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Abstract: Semantic segmentation is a critical task in computer vision that aims to assign each pixel in
an image a corresponding label on the basis of its semantic content. This task is commonly referred
to as dense labeling because it requires pixel-level classification of the image. The research area of
semantic segmentation is vast and has achieved critical advances in recent years. Deep learning
architectures in particular have shown remarkable performance in generating high-level, hierarchical,
and semantic features from images. Among these architectures, convolutional neural networks
have been widely used to address semantic segmentation problems. This work aims to review and
analyze recent technological developments in image semantic segmentation. It provides an overview
of traditional and deep-learning-based approaches and analyzes their structural characteristics,
strengths, and limitations. Specifically, it focuses on technical developments in deep-learning-based
2D semantic segmentation methods proposed over the past decade and discusses current challenges
in semantic segmentation. The future development direction of semantic segmentation and the
potential research areas that need further exploration are also examined.

Keywords: overview; semantic segmentation; image segmentation; technology development; deep
learning

1. Introduction

Semantic segmentation is one of the three major research topics in computer vision
and the basis of various complex visual tasks. From a classification perspective, all pixels
in semantic segmentation should be assigned label information. Pixel-level semantic
segmentation in region-level classification is more challenging than image classification
and region-level object detection. The task of semantic segmentation is to assign each
pixel of an image to a corresponding class label [1] from a predefined set of classes; that
is, semantic segmentation is based on pixel-to-pixel classification of labeled data [2,3].
The massive success of deep learning has had a great impact on semantic segmentation
methods [4–6] because it has improved their accuracy, and it has attracted the interest
of many people in technical and research fields that require computer vision capabilities.
Semantic segmentation has been widely used in various fields because it can provide scene
understanding at the pixel level. For example, effective extraction of traffic road networks
from satellite images is essential in car navigation and road planning [7]. In robotics
and surveillance, temporary localization and classification of action clips are particularly
important [8]. Meanwhile, in unmanned driving, semantic segmentation is one of the
key technologies for road-scene understanding [9–12], and it guarantees the safe driving
of autonomous vehicles. In addition, semantic segmentation has certain applications
in pedestrian detection [13,14], remote sensing [15,16], pose estimation [17,18], and the
medical field [19–22].
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However, despite important progress in recent years, pixel-level semantic segmen-
tation still faces many challenges, especially when dealing with complex scenarios and
varying environmental conditions.

We chose this specific subject because we recognize the importance of having a deep
understanding of the current techniques and challenges in image semantic segmentation
and the direction of future development. Furthermore, despite the multitude of studies on
image semantic segmentation, a comprehensive, systematic overview of recent advance-
ments and emerging technologies remains lacking. This situation makes understanding the
research progress in this field difficult, especially for those new to this area.

Centering on the key technical methods that emerged during the development of
image semantic segmentation, this study expounds upon the evolution from traditional
methods to deep learning and discusses the strengths and weaknesses of each method
and the directions that may be explored further in the future. An appropriate analysis is
conducted on some commonly used and challenging data sets along with their evaluation
metrics. We hope that this review will provide readers a clear global perspective toward
understanding existing challenges and potential future solutions.

The remainder of this paper is organized as follows. Section 2 discusses some tra-
ditional methods that preceded deep learning. Section 3 provides a qualitative analysis
of existing deep learning approaches. Section 4 describes the key technological devel-
opments in deep learning for semantic segmentation and the challenges at this stage. It
also provides a detailed analysis of current issues and identifies future research directions.
Section 5 briefly introduces common data sets and evaluation metrics used in the field,
and Section 6 discusses the current challenges in semantic segmentation and the potential
research directions.

2. Traditional Methods before Deep Learning

Before the application of deep learning techniques in image processing, traditional
machine learning methods were widely used in various image semantic segmentation tasks.
These methods typically relied on manually designed feature extractors and classifiers such
as support vector machines (SVMs), decision trees, K-means, and conditional random fields
(CRFs). These algorithms usually depend on manual feature extraction methods such as
SIFT and HOG to achieve image segmentation through feature matching or classification.
These traditional methods still have advantages in certain cases such as when processing
small-sample data or images with minimal noise. However, with the development of deep
learning techniques, deep learning-based image semantic segmentation methods have
gradually become mainstream. Deep learning methods automatically learn feature repre-
sentations by utilizing multilayer convolutional neural networks (CNNs), thus avoiding
the tedious process of manually designing feature extractors. Overall, traditional machine
learning methods have laid the foundation for the development of deep learning methods
in image semantic segmentation tasks.

2.1. SVMs

The support vector machine (SVM) is a classic machine learning method that is widely
used in computer vision fields such as image classification, object recognition, and object
tracking. The main idea of an SVM is to map data to a high-dimensional space and find
the optimal hyperplane in that space for classification. This method can handle non-linear
and high-dimensional data, making it widely applicable for solving practical problems.
SVMs have also been widely used in image semantic segmentation tasks. Generally, an
SVM is employed as a pixel classifier; each pixel in the image is regarded as a sample, and
an SVM is used to classify each pixel to obtain the semantic segmentation result of the
image. SVMs have good generalization performance and can achieve good results for some
small image semantic segmentation problems. However, SVMs can be used only for binary
classification problems and are ineffective for multiclass problems. In image semantic
segmentation tasks, multiclass problems such as segmenting multiple objects in an image
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are commonly encountered. In addition, SVMs have a high training complexity and require
much time and computational resources, so their application in some large-scale image
segmentation problems is limited. In comparison with SVMs, deep learning methods can
better handle multiclass classification problems and have more advantages in training time
and computational resources; thus, they are gradually becoming the mainstream methods
in image semantic segmentation.

2.2. Decision Trees

The decision tree is common machine learning method that can be used in image
segmentation tasks. In traditional image segmentation, decision trees are usually utilized
for image object classification; that is, to label and classify different objects or regions in an
image. Decision trees classify data sets by gradually dividing them on the basis of different
features from the root node to a leaf node, achieving the classification purpose. This method
is simple and easy to understand and interpret, and it can handle multiple output problems.
However, decision trees perform poorly when dealing with high-dimensional data because
the feature space of the data set is often huge, and the classification results of decision
trees are easily affected by noise and data uncertainty, resulting in poor generalization
ability of the model. In addition, the performance of decision trees is limited by the size
and complexity of the data set. Decision trees often become too complex and difficult to
maintain with increasingly complex and large data sets. By contrast, deep learning methods
can handle high-dimensional data through deep neural networks, thus performing well in
image segmentation tasks.

2.3. K-Means

In traditional image segmentation, the K-means algorithm is commonly used to cluster
image pixels into several categories and facilitate subsequent segmentation. In image
segmentation, the K-means algorithm needs to divide image pixels into K clusters, each of
which has similar color or texture features. It is a simple and effective algorithm that can
cluster a large amount of unlabeled data, so it has been widely used in image segmentation.
However, the K-means algorithm also has disadvantages. First, the K-means algorithm
requires the manual setting of the clustering number K, and different clustering numbers
result in different segmentation results. Second, the K-means algorithm is sensitive to
noisy data and outliers, which may lead to inaccurate segmentation results. Lastly, the
K-means algorithm can only generate block segmentation results and cannot handle images
with complex textures and edges. By contrast, deep learning uses deep CNNs to extract
features from images. Through the analysis and learning of these features, the method can
automatically obtain image segmentation results and handle images with complex textures
and edges, thus obtaining accurate segmentation results.

2.4. CRFs

A CRF is mainly applied at the post-processing stage of images to improve the accuracy
and continuity of segmentation results. It is a probabilistic graphical model that models
the relationships between pixels as an undirected graph and obtains the best segmentation
result by minimizing the energy in the graph. In image segmentation, CRFs are usually used
to consider the contextual information between pixels; namely, the influence of surrounding
pixels on the current pixel and the interaction between pixels. They can also eliminate noise
by smoothing adjacent pixels, refine the segmentation results, and improve segmentation
quality. Although CRFs have been widely used in image segmentation before the rise
of deep learning, they still have some shortcomings such as the need for a large amount
of manual feature engineering and parameter tuning as well as a high computational
complexity, leading to low efficiency. By comparison, deep learning methods can obtain the
best segmentation results through end-to-end training, thus avoiding the tedious process of
manual parameter adjustment. In addition, deep learning models have good performance
in terms of calculation speed and accuracy and can obtain high segmentation accuracy in a
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short time. Although a CRF can still be used as a post-processing layer for deep learning
models, it is rarely utilized as the main method of image segmentation at present due to
the superiority of deep learning.

3. Classical Networks Based on Deep Learning

With the rapid development of deep learning, many deep neural networks have
emerged and achieved considerable progress in various fields, especially computer vision.
Among them, CNNs have elicited considerable attention and are regarded highly because
of their superior performance in numerous tasks. LeCun et al. [23] proposed Lenet-5,
which has served as a groundbreaking model that only contains five layers of neurons and
has paved the way for future CNN development. Subsequently, a series of CNN models
were introduced; these include VGG [24], AlexNet [25], GoogLeNet [26], and ResNet [27].
The introduction of these networks has revolutionized the field of computer vision and
provided new solutions for semantic segmentation, allowing for enhanced accuracy and
efficiency in various applications.

