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Abstract 

With the advancement of science and technology, image semantic segmentation 

techniques based on deep learning have found increasingly widespread applications in 

people's daily lives. In urban road scenarios, high-precision semantic segmentation 

technology plays a vital role in providing essential information for intelligent vehicle 

planning and decision-making, serving as a crucial safeguard for vehicle safety. 

Therefore, this paper conducts research on semantic segmentation methods in road 

scenes based on the DeepLabV3+ model. Starting from the model itself, it analyzes the 

segmentation challenges in urban road scene images and tests and improves the 

encoder-decoder structure of the DeepLabV3+ model, effectively enhancing its 

segmentation performance. 

The specific work and innovations of this paper are as follows: 

(1) Addressing the issue of the enormous parameter count in the main feature 

extraction network of the DeepLabV3+ model, which hinders practical applications, 

this paper explores the segmentation performance of the DeepLabV3+ model using 

commonly used convolutional neural networks as the feature extraction network. It 

investigates the performance of DeepLabV3+ with ResNet50, ResNeXt50, and 

MobileNetV2 as feature extraction networks. By adjusting the output stride to reduce 

feature loss during downsampling, the segmentation performance of the model is 

improved. When the output stride is set to 8x, the DeepLabV3+ model achieves the best 

segmentation performance. Considering practical model applications, experimental 

comparative analysis indicates that when the output stride is set to 16x, the 

DeepLabV3+ model achieves a balance between parameter count, complexity, and 

segmentation accuracy. 

(2) To address the problem of the DeepLabV3+ model's poor performance on 

small-scale objects and fine details at object boundaries, this paper proposes 

improvements to the original decoder structure. The main contributions are as follows: 

firstly, by using global convolution modules and boundary refinement modules to 

extract local features from shallower network layers, the GCN-DeepLabV3+ and 



 

 

GCNG-DeepLabV3+ models fuse more detailed information, resulting in better 

representation capability for image details in segmentation. Secondly, by applying 

convolutional block attention modules to map the local information extracted from 

shallower network layers in both channel and spatial dimensions, the CBAM-

DeepLabV3+ model captures more critical local features through attention mechanisms, 

enhancing segmentation performance on small-scale target objects and boundary details. 

Experimental results demonstrate that the DeepLabV3+ model with the improved 

decoding structure in this paper is better suited for semantic segmentation tasks in urban 

road scenes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Directory 

CHAPTER 1: INTRODUCTION .................................................................................. 1 

1.1 Research Background and Significance ............................................................ 1 

1.2 Project Aim and Objectives .............................................................................. 2 

1.3 Report Structure ................................................................................................ 3 

CHAPTER 2: LITERATURE REVIEW ....................................................................... 5 

2.1 Fully Supervised Semantic Segmentation Methods ......................................... 5 

2.2 Weakly Supervised Semantic Segmentation Methods .................................... 10 

CHAPTER 3: RESEARCH AND/OR DEVELOPMENT METHODOLOGY ........... 14 

3.1 DeepLabv3+ Network Model ......................................................................... 14 

3.2 Improvements Implemented ........................................................................... 15 

3.3 Research Methodology ................................................................................... 16 

3.4 Experimental Design ....................................................................................... 18 

CHAPTER 4: DESIGN AND IMPLEMENTATION .................................................. 19 

4.1 Problem Analysis ............................................................................................ 19 

4.1.1 DeepLabV3+ Semantic Segmentation Model Based on Different Feature 

Extraction Networks ...................................................................................... 19 

4.2 Residual Networks .......................................................................................... 20 

4.2.1 ResNet50 Network ................................................................................ 20 

4.2.2 ResNeXt50 Network ............................................................................. 21 

4.2.3 MobileNetV2 Network ......................................................................... 22 

4.3 Improving decoding structure ......................................................................... 24 

4.3.1 Global Convolutional Network Module ............................................... 24 

4.3.2 Boundary Refinement Module .............................................................. 25 

4.3.3 Convolutional Block Attention Module ................................................ 25 

4.4 Semantic Segmentation Experiments Using DeepLabV3+ Models with 

Different Feature Extraction Networks ................................................................. 27 

4.5 Exploration Based on the GCN-DeepLabV3+ Semantic Segmentation Model

............................................................................................................................... 27 

4.6 Exploration Based on the CBAM-DeepLabV3+ Semantic Segmentation Model

............................................................................................................................... 29 

CHAPTER 5: RESULTS AND DISCUSSION / EVALUATION ............................... 31 

5.1 Comparative Analysis of DeepLabV3+ Semantic Segmentation Model Results 

Based on Different Feature Extraction Networks ................................................. 31 

5.2 Comparative Analysis of Results for GCN/CBAM-DeepLabV3+ Semantic 

Segmentation Model Exploration ......................................................................... 35 

CHAPTER 6: CONCLUSIONS AND RECOMMENDATIONS ............................... 41 

6.1 Conclusion ...................................................................................................... 41 

6.2 Outlook ........................................................................................................... 42 

CHAPTER 7: REFLECTION ...................................................................................... 43 

References .................................................................................................................... 44 



1 

 

CHAPTER 1: INTRODUCTION 

1.1 Research Background and Significance 

Urban street scene imagery captures detailed views of natural and man-made 

landscapes at the street level from a pedestrian's perspective. It offers extensive 

coverage, large volumes of data, efficient collection, and relatively low costs, making 

it an indispensable data source for urban environmental assessment [1]. Understanding 

urban road scenes is fundamental to various research applications, such as urban 

environmental perception [2-3], urban safety [4-5], urban land use [6], and urban 

walkability [7]. Semantic segmentation of road scenes, as a component of 

environmental perception technology [8], is a crucial element in autonomous driving 

systems [9]. High-precision semantic segmentation technology provides essential 

environmental, vehicle condition, and road condition information, ensuring the safe 

operation of autonomous vehicles [10]. Consequently, research on semantic 

segmentation techniques for road scenes holds significant practical importance and 

promising applications, making it a current focal point in various interdisciplinary fields. 

 

Fig 1.1 Semantic segmentation effect (cityscapes dataset image) 

 Semantic Segmentation of Road Scenes refers to the process of categorizing each 

pixel in captured street scene images based on its semantic information, essentially 

achieving pixel-level classification of the image [10]. The desired segmentation 

outcome is depicted in the right image in Figure 1.1, where the original image is 

interpreted to include multiple categories such as buildings, roads, grasslands, cars, etc., 

achieving pixel-wise classification of street scene images. Semantic segmentation of 

street scene images falls within the realm of computer vision research. Traditional 

semantic segmentation techniques rely on physical image features such as color, texture, 
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grayscale, and others to perform image segmentation. Typical algorithms include 

Normalized Cut [11], GrabCut [12], etc. However, due to their reliance on superficial 

image features, these algorithms often exhibit low segmentation accuracy, poor results, 

and limited real-world applications. 

With the continuous development of computer hardware and deep learning 

technology, modern semantic segmentation techniques [13-17] based on deep learning 

have achieved breakthroughs and significant progress. Deep convolutional neural 

networks can extract abundant semantic information and local details from image 

annotations. Through end-to-end training, these models can learn richer global and local 

features, resulting in better generalization and more efficient and accurate image 

segmentation. However, the real-world application of semantic segmentation in street 

scenes is complex and dynamic. It requires consideration of both the similarities and 

differences between target objects, as well as the practical segmentation effects of 

objects of varying sizes. Factors such as occlusion, lighting conditions, temperature, 

and camera parameters in real scenes also affect the imaging of street scene images, 

increasing the difficulty of semantic segmentation in street scenes. These challenges 

merit further research. 

