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Abstract The task of semantic segmentation involves labeling each pixel in an 
image with its corresponding object class, which is achieved by clustering regions 
belonging to the same category using artificial intelligence. This is an important 
step from image processing to image analysis and has numerous applications in 
areas such as automatic driving, image enhancement, and 3D map reconstruction. 
With the emergence of deep learning, several sophisticated and efficient algorithms 
have been developed for this task. This chapter aims to review these methods, start-
ing with a discussion of state-of-the-art semantic segmentation methods for both 
single modality and data fusion, emphasizing their contributions and significance 
in the field. Additionally, an overview of commonly used datasets is provided to 
assist researchers in selecting the appropriate dataset for their needs and goals. A 
comprehensive summary of evaluation metrics used to assess semantic segmentation 
results, along with corresponding benchmarks for a number of classic datasets, is also 
presented. Finally, practical applications of semantic segmentation in autonomous 
driving are explored, and conclusions are drawn on the current state of the art.
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4.1 Introduction 

Semantic segmentation is a critical task in computer vision that aims to partition an 
image into visually significant regions for further visual comprehension and analysis 
[ 1]. This high-level task is essential for complete scene understanding, as it is used in 
2D images, videos, and even 3D or volumetric data. The importance of scene com-
prehension in computer vision is highlighted by the growing number of applications 
that rely on extracting knowledge from images, such as autonomous driving [ 2, 3], 
precision agriculture [ 4], geological testing [ 5], and medical treatment [ 6]. 

Since the first successful demonstration in the 1980s [ 7], significant progress 
has been made in the field of autonomous driving. This technology has immense 
potential benefits, including reducing traffic congestion and improving driving safety. 
Nevertheless, it is an arduous task to guarantee the reliability of autonomous driving. 
An autonomous car must be able to accurately identify, assess, and make decisions 
about road conditions and plan routes. Even a minor error in any of these steps 
can have serious consequences. To address this challenge, perception systems in 
autonomous driving must be accurate, robust, and capable of real-time processing. 
Accuracy guarantees reliable environmental information, robustness ensures proper 
functioning even in adverse weather conditions or sensor degradation, while real-time 
processing is crucial for high-speed driving. 

Semantic segmentation is a critical technology for autonomous driving, as it 
enables the understanding of driving scenes (as shown in Fig. 4.1). Historically, 
researchers have used a range of traditional computer vision and machine learning 
techniques to address this issue. Semantic segmentation is essential for numerous 
applications, including scene interpretation and robot perception [ 1, 8, 9]. Initially, 
researchers employed random forest and conditional random field (CRF) methods 
to classify various semantic elements. However, the current mainstream techniques 
for semantic segmentation have shifted towards deep learning, resulting in signif-
icant improvements in segmentation performance [ 10– 12]. In this section, we aim 
to provide a comprehensive overview of both single-modal and data fusion-based 
semantic segmentation. 

Significant progress has been made in the field of single-modal image segmen-
tation using deep learning-based semantic segmentation models, with exceptional

Fig. 4.1 Semantic segmentation used for autonomous driving
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accuracy rates on widely used benchmarks. Early fusion involves combining con-
ventional unimodal semantic segmentation networks and reusing existing models. 
For example, Gouprie et al. [ 13] adapted the RGB network in [ 14] to RGB-D seman-
tic segmentation by concatenating input RGB and depth channels. Late fusion, on the 
other hand, aims to fuse multi-level features with different types through different 
streams [ 15– 17]. For instance, [ 16] used two CNN models to extract features from 
RGB and depth images, and SVM classifiers to distinguish different semantic cate-
gories. [ 15] introduced a gated fusion layer that learns the respective contributions of 
high-level modality-specific features to enable more effective combination. Further-
more, hierarchical fusion allows the integration of multimodal features at different 
levels, as demonstrated in the works of [ 18, 19].

This chapter is structured as follows: Sect. 4.2 provides an overview of the lat-
est segmentation algorithms and their characteristics, covering both single-modal 
and data fusion-based semantic segmentation. Section 4.3 provides a summary of 
the datasets and corresponding benchmarks utilized for semantic segmentation. In 
Sect. 4.4, evaluation metrics are discussed. In Sect. 4.5, various applications of seman-
tic segmentation are explored. The chapter concludes with a discussion of current 
challenges in Sect. 4.6 and a summary in Sect. 4.7. 

4.2 State of The Art 

4.2.1 Single-Modal Networks 

Pixel-level single-channel semantic segmentation is more challenging than image-
level image classification and region-level object detection. Semantic segmentation is 
particularly crucial for a large number of real-world applications, such as autonomous 
driving [ 20, 21], surrounding sensing [ 22– 24], and medical diagnosis [ 25, 26]. 

4.2.1.1 Single-Modal Convolutional Neural Networks 

Fully Convolutional Networks 
The introduction of the Fully Convolutional Network (FCN) [ 27] marked a signif-
icant advancement in end-to-end semantic segmentation. It has become the most 
advanced and robust framework for scenario analysis. In traditional Convolutional 
Neural Networks (CNNs), several fully connected layers are added after the final 
convolutional layer, which converts the feature map into a fixed-length feature vec-
tor. However, FCN can process input images of any size and upsample the final 
layer’s feature map using a deconvolution layer. As a result, the output prediction for 
each pixel preserves the spatial information of the original input image, recovering 
its original size. This outperforms initial CNN methods such as R-CNN [ 28] and 
SDS [ 29]. However, the classification of individual pixels does not fully consider the
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Fig. 4.2 PSPNet [ 32] architecture. Given an input image (a), it first uses CNN to get the feature map 
of the last convolutional layer (b), then a pyramid parsing module is applied to harvest different 
sub-region representations, followed by upsampling and concatenation layers to form the final 
feature representation, which carries both local and global context information in (c). Finally, the 
representation is fed into a convolution layer to get the final per-pixel prediction (d) 

relationship between pixels, resulting in a lack of spatial consistency. This approach 
also increases the memory footprint and computational complexity. To address this, 
FastFCN [ 30] formulates the task of extracting high-resolution feature maps into a 
joint upsampling problem, reducing computational complexity by more than three 
times without sacrificing performance. 

Pyramid Models 
Recent semantic segmentation approaches have made significant improvements by 
incorporating pyramid-based multi-resolution representations to increase the recep-
tive fields. However, traditional fully convolutional network (FCN) [ 31] models often 
suffer from misclassification of similar categories due to inadequate utilization of 
global information and contextual relationships across different receptive fields. The 
spatial pyramid pooling (SPP) [ 31] model addresses this limitation by obtaining 
global image-level features to improve the ability of FCN-based models to utilize 
contextual information. Nevertheless, to reduce the loss of contextual information 
within different sub-regions, [ 32] proposes a hierarchical global prior, known as the 
pyramid pooling module (PPM), as illustrated in Fig. 4.2. The PPM module com-
bines the features of four different pyramid scales to capture contextual information 
of varying scales and sub-regions. Finally, the resulting representation is passed 
through a convolutional layer to produce the final per-pixel prediction. 

