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Abstract

The Unet encoder decoder architecture has become a staple for computer vision tasks in
the medical imaging field. In an effort to enhance the performance of these networks,
many have tried to adapt other deep learning techniques for computer vision. In this vein,
I propose a novel encoder decoder architecture that relies on graph based representations
of images instead of the typical 2D pixel format. Images are decomposed into patches
which are then efficiently organized to form a graph with patches as nodes. This
representation allows adopting networks to manipulate data to conform to irregular
structures present in medical images, a capability not possible with grid based methods.
Additionally, I propose a novel graph refinement module to remove the residuals of
predicted segmentation boundaries commonly present with complex objects. Previous
research and my experiments illustrate the potential of this architecture and auxiliary
module.
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Chapter 1
Purpose and Motivation

1.1 Deep Learning and Medical Imaging

Deep learning has a rich history in the field of medical imaging. Since the success
of AlexNet, a large deep learning model that achieved incredible performance in the
ImageNet Large-Scale Visual Recognition Challenge in 2012, deep learning has grown
in popularity for computer vision applications [1]. Applications of these models have
even surpassed physicians in several tasks [8]. In particular, the deep learning framework
known as the Unet architecture is the adopted standard for medical image semantic

segmentation [21].

1.1.1 Semantic Segmentation in the Context of Computer Vision

There are several types of computer vision tasks that can be performed on medical images.
Segmentation refers to the process of finding boundaries between objects in an image as
opposed to classification, which is the process of assigning a label to an object wherever
it may be in the image. Semantic segmentation achieves this by classifying each pixel in

an image therefore providing the necessary information to construct object boundaries.

1.1.2 Specific Applications of Semantic Segmentation in Medicine

Semantic segmentation has been used in radiotherapy planning, brain tissue segmentation,
and many other medical applications due to its efficiency and accuracy compared to
physicians [20]. In some cases, deep learning is replacing traditional algorithmic methods
of segmentation. FreeSurfer, a popular software for automated processing of structural

brain MRISs, is one such example. FastSurfer is a clone of FreeSurfer, but its segmentation



(a) Axial slice (b) Tissue segmentation

Figure 1.1. An example of semantic segmentation on a MRI image with tissue boundaries
identified and displayed

engine is driven by a deep learning model enabling much faster inference and higher
accuracy [9,10,12,13]. Semantic segmentation is not limited to MRI images. A variety
of data modalities can be involved in medical image segmentation tasks X-ray, Positron
Emission Tomography (PET), Computed Tomography (CT), Magnetic Resonance Imag-
ing (MRI), and Ultrasound (US) [26]. Our research focuses specifically on MRI and US
datasets, but there is significant evidence that methods capable of performing well on
tasks will generalize well to other clinical tasks [2]. Therefore, my goal is to provide
a flexible and robust model to enhance the medical field through its application with

semantic segmentation.



Chapter 2
Background and Prior Work

2.1 Vision Transformers

2.1.1 Introduction

Prior Unet architectures utilize convolutional neural networks with a sequence of down-
sampling layers for feature extraction and a sequence of upsampling layers to restore the
spatial dimensions and classify or perform segmentation. With the introduction of the
transformer architecture, new networks implement a vision transformer by creating a
sequence of patches constructed from pixels to utilize the attention mechanisms while
maintaining the encoder decoder structure for feature extraction. Due to the nature of
typical convolutional neural networks, they have a small receptive field. The attention
mechanism of a vision transformer provides a large receptive field allowing for networks

to learn associations between components across the entire image [7].

2.1.2 Implementations of Vision Transformers

SwinNet and TransNet, two popular vision transformer networks, surpass the performance
of standard Unet architectures. Both networks utilize the Unet shape and correspondingly
describe their proposed encoder and decoder structures. The differentiator is their
implementation and placement of the vision transformer [4,5]. They also both conveniently
were trained and tested on the same dataset, the Synapse multi-organ CT dataset, which

provides a useful comparison tool.
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The network architecture of SwinUnet showcasing the encoder and decoder

