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ABSTRACT

The goal of semantic segmentation is to segment the input image according to semantic information and
predict the semantic category of each pixel from a given label set. With the gradual intellectualization of
modern life, more and more applications need to infer relevant semantic information from images for
subsequent processing, such as augmented reality, autonomous driving, video surveillance, etc. This
paper reviews the state-of-the-art technologies of semantic segmentation based on deep learning.
Because semantic segmentation requires a large number of pixel-level annotations, in order to reduce
the fine-grained requirements of annotation and reduce the economic and time cost of manual annota-
tion, this paper studies the works on weakly-supervised semantic segmentation. In order to enhance the
generalization ability and robustness of the segmentation model, this paper investigates the works on
domain adaptation in semantic segmentation. Many types of sensors are usually equipped in some prac-
tical applications, such as autonomous driving and medical image analysis. In order to mine the associ-
ation between multi-modal data and improve the accuracy of the segmentation model, this paper
investigates the works based on multi-modal data fusion semantic segmentation. The real-time perfor-
mance of the model needs to be considered in practical application. This paper analyzes the key factors
affecting the real-time performance of the segmentation model and investigates the works on real-time
semantic segmentation. Finally, this paper summarizes the challenges and promising research directions
of semantic segmentation tasks based on deep learning.

© 2022 Elsevier B.V. All rights reserved.

1. Introduction

The goal of semantic segmentation is to divide a given image
into several visually meaningful or interesting areas for subsequent
image analysis and visual understanding [169]. Semantic segmen-
tation plays an important role in a broad range of applications, e.g.,
scene understanding, medical image analysis, robot perception and
satellite image segmentation [170,169,168].

Before applying convolutional neural networks (CNN), research-
ers used random forest and conditional random field (CRF) to con-
struct classifiers for semantic learning. In recent years, the deep
learning method has yielded a new generation of segmentation
models with remarkable performance improvements and has
become the mainstream solution for semantic segmentation
[65,64,196,136,63]. Long et al. [75,137] propose the fully convolu-
tional network (FCN), which can be trained end-to-end. Compared
with traditional methods, the FCN model has a 20% improvement
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in Pascal VOC 2012 dataset. Ronneberger et al. [130] propose the
U-net for biomedical image segmentation. U-net contains a context
path to learn context information and a spatial path to preserve
spatial information. Table 1 lists the classical semantic segmenta-
tion models, e.g., U-net [130,201], FCN [75,137]. This paper com-
prehensively reviews the research of 2D semantic segmentation
in weakly-supervised, domain adaptation, multi-modal data fusion
and real-time.

Weakly-supervised semantic segmentation. The fully super-
vised semantic segmentation method based on CNNs needs a lot
of time and economic cost to obtain pixel-level annotation, which
restricts the further improvement of segmentation performance
and the generalization ability of the model [21,115,97]. Therefore,
researchers turn to weakly-supervised learning, which can take
advantage of weak annotation forms and reduce the marking cost.

Domain adaptation semantic segmentation. Most machine
learning techniques need to satisfy the assumption that the train-
ing and test set are independent and identically distributed. How-
ever, it is difficult to satisfy this assumption in practical application
[96,25]. The purpose of the semantic segmentation method based
on domain adaptation is to solve the problem of distribution mis-
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Table 1
Classical models of semantic segmentation based on deep learning.
Method Publish Year Method Publish Year
FCN [75,137] CVPR 2015 Dilated Convolutions [189] ICLR 2016
U-net [130] MICCAI 2015 RefineNet [91] CVPR 2017
DeconvNet [113] Iccv 2015 DUC [167] WACV 2018
SegNet [160] TPAMI 2015 ICNet [193] ECCV 2018
ERFNet [129] TITS 2018 BiSeNet [188] ECCV 2018
PSPNet [194] CVPR 2017 CCNet [70] Iccv 2019
Deeplab v1 [20] ICLR 2015 AdaptSegNet [155] CVPR 2018
Deeplab v2 [21] TPAMI 2018 EncNet [191] CVPR 2018
Deeplab v3 [22] arXiv 2016 Large Kernel Matters [120] CVPR 2017
Deeplab v3+ [23] ECCV 2018

match between training data and test data so that the model can be
well extended to practical applications [133,155,58,202].

Semantic segmentation based on multi-modal data fusion. The
latest breakthrough of sensors, e.g., cameras, LiDAR, promotes the
rapid development of semantic segmentation [86,30,110]. Seman-
tic segmentation based on multi-modal data fusion has become a
new research direction to use data of variety of sensors with com-
plementary characteristics to enhance the performance of segmen-
tation [157]. The sensing system based on a single camera cannot
provide reliable 3D geometry and adapt to complex or harsh light-
ing conditions [161,128]. LiDAR can provide high-precision 3D
geometry without changing the ambient light, but LiDAR is limited
by low resolution, low refresh rate, severe weather conditions
(rainstorm, fog and snow), and high cost [173]. By fusing different
types of sensor data, the performance and robustness of semantic
segmentation can be improved.

Real-time semantic segmentation. Real-time semantic segmen-
tation is a challenging task as it considers both accuracy and infer-
ence speed simultaneously. However, under resource constraints,
it is impossible to maintain accuracy and boost inference speed
simultaneously. Therefore, real-time semantic segmentation aims
to achieve a reasonable trade-off between accuracy and inference
speed according to the application’s requirements, e.g., autono-
mous driving [170,200,27,51].

In Section 2, this paper introduces the open dataset of semantic
segmentation. From Section 3 to Section 6, the problems of weakly-
supervised learning, domain adaptation, multi-modal data fusion
and real-time in semantic segmentation are introduced respec-
tively. Section 7 discusses the open challenges and promising
directions. Finally, a conclusion is made in Section 87.

2. Datasets for semantic segmentation

This section surveys the datasets most commonly used for
training and testing semantic segmentation models based on deep
learning. According to whether the datasets take into account the
changes of lighting conditions, weather and seasonal, this paper
divides these datasets into two categories: no cross-domain data-
sets and cross-domain datasets, and provides the characteristics
of each dataset. Most of the data in no cross-domain datasets are
collected under normal daytime conditions. Cross-domain datasets
collect data in various complex environments, e.g., nighttime,
rainy, cloudy, etc. In addition, in the field of autonomous driving,
synthetic data is usually used for training models. Therefore, this
section also summarizes some synthetic datasets. Table 2 contains
some common datasets for semantic segmentation tasks.

2.1. No cross-domain datasets

NYU Depth V2 [138] consists of about 1.5k densely labeled pairs
of aligned RGB and depth images, comprising 464 different indoor
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scenes across 26 scene classes, gathered from a wide range of com-
mercial and residential buildings in three cities. In the NYU Depth
V2 dataset, each object is labeled with a class and an instance num-
ber (cup1, cup2, cup3, etc). Besides, NYU Depth V2 contains 407k
unlabeled frames.

PASCAL-VOC 2012 [42] contains 20 classes. For the segmenta-
tion task, the train-val of PASCAL-VOC 2012 includes all corre-
sponding pictures from 2007 to 2011 has 2913 pictures and 6929
objects in total, and the test only includes 2008-2011.

ADE20K [197,198] consists of 20k training images, 2k validation
images, and all the images are exhaustively annotated with
objects. Many objects are also annotated with their parts, and each
object has additional information about whether it is occluded or
cropped and other attributes.

ScanNet [36] is an RGB-D video dataset containing 2.5 million
views in more than 1.5k scans. ScanNet annotated with 3D camera
poses, surface reconstructions and instance-level semantic seg-
mentations, collected by an easy-to-use and scalable RGB-D cap-
ture system that includes automated surface reconstruction and
crowdsourced semantic annotation.

WoodScape [187] is the first autonomous driving fisheye data-
set collected by 4 fisheye cameras on the vehicle. WoodScape pro-
vides semantic annotation of 40 classes at the instance level over
10k images and provides annotations for other tasks for images
over 100k.

KITTI-2012 [77] contains real image data collected from urban,
rural and expressway scenes. The diversity of its recording condi-
tions is relatively low only during the daytime and on sunny days
in a city [47,48]. There are up to 15 vehicles and 30 pedestrians in
each image and various degrees of occlusion and truncation. Com-
pared to the KITTI-2012, KITTI-2015 [104] comprises dynamic sce-
nes for which a semi-automatic process establishes the ground
truth. KITTI-360 [180] annotates both static and dynamic 3D scene
elements with rough bounding primitives and transfers this infor-
mation into the image domain, resulting in dense semantic and
instance annotations for 3D point clouds and 2D images.