3.1. Fully Convolutional Networks

Compared with traditional statistical methods, methods based on CNNs have natural
advantages. They can automatically extract semantic features, so they can replace manual
feature extraction in original methods. CNNs have end-to-end processing structures [28,29],
which take images as an input and generate pixel-level labels through multiple layers
of convolution and deconvolution. The fully convolutional networks (FCNs) proposed
by Long et al. [30] were the first application of CNN in semantic segmentation. FCNs
perform pixel-level classification of images. CNNs [31] have achieved great success in
semantic segmentation tasks [32]. They use fully connected layers in convolutional layers
to obtain fixed-length feature vectors. Meanwhile, FCNs accept images of any size and
use deconvolution layers to upsample the feature maps of the last convolutional layer and
restore them to the same size as the input image. Subsequently, predictions are generated
for each pixel while retaining the spatial information of the original input image. Pixel
classification is then performed on the upsampled feature maps. FCN network structure as
shown in Figure 1.

In the past few years, FCNs have achieved great success in segmentation [33–37].
Nearly all semantic segmentation methods adopt the idea of the FCN method, indicating
that FCNs are a breakthrough in the field of semantic segmentation. FCNs have also created
new opportunities for further improving the architecture of deep semantic segmentation.
The main disadvantages of FCNs are their low efficiency in label localization within the
feature hierarchy, inability to handle global contextual information, and lack of a multiscale
processing mechanism. The majority of subsequent research has attempted to address these
issues by proposing various architectures or techniques.
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3.2. U-Net

U-Net [38] is a neural network designed for medical image segmentation to address
challenges in the segmentation of cell-level medical images, as shown in Figure 2. It uses
a U-shaped network structure to obtain context and location information for improved
segmentation efficiency. U-Net generally has an encoder–decoder structure in which the
first half is for feature extraction and the second half is for upsampling. However, the
semantic differences between feature maps in U-Net increase the difficulty of network
learning. Thus, a series of improved networks such as UNet++ [39] have been proposed.
Although U-Net has certain advantages, its shortcomings (such as large semantic differences
between feature maps and high network learning difficulty) are apparent. Therefore, further
research and improvement of the U-Net network structure are necessary to enhance its
applicability in medical image segmentation.
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3.3. DeepLab Family

Image segmentation has witnessed the development of various techniques over the
years. For instance, DeepLab V1 [40], which is based on VGG and image segmentation
models such as FCN and U-Net, uses different approaches to maintain resolution consis-
tency. Specifically, DeepLab V1 employs dilated convolution, and FCN and U-Net use
deconvolution and pooling.
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DeepLab V2 [41] is an improvement of the V1 version through the introduction of
ASPP, which involves obtaining feature maps of different scales through different rates be-
fore making predictions. This version also includes multiscale training and large receptive
fields to enhance performance.

DeepLab V3 [42] continued with the development of the previous version by upgrad-
ing modules to further enhance performance. Notably, the version includes the addition
of a multigrid module, improvement of the ASPP module structure, and removal of the
post-processing module of CRFs.

DeepLab V3+ [43] adopts an encoder–decoder architecture in which the encoder
architecture employs DeepLab V3 and the decoder part employs a simple and effective
module for recovering the details of the target boundary, the network structure is shown
in Figure 3. The main limitations of the DeepLab series include considerable loss of detail
segmentation, high computation demands, and poor relevance of semantic information
between contexts. The disadvantages and improvement directions are as follows:
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DeepLab V1. Shortcomings: DeeplabV1 has certain computational bottleneck and
overfitting issues due to the use of dilated convolutions and fully connected layers, and
the segmentation performance on edge regions is unsatisfactory. Improvement direction:
lightweight network structures and attention mechanisms can be explored while consider-
ing the introduction of additional contextual and semantic information.

DeepLab V2. Shortcomings: The multiscale pyramid pooling used in DeepLab V2 has
a high computational complexity and feature information loss, and objects of different scales
have large differences in segmentation performance. Improvement direction: other efficient
multiscale feature fusion methods can be considered while introducing fine segmentation
heads and accurate pixel classifiers.

DeepLab V3. Shortcomings: DeepLab V3 has a complex ASPP module and multi-
scale feature fusion mechanism, leading to high computational and training time costs
and inaccurate segmentation on image edges. Improvement direction: other efficient at-
tention mechanisms and lightweight network structures can be explored while applying
optimization based on edge information.

DeepLab V3+ (as shown in Figure 3). Shortcomings: The encoder–decoder structure
used in DeepLab V3+ is complex, leading to computational bottlenecks and high memory
consumption. The segmentation performance on details is also unsatisfactory. Improve-
ment direction: lightweight encoder–decoder structures and attention mechanisms can be
considered while introducing fine feature extraction and fusion mechanisms for details.
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3.4. SegNet

SegNet [44] adopts an encoder–decoder structure to combine shallow and deep infor-
mation to optimize segmentation results, as shown in Figure 4. Skip connections are used to
directly connect the feature maps of the encoder network with those of the corresponding
decoder network, thus improving the memory utilization and computational efficiency
of SegNet. The innovation of SegNet is that it records the position of max pooling during
each downsampling because max pooling and downsampling operations reduce the spatial
resolution of feature maps. However, recording the position of max pooling increases
memory consumption. Therefore, only the index of max pooling is recorded. In addition
to effectively combining transpose convolution and non-cooling, SegNet adopts batch
normalization [45] to solve the problem of vanishing gradients.
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However, SegNet also has some limitations. First, SegNet employs an encoder–decoder
structure to combine shallow and deep information for optimizing segmentation results.
However, segmentation accuracy may decrease due to the lack of multiscale information
guidance. Second, although SegNet records the maximum pool position for each downsam-
pling operation to preserve spatial resolution, it increases memory consumption. Therefore,
SegNet may be unsuitable for use in computationally and memory-constrained scenar-
ios. Lastly, SegNet employs batch normalization to address vanishing gradients, but in
some cases, batch normalization may lead to overfitting. The following directions can be
considered to solve these problems:

(1) Introducing multiscale information such as pyramid pooling and multiscale fu-
sion can improve segmentation accuracy. SegNet’s model structure can be simpli-
fied using a lightweight network structure to reduce memory and computational
resource consumption.

(2) Other methods such as residual connections and attention mechanisms can be ex-
plored to address the problem of vanishing gradients. Although the SegNet algorithm
has certain limitations, it is still a classic semantic segmentation algorithm that can
perform well in specific scenarios.

3.5. PSPNet

PSPNet [46], a common semantic segmentation model, uses dilated convolutions to
expand the receptive field and retain abundant spatial position information, as shown in
Figure 5. The algorithm combines multiscale features by using an image pyramid and
its variants to improve segmentation performance. This method is effectively applied
to complex scene analysis, in which global pyramid pooling features provide additional
contextual information and a deep supervision optimization strategy based on ResNet-FCN
is introduced. The algorithm performs better than common semantic segmentation models
such as FCN, SegNet, and DeepLab V1.
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However, the PSPNet algorithm still has shortcomings. First, the dilated convolution
method used in this algorithm requires a large amount of computational resources, which
may lead to increased training and inference time. Second, the PSPNet model is relatively
complex and requires large amounts of computational resources and storage space. Lastly,
the algorithm is sensitive to the size and scale of the input image, and preprocessing
and scaling are required for segmentation. Therefore, the PSPNet algorithm needs to be
improved to address these issues.

The improvement directions are as follows. First, a lightweight network structure can
be used to reduce the consumption of computational resources. Second, new receptive
field-expansion methods can be explored. Lastly, the changes in the size and scale of the
input image need to be handled properly to improve the stability and applicability of
the model.

4. Key Technologies to Improve the Effect of Semantic Segmentation

During the continuous development of semantic segmentation technology, many
innovative methods have emerged and played a key role in technological breakthroughs.
The application of these methods has considerably improved the accuracy of image-level
segmentation tasks. These innovative methods include but are not limited to the following:
deep-learning-based semantic segmentation algorithms, multiscale image segmentation
techniques, and methods that utilize contextual information for segmentation. These
methods not only improve segmentation accuracy but also greatly reduce computational
complexity. They provide support for the practical application of semantic segmentation
technology. In the future, we can further explore these innovative methods and apply them
to a wide range of scenarios to achieve accurate and efficient image segmentation.