The DeepLab model also addresses this challenge by using Atrous convolutions 
and Atrous Spatial Pyramid Pooling (ASPP) modules. Compared to traditional con-
volution, dilated convolution can obtain a bigger receptive field without sacrificing 
spatial resolution. This architecture has evolved over several generations: 

DeepLabV1: Uses Atrous Convolution and Fully Connected CRF to control the 
resolution at which image features are computed. 
DeepLabV2: Uses ASPP to consider objects at different scales and segment with 
much improved accuracy. 
DeepLabV3: Apart from using Atrous Convolution, DeepLabV3 uses an improved
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ASPP module with batch normalization and image-level features. Unlike its pre-
decessors, DeepLabV3 does not incorporate the CRF (Conditional Random Field) 
method. The final feature map obtained from the network captures abundant seman-
tic information, however, due to the pooling and convolution operations with striding 
used in the network backbone, it lacks the finer details of object boundaries. 
DeepLabv3+ [ 33]: It improves upon DeepLabv3 by adding a decoder module to 
the architecture. While the encoder module encodes multi-scale contextual infor-
mation using atrous convolution at multiple scales, the decoder module refines the 
segmentation results along object boundaries in a simple yet effective manner. 

Encoder-Decoder Architectures 
UNet [ 34] aims to enhance a standard convolutional network by adding a series of 
layers that gradually upsample the previous layers. This allows for the combination 
of high resolution features from the encoder with upsampled feature maps to fuse 
different levels of information and learn context information. By using a u-shaped 
architecture, the decoder can propagate context information to higher resolution 
layers and allow for better segmentation results. 

The network structure LinkNet [ 35] is based on UNet’s encoder-decoder structure. 
There is also a jump connection between the Encoder and Decoder, which allows the 
network to forget certain information during encoding and revisit it during decoding. 
Because the amount of information required by the network to decode and generate 
the image is relatively low, this reduces the number of parameters required by the 
network. Various operations can be used to implement the jump connection. Another 
advantage of using jump connections is that you can easily implement reverse gra-
dient flow with the same connection. Tiramisu [ 36], another semantic segmentation 
algorithm, connects the two and sends the hidden encoder output to the corresponding 
decoder input. 

The novelty of SegNet [ 37] lies in the way the decoder upsamples its lower-
resolution input feature maps. Specifically, the pooling index computed in the 
maximum pooling step of the corresponding encoder is used by the decoder to per-
form nonlinear upsampling. Inverse pooling upsamples the feature maps, maintaining 
the integrity of high-frequency information while ignoring neighboring information 
for feature maps with lower resolution. 

Unlike SegNet’s symmetric encoder-encoder architecture, the ENet [ 38] architec-
ture consists of a large encoder and a small decoder. ENet believes that the encoder 
should be able to manipulate lower resolution data, allowing it to process informa-
tion and filter ideas. In contrast, the decoder is primarily responsible for sampling 
the output of the encoder and only needs to fine-tune the details. 

High-Resolution Network (HRNet) [ 39] proposes a different approach to previous 
methods where high-resolution feature maps are recovered from low-resolution rep-
resentations. Instead, HRNet suggests keeping high-resolution representations dur-
ing the entire feature extraction and fusion process, avoiding loss of essential shape 
and bounding details that may occur with a high-to-low encoder. HRNet achieves 
high performance by using multi-resolution sub-networks in parallel and progres-
sively and repeatedly fusing multi-scale information.
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Prior approaches such as pooling-based [ 40, 41] and dilated convolution-based 
[ 42, 43] extensions, make non-adaptive use of homogeneous contextual dependen-
cies for all image regions, which overlooks the variations in local representation and 
contextual dependencies for different categories. 

Attention 
Attention mechanism has become a widely used technique in various deep learning 
tasks, including natural language processing and image recognition. It is a crucial 
technique that deserves a thorough understanding in the field of deep learning. The 
inspiration for studying the Attention Mechanism comes from the human brain’s 
ability to selectively focus on a region of interest from a visual signal. Humans 
learn to focus their attention on specific regions of an image, based on previously 
observed information, rather than processing all pixels of the entire image at once 
and adjusting the focus over time. This focus of attention enables humans to quickly 
select relevant information and disregard irrelevant information, similar to how the 
Attention Mechanism works in deep learning. 

CNNs are limited in their ability to understand complex scenes due to the physical 
design of their convolutional kernel, which constrains feature information flow to a 
fixed-size local region. In order to address this limitation, Point-wise Spatial Attention 
Network (PSANet) [ 44] (Fig. 4.3) introduces adaptive attention masks to allow each 
location on the feature map to associate with other locations, thereby moderating 
the local neighborhood constraint. PSANet also employs bidirectional information 
propagation paths, which allow each location to aggregate information from all other 
locations to aid in its own prediction, while simultaneously allowing information 
from each location to be distributed globally to assist in the prediction of all other 
locations. 

With the frequent use of attention mechanism in neural networks, non-local neural 
networks [ 45] obtain the attention mask by calculating the correlation matrix between 
each spatial point in the feature map. Figure 4.4a depicts the Non-Local structure. The 
block first computes the similarity between all positions. When the size of the input 
feature map is .C × H × W , the computational complexity is .O(C × H 2 × W 2). 
Then matrix multiplication is performed to collect the influence of all locations on 
themselves, and the computational complexity of this step is also.O(C × H 2 × W 2). 
The high complexity brought by this matrix multiplication results in prohibitive com-

Fig. 4.3 Architecture of PSANet [ 44], consisting of two parallel branches
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Fig. 4.4 a Architecture of a standard non-local block [ 45]; b the asymmetric non-local block [ 46] 

putational costs and a massive GPU memory occupation. To address this issue, Asym-
metric Non-local Neural Network (ANN) [ 46] selectively samples a small number 
of representative points from feature maps. Figure 4.4b shows the architecture of the 
ANN block, and it can be seen that the output size of the non-local blocks remains 
the same as long as the output of the key and value branches remains the same 
size. Therefore, the ANN block efficiently reduces the computational complexity by 
selecting a small number of representative points from the key and value branches, 
while maintaining comparable performance.

Non-local Net [ 45] computes attention using a whitened pairwise term and a 
unary term, which are tightly coupled, making it difficult to learn them separately. 
To address this limitation, Disentangled non-local block (DNLNet) [ 47] decouples 
these terms to facilitate their independent learning. Another method, Dual Attention 
Network (DANet) [ 48], encodes global context using a self-attention mechanism that 
incorporates both spatial and channel attention. Current methods such as PSANet 
[ 44] and DANet [ 48] use adaptive weights to calculate pair-wise similarity or learn 
pixel-wise attention maps. However, these approaches overlook the importance of 
global guidance from the global information extractor. In contrast to these works, 
Adaptive Pyramid Context Network (APCNet) [ 49] takes global-guided local affinity 
into account to estimate the degree of subregion contribution from local and global 
representations and exploits multi-scale representation with a feature pyramid. 