Additionally, apart from focusing on algorithmic innovation, there is substantial 

research value and practical significance in flexibly applying existing deep learning 

models. Therefore, this paper focuses on the DeepLabv3+ semantic segmentation 

model and explores how to effectively apply it to street scene image data. It also 

addresses the limitations of the DeepLabv3+ model and proposes improvements to 

achieve better segmentation results in urban street scene contexts.  

1.2 Project Aim and Objectives 

 With the continuous advancement of computer technology, there have been 

groundbreaking developments in semantic segmentation methods based on deep 

learning. Among them, the DeepLabV3+ model stands out as a semantic segmentation 

model with excellent segmentation performance. However, applying it to real-world 

urban street scenes requires consideration of several key factors: 
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(1) While the DeepLabV3+ model demonstrates strong segmentation performance, 

its core feature extraction network has a substantial number of parameters, which can 

be impractical for model training and application. DeepLabV3+ adopts a typical 

encoder-decoder architecture, which is conducive to model refinement and replacement. 

Investigating the differences in models under different feature extraction networks 

holds significant insights for model selection, adjustment, and optimization in practical 

tasks. 

(2) Despite the enhanced detail representation capabilities achieved through skip 

connections and concatenation fusion in the DeepLabV3+ model, it still exhibits 

limitations in capturing fine details of small-scale objects and object boundaries. High-

precision semantic segmentation models are crucial for ensuring the safe operation of 

intelligent vehicles. Therefore, improving the DeepLabV3+ model's architecture to 

achieve superior segmentation results is of paramount research significance. 

1.3 Report Structure 

Chapter 1: INTRODUCTION 

In this chapter, we provide an overview of the research background and project 

objectives. We conclude by briefly outlining the main tasks undertaken in this paper 

and the structure of the article. 

Chapter 2: LITERATURE REVIEW 

Chapter 2 categorizes deep learning-based semantic segmentation methods into 

three categories based on annotation and training approaches. It provides a detailed 

overview of the current state of research and developments both domestically and 

internationally. 

Chapter 3: RESEARCH AND/OR DEVELOPMENT METHODOLOGY 

Chapter 3 presents the design concepts and overall architecture of our research 

model, the DeepLabV3+ network. It introduces the datasets and evaluation metrics used 

to assess the improved algorithms and describes the experimental environment. 

Chapter 4: DESIGN AND IMPLEMENTATION 

Chapter 4 details various methods employed to enhance the DeepLabV3+ network 
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and outlines the corresponding experiments conducted for implementation. 

Chapter 5: RESULTS AND DISCUSSION / EVALUATION 

Chapter 5 showcases the results obtained from the experiments conducted in 

Chapter 4. It includes an analysis of these results. 

 

Chapter 6: CONCLUSIONS AND RECOMMENDATIONS 

Chapter 6 summarizes the work presented in the preceding chapters, analyzes the 

limitations of the study, and provides insights into future research directions. 

Chapter 7: REFLECTION 

Chapter 7 offers a reflection on what has been learned during the course of this 

project and identifies areas for improvement in future work. 
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CHAPTER 2: LITERATURE REVIEW 

2.1 Fully Supervised Semantic Segmentation Methods 

Manually annotated image sample data contain rich surface information and local 

features, which greatly assist in training semantic segmentation models and improving 

segmentation accuracy. Therefore, fully supervised semantic segmentation methods are 

currently the most widely applied and effective segmentation techniques. The Fully 

Convolutional Network (FCN) [18], as a pioneering deep learning method in the field 

of semantic segmentation, replaced fully connected layers with convolutional layers 

after image feature extraction. This modification allowed the model to fully leverage 

the two-dimensional spatial information in images, achieving end-to-end, pixel-level 

dense predictions, marking a significant milestone in the entire semantic segmentation 

research domain. 

Since then, researchers have continuously optimized, improved, and innovated 

semantic segmentation models and methods in various aspects, including optimizing 

convolutional structures. During the process of feature extraction from images, high-

resolution images are advantageous for semantic segmentation. However, continuous 

downsampling and pooling operations can lead to a substantial reduction in image 

resolution, resulting in the loss of a significant amount of image information. 

Furthermore, this lost information is challenging to recover during the image 

upsampling process. Chen et al. [19] introduced the concept of dilated convolution in 

the DeepLabv1 model, innovatively enlarging the receptive field of convolutional 

kernels through dilation factors without increasing the number of parameters. This 

enabled the rapid and effective acquisition of deep image features while preserving the 

resolution of feature maps, thus improving segmentation accuracy. However, high 

dilation rates in dilated convolutions can lead to issues such as the loss of image details, 

feature discontinuities, and spatial gaps when extracting deep features. Wang et al. [20] 

addressed the "checkerboard effect" problem caused by dilated convolutions by mixing 
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dilated convolutions and dense upsampling convolutions during the upsampling 

process. This further restored image details and enhanced the model's segmentation 

accuracy. 

To reduce model complexity, parameter count, and make deep learning models 

suitable for mobile devices, Paszke et al. [21] serially applied dilated convolutions to 

bottleneck modules, proposing the ENet model, which had fewer parameters while 

maintaining feature map resolution, thus advancing real-time semantic segmentation. 

Mehta et al. [22] constructed the ESPNet model by combining dilated convolution 

pyramids with point-wise convolutions, reducing model parameters while ensuring the 

receptive field and effectively improving the segmentation accuracy of real-time 

semantic segmentation models. In comparison to traditional convolutions mentioned 

above, Dai et al. [23] introduced the concept of deformable convolutions. These 

convolutions add a learnable offset during image computation, giving convolutional 

kernels the ability to adapt to spatial geometric deformations. While increasing the 

receptive field, deformable convolutions effectively accommodate geometric 

transformations in images, demonstrating their effectiveness in complex computer 

vision tasks. 

Methods Based on Encoder-Decoder Structures. In semantic segmentation, the 

problem of reduced resolution and loss of spatial positional information due to 

convolution and pooling operations during image feature extraction is inevitable. The 

encoder-decoder structure is a commonly employed and effective approach to address 

this issue. Badrinarayanan et al. [24] drew inspiration from the feature extraction 

structure of the VGG16 network and designed a 5-layer symmetric encoder-decoder 

network called SegNet. In the encoder, local and global information of the image is 

extracted using convolutional layers, while pooling layers reduce model parameters 

through dimensionality reduction. In the decoder, the network incorporates position 

indices from max-pooling layers and utilizes reverse pooling operations to recover 

image details and spatial dimensions, mitigating information loss during downsampling 

and thereby enhancing segmentation accuracy. Noh et al. [25] proposed DeconvNet, a 

structure closely resembling SegNet but employing deconvolution operations in the 
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decoder for pixel-wise classification predictions. UNet [26], named for its U-shaped 

architecture, is another classic encoder-decoder structure. UNet progressively restores 

local information and resolution by concatenating and fusing feature maps 

corresponding to each encoder layer, achieving excellent segmentation results. Variants 

of UNet have significantly advanced the application of semantic segmentation in 

biomedical image segmentation. 

