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Abstract
This study explores the potential of graph neural networks

(GNNs) to enhance semantic segmentation across diverse im-
age modalities. We evaluate the effectiveness of a novel GNN-
based U-Net architecture on three distinct datasets: PascalVOC,
a standard benchmark for natural image segmentation, Wood-
Scape, a challenging dataset of fisheye images commonly used
in autonomous driving, introducing significant geometric distor-
tions; and ISIC2016, a dataset of dermoscopic images for skin le-
sion segmentation. We compare our proposed UNet-GNN model
against established convolutional neural networks (CNNs) based
segmentation models, including U-Net and U-Net++, as well as
the transformer-based SwinUNet. Unlike these methods, which
primarily rely on local convolutional operations or global self-
attention, GNNs explicitly model relationships between image re-
gions by constructing and operating on a graph representation
of the image features. This approach allows the model to cap-
ture long-range dependencies and complex spatial relationships,
which we hypothesize will be particularly beneficial for handling
geometric distortions present in fisheye imagery and capturing in-
tricate boundaries in medical images. Our analysis demonstrates
the versatility of GNNs in addressing diverse segmentation chal-
lenges and highlights their potential to improve segmentation ac-
curacy in various applications, including autonomous driving and
medical image analysis. Code Available at GitHub.

INTRODUCTION
Image segmentation is a critical component of autonomous

driving systems, enabling vehicles to interpret and understand
their surroundings by partitioning visual input into meaningful
regions. Accurate segmentation allows for the identification of
lanes, detection of obstacles, recognition of traffic signs, and com-
prehension of the dynamic environment necessary for safe naviga-
tion. Without precise segmentation, autonomous vehicles would
struggle to make informed decisions, potentially compromising
safety and efficiency.

Deep Neural Networks (DNNs) have significantly advanced
the field of image segmentation, providing powerful tools for
feature extraction and pattern recognition. CNNs[1], in partic-
ular, have become the backbone of many segmentation models
due to their ability to learn hierarchical representations of visual
data. Prominent architectures such as U-Net[2], U-Net++[3], and
SwinUNet[4] have demonstrated exceptional performance in var-
ious segmentation tasks. U-Net and its variants are especially
known for their encoder-decoder structures that capture contex-
tual information while preserving spatial details, making them
suitable for biomedical and natural image segmentation. Swin-
UNet integrates the strengths of the Swin Transformer with the
U-Net architecture, further enhancing feature representation and
capturing long-range dependencies.

Despite their success, CNN-based segmentation methods
have inherent limitations. They often struggle to capture the intri-
cate relationships between objects, especially in complex scenes
where contextual information is crucial. Additionally, CNNs
are sensitive to geometric distortions, such as those introduced
by fisheye cameras commonly used in autonomous vehicles to
achieve wide fields of view. These distortions can degrade the
performance of CNNs, as their convolutional kernels may not ef-
fectively handle non-linear transformations in the image space[5].

Graph-based methods offer a promising solution to these
challenges by modeling images as graphs where nodes represent
pixels or regions, and edges represent relationships between them.
GNNs[6] excel at capturing complex dependencies and can nat-
urally handle irregular structures and non-local interactions. By
leveraging GNNs, it’s possible to consider global contextual infor-
mation and the geometric relationships between objects[7], which
is particularly advantageous in scenarios with distorted images or
where object relationships play a critical role.

In this work, we propose a hybrid approach that combines
CNNs and GNNs to improve image segmentation for autonomous
driving. A CNN extracts rich local feature representations, which
are used to construct a graph where nodes represent feature vec-
tors, and edges capture spatial and feature similarities. A GNN
processes this graph to refine segmentation by modeling complex
relationships between image regions. This integration leverages
the local pattern extraction of CNNs and the global relational
modeling of GNNs, addressing limitations of traditional CNN-
based methods [8].