4.1. Development Trend of Encoder–Decoder Systems

The advent of encoder–decoder architecture has notably influenced semantic segmen-
tation over the past few years. The convolutional neural network model it employs has
the capability to extract image feature data and transform it into semantic segmentation
outcomes through the decoder. This effectively addresses the challenge of multiclass pixel
categorization in semantic segmentation tasks, thereby enhancing both the precision and
speed of segmentation. The encoder–decoder structure is composed of two segments(as
shown in Figure 6). The encoder’s role is to construct an efficient feature extraction net-
work. As the network deepens, the feature map dimension progressively shrinks while the
semantic features consistently grow. The decoder’s aim, on the other hand, is to develop a
feature map restoration model. Throughout the decoding stage, semantic information is
articulated and details are continually enriched.
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As for FCN, it conserves spatial information by substituting the final fully connected
layer of VGG16 with a convolutional one, maintaining the feature map in a two-dimensional
arrangement. Further, this approach also remedies the issue of a required fixed input size.
Zhou et al. [47] proposed the novel encoder–decoder network CENet to collaboratively
explore hierarchical convolutional features for accurate pixel-level semantic segmentation.
Primarily, two methodologies are used to strike a balance between the employment of
superficial and deep features: encoding and decoding methods and multipath fusion
techniques. The former concentrates on refining the structures of both encoding and
decoding, hence enhancing the capability for information extraction and restoration. The
latter places emphasis on the amalgamation of both types of information.

Another hot direction for encoder–decoder architectures is the emergence of network
architectures based on transformers, such as the Visual Transformer (Vit) [48] and its
variants [49–52]. Due to their powerful long-range dependency modeling capabilities,
which have achieved breakthroughs in various vision tasks, their appearance provides a
promising research direction for semantic segmentation [53].

Looking ahead, there remains immense potential for the evolution of semantic seg-
mentation technology grounded in the encoder–decoder architecture. To expedite the
progression of this technology, we postulate the following concepts are viable:

(1) Adaptive Feature Fusion: Traditional encoder–decoder architectures often rely on
fixed feature fusion strategies. However, these strategies may not fully exploit the mul-
tiscale information in images. Therefore, we suggest continuing research on adaptive
feature fusion methods that dynamically adjust the feature fusion weights based on the
input image characteristics, thereby achieving more precise semantic segmentation.

(2) Task-Oriented Encoder Design: Current encoder–decoder architectures often employ
generic encoder structures such as ResNet and VGG. Although these generic encoders
exhibit excellent feature extraction capabilities, they may not be optimized for spe-
cific semantic segmentation tasks. To address this issue, we propose designing a
task-oriented encoder structure that incorporates modules specifically designed for
semantic segmentation, thereby improving feature extraction effectiveness.

(3) Dynamic Decoder Optimization: Traditional decoder structures usually adopt fixed
upsampling and fusion strategies. However, these strategies may not fully recover
the image’s detail information. To address this issue, we suggest further investi-
gation of dynamic decoder optimization methods by introducing adaptive upsam-
pling and fusion strategies to dynamically recover detail information based on input
image characteristics.

(4) Integration of Vision Transformers (ViTs): Vision Transformers (ViTs) have achieved
significant success in the computer vision field. It is worth continuing in-depth re-
search on better integrating ViTs with encoder–decoder architectures, leveraging ViTs’
powerful remote dependency modeling capabilities, and achieving more accurate
semantic segmentation through end-to-end training.
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(5) Guiding Semantic Segmentation with Prior Knowledge: In many practical applica-
tions, images often exhibit specific structures and prior knowledge. For example,
in medical image segmentation, we usually have some understanding of the target
structure’s shape and location. Therefore, introducing this prior knowledge into
encoder–decoder architectures can guide the model toward learning more reasonable
semantic segmentation results. This can be achieved by adding prior knowledge
constraints to the loss function or designing specific prior knowledge modules.

(6) Adaptive Domain Adaptation: In practical applications, domain differences may cause
performance fluctuations in the model across different data sets. To address this issue,
we suggest researching an adaptive domain adaptation method based on encoder–
decoder architectures to learn the mapping relationship between source and target
domains to improve the model’s generalization capabilities in the target domain.

(7) Integration of Multimodal Information: In many practical scenarios, besides RGB
images, other modalities of data such as depth information and spectral informa-
tion can be obtained. This multimodal information provides a richer context for
semantic segmentation. Therefore, we propose incorporating multimodal information
into encoder–decoder architectures to improve segmentation performance. Specific
approaches may include designing multimodal fusion modules or using multitask
learning to simultaneously learn feature representations of different modalities.

In summary, image semantic segmentation technology based on encoder–decoder
architectures has achieved significant success in many visual tasks. However, to further
improve its performance in the field of semantic segmentation, more exploration and
research are needed.

4.2. Skip Connections

Skip Connections(as shown in Figure 7) are a crucial structure within deep learning
networks that are primarily used to combat gradient vanishing and exploding problems
found in deep networks. They operate by directly linking the feature maps of preceding
layers to subsequent layers. In other words, the output from the earlier layers is passed not
only to the next layer but also to several layers after that. This form of connection facilitates
more effective backpropagation within the network, thereby accelerating its training.
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Figure 7. Schematic diagram of a Skip Connection in ResNet.

Skip Connections carry significant relevance in semantic segmentation. In tasks
involving semantic segmentation, it is crucial to classify every pixel accurately, necessitating
the simultaneous acquisition of global semantic information and local detail information.
In this case, convolutional and pooling layers of the deep neural network can extract
global semantic information, while Skip Connections aid in preserving local detailed
information. Therefore, Skip Connections help us achieve more accurate segmentation
results. Jiao et al. [54] used Skip Connections to better utilize the multilevel features of the
encoder backbone to enrich and recover more details in the final semantic feature map.
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While Skip Connections effectively solve the problem of gradient vanishing and
exploding, they also increases the complexity and computational load of the model. The
design and quantity of Skip Connections need to be adjusted according to the specific task.
An excessive amount may lead to model overfitting, while an insufficient amount might
not yield the expected results.

Currently, most research on Skip Connections is empirically based. How to scien-
tifically determine the optimal positions and quantity of Skip Connections is a worthy
research topic. Most Skip Connections are static, meaning they are determined during
the model construction phase. However, dynamic Skip Connections, which are adjusted
during the model’s training and prediction phases based on necessity, remain a promising
research direction.

4.3. Spatial Pyramid Pooling

In semantic segmentation, traditional CNNs typically use the FCN structure, which
adds upsampling layers at the end of the network to upsample low-resolution feature
maps to the original input image size for pixel-level classification. However, this approach
requires a high computational cost and large amounts of memory, making it unsuitable for
real-time semantic segmentation tasks.

Spatial pyramid pooling (SPP) [55] was proposed to address this problem. The core
idea of the SPP network is to introduce pyramid pooling layers in CNNs that map different
sizes of feature maps to a fixed-size feature vector through pooling operations, thereby
avoiding the need for upsampling operations and greatly reducing the computational cost
and memory overhead without sacrificing accuracy. Moreover, an SPP network supports
inputs of arbitrary sizes and has translation and scale invariance, making it suitable for
object detection and semantic segmentation tasks involving various scales and orientations.

With the introduction of the SPP network, semantic segmentation has made consider-
able progress. Future research directions include optimizing the SPP network structure, ex-
ploring multiscale feature fusion methods, and introducing attention mechanisms and con-
text information to further improve the performance and speed of semantic segmentation.

4.4. Dilated Convolutions

The emergence of dilated convolutions has had a remarkable impact on semantic
segmentation. The basic idea of dilated convolutions [56] is to continuously use convolu-
tional filters to expand their effective receptive field (as shown in Figure 8). The difference
between dilated and ordinary convolutions is that a dilation rate parameter (indicating
the size of expansion) is added to the former. The similarity between dilated and ordinary
convolutions is that the size of the convolution kernel is the same; that is, the number of
parameters is unchanged. Another difference is that the receptive field of dilated convo-
lutions is larger than that of ordinary convolutions. Wu et al. [57] introduced a mixed
dilated convolution (MDC) module to improve the model’s ability to recognize objects
with various scales and irregular shapes. The MDC module not only increases the diversity
of receptive fields but also solves the problems in conventional dilated convolutions (the
pervasive “mesh” problems). The authors in [58] proposed a grouped dilated convolution
module that combined existing grouped convolutions and atrous SPP techniques. The
experimental results showed that the mean intersection over union (MIoU) of the method
based on the CamVid data set was 73.15%, and the MIoU of the method based on SBD was
72.81%. The performance was excellent. However, compared with other technical methods,
the GPU memory usage of dilated convolutions was higher.
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Dilated convolutions also have some drawbacks. First, when the dilation rate is
too high, a “checkerboard effect” may occur, resulting in false shadows and noise in the
segmentation results. Second, the receptive field of dilated convolutions is limited by the
size of the kernel and the dilation rate, so the method cannot handle global information.

Future research directions for dilated convolutions can be explored in several aspects.
First, new dilation rate selection strategies can be explored to address the checkerboard
effect and local information loss. Second, dilated convolutions can be combined with other
operations to further improve the accuracy and efficiency of semantic segmentation. Lastly,
the application and optimization of deep learning models based on dilated convolutions
can be performed in practical scenarios.

4.5. Knowledge Distillation

The concept of knowledge distillation was first introduced by Hinton in the paper
titled “Distilling the Knowledge in a Neural Network [59]”. This method involved the use
of a Teacher Network (typically more complex yet with superior prediction accuracy) to
train a Student Network characterized by a leaner structure, reduced complexity, and being
more suited for inference deployment. The crux of the technique lies in utilizing a soft
target related to the Teacher Network as part of the loss function, thereby facilitating the
transfer of knowledge from the teacher to the student.