Inria Aerial Image Labeling Dataset [100] is a remote sensing
image dataset for urban building detection. Its labels are divided
into building and non-building, which are mainly used for seman-
tic segmentation. The images cover dissimilar urban settlements,
ranging from densely populated areas (e.g., San Francisco’s finan-
cial district) to alpine towns (e.g., Lienz in Austrian Tyrol). Inria
Aerial Image Labeling Dataset contains aerial orthophoto corrected
color images with a spatial resolution of 0.3 m, and the coverage of

Inria Aerial Image Labeling Dataset is 810 km?.

Gaofen image dataset (GID) [153] is a large dataset for land use
and land cover classification. GID contains 150 images from more
than 60 different cities in China taken by gaofen-2 (GF-2) satellite,
covering a geographical area of more than 50,000 km?. The images
in GID have high intra-class diversity and low inter-class separabil-
ity. GID includes a panchromatic image with a spatial resolution of
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Some common datasets for semantic segmentation tasks. The top is no cross-domain datasets. The middle is cross-domain dataset. The bottom is synthetic datasets. “~" indicates

that the corresponding result is not provided.

Dataset Year Classes RGB Depth
KITTI-2012 [77] 2012 8 400 -
NYU Depth v2 [138] 2012 894 ~1.5 k ~1.5k
PASCAL-VOC [42] 2012 20 ~3 k -

Inria Aerial Image Labeling [100] 2017 2 - -
GID [153] 2018 150 - -
HippSeg [71] 2017 150 >25k -
ADE20K [197,198] 2017 150 >25k -
Pancreatic CT [131] 2015 - - -
ApolloScape [69] 2018 25 140 k -
WoodScape [187] 2019 40 10 k -
MVD [112] 2017 100 25k -
IDD [158] 2019 34 10k -
A2D2 [49] 2020 38 ~41 k -
Cityscapes [34,35] 2016 19 5k+20k 5k+20k
IDDA [2] 2020 - 1000 k -
Virtual KITTI [45] 2016 - 17 k -

1 m and a multispectral image with a spatial resolution of 4 m, and
the image size is 6908 x 7300 pixels. In addition, a multispectral
provides images in blue, green, red and near-infrared bands.

HippSegDataset [71] contains T1-weighted MR images of 50
subjects, 40 of whom are patients with temporal lobe epilepsy
and 10 are nonepileptic subjects. Hippocampus labels are provided
for 25 subjects for training.

Pancreatic CT [131] includes 82 abdominal enhanced 3D CT
scans (about 70 s after portal vein injection of contrast agent) in
53 male and 27 female subjects. Seventeen subjects are healthy
kidney donors scanned before nephrectomy. The remaining 65
patients are chosen by radiologists from patients with neither
major abdominal lesions nor pancreatic cancer. The age range of
the subjects was 18-76 years, with an average age of
46.8 + 16.7 years. The resolution of the CT scan is 512 x 512 pixels,
the pixel sizes are different, and the slice thickness is between 1.5
and 2.5 mm.

In the task of semantic segmentation, research progress can be
heavily linked to the existence of datasets [187], e.g., KITTI Vision
Benchmark Suite [77]. These existing scene datasets are often
smaller and cannot fully capture the variability and complexity
of real-world inner-city traffic scenes, which inhibit further pro-
gress in the visual understanding of street scenes. Some datasets
are recorded in more than one location in order to create the lar-
gest and most diverse dataset of street scenes with high-quality
and coarse annotations [187,72,119,182,8,34,69].

ApolloScape [69] contains over 140k images and each with its
per-pixel semantic mask. These images are captured in various
traffic conditions; moving objects averages from tens to over one
hundred. Besides, ApolloScape annotates each image with high-
accuracy pose information at cm level accuracy. Moreover, in
ApolloScape, 89k instance-level annotations for movable objects
are further provided. Apollocar3D [140] contains 5k driving images
and over 60k car instances, where each car is fitted with an
industry-grade 3D CAD model with the absolute model size and
semantically labeled key points. The annotation precision of Apol-
loscape exceeds that of KITTI and Cityscapes datasets of the same

type.
2.2. Cross-domain datasets

Common semantic segmentation datasets, such as Cityscapes
[34], focus on the scene in ideal weather, while images of rain,
nighttime, snow, or fog are scarce. In order to increase the diversity
of lighting conditions, some datasets collect data in both daytime
and nighttime [107,10,72,13,5,55,32].
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nuTonomy scenes (nuScenes) [10] is the first dataset to carry
the full autonomous vehicle sensor suite: 6 cameras, 5 radars
and 1 LiDAR. nuScenes comprises 1k scenes and each 20s long
and fully annotated with 3D bounding-boxes for 23 classes and 8
attributes. nuScenes is a multi-modal dataset that contains data
from nighttime and rainy conditions. Also, nuScenes contains
object attributes, scene descriptions, object class and location.

Some datasets contain different weather conditions, e.g., sunny,
rainy, cloudy, snowy [10,72,107,49,112,121,183,158].

Audi Autonomous Driving (A2D2) [49] consists of simultane-
ously recorded images and 3D point clouds, recorded the data of
highways, country roads and cities in the south of Germany under
complex weather conditions, e.g., cloudy, rainy and sunny. The
sensor suite of A2D2 consists of 6 cameras, 5 LiDAR units, GPS,
IMU, steering angle, brake, throttle, odometry, velocity, pitch and
roll. In A2D2, 41k frames with semantic segmentation annotations
and point cloud labels, of which 12k frames also have 3D bounding
box annotations for objects within the front camera field of view.
In addition, A2D2 contains 392k sequential frames of unannotated
sensor data recorded in three cities in the south of Germany.

The Mapillary Vistas (MVD) [112] is a large-scale street-level
image dataset for semantic segmentation of urban, countryside
and off-road scenes and captured at various weather, season and
daytime conditions. MVD contains 25k high-resolution images
annotated into 100 object categories and 60 instance-specific class
labels. And these images come from different devices, e.g., mobile
phones, tablets, action cameras and professional capturing rigs.

Cityscapes [34,35] is a benchmark suite and large-scale dataset
for pixel-level and instance-level semantic segmentation. Citys-
capes is comprised of a large, diverse set of stereo video sequences
recorded in the streets from 50 different cities, in which 5k images
have high-quality pixel-level annotations and 20k additional
images have coarse annotations. It is more complex than previous
datasets in the aspects of dataset size, annotation richness, scene
variability and complexity.

IDD [158] is a novel dataset for road scene understanding in
unstructured environments and consists of 10k images, finely
annotated with 34 classes collected from 182 drive sequences on
Indian roads. The singular feature of IDD is that it corresponds to
driving in less structured environments. The variety of traffic par-
ticipants on Indian roads is larger, including novel classes, e.g.,
autorickshaws, animals. The within-class diversity is higher
because vehicles span a larger range of manufacturing years and
ply with larger variation in wear. Moreover, variations in weather
and lighting and other ambient factors, e.g., air quality and dust,
also span greater ranges.
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2.3. Synthetic datasets

Modern computer vision algorithms typically require expensive
data acquisition and accurate manual labeling [45]. Therefore,
some scholars propose to leverage the recent progress to generate
fully labeled, dynamic and photo-realistic proxy virtual worlds.
Although synthetic datasets cannot completely replace real-
world data, previous work has shown that they are a cost-
effective supplement and have good portability [38].

Virtual KITTI [45] is an earlier published composite dataset for
autonomous driving. Virtual KITTI is generated in a virtual world
created by cloning a few seed real-world video sequences. Virtual
KITTI dataset contains 35 photo-realistic synthetic videos (5 cloned
from the KITTI, each video with 7 variations) and a total of approx-
imately 17k high-resolution frames. Virtual KITTI2 [9] is a more
photo-realistic and better-featured version and adds a stereo cam-
era compared with Virtual KITTIL

IDDA (ItalDesign Dataset) [2] is a large synthetic dataset, con-
sists of about 1million frames taken from the virtual world simula-
tor CARLA. IDDA can be used for semantic segmentation with more
than 100 different sources visual domains and has the challenges
of domain shift between training and test data in various weather
and viewpoint conditions in seven different city types.

Although many large-scale image datasets have been created
for semantic segmentation, more challenging datasets are still
needed in the future. For autonomous driving tasks, datasets con-
taining fine annotations under various complex weather condi-
tions are required.