Despite the superior performance of attention mechanisms over other methods, 
such as ASPP, PPM, large convolutional kernels, and stacked convolutional layers, 
the additional computational and GPU memory usage is often unaffordable. There-
fore, some networks focus on reducing computational effort. Criss-Cross Network 
(CCNet) [ 50] aims to reduce the large computation budget introduced by full spatial 
attention. Another method, Interlaced Sparse Self-Attention Network (ISANet) [ 51], 
factors the dense affinity matrix as the product of two sparse affinity matrices, signif-
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icantly reducing computation and memory complexity, particularly when processing 
high-resolution feature maps. 

The attention-based methods have high computational complexity and require a 
large amount of GPU memory due to the generation of a large attention map. The 
generation and use of the attention map are computed with respect to all positions, 
which is a bottleneck. To address these issues, Expectation Maximization Atten-
tion (EMA) [ 52] proposes a novel attention-based method that uses the expectation 
maximization (EM) algorithm [ 53] to find a more compact basis set, significantly 
reducing computational complexity. Unlike previous methods that treat all pixels as 
reconstruction bases [ 44, 45], EMA finds a more efficient solution. EncNet (Context 
Encoding Module) [ 54] adds a class-dependent feature map to provide prior informa-
tion about the scene, which “simplifies” the problem for the network. This approach 
differs from the standard attention mechanism. 

Transformer Models 
Transformers [ 56] rely on self-attention mechanisms and capture long-range depen-
dencies among tokens in a sentence. In addition, transformers are highly paralleliz-
able and suitable for training on large datasets, which has led to their success in natural 
language processing (NLP). This success has inspired the development of several 
computer vision methods that combine CNNs with self-attention mechanisms to 
tackle semantic segmentation problems [ 55]. 

The transformer-based OCR [ 57] approach uses the representation of the cor-
responding object class to characterize a pixel, which strengthens the pixel repre-
sentation. Swin transformer [ 58] uses a variant of ViT [ 59], and proposes a hier-
archical transformer whose representation is computed with shifted window. This 
hierarchical architecture has the flexibility to model at various scales and has dif-
ferent linear computational complexity with regard to image size. Segmenter [ 55] 
(Fig. 4.5) is also a transformer encoder-decoder architecture for semantic image seg-
mentation. It relies on a ViT backbone and introduces a masked decoder inspired by

Fig. 4.5 Segmenter model [ 55]. The encoder module receives image patches, and the decoder 
module takes the input to a mask transformer to generate segmentation masks
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DEtection TRansformer (DETR) [ 60]. Its architecture does not use convolutions but 
captures global context at every layer of the model during the encoding and decod-
ing stages. SegFormer [ 61], a simple, efficient yet powerful semantic segmenta-
tion framework, unifies Transformers with lightweight multilayer perceptron (MLP) 
decoders. Twins [ 62] presents two powerful vision transformer backbones and dub 
them twin transformers: Twins-PCPVT and Twins-SVT. They find that interleaving 
local and global attention can produce impressive results, yet it comes with higher 
throughputs. ResNeSt [ 63] combines channel-wise attention with multi-path repre-
sentation into a single unified Split-Attention block, which improves learned feature 
representations widely.

4.2.2 Data-Fusion Networks 

Semantic segmentation is a popular computer vision task that involves partitioning 
an image into semantically meaningful regions. Typically, photometric data such 
as RGB is used for this task. However, structural information refers to the spatial 
relationships and arrangements of objects in the image, and it can enhance the perfor-
mance and robustness of the segmentation algorithm due to its geometric property. 
To make the most of structural information in semantic segmentation tasks, data-
fusion networks can combine different input visual information to create a richer 
representation of the image. 

4.2.2.1 Structured Visual Information 

• For humans to achieve stereo vision, perceiving depth information is crucial. In 
computer vision, images are acquired through cameras. However, in our everyday 
life, objects have three dimensions, whereas camera-captured images only contain 
two dimensions, resulting in the loss of one-dimensional information, which rep-
resents the relative distance of objects in space. Depth information in computer 
vision usually refers to the distance of each point in space relative to the camera, 
and the relative distance between the points can be easily calculated once the depth 
information is known. 

• Transformed disparity information is utilized to differentiate potholes in the road. 
To accomplish this, a disparity map is subjected to a transformation process, 
whereby an energy function is minimized with respect to both the camera roll 
angle and the road disparity projection model [ 64]. 

• Thermal information is a visual representation that records the heat or temperature 
radiated by the object itself or its surroundings. An infrared (IR) camera is utilized 
to capture this data by using an infrared detector and an optical imaging lens to 
collect the infrared radiation energy distribution of the object in question. The 
resulting thermal image is then projected onto the photosensitive element of the 
IR detector, providing a detailed portrayal of the object’s thermal profile.
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Fig. 4.6 Examples of structured visual information: a depth images, b surface normal images, 
(i)–(iii) in row c show depth image, HHA image, and height image, respectively. (i)–(iii) in row d 
show RGB image, surface normal angle image, and horizontal disparity image, respectively 

• HHA information representation uses three parameters to capture depth images, 
namely the difference in horizontal position, the height above ground of each 
pixel, and the angle between the local surface normal and the estimated gravity 
direction. However, the HHA encoding method has limitations since it mainly 
emphasizes the interdependence between these parameters, while neglecting the 
unique contribution of each parameter to the overall representation (Fig. 4.6c, d). 

• Surface normal information is a 3D spatial representation that represents the vector 
perpendicular to the given object. It is an important visual feature and is used in 
many computer vision applications [ 65, 66] (Fig. 4.6b). 

4.2.2.2 RGB+X Data Fusion 

Existing fusion methods fuse the structural visual information described in 
Sect. 4.2.2.1 with RGB information. Structural visual information captures geometric 
details such as distance, shape, and structure, which are not present in RGB images. 
These details provide a more precise understanding of the location and boundary of 
objects, aiding in semantic segmentation. 

Recently, the combination of RGB images with depth information has been highly 
successful in the field of semantic segmentation, and FuseNet [ 18] is a typical exam-
ple of an encoder-decoder architecture that fuses these inputs (as shown in Fig. 4.7). 
It uses two encoders, each with a VGG-16 [ 67] backbone, to extract features from the 
RGB and depth images separately. As the network delves deeper, the depth encoder’s 
feature maps become incorporated into the RGB encoder. RedNet [ 68] takes this con-
cept a step further by integrating multi-level features even more extensively along 
the top-down pathway. 

RFNet [ 69] follows a similar approach to FuseNet by using two separate branches 
to extract features from RGB and depth images. The RGB branch is considered the 
primary branch in RFNet, while the depth branch is treated as a secondary branch. The 
two branches are combined using the attention feature complementary (AFC) module 
(as shown in Fig. 4.8). Furthermore, a spatial pyramid pooling module is implemented
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Fig. 4.7 Architecture of FuseNet [ 18], containing two branches to extract RGB and depth features, 
respectively 

Fig. 4.8 Data fusion method in RFNet [ 69] 

to aggregate the merged RGB-D features and produce feature maps incorporating 
information at multiple scales. The inclusion of a squeeze-and-excitation block in 
the AFC module, as proposed in [ 70], facilitates the acquisition of global knowledge 
to highlight significant channels and suppress less relevant ones. As a result, the AFC 
module can efficiently leverage informative features from both branches. 