In the field of semantic segmentation, knowledge distillation(as shown in Figure 9) can
assist us in reducing the size and computational complexity of models without sacrificing
accuracy. Semantic segmentation tasks typically require predictions at the pixel level,
demanding that the model handle a vast amount of detailed information, thereby leading
to significant model size and computational burden. Knowledge distillation, through
enabling a smaller model to mimic the behavior of a larger one, can aid us in designing
smaller, faster, and more efficient semantic segmentation models.

Knowledge distillation can be broadly divided into three categories: Pixel-wise dis-
tillation, Pair-wise distillation, and Holistic distillation [60]. While these methods share
the common goal of transferring knowledge, each offers a distinct approach to distillation.
Pixel-wise distillation focuses on individual pixel values, Pair-wise distillation compares
the relationship between pairs of instances, and Holistic distillation aims at capturing more
global features. Thus, these distillation methods provide diverse means of enhancing the
learning capability of the Student Network.
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Wu et al. [61] proposed a prediction model based on an encoder–decoder architecture
(called SPNet) to further determine additional unlabeled data; they presented a knowledge
distillation scheme to distill the structured knowledge from cumbersome to compact
networks. Without using any pretrained models, this method demonstrated its state-
of-the-art performance on several challenging data sets. On the cityscape test data set, it
achieved 75.8% mIoU at 61.2 FPS. Khosravian et al. [62] proposed a multiteacher framework.
Experiments validated that the multiteacher framework resulted in an improvement of 9%
to 32.18% compared to the single-teacher paradigm. Moreover, it was demonstrated that
paradigm surpassed previous supervised real-time studies in the semantic segmentation
challenge. Feng et al. [63] proposed a simple yet general and effective knowledge distillation
framework called double similarity distillation (DSD) to improve the classification accuracy
of all existing compact networks by capturing the similarity knowledge in pixel and
category dimensions. Extensive experiments on four challenging data sets demonstrated
its effectiveness and generality.

However, knowledge distillation requires some computing resources and time to
train the large model and transfer knowledge to the small model, resulting in additional
computational costs. Moreover, during the knowledge distillation process, issues such
as incomplete knowledge transfer and information loss may arise, thereby affecting the
accuracy and performance of the model.

Based on existing research, we believe that the following directions hold significant
potential for further investigation:

(1) Adaptive Knowledge Distillation: Traditional knowledge distillation methods of-
ten require manually setting fixed loss weights. To reduce human intervention and
improve distillation performance, it is worth exploring adaptive methods for adjust-
ing loss weights. This can be achieved by introducing dynamic weight allocation
strategies that automatically adjust loss weights based on the model’s performance
during training.

(2) Task-Driven Knowledge Distillation: To enhance the effectiveness of knowledge
distillation in semantic segmentation tasks, prior knowledge of the target task can be
incorporated into the distillation process. For instance, task-specific loss functions
can be designed to guide the smaller model toward learning more effective feature
representations for the target task.

(3) Weakly Supervised Knowledge Distillation: High-quality annotation of semantic
segmentation data is often time-consuming and expensive. To reduce annotation costs,
it is worth investigating the application of knowledge distillation in weakly supervised
semantic segmentation tasks. By utilizing weakly labeled data (e.g., image-level labels
or edge labels), the performance of lightweight models can be effectively improved.
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(4) Integration of Model Architecture Search and Knowledge Distillation: To select a
more suitable lightweight model, knowledge distillation can be combined with model
architecture search (NAS). By automatically searching for the optimal lightweight
model structure, the performance of the distilled model can be further enhanced.

(5) Online Knowledge Distillation: To reduce the computational cost of the distillation
process, online knowledge distillation methods can be explored. Online knowledge
distillation performs knowledge distillation of smaller models simultaneously with the
training of larger models, thus avoiding additional distillation computation overhead.
By updating the smaller model’s parameters in real time, knowledge can be effectively
transferred, thereby accelerating model convergence.

(6) Cross-Model Knowledge Distillation: In practical applications, it may be necessary to
transfer knowledge from multiple large-scale models into a single lightweight model.
Investigating cross-model knowledge distillation methods can efficiently integrate
the knowledge from multiple large-scale models, further improving the performance
of the lightweight model.

(7) Explainable Knowledge Distillation: Although knowledge distillation can enhance the
performance of lightweight models, the distillation process may result in a reduction
in model interpretability. To improve model interpretability, it is worth exploring
the introduction of explainability constraints into the knowledge distillation process.
By constraining the feature representations learned by the lightweight model to
have similar explainability to those of the larger model, the model can maintain its
performance while exhibiting better interpretability.

4.6. Domain Adaptation

Domain adaptation is a critical challenge that involves applying models trained in the
source domain to the target domain, and it is a subset of transfer learning. Its goal is to
leverage the knowledge learned in a different but consistent source domain to improve the
model’s effectiveness in the target domain [64]. Domain adaptation semantic segmentation
is similar to semi-supervised semantic segmentation; the only difference between the two
is whether a domain gap exists between labeled and unlabeled images.

Domain adaptation methods can be divided into three main categories.

a. Instance-based domain adaptation: This method improves the classifier’s perfor-
mance in the target domain by weighting the samples from the source and tar-
get domains. Typical methods include maximum mean discrepancy and kernel
mean matching.

b. Feature-based domain adaptation: This method improves the model’s performance
in the target domain by finding a mapping in the feature space that minimizes the
distribution difference between the source and target domains. Typical methods include
domain-invariant feature extraction and deep adversarial domain adaptation networks.

c. Adversarial domain adaptation: This method improves the model’s generalization
ability in the target domain by making the feature distributions similar in the source
and target domains through adversarial training. Typical methods include generative
adversarial networks (GANs) and domain adversarial neural networks.

Domain adaptation in semantic segmentation is a challenging problem for two reasons.
One of the reasons is that annotating labels is an expensive endeavor. Another reason
is that the domain gap between the source and target domains limits the performance
of semantic segmentation [65]. Previous domain-alignment strategies aim to explore the
largest domain-invariant space to expand the knowledge learned in the target domain.
Given the lack of guidance of the corresponding classes of the source domain, outlier
classes and negative shifts arise. To address this issue, the authors of [66] proposed a
partial domain adaptation method for semantic segmentation to guide the target model
as it selectively learned category-level knowledge. A module called a partial adaptive
map was introduced to incentivize the target model; abundant knowledge was acquired
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from non-outliers, and minimal knowledge was obtained from outliers, thus avoiding
negative transfer.

However, this approach has some limitations and challenges. Domain adaptation
techniques require adequate consideration of the differences between the source and tar-
get domains, including data and feature distributions. Additionally, domain adaptation
methods have technical restrictions such as the need for sufficient labeled data, appropri-
ate feature selection and transformation methods, and careful consideration of different
task characteristics.

Domain adaptation, as an essential method in transfer learning, is important in various
practical applications, particularly semantic segmentation. To overcome the challenges
posed by existing technology (such as negative transfer, insufficient annotations, and
multisource domain adaptation), future researchers should focus on the following aspects:

(1) Domain-specific information transfer methods: Domain-specific information trans-
fer methods should be investigated by analyzing structured information, local and
global semantic relationships, and high-order features within the domain. This
task can help enhance the model’s adaptability and generalization capabilities for
domain differences.

(2) Application of adversarial training in domain adaptation: Adversarial training strate-
gies must be utilized to strengthen the model’s robustness against the distribution dif-
ferences between the source and target domains. By introducing domain-adversarial
loss functions, the distribution gap between source and target domain features can be
reduced, thus improving domain adaptation performance.

(3) Data augmentation and sample generation using generative models: Generative
models such as GANs can be explored to generate samples with target-domain char-
acteristics during the training process, thereby enhancing the model’s generalization
ability in the target domain. Furthermore, generative models can be used for data
augmentation to expand the training data for source and target domains and therefore
increase the model’s robustness.

(4) Incorporation of multitask learning and domain knowledge: Models’ generalization
ability can be improved by learning multiple related tasks in a single model. Simulta-
neously, domain knowledge can be integrated to provide additional information about
the source and target domains, which can guide the model in domain adaptation.

(5) Enhancement of model interpretability: The interpretability of domain adaptation
models can be increased to make the domain transfer process transparent. This task
can be achieved through the introduction of interpretability metrics and visualization
methods. It can also help researchers understand the model’s behavior and influential
factors during the transfer process.

(6) Online domain adaptation and incremental learning: Online domain adaptation
methods and incremental learning algorithms can be designed to enable a model to
adjust in real time as it continuously receives new data and adapt to the changes in
the target domain. This task can improve the model’s adaptability and practicality in
dynamic environments.

(7) Incorporation of unsupervised or weakly supervised learning methods: Considering
the scarcity of annotated data, domain adaptation techniques can be optimized by
using unsupervised or weakly supervised learning methods. Doing so can effectively
reduce annotation costs while enhancing the generalization ability of models in the
target domain.