The RefineNet network introduced by Lin et al. [27] adopts ideas from the residual 

identity mapping concept of backbone residual networks. It features residual 

convolution modules and multi-resolution fusion modules to effectively combine 

feature maps extracted at different layers. Additionally, it utilizes chained residual 

pooling modules to capture contextual information, resulting in high-resolution 

segmentation predictions. Peng et al. [28] introduced asymmetric convolution groups 

to achieve a large receptive field while saving parameters, innovatively enhancing 

segmentation accuracy. Their model design opened new avenues for semantic 

segmentation.Apart from these, real-time semantic segmentation approaches, such as 

ENet, LEDNet [29], and DFANet [30], also employ the typical encoder-decoder 

structure. 

Methods Based on Feature Fusion Feature fusion involves the addition or 

concatenation of feature maps extracted from different layers during the downsampling 

process. Feature fusion not only captures hidden contextual information but also 

improves the utilization of image features, thereby enhancing segmentation 

effectiveness and accuracy. Lin et al. [31] introduced the concept of feature pyramids, 

which provide rich semantic information at various levels, benefiting computer vision 

tasks. Chen et al. [32] developed the DeepLabv2 model, drawing inspiration from the 

spatial pyramid concept and incorporating atrous convolutions introduced in 

DeepLabv1 to create the Atrous Spatial Pyramid Pooling (ASPP) module. This module 

effectively fuses multi-scale image features, enabling the segmentation of objects of 

various scales. In DeepLabv3 [33], improvements were made to the ASPP module's 

structure, and a DCNN network with both serial and parallel structures was designed to 

enhance segmentation accuracy.Liu et al. [34] extracted global information from 
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images through global pooling. Recognizing that direct fusion of features at different 

scales can decrease model accuracy, ParseNet applied L2 regularization before fusing 

extracted features with local information. This fusion improved segmentation results 

significantly. Zhao et al. [35] proposed PSPNet, which introduced more contextual 

information through pyramid pooling modules, effectively fusing features of different 

scales. This greatly enhanced scene parsing capabilities and reduced inter-class 

similarity errors and context mismatch issues. He et al. [36] addressed the balance 

between scale variations and dilation coefficients by introducing the DMNet model. 

They designed the Dynamic Convolutional Module (DCM) to obtain contextual 

information and achieved better segmentation results. These methods based on feature 

fusion contribute to the advancement of semantic segmentation by efficiently utilizing 

multi-scale information to enhance segmentation performance and accuracy. 

Methods Based on Attention Mechanisms. Attention mechanisms involve focusing 

on crucial information for the target task while disregarding less relevant factors from 

a wealth of information. In the field of computer vision, attention mechanisms allocate 

different weights to different parts of an image, aiding neural networks in extracting 

more important and critical information. The PSANet network proposed by Zhao et al. 

[37] aggregates contextual information from various positions by introducing attention 

mechanisms. Although it consumes significant GPU memory, it introduces new 

perspectives into semantic segmentation. Li et al. [38] introduced the Pyramid Attention 

Network (PAN), which employs the Feature Pyramid Attention (FPA) module to add 

attention to higher-level features. By fusing contextual information from different 

scales, it enhances pixel classification consistency. Additionally, the Global Attention 

Upsample (GAU) module is employed to obtain high-level semantic information to 

restore lower-level local details, resulting in excellent segmentation performance. 

Huang et al. [39] introduced CCNet, which utilizes a cross-cross attention 

mechanism. This model significantly reduces computational complexity and memory 

usage while improving efficiency and segmentation results. Fu et al. [40] proposed the 

Dual Attention Network (DANet) based on channel-wise and spatial-wise attention 

mechanisms to capture interdependencies in visual semantic features, yielding more 
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precise segmentation results. Integrating attention mechanisms into semantic 

segmentation reduces dependency on external information, making it easier to uncover 

internal feature correlations and improving segmentation accuracy. 

Methods Based on Probabilistic Graph Models. Probabilistic graph models involve 

establishing dependencies among pixels as nodes in the late stages of convolutional 

neural network computation. These models balance the utilization of local and global 

image features, optimizing boundary information for segmentation targets and 

enhancing segmentation accuracy. Conditional Random Fields (CRFs) and Markov 

Random Fields (MRFs) are commonly used probabilistic graph models. Lin et al. [41] 

employed CRFs and CNNs for structured prediction in post-segmentation optimization. 

This approach reduces computational redundancy, incorporates rich global information, 

but may yield rough segmentation results due to the absence of Higher Order Potential 

(HOP) considerations. Arnab et al. [42] improved segmentation performance by 

training two types of HOP parameters embedded in CRFs using an end-to-end approach. 

Vemulapalli et al. [43] enhanced target segmentation results by introducing a fixed 

iteration Gaussian Conditional Random Field (GCRF). Liu et al. [44] integrated label 

context information and high-order features into MRF using a deep parsing network. 

They combined this with mean-field algorithms to improve segmentation efficiency and 

accuracy effectively. 

Methods Based on Recurrent Neural Networks. Recurrent Neural Networks (RNNs) 

possess short-term memory capabilities, allowing them to utilize contextual 

information in images effectively and perform well in neural network models. Visin et 

al. [45] introduced ReSeg, a network that integrates CNNs and RNNs. Its decoding part 

is inspired by the ReNet network structure and effectively exploits image contextual 

information, resulting in improved segmentation. Li et al. [46] proposed LSTM-CF 

(Long Short-Term Memorized Context Fusion), which simultaneously integrates RGB 

and depth image contextual information for RGB-D image semantic segmentation. 

While LSTM-CF enhances segmentation accuracy, it often requires image chunking 

during processing, which can be cumbersome and may lead to underutilized image 

features. To address this, Liang et al. [47] proposed Graph-LSTM, which utilizes 
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superpixels and their spatial connectivity in an adaptive undirected graph topology. This 

approach reduces computational redundancy, optimizes object boundaries, and 

improves segmentation accuracy. 

Methods Based on Generative Adversarial Networks (GANs). The semantic 

segmentation methods based on Generative Adversarial Networks (GANs) aim to 

enhance segmentation accuracy through adversarial training without increasing model 

algorithm complexity. Luc et al. [48] were the first to apply GAN concepts to semantic 

segmentation, treating traditional segmentation networks as generators and introducing 

a discriminative network for adversarial training. Through adversarial learning, the 

high-level inconsistencies between segmentation images and label images are gradually 

reduced, leading to improved segmentation accuracy. Xue et al. [49] combined GAN 

principles to design a Multi-scale L1 Loss network for optimizing network 

segmentation results. This effectively resolved the issue of inconsistent segmentation 

categories in the Unet network. While GANs can to some extent replace probabilistic 

graph models and pyramid models to enhance segmentation results, they exhibit 

scalability limitations on large datasets and are prone to instability. Consequently, 

GAN-based models are more frequently applied in semi-supervised learning scenarios 

with small sample datasets. 

2.2 Weakly Supervised Semantic Segmentation Methods 

 While methods based on fully supervised learning offer better model training and 

yield superior segmentation results, the extensive need for labeled data also implies 

substantial human, material, and computational resources. Hence, researchers, 

considering practical applications and resource constraints, have shifted their focus 

towards using lightweight label data to train semantic segmentation models, aiming to 

enhance segmentation performance through weakly supervised learning methods. 