We evaluate our proposed method on three distinct datasets
to demonstrate its effectiveness and robustness. The first is the
PascalVOC Segmentation dataset[9], a widely used benchmark
for general-purpose image segmentation that includes a variety
of object classes and scene complexities. The dataset contains
annotated images of everyday objects, providing a comprehen-
sive testbed for assessing segmentation models. The second is
the WoodScape dataset[10], specifically designed for autonomous
driving scenarios with fisheye camera images. WoodScape pro-
vides a challenging set of images with significant geometric dis-
tortions, multiple camera perspectives, and diverse driving con-
ditions, making it ideal for testing the robustness of segmenta-
tion models in real-world driving environments. The third is the
ISIC2016 dataset[11], a medical imaging benchmark for skin le-
sion segmentation. This dataset contains dermoscopic images
with detailed annotations, offering a domain-specific evaluation
of segmentation models in the context of healthcare, where preci-
sion and sensitivity are critical.

Our experimental results indicate that incorporating GNNs
into the segmentation pipeline enhances accuracy, especially in
challenging situations with distorted images. On the PascalVOC
dataset, our method achieves competitive performance, demon-
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strating its general applicability. On the WoodScape dataset, we
observe a notable improvement over traditional CNN-based meth-
ods, highlighting the advantage of our hybrid approach in dealing
with geometric distortions. These findings suggest that our CNN-
GNN framework can provide more robust and accurate scene un-
derstanding, potentially improving the reliability and safety of
autonomous driving systems. This work makes two key contri-
butions:

1. A Novel Approach Combining CNNs and GNNs: We in-
troduce a new method that harnesses the strengths of both
CNNs and GNNs for semantic segmentation. By leveraging
CNNs to extract hierarchical features and GNNs to refine
them through graph-based interactions, we achieve more ac-
curate and robust segmentation results.

2. Validation of Robustness Across Diverse Datasets: We
demonstrate the effectiveness of our approach on three
distinct datasets: the versatile PascalVOC Segmentation
dataset, the challenging WoodScape dataset featuring fish-
eye images common in autonomous driving scenarios, and
the ISIC2016 dataset, a benchmark for skin lesion segmen-
tation in medical imaging. This showcases the generaliz-
ability and robustness of our method across diverse imaging
conditions and applications.

RELATED WORK
Image segmentation is a fundamental task in autonomous

driving systems, enabling vehicles to interpret their surroundings
by identifying and classifying objects within a scene. Accurate
segmentation informs critical decisions for navigation and safety,
such as obstacle avoidance and path planning [12].

U-Net
U-Net [2] is a convolutional neural network architecture de-

signed for precise segmentation, particularly effective for biomed-
ical image segmentation. Its architecture is characterized by an
encoder-decoder structure with symmetric skip connections. The
encoder path contracts the input image through a series of convo-
lutional layers and max pooling operations, capturing contextual
information at different scales. The decoder path then expands
the feature maps using up-convolution (transposed convolution)
layers, recovering the spatial resolution. Crucially, the skip con-
nections directly transfer high-resolution feature maps from the
encoder to the corresponding layers in the decoder. This mecha-
nism helps to preserve fine-grained details and improve localiza-
tion accuracy, which is essential for identifying small or distant
objects on the road in autonomous driving applications [13]. The
original U-Net used relatively few training samples, relying on
strong data augmentation to achieve robust performance.

U-Net++
U-Net++ [3] builds upon the U-Net architecture by introduc-

ing nested and dense skip connections. Instead of direct skip con-
nections between corresponding encoder and decoder levels, U-
Net++ uses a series of nested, dense skip connections that connect
all encoder and decoder nodes at the same level. This design cre-
ates multiple U-Nets of varying depths within the architecture, en-
abling the aggregation of features from different receptive fields.
This nested architecture effectively bridges the semantic gap be-

tween encoder and decoder feature maps by gradually refining the
features passed through the skip connections. This approach fa-
cilitates better feature recalibration, leading to more detailed and
accurate segmentation results, especially in complex scenes typ-
ical of autonomous driving environments. The deep supervision
provided by the multiple U-Nets further enhances the training pro-
cess. This allows for improved segmentation of objects at multi-
ple scales.

