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Abstract

The development of real-time semantic segmentation faces significant challenges
in designing efficient convolutional neural network (CNN) architectures or minimizing
the computational costs of vision transformers (ViTs) while maintaining real-time perfor-
mance. Although ViTs excel at capturing long-range dependencies, their computational
speed is often a bottleneck. Large-kernel CNNs offer similar receptive fields but strug-
gle with multi-scale feature adaptation and global context integration. To overcome these
limitations, we introduce the Large Kernel Attention mechanism. Our proposed Bilateral
Efficient Visual Attention Network (BEVAN) integrates the Efficient Visual Attention
(EVA) module, Deep Large Kernel Pyramid Pooling Module (DLKPPM), and Boundary
Guided Attention Fusion (BGAF) module. The EVA models expands the receptive field
to capture multi-scale contextual information and extracts visual and structural features
using Sparse Decomposed Large Separable Kernel Attentions (SDLSKA) by combining

regional and strip convolutions with diverse topological structures. The Comprehensive
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Kernel Selection (CKS) mechanism dynamically adapts the receptive field to further en-

hance performance. The Deep Large Kernel Pyramid Pooling Module (DLKPPM) en-

riches contextual features and extends the receptive field through a combination of dilated

convolution and large kernel attention mechanisms, balancing performance and accuracy

by refining features and improving semantic concept capture. The bilateral architecture fa-

cilitates frequent communication between branches, and the BGAF module uses the guid-

ance of boundary information to adaptively merge low-level spatial features with high-

level semantic features, enhancing the network’s ability to accurately delineate blurred

boundaries while retaining detailed contours and semantic context. Our model achieves

a 79.3% mloU without pretraining, indicating a low dependency on extensive pretraining

datasets. After pretraining on ImageNet, the model further attains an 81.0% mloU, setting

anew state-of-the-art benchmark while maintaining real-time efficiency with a processing

rate of 32 FPS.

Keywords: Computer Vision, Real-time Semantic Segmentation, Large Kernel Atten-

tion, Adaptive Feature Fusion

doi:10.6342/NTU202500107

viil



Contents

Page

Verification Letter from the Oral Examination Committee i
Acknowledgements iii
#Hz v
Abstract vii
Contents ix
List of Figures xiii
List of Tables XV
Denotation xvii
Chapter 1 Introduction 1
Chapter 2 Related Work 7
2.1 Generic Semantic Segmentation . . . . . . ... ... ... ... .. 7

2.2 Real-time Semantic Segmentation . . . . . .. ... ... ...... 8

2.3 Large Kernel Attention . . . . . ... ... ... ... ... ... .. 10

24  FeatureFusion . . . . ... ... .. ... ... 12

2.5  Pyramid PoolingModule . . . . .. ... ... oL 13
Chapter 3 Methodology 15
3.1 Bilateral Architecture . . . . . . . .. ... ... ... ... 15

doi:10.6342/NTU202500107

X



3.2 Efficient Visual AttentionBlock . . . . . . . . .. ... ... .. .. 16

3.2.1 Sparse Decompose Large Separable Kernel Attentions . . . . . .. 18
3.2.2 Comprehensive Kernel Selection . . . . . .. ... ... ... ... 19
33 Deep Large Kernel Pyramid Pooling Module . . . .. ... ... .. 21
3.4  Boundary Guided Adaptive Fusion . . . . ... ... ... ..... 23
Chapter 4 Experiments 25
4.1 Dataset . . . . . . . . . 25
411 CitySCapes . . . v v v v e e e e e e e 25
412 Camvid . . ... ... 25
4.2  Experiment Settings . . . . . . . . . ... 26
42.1 Pretraining . . . . . . . . . . . e 26
422 Training . . . . . . . e e 26
423 Measurement . . . ... Lo 27
4.3 Comparison . . . . . . . . .. e e 27
4.3.1 Comparison without pretraining . . . . . . ... ... ... .... 27
432 Overall Comparison . . . . . . . . . ...t 28
44  AblationStudy . . ... ... ... 29
4.4.1 Architecture Efficiency . . . . ... ... .. ... ......... 29
442 Large Kernel Attention . . . . . .. .. ... ... ......... 30
443 SelectionKernel . . . . . ... ... ... .. .. . 31
444 BranchFusion. .. ... ... ... ... .. ... ... ... 32
44.5 Multi-scale Fusion . . . . ... ... ... ... oL 32
4.4.6 Overall without pretraining . . . . . ... ... ... ........ 33

doi:10.6342/NTU202500107



4.5 Visualization . . . . . . . . . . . ... e 34

45.1 SmallObject. . . . . . ... .. ... .. 34
452 Completeness . . . . . . . . ... e 36
Chapter 5 Conclusion 37
References 39

doi:10.6342/NTU202500107

X1



doi:10.6342/NTU202500107

xii



1.1

3.1
3.2

33
3.4

3.5

4.1
42
43
4.4
45
4.6
4.7

List of Figures

Performance of real-time models on the Cityscapes [11] validation set,

with our model in blue and othersingreen. . .. ... ... ....... 5
The overall structure of the BEVAN. . . .. .. ... ... ...... 16
The structure of (a) Efficient Visual Attention (EVA) block and (b)
Sparse Decompose Large Separable Kernel Attentions (SDLSKA) mod-

ule. . Lo 17
The structure of Comprehensive Kernel Selection (CKS) module. . . 20
The structure of Deep Large Kernel Pyramid Pooling Module (DLKPPM)
module. . . . . ... 22
The structure of Boundary Guided Adaptive Fusion (BGAF) module. 23
Visualization Comparison for Small Objects. Partl. . . .. ... ... 34
Visualization Comparison for Small Objects. Part2. . . .. ... ... 34
Visualization Comparison for Small Objects. Part3. . . ... ... .. 34
Visualization Comparison for Small Objects. Part4. . . . . ... . .. 35
Visualization Comparison for Small Objects. Part5. . ... ... ... 35
Visualization Comparison for Completeness. Partl. . . ... ... .. 36
Visualization Comparison for Completeness. Part2. . ... ... . .. 36

Xiil

doi:10.6342/NTU202500107



doi:10.6342/NTU202500107

Xiv



4.1
42
43
44
45

4.6

4.7

4.8

4.9

List of Tables

Quantitative Comparisons of Model Performance without Pretraining. 28

Overall Quantitative Comparisons on Cityscapes [11]. . . . . . . . .. 28
Quantitative Comparisons on CamVid [3]. . . . ... ... ... ... 29
Quantitative Comparisons of Ablation Study on Architecture. . . . . 30
Quantitative Comparisons of Ablation Study on Large Kernel Atten-

tion. . . . ... 31
Quantitative Comparisons of Ablation Study on Selection Kernel. . . 31
Quantitative Comparisons of Ablation Study on Branch Fusion. . . . 32
Quantitative Comparisons of Ablation Study on Pyramid Pooling Mod-

ule. . Lo 33

The ablation study comparisons of our modules without pretraining. . 33

XV

doi:10.6342/NTU202500107



doi:10.6342/NTU202500107

XVi



Denotation

ViT Vision Transformers

BEVAN Bilateral Efficient Visual Attention Network
EVA Efficient Visual Attention