3. Weakly-supervised semantic segmentation

A key bottleneck in building CNN-based segmentation models is
that they typically require pixel-level annotated images during
training [195,79]. Acquiring fully supervised data is an expensive,
time-consuming effort. Hence, some researchers use weak annota-
tions and propose weakly-supervised semantic segmentation
methods to reduce the use of fully annotated data. Weak annota-
tion (in the form of annotated bounding boxes, image-level labels,
scribble annotation and point annotation), is far easier to collect
than detailed pixel-level annotations. The newly published litera-
tures also point out this promising research trend.This section col-
lects and studies them systematically to get some insight in this
field. Finally, this section classifies these papers according to the
main kind of weakly-supervised labels, which are image-level
labels, bounding-boxes, scribble annotation and point annotation.
As showed in Fig. 1, in the leftmost figure, there are only
bounding-boxes to indicate the position information of objects,
which are standard annotating labels for object detection tasks.
The middle one uses hand-drawing scribbles to indicate the posi-
tion information of objects. The rightmost one’s labels are even
simpler, which only contain some points representing the rough
middle of objects. Table 3 compares the effects of some weakly-
supervised semantic segmentation methods. The "Annotation
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type” in the first column from left side represents the type of
weakly-supervised annotation.

3.1. Segmentation algorithm based on image-level labels

The main paradigm of using image-level labels to do semantic
segmentation tasks is first generating the score map or heat map
from the pretext task, such as the standard classification task, as
the original rough mask. Then the researchers apply some cluster-
ing algorithm to refine and improve the generating mask itera-
tively until getting a satisfactory result. The last procedure is to
feed the mask produced from the previous step as the fully anno-
tated label to some pre-defined models that do standard super-
vised segmentation tasks. Inspired by the multi-instance learning
(MIL) framework, Pinheiro et al. [122] infer object segmentation
by leveraging only object class information and considering only
minimal priors on the object segmentation task. Pathak et al.
[118] utilize the MIL structure to predict multiple pixels for each
image, in which each pixel represents a class. Pathak et al. [117]
also propose a constrained convolutional neural network, which
casts the image-level label as a constraint to the network. In more
detail, during each training iteration, the network firstly predicts a
target point in the latent representation space with the highest
probability.

Zhang et al. [190] propose a causal inference framework that
can be added to the weakly-supervised semantic segmentation
methods. Their framework can generate better pixel-wise pseudo
labels by addressing the issue that the score map is hard to distin-
guish between the boundaries. They propose a new method to mit-
igate the bias in image-level classification. Lin et al. [172] present a
multi-path region mining module to generate pseudo-point-level
labels from image-level labels. They explore the localization infor-
mation for each class from different aspects of the object with var-
ious attention modules. Fan et al. [43] address the problem that the
CAM-like (class activation map) method can only cover a part of
objects. They argue that the critical problem affecting the perfor-
mance is the mismatch of classification boundaries. Therefore, they
propose an intra-class discriminator module to distinguish the dif-
ference between objects within the image to generate a pseudo-
label with better boundaries.

Araslanov et al. [3] define three metrics to check the perfor-
mance of a weakly-supervised method: local consistency, semantic
fidelity and completeness, respectively. Using these metrics, they
propose a single-stage method to train the model from image-
level labels. Chen et al. [19] adopt a wise selection of training sam-
ples and a model evaluation criterion to do video object segmenta-
tion using only the action labels of the actors. Chang et al. [15]
address the problem that the response maps only focus on the crit-
ical part of the object, which is not the best for the segmentation
task. To enforce the network to focus on the whole image, they pro-
pose a self-supervised task with a sub-category loss that exploits
the sub-category information and performs clustering on image
features to generate the pseudo mask.

Fig. 1. In the leftmost figure, each bounding-boxes indicates one instance. The middle one uses hand-drawing scribbles to indicate the rough position information of instance,
which is much easier to annotate. In the rightmost figure, each point represents one instance. Note that the instances belonging to the same category have the same color.
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Table 3
The results of some weakly-supervised semantic segmentation methods. The "Annotation type” in the leftmost column represents the type of weakly-supervised annotation.
Annotation type Mehtod Publish Dataset mloU%
image-level Pinheiro et al. [122] CVPR2015 Pascal VOC(test) 2012 40.6
Pathak et al. [117] ICCV2015 Pascal VOC(test) 2012 45.1
Fan et al. [43] CVPR2020 Pascal VOC 2012(test) 64.3
Zhang et al. [190] arXiv2020 Pascal VOC 2012(test) 66.7
Zhang et al. [190] arXiv2020 MS-COCO(val) 334
bounding-box Xia et al. [178] ICCV2013 Pascal VOC 2012(test) 48
Dai et al. [37] ICCV2015 Pascal VOC 2012(test) 64.6
Papandreou et al. [115] ICCV2015 Pascal VOC 2012(test) 62.2
scribble Lin et al. [90] CVPR2016 Pascal VOC 2012(val) 63.1
Tang et al. [148] CVPR2018 Pascal VOC 2012(val) 74.5
Tang et al. [149] ECCV2018 Pascal VOC 2012(val) 75
Wang et al. [164] [JCAI2019 Pascal VOC 2012(val) 76
point Bearman et al. [6] ECCV2016 Pascal VOC 2012(val) 46.1
Qian et al. [126] AAAI2019 PASCAL-Context(val) 30
Qian et al. [126] AAAI2019 ADE20K(val) 19.6
McEver et al. [102] arXiv2020 Pascal VOC 2012(val) 70.5

Based on multi-instance learning, pseudo pixels, iterative train-
ing, causal reasoning and other methods, the above methods
improve the semantic segmentation performance based on
image-level labels by supplementing the position information,
shape information, and contour information of the target in the
image. Weakly-supervised semantic segmentation using image-
level labels is the mainstream of weakly-supervised segmentation
methods, but image-level annotation provides little information.
Therefore, introducing additional information, e.g., location infor-
mation, the supervision information of constructing pseudo pixels,
and modeling these information into the loss function is the key to
further improving semantic segmentation performance.

3.2. Segmentation algorithm based on bounding-box

Aside from employing image-level information as a weak super-
vision annotation, some works are established based on bounding-
box labels. Papandreou et al. [115] use a small part of the full
supervised label and a major part of the weakly-supervised label
to train the network model. Dai et al. [37] propose a model to har-
ness the bounding-box label to facilitate the segmentation task,
which is trained in an iterating fashion (Fig. 2). Khoreva et al.
[76] focus on the work that manipulates the input label of images.
They process the input label carefully instead of changing the
training procedure. Xia et al. [178] adopt a voting scheme to infer
each object’s shape within the bounding-box. Firstly, they cut out
the original image into different parts according to the bounding-

box, and then they segment each part respectively. Finally, they
merge the individual result into a complete one. These methods
use bounding-box labels to generate rough segmentation maps of
the target and then iteratively optimize the segmentation model.
However, compared with the method based on the image-level
label, it is reliant on image annotation quality.

3.3. Segmentation algorithm based on scribble

Compared with the bounding-box label, scribble annotations
are easier to get. For instance, Lin et al. [90] create the scribble
dataset for PASCAL VOC 2012. They combine the scribble annota-
tions and proposed region generated from the previous model
and train the model in an iterating manner. Finally, they get a
well-performed segmentation network. Tang et al. [148] design a
new loss for weakly-supervised segmentation tasks. The loss func-
tion is composed of two-part, one is the partial cross-entropy loss
which only evaluates the seed with the known label, and the other
one is normalized cut loss which focuses on the consistency of all
the pixels. Wang et al. [164] harness a standard multi-task learning
structure to use the scribble label. Their structure composes two
sub-modules to predict each object’s scribble and bounding,
respectively. Their main contribution is mainly on the design of
extracting high-level and low-level features simultaneously and
combining them to get the final segmentation result. Vernaza
et al. [159] propose a new label propagation mechanism to process
the input label, named random-walk propagation. Random-walk

7
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Fig. 2. The BoxSup model. From [37].
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propagation can help to distill and optimize the segmentation
result. In [159], Xu et al. introduce a method to use multiple forms
of weak supervision labels, e.g., the scribble label, bounding-box.

3.4. Segmentation algorithm based on point

The most natural way for humans to refer to an object is by
pointing, such as "That cat over there” (point) or "What is that over
there?” (point) [126]. Some fields use the point as an effective
means of communication, e.g., robotics and human-computer
interaction for a long time. However, point annotation has not been
well applied in semantic segmentation. Some scholars propose
some new point-based semantic segmentation methods, where
each class has only one label point, and they incorporate the point
supervision into the training loss function. Qian et al. [126] pro-
pose a method based on a simple idea that the objects within the
same class should have a similar representation, so they design a
distance metric loss to optimize the model. The result shows that
their method can exploit the label well and give satisfied segmen-
tation results. Bearman et al. [6] present a time-efficient method
that adopts both point-based label and objectness prior informa-
tion to supervise the training process with image-level, point-
level and objectness prior loss functions. McEver et al. [102] use
the classical attention mechanism to generate an attention map,
select the point that makes the most significant contribution as
the predicted point representing the object, and then use a metric
loss to supervise the model’s training process. The final result val-
idates the effectiveness of their method (Fig. 3).