SwinUNet

The Swin Transformer [14] revolutionized computer vision
by effectively applying transformer architectures, originally de-
signed for natural language processing, to image tasks[15]. Swi-
nUNet [4] integrates the Swin Transformer into the U-Net frame-
work, replacing the convolutional layers in the encoder and de-
coder with Swin Transformer blocks. The Swin Transformer uses
shifted windows for efficient computation of self-attention, allow-
ing the model to capture long-range dependencies and global con-
text while maintaining computational efficiency. This is a signifi-
cant advantage over traditional CNNs, which have limited recep-
tive fields. In SwinUNet, the hierarchical structure of the Swin
Transformer allows for multi-scale feature extraction, similar to
the encoder-decoder structure of U-Net. The ability to model
complex spatial relationships makes SwinUNet a promising ap-
proach for autonomous driving scenarios, where understanding
the global context is vital for tasks like detecting distant objects,
comprehending road layouts, and predicting the behavior of other
road users. Although initially prominent in medical image seg-
mentation, its potential in autonomous driving is increasingly rec-
ognized.

Challenges with CNN-Based Methods

Despite their successes, CNN-based models like U-Net, U-
Net++, and SwinUNet face challenges in handling geometric dis-
tortions and capturing intricate relationships between objects in
driving scenes. Fisheye cameras, commonly used in autonomous
vehicles for their wide field of view, introduce significant ra-
dial and tangential distortions that standard convolutional ker-
nels struggle to process effectively [16]. These distortions can
lead to inconsistencies in object shapes and sizes, making it dif-
ficult for CNNs to accurately segment objects[17]. Furthermore,
while SwinUNet addresses long-range dependencies to some ex-
tent, capturing complex relationships between objects, such as
their relative positions and interactions, remains a challenge for
purely CNN-based or even transformer based approaches without
explicit relational modeling. This limitation can lead to decreased
segmentation accuracy in distorted images, affecting the vehicle’s
ability to make safe and reliable decisions.

The following section details our proposed method, which,
like U-Net, employs an encoder-decoder structure. However, to
enhance feature separability and achieve more precise segmenta-
tion, we introduce a GNN based approach at the bottleneck of the
architecture. This GNN layer refines the CNN-extracted features
by explicitly modeling their relationships, leading to more distinct
representations that are then used for upsampling and ultimately,
segmentation mask generation.
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Figure 1: Model Architecture. The network is composed of three main modules: an Encoder, a GNN Bottleneck, and a Decoder.

Methodology
We propose an enhanced U-Net architecture that incorpo-

rates Graph Neural Network (GNN) layers at the bottleneck. This
design leverages the convolutional feature extraction capabilities
of U-Net while introducing a graph-based mechanism to capture
complex global interdependencies—particularly useful for miti-
gating the geometric distortions introduced by fisheye cameras.

Overall Architecture
As illustrated in Figure 1, the proposed model consists of

three primary components:

• Encoder: Extracts hierarchical features through convolu-
tional blocks.

• GNN Bottleneck: Learns global context and relationships
via GNN layers.

• Decoder: Reconstructs spatial resolutions and produces the
segmentation map.

Encoder
Let the input be X ∈ RH×W×C, all images were resized to

dimensions of 256x256. The encoder progressively downsamples
X using a series of convolutional blocks, each consisting of two
convolutions, an activation, and a pooling operation:

Fl = Pool
(
σ(Conv2(σ(Conv1(Fl−1))))

)
, (1)

where:

• Fl is the feature map at block l.
• Conv1 and Conv2 denote convolutional operations (typically

with 3×3 kernels).
• σ is an activation function (e.g., ReLU).
• Pool is a pooling operation (e.g., max pooling with a 2× 2

kernel and stride 2), halving the spatial dimensions.
• F0 = X .

GNN Bottleneck
At the bottleneck, we introduce a GNN module to capture

long-range dependencies and non-local context, which is particu-
larly beneficial for handling fisheye distortions. Fisheye lenses
produce wide fields of view but introduce complex geometric
distortions that can adversely affect standard convolution oper-
ations [18]. Traditional convolutional kernels assume a regular
grid structure, making them less robust to non-uniform spatial
transformations. In contrast, a graph-based formulation allows
for flexible connectivity that can accommodate the irregular ge-
ometry of warped images [19, 20].

