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Semantic segmentation is one of the most challenging tasks in computer vision. However, in many applications, a frequent
obstacle is the lack of labeled images, due to the high cost of pixel-level labeling. In this scenario, it makes sense to approach
the problem from a semi-supervised point of view, where both labeled and unlabeled images are exploited. In recent years this
line of research has gained much interest and many approaches have been published in this direction. Therefore, the main
objective of this study is to provide an overview of the current state of the art in semi-supervised semantic segmentation,
offering an updated taxonomy of all existing methods to date. This is complemented by an experimentation with a variety of
models representing all the categories of the taxonomy on the most widely used benchmark datasets in the literature, and a
final discussion on the results obtained, the challenges and the most promising lines of future research.
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deep learning, convolutional neural networks, adversarial methods, pseudo-labeling, consistency regularization, contrastive
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1 Introduction
Segmentation is one of the oldest and most widely studied computer vision (CV) problems [86, 125]. It consists of
dividing an image into different non-overlapping regions and assigning the corresponding label to each pixel
in the image. This task can be considered as a pixel-level classification problem, which leads to a significant
increase in complexity compared to other CV problems, such as image-level classification or object detection
[125]. We can differentiate between two different types of image segmentation problems. On one hand, semantic
segmentation classifies each pixel with the corresponding semantic class, thus giving the same class label to
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all objects or regions of the image that belong to this class. On the other hand, instance segmentation attempts
to go one step further and tries to distinguish between different occurrences of the same class (Figure 2). This
paper focuses on semantic segmentation (SS), which has gained much interest in recent years with important
applications in different areas such as medical imaging [83], autonomous driving [95], aerial scene analysis [91]
or metallographic images [80], among others [60, 106].
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Fig. 1. Histogram of publications related to different learning approaches with sparse annotations in SS. The queries, run in
Elsevier Scopus on the 12th of December, 2024, showing a clear growing tendency.

Methods based on deep learning (DL) have recently shown great potential [41, 67, 107], becoming the state-of-
the-art methods in many CV problems [52, 75, 86, 138, 141]. The SS problem has traditionally been addressed by
classical image processing and CV techniques, such as thresholding techniques or clustering algorithms [11, 110].
However, with the emergence of DL methods it has been possible to give a leap of quality in the segmentation
results, as in many other CV problems. That is why all the semi-supervised methods that form the state of the art
in semi-supervised SS, and included in this study, are based on DL.
Depending on the degree of detail of the ground truth labeling (i.e. the output considered correct) and the

portion of labeled examples in relation to the total number of available images we can face different scenarios:
fully supervised scenario, weakly supervised scenario, semi-supervised scenario and unsupervised scenario. Due
to the difficulty and effort involved in labeling images at the pixel level, approaches based on semi-supervised
learning (SSL) [9], in which we have a reduced amount of labeled images, and a larger amount of unlabeled images,
are becoming more and more relevant. These semi-supervised methods extract knowledge from the labeled data
in a supervised way, and in an unsupervised way from the unlabeled data, thus reducing the labeling effort
required in a fully supervised scenario, and obtaining notably better results than in an unsupervised scenario.

Fig. 2. Visual representation of the different variants of the image segmentation problem. From left to right, original image,
semantic segmentation and instance segmentation examples.
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To the best of our knowledge, there is only one survey that tries to address semi-supervised SS methods [157].
However, the aforementioned review does not cover certain aspects that we consider important:

• First of all, this previous study published in 2019, does not include the methods proposed in recent years,
when the problem has gained more interest. Figure 1 shows a histogram where it is clear that the majority
of publications and citations in this field are concentrated in the last two years, which are outside the
previous survey.

• Secondly, it does not focus exclusively on the semi-supervised scenario, but also includes the methods
proposed for a weakly supervised scenario. It does not go into sufficient depth for the semi-supervised
field, which is currently a sufficiently broad scenario to be addressed exclusively.