BGAF Boundary Guided Attention Fusion
SDLSKA Sparse Decomposed Large Separable Kernel Attentions
CKS Comprehensive Kernel Selection

DLKPPM Deep Large Kernel Pyramid Pooling Module
FCN Fully Convolutional Networks

CNN Convolutional Neural Networks

PID Proportional Integral Derivative

MHSA Multi-Head Self-Attention

LKA Large Kernel Attention

doi:10.6342/NTU202500107

xvil



TBN

VAN

feat

OHEM

Conv

BSConv

BN

UP

GAP

GAP;«;

AP

APy s

COHVz‘ N

DConv;sy

Two-Branch Networks

Visual Attention Network

feature

Online Hard Example Mining

Convolutional Neural Networks

Blueprint Separable Convolutions

Batch Normalization

UPsampling operator

Global Average Pooling

Global Average Pooling with resulting size 1 X i

Average Pooling

Average Pooling with with kernel size 1 and stride j

Convolutional Neural Networks with 1 x 1 kernel

Dilated Convolutional Neural Networks using an i % j kernel with a

dilation rate of k

Balanced Weight

doi:10.6342/NTU202500107

XVviil



Chapter 1 Introduction

Semantic segmentation is a fundamental task in computer vision that involves as-
signing a class label to each pixel in an image, facilitating detailed scene understanding.
It requires precise object boundary detection, semantic context comprehension, and object
completeness, making it a dense prediction task. The objective is not only to improve per-
formance, but also to enhance efficiency. In practical and real-world scenarios, achieving
real-time performance is crucial, necessitating a frame rate of 30 FPS or higher. Addition-
ally, maintaining low computational complexity is essential to ensure fast and efficient
processing. It plays a critical role in applications such as autonomous driving [16, 25],

medical imaging [ 1], and robots [50, 53], where precision at the pixel level is essential.

Since the introduction of Fully Convolutional Networks (FCN) [43], which estab-
lished end-to-end dense prediction, the field has seen rapid advancements. Architectures
like UNet [51] and its successors improved segmentation performance by incorporat-
ing skip connections and encoder-decoder structures, effectively balancing global context
with fine details. PSPNet [76] enhanced results using pyramid pooling. In addition, nu-
merous other notable models have also been introduced [2, 59, 77]. Especially, backbones
utilizing dilated convolutions [5—8, 69] combined with context extraction modules have
become a widely adopted standard in various semantic segmentation methods. However,

the computational complexity of these models often limits their applicability in real-time
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scenarios, making them unsuitable for latency-sensitive applications.

Real-time semantic segmentation seeks to overcome this limitation by designing effi-
cient architectures that balance speed and accuracy. These applications require models that
are both accurate and computationally efficient, with the added constraint of processing
at speeds faster than 30 FPS. Early efforts, such as DFANet [33] and MobileNets [26, 54]
employed lightweight depth-wise separable convolutions, ENet [4&8] utilized a lightweight
decoder and downsampled feature maps during the early stages, ICNet [75] processed
small-sized inputs through a complex and deep pathway to capture high-level seman-
tics. More recent innovations, like Two-Branch Network (TBN) designs exemplified by
BiSeNets [56, 70, 71], STDC [15], and DDRNet [23], have achieved promissing perfor-
mance by effectively combining low-level spatial features with high-level semantic con-
text. Furthermore, PIDNet [67] applies the principles of Proportional-Integral-Derivative
(PID) controllers, incorporating three branches to process detailed, contextual, and bound-
ary information, achieving state-of-the-art performance. Despite these advancements,
achieving real-time performance often involves trade-offs, particularly in handling com-
plex scenarios with intricate boundaries or small objects, as well as insufficient receptive

fields for capturing contours.

Over the past decade, Convolutional Neural Network (CNN) architectures and op-
timization techniques have evolved rapidly, achieving significant advancements in tasks
such as image classification, object detection, and semantic segmentation. While CNNs
augmented with attention mechanisms have proven effective, the emergence of self-attention-
based networks, such as Vision Transformers (ViT) [14] and their variants [38, 41, 61,

], has redefined the field. The superior performance of ViTs is primarily attributed to

their ability to model long-range dependencies using Multi-Head Self-Attention (MHSA),
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along with their better scalability. However, this performance comes at the cost of a
quadratic increase in computational and memory requirements, particularly for high-resolution
inputs, limiting their practicality in real-time and resource-constrained scenarios. Seg-
Former [65], RTFormer 58], and SeaFormer [57] employ efficient attention mechanisms.
However, the approaches incorporating dense fusion modules between branches to en-

hance the semantic richness of extracted features are computationally intensive.

To bridge this gap, Large Kernel Attention (LKA) [18, 19, 32, 40] has emerged as a
promising alternative, combining the strengths of convolution and attention mechanisms.
LKA captures long-range dependencies and global context more effectively by leveraging
large receptive fields. Recent approaches like RepLKNet [ | 3] demonstrate the benefits of
Large Kernel Attention (LKA), integrating convolution and attention mechanisms to cap-
ture global context effectively. SLaK [40] expanded kernel sizes to 51 by replacing a large
kernel with two long parallel kernels and a small kernel. VAN [19] and LSKA [32] fur-
ther optimized this with dilated and strip convolution, reducing computational demands.
LSKNet [37] introduced the selective kernel concept from SKNet [34]. However, these

approaches still lack multi-scale feature integration and receptive field adjustment.

Previous methods on real-time semantic segmentation have struggled with accurately
handling contour details and effectively capturing semantic context. They also face inef-
ficiencies in fusing low-level and high-level features. Our approach addresses these chal-
lenges through a novel framework that enhances feature representation and segmentation
performance. We introduce the LKA mechanism into our Bilateral Efficient Visual At-
tention Network (BEVAN) in real-time semantic segmentation, such as capturing contour
details, semantic context, and fusing features at different levels. Our design features the

Efficient Visual Attention (EVA) block with Sparse Decomposed Large Separable Kernel
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Attention (SDLSKA) to expand the receptive field, capture multi-scale semantic context,
and dynamically combine global and local information. We introduce the Comprehensive
Kernel Selection (CKS) mechanism, which integrates features from both small and large
kernels using dynamic channel and spatial attention. The EVA block enhances both vi-
sual and structural feature extractions through region and strip convolutions with diverse
topologies. Additionally, we propose the Deep Large Kernel Pyramid Pooling Module
(DLKPPM) to enhance contextual features and mitigate information loss often caused by
pooling and striding in traditional methods. DLKPPM integrates a large kernel attention
mechanism with dilated convolution to expand the receptive field, refine features, and
improve semantic representation. We also develop a bilateral architecture that facilitates
continuous communication between two branches and the Boundary Guided Attention Fu-
sion (BGAF) module that adapts semantic and detail fusion with boundary information.
The interactions of these branches improve the representation of features by integrating
various features, improving segmentation accuracy and preserve detailed contours. As
shown in Fig. 1.1, BEVAN offers a robust and efficient framework that achieves state-of-
the-art performance in real-time semantic segmentation scenarios by effectively balancing
accuracy and computational efficiency. Our main contributions can be summarized as fol-

lows:

» Efficient Attention Mechanisms. We leverage large kernel attention to design the
EVA block, SDLSKA, CKS, and DLKPPM modules for dynamically expanding
and adjusting receptive fields, enhancing feature representation, capturing semantic
concepts, and refining details.