Specifically, we build a graph from the deepest encoder fea-
ture map FL ∈ RHL×WL×CL . By connecting each spatial location
to its k-nearest neighbors in a warped coordinate space (via rel-
ative positional encoding), the GNN bottleneck effectively learns
features that are invariant to local distortions. This approach is in-
spired by the success of graph convolution in capturing relation-
ships on non-Euclidean domains, such as those arising in social
networks, point clouds, or other irregular geometries [20].

Graph Construction
We formulate a graph G = (V,E) as follows:

• Nodes (V ): Each spatial location (x,y) in FL corresponds to
a node vxy ∈ V . The initial node feature h(0)xy ≡ FL(x,y) ∈
RCL . Thus, |V |= HL ×WL.

• Edges (E): We create edges based on spatial k-nearest
neighbors (k-NN). For each node vxy, we connect it to its
k closest nodes in a suitably modified (warped) coordinate
space:

E = {(vxy,vx′y′) | vx′y′ ∈ k-NN(vxy)}.

Relative Positional Encoding and k-NN Search
To better handle fisheye distortions, we incorporate relative

positional encodings during the graph construction step. Instead
of directly using the spatial coordinates (x,y) when determining
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Figure 2: Visualization of segmentation mask generated by different models under this study

neighbors, we add a learned offset Rxy (computed via sine-cosine
functions as proposed in [21]) to warp the coordinates:

P′
xy = Pxy +Rxy,

where Pxy is the original spatial coordinate of node vxy and Rxy is
its corresponding relative positional encoding. This warped co-
ordinate space preserves context about local distortions, allowing
the GNN to capture relationships in a manner that is more robust
to the irregular geometry commonly introduced by fisheye lenses
[22].

Graph Convolution
Once the graph is constructed, node features are updated by

aggregating information from neighbors:

h(t)i = σ

(
∑

j∈N(vi)

W
(
h(t−1)

j
)
+b

)
, (2)

where:

• h(t)i is the feature vector of node vi at layer t.
• W ∈ RCL×CL and b ∈ RCL are learnable parameters.
• σ is an activation function (e.g., ReLU).
• N(vi) denotes the neighbors of vi (including vi itself) under

the warped coordinate-based k-NN.
• h(t−1)

j is the feature vector of neighbor v j from the previous

layer, with h(0)i = FL(i).

By leveraging these graph convolutions, the network ag-
gregates information from spatially non-adjacent but perceptu-
ally correlated regions, thus better accounting for the localized

stretching and shrinking effects characteristic of fisheye distor-
tions [23]. This global connectivity significantly improves seg-
mentation accuracy compared to traditional U-Net models, par-
ticularly in scenes with large field-of-view imagery.

Decoder
The decoder upsamples features and incorporates skip con-

nections from the corresponding encoder layers:

F ′
l = σ

(
ConvTransposel(F

′
l+1)+Sl

)
, (3)

where:

• F ′
l denotes the feature map at the l-th decoder block.

• ConvTransposel is a transpose convolution (typically a 2×2
kernel with stride 2).

• Sl is the skip connection feature map from the corresponding
encoder block l.

Finally, the segmentation map Y ∈ RH×W×Cout is generated
by:

Y = softmax
(
Conv(F ′

0)
)
, (4)

where Cout is the number of output classes.

Results
We evaluated our proposed UNet-GNN model against sev-

eral state-of-the-art architectures, namely U-Net, U-Net++, and
SwinUNet shown in Table 1 for WoodScape dataset.

We use the Intersection over Union (IoU) metric, which mea-
sures the overlap between predicted and ground-truth segmenta-
tion masks. Below is a concise summary of key findings for each
dataset:
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Table 1: Class-specific accuracy and IoU scores for various models in this study.