RFBNet [ 71] adds a novel stream to RGB and depth streams. These three 
streams are combined using approaches such as summation, concatenation, and self-
supervised model adaptation (SSMA) block [ 72]. The resulting features are then 
passed through a decoder to generate the final predictions (as shown in Fig. 4.9). 
Specifically, RFBs are utilized in the upper layers to adeptly capture the interplay 
between the three streams. SSMA suggests a fusion approach that merges streams 
and multi-level features specific to different modalities. 

Depth-aware CNN [ 73] utilizes depth-aware convolution and depth-aware average 
pooling, which can be integrated into the traditional segmentation framework to make 
full use of the depth information at low cost. Furthermore, in both the encoder and
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Fig. 4.9 Architecture of RFBNet [ 71]. Three streams: RGB stream (green), depth stream (blue), 
and interaction stream (yellow).. F denotes the fused method 

decoder, RGB and spectral image feature maps are processed separately by the depth-
aware CNNs. 

In addition to depth information, significant efforts have been directed towards 
integrating thermal and RGB images. The two types of visual information comple-
ment each other, as thermal images are proficient at representing diverse environ-
ments with varying illumination and encoding the structural details of the scene [ 74, 
75]. The majority of previous research has split the encoder component of the seman-
tic segmentation model into two branches of networks, extracting features from both 
RGB and thermal images, and then progressively merging the thermal characteristics 
with the RGB features based on the number of layers in the network. The following 
describes the current studies on fusion of RGB and thermal images. 

MFNet [ 76] is an encoder-decoder structure data fusion network, featuring two 
encoders for extracting features from both RGB and thermal images (as shown in 
Fig. 4.10). To incorporate contextual information and extract features from each 
encoder, mini-inception modules utilize parallel convolutional and hole convolu-
tional layers. In the fusion stage, the short-cut module concatenates the RGB and 
thermal features from each encoder at every scale before they are added to the output 
of the previous decoder layer, yielding the ultimate fused result. MFNet maximizes 
the complementarity between thermal image and RGB information for enhanced 
semantic segmentation in autonomous driving scenarios during the night. 

RTFNet [ 77] is composed of three main components: an RGB encoder, a thermal 
encoder, and a decoder (as shown in Fig. 4.11). To extract the necessary features from 
the RGB and thermal images, the ResNet model is utilized as a feature extractor. The 
fusion process involves adding the extracted RGB and thermal features on a per-pixel 
basis to obtain the fused output. This fused output is then fed into the decoder to 
recover the feature map resolution and ultimately obtain the semantic segmentation 
result. 

FuseSeg [ 78] (as shown in Fig.  4.12) also consists of two encoders and a decoder. 
The two encoders use DenseNet [ 79] to extract RGB and thermal features respec-
tively. The RGB encoder incorporates the corresponding thermal features with the 
RGB features using element summation. These fused feature maps are then further
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Encoder (RGB) Decoder Encoder (IR) 

Input (RGB) Input (Thermal)Output 

Convolution layer 

Pooling layer 

Unpooling layer 

Mini-inception block 

Concat layer 

Shortcut block 

Data flow 

Shortcut 

Fig. 4.10 Architecture of MFNet [ 76]. The output of RGB and IR encoders are fused to feed into 
the decoder 

Fig. 4.11 Architecture of RTFNet [ 77], consisting of an RGB encoder, a thermal encoder (blue) 
and a decoder (orange) 

combined with the decoder’s corresponding feature maps using the tensor cascade 
method. Additionally, the bottom feature maps are directly copied to the decoder. 

FEANet [ 80] comprises two components and aims to improve the comprehension 
of spatial information (as shown in Fig. 4.13). The first component of the network uti-
lizes two encoders to extract RGB and thermal features separately. The output from 
each encoder layer is then fed into the feature-enhanced attention module (FEAM), 
which blends and refines the two features through weightage and fusion. This process 
enhances the features, allowing for effective capture and utilization of the comple-
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Fig. 4.12 Architecture of FuseSeg [ 78], consisting of an RGB encoder, a thermal encoder, and a 
decoder. It uses DenseNet as the backbone of the encoders 

Fig. 4.13 Architecture of FEANet [ 80], consisting of a thermal stream, an RGB stream, and an 
output stream 

mentary relationship between the two distinct features. The second component of 
the network uses a decoder to recover the resolution, which takes the enhanced fused 
features as input. 

MFFENet [ 81] consists of two encoders, a feature fusion layer, and a multi-
label supervision layer. It concatenates the multi-scale features with the features that
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contain global semantic information. To extract features, two parallel encoders based 
on DenseNet are situated in the top section. Feature fusion employs elementwise 
summation, with features at various levels being combined at the encoders’ peak. The 
spatial attention mechanism module is used to improve fused features by focusing on 
foreground objects. The upgraded features are supplied to a multi-label supervision 
layer, which is responsible for semantic segmentation. 

GMNet [ 82] classifies the extracted features into three groups that correspond to 
specific aspects of the visual content: fine-grained visual details, semantic informa-
tion, and intermediate-level features. During the fusion process, GMNet integrates the 
low-level and high-level features separately. Specifically, for the low-level features, 
GMNet employs spatial and channel attention mechanisms to combine information 
across different feature maps. As for the high-level features, GMNet leverages multi-
scale null convolution to capture fine-grained details while preserving the semantic 
richness of the information. 

ABMDRNet [ 83] considers the differences between two types of visual infor-
mation by mitigating their differences before fusing. Specifically, a bidirectional 
translation technique is employed to reduce feature differences between the images, 
followed by a weighting scheme to dynamically select the discriminative features 
for semantic segmentation. 

CCAFFMNet [ 84] consists of two encoders and a decoder. The chief function 
of these encoders is to extract features from both RGB and thermal images, respec-
tively. An innovative channel-coordinate attention feature-fusion module (CCAFFM) 
is deployed within the encoder to effectuate this. Specifically, the aforementioned 
module is responsible for extracting the RGB features and subsequently gauging the 
spatial correlation between each RGB and thermal feature. It then proceeds to fuse 
the feature maps, thereby generating fused features which are ultimately fed into the 
fusion layer of the RGB encoder. Finally, the fused features produced by each fusion 
layer are input into the decoder to enable the recovery of the resolution. 

SNE-RoadSeg [ 86] proposed a data-fusion CNN architecture RoadSeg, which 
can extract and fuse features from both RGB images and the inferred surface nor-
mal information for accurate freespace detection. Based on it, SNE-RoadSeg+ [ 85] 
(Fig. 4.14) consists of SNE+ module for more accurate surface normal estimation, 
and a data-fusion DCNN (RoadSeg+) that can greatly minimize the trade-off between 
accuracy and efficiency with the use of deep supervision. 

RDFNet [ 87] presents a fusion network that receives RGB and HHA [ 88] infor-
mation as inputs and enhances the diverse visual information as well as the features 
across various levels. The HHA information is obtained via depth map coding. 