* Branch Interaction. Frequent communication between high- and low-level branches

through the bilateral architecture and the BGAF module enhances semantic concepts
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and detail contour by sharing information, enabling adaptive feature fusion.

* Performance. BEVAN balances inference speed and accuracy better compared to
existing models. It achieves real-time segmentation over 30 FPS with 81.0% mloU
in Cityscapes after pre-training on ImageNet and maintains 79.3% mloU without

pre-training, showing less dependency on large pre-training datasets.

81 [
i PBEVAN (Ours)
*bDRNet-39
801 : “biDNet-M
3 I ®pRNet23
2791 :
s : pBNet-sPIDNEE-S-Simple
< 781 qiyperSeg—S i %P—LiteSeg—BZ
: ! ®SDRNet-23-5
2" i %r2-seg2 _ 5TDC2-Seg75
) ’ ®ABiNet
761 ' q—lyperS -M o
’ o, iSeNetV2-L F2-Segl
751 i wiftNetRN-18
: q}iﬁprr(de 8)

20 40 60 80 100
Inference Speed (FPS)

Figure 1.1: Performance of real-time models on the Cityscapes [11] validation set,
with our model in blue and others in green.
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Chapter 2 Related Work

2.1 Generic Semantic Segmentation

Traditional segmentation algorithms, e.g., threshold selection, super-pixel, utilized
the hand-crafted features to assign pixel-level labels in images. With the development of
convolution neural networks, methods based on FCN [43] achieved impressive perfor-
mance on various benchmarks. The DeepLab series [6—8] adopted an atrous spatial pyra-
mid pooling module to capture multi-scale context. The SegNet [2] utilized the encoder-
decoder structure to recover the high-resolution feature maps. The PSPNet [76] devised
a pyramid pooling to capture both local and global context information. HRNet [59] em-
phasizes deep high-resolution representations and demonstrates greater efficiency com-
pared to dilation-based backbones. It utilizes multiple paths and bilateral connections to
learn and fuse features across different scales. Their structure can simultaneously learn
the low-level details and high-level semantics. However, most approaches require large
computation costs due to the high-resolution feature and the complicated network connec-
tions. In this paper, we propose an efficient and effective architecture which achieves a

good trade-off between speed and accuracy.
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2.2 Real-time Semantic Segmentation

Achieving a balance between inference speed and accuracy in semantic segmenta-
tion has been a critical driver of innovation in network architectures. Researchers have
continuously sought to design models that not only deliver high precision in pixel-level
classification but also operate efficiently enough for real-time applications. This dual ob-
jective has led to the development of various techniques, including lightweight backbones,
multi-scale feature integration, and advanced attention mechanisms. These innovations
aim to optimize computational resources while maintaining or improving segmentation
performance, addressing the growing demand for high-speed, accurate models in practi-

cal scenarios.

SwiftNet [45] uses a dual-input approach, combining low-resolution semantic in-
put and high-resolution detailed input, processed by a lightweight decoder. DFANet [33]
adapts Xception [10] with a lightweight backbone using depthwise separable convolu-
tions and reduces input size for faster inference. ICNet [75] speeds up processing through
a multi-resolution cascade, while ShuffleSeg [ | 7] reduces computational costs with Shuf-
fleNet’s [ 74] channel shuffling and group convolution. However, encoder-decoder models
still face latency due to deep sequential processing, and depthwise separable convolutions

aren’ t fully optimized on GPUs, making traditional convolutions faster.

Transformer-based methods, such as TopFormer [ 73], RTFormer [5¢], and SeaFormer
[57], present efficient alternatives for real-time semantic segmentation but encounter sev-
eral challenges. TopFormer [73] operates at a 1/64 scale, which significantly compromises
accuracy, limiting its effectiveness in detailed segmentation tasks. RTFormer [58] and

SeaFormer [57] attempt to mitigate the computational overhead of the attention mecha-
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nism through various strategies aimed at reducing the attention computation. However,
the design of frequent interactions between branches also increases computational de-
mands. Despite their efforts to retain the transformative power of attention mechanisms
while cutting down on computation, these strategies often involve parameter reduction,
which ultimately weakens the models’ performance. This trade-off results in models
that are efficient but fail to maintain the high level of accuracy typically expected from
transformer-based approaches, highlighting the need for more balanced solutions that can

deliver both efficiency and robust performance.

BiSeNets [56, 70, 71] addresses this by introducing a two-branch network (TBN) for
context and detailed feature processing, fused through a feature fusion module for better
boundary contour and small object recognition. STDC [15], remove the spatial branch
and add a detailed guidance module . DDRNet [23] introduces bilateral connections for
improved information exchange, optimizing branch sharing for real-time performance.
However, direct fusion of detailed semantics and low-frequency context can blur bound-
aries and obscure small objects. PIDNet [67] utilizes PID controllers across three branches
to handle detailed, contextual, and boundary information. It introduces the Pag module for
feature fusion with balanced weights and similarity, and the Bag block for fusing branch
features under guided supervision. Additionally, it generates pseudo boundary ground
truth to supervise the training of the boundary branch. These innovations enable PIDNet

[67] to achieve state-of-the-art performance in real-time segmentation.

However, we believe that PIDNet’s [67] design is somewhat redundant and overly
complex, with multiple branches leading to higher computational costs. Additionally, it
lacks a large receptive field, which is crucial for capturing broader semantic context. In

response, our work introduces a novel architecture with efficient modules designed to
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streamline feature integration, reduce latency, and enhance the preservation of details and
semantic information. By incorporating large kernel attention, our approach significantly

improves real-time semantic segmentation performance while maintaining efficiency.

2.3 Large Kernel Attention

Over the past decade, CNN [46] architectures have advanced significantly, with most
models focusing on 3x3 kernels for computational efficiency. Notable exceptions, such as
AlexNet [30] and Inception, experimented with various kernel sizes. However, attempts to
scale up kernels, like in LR-Net [27] with 7x7 kernels, encountered performance saturation

due to optimization difficulties.

Transformer-based models such as Vision Transformer (ViT) [ 14], Swin Transformer
[41], and Pyramid Transformer [60] have become prominent in computer vision due to
their wide receptive fields. However, research shows that well-designed convolutional
architectures with large kernels can be just as competitive. Models like SegNeXt [ 18] and
Conv2Former [24] emphasize the importance of large kernel convolutions in improving

contextual representation within convolutional features.