(8) Multimodal data fusion: Multimodal data (such as images, point clouds, and depth
information) can be utilized for domain adaptation to fully leverage information from
different data sources. Fusing multiple data types can enhance the performance and
robustness of domain adaptation models.

(9) Knowledge-graph-based domain adaptation: Knowledge graphs can be employed to
provide domain adaptation models with rich background knowledge and semantic
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information. Combining knowledge graphs with domain adaptation techniques can
improve the model’s ability to understand and transfer complex scenarios.

4.7. Few-Shot/Zero-Shot Semantic Segmentation

Weakly supervised learning [67] and unsupervised learning [68] are becoming active
research areas. Zero-shot and few-shot learning methods were introduced based on the
premise that humans can recognize new concepts in a scene by using only a small amount
of visual sample data. In the past, unsupervised segmentation was achieved by applying
clustering algorithms such as K-means and graph cut [69] on hand-crafted image features.
The few-shot semantic segmentation (FSS) method recognizes objects by leveraging few
annotated examples, and it has a remarkable potential to segment new objects with samples
annotated with few pixels. FSS places general semantic segmentation in few-shot scenarios
in which the model performs dense pixel labeling of new classes with only a small number
of support samples. However, existing FSS methods rely heavily on the integrity of visible
image information. Therefore, a challenge in FSS is that under insufficient lighting or
complex working conditions, visible images often fail to gain enough information, resulting
in a sharp decrease in segmentation performance [70]. In this context, researchers have
exploited the complementary and similar information of visible and thermal images to
improve the performance of FSS [71].

The zero-shot semantic segmentation (ZSS) method uses an embedded vector to gen-
erate visual features under the condition of zero training samples [72–76]. Generally, pixels
are aligned with semantic texts, and the segmentation model is applied to invisible object
categories. This direction is promising because it can break the restriction in the number of
segmentation categories. The main drawback of the ZSS method is that its prediction ability
is insufficient, and it cannot distinguish the seen class from the unseen class. Notably, a
broad ZSS (GZSL) was proposed in Ref. [77]. GZSL can identify seen and unseen classes
simultaneously. The training of the feature extractor is achieved without considering se-
mantic characteristics. The GZSL method decreases the prediction performance for the
unseen class [78].

Recent work has been conducted on ZSS. To further reduce the burden of annotations,
researchers introduced a challenging task called weakly supervised zero-shot semantic
segmentation (WZSS). WZSS improved the performance of the HIOU of the model from
25.9 to 31.8. The results for HIOU (31.8) and MIO (22.0) in Ref. [79] were obtained on the
PASCAL VOC 2012 data set. The researchers in [80] also proposed a novel context-aware
feature generation network. This network can represent pixel-level context information
based on category-level semantics and synthesize context-aware pixel visual features for
the unseen classes. Experiments on PASCAL VOC, PASCAL Context, and COCO-Stuff
showed that this method is much better than the existing zero-lens semantic division
method because medical terms are specially set in the professional field and difficult to
obtain. Therefore, the researchers in [81] put forward a new ZSL paradigm with three
main contributions. First, prior knowledge of the division target was extracted from
the previous model, which was called a relationship prototype. Second, a cross-mode
adaptation module that could extend the prototype to the zero-shot model was developed.
Lastly, a relationship prototype perception module was proposed to allow the zero-shot
model to perceive the information contained in the prototype. Numerous experiments
showed that the framework was much better than the existing framework.

The advantage of few-shot and zero-shot semantic segmentation methods is their
ability to perform semantic segmentation in cases of data scarcity or when no annotated
data are available, which makes them highly practical and economical. Furthermore, these
methods can support model transferability, enabling their application to new scenarios
and tasks.

However, few-shot and zero-shot semantic segmentation methods have certain limita-
tions. First, due to the limited or absent annotated data, the accuracy and robustness of
these methods may be reduced. Second, these methods require modeling of the semantic
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information and properties of the classes, leading to computational complexity and in-
creased time cost for model learning and inference. Lastly, the generalization ability of
these methods needs further improvement.

Future research can focus on several areas. Few-shot and zero-shot semantic seg-
mentation models can be improved to enhance their accuracy and robustness in scenarios
involving scarce annotated data. Moreover, other efficient methods of learning semantic
information and properties can be explored to reduce the computational complexity and
time cost of models. The research on the generalization ability of few-shot and zero-shot
semantic segmentation methods can also be deepened to explore effective generalization
methods and strategies.

4.8. Attention Mechanism

An attention mechanism [82] is a visual mechanism that mimics humans. Human
vision can pay more attention to the target area while suppressing other temporarily useless
information. An attention mechanism can be viewed as a dynamic weight adjustment
process based on the features of the input image. Attention mechanisms in deep learn-
ing are similar to human visual attention mechanisms [83]. Wang et al. [84] proposed a
non-local operation to obtain image features. With the introduction of channel attention
and spatial attention [85], different attention mechanisms have been applied to networks
for semantic segmentation. Currently, attention mechanisms are mainly attached to the
encoder–decoder structure.

Li et al. [86] constructed a pyramid attention network for semantic segmentation that
exploited global context information for semantic segmentation by bypassing the decoder
network and combining an attention mechanism and spatial pyramid for pixel-level extrac-
tion of precise dense features. Fu et al. [87] proposed a dual-attention network that could
capture contextual dependencies based on a self-attention mechanism. Kang et al. [88]
added an attention mechanism to the model based on the DeepLab V3+ semantic segmen-
tation model and designed an image semantic segmentation model based on the attention
mechanism. The experimental results showed that the model had a higher segmentation
accuracy and running efficiency than the DeepLab V3+ model, U-Net model, and SegNet
model. The authors in [89] proposed a hybrid attention semantic segmentation network
(HAssNet) based on the FCN model that could extract the object and its surrounding
environment through the large receptive field of the multiscale object. A spatial attention
mechanism was introduced into the FCN, and a channel attention mechanism was designed
to achieve semantic consistency. Experimental results on open remote sensing data sets
showed that the MIoU of HAssNet was improved by an average of 6.7% compared with
that of state-of-the-art segmentation networks.

The ultimate goal of attention mechanisms is to obtain abundant critical informa-
tion on the current task among the many pieces of information; however, with the addi-
tion of an attention mechanism, the number of parameters of the model increases. Ra-
tional use of attention mechanisms can improve semantic segmentation accuracy. The
emergence of numerous attention mechanisms can further promote the development of
semantic segmentation.

The use of attention mechanisms in semantic segmentation tasks has two main advan-
tages(as shown in Figure 10). On the one hand, it can enhance the model’s focus on the
target objects, reduce the interference of background noise, and improve the accuracy of
segmentation. On the other hand, attention mechanisms can improve the recognition and
utilization of feature information at different scales, allowing the model to effectively adapt
to objects of different scales.
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However, attention mechanisms also have some drawbacks such as the need for
network structure improvement(as shown in Figure 11), which increases computational
complexity and consumes storage space. Additionally, attention mechanisms have a strong
dependence on training data, which may lead to overfitting.
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Future research directions include the establishment of efficient attention mechanisms
that can improve segmentation accuracy without increasing computational complexity.
Another direction is to study the applicability of attention mechanisms in different sce-
narios and investigate their effects on different data sets and tasks. Additionally, com-
bining attention mechanisms with other techniques such as depth-separable convolu-
tion and graph convolutional networks (GCNs) can further enhance the performance of
semantic segmentation.

4.9. Method Based on Multimodal Fusion

With the rapid development of deep learning, its excellent performance in various
scene understanding tasks has been well demonstrated. However, in some complex or
challenging conditions, multiple modalities need to be used in the same scene to provide
complementary information. Multisource data fusion is a key step in technological devel-
opment, and the rise of artificial intelligence technology has promoted the development of
sensor fusion technology. The current research direction is to achieve semantic segmen-
tation of multimodal data fusion by utilizing data acquired from multiple sensors. This
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method can effectively improve the performance and robustness of semantic segmentation
algorithms [90–92]. Examples include fusing RGB and thermal depth images [93] and
fusing RGB images and lidar point clouds [94]. Zou et al. [95] developed a multimodal
fusion network as a joint encoding model for verification. With this multimodal fusion
assumption, multiple multimodal models were built in accordance with the proposed
fusion method and evaluated on the KITTI and A2D2 data sets. The best fusion network
achieved an over 85% lane line accuracy and an over 98.7% overall accuracy.

The method based on multimodal fusion has advantages and disadvantages when
applied to semantic segmentation. The advantages lie in the method’s ability to incorporate
complementary information from multiple modalities, which can improve the accuracy and
robustness of the segmentation results. However, the fusion of different modalities may
also introduce additional noise and uncertainty, which can negatively affect segmentation
performance. In addition, the fusion process itself can be computationally intensive and
may require specialized hardware or software for efficient implementation.

To effectively address the aforementioned challenges, future researchers should focus
on the following aspects:

(1) Introducing adaptive fusion strategies: Previous multimodal fusion methods mainly
relied on fixed fusion strategies. However, in different scenarios and applications, the
importance of information from different modalities may vary. Therefore, introducing
adaptive fusion strategies that dynamically adjust the weights of different modalities
in accordance with the scene context or application requirements can improve fusion
results. This goal can be achieved using attention mechanisms, which allow the
network to automatically determine the contributions of different modalities.