These methods of fusing RGB and other visual information (Table 4.1) can com-
bine the spatial structure features in the scene, thus boosting the performance of 
semantic segmentation. However, in the majority of the aforementioned approaches, 
the RGB and other visual features are first extracted separately before being fused, 
thereby limiting their ability to distinguish the differences and complementarities 
between different types of visual information.
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Fig. 4.14 Architecture of SNE-RoadSeg+ [ 85]. It consists of SNE+ (a module for achieving surface 
normal information), and RoadSeg+ (a data-fusion network) 

Table 4.1 The results of semantic segmentation methods based on data fusion 

Method Year Visual 
information 

Dataset 

FuseNet [ 18] 2017 RGB+Depth SUNRGBD [ 89] 

RedNet [ 68] 2018 RGB+Depth SUNRGBD [ 89] 

RFNet [ 69] 2020 RGB+Depth Cityscapes [ 90], Lost and found [ 91] 

RFBNet [ 71] 2019 RGB+Depth ScanNet [ 92], Cityscapes [ 90] 

Depth-aware 
CNN [ 73] 

2018 RGB+Depth NYU V2 [ 93], SUNRGBD [ 89], 
SID [ 94] 

MFNet [ 76] 2017 RGB+Thermal MFNet [ 76] 

RTFNet [ 77] 2019 RGB+Thermal MFNet [ 76] 

FuseSeg [ 78] 2020 RGB+Thermal MFNet [ 76] 

FEANet [ 80] 2021 RGB+Thermal MFNet [ 76] 

MFFENet [ 81] 2021 RGB+Thermal PST900 [ 95], MFNet [ 76] 

GMNet [ 82] 2021 RGB+Thermal PST900 [ 95], MFNet [ 76] 

ABMDRNet [ 83] 2021 RGB+Thermal MFNet [ 76] 

CCAFFMNet [ 84] 2022 RGB+Thermal RoadScene [ 96], MFNet [ 76], 

SNE-RoadSeg [ 86] 2020 RGB+Surface 
normal 

R2D Road [ 86], KITTI [ 97], SYNTHIA 
[ 98] 

SNE-RoadSeg+ [ 85] 2021 RGB+Surface 
normal 

KITTI [ 97], R2D road [ 86] 

RDFNet [ 87] 2017 RGB+HHA NYU V2 [ 93], SUNRGBD [ 89]
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4.3 Public Datasets and Benchmarks 

4.3.1 Public Datasets 

In this section, we provide a summary of the datasets that have been used for training 
and testing in the context of semantic segmentation tasks. The datasets can be divided 
into two categories based on their data types: 2D datasets and 2.5/3D datasets. At 
the same time, for autonomous driving applications, models are often trained using 
synthetic data. Therefore, we also count the scenario types of the dataset in this 
section, including real scenarios and synthetic scenarios. Table 4.2 includes some 
classical datasets for semantic segmentation tasks. 

4.3.1.1 2D Dataset 

PASCAl VOC 1 [ 99] is a dataset for generic scenarios in semantic segmentation, 
consisting of 17125 images with a total of 20 categories (excluding background). 
For the semantic segmentation task, it provides 2913 images, of which 1464 were 
used for training with 3507 objects and 1449 were used for validation with 3422 
objects. The test dataset is not publicly available. 

PASCAL Context 2 [100] adds new annotated categories to PASCAL VOC 2010, 
increasing the number of categories to 540, with 59 commonly used categories and 
the others being re-labeled as background. The dataset includes 10103 images for 
training. 

PASCAL Part 3 [101] provides additional annotations in PASCAL VOC 2010, and 
the components in each object are also annotated. This dataset includes the training 
dataset and validation dataset from PASCAL VOC, as well as 9637 labels for testing. 

Stanford background dataset 4 [102] includes 715 images selected from the public 
datasets LabelMe [103], MSRC [104], PASCAL VOC 2007 [105], and Geometric 
Context [106]. The dataset is primarily targeted at outdoor scenarios with an image 
size of 320. ×240 pixels and includes at least one foreground object. The semantic and 
geometric labels were obtained through Amazon’s Mechanical Turk (AMT) [107]. 

Semantic Boundaries Dataset (SBD) 5 [108] is a semantic boundary dataset that 
aggregates unannotated images from PASCAL VOC 2011 [109] and annotates 11355 
images for semantic segmentation, 8498 of which were used for training and 2857 
for testing. These annotations include the boundaries of each category and are based 
on category-level as well as instance-level information.

1 http://host.robots.ox.ac.uk/pascal/VOC/voc2012/. 
2 https://cs.stanford.edu/~roozbeh/pascal-context/. 
3 http://roozbehm.info/pascal-parts/pascal-parts.html. 
4 http://dags.stanford.edu/projects/scenedataset.html. 
5 http://home.bharathh.info/pubs/codes/SBD/download.html. 
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Table 4.2 Classic datasets for semantic segmentation tasks 

Dataset Year Classes Synthetic/Real Data Samples scenario 

Stanford 
background 
[102] 

2009 8 R 2D 715 Outdoor 

SBD [108] 2011 21 R 2D 11355 Generic 

PASCAL VOC 
[ 99] 

2012 20 R 2D . ≈3k Generic 

PASCAL 
Context [100] 

2014 540 R 2D . ≈20 k Generic 

PASCAL Part 
[101] 

2014 20 R 2D . ≈20 k Body part 

COCO [110] 2014 . ≥ 80 R 2D 204721 Generic 

NYU Depth V2 
[ 93] 

2012 894 R 2.5D . ≈1.5 k Indoor 

SUN3D [127] 2013 – R 2.5D 19640 Indoor 

SUNRGBD 
[ 89] 

2015 37 R 2.5D 10335 Indoor 

ScanNet [ 92] 2017 21 R 2.5D/3D 1513 Generic 

CamVid [111] 2008 32 R 2D 701 Driving 

KITTI (road) 
[ 97] 

2013 10 R 2D 579 Driving 

KITTI 
(semantics) 
[114] 

2018 11 R 2D 400 Driving 

Virtual KITTI 
[115] 

2016 – S 2D 17 k Driving 

SYNTHIA [ 98] 2016 11 S 2D 13407 Driving 

Cityscapes [ 90] 2016 33 R 2D 25 k City 

ADE20K [116, 
117] 

2017 150 R 2D . ≥25 k Generic 

MVD [120] 2017 66 R 2D 25 k City 

ApolloScape 
[121] 

2018 25 R 2D 140 k Driving 

Highway 
driving [122] 

2019 10 R 2D 1200 Driving 

WoodScape 
[123] 

2019 40 R 2D 10 k Driving 

IDD [124] 2019 34 R 2D 10003 Driving 

A2D2 [125] 2020 38 R 2D . ≈41 k Driving 

IDDA [126] 2020 – S 2D 1000 k Driving
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Microsoft Common Objects in Context (COCO) 6 [110] is a dataset built by 
Microsoft that includes tasks such as detection, key points, and segmentation. The 
dataset for the segmentation task is currently the largest semantic segmentation 
dataset in computer vision, containing over 80 objects, and consists of two sepa-
rate releases in 2014, with 82783 training images, 40504 validation images, and 
40775 test images. In the 2015 version, there are 165482 training images, 81208 
validation images, and 81434 test images. 