Recent advancements have incorporated transformer-inspired concepts, focusing on
large receptive fields for enhanced performance. ConvNeXt [42, 62] utilized 7x7 depth-
wise convolutions and applied key transformer principles, such as optimized training
strategies and adjusted compute ratios. RepLKNet [!3] further expanded this approach
by utilizing 31x31 kernels through re-parameterization, emphasizing the use of depth-
wise convolution to reduce the computational load associated with large kernels. Re-

parameterization further aids in cutting down the number of parameters, leading to in-
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creased processing speed. Moreover, it demonstrates that large kernels often outperform
smaller ones, even with small feature sizes. The whole model results in superior perfor-
mance compared to models like the Swin Transformer [4 1]. Additionally, RepLKNet [ ]3]
achieves better outcomes in tasks such as ImageNet[52] classification with little higher

computational demands.

SLaK [40] expanded kernel sizes to 51x51 by replacing a single large square kernel
with two long rectangular parallel kernels and a small square kernel. This approach in-
volves decomposing large kernels into rectangular shapes (e.g., 51x5, 5x51, and 5x5) and
fusing them, simplifying large kernel computation and significantly reducing the number
of trainable parameters through sparse grouping. The Visual Attention Network (VAN)
[19] advanced this concept by combining depthwise, dilated, and pointwise convolutions
to form Large Kernel Attention (LKA), with dilated convolutions constructing large ker-
nels using fewer parameters. This method leverages 2D structural information with depth-
wise and dilated convolutions, demonstrating lower computational demands than self-
attention. It adaptively handles spatial and channel dimensions, making it a powerful
approach by using features as needed. VAN [19] strikes a balance between capturing
long-range dependencies, spatial adaptability, and computational efficiency. LSKA [32]
further improved VAN’s [19] speed by introducing strip convolutions, enhancing the effi-

ciency of large kernel attention computations.

Despite these advancements, existing models still fall short in terms of efficiency
and speed, and their receptive fields lack sufficient adaptability. To address these issues,
we propose the Efficient Visual Attention (EVA) Block. We refine Large Kernel Attention
(LKA) by introducing Sparse Decomposed Large Kernel Attention (SDLSKA), enhancing

its adaptability and efficiency in forming large kernels. Additionally, our Comprehensive
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Kernel Selection (CKS) modules capture multi-scale features and dynamically integrate
high- and low-level information. This approach improves efficiency while preserving high
performance in tasks like semantic segmentation. Our method sets a new benchmark,

achieving high accuracy while maintaining low computational demands.

2.4 Feature Fusion

The attention mechanism effectively enhances neural representations through chan-
nel and spatial attention. Channel attention methods like SE block [29] reweight feature
channels using global averages, while spatial attention modules such as GENet [28] and
GCNet [4] improve contextual modeling using spatial masks. Hybrid approaches like

BAM [47] and CBAM [63] integrate both types for comprehensive attention.

In addition to attention mechanisms, dynamic kernel selection enables adaptive con-
text modeling. Methods like CondConv [68] and Dynamic Convolution [9] aggregate
features from multiple convolution kernels, while SKNet [34] and ResNeSt [72] utilize
multi-branch convolutional designs with selective fusion. SCNet [39] further enhances
this by integrating spatial attention, and Deformable Convnets [12, 78] introduce flexi-
ble kernel shape adjustments. LSKNet [37] brings the SKNet [34] concept into the Visual

Attention Network (VAN) [ 19], replacing channel-wise selection with spatial-wise fusion.

Current methods treat channel-wise and spatial-wise feature fusion independently,
overlooking their interdependence, which is crucial for feature integration across differ-
ent kernel scales. Our model requires the simultaneous integration of more feature sets,
demanding a fusion mechanism that adapts to both spatial and channel-wise selection.

While SKNet [34] and LSKNet [37] were designed for two kernel features, their separate

12 doi:10.6342/NTU202500107



handling of these dimensions becomes inadequate as more features are involved, com-
plicating the fusion process. To address this, our Selective Kernel methods enhance by
integrating spatial and channel attention. It captures the complex interplay between these
dimensions, enabling a more holistic and adaptive fusion of multi-scale features. This
approach improves feature representations and performance, ensuring the fusion process

leverages the strengths of both dimensions and advancing kernel fusion techniques.

2.5 Pyramid Pooling Module

In semantic segmentation, capturing richer contextual information is vital for en-
hancing performance. Following the introduction of the Pyramid Pooling Module (PPM)
in PSPNet [76], which effectively captures both local and global context by concatenating
multi-scale pooling maps, several other pyramid pooling modules have been developed
to further improve this process. Atrous Spatial Pyramid Pooling (ASPP) [6, 7, 69] uti-
lizes parallel atrous convolutions with varying rates to capture multi-scale contexts, while
Deep Aggregation Pyramid Pooling Module (DAPPM) [23] improves context embedding
by combining kernels of different depths and sizes. To address the limitations of DAPPM
[23], the Parallel Aggregation Pyramid Pooling Module (PAPPM) [67] was introduced.
It further adapted to Parallel structure offering faster inference at the cost of some seg-
mentation accuracy. The Simple Pyramid Pooling Module (SPPM) [49] further simplifies
PAPPM [67] by replacing average pooling with global average pooling, increasing efti-
ciency but again compromising accuracy. We propose the Deep Large Kernel Pyramid
Pooling Module (DLKPPM), which integrates a large kernel attention mechanism with
LSKA [32] and replaces traditional convolution with dilated convolution. This expansion

of the receptive field helps refine features and capture semantic concepts more effectively.
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Chapter 3 Methodology

We propose the Efficient Visual Attention (EVA) module, utilizing Sparse Decom-
posed Large Separable Kernel Attentions (SDLSKA) and Comprehensive Kernel Selec-
tion (CKS) to adaptively enlarge the receptive field. The Deep Large Kernel Pyramid
Pooling Module (DLKPPM) leverages large kernels for contextual enrichment. Addi-
tionally, the Bilateral Architecture (BA) and Boundary Guided Attention Fusion (BGAF)

facilitate feature interaction across two branches.

3.1 Bilateral Architecture

PIDNet [67] leverages Proportional-Integral-Derivative (PID) controller principles,
utilizing three branches to process detailed, contextual, and boundary information. How-
ever, the three-branch design is inefficient and wastes time on many inter-branch inter-
actions. To improve efficiency, we adapt the architecture by combining the detail and
boundary branches into a single low-level branch and removing redundant components,
streamlining the model for better performance. As Figure 3.1 shows, we propose a bilat-

eral architecture consisting of two branches.

The high-level branch aggregates contextual information locally and globally, captur-

ing long-range dependencies and providing rich semantic features to the low-level branch.
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This interaction helps refine detailed features while the high-level branch continues to ex-
tract and compress features for context representation. On the other hand, the low-level
branch focuses on preserving detailed information within high-resolution feature maps and
extracting high-frequency features to accurately predict boundary regions. By maintain-
ing a resolution of 1/8 of the original size, it avoids excessive compression, ensuring the
retention of fine contour details and boundary information. This architecture facilitates
continuous interaction between the high-level and low-level feature branches, enhancing

both semantic understanding and object boundary precision.