4. Domain adaptation in semantic segmentation

Fully convolutional models for semantic segmentation have
been proven successful. Such models perform well in a supervised
setting, but performance can be surprisingly poor under domain
shifts that appear mild to a human observer [59]. For example,
training on one city and testing on another in a different geo-
graphic region and/or weather condition may result in significantly
degraded performance due to pixel-level distribution shift. Domain
adaptation is a particular case of transfer learning. It uses the
labeled data in one or more related source domains to perform
new tasks in the target domain [166]. This section focuses on
domain adaptation methods in semantic segmentation and divides
the existing works in this field into three categories according to
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their adaptation level, i.e., input level, feature level, output level.
Table 4 compares the results of some domain adaptation semantic
segmentation methods, in which source domain is GTA5 and target
domain is Cityscapes. Table 5 compares the results of some domain
adaptation semantic segmentation methods, in which source
domain is SYNTHIA and target domain is Cityscapes.

4.1. Input-level domain adaptation

Due to images between source domain and target domain car-
rying strong high-level semantic similarity in scene content and
layout, a rich line of works use image translation or style transfer
methods to map the data in one domain to the other while reserv-
ing the class-related feature of translated images. Then, the seman-
tic segmentation models can be trained with the translated images
with the original labels. The potential issue of these methods is the
quality of the generated images, as semantic segmentation models
are commonly demanding on the quality of input images, even
pixel-level flaws could significantly influence the segmentation
accuracy. To bypass these issues, lots of studies resort to enforce
semantic consistency of image translations, thus raising the image
quality in detail [150]. This section divides these methods into
GAN-based (generative adversarial network) methods and style
transfer methods based on the techniques of translate images.

A considerable amount of researches
[88,58,29,152,199,127,82,185,50] use CycleGAN [203] architecture
to address the input space’s domain shifts. They firstly translate
images from the source domain to the target domain with an
image-to-image translation model and then add a discriminator
on top of the features of the segmentation model to further
decrease the domain gap. When the domain gap is reduced by
the former step, the latter one can further decrease the domain
shift. Unfortunately, the segmentation model relies on the quality
of image-to-image translation. Once the image-to-image transla-
tion fails, nothing can be done to make it up in the following stages.
In order to motivate the two steps promoting each other and
reduce the domain gap, Li et al. [88] propose a new bidirectional
closed-loop learning framework for domain adaptation of image
semantic segmentations. The system involves two separated mod-
ules: image-to-image translation model and segmentation adapta-
tion model, but the learning process involves two directions (i.e.,
“translation-to-segmentation” and "segmentation-to-translation”).
Similar to bidirectional learning framework [88], in order to
encourage the model to preserve the semantic information in the
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Fig. 3. The PCAMs model. From [102].
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Table 4
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Comparison results from GTAS5 to Cityscapes. The top is the result of input-level domain adaptation methods. The middle is the result of feature-level domain adaptation methods.

The bottom is the result of output-level domain adaptation methods.

Method Publish Backbone mloU(%) Method Publish Backbone mloU(%)
Hoffman et al. [58] ICML2018 MobileNet-v2 373 Hoffman et al. [58] ICML2018 DRN-26 39.5
Li et al. [88] CVPR2019 ResNet-101 48.5 Li et al. [88] CVPR2019 VGG-16 41.3
Chen et al. [29] CVPR2019 DRN-26 45.1 Chen et al. [29] CVPR2019 FCN8s 38.1
Yang et al. [185] CVPR2020 DRN-26 42.6 Gong et al. [50] CVPR2019 ResNet-101 42.3
Yang et al. [186] CVPR2020 ResNet-101 50.45 Yang et al. [186] CVPR2020 VGG-16 42.2
Yang et al. [185] CVPR2020 ResNet-101 50.5 Yang et al. [185] CVPR2020 VGG-16 44.6
Zhou et al. [199] arXiv2020 VGG-16 47.8
Chen et al. [28] CVPR2018 VGG-16 359 Zhu et al. [204] ECCV2018 FCN8s 38.1
Murez et al. [111] CVPR2018 DenseNet 35.7 Chang et al. [14] CVPR2019 ResNet-101 45.4
Luo et al. [95] ICCV2019 VGG-16 34.2 Luo et al. [95] ICCV2019 ResNet-101 42.6
Saito et al. [133] CVPR2018 VGG-16 28.0 Saito et al. [133] CVPR2018 DRN-105 39.7
Tsai et al. [155] CVPR2018 ResNet-101 42.4 Vu et al. [162] CVPR2019 VGG-16 36.1
Chen et al. [24] ICCV2019 ResNet-101 46.4 Lee et al. [78] 1CCV2019 ResNet-50 35.8
Spadotto et al. [141] arXiv2020 ResNet-101 35.1 Vu et al. [162] CVPR2019 ResNet-101 45.5

Table 5

Comparison results from SYNTHIA to CityScapes. The top is the result of input-level domain adaptation methods. The middle is the result of feature-level domain adaptation

methods. The bottom is the result of output-level domain adaptation methods.

Method Publish Backbone mloU(%) Method Publish Backbone mloU(%)
Yang et al. [186] CVPR2020 ResNet-101 52.5 Yang et al. [186] CVPR2020 VGG-16 40.5
Chen et al. [29] CVPR2019 DRN-26 334 Chen et al. [29] CVPR2019 FCN8s 38.2
Zhou et al. [199] arXiv2020 VGG16 48.6 Yang et al. [185] CVPR2020 VGG-16 411
Yang et al. [185] CVPR2020 ResNet-101 46.2
Chen et al. [28] CVPR2018 VGG-16 36.2 Zhu et al. [204] ECCV2018 FCN8s 34.2
Luo et al. [95] ICCV2019 VGG-16 37.2 Luo et al. [95] ICCV2019 ResNet-101 46.3
Chang et al. [14] CVPR2019 ResNet-101 41.5
Tsai et al. [155] CVPR2018 ResNet-101 46.7 Saito et al. [133] CVPR2018 DRN-105 373
Vu et al. [162] CVPR2019 VGG-16 36.6 Vu et al. [162] ICCV2019 VGG-16 36.8
Vu et al. [162] CVPR2019 ResNet-101 48.0 Vu et al. [162] ICCV2019 ResNet-101 42.6
Chen et al. [24] ICCV2019 ResNet-101 414 Spadotto et al. [141] arXiv2020 ResNet-101 34.6

process of distribution alignment, Hoffman et al. [58] reconstruct
the original data from the translated version. They propose
Cycle-Consistent Adversarial Domain Adaptation (CyCADA), which
adapts representations at both the pixel-level and feature-level
while enforcing local and global structural consistency through
pixel cycle-consistency and semantic losses. They also use a recon-
struction (cycle-consistency) loss to encourage the cross-domain
transformation to preserve local structural information and a
semantic loss to enforce semantic consistency (Fig. 4). Compared
with CycleGAN, CyCADA can be applied in a variety of visual recog-
nition and prediction settings. Besides, other cross-domain consis-

Reconstructed Source Image

Y

T-8

Semantic
Consistency
loss

Source Image

Source Prediction

Source Image Stylized as Target

tency loss functions are proposed to enforce domain adaptation
models to produce consistent predictions [29,111].

However, these methods mentioned above focus on high-level
features adaptation while neglecting low-level feature structure/
information which is crucial for differentiating certain trivial pat-
terns, so the image content can be mistakenly revised or blurred.
In order to align low-level features, Qin et al. [127] design a novel
generatively inferential co-training freamework which is based on
cross-domain feature generation, and feature generation adapts
the representation at low level by translating images across
domains. Moreover, they adapt a channel attention layer to align

Source Label

feat

Target Image

Fig. 4. The CyCADA model. From [58].
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high-level real and generated image features. Li et al. [82] propose
a soft gradient-sensitive loss to keep semantic boundaries and a
semantic-aware discriminator to validate adaptation’s fidelity.

On the other hand, style transfer methods avoid the costly com-
putation of GAN-based methods by exploiting traditional neural
style transfer techniques [192]. Yang et al. [ 186] propose a spectral
transfer method based on Fourier Transform, which does not
require any training. By swapping the low-frequency component
of the source images’ spectrum with the target images, the trans-
lated image is mapped to the target style without altering semantic
content. Style transfer can be achieved by renormalizing feature
maps of source images so they have first- and second-order feature
statistics that match target images [68,156]. These renormalized
feature maps are then fed into a generator network that produces
stylized images. Wu et al. [174] use an image generator to align the
distribution of mean and variances of feature maps of source
domain with target domain at the pixel-level, since these statistics
are simple to optimize and contain enough information to get a
good stylization. Note that some authors match gram matrices
[174,46] to make styles consistent. Compared with using several
layers for alignment [87], they simply match one layer of feature
maps from the visual geometry group (VGG) encoder, which is fas-
ter yet sufficient.