2.2 Vision Graph Neural Networks

2.2.1 Graph Construction

In this same vein, Han repurposed graph networks typically used for point cloud segmen-
tation and introduced a similar patch mechanism utilizing a K nearest neighbor algorithm

to connect the image patches based on a similarity threshold. These patches then form a



graph where similar patches are connected. The degree of a patch is determined by the

hyperparameter K [11].
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Figure 2.2. Example of two nodes in a graph constructed from an image patches with K = 8

2.2.2 Limitations of Original Vision Graph Neural Networks

This implementation of a vision graph neural network has shown promise, but the graph
construction serves as a performance bottleneck. Efforts to reduce this burden have
focused on alternatives to the K nearest neighbor operation. Munir experimented with
a static graph construction in the development of MobileViG and an efficient dynamic
axial graph construction (DAGC) method in the updated GreedyViG model. Munir’s
proven ability to achieve superb performance with the fairly lightweight DAGC motivated
me to select this method for graph construction in my proposed model. Static graph
construction is fixed for all images and does not adapt to the training data. DAGC is
dynamic and requires a new graph representation per data point via the same greedy K

nearest neighbor algorithm. Despite this burden, DAGC only considers patches within
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the same column or row as potential candidates for connections created via the K
nearest neighbor algorithm effectively squeezing out additional performance gains from

the cumbersome original VGNN model.

To determine the thresholds for connections Munir also implements an efficient al-
gorithm that compares an image segmented into quadrants against the transpose of the

quadrants [22,23]. The full algorithm combines these two methods to create an efficient

Euclidean
Distance -

(a) DAGC with K =3 (b) Figure illustrating the base image transposition

and flexible graph construction method that I will be using as the core of my proposed

model.

2.2.3 Full Picture

Munir then organized several DAGC operations alongside sequential graph convolutions
to form the GreedyViG image segmentation network [23]. We expand upon this work by
implementing these operations in a Unet architecture. Some efforts to introduce graphical
neural networks (GNNs) components to Unet architectures have been successful, but
there has not been any attempt to merge state-of-the-art Unet architectures with GNNs
components. Jiang proposed a basic Unet structure using the original inefficient K
nearest neighbor graph construction, but this barebones model lacked advanced modules

found in many other modern Unet models [15].



Algorithm 1 DACG Construction Algorithm

Require:
K Distance between connections
H, W: Image resolution
X: Input image

Xguadrants: Quadrants of the input flipped across the diagonals

1: m<+ 0 > Initialize roll distance counter
2: norm <— norm(X, Xouadrants) > Matrix norm of tensors
3: p <— mean(norm) > Mean of norm values
4: 0 + std(norm) > Standard deviation of norm values
5: Xfina < 0 > Initialize output tensor
/* Vertical Connection Processing */

6: while mK < H do

7: Xyoltea < roll_down(X, mK) > Roll image down by mK pixels
8: dist <— norm(X, X, opieq) > Compute distance
9: if dist < y — o then > Generate mask based on distance threshold
10: mask < 1
11: else
12: mask < 0
13: end if

14: Xiown < mask - (Xrolled — X)
15: Xfinal A maX(Xdowrm Xfinal)
16: m<+m+1

17: end while

/* Horizontal Connection Processing */

18: m <+ 0

19: while mK < W do

20: Xyolted — roll_right(X, mK)
21: dist < norm(X, X, opied)

> Extract relevant features
> Keep maximum values
> Increment roll distance

> Reset roll distance counter

> Roll image right by mK pixels
> Compute distance

22: if dist < yu — o then > Generate mask based on distance threshold
23: mask <1

24: else

25: mask < 0

26: end if

27: Xm’ght <+~ mask - (Xrolled — X)
28: Xfinal A maX(Xright> Xfinal)
29: m<+m-+1

30: end while

31: return Conv2d(Concat(X, X inal))

> Extract relevant features
> Keep maximum values
> Increment roll distance

> Return processed features




2.3 Residual Refinement Modules

In my proposed model, T include a novel residual refinement module. I took inspira-
tion from BASNet, a boundary-aware salient object detection network, that utilizes
a refinement module to focus on crisp and accurate boundaries for challenging image
segmentation datasets. This refinement module, referred to as a Residual Refinement
Module (RRM), outputs final pixel level classification as the simple result of tensor

addition of the predicted residuals and the original classification head output:

—~

Sreﬁned - Scoarse + Sresidual 21)

Testing of BASNet showcased the model’s ability to eliminate ambiguities at complex

segmentation borders [24].
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Figure 2.3. Collage of images showcasing the exceptional performance of BASNet

In summary, my proposed model introduces the following novel contributions:

1. A model architecture that utilizes graph neural networks for image operations in a
state of the art encoder-decoder structure to utilize recent advancements made in

both graph networks and Unet models.