• Finally, it does not include an experimental study that allows a fair comparison between methods and
allows the reader to have a clear idea about the performance of each one of them.

Other surveys related to our target field, but not totally focused on it, have been proposed recently. Several of
these works focus on the SSL paradigm. Some of them review methods based on DL [96, 149], and others carry
out the review of methods from a general point of view [132, 136]. These studies take the image classification
problem as the basic problem, so they do not cover the wide field of semi-supervised SS. On the other hand, there
are other surveys that focus on the SS problem, but do not address the semi-supervised scenario or treat it very
superficially [36, 47, 86].
The main contributions of this work are summarized as follows:
• We provide an updated taxonomy of semi-supervised SS methods as well as a description of them.
• We carry out an experimentation with a wide range of state-of-the-art semi-supervised segmentation
methods on the most widely used datasets in the literature.

• A discussion is proposed on the results obtained, advantages and shortcomings of the current methods,
challenges and future lines of work in this field.

The content of this article is organized as follows. The key concepts and background about the problem under
discussion, as well as the existing datasets, are presented in Section 2. Then, in Section 3, the proposed taxonomy
is described, followed by a subsection for each of the categories that form our taxonomy, where we go into
detail about the different method proposals belonging to each category. A detailed description of the proposed
experimentation as well as the results obtained are shown and discussed in Section 5, while a reflection on the
main difficulties, challenges and future directions is presented in Section 6. Finally, Section 7 ends with the
conclusions obtained.

2 Background

2.1 Problem formulation
The SSL paradigm is halfway between fully supervised learning and unsupervised learning, and it deals with data
sets that are just partly annotated. Moreover, the ratio between the amount of labeled and unlabeled data is usually,
in real-world problems, very unfavorable for the labeled part. Specifically, in semantic image segmentation, the
imbalance between labeled and unlabeled data is often even more frequent and pronounced due to the difficulty
of annotating an image at the pixel level [9].
In this context, we have a dataset 𝑋 = {𝑋𝐿, 𝑋𝑈 } where 𝑋𝐿 = {(𝑥𝑖 , 𝑦𝑖 )}𝑙𝑖=1 is the subset of labeled data and

𝑋𝑈 = {𝑥𝑖 }𝑢𝑖=1 is the subset of unlabeled data, 𝑥𝑖 is an input image and 𝑦𝑖 its corresponding label map, 𝑙 and 𝑢 are
the number of labeled and unlabeled data, respectively, and commonly 𝑙 << 𝑢.
The purpose of semi-supervised semantic segmentation is defined as the development of a function F :

M𝑛×𝑚×3 → M𝑛×𝑚 (N ∪ {0}). This is achieved through the use of a combination of loss functions applied both
labeled L𝐿 (F (𝑥𝑖 ), 𝑦𝑖 ) where (𝑥𝑖 , 𝑦𝑖 ) ∈ 𝑋𝐿 and unlabeled data L𝑈 (F (𝑥𝑖 ),G(𝑥𝑖 )) where 𝑥𝑖 ∈ 𝑋𝑈 and G being a
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modification function, the identity or an adversarial or cooperative model. By leveraging both loss functions,
information is extracted from both labeled and unlabeled data.

2.2 Classical approaches to SS
In this section we introduce those methods for SS that were proposed before the DL era (i.e., before 2012).
Although our study focuses on deep segmentation models, it is relevant to analyze prior art. We consider three
levels of supervision: fully-supervised, unsupervised, and semi-supervised.
It is important to note that the first methods proposed for image segmentation are essentially unsupervised.