The input-level domain adaptation methods are intuitive and
effective as they share the same idea of achieving domain invari-
ance on visual appearance by mitigating the cross-domain discrep-
ancy in the image layout and structure. But they also possess a
sharing vulnerability of being over-reliant on image quality and
computational costly.

4.2. Feature-level domain adaptation

An alternative approach to close the domain shifts lies in a dis-
tribution alignment of feature latent embeddings. In general, this is
achieved by forcing the feature extractor to extract domain-
invariant features, by adjusting the distribution of latent represen-
tations from source and target domains. In this way, the network
classifier should be able to learn to segment both source and target
representations from the common latent space, by relying solely
on the supervision from source data [151].

The intrinsic domain difference between source and target
images usually causes a significant segmentation performance
drop. From the perspective of representation, since the feature
extraction model is trained on the source images, the convolutional
filters tend to overfit to the style of source images, making them
incompetent to extract informative features for target images.
Besides, from the distribution perspective, source and target data
suffers a considerable distribution mismatch, which makes the
model biased to source domain. In order to learn the style of target
distributions, Chen et al. [28] propose a target guided distillation
approach, which is achieved by training the segmentation model
to imitate a pretrained real style model using real images. Besides,
they take advantage of the intrinsic spatial structure presented in
urban scene images, and propose a spatial aware adaptation
scheme to effectively align the distribution of two domains. Zhang
et al. [192] facilitate domain shifts from the perspectives of both
visual appearance-level and representation-level domain adapta-
tion. They present the fully convolutional adaptation network, a
novel deep architecture for semantic segmentation which combi-
nes appearance adaptation network (AAN) and representation
adaptation network (RAN). AAN learns a transformation from one
domain to the other in the pixel space and RAN is optimized in
an adversarial learning manner to maximally fool the domain dis-
criminator with the learnt source and target representations. Zhu
et al. [204] introduce a conservative loss, which enables the net-
work to learn features that are discriminative by gradient descent
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and are invariant to the change of domains via gradient ascend
method. Murez et al. [111] add extra networks and losses to regu-
larize the features extracted by the backbone encoder network. The
extracted features are able to reconstruct the images in both
domains and the distribution of features extracted from images
in the two domains are indistinguishable. With the hypothesis that
the structural content of images is the most informative and deci-
sive factor to semantic segmentation and can be readily shared
across domains, Chang et al. [ 14] propose a domain invariant struc-
ture extraction framework. They learn to disentangle the domain-
invariant structure information of the image from its domain-
specific texture information to discover the domain invariant
structure features.

The strategy of aligning the two domains in latent feature space
through adversarial learning has achieved much progress in image
classification [179,109,44,105], but usually fails in semantic seg-
mentation tasks in which the latent representations are over com-
plex. Some of the task-independent nuisance factors might be
easily involved in the encoded representation and mislead the
domain alignment. Luo et al. [95] equip the adversarial network
with a “significance-aware information bottle neck”, to enable a
significance-aware feature purification before the adversarial
adaptation, which eases the feature alignment and stabilizes the
adversarial training course. Huang et al. [67] align the distributions
of activations of intermediate layers. Because this scheme exhibits
two key advantages. First, matching across intermediate layers
introduces more constraints for training the network in the target
domain, making the optimization problem better conditioned. Sec-
ond, the matched activations at each layer provide similar inputs to
the next layer for both training and adaptation, and thus alleviate
covariate shift.

The feature-level domain adaptation methods succeed in
semantic segmentation as they are able to align network latent
embeddings with either adversarial strategies or auxiliary losses.
However, the computational burden of aligning high-dimensional
feature spaces does exist when it comes to over complex feature
representation such as segmentation tasks.

4.3. Output-level domain adaptation

Some other adaptation methods resort to the cross-domain dis-
tribution alignment over the segmentation output space to avoid
dealing with an excessively convoluted latent space
[123,186,192,174]. While retaining enough complexity and rich-
ness of semantic cues, prediction maps from the segmentation net-
work output identify a low-dimensional space where adaptation
can be performed effectively [151].

Considering semantic segmentation as structured outputs that
contain spatial similarities between the source and target domains,
Tsai et al. [155] propose to adopt adversarial learning in the output
space of the segmentation network firstly. To further enhance the
adapted model, they construct a multi-level adversarial network to
effectively perform output space domain adaptation at different
feature levels. Some works [176,40,59] use the domain discrimina-
tor’s output to boost the segmentation network’s performance in a
self-training manner. Biasetton and Michieli et al. [7,106] propose
an adversarial discriminative adaptation framework combined
with a self-training strategy on the segmentation network output.
They use the pseudo label generated by a segmentation network
trained in the source domain to improve the generator through
the segmentation confidence that estimated by the fully convolu-
tional discriminator of the adversarial learning module. Spadotto
et al. [141] introduce a novel unsupervised domain adaptation
(UDA) framework where a standard supervised loss on labeled syn-
thetic data is supported by an adversarial module and a self-
training strategy aiming at aligning the two domain distributions.
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The adversarial module contains a fully convolutional discrimina-
tors to discriminate segmentation maps coming from synthetic
or real-world data. The self-training module exploits the confi-
dence estimated by the discriminators on unlabeled data to select
the regions used to reinforce the learning process. Based on the
entropy minimization strategy introduced from the semi-
supervised learning field, some works [162,163,24] explicitly pro-
mote the domain discriminator to output more confident predic-
tions. Vu et al. [162,163] align weighted self-information
distributions of target and source domains to minimize the entropy
by having target’s entropy distribution similar to the source. Chen
et al. [24] propose a maximum squares loss to solve the unbal-
anced domain transfer when the entropy minimization strategy
is applied to domain adaptive semantic segmentation.

Following a different idea, [132,133,171,78] resort to classifier
discrepancy as a better domain critic that detects non-
discriminative features between different classes. In particular, this
line of methods replaces the original adversarial discriminator
with a better critic based on the prediction discrepancy of multiple
classifiers. Saito et al. [132] propose the adversarial dropout regu-
larization to encourage the network to output more discriminative
features away from the decision boundary. By using the dropout
strategy on the two domain classifiers, a discrepancy loss is mea-
sured through the divergence between the two prediction maps
at the output level. Formal adversarial training is then applied to
achieve class-wise feature alignment. Saito et al. [133] further
improve the framework by utilizing task-specific classifiers as dis-
criminators that detect target samples far from the source’s deci-
sion boundary, thus avoiding generating target features near the
class boundaries. Similarly, Lee et al. [78] propose a modified ver-
sion of the adversarial dropout module called drop to adapt with a
single classifier that can output divergent predictions. In this way,
the domain adapted model draws a robust decision boundary that
avoids clusters.

To sum up, the output-level domain adaptation methods reach
efficient cross-domain distribution alignment on the Ilow-
dimensional output space of segmentation network with self-
training, entropy minimization or adversarial learning strategies.
But with limited semantic information to encode in the output
space, the adaptation process usually requires extra supervised sig-
nal to achieve the precise semantic alignment.

5. Semantic segmentation based on multi-modal data fusion

In some artificial intelligence applications, e.g., human action
recognition [18,1,54,108,92,17,41,16], autonomous driving, several
different sensors are usually used to collect data. It has become a
new research direction to improve the performance of semantic
segmentation algorithm by using sensor data with complementary
characteristics. By fusing different types of sensor data, the perfor-
mance and robustness of semantic segmentation algorithm can be
improved [165]. Table 6 compares the results of some classic
semantic segmentation methods based on multi-modal data
fusion, e.g., RGB + T(Thermal), RGB + D(Depth).
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5.1. Fuse RGB and thermal/depth images

When the illumination conditions are not satisfied, e.g., dim or
dark light, semantic segmentation network performance based on
single-modal data is easy to degrade. Some studies have found that
thermal images generated by thermal imaging cameras are robust
to challenging lighting conditions [89,18,1,54]. Utilizing thermal
information can potentially improve the performance of semantic
segmentation since the thermal channel has complementary infor-
mation to RGB channels and encodes structural information of the
scene. Some works integrate thermal and RGB information into
semantic segmentation framework. The encoder part of these
works is composed of two network branches, which extract fea-
tures from RGB and thermal images simultaneously and fuse the
thermal features into the RGB feature mapping with the deepening
of the network.