Currently, common weakly supervised learning semantic segmentation methods 

include boundary-level annotations, scribble-level annotations, image-level 

annotations, and various hybrid labeling approaches, as illustrated in Figure 2.1. 
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a. Border level annotation        b. Graffiti level annotation          c. Image level annotation 

Fig 2.1 Common supervised learning method data examples [15] 

 Methods Based on Boundary-Level Annotations. Boundary-level annotations 

involve encompassing the entire object within a bounding box during sample 

annotation for model training. Dai et al. [50] proposed the BoxSup model, which trains 

on samples annotated with bounding boxes. The model iteratively optimizes the initial 

candidate regions obtained from the Multiscale Combinatorial Grouping (MCG) 

algorithm using Fully Convolutional Networks (FCN) until convergence, achieving 

segmentation accuracy comparable to fully supervised learning methods. Rajchl et al. 

[51] improved and extended the Grab-Cut algorithm, combining Conditional Random 

Fields (CRF) and CNN in a model that, after iterative training, yielded superior 

segmentation results. Khoreva et al. [52] recursively trained a CNN model using 

bounding box annotations generated by the GrabCut algorithm, achieving segmentation 

accuracy up to 95% of fully supervised learning methods. This demonstrates the 

effectiveness of weakly supervised learning segmentation methods based on boundary-

level annotations. 

Methods Based on Scribble-Level Annotations. Scribble-level annotations involve 

marking object regions in samples by drawing arbitrary lines, reducing the manual 

annotation workload. Lin et al. [53] proposed the ScribbleSup interactive semantic 

segmentation model, where annotators need to label only a small portion of the sample 

images. GraphCut algorithms automatically annotate the remaining samples, which are 

then input to the FCN model. Iterative training yields predicted segmentation results. 

Inspired by semi-supervised learning methods, Tang et al. [54] introduced the use of 

NormalizedCut regularization to compute the loss function, effectively improving 

model training quality and achieving better segmentation results. Obukhov et al. [55] 
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proposed a Gated Conditional Random Field Loss function suitable for weakly 

supervised learning semantic segmentation. This method effectively reduces the impact 

of irrelevant pixels in images, enhancing the training quality of scribble-level 

annotation data and further improving segmentation accuracy. 

Methods Based on Image-Level Annotations. Image-level annotation methods 

construct connections between image category labels and pixel semantics to achieve 

semantic segmentation. These methods are straightforward to implement and widely 

applicable due to their simplicity. Pinheiro et al. [56] optimized segmentation models 

by allocating more weight to correctly classified pixel regions through the construction 

of aggregation layers. Durand et al. [57] introduced the WILDCAT model, capable of 

identifying multiple local regions, using a Multi-map Transfer Layer to obtain 

discriminative and prominent image features. Kolesnikov et al. [58] proposed the SEC 

(Seed, Expand, and Constrain) model composed of multiple loss functions. This model 

treats class activation map regions as target localization points, reasonably expands 

regions, and utilizes boundary loss functions to effectively enhance segmentation 

results. Wei et al. [59] introduced the STC (Simple To Complex) model, progressively 

enhancing network performance from simple to complex. The model initially identifies 

prominent regions in background images using saliency detection algorithms. These 

regions are then used as supervision information for the Enhanced-DCNN to obtain 

initial segmentation results. Finally, the results are input into the Powerful-DCNN, 

iteratively improving dense prediction results and enhancing segmentation accuracy. 

Methods Based on Various Hybrid Annotations. In practice, weakly supervised 

learning methods often combine various types of weakly labeled data to train models 

due to the limitations of individual labeling techniques. Xu et al. [60] proposed a unified 

framework for handling weakly labeled data, using different constraint equations for 

different weakly labeled data to achieve pixel-level annotation effects, effectively 

improving segmentation results. Papandreou et al. [61] combined a small number of 

pixel-level labels with a large amount of weakly labeled data, using probabilistic 

graphical models and the Expectation-Maximization algorithm to predict the class of 

unknown pixels, achieving segmentation accuracy comparable to fully supervised 



13 

 

learning methods. Hong et al. [62] introduced the DecoupledNet model, which 

leverages mixed labeling data. The model independently performs image classification 

and segmentation tasks and enhances segmentation results through class activation 

maps. 
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CHAPTER 3: RESEARCH AND/OR DEVELOPMENT METHODOLOGY 

3.1 DeepLabv3+ Network Model 

DeepLabV3+ stands out as a leading semantic segmentation model known for its 

ability to effectively integrate multiscale information, as illustrated in Figure 3.1. 

Within the encoder-decoder architecture, it introduces the capability to flexibly control 

the encoder's feature extraction resolution, striking a balance between accuracy and 

computational efficiency through Atrous Convolution [68]. The DeepLabV3+ model is 

composed of two key components: the Encoder and the Decoder. 

In the Encoder, the primary DCNN (Deep Convolutional Neural Network) employs 

a sequential Atrous Convolution approach to perform deep convolutional feature 

extraction on input images. The results are then divided into two segments. One 

segment serves as the low-level feature layer, directly feeding into the Decoder. The 

other segment undergoes parallel Atrous Convolutions, each utilizing Atrous 

Convolution with a different rate for feature extraction. This process captures context 

information at different scales. Subsequently, the features from different Atrous 

Convolution paths are merged, followed by 1×1 convolution to compress the features. 

The resulting high-level feature layer is then forwarded to the Decoder. 

Within the Decoder component, the high-level feature layers from the Encoder 

undergo bilinear interpolation upsampling with a magnification factor of 4. These 

upsampled features are concatenated with the low-level feature layers, which have 

undergone channel reduction through 1×1 convolution. Further feature extraction is 

performed through two consecutive depth-wise separable convolution blocks. 

Ultimately, a 4× upsampling is applied to obtain the prediction map with the same 

dimensions as the original image. 
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Fig 3.1 DeepLabv3+Model Structure 

3.2 Improvements Implemented 

 This paper centers around the problem of semantic segmentation in urban road 

scenes and conducts experiments based on the DeepLabV3+ model. The specific 

research contributions are outlined as follows: 

(1) Addressing the Issue of Excessive Parameters in the DeepLabV3+ Model for 

Feature Extraction: Recognizing the impracticality of the large parameter size 

in the DeepLabV3+ model's feature extraction network, this study explores the 

use of commonly employed convolutional neural networks (CNNs) as feature 

extractors. It investigates the segmentation performance of the DeepLabV3+ 

model with ResNet50, ResNeXt50, and MobileNetV2 as feature extraction 

networks. By adjusting the output stride to reduce feature loss during 

downsampling, the segmentation performance is improved. When the output 

stride is set to 8x, the DeepLabV3+ model exhibits the best segmentation 

results. However, considering practical model applications, experimental 

analysis reveals that when the output stride is adjusted to 16x, a balance is 

achieved between model parameters, complexity, and segmentation accuracy. 

(2) Enhancements to the DeepLabV3+ Model Decoder for Small-Scale Objects 

and Object Boundary Details: Addressing the issue of the DeepLabV3+ model's 

subpar performance in handling small-scale objects and object boundary details, 

this paper introduces improvements to the original decoder structure. The key 

enhancements are as follows: a) Utilizing the Global Convolution Module and 

Boundary Refinement Module to extract local features from shallow network 
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layers. Models like GCN-DeepLabV3+ and GCNG-DeepLabV3+ with these 

features exhibit improved representational capabilities in capturing finer details 

for image segmentation. b) Employing Convolutional Block Attention Modules 

(CBAM) to map features from shallow network layers in both channel and 

spatial dimensions. The CBAM-DeepLabV3+ model, enhanced with attention 

mechanisms, extracts crucial local features, thereby enhancing segmentation 

performance for small-scale target objects and object boundary details. 