The Cambridge-driving Labeled Video Dataset (CamVid) 7 [111] is a semantic 
segmentation dataset for driving scenarios, which consists of urban road scenarios, 
including videos of five driving scenarios. There are more than 700 annotated images 
with a resolution of 960. ×720 and 32 objects. The dataset includes 368 images for 
training, 100 for validation, and 233 for testing. 

KITTI 8 [112, 113] is a dataset for the evaluation of various computer vision tasks 
in autonomous driving scenarios, including real-world scenarios such as urban, rural, 
and highway. Semantic segmentation and instance segmentation tasks [114] consists 
of 200 training images with semantic segmentation annotations and 200 test images 
corresponding to stereo2015 and flow2015. Road semantic segmentation task [ 97] 
includes 289 images for training and 290 images for testing. 

Virtual KITTI 9 [115] uses real-to-virtual world cloning to create a synthetic video 
dataset consisting of five videos obtained from KITTI clones. It comprises a total 
of 21260 high-resolution frames, and they are generated from five different virtual 
worlds of urban scenarios under different imaging and weather conditions. Virtual 
KITTI2 adds a stereo camera that makes the scenarios more realistic. 

SYNTHetic Collection of Imagery and Annotations (SYNTHIA) 10 [ 98] is used  
to address the problem of semantic segmentation for scene understanding in driving 
scenarios and consists of a photorealistic framework of virtual cities rendered out. It 
includes town, city, and highway scenarios in different seasons and weather with 11 
pixel-level labeling categories (road, sidewalk, void, sky, building, fence, car, sign, 
vegetation, pole, pedestrian, and cyclist). 13407 images are extracted from the video 
sequences for training. 

Cityscapes 11 [ 90] is a dataset for pixel-level and instance-level semantic segmen-
tation, captured from 50 city streets and includes scenarios from the spring, summer, 
and autumn seasons. It uses a stereo camera to acquire stereo visual video sequences, 
of which 5000 images are annotated with high-quality pixel-level annotations, and 
20000 images are coarsely annotated. The scenarios in this dataset are more complex 
than previous datasets.

6 https://cocodataset.org/#home. 
7 http://mi.eng.cam.ac.uk/research/projects/VideoRec/CamVid/. 
8 https://www.cvlibs.net/datasets/kitti/. 
9 https://europe.naverlabs.com/research/computer-vision. 
10 https://synthia-dataset.net/downloads/. 
11 https://www.cityscapes-dataset.com/. 
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ADE20K 12 [116, 117] consists of 27000 images with 3688 objects from the 
dataset SUN [118] and Places [119], all images are anonymized. 25574 images are 
labeled for training and 2000 images for validation. 

The Mapillary Vistas (MVD) 13 [120] is a large-scene streetscape dataset consist-
ing of 25000 high-resolution images with 66 objects, of which 18000 are used for 
training, 2000 for validation, and 5000 for testing. The images in the dataset are 
taken in different weather, season, and daytime conditions. 

ApolloScapes 14 [121] publishes over 140000 frames of pixel-level semantically 
annotated images, with each image semantically annotated for each pixel. It captures 
hundreds of moving objects for scenarios in various traffic conditions, providing 
8900 instance-level annotations for moving objects. Meanwhile, pose information is 
also annotated with centimeter-level accuracy. The annotation accuracy and richness 
of this dataset are much higher than those of KITTI and Cityscapes. 

Highway Driving 15 [122] is a densely annotated dataset with ten objects for the 
semantic video segmentation task, which takes into account the relationship between 
neighbouring frames for each frame annotation. It consists of 20 sequences of 60 
frames at a frame rate of 30Hz, 15 of which are for training and five for testing. 

WoodScape 16 [123] is the first publicly available fisheye dataset for autonomous 
driving, with image acquisition by the four fisheye cameras on the vehicle. The 
dataset includes a total of 10000 images with semantic annotations for 40 categories 
and over 100000 annotated images for other tasks. 

IDD 17 [124] is a new dataset for understanding road scenes in unstructured envi-
ronments. The images in the dataset are collected by front-facing cameras in cars, 
it includes 10003 images labeled with 34 categories and 182 driving sequences on 
Indian roads. The images are mostly in 1080p resolution, with some images in 720p 
and other resolutions. The categories annotated add unique categories such as ani-
mals and autorickshaws compared to other datasets. Conditions such as weather and 
lighting are highly variable in this dataset. 

Audi Autonomous Driving (A2D2) 18 [125] is a large autonomous driving dataset 
released by Audi, which contains RGB images and corresponding 3D point cloud 
data. The dataset uses six cameras and five LiDAR sensors to capture the surrounding 
environment of vehicles, collecting scenarios from highways, rural roads, and cities in 
southern Germany under different weather conditions. The dataset is annotated with 
41227 frames of non-sequential data, all of which include semantic segmentation 
annotations and point cloud annotations, including 12497 frames of 3D bounding 
box annotations for objects in the field of view of the front camera. In addition, 
392556 consecutive frames of unannotated sensor data are included.

12 https://groups.csail.mit.edu/vision/datasets/ADE20K/index.html. 
13 https://research.mapillary.com/publication/iccv17a/. 
14 http://apolloscape.auto. 
15 https://sites.google.com/site/highwaydrivingdataset/. 
16 https://drive.google.com/drive/folders/1X5JOMEfVlaXfdNy24P8VA-jMs0yzf_HR. 
17 http://idd.insaan.iiit.ac.in/accounts/login/?next=/dataset/download/. 
18 https://www.a2d2.audi/a2d2/en.html. 
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ItalDesign Dataset (IDDA) 19 [126] is a large-scale synthetic dataset for semantic 
segmentation, consisting of over 100 different source visual domains. The dataset 
is used to solve the problem of domain transfer between training, and test data in 
various weather and viewpoint conditions in seven different types of cities. 

4.3.1.2 2.5D/3D Dataset 

NYU Depth V2 20 [ 93] consists of video sequences of indoor scenarios captured by 
RGB and depth cameras and includes 464 scenarios from three cities. In total, there 
are 1449 annotated RGB images and depth images containing 26 scenario categories. 
In addition, 407024 images are not annotated. 

SUN3D 21 [127] is similar to NYU Depth V2 in that it consists of large-size 
RGB-D video data with eight annotated sequences, with scenarios in the dataset 
captured at different times of the day. Each frame in the sequence is accompanied 
by a semantic annotation and camera pose information. The dataset consists of 415 
video sequences, captured in 41 different buildings in 254 different scenarios. 

SUNRGBD 22 [ 89] is a collection of 10000 images from four RGB-D sensors, 
including images from NYU depth v2, Berkeley B3DO [128], and SUN3D. The 
dataset is densely annotated, including 146617 2D polygons and 58657 3D bounding 
boxes with accurate object orientations, as well as 3D room layouts and categories 
of the scenario. 