Ha et al. [55] propose the multi-spectral fusion network
(MFNet) for semantic segmentation of urban scenes using both
RGB and thermal images. Similar as FuseNet [56], MFNet also
adopts the Encoder-Decoder architecture and adopted dilated con-
volution to form a mini-inception block in the encoders. Two iden-
tical feature extractors are designed for RGB and thermal images,
respectively. To fuse the feature maps from the RGB and thermal
encoders, a short-cut block is designed to concatenate the two fea-
ture maps from the two encoders. The concatenated feature map is
then added to the output of the corresponding last layer of the
decoder. Sun et al. [143] propose the RGB-Thermal fusion network
(RTFNet), which adopts the encoder-decoder design concept.
RTFNet employs the residual network (ResNet) for feature extrac-
tion and develops a new decoder is to restore the feature map res-
olution. The data fusion is performed in the encoding stage by the
element-wise summation with feature maps. Sun et al. [144] pro-
pose a multi-modal data fusion end-to-end network named Fuse-
Seg (Fig. 5), which contains two modules, the first module
extracts feature by two encoders in which the backbone is Dense-
Net (Densely Connected Convolutional Network) [66], and the sec-
ond module restores the resolution by a decoder. The
corresponding thermal and RGB feature maps are fused hierarchi-
cally through elementwise summation in the RGB encoder and
fused with the related feature maps in the decoder again [130].

The auxiliary depth may reduce the uncertainty of the segmen-
tation of objects having similar appearance information, because
compared with RGB images, depth images contain more location
and contour information that benefit the context-critical semantic
segmentation. Recently encoder-decoder type fully convolutional
CNN architectures have achieved a great success in the field of
semantic segmentation, Hazirbas et al. [56] propose FuseNet by
fusing RGB and depth data in an encoder-decoder structure
(Fig. 6). In FuseNet, two encoders using VGG-16 [139] as backbones
are designed to extract features from RGB and depth images,
respectively. The feature maps from the depth encoder are gradu-
ally fused into the RGB encoder as the network goes deeper. Simi-
larly, Sun et al. [142] design two independent branches to extract
features for RGB and depth images separately RGB branch as the

Table 6
The results of some semantic segmentation methods based on multi-modal data fusion.
Method Publish Modals Dataset mloU(%)
FuseNet [56] ACCV2016 RGB + T Ha et al. [55] 45.6
Ha et al. [55] [ROS2017 RGB +T Ha et al. [55] 39.7
RTFNet [143] IEEE Robot Autom Let 2019 RGB +T Ha et al. [55] 53.2
Sun et al. [144] IEEE Trans. Autom. Sci. Eng. 2020 RGB +T Ha et al. [55] 54.5
Schneider et al. [135] SCIA2017 RGB + D Cityscapes(val) 69.1
Deng et al. [39] arXiv2019 RGB +D Cityscapes(val) 72
Sun et al. [142] IEEE Robot Autom Let 2020 RGB + D Cityscapes(val) 72.5
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main branch and Depth branch as the subordinate branch. They
fuse the output features from Depth branch to RGB branch by
the attention feature complementary (AFC) module. Then, they
use the spatial pyramid pooling block gathers the fused RGB-D fea-
tures from two branches and produce feature maps with multi-
scale information. The AFC module contains the squeeze-and-
excitation [74] block that can learn to use global information to
emphasize informative channels and suppress less useful channels,
which helps the AFC module exploit informative features from
both branches effectively.

The performance of semantic segmentation can be potentially
improved by fusing RGB and thermal/depth images. The above
methods usually use two branches to extract the features of RGB
and thermal/depth images respectively, and then fuse them at
the feature level. However, the data of different modals have differ-
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ent properties, so it is necessary to fully mine the private informa-
tion and shared information between different modals.

5.2. Fuse RGB images and LiDAR point clouds

RGB cameras can provide dense information over a long-range
under good illumination and fair weather. However, RGB cameras
are strongly affected by the level of illumination. LiDAR senses the
environment by using their emitted pulses of laser light, therefore,
LiDAR is only marginally affected by the external light conditions.
Furthermore, LiDAR provides accurate range measurements. Based
on this description of the advantages and also downsides of LiDAR
and RGB cameras, it is easy to see that fusing the data of LiDAR and
RGB cameras could give an enhanced total [83]. To enhance the
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image and introduce additional information, the LiDAR point cloud
can be added to images.

Caltagirone et al. [11] project point cloud into the camera image
plane and then up-sampled to obtain a set of dense 2D images
encoding spatial information. Then they train several fully convo-
lutional neural networks (FCNs) to carry out road detection by
using three fusion strategies: early, late and cross fusion. Chen
et al. [31] introduce a novel progressive LiDAR adaptation-aided
road detection (PLARD) approach to adapt LiDAR information into
visual image-based road detection. PLARD transforms the LiDAR
data to the visual data space to align with the perspective view
and adapts LiDAR features to visual features through a cascaded
fusion structure. CRF models have been widely used in the seman-
tic segmentation task based on the image or LiDAR point cloud
data. Recently, some works use CRF to fuse multi-modal sensor
data. Gu et al. [52] propose a data fusion system based on 3D LiDAR
and a monocular camera for urban road detection. First, their
framework projects the 3D point cloud of LiDAR into the camera’s
image frame to exploit both range and color information. Second, it
uses a fusion method based on CRF to integrate the two road detec-
tion results. Gu et al. [53] propose a real-time road detection
method based on the LiDAR-camera fusion strategy for the urban
road detection task. First, they obtain road detection results based
on the visual domain by geometric up-sample and use a transfer
learning strategy to learn from a small annotated road dataset.
Then, they operate LiDAR data at a small-sized LiDAR range image
at high frequency. Last, they use a multi-modal CRF framework to
fuse the dense and binary road detection results from LiDAR and
the camera.

In the most methods mentioned above, LiDAR is typically pro-
jected onto the camera image plane. However some works think
that they lead to a sparse representation of LiDAR which might
lead to sub-optimal models. Wulff et al. [177] incorporate an early
fusion of LiDAR and camera data into a multi-dimensional occupa-
tion grid representation as FCN input and project the camera image
into the BEV representation and overlay them onto the LiDAR occu-
pancy grid. Lv et al. [98] propose the two-stream fusion fully con-
volutional network (TSF-FCN) to fuse LIDAR point clouds and RGB
images (Fig. 7). LIDAR stream aggregates multi-scale contextual
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information from LiDAR point clouds. RGB stream extracts features
from RGB images. To combine the two streams, TSF-FCN converts
the RGB stream feature maps into a bird-view representation for
concatenating with the LIDAR stream. Hu et al. [62] propose a road
detection method based on monocular images and LiDAR data and
divide it into three modules. The first module extracts ground
points, and the second module computes an image representation
of illumination-invariant features simultaneously. Last, ground
points are projected to the image plane and then used to compute
a road probability map using a Gaussian model to finish the final
classification and segmentation of the road area.

Because cameras and LiDARs obtain information in different
ways, there are significant differences in the representation of
the same object. The image is dense and regular, containing rich
color and texture information, but the disadvantage is the scale
problem because of the distance. Compared with images, point
cloud data is sparse and irregular, making it impossible to use
the traditional CNN model to process point cloud data. However,
point cloud data contain three-dimensional geometry and depth
information. Because the image and LiDAR data are complemen-
tary in theory, it is necessary to mine the inevitable relationship
between image information and point cloud information to
improve the segmentation algorithm’s performance.

6. Real-time semantic segmentation

Due to the use of complex network architecture, the semantic
segmentation method based on CNNs often has the problem of
high computational complexity, which greatly limits the applica-
tion in real-time processing of real scenes, e.g., autonomous driv-
ing, video surveillance, robot sensing. In U-shape structures, e.g.,
U-net, the encoder is usually a backbone, which is the most vital
part of the whole framework and accounts for the dominant pro-
portion of model size and computational budget, the pipeline of
U-shape architecture is shown in Fig. 8(a) [4,175]. For real-time
inference, some works adopt a lightweight backbone model and
investigate how to improve the segmentation performance with
limited computation. According to the adopted backbone, this sec-
tion divides current real-time semantic segmentation methods
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Fig. 8. The pipeline of encoder-decoder based method (a) and

into lightweight classification model-based method, specialized
backbone based method and two-branch architecture based
method. The accuracy and efficiency results of real-time semantic
segmentation methods are shown in Table 7. The top is the result
of real-time semantic segmentation methods based on lightweight
classification backbone. The middle is the result of real-time
semantic segmentation methods based on specialized backbone.
The bottom is the result of real-time semantic segmentation meth-
ods based on two-branch architecture.

Neurocomputing 493 (2022) 626-646

Cov,stride 4

Cov,stride 2

two-branch based method (b) for real-time semantic segmentation.