Experimental results demonstrate that the DeepLabV3+ model with these 

decoder structure improvements performs more effectively in semantic 

segmentation tasks involving urban road scenes. 

3.3 Research Methodology 

 Following the algorithm improvements, the evaluation of the algorithm is 

conducted using the CamVid dataset. The CamVid dataset is publicly available from 

the University of Cambridge and is designed for road scene semantic segmentation 

using supervised learning. The dataset consists of over 700 manually annotated road 

scene images captured from the perspective of a vehicle. It is divided into training (367 

images), validation (101 images), and test (233 images) sets, with image and label 

resolutions set at 480×360 pixels. The dataset comprises a total of 12 object classes, 

including sky, buildings, utility poles, roads, sidewalks, trees, traffic signs, fences, cars, 

pedestrians, bicycles, and background. This high-quality dataset serves as a 

fundamental experimental resource for studies related to object recognition, pedestrian 

detection, and other road scene research tasks. 

 

Fig 3.2 Example of CamVid dataset images 
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 In the experimental research, various performance metrics were employed to assess 

the effectiveness of the proposed methods. These performance metrics include 

Intersection over Union (IoU), Mean Intersection over Union (MioU), Precision, Recall, 

F1-Score, Pixel Accuracy (PA), Mean Absolute Error (MAE), among others. The 

mathematical expressions for these performance metrics are provided below: 

𝐼𝑜𝑈 =
𝑇𝑃

(𝑇𝑃+𝐹𝑃+𝐹𝑁)
                                                (3-1) 

𝑀𝐼𝑜𝑈 =
(𝐼𝑜𝑈1+...+𝐼𝑜𝑈𝑛)

𝑛
                                       (3-2) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
                                         (3-3) 

             𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃+𝐹𝑃)
                                          (3-4) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
2× 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                      (3-5) 

𝑃𝐴 =
(𝑇𝑃+𝑇𝑁)

(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)
                                          (3-6) 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑁
𝑖=1                                     (3-7) 

Among the terms used, TP (True Positives), TN (True Negatives), FP (False 

Positives), and FN (False Negatives) represent the following: TP indicates cases where 

the model correctly predicts positives when they are indeed positive, TN denotes 

situations where the model correctly predicts negatives when they are indeed negative, 

FP signifies instances where the model erroneously predicts positives when they are 

actually negative, and FN represents occurrences where the model incorrectly predicts 

negatives when they are indeed positive. N represents the total number of pixels, 

𝑦𝑖 stands for the true class of the i-th pixel, and 𝑦̂𝑖 represents the predicted class of the 

i-th pixel. 

Among the various performance metrics, this paper selects MIoU (Mean 

Intersection over Union) and MAE (Mean Absolute Error) as the ultimate evaluation 

metrics for algorithm performance assessment. MIoU measures the relationship 

between the intersection and union of the predicted and actual regions, followed by 

averaging these values. MIoU comprehensively reflects the model's performance, 

taking into account the similarity and overlap between ground truth and predicted 
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values. MAE is a metric used to assess the accuracy of model predictions and represents 

the average difference between predicted values and ground truth values. In binary 

semantic segmentation tasks, MAE can be employed to evaluate the model's pixel-level 

classification accuracy, providing a more direct measure of the disparity between model 

predictions and ground truth. Since MIoU and MAE can simultaneously evaluate 

different aspects of binary semantic segmentation algorithm performance, this paper 

chooses them as the final evaluation metrics. 

3.4 Experimental Design 

 The hardware environment used for experiments in this paper consists of an 

xeno(R)W-2145 CPU, an NVIDIA GeForce RTX 2080Ti GPU with 11GB of video 

memory. The software environment is based on Ubuntu 18.04, Python 3.6, PyTorch 

1.10, and relevant Python libraries for neural networks. 
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CHAPTER 4: DESIGN AND IMPLEMENTATION 

4.1 Problem Analysis 

4.1.1 DeepLabV3+ Semantic Segmentation Model Based on Different Feature 

Extraction Networks 

 The DeepLabV3+ model has consistently been recognized as an outstanding 

performer in semantic segmentation tasks. However, it cannot be denied that despite its 

excellent segmentation performance, the model's overall parameter count remains 

substantial. This can pose challenges in practical applications. Specifically, this large 

model demands more computational resources for training and inference. Consequently, 

devices or scenarios with limited computing capabilities may face constraints when 

employing this model. Furthermore, large models require additional storage space, 

potentially increasing the complexity of model deployment and maintenance, especially 

in resource-constrained environments. This could also lead to longer model download 

and update times, which may not be ideal for applications requiring rapid deployment 

and updates. 

To address this issue, one feasible approach is to consider replacing the backbone 

network with a smaller yet still performance-acceptable alternative. By doing so, it's 

possible to reduce the overall model's parameter count to some extent, thereby 

decreasing its computational and storage requirements. This makes it more suitable for 

deployment and operation in various application scenarios. With the continuous 

development of deep learning technologies, various convolutional neural networks 

have emerged, offering a variety of model choices while maintaining acceptable 

performance. DeepLabV3+ follows an encoder-decoder architecture, which is 

conducive to module replacement and structural improvement in practical applications. 

4.1.2 Improved Decoding Structure of DeepLabV3+ Semantic Segmentation Model 

In the field of autonomous driving, a high-precision semantic segmentation model 

is crucial because sufficient representational capacity is one of the prerequisites for a 
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model to be successfully applied in real-world scenarios. Urban road scenes are 

inherently complex and diverse, featuring objects of varying scales and being subject 

to multiple external factors such as lighting, temperature, and occlusions. Although the 

DeepLabV3+ model performs admirably in handling background-dominant, large-scale 

objects, its performance in small-scale objects and object boundaries is somewhat 

lacking. 

To further enhance the DeepLabV3+ model's performance in segmenting complex 

urban road scenes, it is imperative to improve and optimize its decoder structure to 

achieve more refined segmentation results. The optimization goal is to enable the model 

to better capture information related to small-scale objects and object boundaries, 

thereby improving segmentation effectiveness. This entails enhancing the model's 

perceptual capabilities to adapt to scenes of varying scales and complexities. 

Through this series of improvements, the DeepLabV3+ model achieves higher 

segmentation performance in urban road scenes, providing more reliable solutions for 

applications in autonomous driving and other related domains. 

4.2 Residual Networks 

4.2.1 ResNet50 Network 

Residual Network (ResNet) [69], proposed by Microsoft Research, is a 

convolutional neural network architecture. Studies have shown that deeper network 

models can extract richer semantic features from images, which is advantageous for 

feature utilization in visual tasks. However, as networks become deeper, there is a 

challenge of gradient vanishing or exploding when stacking simple network layers. 

ResNet effectively addresses the issues of gradient vanishing and exploding by utilizing 

batch normalization layers, resolving problems related to slow convergence or non-

convergence during network training. 

In the practical process of model training, another issue known as the "degradation 

problem," distinct from overfitting, arises as network depth increases. To better train 

deep neural network models, ResNet introduces residual blocks through identity 

mapping, constructing deep convolutional neural networks. This design leads to 
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improved classification performance in image classification tasks. The overall structure 

of ResNet is similar, with the core part composed of stacked residual blocks. 

Figure 4.1 illustrates the fundamental components of the ResNet50 network: (a) 

the bottleneck residual block that forms ResNet50, (b) detailed structural parameters of 

the feature extraction part of ResNet50, and (c) the change in feature map output stride 

after feature extraction in ResNet50, corresponding to the reduction factor after 

downsampling. 