Among these methods we can find basic image processing and CV techniques that stand out for their simplicity and
efficiency when applied. Among them we find methods such as image thresholding [110], region growing [131]
and deformable models [129]. On the other hand, the application of unsupervised machine learning algorithms,
such as clustering algorithms (e.g. k-means) [11] or graph-based models [32], has also been proposed.
Subsequently, proposals based on supervised machine learning algorithms started to emerge. For instance,

Random Forest [108], SVMs [31] and conditional or Markov random fields [39, 89] were proposed and adapted to
the image segmentation problem.
The semi-supervised setting was the last to be addressed. Some extensions of fully supervised methods were

proposed to equip them with the ability to handle unlabeled data. To the best of our knowledge, the first method
proposed specifically for semi-supervised segmentation was a mixed model based on a tree-structured patch-
based approach and the random forest algorithm [4]. A model based on weighted graphs was also proposed
for the semi-supervised segmentation of 3D surfaces [6]. Due to its fast semi-supervised classification and its
interpretability, the random forest algorithm is used in other works to address the semi-supervised segmentation
problem, as is the case of [81] where the authors propose its use on abdominal magnetic resonance. Finally, a last
proposal prior to the emergence of DL proposes a method that incorporates Gaussian mixture models, random
walk models and SVMs [99].

It is noteworthy that many of these methods require the manual setting of specific hyperparameters, such as
threshold values, number of clusters, etc., which stands as a disadvantage compared to more modern models that
will be discussed in the following sections.

2.3 Deep learning for SS
The performance of the semi-supervised methods largely depend on the good choice, fit and training of the
supervised model on which it is based. In this section we present the background of these supervised segmentation
models.

Initially, DL techniques, generally convolutional neural networks (CNN) [103], were proposed and applied to
the problem of image classification, obtaining a leap in quality with respect to the traditional techniques that had
been used until then. Due to the good results obtained, these techniques were extended to other areas of CV,
trying to solve increasingly complex and fine-grained problems, such as object detection [104] and segmentation
[14, 105].

The key idea underlying most DL models for SS is the fully convolutional neural networks (FCNN), proposed
in [111]. In this work, the approach proposed by the authors consists in reusing well-known CNN (such as
VGG [114], ResNet [49] or EfficientNet [126]) originally proposed and applied in image classification problems,
adapting them to address the SS problem. This adaptation consists in replacing the final fully connected layers of
these models by convolutional layers, thus obtaining as output feature maps instead of a vector of classification
scores. Finally, the resulting feature maps are upsampled by using deconvolution operations [154] to obtain the
final segmentation map. FCNN achieves a performance gains (20% improvement) in Pascal VOC [29], one of the
main SS benchmarks.
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The FCNN approach demonstrated that the problem of SS could be addressed through DL techniques, thus
opening a new line of research that today is in a really advanced state, with many new methods that improve
the original proposal of FCNN. The main difference between these methods lies in the way they upsample
the output of the convolutional network to obtain the final segmentation map. For instance, encoder-decoder
architectures (e.g. U-Net model [105]) chain a decoder to the CNN. Another well-known example is the DeepLab
model [13–15] that uses atrous convolution to increase its range of vision and increase its capacity to capture
contextual information.

In recent years, Transformer models [137], originally proposed in the field of language processing, have been
adapted and applied to computer vision problems [28]. In particular, for the SS problem, several Transformer-
based proposals [122, 146] have shown state-of-the-art results. One of the main characteristics that these novel
architectures present is the possibility of capturing global information of the whole image when classifying each
pixel. In contrast, CNNs can only pay attention to a local context, which sometimes makes it difficult to learn
semantic relationships between objects located in different areas of the image.

2.4 Datasets
The availability of pixel-level annotated datasets to address the SS problem is not as high as those in other
VC problems, such as image classification, mainly due to the difficulty of performing pixel-level annotations
manually.

For instance, to annotate a single image from the Cityscapes dataset requires three hours of manual work [23].
However, due to the interest that this problem has raised in recent years, efforts have been made to annotate
datasets to train segmentation models, and we currently have a wide range of these datasets of different types and
domains. Table 1 shows a summary of some of the most commonly used datasets and their domain of application.

Table 1. Summary table of the most widely used datasets for SS classified according to the nature of the images.