6.1. Lightweight classification model-based method

With the massive development of CNN in image recognition, it
is a natural way to apply these modern CNN models as feature
extractors in many computer vision tasks, such as object detection,
semantic segmentation, human pose estimation and so on [129]. If
the network model is initialized from scratch, it is possible to miss
a huge regularization opportunity offered by knowledge transfer
from larger and more diverse recognition datasets, incuring a com-

Table 7

Accuracy and efficiency results for state-of-the-art real-time semantic segmentation methods on Cityscapes test dataset. “

”

indicates that the corresponding result is not

provided. The top is lightweight classification backbone based encoder-decoder methods. The middle is specialized backbone based encoder-decoder methods. The bottom is
two-branch architecture based methods.

Method Publish Backbone Pretrain Input Size Params FLOPs GPU FPS mloU(%)
DFANet[81] CVPR2019 Xception ImageNet 1024 x 1024 7.8 M 3.4G TitanX 100 71.3
SwiftNet [114] CVPR2019 ResNet-18 ImageNet 1024 x 2048 11.8 M 104G 1080Ti 39.9 75.5
ShelfNet[205] ICCVW2019 ResNet-18 ImageNet 1024 x 2048 - - 1080Ti 36.9 74.8
FANet[61] ECCVW2020 ResNet-18 ImageNet 1024 x 2048 - 49.0G TitanX 72.0 744
SFNet[85] ECCV2020 DF1 ImageNet 1024 x 2048 9.0 M - 1080Ti 74.0 74.5
SFNet[85] ECCV2020 DF2 ImageNet 1024 x 2048 105 M - 1080Ti 53.0 77.8
ENet[116] arXiv2016 - No 360 x 640 04 M 3.8G TitanX 135 58.3
ERFNet[129] TITS2018 - No 512 x 1024 21 M - TitanX M 41.7 68.0
ESPNet[103] ECCV2018 - No 512 x 1024 04 M - TitanX 112 60.3
EDANet[94] MMAsia2019 - No 512 x 1024 0.7 M - 1080Ti 109 67.3
LEDNet[170] ICIP2019 - No 512 x 1024 09 M 11.5G 1080Ti 71.0 69.2
DABNet[80] BMV(C2019 - No 1024 x 2048 0.8 M - 1080Ti 27.7 70.1
FPENet[93] BMV(C2019 - No 768 x 1536 04 M 12.8G TitanV 55.0 70.1
LRNNet[73] ICMEW2020 - No 512 x 1024 0.7 M 8.6G 1080Ti 71.0 72.2
DDPNet[184] ACCV2020 - No 768 x 1536 25 M 13.2G 1080Ti 85.4 74.0
DDPNet[184] ACCV2020 - No 1024 x 2048 25M 23.5G 1080Ti 52.6 75.3
ContextNet[101] BMV(C2018 - No 1024 x 2048 09 M - TitanX M 41.9 66.1
GUNJ[101] BMV(C2018 DRN-D-22 ImageNet 512 x 1024 - - TitanX 333 70.4
FastSCNN[125] BMV(C2019 - No 1024 x 2048 1.1M - TitanX 123 68.0
ICNet[193] ECCV2018 PSPNet-50 ImageNet 1024 x 2048 26.5M 28.3G TitanX M 30.3 69.5
BiSeNet[188] ECCV2018 Xception-39 ImageNet 768 x 1536 58 M 14.8G TitanX 106 68.4
BiSeNet[188] ECCV2018 ResNet-18 ImageNet 768 x 1536 129 M 55.3G TitanX 65.5 74.7
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paratively large overfitting risk. In order to boost the segmentation
performance, the backbone of the semantic segmentation network
is often pre-trained on a large-scale classification dataset, e.g., Ima-
geNet [27]. SwiftNet [114] shows that ImageNet pre-training rep-
resents an important ingredient for reaching highly accurate
predictions. However, this approach may decrease the model
capacity and limit the size of the receptive field for features, there-
fore decreasing the model’s discriminative ability. Some works are
proposed to capture rich spatial contextual information.

Li et al. [81] propose the deep feature aggregation network
(DFANet), which adopts a lightweight Xception [33] model as the
backbone with little modification (Fig. 9). In order to enhance the
model learning capacity and increase the receptive field simultane-
ously, DFANet reuses high-level features extracted from the back-
bone to bridge the gap between semantic information and
structure details and combines features of different stages to
enhance feature representation ability. SwiftNet [114] adopts
ResNet-18 [57] and MobileNet V2 [134] as backbones and a light-
weight up-sampling module with lateral connections as the deco-
der. SwiftNet also uses the spatial pyramid pooling and pyramid
fusion methods to expand the receptive field and ensure real-
time. Zhuang et al. [205] propose the ShelfNet for accurate and fast
semantic segmentation, which adopts ResNet as a backbone. They
reduce the computation burden by reducing channel number and
propose a shared-weight strategy in the residual block, which
reduces parameter number without sacrificing performance.
Unlike a single encoder-decoder structure for semantic segmenta-
tion, ShelfNet has multiple encoder-decoder branch pairs with skip
connection at each spatial level, which looks like a shelf with mul-
tiple columns that can be viewed as an ensemble of multiple deep
and shallow paths.

The original self-attention mechanism has been shown to be
beneficial for various vision tasks because of its ability to capture
non-local context from the input feature maps. Therefore Hu
et al. [61] propose the fast attention network (FANet) to capture
rich spatial contextual information, which adopts ResNet as a back-
bone and further applies an additional down-sampling process in
intermediate features to use rich context information and full-
resolution spatial information under small computational costs.
In the fast attention module, FANet converts the attention process
to a series of matrix multiplication by replacing the softmax func-
tion with the cosine similarity function.

In order to effectively transfer semantic information from deep
layers to shallow layers, Li et al. [85] propose the SFNet to learn the
semantic flow between two network layers of different resolutions.
They propose the concept of semantic flow to represent the rela-
tionship between two feature maps of arbitrary resolutions from
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the same image. They design a flow alignment module (FAM) that
takes feature maps from adjacent levels as input and aligns these
two feature maps according to semantic flow. SFNet adopts ResNet
[57], ShuffleNet V2 [99] and DF [84] as the backbone and builds a
feature pyramid aligned network with multiple FAMs in the
decoder.

Due to the differences between semantic segmentation and
image classification tasks, the backbone designed for image classi-
fication tasks may not be the best choice for semantic segmenta-
tion tasks. Compared with image classification, the image size to
be processed by semantic segmentation is much larger. For exam-
ple, CIFAR [154] and Cityscapes [34,35] are datasets commonly
used for image recognition and semantic segmentation, respec-
tively. The image size of Cityscapes (1024 x 2048) is much larger
than cifar (32 x 32). On the other hand, semantic segmentation
needs to aggregate multi-scale context and global information to
classify each pixel of the image. Therefore, the receptive field of
backbone should be large enough to cover the whole image, which
can not be guaranteed in the classification network without global
average pool.

6.2. Specialized backbone based method

Unlike image recognition, semantic segmentation needs multi-
scale context information to make a correct identification, which is
not guaranteed in a typical classification network. Therefore, many
researchers focus on designing a specialized backbone for real-
time semantic segmentation. Paszke et al. [116] adopt an initial
block and a bottleneck module modified from ResNet to construct
a novel architecture as a backbone. They propose a relatively small
decoder to up-sample the output of the encoder. To maintain a
real-time speed, Paszke [116] proposes the efficient neural net-
work (ENet) to resize the input image and applies early down-
sampling to reduce computational cost. LEDNet [170] adopts an
asymmetric encoder-decoder architecture to accelerate the infer-
ence process. In the encoder, a novel basic block consists of skip
connection and convolution with the channel split and shuffle.
Channel split and 1D factorized convolution are used to reduce
computational costs. Channel shuffle is used to enhance informa-
tion exchange between feature maps. Finally, they adopt an atten-
tion pyramid network (APN) to produce a semantic prediction in
the decoder. DABNet [80] proposes the depth-wise asymmetric
bottleneck (DAB) module, which combines depth-wise convolution
and asymmetric convolution with dilated convolution. Due to the
DAB module, DABNet can efficiently utilize context information
and maintain fast inference speed at the same time. Liu et al.
[93] (Fig. 10) introduce a feature pyramid encoding block to encode
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multi-scale features in the encoder, which combines a pyramid of
depth-wise convolution with different dilation rates to reduce
computational complexity.