 

Fig 4.1 ResNet50 Detailed Structure 

4.2.2 ResNeXt50 Network 

ResNeXt [70] is a modified network that combines group convolution based on the 

ResNet architecture. It belongs to a variant of residual networks. Unlike Inception 

networks, which require manual design of intricate model structures, ResNeXt 

simplifies the design by using the same topology for each branch. This simplification 

aligns more with GPU design principles, making it more suitable for iterative model 

training. 

ResNeXt structures the network by setting the number of groups through the 

"Cardinality" parameter. Under the same computational complexity, its building block 

units are fully equivalent to ResNet's residual modules. However, ResNeXt achieves 

superior classification performance in image classification tasks. Taking ResNeXt50 

(32x4d) as an example, its basic residual block composition is illustrated in Figure 

4.2(a). The overall structure of its feature extraction part is similar to ResNet50, but it 

employs 32 group convolutions to replace the bottleneck residual structures in layers 
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conv2_x to conv5_x, as detailed in Figure 4.2(b). 

 

Fig 4.2 Basic Structure of ResNeXt50 

4.2.3 MobileNetV2 Network 

MobileNetV2 [71] is a lightweight convolutional neural network developed by the 

Google team. This model strikes a fine balance between accuracy and real-time 

performance, showcasing innovations in two key structural aspects: Inverted Residuals 

and Linear Bottlenecks. 

The Inverted Residuals structure, as illustrated in Figure 4.3, comes in two forms. 

The left diagram represents the specific configuration of the module when the stride is 

1, and the input and output feature map tensors have the same shape. The right diagram 

illustrates the structure when the stride is 2. In contrast to the residual modules in 

ResNet, which consist of dimension reduction (compression), convolutional feature 

extraction, and dimension expansion (dilation), Inverted Residuals adopt an approach 

of dimension expansion (dilation), depth-wise separable convolutional feature 

extraction, and dimension reduction (compression). Additionally, the activation 

function in the residual structure is replaced with ReLU6. Inverted Residuals strike a 

balance between feature expansion and compression, effectively extracting valuable 
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data features. 

The design of the Linear Bottlenecks structure aims to address the issue of low-

dimensional feature information loss caused by ReLU functions. The specific 

architectural parameters of the MobileNetV2 network are outlined in Table 4.1, where 

"t" represents the expansion factor, "c" represents the output channel count, "n" 

represents the repetition count, and "s" represents the stride. Compared to the 

MobileNetV1 network, MobileNetV2 achieves higher accuracy, has a smaller model 

size, and finds broader applications in practice. 

 

Fig 4.3 Inverted Residuals structure 

Tab 4.1 MobileNetV2 Structure Parameter Table 
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4.3 Improving decoding structure 

4.3.1 Global Convolutional Network Module 

The Global Convolutional Network module (GCN) [28], proposed by Tsinghua 

University and Megvii Technology, is a module designed to enhance model 

performance in semantic segmentation tasks. Its core principle involves the use of 

asymmetric convolutions to achieve a large receptive field, addressing pixel 

classification and localization challenges in semantic segmentation, ultimately leading 

to improved segmentation results. Compared to regular convolutions, asymmetric 

convolutions can produce feature mappings equivalent to those of large convolutional 

kernels while utilizing fewer parameters. As an example, consider a 3×3 regular 

convolution, whose feature mapping is equivalent to the convolution results of two 

asymmetric convolutions, 3×1 and 1×3, as illustrated in Figure 4.4(a). 

The Global Convolutional Network module harnesses the power of asymmetric 

convolutions to extract richer image features with fewer parameters. Its specific 

structure, depicted in Figure 4.4(b), consists of two pairs of asymmetric convolutions: 

1×k and k×1, and k×1 and 1×k. These pairs generate dense feature mappings, resulting 

in a k×k feature map, which is then fused and added to produce the final prediction 

image. Here, "k" represents the convolution kernel size, and "12" corresponds to the 

number of categories in the CamVid dataset's prediction images. 

In semantic segmentation tasks, the Global Convolutional Network module 

effectively enhances model segmentation performance by leveraging a large receptive 

field. Its novel module design has introduced new perspectives into semantic 

segmentation research. 
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Fig 4.4 Schematic diagram of global convolution module 

4.3.2 Boundary Refinement Module 

The Boundary Refinement module (BR) [28] is an edge optimization module 

introduced within the Global Convolutional Network. Its structural design bears 

resemblance to residual structures and serves the purpose of further refining prediction 

results to enhance object localization and optimize boundaries. The specific architecture 

of the BR module is illustrated in Figure 4.5. 

The BR module consists of two 3×3 convolutions connected via a residual short-

circuit. It operates by adding the results of the residual structure to the original features, 

ultimately producing refined predictions with enhanced boundaries. 

This module plays a crucial role in improving the localization and boundary 

accuracy of target objects. Its integration into the network contributes to more precise 

and optimized segmentation results. 

 

Fig 4.5 Boundary Refinement Module 

4.3.3 Convolutional Block Attention Module 

The Convolutional Block Attention Module (CBAM) [72], featured at ECCV 2018, 

stands as one of the notable representations of attention mechanisms. CBAM is a 

lightweight hybrid attention mechanism, requiring negligible parameters, and is easily 

integrated into CNN networks. It leverages attention mechanisms to direct the model's 

focus towards more crucial and essential information across channel and spatial 

dimensions, thereby enhancing model representational capacity and further improving 

performance. 

CBAM's overall architecture, depicted in Figure 4.6, comprises two independent 

sub-modules: the Channel Attention Module (CAM) and the Spatial Attention Module 
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(SAM). Assuming an intermediate feature map, input features pass through the CAM 

and SAM modules sequentially to achieve channel and spatial attention mapping before 

producing the output feature map. The CAM structure, specifically illustrated in Figure 

4.7(a), aggregates spatial information from feature maps using max-pooling and 

average-pooling operations. It then operates on the channel dimension, passing the 

feature map through a shared MLP network for channel information compression. 

Subsequently, it performs element-wise summation followed by sigmoid activation to 

yield the channel attention map. Similarly, the SAM module aggregates channel 

information using max-pooling and average-pooling and subsequently operates on the 

spatial dimension to generate the spatial attention map. Finally, it outputs the feature 

map after activation. 

CBAM, with its dual attention mechanisms, plays a pivotal role in improving 

model performance by emphasizing essential information in both channel and spatial 

dimensions. Furthermore, it is a lightweight and parameter-efficient solution that can 

be seamlessly incorporated into CNN architectures. 

 

Fig 4.6 Convolutional Block Attention Module Structure [72] 

 

Fig 4.7 Convolutional Block Attention Module Submodule [80] 
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4.4 Semantic Segmentation Experiments Using DeepLabV3+ Models with Different 

Feature Extraction Networks 

ResNet and MobileNet stand as quintessential representatives of traditional 

convolutional neural networks (CNNs) and lightweight CNNs in deep learning, widely 

applied in practical tasks. Building upon the experiments from Chapter 3, this 

subsection employs model transfer and logarithmic weighted loss functions to train 

models. The CamVid dataset is resized to 300×300, batched with a size of 4, and input 

to the DeepLabV3+ network for training. The initial learning rate for training is set to 

0.01, decreasing exponentially to 0.001 using a poly decay strategy over 100 epochs. 