Sr. # Categories U-Net U-Net++ Swin-UNet UNet-GNN
Acc ↑ IoU ↑ Acc ↑ IoU ↑ Acc ↑ IoU ↑ Acc ↑ IoU ↑

1 Background 0.99 0.94 0.99 0.98 0.99 0.96 0.99 0.97
2 Road 0.98 0.90 0.98 0.94 0.96 0.92 0.97 0.94
3 Lanemark 0.73 0.64 0.48 0.44 0.60 0.56 0.78 0.69
4 Curb 0.34 0.39 0.21 0.17 0.55 0.48 0.66 0.60
5 Person 0.16 0.09 0.40 0.37 0.34 0.28 0.51 0.44
6 Rider 0.31 0.35 0.18 0.13 0.50 0.41 0.49 0.37
7 Vehicles 0.84 0.77 0.94 0.88 0.91 0.85 0.94 0.90
8 Bicycle 0.54 0.53 0.70 0.57 0.65 0.54 0.77 0.43
9 Motorcycle 0.28 0.23 0.21 0.14 0.54 0.42 0.74 0.60

10 Traffic Sign 0.10 0.10 0.11 0.08 0.10 0.10 0.21 0.17

Average mIoU 0.87 0.81 0.89 0.93
Average Accuracy 0.99 0.98 0.98 0.99

PascalVOC. Our UNet-GNN achieves an IoU of 0.774, outper-
forming both U-Net (0.676) and U-Net++ (0.733). SwinUNet at-
tains a higher IoU of 0.774, reflecting its strength in capturing
global context for a wide variety of object categories. Neverthe-
less, UNet-GNN’s notable gain over the other convolution-based
methods illustrates that integrating GNN layers benefits standard
image segmentation tasks.

WoodScape. The most pronounced improvement emerges on
WoodScape, where UNet-GNN attains an IoU of 0.933, outper-
forming U-Net (0.878), U-Net++ (0.810), and even SwinUNet
(0.893). This result underscores the critical advantage of graph
convolutions in modeling heavy geometric distortions. By defin-
ing node connectivity via warped coordinates, the GNN bottle-
neck effectively handles the non-uniform scene transformations
caused by fisheye optics, visualization for various segmentation
masks shown in Figure 2.

ISIC2016. On this dermoscopic image dataset, UNet-GNN
again demonstrates robust performance with an IoU of 0.833,
clearly improving upon U-Net (0.681), U-Net++ (0.733), and
SwinUNet (0.771). The graph-based approach proves adept at
capturing long-range dependencies and subtle boundary details,
which are crucial in medical scenarios where precise lesion delin-
eation can vary greatly in shape, size, and texture.

Overall Observations. While SwinUNet shows strong ca-
pability on more conventional datasets like PascalVOC, our
UNet-GNN provides a balanced, high-performing alternative
across diverse image domains, particularly excelling in datasets
with pronounced distortion (WoodScape) or irregular boundaries
(ISIC2016). By incorporating a GNN bottleneck, the proposed
method can flexibly model global relationships, offering distinct
advantages over purely convolution- or transformer-based solu-
tions when faced with challenging real-world distortions or com-
plex object morphologies.

Limitations and Future Work
One primary limitation of the proposed method is its inabil-

ity to effectively distinguish between classes with overlapping
features but distinct contexts, such as rider and person, or bike
and motorbike. For example, the model may incorrectly classify a
rider as a person, despite the fact that rider is more contextually
associated with bike or motorbike, while person is more closely
associated with road or curb. This challenge arises because the
method does not explicitly account for inter-class semantic rela-
tionships during training.

To address this limitation, future work could incorporate
the Generalized Wasserstein Dice Loss [24], which leverages the
Wasserstein distance, also known as the Earth Mover’s Distance
(EMD). The EMD measures the distance between two probabil-
ity distributions by calculating the minimum cost of transforming
one distribution into the other, formulated as a linear program-
ming problem in scenarios with finite paths.

This loss function explicitly accounts for inter-class relation-
ships through a transition cost matrix (MC×C), which allows as-
signing penalties based on semantic similarity between classes.
For instance, in our context, the matrix could impose a lower
penalty for misclassifying a rider as a motorbike or bike, com-
pared to misclassifying a rider as a person. Similarly, it could
impose a lower penalty for associating a person with road or curb
compared to bike or motorbike.

Adapting this methodology, the Generalized Wasserstein
Dice Loss can be formulated as:

Generalized Wasserstein Dice Loss =−
N

∑
n=1

C

∑
c=1

Mc,c · tcn ·ync

where yn represents the predicted class probabilities for the
n-th pixel, tn represents the one-hot encoded target class for the
n-th pixel, and MC×C is the matrix encoding transition costs be-
tween classes.
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