To integrate these branches, we employ the Boundary Guided Adaptive Fusion (BGAF)
block, which uses boundary information to guide the fusion of detailed and semantic fea-
tures, achieving a balanced and precise feature representation and ensuring optimal feature

combination for improved predictions.
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Figure 3.1: The overall structure of the BEVAN.

3.2 Efficient Visual Attention Block

Our EVA Block is inspired by the robust block design in VAN [19] and LSKA [32],
demonstrated in Fig. 3.2(a). The overall architecture of the EVA Block consists of two
main components: the Large Kernel Attention (LKA) and the Convolution Feed-forward

Network (CFFN). By introducing Large Kernel Attention and Selective Kernel mecha-
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nisms, we enhance the block’s adaptability, strength, and ability to process multi-scale

features effectively.
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Figure 3.2: The structure of (a) Efficient Visual Attention (EVA) block and (b) Sparse
Decompose Large Separable Kernel Attentions (SDLSKA) module.

The LKA sub-block captures long-range dependencies. By utilizing Sparse Decom-
posed Large Separable Kernel Attentions (SDLSKA), it enhances the extraction of accu-
rate semantic information by leveraging a large receptive field. Incorporating a broader
contextual view and extensive receptive field improves low-level features, allowing for
better preservation of contours and more detailed information. The block also uses a
Comprehensive Kernel Selection (CKS) mechanism to combine features from kernels of
different shapes, enabling the fused features to represent information more precisely and
adaptively. This combination of large receptive field capture and adaptive feature fusion
makes the EVA Block an effective and efficient module for various tasks requiring precise

feature representation.

The CFFN sub-block refines and integrates features, ensuring that the output is well-
balanced and informative. Facilitates channel mixing and feature refinement. This sub-
block comprises a fully connected layer, a depthwise convolution, a GELU [22] activation,

and a second fully connected layer, enhancing the representation and flow of information
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within the network.

3.2.1 Sparse Decompose Large Separable Kernel Attentions

We integrate the strengths of LSKA [32] and SLaK [40] to construct an efficient
Large Kernel Attention block. The SDLSKA module is designed to expand the recep-
tive field to effectively capture semantic information and refine details. The structure is
depicted in Fig. 3.2(b). Drawing from SLaK [40], we simplify large kernel computation
through sparse grouping by decomposing them into a smaller convolution and two strip
dilation kernels, then adaptively fusing them using CKS module. The smaller convolution
helps focus on specific areas, while the two strip dilation kernels refine the focus, with low
computation. Additionally, inspired by LSKA [32], we combine strip convolutions with
depthwise, pointwise, and dilated convolutions to capture large kernel features efficiently.
This approach reduces parameters while leveraging 2D structural information, resulting
in better computational efficiency. It also adapts effectively to spatial and channel dimen-

sions to capture long-range dependencies.

In the Large Kernel Attention sub-block within our EVA Block, features are first
passed through a 1x1 point-wise convolution for channel interaction, followed by GELU
[22] activation layers to introduce non-linearity. The features then enter the Sparse De-

compose Large Separable Kernel Attention module, which refines them as follows:

The features are initially processed through a 5x5 standard convolution to extract

small kernel features.

small kernel feat = Convsxs(feat)
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They are then passed through two directional strip convolutions (1x11 and 11x1)

with dilation rate 3 to form large kernel features in horizontal and vertical orientations.

large h kernel feat = DConvy; 1 ,,3(feat)

large v kernel feat = DConv, 11 ,3(feat)

The small and large kernel features are fused using the Comprehensive Kernel Se-

lection (CKS) mechanism, which adaptively combines multi-scale features.

selected feat = CKS(small kernel feat, large h kernel feat, large v kernel feat)

The resulting features are further refined using a 1 x1 point-wise convolution for chan-
nel interaction and multiplied with the features prior to entering the Sparse Decompose

Large Separable Kernel Attention module.

out feat = feat ® Convi« (selected feat)

This design achieves a theoretical receptive field of 35, enabling precise semantic
information capture while maintaining computational efficiency. The combination of
multi-scale processing and adaptive feature integration ensures robust performance across

a range of tasks.

3.2.2 Comprehensive Kernel Selection

The Comprehensive Kernel Selection (CKS) module in SDLSKA dynamically ad-

justs the receptive field and fuses multi-scale features by jointly considering channel-wise
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and spatial-wise dependencies, unlike SKNet[34] and LSKNet[37], which treat these di-
mensions separately. This integrated approach is crucial for effective feature fusion, as
it captures the interdependence between spatial and channel dimensions, ensuring a more
holistic representation. As illustrated in Fig. 3.2(c), our module efficiently manages com-
plex multi-scale fusion across diverse kernel shapes, such as 5x5, 11x1 (dilation=3), and
1x11 (dilation=3), enabling flexible adaptation to feature characteristics. While SKNet
introduced channel-wise kernel selection and LSKNet extended it to spatial-wise fusion,
both approaches become insufficient as the number of kernel scales increases. Our method
overcomes this limitation by simultaneously integrating multiple feature sets, leading to a
more adaptable and expressive representation that significantly enhances feature extrac-

tion and fusion efficiency.

It computes the weights across both channels and spatial dimensions to make the
receptive field adjustments. We feed three features after passing different scales of kernel

to get their corresponding weight, and element-wise addition of the feature multiplies with

their weights.
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Figure 3.3: The structure of Comprehensive Kernel Selection (CKS) module.

As Figure 3.3 shows, we begin by summing the three features, then use pooling to ex-
tract the channel-wise feature and aggregation to obtain the spatial-wise feature. Next, we

multiply the spatial and channel weights to compute the adjustment weight, which adap-
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tively adjusts the receptive field. For channel-wise selection, we apply average pooling,
and for spatial-wise selection, we use both max and average pooling. This results in two-
dimensional features. In the spatial-wise branch, a convolution operation generates three
channels of features, which are then divided into three spatial weights. In the channel-wise
branch, we introduce Blueprint Separable Convolutions (BSConv) [20], which consist of
a point-wise convolution followed by a depthwise convolution to refine the features. We
first pass the features through a BSConv [20] to refine them, and then use three BSConv

[20] paths to derive the weight on the channel dimension.

