT loss term. This aligned the optimization 

signal with the worst-case boundary error and not merely the overlap. Finally, we perform 

a fair empirical evaluation on the Kvasir-SEG benchmark where HD-MixNet achieved a 
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mean Dice score of 0.896 with a small architecture of around 1.17 million parameters. 

Crucially, the evaluation did not stop at the headline figures, but gave a critical analysis 

of the discrepancy between the model’s overlap performance and its boundary metric, 

which is a contribution in itself. 

5.2 Discussion 

The results of this study carry a twofold message. Instead, HD-MixNet can embed explicit 

boundary supervision and Hausdorff-aware optimization into a compact and parameter-

efficient model with a parallel hybrid encoder, achieving comparable Dice score to strong 

convolutional baselines. On the other hand, a deeper and more interesting  point is that the 

95th-percentile Hausdorff Distance of the model is higher than the numbers reported in 

literature. 

That finding is no minor misstep. There are three factors at play: the baseline numbers 

stem from different evaluation protocols and are therefore only indicative (see Sec. 4.6); 

HD95 is an outlier-sensitive metric which by design reveals the worst-case boundary 

errors that metrics conceal; and most fundamentally, optimizing a differentiable surrogate 

of the Hausdorff distance does not imply an improvement of the discrete metric itself. The 

last point is the most precious lesson of the work.  This suggests that matching the training 

objective with a risk-sensitive metric is necessary but not sufficient, and that the surrogate-

metric gap is an obstacle to overcome. Thus the thesis reinforces its own central claim: 

that boundary safety is in fact a harder target than region overlap, and that treating it 

seriously reveals problems that overlap-centric evaluation completely hides. 

5.3 Limitations 

There are a number of limitations to this work that should guide interpretation of results. 

i. First, the model is trained for static 2D frames and does not utilize temporal infor

mation in colonoscopy video which could otherwise improve stability and reduce

 flicker in live use. 
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ii. Second, the dual-branch encoder is heavier than the lightweight single-stream 

architectures.  The hardware limitations restricted the extent and the length of the 

experimentation. 

iii. Third, the evaluation was carried out on a single data set. Kvasir-SEG is diverse, 

but the generalization of the model has yet to be evaluated, as it does not cover the 

entire variability of clinical practice regarding inter-device and inter-hospital 

variability. 

iv. Fourth, the comparison to previous methods is not strictly controlled; the baseline 

numbers are taken from the original papers with different protocols, and were not 

re-evaluated under the present experimental setup. 

 

5.4 Future Work 

The above limitations directly imply several directions for future research. 

i. The most pressing is to shrink the surrogate-metric gap. The Hausdorff-DT term 

guides the model towards boundary-aware behavior in the aggregate, but does not 

directly optimize the discrete HD95 statistic. Future work could explore more 

aggressive or scheduled weighting of the boundary and Hausdorff terms, 

curriculum strategies that gradually introduce the Hausdorff term, or other 

differentiable boundary objectives that correlate better with the percentile metric. 

ii. A second direction is controlled re-evaluation of baselines under a single fixed 

protocol – identical split, resolution and post-processing – so that HD-MixNet can 

be compared against prior methods strictly rather than indicatively. This would 

mean that the indicative comparison of Chapter 4 would be a final one. 

iii. The third is temporal modeling for video-based colonoscopy, using recurrent or 

video-transformer modules to maintain frame-to-frame continuity, leading to 

smoother and more stable segmentation during live deployment. 

iv. Fourth, we carried out cross-dataset and multi-center validation on datasets such 

as CVC-ClinicDB, CVC-ColonDB and ETIS-Larib, to show the robustness of the 

method against variations in acquisition setups and patient populations. 
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v. Fifth, we will utilize model compression methods (e.g. pruning, distillation, or 

lightweight backbones), to allow the boundary-aware hybrid model for real-time 

inference on embedded hardware of commercial endoscopes. 

Finally, the modularity of HD-MixNet -- separable convolutional and transformer 

branches, boundary-supervision blocks and a boundary-aware objective -- enables transfer 

to other boundary-critical medical imaging tasks such as tumor margin delineation, organ 

segmentation and radiotherapy planning where worst-case boundary accuracy holds 

similar clinical weight. 

5.5 Concluding Remarks 

The aim of this thesis was to bridge the gap between optimization of the polyp-

segmentation models and clinical safety criteria. It proposed HD-MixNet, a compact 

hybrid architecture that exploits complementary feature learning, explicit boundary 

supervision, and Hausdorff-aware optimization. It evaluated the proposed HD-MixNet 

honestly on a standard benchmark. The model had competitive overlap performance, but 

the boundary results showed the real difficulty in optimizing for worst-case boundary 

error, the very problem the thesis was written to highlight. In this process, the work 

contributes not only an architecture, but also a clearer understanding of why boundary 

safe segmentation remains an open challenge, and a concrete agenda for addressing it. 
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