Convolutional factorization decomposes the convolutional
operation into multiple steps to reduce the computational com-
plexity while simultaneously allowing the network to learn the
representations from a large effective receptive field, and has suc-
cessfully shown its potential in reducing the computational com-
plexity of deep CNN networks [146,147,145,181,33,60,103].
Romera et al. [129] design a novel factorized residual layer with
residual connection and convolutional factorization, which is
named ERFNet (efficient residual factorized network). They use
the residual connection to facilitate the training process of network
and convolutional factorization to reduce the model size and com-
putational cost. A factorized residual layer is adopted as the basic
block for the encoder, and the initial block proposed by ENet
[116] is used as a down-sampling block. Similar to ENet [116], ERF-
Net has a small decoder only used for recovering image size. Mehta
et al. [103] propose the efficient spatial pyramid module (ESP) as a
basic block to build a novel backbone. ESP module is a form of fac-
torized convolution which consists of a point-wise convolution and
a spatial pyramid of dilated convolutions. ESP module has a large
receptive field and a low computational cost. In addition, hierarchi-
cal feature fusion is proposed to address gridding artifacts in the
ESP module. In the decoder, ESPNet uses a strategy of reduce-up-
sample-merge to recover spatial information gradually. EDANet
[94] applies asymmetric convolution to build a novel efficient
dense module, which decomposes a standard 2D convolution into
two 1D convolutions. As a variant of DenseNet [66], EDANet can
gather features extracted from different layers and aggregate
multi-scale context information. DDPNet [184] designs a novel
lightweight backbone with dense connectivity and a dual-path
module to aggregate multi-scale context information. A skip archi-
tecture with the proposed up-sampling module is adopted as the
decoder, which leverages context information to refine semantic
outputs. Jiang et al. [73] introduce a lightweight factorized convo-
lution block (FCB) and an efficient reduced non-local module,
which is named SVN. FCB, 1D factorized convolution, and depth-
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wise separable convolution with a large dilation rate are used to
deal with short-range features and long-range features. In the
SVN module, a regional singular vector is used to model long-
range dependencies and maintain low computational computation
and memory cost. Chen et al. [26] design a low-rank-to-high-rank
context reconstruction framework and introduce the tensor gener-
ation module, which generates a number of rank-1 tensors to cap-
ture fragments of context feature. Then they use these rank-1
tensors to recover the high-rank context features through the ten-
sor reconstruction module.

Due to the great difference between semantic segmentation and
image recognition, image recognition belongs to image-level clas-
sification, while semantic segmentation belongs to pixel-level clas-
sification. Directly using an image recognition network as the
backbone network of the encoder may not be the best choice.
Therefore, some work designs a more suitable backbone for real-
time semantic segmentation, but the disadvantage of this kind of
method is that it needs to be pre-trained on large-scale data sets,
otherwise the effect will be poor.

6.3. Two-branch architecture based method

The above methods adopt an encoder to generate context infor-
mation and a decoder to recover spatial information. Some other
methods design a two-branch architecture to aggregate context
information and spatial information, the pipeline of two-branch
architecture is shown in Fig. 8(b). Compared with single-branch
networks, two-branch employs a deeper branch to capture global
context and a shallow branch to learn spatial details at full input
resolution, and the final semantic segmentation result is then pro-
vided by merging the two. Because the computational cost of dee-
per networks is overcome with small input size, and execution on
the full resolution is only employed for few layers, real-time per-
formance is possible. ICNet [193] develops a novel architecture
for real-time semantic segmentation, which obtains context infor-
mation from a low-resolution input and spatial information from a
high-resolution input (Fig. 11). In addition, a cascade feature fusion
unit is proposed to combine cascade features from different resolu-
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tion inputs, and cascade label guidance is offered to enhance the
learning procedure in each branch. BiSeNet [188] is another classic
work that attempts to utilize high-resolution images and low-
resolution images to achieve comparable performance. In detail,
a context path with a lightweight model is designed to obtain con-
text information, and a spatial path with only three convolution
layers is adopted to preserve spatial information at the same time.
FFM (feature fusion module) is introduced to combine feature rep-
resentation from two paths to improve accuracy further. ARM (at-
tention refinement module) is proposed to refine the features in
the context path. With a similar design principle, GUN (guided
up-sampling network) [101] and ContextNet [124] also design a
two-branch architecture for real-time semantic segmentation.
FSCNN [125] merges two-branch architecture with encoder-
decoder architecture, which shares low-level features for two
branches. By adopting skip connection and learning to down-
sample module, FSCNN constructs a network similar to two-
branch architecture but without an actual spatial branch. Finally,
a feature fusion module is employed to combine features from dif-
ferent levels.

These methods design a two branch network structure. The core
idea is to use a smaller resolution image to pass through a com-
plete semantic segmentation network to capture global context,
and then another full input resolution image to pass through a
shallow network to learn spatial details. The final semantic seg-
mentation map is then provided by merging the result of two
branch. These real-time semantic segmentation methods based
on two-branch network need to design a reasonable backbone net-
work for each branch, and also need to consider how to efficiently
integrate the prediction results of the two branches.

7. Open challenges and promising directions

Without a doubt, image segmentation has benefited greatly
from deep learning, but there is still a long way to go and many
problems need further study. This paper discusses some promising
directions that will advance the performance of semantic segmen-
tation algorithms.

640

1. How to get more challenging datasets? In real applications, the
lighting and weather conditions are complex and changeable,
which limits the generalization ability of the segmentation
model. Therefore, there will be more datasets containing com-
plex scene changes and weather changes in the future.

2. How to achieve the optimal balance between accuracy and

inference speed? For lightweight classification backbone-
based encoder-decoder methods, making lightweight classifica-
tion models more suitable for semantic segmentation may be
an interesting problem. For specialized backbone-based
encoder-decoder methods, how to design a better-specialized
backbone for fast and accurate semantic segmentation and
improve accuracy with pre-training or data enhancement are
very important.

3. How to improve the performance of the domain of adaptive

semantic segmentation method? Compared to supervised
semantic segmentation models, the segmentation accuracy of
the UDA method in the target domain is still far behind that
of the oracle. With more novel formulations being proposed,
future work in this field can be further expanded in different
adaptation settings like partial DA or openset DA. Moreover,
strategies that have been proved successful in related tasks
can also be introduced to this field, as self-training and curricu-
lum learning did.

4. How to improve the accuracy of the model through context

knowledge? Referring to the CRFs method in RNNs, it is a feasi-
ble research route to create an end-to-end method to improve
the accuracy of real-world scenes. Multi-scale and feature
blending also shows significant progress. These studies are
essential steps towards the ultimate goal, but there are still
many problems and a lot of research to be done.

5. How to explore the time domain correlation between video and

image sequences? There are already a few methods for seman-
tic segmentation of video and sequence, which use time infor-
mation to improve efficiency and accuracy. However, there is
no way to address relevance issues. For a system that processes
video image segmentation, it is essential to achieve better pro-
cessing results per frame and to predict the label of each pixel
by using interframe information.
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6. How to improve the model performance of the weakly-
supervised semantic segmentation method? The performance
trained from the weakly-supervised learning method is still
cannot surpass the model trained from the fully supervised
learning methods. Although great effort has been put into this
research field, there is still some defective parts, for example,
few works are focusing on increasing the model robustness
trained from the weakly-supervised method, and domain shift
is another issue, many models are dedicated to some specific
task or scene, when facing new scene or data domain, the mod-
els will suffer a big drop in performance. Future research can
focus on the improvement of the model adaptation ability and
try to address the problem of model lacking ability to face
adversarial examples.

7. How to solve the catastrophic forgetting problem of deep struc-
ture? Although deep structure performs well in many tasks, the
existing semantic segmentation methods are still unable to
gradually update its internal classification model (catastrophic
forgetting) when new categories are found [12]. In order to
solve these problems, some scholars have begun to combine
incremental learning method with semantic segmentation
method. However, there is little research in this field, so it needs
more attention.

8. Conclusion

In recent years, semantic segmentation methods based on deep
learning have made great progress, especially in weakly-
supervised semantic segmentation, domain adaptation in semantic
segmentation, semantic segmentation based on multi-modal data
fusion, real-time semantic segmentation and so on. In order to
let researchers quickly understand the research status of semantic
segmentation and find the future research direction, this paper
reviews the state-of-the-art technologies of semantic segmenta-
tion based on deep learning, which have achieved impressive per-
formance in various segmentation tasks and benchmarks. This
paper summarizes the latest research progress of semantic seg-
mentation tasks in weakly-supervised, domain adaptation, multi-
modal data fusion and real-time. This paper also carefully
describes the datasets commonly used in semantic segmentation
and explains their uses and characteristics, so that researchers
can easily select the dataset that is most suitable for their needs.
In addition, this paper summarizes the challenges and promising
research directions of semantic segmentation tasks based on deep
learning in the next few years. Recently, transformer-based meth-
ods are prevalent and have made great success in semantic seg-
mentation. However, the transformer-based semantic
segmentation methods have not been reviewed. In real-world
applications, e.g., autonomous driving, the form of data is generally
video rather than static pictures. However, the exploration of video
semantic segmentation is still limited. Therefore, we will systemat-
ically study the transformer-based semantic segmentation and
video semantic segmentation, and form a new and meaningful
overview document.
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