3.3 Deep Large Kernel Pyramid Pooling Module

The DAPPM [23] enhances context embedding by combining kernels of different
depths and sizes, but it suffers from large strides or pooling that can overlook finer spatial
information. To address this, we propose the Deep Large Kernel Pyramid Pooling Module
(DLKPPM), which maintains the hierarchical-residual structure of different scales while
complementing the large receptive field. Additionally, we incorporate a large kernel atten-
tion mechanism with LSKA [32] to expand the receptive field to 23. For better contextual
fusion, we replace traditional convolution with dilated convolution for small kernel fea-
ture maps, while retaining standard convolution for large kernel and pooling layers. This
approach refines features, captures semantic concepts more effectively, and achieves an
optimal balance between performance and accuracy. Considering an input x, each output

y; at different scales can be expressed as:

71 doi:10.6342/NTU202500107



COHlel(l’) 1= 1,
DConvsys o (UP (Conviy (APsy562)) +yim1) 1 =2,

DConvsys 2 (UP (Convixy (APgxgsa)) + ¥im1) @ =3,

Yi =
COHV3X3 (yl + LSKA(BN(yl)) + yi—l) 1= 4,
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\

where Conv 1 is a point-wise 1 x 1 traditional convolution, Convs, 3 is a 3 X 3 convo-
lution, DConvsy3 -2 means a 3 x 3 dilated convolution with dilation rate 2, UP represents
the upsampling operation, AP;;,, denotes the average pooling layer with kernel size ¢
and stride j, GAP;,; denotes the global average pooling with the resulting size, BN de-
notes batch normalization, and LSKA stands for the large kernel separable attention block
[32]. Finally, all feature representations are concatenated and reduced the channels using

a 1 x 1 point-wise convolution. Additionally, a 1 x 1 projection shortcut is introduced.
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Figure 3.4: The structure of Deep Large Kernel Pyramid Pooling Module (DLKPPM)
module.
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3.4 Boundary Guided Adaptive Fusion

The Boundary Guided Adaptive Fusion (BGAF) module is an efficient multi-branch
aggregation framework designed to balance contextual and spatial features by the guidance
of the boundary information for more precise predictions. Since simple weighted summa-
tion can degrade feature quality, BGAF employs a shortcut connection to preserve critical
feature details, ensuring that the fusion process maintains both semantic richness and spa-
tial precision. By dynamically adjusting feature contributions based on boundary signifi-
cance, it effectively mitigates the limitations of the semantic branch’s low spatial accuracy
and the detail branch’s shallow semantic representation. This results in a refined fusion
mechanism that enhances object boundary detection and captures fine-grained structures
with higher accuracy. As depicted in Fig. 3.5, BGAF ensures a seamless integration of
high-level contextual features and low-level spatial details, integrating semantic under-
standing with precise contour details based on boundary significance, allowing adaptive

weighting that enhances feature expressiveness while maintaining structural integrity.
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Figure 3.5: The structure of Boundary Guided Adaptive Fusion (BGAF) module.

Semantic and detail features are processed using Batch Normalization (BN), ReLU,

and a convolutional layer to adjust and refine their representations:

FeatS = Conv(ReLU(BN(FeatS)))

FeatD = Conv(ReLU(BN(FeatD)))
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The boundary feature is processed through a Sigmoid activation function to compute
the balancing weight o, which regulates the contribution of each branch during feature

fusion:

o = Sigmoid(FeatB)

The semantic and detail features are adaptively merged using the calculated balanc-
ing weight 6, where the detail feature is weighted by ¢ and the semantic feature by 1—o.
This approach emphasizes detailed features around boundaries while preserving contex-

tual information elsewhere.

balanced feat = FeatD ® o + FeatS ® (1-0)

A 1x1 projection shortcut is formed by element-wise addition of the refined semantic

and detail features,

shortcut = FeatS + FeatD

The balanced feature and shortcut are added element-wise and passed through a final

convolutional layer for the output:

output = Conv(balanced feat + shortcut)

By dynamically adjusting the importance of semantic contextual and spatial detail
features based on boundary significance, BGAF ensures precise segmentation, especially

in challenging areas such as object boundaries and small structures.
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Chapter 4 Experiments

4.1 Dataset

4.1.1 Cityscapes

Cityscapes [ | 1] is a benchmark dataset for high-quality urban scene parsing, consist-
ing of 5,000 finely annotated images captured from a car perspective across various cities.
These images are split into 2,975 for training, 500 for validation, and 1,525 for testing.
With a high resolution of 2048 x 1024. Cityscapes [| 1] presents a significant challenge
for real-time semantic segmentation models. The dataset includes 19 annotated classes
commonly used for evaluation in semantic segmentation tasks. Only the finely annotated

images are used in experiments to ensure fair comparisons with state-of-the-art models.

4.1.2 Camvid

CamVid [3] consists of 701 driving scene images, divided into 367 for training, 101
for validation, and 233 for testing. Each image has a 960 x 720 resolution, with 32 an-
notated categories. For fair comparison with previous studies, 11 classes are selected for

evaluation.
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4.2 Experiment Settings

4.2.1 Pretraining

The models are pre-trained on ImageNet [52] using a standard data augmentation
strategy, including random cropping to 224x224 and horizontal flipping. Our training
protocols followed previous works [21, 23, 66, 67]. Training is conducted for 100 epochs
with a batch size of 256, using the SGD optimizer with a learning rate initially set to 0.1
and reduced by a factor of 10 at epochs 30, 60, and 90. A weight decay of 0.0001 and a
momentum of 0.9 are applied to ensure stable convergence. This pretraining setup follows
common practices from previous works to improve downstream performance on semantic

segmentation tasks.

4.2.2 Training

The model is trained almost the same as previous works [ 15, 23,33,56,59,67,70,71]
using the SGD optimizer with an initial learning rate of 0.008, momentum of 0.9, and
weight decay of 0.0005. The learning rate follows a poly decay policy with a power of
0.9. Data augmentation includes random cropping to 1024 x 1024, horizontal flipping, and
scaling within a range of 0.5 to 2.0. Training is conducted for 484 epochs (approximately
120K iterations) with a batch size of 10. For CamVid [3], the training process is similar
to that of Cityscapes but runs for 200 epochs with a batch size of 24 and a learning rate of
0.003. Online Hard Example Mining (OHEM) [55] is also applied for more challenging

sample selection, ensuring fair comparison with prior works.
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4.2.3 Measurement

We evaluate the inference speed on a platform equipped with a single NVIDIA RTX
3090 GPU, leveraging PyTorch 2.4 for the deep learning framework, CUDA 12.1 for
GPU acceleration, and Ubuntu 20.04 as the operating system. To ensure consistent and
comparable measurements of inference speed, we configure the batch size to 1, focusing

on the performance of the model in processing individual data samples.

4.3 Comparison

Our proposed architecture outperforms existing methods like PIDNet [67] achieving

state-of-the-art results.

4.3.1 Comparison without pretraining

Quantitative comparisons of model performance without pretraining are summerized
in Table 4.1. Our proposed model surpasses state-of-the-art (SOTA) performance when
both our model and SOTA models are trained without pretraining on ImageNet [52], un-
derscoring its reduced reliance on large pretraining datasets. Notably, we outperform both
PIDNet-M [67] and PIDNet-L [67] under these conditions. Despite PIDNet-L [67] requir-
ing more time than our BEVANet, our model achieves superior performance, demonstrat-

ing the robustness and efficiency of our approach.

In practical scenarios where training efficiency is paramount, our model excels by
training directly on the target dataset, achieving an impressive mloU of nearly 79.3%

with minimal preprocessing. This direct training approach significantly reduces the time
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and resources typically needed for pretraining and fine-tuning. The efficiency of our
method accelerates the training process and eliminates the necessity for extensive pretrain-
ing datasets, making it a more practical and accessible solution for real-world applications

with limited data availability and strict time constraints.