ScanNet 23 [ 92] is an RGB-D video dataset containing 2.5 million views in more 
than 1.5 k scans. It annotates with 3D camera poses, surface reconstructions, and 
instance-level semantic segmentations. It consists of a total of 1513 images with 21 
categories of objects, of which 1201 scenes are used for training and 312 scenes for 
testing. 

4.3.2 Online Benchmarks 

In this section, we list the benchmark results corresponding to two classical datasets 
for the semantic segmentation task. The evaluation metrics for semantic segmen-
tation are based on the generic IoU (as shown in Sect. 4.4) and give four related 
metrics: IoU class, iIoU class, IoU category, and iIoU category. IoU class considers 
the accuracy of the segmentation results for the global scenario and evaluates the 
segmentation accuracy for the whole scenario. However, the global IoU measure is 
biased towards object instances covering large areas of the image and is not appli-

19 https://idda-dataset.github.io/home/. 
20 https://cs.nyu.edu/~silberman/datasets/nyu_depth_v2.html. 
21 http://sun3d.cs.princeton.edu/. 
22 http://rgbd.cs.princeton.edu/challenge.html. 
23 https://github.com/ScanNet/ScanNet. 
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cable to scenarios with strong scale variation. Therefore, iIoU class builds on the 
IoU class by segmenting the image scenario at the instance level and predicting the 
result. This metric focuses more on the segmentation accuracy of the algorithm across 
instances, with each instance in the scenario being segmented. Different instances in 
the same category are evaluated separately to obtain the final result. IoU is divided 
into ‘Class’ and ‘Category’ according to the granularity of the segmentation, with 
the subdivision class being divided into the coarse category for coarse granularity. 
The IoU category and iIoU category are evaluated according to the granularity of the 
segmentation. 

4.3.2.1 Cityscapes 

Table 4.3 shows semantic segmentation results in Cityscapes benchmark. This task 
involves predicting a per-pixel semantic labeling of the image without considering 
higher-level object instance or boundary information. It introduces a loss term that is 
aware of the boundaries for semantic segmentation, using an inverse-transformation 
network that effectively learns the extent of parametric transformations between 
predicted and target boundaries [ 90]. It achieves the highest IoU class, iIoU class, 
and iIoU category, while HMS Attention [129] method achieves the highest IoU 
category. 

Table 4.3 Semantic segmentation results in Cityscapes benchmark, where the best results are in 
bold type 

Method IoU class (%) iIoU class (%) IoU category (%) iIoU category (%) 

InverseFormNet 
[130] 

85.8 72 93.1 85.6 

HMS Attention 
[129] 

85.4 70.4 93.2 85.4 

Naive-Student 
[131] 

85.2 68.8 92.9 82.0 

ViT-Adapter 
[132] 

85.2 68.3 92.8 83.4 

Wide-ResNets 
[133] 

85.1 71.2 93.0 85.1 

OCR-Seg [134] 84.5 65.9 92.7 83.9 

Panoptic-
DeepLab 
[135] 

84.5 68.7 92.9 82.8 

DCNAS [136] 84.3 68.5 92.7 84.6 

EfficientPS [137] 84.2 65.2 92.5 83.5 

Axial-DeepLab 
[138] 

84.1 66.0 92.6 79.7
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Table 4.4 Semantic segmentation results in KITTI benchmark, where the best results are in bold 
type 

Method IoU class (%) iIoU class (%) IoU category (%) iIoU category (%) 

WRP [139] 76.44 50.92 89.63 73.69 

UJS_model [140] 75.11 47.71 89.53 75.75 

VideoProp [141] 72.82 48.68 88.99 75.26 

SN_DN161 [142] 68.89 40.45 87.06 67.93 

MSeg1080_RVC 
[143] 

62.64 31.62 86.59 68.05 

Chroma UDA 
[144] 

60.36 31.70 80.73 61.91 

IfN-DomAdap 
[145] 

59.50 30.28 81.57 61.91 

SegStereo [146] 59.10 28.00 81.31 60.26 

SGDepth [147] 53.04 24.36 78.65 55.95 

SDNet [148] 51.14 17.74 79.62 50.45 

APMoE_ROB 
[149] 

47.96 17.86 78.11 49.17 

4.3.2.2 KITTI 

Table 4.4 shows the KITTI semantic segmentation benchmark. It consists of 200 
semantically annotated trains as well as 200 test images corresponding to the KITTI 
Stereo and Flow Benchmark 2015. WRP [139] method learns to refine geometrically-
warped labels and infuse them with learned semantic priors in a semi-supervised 
setting by leveraging cycle-consistency across time. It achieves the highest IoU class, 
iIoU class, and IoU category, while UJS_model [140] method achieves the highest 
iIoU category. 

4.4 Evaluation Metrics 

To ensure the usefulness and significance of semantic segmentation in this field, strict 
performance evaluation is necessary. Moreover, it is imperative that the evaluation 
of a system is carried out using established and widely recognized metrics that 
ensure equitable comparisons with existing methods. Moreover, various aspects of 
the system must be scrutinized to establish its soundness and usefulness, including 
execution time, memory usage, and accuracy. Depending on the system’s purpose 
or context, certain metrics may carry greater significance than others; for instance, 
in a real-time application, execution speed may take precedence over accuracy to a 
certain extent. However, in the interest of scientific rigor, it is crucial to provide a 
comprehensive set of metrics for any proposed method.
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Many evaluation criteria have been proposed and are frequently used to assess 
the accuracy of any kind of technique for semantic segmentation. The essence of 
semantic segmentation is the classification of pixels, the evaluation metrics of classi-
fication methods include confusion matrix, accuracy, precision, recall, and F1-score. 
The confusion matrix is composed of .nTP (true positive), .nFP (false positive), . nFN
(false negative), and .nTN (true negative). The evaluation of semantic segmentation 
performance involves computing metrics such as pixel accuracy and Intersection 
over Union (IoU). We remark on the following notation details. 

We denote the total number of all classes as . m, where . i represents the . i th class. 