The experimental comparisons are made between Xception, ResNet50, ResNeXt50, 

MobileNetV2 networks, each serving as the feature extraction network for the 

DeepLabV3+ model. Importantly, ResNet50, ResNeXt50, and MobileNetV2 networks 

retain their original network structures, performing 32× downsampling to extract image 

features, and collaborating with the decoding portion of the original DeepLabV3+ 

model for segmentation prediction. 

4.5 Exploration Based on the GCN-DeepLabV3+ Semantic Segmentation Model 

Given practical computational costs and parameter considerations, ResNeXt50 is 

selected as the main feature extraction network with an output stride set at 16×. This 

choice is made as the baseline network for optimizing the decoding structure of the 

DeepLabV3+ model. 

To further enhance the network's representational capabilities and address its minor 

shortcomings in capturing fine details of small-scale objects and object boundaries, two 

approaches are explored in this subsection. Firstly, the decoding structure of 

DeepLabV3+ is improved by incorporating the Global Convolutional Network (GCN) 

module (K=15). This module further extracts local features from shallow networks. It 

sequentially combines prediction segmentation images of 1/2 and 1/4 sizes from the 

shallow network with those obtained from the original network. These results are fused 

and upsampled to produce the segmentation prediction. This enhanced network is 

referred to as the GCN-DeepLabV3+ model, with its specific architecture depicted in 
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Figure 4.8. Secondly, a group module for local feature extraction, denoted as GCNG-

DeepLabV3+, is constructed by parallelly using GCN modules of varying sizes (K=3, 

7, 11, 15). It outputs segmentation prediction images for each module size and 

concatenates these local features with those from the original network. Finally, a 4× 

output stride is used to produce the prediction image. Both the GCN module and the 

final prediction image in this configuration are optimized using the Boundary 

Refinement (BR) module. The architecture of the enhanced network is illustrated in 

Figure 4.9. 

The experimental settings for the training process are identical to those described 

in Section 4.4, involving resizing the CamVid dataset to 300×300, using a batch size of 

4, and training the improved models. The initial learning rate is set to 0.01, decreasing 

exponentially to 0.001 using a poly decay strategy over 100 epochs. The experimental 

results and prediction images are summarized and presented in Section 5. 

 

 

Fig 4.8 Structure diagram of GCN DeepLabV3+model 
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Fig 4.9 Structure diagram of GCNG-DeepLabV3+model 

 

Fig 4.9 GCNGroup Structure Diagram 

4.6 Exploration Based on the CBAM-DeepLabV3+ Semantic Segmentation Model 

In order to further enhance the generalization capability of the DeepLabV3+ 

network and address its minor shortcomings in capturing fine details of small-scale 

objects and object boundaries, this subsection conducts experiments to improve the 

decoding structure of the DeepLabV3+ model by incorporating the Convolutional 

Block Attention Module (CBAM). This improvement leverages attention mechanisms 
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to extract more crucial and relevant local features, optimizing the model's segmentation 

performance. 

Specifically, attention mechanisms are sequentially applied to the 1/4-sized feature 

vectors extracted by the decoder. Attention is applied separately to both channel and 

spatial dimensions. The feature maps obtained through attention mechanisms are then 

concatenated and fused with the prediction maps generated by the original network. 

Finally, segmentation prediction images are produced with a 4× output stride. This 

enhanced network is referred to as the CBAM-DeepLabV3+ model, and its specific 

architecture is illustrated in Figure 4.10. 

The experimental settings for the training process are consistent with those 

described in Section 4.4, which involves resizing the CamVid dataset to 300×300, using 

a batch size of 4, and training the improved models. The initial learning rate is set to 

0.01, decreasing exponentially to 0.001 using a poly decay strategy over 100 epochs. 

The experimental results and prediction images are summarized and presented in 

Section 5. 

 

Fig 4.10 Structure diagram of CBAM-DeepLabV3+model 
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CHAPTER 5: RESULTS AND DISCUSSION / EVALUATION 

5.1 Comparative Analysis of DeepLabV3+ Semantic Segmentation Model Results 

Based on Different Feature Extraction Networks 

 The loss function changes during the training process of different feature extraction 

networks are shown in Figure 5.1, and the accuracy changes on the validation set are 

shown in Figure 5.2. 

 

Figure 5.1 Model Training Loss Change Curve 

 

Figure 5.2 Precision variation curve of model training validation set 

Tab 5.1 Overall Precision Statistics of DeepLabv3+under Different Feature Extraction Networks 
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Fig 5.3 Comparison of Model Prediction Images 

 

Fig 5.4 Comparison of Model Prediction Image Details 

(1) Without altering the initial structure of the feature extraction networks and with 

identical model training settings, the behavior of different feature extraction networks 



34 

 

on the CamVid validation dataset can be observed from the loss values during training 

(Figure 5.1) and the changes in accuracy (Figure 5.2). Xception performs the best 

among the feature extraction networks, exhibiting faster and lower loss convergence, 

as well as higher Mean Pixel Accuracy (MPA) and Mean Intersection over Union 

(MIoU) values. ResNeXt50 generally outperforms ResNet50, while MobileNetV2 

displays loss convergence patterns similar to ResNet50 but with more outliers and 

greater oscillations in accuracy, along with slower model convergence. 

(2) Combining the overall accuracy statistics on the CamVid validation dataset for 

different output strides of common feature extraction networks (Table 5.1), it is evident 

that reducing the downsampling layer stride in the feature extraction network can 

effectively enhance the segmentation performance of the DeepLabV3+ model. When 

the model's predicted images have an output stride of 16x, ResNet50, ResNeXt50, and 

MobileNetV2 achieve the best MIoU values on the CamVid validation dataset, namely 

69.06%, 68.78%, and 63.87%, respectively, indicating noticeable improvements in 

accuracy. However, it should be noted that adjusting the output stride, although not 

increasing the model's training parameters, consumes more computational resources. 

When the model's predicted images have an output stride of 8x, computational resource 

usage increases significantly, training time lengthens, and complexity rises, but the gain 

in segmentation accuracy is relatively minimal. Overall, an output stride of 16x appears 

to strike a balance between parameters, complexity, and segmentation accuracy. 

(3) Examining the predicted images with different output strides from various 

feature extraction networks (Figure 5.3) and the detailed comparison images (Figure 

5.4), it is apparent that when the output stride is set to 32x, ResNet50 and ResNeXt50 

networks yield relatively poor prediction results, exhibiting inconsistencies between 

classes and blurred object boundaries. However, when the output stride is reduced to 

16x, ResNet50 and ResNeXt50 networks significantly improve their prediction quality, 

resulting in better segmentation performance. Furthermore, when the output stride is 

8x, the predicted images show the best segmentation performance for foreground 

classes, with clearer object boundaries and fewer misclassifications or omissions. 

(4) These experiments highlight that the original DeepLabV3+ model is 
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characterized by a large number of parameters and complex architecture. Due to dataset 

limitations, Xception as the backbone network struggles to train a well-generalized 

model on small sample datasets. These experiments demonstrate that choosing different 

convolutional neural networks for feature extraction based on practical requirements is 

a viable approach. While MobileNetV2 as a backbone network may not match the 

segmentation performance of traditional CNNs, it offers the advantages of fewer model 

parameters and lower complexity, making it a favorable choice for practical tasks. 