Model FPS 1+ #Params (M) | mloU (%) 1
PIDNet-S [67] 93.2 7.6 76.32
PIDNet-M [67] 39.8 344 78.22
PIDNet-L [67] 31.1 36.9 78.25
BEVANet (Ours) 32.9 58.62 79.27

Table 4.1: Quantitative Comparisons of Model Performance without Pretraining.

4.3.2 Overall Comparison

Model Resolusion GPU FPS 1 #Params (M) ] mloU (%) 1
DF2-Segl [36] 1536 x 768 GTX 1080Ti 67.2 - 75.9
DF2-Seg2 [36] 1536 x 768 GTX 1080Ti  56.3 - 76.9
BiSeNet(Res18) [70] 1536 x 768 GTX 1080Ti  65.5 49 74.8
BiSeNetV2-L [70] 1024 x 512 GTX 1080Ti 47.3 - 75.8
STDC1-Seg75 [15] 1536 x 768  RTX 3090  74.8 - 74.5
STDC2-Seg75 [15] 1536 x 768  RTX 3090 58.2 - 77.0
PP-LiteSeg-T2 [49] 1536 x 768  RTX 3090  96.0 - 76.0
PP-LiteSeg-B2 [49] 1536 x 768  RTX 3090  68.2 - 78.2
HyperSeg-M [44] 1024 x 512 RTX 3090 59.1 10.1 76.2
HyperSeg-S [44] 1536 x 768  RTX 3090  45.7 10.2 78.2
SwiftNetRN-18 [45] 2048 x 1024 GTX 1080Ti  39.9 11.8 75.5
CABINet [31] 2048 x 1024 GTX2080Ti  76.5 2.64 76.6
SENet(DF2) [35] 2048 x 1024  RTX 3090 87.6 10.53 77.8
SFNet(ResNet-18) [35] 2048 x 1024 RTX 3090 304 12.87 78.9
DDRNet-23-S [23] 2048 x 1024 RTX 3090 108.1 5.7 77.8
DDRNet-23 [23] 2048 x 1024  RTX 3090 514 20.1 79.5
PIDNet-S-Simple [67] 2048 x 1024  RTX 3090  100.8 7.6 78.8
PIDNet-S [67] 2048 x 1024  RTX 3090  93.2 7.6 78.8
PIDNet-M [67] 2048 x 1024 RTX 3090  39.8 344 80.1
BEVANEet (Ours) 2048 x 1024 RTX 3090  32.8 58.62 81.0

Table 4.2: Overall Quantitative Comparisons on Cityscapes [11].

Following pretraining on ImageNet [52] for a fair comparison, the results in Table
4.2 demonstrate that our BEVAN model consistently maintains a frame rate exceeding

the real-time threshold of 30 FPS while delivering state-of-the-art performance on the
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Cityscapes dataset [ | 1]. Our model outperforms all models of the same scale, achieving

81% mloU. This underscores BEVAN’s ability to balance high accuracy with real-time

processing speed effectively. By optimizing advanced attention mechanisms and adaptive

feature fusion, BEVAN sets a new benchmark by achieving the best semantic segmentation

performance within the 30 FPS constraint, ensuring both precision and efficiency. Our

approach proves that attaining top-tier performance is possible without sacrificing lots of

processing speed.

Model GPU FPS 1 mloU (%) 1
PP-LiteSeg-T [49] GTX 1080Ti 154.8 75.0
BiSeNetV2 [70] GTX 1080Ti 124.0 76.7
BiSeNetV2-L [70] GTX 1080Ti  33.0 78.5
DDRNet-23-S [23] RTX 3090 182.4 78.6
DDRNet-23 [23] RTX 3090 116.8 80.6
PIDNet-S [67] RTX 3090  153.7 80.1
PIDNet-S-Wider [67] RTX 3090 85.6 82.0
BEVANet-S (Ours) RTX 3090 79.4 83.1

Table 4.3: Quantitative Comparisons on CamVid [3].

Table 4.3 shows small-scale BEVAN also reaches SoTA on CamVid [3]. It reaches

over 83% mloU.

4.4 Ablation Study

4.4.1 Architecture Efficiency

As Table 4.4 demonstrates, our proposed architecture enhances speed with an ac-

ceptable reduction in performance. Designed for efficiency, our backbone achieves a
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significant boost in processing speed while maintaining a balanced trade-off in mIoU per-
formance. The slight reduction in accuracy falls well within tolerable limits, making it
suitable for real-time applications. It demonstrates the efficiency of processing through

semantic concept and spatial detail branches.

Model FPS 1+ #Params (M) | mloU (%) 1
PIDNet [67] 42.64 29.22 78.22
BEVANet (Ours) 44.25 28.31 77.77

Table 4.4: Quantitative Comparisons of Ablation Study on Architecture.

4.4.2 Large Kernel Attention

By integrating the strengths of LSKA [32] and SLaK [40], we have developed the
Sparse Decomposed Large Separable Kernel Attention (SDLSKA) block, an efficient and
highly effective component for large kernel attention. In the Table 4.5, While LSKA [32]
and SLaK [40] provide advancements in utilizing large receptive fields, our SDLSKA
block surpasses both in accuracy and adaptability. LSKA [32] and SLaK [40] yield less
than a 0.2% increase in mloU, whereas our proposed method delivers an improvement
of over 0.8%, achieving a performance of more than 78.5% mloU. Proving SDLSKA

captures and integrates the most valuable information.

Although there is a slight reduction in speed, the impact is minimal and remains suit-
able for real-time applications. More importantly, SDLSKA delivers a substantial per-
formance boost of 0.82% mloU, representing a remarkable leap forward in the field of
real-time semantic segmentation. This improvement highlights the ability of SDLSKA to

effectively capture and utilize multi-scale features and global context.
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Block FPS 1+ #Params (M) | mloU (%) 1

Convs 44.25 28.31 77.77
SLaK 37.76 45.25 77.84
LSKA 41.16 44.17 77.93
SDLSKA (Ours) 37.79 4422 78.60

Table 4.5: Quantitative Comparisons of Ablation Study on Large Kernel Attention.

4.4.3 Selection Kernel

Our CKS module achieves a 0.26% mloU improvement over LSKNet [37] with only
a 0.5 FPS drop, demonstrating its efficient multi-scale kernel fusion. Unlike conventional
methods restricted to square kernels, our approach seamlessly integrates one small square
kernel and two strip dilation kernels, effectively balancing spatial and channel informa-
tion. As shown in Table 4.6, our module excels in fusing three distinct feature types simul-
taneously, a task that requires a more advanced mechanism than traditional two-feature
fusion. This adaptive fusion strategy ensures that neither spatial-wise nor channel-wise in-
formation is overlooked, capturing intricate dependencies across feature scales and shapes.
By leveraging multi-scale kernel integration, our method enhances semantic segmentation
performance while maintaining computational efficiency, making it a compelling solution

for real-time applications.