(2) Utilizing GCNs: Given that GCNs can effectively process irregular structured data,
they can be considered for multimodal fusion. By representing multimodal data as
graph structures, GCNs can successfully capture the relationships between different
modalities, further improving fusion performance.

(3) Cross-modal self-supervised learning: A major challenge in multimodal fusion is
effectively transferring information between different modalities. By introducing
cross-modal self-supervised learning, models can automatically learn how to share
information between modalities. This approach can be realized through alignment
and generation tasks such as reconstructing one modality’s data by generating another
modality’s data.

(4) Adopting multiscale fusion strategies: Information from different modalities may be
complementary on different scales. To fully exploit this feature, multiscale fusion
strategies can be adopted. By fusing on different spatial scales, the local and global
relationships between modalities can be captured, thus enhancing fusion performance.

(5) Combining domain adaptation with multimodal fusion: To further improve the
robustness of multimodal fusion, domain adaptation techniques can be combined with
multimodal fusion. By adopting multimodal data from source and target domains, the
distribution discrepancy between domains can be effectively reduced, thus enhancing
the model’s generalization ability in new domains.

(6) Incorporating knowledge distillation: In multimodal fusion, knowledge distillation
can be considered to improve model efficiency and scalability. By allowing small
models to learn the relationships between different modalities, computational and
storage requirements can be reduced while maintaining high performance.

(7) Applying end-to-end multimodal training methods: Traditional multimodal fusion
methods typically require pretraining of single-modality models before fusion, which
may lead to computational resource wastage and information loss. By developing end-
to-end multimodal training methods, the optimal means to fuse different modalities
can be directly learned, thereby improving overall performance.

(8) Utilizing ensemble learning methods: In multimodal fusion, ensemble learning meth-
ods can be considered to enhance performance. By combining multiple models with
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different fusion strategies, the accuracy and robustness of semantic segmentation can
be further improved. Ensemble methods may include voting, bagging, and boosting.

5. Common Data Sets and Evaluation Indicators

Many data sets are available for semantic segmentation tasks. This paper introduces
nine representative and general-purpose image segmentation data sets; namely, CamVid
(Figure 12), COCO (Figure 13), BDD (Figure 14), Cityscapes (Figure 15), PASCAL VOC 2012
(Figure 16), SBD (Figure 17), KITTI (Figure 18), Mapillary Vistas 3.0 (Figure 19) and VSPW.
We have conducted statistics from seven aspects, including the creation time of the dataset,
its application scope, classification categories, dataset size, training set, validation set, and
test set, as shown in Table 1. These data sets cover different scenes, lighting conditions, and
object categories and can be used to evaluate the performance of different algorithms in
various complex situations. Moreover, these data sets have extensive application value and
can be used to train and test different types of semantic segmentation models.
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Figure 12. CamVid data set usage and examples.
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Figure 13. COCO data set usage and examples.
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Figure 14. Berkeley Deep Drive data set usage and examples.
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Figure 15. Cityscapes data set usage and examples.
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Figure 16. PASCAL VOC 2012 data set usage and examples.
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Figure 17. Semantic Boundaries data set usage and examples.
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Figure 18. KITTI data set usage and examples.
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Figure 19. Mapillary Vistas data set usage and examples.
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Table 1. Popular semantic segmentation data sets.

Data Set Time Application
Scenario Classification Quantity Number of

Training Sets
Number of

Validation Sets
Number of

Test Sets

CamVid 2008 City street 32 700+ 367 100 233

COCO 2014 Multiple
scenarios 81 308,000 82,783 40,504 81,434

BDD 2018 City street 19 100,000 70,000 — 30,000
Cityscapes 2016 City street 30 5000 2975 500 1525

PASCAL-VOC 2012 2015 Multiple
scenarios 21 9993 1464 1449 1452

SBD 2014 Multiple
scenarios 21 — 8498 2857 —

KITTI 2015 Multiple
scenarios 7 7000+ 3712 — 3769

Mapillary Vistas 3. 0 2021 City scenarios 66 250 K 180 K 20 K 30 K
VSPW 2021 City scenarios 124 3537 (video) — — —

However, these data sets also have limitations. For example, the annotations of some
data sets are inaccurate and not complete enough, which may affect the accuracy and
robustness of the algorithms. In addition, some data sets have limitations in image size
and quantity, which may restrict the application scope of the algorithms. Therefore, when
selecting data sets, their advantages and disadvantages must be considered, and reasonable
choices and processing must be made.

We conducted a statistical analysis of the usage of each data set in articles in over the
past five years by using Google Scholar data.

1. The CamVid data set [96] is a data set of urban road scenes publicly released by
the University of Cambridge. The data set includes more than 700 accurately annotated
images that can be used for supervised learning. The images can be divided into training,
validation, and test sets. Meanwhile, 11 commonly used categories are employed in the
CamVid data set to evaluate segmentation accuracy. CamVid is the first collection of
videos with semantic labels of target categories, and in most cases it can adapt to multiple
technical approaches [97]. The CamVid data set is one of the most advanced data sets in
real-time semantic segmentation [98]. Its image quality is high, and most images were taken
under different sunlight, weather, and seasonal conditions. Hence, the CamVid data set is
suitable for studying factors that affect semantic segmentation performance. In addition,
the annotations of the CamVid data set are detailed, with each pixel accurately labeled with
its corresponding category. The data set is thus suitable for supervised learning, especially
for deep learning methods that require precise pixel-level labels.

2. The COCO data set [99] is a large-scale image data set and one of the most challeng-
ing instance segmentation data sets in the field of image processing. This data set is widely
used for various image processing tasks including object detection, key point detection,
caption generation, and segmentation. The COCO data set contains over 330,000 images,
with 220,000 annotated images that include rich semantic information such as 1.5 million
objects and 80 object categories.

The data set’s annotations are rich and of high quality, providing important semantic
information and object annotations for the training and evaluation of deep learning models.
Additionally, the COCO data set exhibits high quality and diversity in terms of data distri-
bution, complexity, and variability, so it can meet the diverse needs of real-world scenarios.

However, the limitations of this data set are evident. First, the data set contains
relatively few object categories, so the needs of specific domains or tasks cannot be easily
met. Second, the images in the data set are mostly real images from natural scenes and
cannot fully satisfy the demands of special scenarios.

3. The Berkeley Deep Drive (BDD) data set [100], a detailed data set of autonomous
driving urban scenes, includes tasks such as object detection, multiobject tracking, semantic
segmentation, instance segmentation, segmentation tracking, and lane detection. The BDD
data set has 19 categories for semantic segmentation, but its application is limited due to its
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samples not being practical for semantic segmentation of urban scenes. Specifically, the
BDD data set contains approximately 100,000 images, among which about 70,000 are used
for training and about 30,000 are used for testing.

The advantage of this data set lies in its detailed urban scene data, which can be applied
to multiple autonomous driving scene tasks. In addition, the multitask nature of the data set
makes it highly valuable for research and application in the field of autonomous driving.

The application of the BDD data set in semantic segmentation is limited because its
samples are not practical for use in the semantic segmentation of urban scenes, which may
affect its practicality in certain scenarios. In addition, the data set is large in scale and
requires a large amount of computational resources for data processing and model training,
which may pose challenges to research and applications.

4. The Cityscapes data set [101] is a popular data set for autonomous driving tasks
aimed at object recognition and localization within a scene. The data set comprises a
large collection of high-resolution street-level images from 50 different cities, including
5000 annotated images with pixel-level annotation for 19 object categories. To facilitate
model training and testing, the data set is divided into three subsets: 2975 training images,
500 validation images, and 1525 test images.

The benefits of using this data set include the large number of high-resolution im-
ages with pixel-level annotation that can effectively help models learn object recogni-
tion and localization. Additionally, because the data set covers scenes from 50 different
cities, it effectively encompasses various scenes and traffic conditions, making the model
highly generalizable.

However, the data set’s large size requires a large amount of computing resources
and storage space, so it may not be suitable for some scenarios with limited resources.
Furthermore, the annotations in the data set may contain errors and require certain data
cleaning and processing to ensure the reliability of the model’s training and testing results.

5. PASCAL VOC 2012 [102] is a widely used data set for scene semantic segmentation
that provides labeled data for supervised learning in visual tasks. The data set consists of
21 object categories; the original data set includes 1464, 1449, and 1456 images for training,
validation, and testing, respectively. Notably, images in the training and validation sets
are pixel-level annotated, which is crucial for scene semantic segmentation. This data
set has a high impact and reference value in image segmentation and computer vision
because it contains rich scene categories and annotation information, which can effectively
support the training and evaluation of scene semantic segmentation and be widely applied
in multiple tasks such as image segmentation and object detection in computer vision.
Many algorithms and models based on this data set have been proposed, so this data set is
of high reference value in academia and industry.

One of the limitations of this data set is the small number of object categories, which
cannot cover all types of scenes and may thus affect the generalization performance of the
model. In addition, the small image size in the data set may have an adverse effect on
certain scene semantic segmentation tasks that require high resolution.