2. A graphical residual refinement model to enhance coarse segmentation borders

produced by previous layers.
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Chapter 3
Network Design

3.1 Proposed Unet Overview

3.1.1 Encoder

The encoder portion of the model is 5 stages. The first stage creates the initial tensor
from the input image to create 64 channels from the single input channel. The following
stages consist of multiple graph construction blocks, graph convolution operations, and
inverted residual connections. These hyperparameters can be changed to influence the
behavior of the encoder and subsequently increase or decrease the amount of total model
parameters. For the proposed model, I used 4 graph construction blocks and 4 graph
convolution operations per encoder stage. The K parameter used in the K nearest
neighbor operation is fixed per stage with values 8, 4, 2, 1 from first to last stage. Via
ablation studies, Murri found that keeping the graph too sparse at lower resolutions can
negatively impact accuracy [23]. Keeping K proportional to spatial dimension maintains
the relative sparsity. Between each encoder stage there is a downsample to half the input
spatial resolution and expand the channel dimension. This downsampling is done via 3 x

3 convolution; this could be done differently, but I chose the simplest method available.

3.1.2 Decoder

The decoder portion of the model encapsulates 4 stages. The first stage is the bridge
connection that simply copies the final encoder output. Each subsequent stage uses
bilinear upsampling to double to spatial dimension with a final output head to match the
desired output image dimensions if needed. The channel dimension is handled slightly

differently due to the nature of the skip connections which will be discussed in the next

11



section. This final output is then transmitted to the refinement module which will also

be discussed in further detail.

3.1.3 Skip Connections

Another noteworthy aspect of my Unet model is the usage of full-scale skip connections
introduced and tested by Huang in their Unet3+ model. Full scale skip connections were
developed to address the limitations of existing skip connections and capture signals from
varied scales in the hopes of providing the model with a greater ability to learn both the
position and the boundary of objects that appear in various scales. This introduces an
important invariance to scale allowing the model to correctly segment objects even if they
appear in different sizes throughout the training data. Each decoder stage is connected
to all other scales via a method of first scaling all previous encoders and decoder stages
to a uniform size via maxpool or bilinear upsampling operations and then aggregation to
produce a single tensor that is the final output for a specified decoder stage. This can be
expressed concisely: let ¢ index each stage of the encoder and N be the total number
of stages. C() denotes convolution and H() denotes the feature aggregation. D(),U|()

denote downsample and upsample operations respectively [14].

3.1.4 Inverted Residual Connections and Depthwise Separable Con-

volutions

I also included the inverted residual connections and depthwise separable convolutions
as proposed in the GreedyViG model. Due to the model’s inherent high computational
overhead due to the graph networks, I chose to use depthwise separable convolutions
to reduce the number of parameters. Depthwise separable convolutions reduce the
computational cost while maintaining most of the abilities of traditional convolutions.
In other words, they are more efficient convolution operators [6]. Inverted residual
connections were also included for efficiency concerns. These blocks are inter-block skip
connections that provide the context enhancements of traditional skip connections while

using fewer parameters due to its inverted structure that reduces the channel dimension

12



before applying the depthwise separable convolution [3].

Xion: i=N
Xp. = ,_ , . (3.1)
H | |C(D(XE,))itt, C(Xpa), CUX D))l | |+ i=1- N =1
Scales:1th ~ith Scales:(i41)th~Nth

3.1.5 Deep Supervision

Another important feature of my model is support for deep supervision mechanisms. Deep
supervision, also known as auxiliary supervision, is a technique that allows additional
model outputs to be fed into a chosen loss function. My model contains 3 deep supervised
outputs in addition to the final output of the refinement module. These outputs are
supplied from the 2nd, 3rd, and 4th decoder stages. Deep supervision has been shown to
act as a regularization agent for smaller datasets and can help reduce the depth of these

Unet networks alleviating complexity and concerns of vanishing gradients [19].