• Pixel Accuracy (PA). PA is used to evaluate the percentage of correctly classified 
pixels. It is a simple metric that computes the ratio between the number of properly 
classified pixels and the total number of pixels. The formula for calculating PA is: 

.PA = nTP + nTN
nTP + nFP + nFN + nTN

. (4.1) 

• Class Pixel Accuracy (CPA). CPA represents the percentage of pixels that are 
actually classified as category . i among all pixels predicted as category . i : 

.CPA = nTP
nTP + nFP

. (4.2) 

• Mean Pixel Accuracy (MPA). MPA is calculated by dividing the sum of the cor-
rectly predicted pixels for each class by the sum of the total predicted pixels for 
that class. It is an improvement over PA and takes into account the accuracy for 
each individual class rather than just the overall accuracy. The formula for MPA 
is: 

.MPA =
∑m

i=1 CPAi

m
. (4.3) 

• Intersection over Union (IoU). IoU is a standard metric used to measure the degree 
of coincidence between pixel predictions and the ground truth, and to determine 
whether the pixel prediction is a positive or negative sample by comparing it 
with a threshold. It calculates the ratio between the intersection and the union 
of two sets, namely the ground truth and the predicted segmentation. This ratio 
can be expressed as the number of true positives (intersection) over the sum of 
true positives, false negatives, and false positives (union). IoU is calculated on a 
per-class basis: 

.IoU = nTP
nTP + nFP + nFN

(4.4) 

• Mean intersection over Union (MIoU). MIoU is a commonly used evaluation 
metric in semantic segmentation. It measures the average intersection over union 
(IoU) for all classes in a dataset. It is calculated by first computing IoU for each 
class and then taking the mean of all class IoUs. The formula for MIoU is as 
follows:
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.MIoU =
∑m

i=1 IoUi

m
. (4.5) 

• Frequency Weighted Intersection over Union (FWIoU). It is an improved version 
of MIoU, which takes into account the class imbalance issue that often occurs in 
semantic segmentation datasets. It assigns different weights to each class based 
on its appearance frequency, so that the evaluation metric is not dominated by the 
performance of the majority classes. FWIoU is calculated as follows: 

.FWIoU = nTP + nFN
nTP + nFP + nTN + nFN

× nTP
nTP + nFP + nFN

. (4.6) 

• F1 score (also known as the Dice score). It is a metric used to evaluate the accuracy 
of binary classification models. It is calculated by balancing the precision and recall 
of the test sample, and is given by the following formula: 

.Fβ = n2TP(1 + β2)

(1 + β2)n2TP + nTP(β2nFN + nFP)
(4.7) 

Generally, recall is considered as important as precision, so F1 score sets . β to 1: 

.F1 = 2nTP
2nTP + nFP + nFN

. (4.8) 

4.5 Specific Autonomous Driving Tasks 

Semantic segmentation is utilized as a valuable tool for accomplishing specific tasks 
related to autonomous driving. 

4.5.1 Freespace Detection 

Freespace detection plays a crucial role in the visual perception of autonomous driv-
ing [150, 151]. It is essential to determine the drivable area for a vehicle to move 
safely. Freespace detection provides vital information for subsequent path planning, 
mainly to achieve road path planning and obstacle avoidance. However, environmen-
tal factors such as light conditions and extreme weather can affect the accuracy of 
freespace detection results obtained from cameras, LiDAR, and other sensors. Addi-
tionally, in congested road sections, surrounding vehicles may obstruct the view and 
affect the accuracy of freespace detection. Freespace detection is essentially a seman-
tic segmentation problem that can be addressed through data fusion of different visual 
inputs. Figure 4.15 [ 86] shows the results of freespace detection.
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Fig. 4.15 Examples on the KITTI road benchmark, where rows a–f show the freespace detection 
results obtained by RBNet [152], TVFNet [153], LC-CRF [154], LidCamNet [155], RBANet [156] 
and SNE-RoadSeg, respectively. The true positive, false negative and false positive pixels are shown 
in green, red and blue, respectively 

4.5.2 Road Defect Detection 

Road pothole detection systems have become critical not only for smart urban road 
maintenance but also for autonomous driving [ 64, 157–160], with the rapid devel-
opment of computers. While today’s autonomous vehicles primarily focus on large 
target information such as pedestrians, traffic signs, and other vehicles, road defects 
also play a crucial role in ensuring ride quality, vehicle handling, fuel consumption, 
and tire wear. Sensing information about the size and shape of potholes can help 
self-driving cars drive smoothly, thereby improving driving comfort while protect-
ing the vehicle [161, 162]. In recent years, semantic segmentation has been widely 
used for road defect detection [163]. Figure 4.16 [164] shows the results of semantic 
segmentation applications. 

4.5.3 Road Anomaly Detection 

The ability to detect road anomalies is crucial for ensuring the safety of autonomous 
vehicles [170]. Road anomalies refer to areas where there is a height difference from 
the surrounding freespace area, and detecting them allows the vehicle to make timely 
adjustments and avoid potential risks. Recent advances in deep learning technology 
have led to the development of several semantic segmentation methods that have 
proven effective in detecting road anomalies. Figure 4.17 [171] shows the results of 
semantic segmentation based on data fusion applied in road anomaly detection.
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Fig. 4.16 Examples of the experimental results of SoTA CNNs: a FCN [ 27]; b U-Net [ 34]; c 
DenseASPP [165]; d DUpsampling [166]; e GSCNN [167]; f SegNet [ 37]; g DeepLabv3+ [ 33]; h 
PAN [168]; i ESPNet [169]; j GAL-DeepLabv3+ [164], where the true-positive, false-positive, and 
false-negative pixels are shown in green, blue and red, respectively 

4.6 Existing Challenges 

Multi-visual information fusion is particularly challenging for semantic segmen-
tation tasks in autonomous driving because of its high requirements for accuracy, 
robustness, and real-time performance. Efficient processing of input information is a 
prerequisite for accurate perception of complex environments by driverless vehicles. 
In Sect. 4.2, we summarized the multi-visual information fusion network for semantic
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Fig. 4.17 Example of the experimental results on the KITTI semantic segmentation dataset. 
FuseNet [ 18], MFNet [ 76], Depth-aware CNN [ 73], RTFNet [ 77], and DFM-RTFNet [171] are  
all data-fusion networks. Significantly improved regions are marked with green dashed boxes 

segmentation. Existing data fusion methods commonly combine RGB images with 
either thermal or depth images. Thermal images are particularly useful for detecting 
high-temperature regions, contours of targets, points or lines of sudden temperature 
changes, trends in temperature, and other related features. On the other hand, depth 
images are effective in capturing the physical structure of each object in the scene. 
However, these types of visual information are applicable only to specific scenes and 
scenarios. Currently, the fusion of RGB images with other visual information has 
received limited research attention. Therefore, selecting and acquiring the appropriate 
visual information based on the characteristics of the scenario remains a challenge. 
Due to its unique characteristics, such as color and texture, RGB data requires dif-
ferent network architectures and fusion methods compared to other types of visual 
information. While most existing fusion methods for RGB images involve overlay-
ing and stitching, these approaches often fail to account for the spatial and temporal 
relationships between different types of visual information. As a result, fusing RGB 
images with other visual information is a significant challenge that requires the devel-
opment of novel fusion methods. Furthermore, the computational costs and memory 
requirements associated with these fusion methods must be carefully considered to 
ensure that they are suitable for use in real-world applications. 

4.7 Conclusion 

In this chapter, we extensively explored semantic segmentation techniques for 
autonomous driving, covering both single-modal and data fusion approaches. We 
began by providing a comprehensive overview of semantic segmentation methods 
and then delved into the latest techniques for both scenarios, highlighting their sig-
nificance and contributions to the field. We also presented common datasets that 
researchers can use to achieve their objectives and satisfy their requirements, along 
with evaluation metrics for assessing semantic segmentation performance and cor-
responding benchmarks for several classic datasets. Finally, we discussed various 
applications of autonomous driving and shared our perspective on the current state-
of-the-art of semantic segmentation.
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