6. The Semantic Boundaries data set (SBD) [103] is commonly used in semantic
segmentation tasks to detect boundaries between different objects in an image. The data set
was created by researchers at Stanford University and includes images of various indoor
and outdoor scenes that can be used to train and evaluate the performance of various
semantic segmentation algorithms. The data set is relatively large, with over 20,000 images
that are divided into training and testing sets at a ratio of 4:1. The training set contains over
16,000 images, and the testing set contains about 4000 images. The data set can effectively
train and evaluate the performance of deep learning models. The limitation of this data set
is that it only includes indoor and outdoor scenes and lacks images of some special scenes
such as industrial and agricultural production.

The imbalanced categories and diversity of scenarios in the SBD data set provide oppor-
tunities for researchers to conduct further in-depth research on related issues such as how
to solve the imbalanced category problem through data enhancement or an improved loss



Future Internet 2023, 15, 205 25 of 35

function as well as how to use multitask learning and other technologies to simultaneously
improve the performance of the model in semantic segmentation and boundary detection.

7. The KITTI data set [104] was jointly created by the Karlsruhe Institute of Technol-
ogy in Germany and the Toyota Technological Institute at Chicago. It is currently the largest
computer vision algorithm evaluation data set for autonomous driving scenes, including
urban, rural, and highway scenes. The data set contains a large number of images, point
clouds, semantic segmentation annotations, 2D and 3D bounding box annotations, and
other data. The image data include both original RGB and grayscale images, with a total of
more than 7000 images. The images in the data set are divided into training and test sets,
with 3712 images in the training set and 3769 images in the test set. In addition, the data set
provides detailed sensor data such as vehicle trajectories, GPS positioning, and LiDAR.

The advantage of the KITTI data set lies in its rich scenes and diverse data types,
which make the data set suitable for evaluating algorithms for various autonomous driving
scenes. In addition, the KITTI data set contains detailed sensor data. It serves as a realistic
and rich source of data for algorithm research. However, the KITTI data set has some
limitations such as a low image resolution and a relatively small scale, which indicates that
it may not cover all scenarios in autonomous driving scenes.

8. Mapillary Vistas 3.0 is a large-scale semantic segmentation data set of urban
scenes that includes more than 250,000 high-resolution images and pixel-level semantic
segmentation annotations (Figure 20). It contains 66 categories (including background
categories) with more than 250,000 images (180,000 images in the training set, 20,000 images
in the verification set, and 30,000 images in the test set). All images in the training and
verification sets provide pixel-level annotation, whereas the images in the test set do not
provide annotation information.
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Figure 20. Mapillary Vistas data set examples. (a) shows an example of a dataset image, while
(b) shows the process of segmenting a video sequence and mapping semantic labels.

Although the Mapillary Vistas data set contains up to 66 categories, not all of them
have sufficient samples. As a result, the model may demonstrate poor performance in some
categories. Given the class imbalance problem in the Mapillary Vistas data set, studying
how to handle class imbalance and complex scene problems is an important research
direction in the future. For example, this problem can be solved through data enhancement,
using an improved loss function, or via multitask learning using the annotations.

9. VSPW [105] is the first multiscene, large-scale, video semantic segmentation data
set. It has 3537 labeled videos and 251,632 semantically segmented pictures, and it covers
124 semantic categories. Each video contains a complete shot that lasts for about 5 s on the
average. More than 96% of the captured videos have a high spatial resolution from 720 p to
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4 K. VSPW was the first attempt to solve the challenging video scene resolution task in the
field by considering various scenarios.

Given that the VSPW data set contains video frames, maintaining temporal consistency
in semantic segmentation has become an important research direction similar to using other
methods such as recurrent neural networks or short-term memory networks to capture
temporal information.

In addition to the abovementioned data sets, other data sets are used in the medical
field [106,107], remote sensing field [108,109], and others.

The authors of Ref. [110] proposed a novel scene segmentation method that enhanced
the accuracy and efficiency of scene segmentation by using a hierarchical feature extrac-
tion network. The authors employed dilated convolution and multiscale feature fusion
technology at different convolution layers to improve feature extraction accuracy and
coverage and enable the model to capture semantic information in the image effectively. An
adaptive gating mechanism was introduced to dynamically control the degree of feature
fusion between different levels, making the model increasingly flexible and adjustable.
Experimental results showed that the proposed method performed well on commonly
used scene segmentation data sets, and it had a higher accuracy and speed compared
with similar methods. However, the data sets used in the study were common, and the
network may not perform optimally in special scenarios involving rain, snow, and fog.
Moreover, the complex network structure requires long training and debugging as well as
high computing resources.

The authors of Ref. [111] proposed FAPN, which utilizes feature alignment technology
to extract information from different resolution feature pyramids to improve dense image
prediction accuracy. FAPN has good robustness and is unaffected by changes in input
image size and scale, so it has high efficiency and performs well in dense image prediction.
However, the network structure of FAPN is complex, and its performance may decrease for
images with geometric and other kinds of distortions.

The authors of Ref. [112] introduced a network structure called DDRNet, which effec-
tively utilizes low-resolution and high-resolution feature information via a dual-resolution
feature fusion strategy to improve the accuracy of road scene semantic segmentation. The
network has a high computing speed and can achieve real-time road scene segmentation.
The experimental results demonstrated the robustness and generalization of the network in
different scenarios. However, DDRNet was mainly designed for road scene segmentation
and may require adjustment and retraining for other scenes. Training and debugging may
be difficult and require high-performance computing resources due to the use of a complex
feature fusion strategy.

MIFNet (proposed in Ref. [113]) is a lightweight neural network architecture that
reduces network parameters and computational complexity while maintaining model accu-
racy and improving real-time performance on mobile devices. MIFNet adopts multiscale
information fusion technology to extract information from feature maps of different scales.
It enhances the model’s receptive field and improves its recognition and understanding of
objects. Experimental verification on multiple publicly available data sets demonstrated
the good performance of MIFNet. However, the network structure of MIFNet is simple
and may have limited processing capabilities for complex scenes and tasks. The method
requires parameter and hyperparameter tuning to achieve optimal performance.

Ref. [114] proposed a new neural network model called ViT-A, which adapts the ViT
model to dense prediction tasks and improves the accuracy of image segmentation by using
the adapter method. The method has high computational efficiency and flexibility and can
be used for transfer learning on different data sets and tasks. Experimental results showed
the method’s good performance in various complex scenarios. However, the ViT-A method
has limitations in the size and scale of input images and requires preprocessing and scaling
before segmentation. The adapter structure of ViT-A also requires certain computational
resources that may affect the method’s real-time performance and deployability.
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Ref. [115] proposed a neural network model called DRAN, which uses a dual-relation-
aware mechanism to model the relationships between different objects in images and
improve the accuracy of scene segmentation. The method incorporates an attention mech-
anism that can adaptively focus on important regions in images, thus reducing the inter-
ference of redundant information and improving the efficiency of image segmentation.
Experimental results revealed the model’s good performance in various complex scenarios.
However, the DRAN model is complex and requires considerable computational resources
and training time. Additionally, DRAN is sensitive to the size and scale of input images
and requires preprocessing and scaling before segmentation

When comparing Tables 2 and 3, we found that image semantic segmentation tech-
nology based on deep learning has achieved great progress in accuracy. Each architecture
has its unique advantages. With the common goal of using key technologies to improve
segmentation accuracy, the future research direction in this field is the integration of the
advantages of multiple architectures.

Table 2. Performances of classical semantic segmentation methods on different data sets.

Method Time Backbone VOC 2012
(MIoU/%)

Cityscapes
(MIoU/%)

CamVid
(MIoU/%)

FCN 2015 VGG16 62.2 65.3 —
U-Net 2015 VGG16 — — —

DeepLab v1 2016 ResNet 71.6 — —
DeepLab v2 2017 ResNet 79.7 70.4 —
DeepLab v3 2017 ResNet 86.9 81.3 —

DeepLab v3+ 2018 ResNet 89 82.1
SegNet 2017 VGG16 — — 60.1
PSPNet 2017 ResNet 85.4 80.2 —

Table 3. Performance of recent semantic segmentation methods on different data sets.

Method Time Backbone Cityscapes
(MIoU/%)

CamVid
(MIoU/%)

HFEN [110] 2021 — 69.5 66.1
FaPN [111] 2021 ResNet-18 75.0 —

DDRNet [112] 2021 DDRNet-39 80.4 —
MIFNet [113] 2021 MobileNetV2 72.2 —

ViT-Adaptor-L [114] 2022 UPerNet 85.2 —
DRANet [115] 2020 ResNet-101 82.9 —

In the process of implementing a deep neural network, accuracy evaluation may vary
from problem to problem, and traditional semantic segmentation methods use accuracy or
precision as a performance evaluation metric. However, for deep learning, many perfor-
mance metrics are applicable to classification, object detection, and semantic segmentation.