Selection Kernel FPS 1 #Params (M) ] mloU (%) T

Addition 37.79 44.22 78.60
LSKA[3] 37.46 4318 7872
CKS (Ours) 37.29 45.02 78.86

Table 4.6: Quantitative Comparisons of Ablation Study on Selection Kernel.
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4.4.4 Branch Fusion

Quantitative comparisons of ablation study on branch fusion are summarized in Ta-
ble 4.7. Our thoughtful Boundary Guided Attention Fusion (BGAF) module outperforms
BAG [67] by approximately 0.4% mloU, underscoring the significance of'its design choices.
This improvement highlights the critical role of introducing a shortcut connection and
adaptively processing low-level detailed spatial features and high-level semantic context
features before their fusion, ensuring more precise feature representation and effective

branch fusion.

Branch Fusion FPS 1 #Params (M)J] mloU (%) 1

Bag [67] 37.29 45.02 78.86
Light-Bag [67] 38.48 44.56 78.39
BGAF(Ours) 32.85 46.26 79.27

Table 4.7: Quantitative Comparisons of Ablation Study on Branch Fusion.

4.4.5 Multi-scale Fusion

As the comparisons in 4.8, our DLKPPM significantly enhances contextual fusion,
delivering a much richer context compared to conventional models [23]. It achieves a
0.5% improvement in mean mloU while sacrificing only 0.4 FPS, highlighting its ex-
ceptional efficiency. This performance boost is primarily due to the enlargement of the
receptive field, which allows the model to refine features more precisely, capture semantic
concepts more effectively, and reduce pooling information loss. By integrating larger re-
ceptive fields, the module excels in complex tasks, offering a robust solution for scenarios

requiring real-time processing and high accuracy.
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PPM FPS 1+ #Params (M) | mloU (%) 1

DAPPM [23] 32.85 32.44 80.43
PAPPM [67] 33.38 32.44 79.97
DLKAPPM (Ours) 32.47 58.82 80.96

Table 4.8: Quantitative Comparisons of Ablation Study on Pyramid Pooling Module.

4.4.6 Overall without pretraining

Table 4.9 demonstrates the results of gradually replacing each block with our pro-
posed block. Our model incorporates additional components sequentially, with each block
contributing to improved performance while introducing a slight reduction in processing
speed. This trade-off is justified by the substantial improvement in overall system effi-
ciency. We believe the benefits gained from the increased performance outweigh the mi-
nor slowdown, making the deal well worth the investment. Under the 30 FPS constraint,
our proposed modules boost the mloU to nearly 79.3%, an increase of over 1.5%, repre-
senting a significant improvement. This underscores the critical impact and effectiveness

of each block in our model.

Architecture Block Selection Kernel Branch Fusion ‘ FPS 1 mloU (%) T
PIDNet [67] Convs - Bag [67] 42.64 78.22
BA (Ours) Convs - Bag [67] 44.25 77.77
BA (Ours)  SLaK[40] - Bag [67] 37.76 77.84
BA (Ours)  LSKA[32] - Bag [07] 41.16 77.93
BA (Ours) SDLSKA (Ours) Addition Bag [07] 37.79 78.60
BA (Ours)  SDLSKA (Ours) LSKNet[37] Bag [67] 37.46 78.72
BA (Ours)  SDLSKA (Ours) CKS (Ours) Bag [67] 37.29 78.86
BA (Ours)  SDLSKA (Ours) CKS (Ours) Light Bag [67] | 38.48 78.39
BA (Ours)  SDLSKA (Ours) CKS (Ours) BGAF (Ours) 32.85 79.27

Table 4.9: The ablation study comparisons of our modules without pretraining.
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4.5 Visualization

4.5.1 Small Object

BEVANet (Ours) PIDNet Ground Truth

Figure 4.1: Visualization Comparison for Small Objects. Part].

Image BEVANet (Ours) PIDNet Ground Truth

£ 0 W K

Figure 4.2: Visualization Comparison for Small Objects. Part2.

BEVANet (Ours) PIDNet Ground Truth

Figure 4.3: Visualization Comparison for Small Objects. Part3.

Our model demonstrates superior performance compared to PIDNet [67] in small
object detection, which are inherently more difficult to identify. For instance, Figure 4.1
shows BEVAN accurately detects a small car, whereas PIDNet [67] mislabels it as a per-
son. Similarly, Figure 4.2 tells our model identifies a small traffic sign with precision,

while PIDNet [67] erroneously classifies it as a person. Figure 4.3 indicates our model
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Image BEVANEet (Ours) PIDNet Ground Truth

Figure 4.4: Visualization Comparison for Small Objects. Part4.

BEVANet (Ours) PIDNet Ground Truth

Figure 4.5: Visualization Comparison for Small Objects. Part5.

also correctly classifies a small bicycle, while PIDNet [67] misidentifies it as a car. In
addition, Figure 4.4 implies our model successfully detects both small vegetation and the
traffic sign, areas where PIDNet [67] fails to identify any objects at all. These instances
clearly highlight that our model excels at detecting small objects, outperforming PIDNet

[67] by a significant margin.

Moreover, Figure 4.5 demonstrates our model’s ability to accurately identify small
vegetation—despite the ground truth labeling it as a building—further underscores its ca-
pacity to capture the underlying semantic meaning of objects. This ability allows our
model to make accurate predictions even when the ground truth fails to provide the correct
label, demonstrating robust semantic understanding, accurate predictions, and a deeper

comprehension of contextual information.
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4.5.2 Completeness

Our BEVAN leverages a large receptive field for thorough and accurate object detec-
tion, capturing entire objects with well-defined boundaries. Figure 4.6 shows that, when
handling larger objects, our model excels at capturing them completely and with precise
boundaries. This enables our model to outperform PIDNet [67], which struggles with ob-
ject detection and boundary precision. For example, Figure 4.7 indicates our model con-
sistently and reliably detects the presence of a sidewalk, accurately identifying it in various
contexts. In contrast, PIDNet [67] rarely detects the sidewalk correctly, showcasing a no-

table gap in performance. This underscores our model’s superior ability to capture spatial

information and deliver more reliable object segmentation in complex environments.

Ground Truth PIDNet
Figure 4.6: Visualization Comparison for Completeness. Part1.

Image BEVANet (Ours) PIDNet

—
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Figure 4.7: Visualization Comparison for Completeness. Part2.
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Chapter S Conclusion

Our BEVAN model achieves competitive performance compared to state-of-the-art
methods while reaching real-time processing at 32 FPS. Its key features, including the
Sparse Decomposed Large Separable Kernel Attentions (SDLSKA) block for effectively
expanding the receptive fields to capture semantic context and the Comprehensive Ker-
nel Selection (CKS) mechanism for dynamic receptive field adjustments by integrating
features from both small and large kernels through channel and spatial attention, enable
accurate small object detection and refined boundaries. The bilateral architecture com-
municates efficiently between feature levels, and the Boundary Guided Attention Fusion
(BGAF) module further enhances feature fusion from different branches. Additionally,
our Deep Large Kernel Pyramid Pooling Module (DLKPPM) enriches feature representa-
tions. Future work will focus on optimizing fusion strategies and reducing computational
overhead to develop a lightweight large kernel attention model to further improve large

kernel attention model efficiency.
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