3.2 Refinement Module

3.2.1 Overview

My novel refinement module learns a single output for each pixel. Originally, each pixel
would be classified based on the highest ranking for each class, and the refinement module
learns what offset must be applied to these rankings to produce the correct ranking

matrix.

3.2.2 Structure

The flow of this module is simple: the final output of the Unet is passed directly into
the refinement module. The refinement module stores this initial input, computes the
offset, and then applies the offset to the initial input to produce the final output. To
keep the component simple and lightweight, the channel dimension is maintained at
a constant 64 channels similar to the BASNet refinement module. The refinement
module itself forms a Unet structure with 5 stages in the decoder and encoder. The
input dimension is halved in each stage of the decoder and upsampled with bilinear

upsampling in the decoder. The core piece of my refinement module is the inclusion of

13
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Figure 3.1. Refinement module architecture

graph construction and graph convolution blocks in the encoder as opposed to standard
convolution operations. I utilized a K value of 4 for the initial stage and K = 2 for
the remaining graph constructions, as the spatial resolution was just 16 x 16 at the
bridge connection for a standard 256 x 256 input image. Ablation studies show that
this component increased my model’s capabilities across various metrics. Standard skip

connections between corresponding encoder and decoder stages are also used.
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Chapter 4
Training and Results

4.1 Datasets

4.1.1 CAMUS Dataset

The Cardiac Acquisitions for Multi-structure Ultrasound Segmentation (CAMUS) dataset
was used for training and evaluation of this model. The dataset contains two and four-
chamber acquisitions from 500 patients with reference measurements from one cardiologist
on the full dataset and from three cardiologists on a fold of 50 patients acquired at the
University Hospital of St Etienne. The full dataset was acquired from GE Vivid E95
ultrasound scanners, with a GE M5S probe. The dataset contains images of End-Diastole
(ED) and End-Systole (ES) for each patient. The original image size of 512x512 was
reduced to 256x256 for standardization purposes. No data augmentations were performed
on the CAMUS dataset. This dataset contains 4 segmentation target classes [18]. NiBabel
was utilized to load the dataset NIfTT files into 1 channel tensors.

4.2 Network Training

Training was performed using PyTorch 2.5.1, torchvision 0.20.1, and timm 1.0.15 in
an Anaconda 24.11.1 environment. A single A6000 GPU was used for training and
testing of all models. Training was done via the Adam optimizer with a learning rate of
le-3 [16]. Standard Cross Entropy Loss was used for the training loss. Due to the VRAM
requirements of my model, I kept the batch size low at 4. To foster reproducibility, I

used a random seed of 42 whenever randomization was required.

15



Example ED Input Image Corresponding GT Mask

Corresponding GT Mask

Figure 4.1. Example figure of input image and GT mask

4.3 Experiment Results

Testing was performed by averaging the DICE and IOU metrics across each of the 5 folds

produced via 5-fold cross validation.

2XNY]
DICE = =1 (4.1)
[ X|+ 1Y
IXNY]
IOU =121 4.2
X UY] (4.2)

for sets of pixels X and Y.
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Segmentation Model Training Progression (5-Fold CV)
Training and Validation Loss
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Figure 4.2. Proposed model training progression for the CAMUS dataset

4.3.1 CAMUS Results

Note: I did not include the background class in my averages. This substantially lowered
metric scores, but provides a more accurate representation of each model’s capabilities.
The background class is typically extremely easy to classify due to class imbalance in

datasets.

4.3.2 Models and Weights

All models were trained via the same script with 5-fold cross validation. The original
Unet was constructed according to the published implementation with one level of depth
removed to increase performance, as the original depth required a higher image resolution
to function properly [25]. The SwinUnet!, TransUnet?, Unet++2, and Unet3+* models
utilized exact copies of published implementations. All code and weights used for these

experiments are available at https://github.com/davidsaldubehere/ViGR-Unet.