5.2 Comparative Analysis of Results for GCN/CBAM-DeepLabV3+ Semantic 

Segmentation Model Exploration 

This section compares the segmentation results between the improved CBAM-

DeepLabV3+ model and the baseline network. The segmentation accuracy for various 

categories in the improved DeepLabV3+ model is presented in Tables 5.2 and 5.3, while 

Table 5.4 provides overall segmentation accuracy statistics. The second and third rows 

in the tables present the complexity and parameter count results for testing the improved 

models under the same criteria, with testing performed on images of size 300x300 

pixels. For a more intuitive comparison of segmentation results for the improved 

decoding structure of the DeepLabV3+ model, partial predicted images on the CamVid 

dataset are displayed in Figure 5.4. Specifically, (a) shows the original test images, (b) 

displays the ground truth labels, (c) represents the predictions from the baseline network, 

and (d)-(f) illustrate the predictions from the GCN-DeepLabV3+, GCNG-DeepLabV3+, 

and CBAM-DeepLabV3+ models, respectively. Figure 5.5 provides a detailed 

comparison of the second column of predicted images from Figure 5.4. 

Tab 5.2 DeepLabV3+MPA values for each category of improved decoder 
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Tab 5.3 DeepLabV3+MIoU values for each category of improved decoder 

 

Tab 5.3 DeepLabV3+MIoU values for each category of improved decoder 
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Tab 5.4 Overall segmentation accuracy statistics of DeepLabV3 with improved decoder 
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Fig 5.4 Comparison of Model Prediction Images 

 

Fig 5.5 Comparison of Model Prediction Image Details 

Tab 5.5 Comparison of Precision Statistics of Different Models in the CamVid Dataset 
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(1) From the overall accuracy statistics table (Table 5.4), it can be observed that the 

improved GCN-DeepLabV3+, GCNG-DeepLabV3+, and CBAM-DeepLabV3+ 

models, with minimal changes in parameters and complexity, achieved an increase of 

1.25, 2.28, and 1.73 in MIoU values, respectively, compared to the Baseline network. 

Specifically, the results of the multi-scale fusion GCNG-DeepLabV3+ model are 

superior to the stepwise summation fusion GCN-DeepLabV3+ model, but the former 

has higher model complexity and longer training iterations. In contrast to using a global 

convolution module to further extract local features for model optimization, adding a 

lightweight attention mechanism to shallow layers also effectively enhances the 

segmentation performance of the DeepLabV3+ model, with a simpler model 

construction. 

(2) The segmentation accuracy statistics for different categories (Tables 5.2 and 5.3) 

show that the GCNG-DeepLabV3+ model outperforms the GCN-DeepLabV3+ model 

in various segmentation categories. Specifically, it exhibits significant improvements, 

especially for smaller-scale objects with fewer pixels, such as street lamps and 

pedestrians, with gains of 6.26 and 5.64 MIoU, respectively. This demonstrates that the 

local features extracted by the global convolution module are effectively integrated into 

the final segmentation predictions, improving the model's segmentation performance. 

For the CBAM-DeepLabV3+ model, after attention mapping in both channel and 

spatial dimensions, there is an overall improvement across various categories, with the 

pedestrian category showing the most significant improvement, with a 5.53 MIoU 

increase. This confirms that adding an attention mechanism to local features in shallow 



40 

 

layers helps the model capture more crucial fine-grained details, thereby enhancing 

segmentation performance. 

(3) The improved model's segmentation prediction images (Figure 5.4) and detail 

comparison images (Figure 5.5) reveal that the GCN-DeepLabV3+, GCNG-

DeepLabV3+, and CBAM-DeepLabV3+ models perform well in capturing fine details, 

resulting in clearer boundaries of target objects. GCN-DeepLabV3+ and GCNG-

DeepLabV3+ models further reduce inter-class errors and perform better on 

background categories through feature fusion. Meanwhile, CBAM-DeepLabV3+ 

excels in capturing internal details of segmented objects, showing improved internal 

consistency of target objects. 

(4) The experiments demonstrate that using global convolution modules in shallow 

layers further enriches the locally extracted features, benefiting feature utilization in 

segmentation tasks. Combining boundary refinement modules results in smoother and 

more detailed segmentation prediction images. Additionally, adding attention 

mechanisms to shallow features helps the model capture more critical and important 

feature information, leading to better segmentation results. The experimental results 

confirm the effectiveness of the decoding structure improvements, providing valuable 

insights for the enhancement and application of the DeepLabV3+ model. 
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CHAPTER 6: CONCLUSIONS AND RECOMMENDATIONS  

6.1 Conclusion 

(1) The DeepLabV3+ model is a powerful semantic segmentation model with 

excellent segmentation performance. However, its complex backbone feature 

extraction network structure and large number of parameters can be challenging for 

training and practical applications. Depending on specific requirements, different 

convolutional neural networks can be chosen for feature extraction. During model 

training, adjusting the downsampling layer stride to reduce feature map resolution loss 

can effectively improve segmentation accuracy. Experimental comparisons using 

ResNet50, ResNeXt50, and MobileNetV2 as the DeepLabV3+ model's backbone 

networks indicate that when the output stride of the model is set to 8x, the best 

segmentation results are achieved. When the backbone network's output stride is set to 

16x, a balance is achieved between model parameters, complexity, and segmentation 

performance. 

(2) Sufficient representational capacity is crucial for model applications, 

particularly in the context of high-precision semantic segmentation for autonomous 

driving. In urban road scenes, the original DeepLabV3+ model exhibited shortcomings 

in segmenting small-scale objects and capturing object boundary details. To further 

enhance its segmentation performance, this study proposed improvements to the 

model's decoding structure. Firstly, by employing global convolution modules and 

boundary refinement modules to extract local features from shallow layers, the GCN-

DeepLabV3+ and GCNG-DeepLabV3+ models, which incorporate more detailed 

information, demonstrated improved representation capabilities in capturing image 

details. Secondly, by utilizing convolutional block attention modules to map local 

features in both channel and spatial dimensions, the CBAM-DeepLabV3+ model, 

equipped with an attention mechanism, captured critical local features and enhanced 

segmentation performance for small-scale objects and boundary details. Experimental 

results suggest that the improved decoding structure of the DeepLabV3+ model is better 

suited for semantic segmentation tasks in urban road scenes. 
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6.2 Outlook 

(1) For the semantic segmentation of small-sample urban street image data, 

unsupervised learning methods can be explored for model training. Additionally, 

domain adaptation methods that leverage well-trained models on high-computational 

devices can be employed to adapt models for practical use. 

(2) While the improved models achieved favorable segmentation results on the 

CamVid dataset, real-world urban street scenes often feature more distractions and 

complexity. Further validation of model segmentation performance in actual urban 

environments is necessary. Additionally, the applicability of the improved 

DeepLabV3+ model to other scenarios and datasets requires further research and 

verification. 

(3) In pixel-wise dense prediction tasks like semantic segmentation, large model 

parameter sizes can hinder practical application due to memory and computational 

constraints. Balancing segmentation accuracy and memory efficiency remains a key 

challenge in the deployment of real-time semantic segmentation models. 

(4) Currently, supervised semantic segmentation techniques are well-developed, 

but weakly supervised and unsupervised methods are more aligned with real-world 

requirements. Research on leveraging weakly supervised and unsupervised semantic 

segmentation methods to improve segmentation accuracy on small-sample datasets is a 

future research focus. 
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CHAPTER 7: REFLECTION  

During the course of completing this paper, I gained insights into the historical 

development of semantic segmentation networks and learned about the optimization 

directions in neural networks. While optimizing the DeepLabv3+ network structure, I 

developed a deeper understanding of the architecture of each layer, which will be 

beneficial for future network improvements. 
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