Typically, the final performance is evaluated in terms of accuracy, including pixel
accuracy (PA), mean pixel accuracy (MPA), MIoU, and frequency weighted intersection over
union (FWIoU). MIoU is often used to measure the performance of semantic segmentation
models. It can be obtained by comparing the ground truth with the output map after
passing the image to the export model. PA is the simplest pixel-level evaluation index in
semantic segmentation. It only needs to calculate the ratio of correctly classified pixels in
the image to the total pixels in the image, as shown in Formula (1):

PA =

n
∑

i=0
pii

n
∑

i=0

n
∑

j=0
pij

(1)
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where pii represents the number of correctly classified pixels, pij is the number of pixels
that should belong to the i-th category but are classified into the j-th category, and n is the
number of categories.

PA describes the segmentation accuracy of all categories in an image and is commonly
used to estimate the overall segmentation performance. The closer PA is to 1, the better
the model performs. However, PA contains limited information and may mask poor seg-
mentation results in certain categories, thereby failing to reflect the segmentation accuracy
of individual categories. To address this issue, class pixel accuracy (CPA) can be used
to evaluate the segmentation accuracy of each category separately. For the segmentation
result of the i-th category, the CPA calculation formula is as follows (2):

CPA =
pii

∑k
j=0 pij

(2)

MPA represents the average pixel accuracy of all object categories in the image. The
main advantages of MPA are its relatively simple computation and its ability to provide
an overall assessment of the model’s performance across all categories. However, it also
has some limitations. In semantic segmentation tasks, the number of pixels per category
in the image is often imbalanced, with some categories having considerably more pixels
than others. MPA assigns equal weights to all categories during calculation. As a result,
categories containing more pixels than others exert a disproportionately large effect on
MPA, and the performance of categories with few pixels is disregarded. MPA’s calculation
considers only the model’s correct classification of pixels for each category and does
not consider cases in which the model incorrectly classifies pixels as other categories.
This situation may lead to an overestimation of the model’s performance, as shown in
Formula (3):

MPA =
1

n + 1

n

∑
i=0

pii
n
∑

j=0
pij

(3)

MIoU is the ratio of the intersection of the true value of the segmentation result and
its union, which is calculated by class then averaged. MIoU considers the model’s correct
classification of pixels for each category (true positive; TP), cases in which the model
misclassifies pixels as other categories (false positive; FP), and cases in which the model
incorrectly classifies category i’s pixels as other categories (false negative (FN)). Thus, MIoU
provides a comprehensive performance evaluation. Compared with MPA, MIoU is more
tolerant of class imbalances in data sets because MIoU accounts for the correct, incorrect,
and unclassified pixels of each category during computation, thus better reflecting the
model’s performance across all categories.

However, MIoU may underestimate the model’s performance on small objects with
few pixels. To address this issue, researchers have proposed a weighted MIoU in which
each category’s IoU is weighted based on the number of pixels in that category. The weight
of categories with few pixels is increased in the overall score as shown in Formula (4):

MIoU =
1

n + 1

n

∑
i=0

pii
n
∑

j=0
pij +

n
∑

j=0
pji − pii

(4)

FWIoU is an enhancement of MIoU, and it aims to weigh the category of each pixel
in accordance with its frequency. FWIoU augments the weight of less frequent categories
in the overall score by weighing the IoU of each category, which helps reflect the model’s
performance across all categories, particularly in data sets with class imbalance. Similar
to MIoU, FWIoU comprehensively captures the model’s ability to correctly classify pixels
of each category (TP), incorrectly classify pixels as other categories (FP), and misclassify
pixels of category i as other categories (FN). However, because FWIoU is weighted based
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on pixel frequency, it may lead to overemphasis on large targets with a high pixel count.
This situation implies that when evaluating model performance, FWIoU might pay too
much attention to the performance of large targets and could overlook the performance in
small targets as shown in Formula (5):

FWIoU =
1

n
∑

i=0

n
∑

j=0
pij

n

∑
i=0

n
∑

j=0
pij pii

n
∑

j=0
pij +

n
∑

j=0
pji − pii

(5)

Cross-entropy loss plays a pivotal role in the training of deep learning models, es-
pecially in classification tasks. The cross-entropy error (CEE) is used to represent the
residual between the predicted results and the labels. The fundamental idea is that when
the model has high confidence in the correct prediction, the CEE decreases. Conversely, if
the model has high confidence in the wrong prediction, the CEE increases. Therefore, CEE
optimization is about making the model highly confident in the correct prediction.

Cross-entropy loss is considered the logarithm of the likelihood function for the correct
labels to ensure the differentiability of the loss function. Typically, the base of the logarithm
can be either two or the natural constant e. Neural network classifiers trained using CEE
have distinct performance advantages over mean squared errors on finite data sets. Cross-
entropy describes the dissimilarity between two probability distributions; the smaller the
difference is, the closer the two probability distributions are. Through gradient descent,
cross-entropy loss continually brings the predicted probability distribution close to the
label probability distribution in order to accurately reflect the error between the predicted
segmentation results and the labels.

However, because the CEE is proportional to the logarithm of the model’s predicted
probability, it is sensitive to outliers in the model’s predictions. This sensitivity could
cause the model to overreact to some anomalies, thereby affecting the model’s performance.
Therefore, when using cross-entropy loss, special attention must be paid to the stability
and robustness of model training. The definition of cross-entropy loss is as follows (6):

LCEE = − 1
n∑

n
∑

c
tn,c loga(yn,c) (6)

In addition to the abovementioned metrics, other performance indicators need to be
considered when evaluating the performance of a neural network.

These indicators include the frames per second (also known as latency), which refers to
the time required for a neural network to process an image; the exported network learning
parameters; storage space occupied by the neural network model (that is, network size);
the processing capabilities of hardware resources such as the CPU, GPU, and memory;
the power consumption of the entire system; and the memory bandwidth utilization rate,
which refers to the ratio of the number of bytes transmitted from memory to the total
number of transmitted bytes. In addition, other factors such as training indicators and the
system environment affect the performance of neural networks. These indicators play an
equally important role in optimizing and selecting neural network models.

6. Prospects and Challenges

We investigated the key methods in 2D image semantic segmentation based on deep
learning models and showed impressive results for various image semantic segmentation
tasks through experiments. We also discussed some challenges and promising research
directions for deep-learning-based semantic segmentation.

An important research direction toward improving the generalization ability of models
is determining how to obtain data sets that approximate real-world environments (with
complex and variable weather conditions). In semantic segmentation, a challenging aspect
is 3D semantic segmentation in computer vision, which can be applied to fields such as au-
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tonomous driving, medicine, and robotics. The introduction of depth maps enables research
to focus on 3D scenes. Although 3D data sets are difficult to obtain and label, they contain
more semantic information than 2D data sets, making 3D scene semantic segmentation
highly valuable and widely applicable. For example, based on field data collected using 3D
scanners, depth cameras, drones, or other 3D capturing devices, data augmentation and
enhancement are performed using computer graphics and machine learning techniques
to generate additional weather and lighting conditions. This approach leverages both the
complexity of the real world and the powerful capabilities of computer technology.

Currently, semantic segmentation for real-time network segmentation tasks still has
imperfections. Therefore, balancing the accuracy and efficiency of semantic segmentation
remains an important research direction. Recent research trends indicate that an increasing
number of scholars are beginning to study alternative pixel-level annotation methods such
as unsupervised, semi-supervised, and weakly supervised methods. Among them, weakly
supervised semantic segmentation methods typically outperform other methods. In the
context of this research background, it becomes crucial to further explore efficient network
architectures, optimize computational and storage efficiency, integrate multimodal and
multiscale information, incorporate more data, and improve data augmentation techniques.

For instance, in the domain of Domain-Adversarial Neural Networks (DANNs), the
training of the model aims to maximize the predictive performance on the target domain
while minimizing the distribution discrepancy between the source and target domains
(among other factors).

Another important research direction is cross-domain semantic segmentation because
data from different domains or scenarios have considerable differences. An important
research direction toward improving the generalization ability of models is determining
how to apply existing semantic segmentation models to new domains or scenarios. In
addition, robust semantic segmentation is a key research direction. For complex real-world
scenes such as those containing lighting changes, occlusions, and image noise, researchers
can design robust semantic segmentation models to improve these models’ performance in
complex scenarios.

One approach to address this issue is through data augmentation. By creating and in-
corporating variations of the training data (such as changing image brightness and contrast,
adding random noise, simulating occlusions, etc.), we can enable the model to learn these
variations during the training process and improve its performance when faced with such
challenges. Another strategy is to utilize adaptive models. These models can dynamically
adjust their behavior to adapt to the characteristics of the input data and so on. With
further research in the field of artificial intelligence, the concepts of semantic segmentation
and image understanding can be integrated to achieve more accurate segmentation by
comprehending the scene, objects, and contextual information in images.

These research directions are crucial and can further improve the accuracy, robustness,
efficiency, and generalization ability of semantic segmentation methods. The ethical im-
plications of semantic segmentation also need to be considered. As these models become
increasingly accurate and widespread, they must be used in a responsible and ethical man-
ner with appropriate safeguards in place to protect individual privacy and prevent misuse.
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