'https://github.com/HuCaoFighting/Swin-Unet/tree/main
’https://github.com/Beckschen/TransUNet
Shttps://github.com/4uiiurzl/pytorch-nested-unet
‘https://github.com/dmMaze/UNet3Plus-pytorch/tree/master

17



Table 4.1. CAMUS experiment results

CAMUS ED Dataset CAMUS ES Dataset

Model DICE (%) 10U (%) DICE (%) 10U (%)
Proposed Model 88.54 82.61 87.52 82.51
Proposed Model w/o refinement module 88.23 81.80 87.48 81.72
Unet 75.72 63.96 75.41 65.99
SwinUnet 72.69 60.89 67.92 LY
TransUnet 87.12 79.72 86.63 80.78
Unet++ 87.66 81.39 86.22 80.12
Unet3+ 87.54 80.71 86.97 81.44

4.3.3 Ablation Experiment

I conducted an ablation experiment by running a copy of my proposed model without
adding the predicted residuals. All other hyperparameters were kept the same, and deep
supervision was also utilized. As is evident from the results, the refinement module

provides significant performance increases.
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Chapter 5
Conclusion and Further Work

5.1 Performance Factors

I noticed that my model suffered from slower inference times and higher VRAM memory
requirements due to the nature of graph networks. This limits the batch size, accessibility,
and tasks that my model can be used for. Additionally, it was not trivial to procure a
GPU satisfying this requirement. I hope to see further research into the optimization of

vision graph neural networks to resolve these drawbacks.

5.2 Overfitting

During development, I was often plagued by overfitting issues. Although I am unsure of if
this is a common issue among graph-based networks, I know that similarly sized models
of different backbones (by parameter count) did not suffer nearly as many overfitting
issues as my model did. I was able to mitigate this by including drop out layers and drop

paths [17]. Further work is needed to properly diagnose and resolve this issue.

5.3 Structural Optimization

The development process also revealed that my model is not invariant to small structural
changes. The encoder portion uses the same hyperparameters for graph components and
their corresponding construction algorithm parameters as was proposed in the original
GreedyViG model B. I attempted to optimize some of these hyperparameters via grid
search algorithms, but I was unsuccessful to find reproducible candidates that improved

performance. Nueral architecture search (NAS) is a promising avenue for future work to

19



better optimize the model’s structure and hyperparameters.

5.4 Refinement Module Considerations

Although I utilized ablation experiments to showcase the importance of my novel refine-
ment module, further work is needed to fully prove its efficacy. Direct comparisons with
other existing refinement modules could show that graph-based refinement modules are

superior.

5.5 The Synapse Multi-Organ Segmentation Dataset

I am currently running experiments with was the Synapse Multi-Organ Segmentation
Dataset!. The dataset contained 3779 axial abdominal Computed Tomography (CT)
images. Each CT volume was made up of 85 to 198 slices, and each slice had a resolution
of 512 x 512 px. For my testing, the images were resized to 256 x 256 px. Each slice is
annotated with 8 organ classes: aorta, gallbladder, spleen, left kidney, right kidney, liver,
pancreas, and stomach segmentation. To simplify comparisons with existing research,
I am only reporting results for these 8 classes instead of the full 13 annotated classes
that the dataset provides. Training will still use the 14 classes across all models tested
(considering the additional background class). The differing shapes and locations of
these organs provides the perfect testbed for my model. One important note: the
published dataset actually provides 50 patient samples, but the authors only provided
the annotations for 30 of them because the original dataset was published in a challenge
setting that required a hidden test set for accurate benchmarking purposes. Results will

be reported on the project github when complete.

M :orta gallbladder [l left kidney right kidney [l liver pancreas spleen stomach

Figure 5.1. Example figure of input image and GT mask from the Synapse dataset

'https://www.synapse.org/#!Synapse:syn3193805/wiki/217789
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5.6 Concluding Remarks

In conclusion, my proposed model leverages cutting-edge vision graph neural networks
to define a novel Unet architecture that outperforms existing models on the CAMUS
dataset. My introduction of a graph-based refinement module also provides a promising
new avenue for future work in the field of medical image segmentation. I hope this work

will enable new deep-learning applications to enhance the medical field.
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