Images content Datasets

General images
PASCAL VOC 2012 [29], CIFAR-10/100 [64],

ADE20K [160], PASCAL Context [90],

Street Views
CamVid [7], Cityscapes [23],

Mapillary Vistas [92], KITTI [38],

Indoor environments
SUN RGB-D [118], ScanNet [24],
Standford 2D [3], NYUD v2 [113],

Outdoor environments
INRIA-Graz-02 [82], Freiburg Forest [134],

PASCAL SBD [48], Sift-Flow [74]

Human Pictures
Adobe’s portrait [112], Helen [66],

LIP [40], DeepFashion 2 [37],
Material images MINC [5], UHCS [25], MetalDAM [80]
Satellite and
aerial images

EuroSAT [51], FloodNet [101], xBD [45],
AIRS [16], GID [130], iSAID [153]

Medical images
Medical Segmentation Decathlon [115]
Drive [120], GlaS [116], CoNSeP [43],

Below we provide a description of the datasets used in our experimentation. On the one hand we include
PASCAL VOC 2012 and Cityscapes, the two most widely used benchmark datasets in the literature, and on the
other hand, MetalDAM, a real industrial use case.
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• PASCAL VOC 2012 [29]: The PASCAL VOC 2012 dataset1 is the most widely used as benchmark in SS
studies. It is composed of general situation and object-centered images with variable size. This dataset
has 20 object classes and an additional background class. The partitions for training, validation and test
consist of 1464, 1449 and 1456 images, respectively. An augmented version with 9118 extra images from
the Segmentation Boundary Dataset (SBD) [48] is often used, bringing the training set to 10582 images
with associated pixel-wise labeling.

• Cityscapes [23]: The Cityscapes dataset2 is another of the most widely used datasets and, specifically,
one of the most important ones for autonomous driving applications. This dataset is composed of a series
of sequential street view images taken from a vehicle in different European cities, with size 2048 × 1024
and 19 classes. The official partitions for training, validation and test are composed of 2975, 500 and 1525
images respectively.

• MetalDAM [80]: The MetalDAM dataset3 is introduced as a public benchmark for semantic segmentation of
metallographic images, particularly those generated using additive manufacturing techniques. It comprises
42 steel images with resolutions of 1280 × 895 and 1024 × 703, segmented into 5 classes.

3 Semi-Supervised Semantic Segmentation Methods
In this section, a review and explanation of the techniques proposed for the semi-supervised segmentation
problem and a taxonomy is carried out. First, the proposed taxonomy is presented, followed by a detailed section
for each of its categories, with detailed explanations of the representative methods.

3.1 Related Works
Existing surveys of semi-supervised learning, tend to focus on classification or broad settings, rather than pixel-
wise segmentation. Likewise, many semantic segmentation surveys address only fully supervised methods or mix
different supervision regimes. Zhang et al. [157] review both semi andweakly supervised segmentation techniques,
which dilutes the focus on pure semi-supervised approaches and is already out of date. Other reviews target
narrow domains: for instance, Jiao et al. [57] survey semi-supervised methods for medical image segmentation,
which do not necessarily generalize to generic vision tasks. In the same context, Han et al. [46] presents a survey
on semi-supervised methods for medical image segmentation, arguing the low availability of labels in medical
problems. Even more recent compendia like Ran et al. [102] restrict attention to a subclass of techniques, in this
case pseudo-label methods, leaving out consistency-based, adversarial or contrastive approaches. We base our
motivation in the following key points:

• Broad semi-supervised learning surveys as Van Engelen and Hoos[136] present a general survey on
semi-supervised learning, but devoted to classification and not considering the semantic segmentation task.

• Zhang et al. [157] review semi and weakly supervised semantic segmentation methods, however this mix
of settings implies newer pure semi-supervised methods are not treated, as the review dates from 2020.

• Surveys like Jiao et al. [57] focus on medical image segmentation, which limits their applicability. They do
not address challenges in general RGB image segmentation under the semi-supervised lens.

• Newer papers as Ran et al. [102] offer a survey only of pseudo-label strategies, omitting entire classes of
methods.

• General segmentation surveys do not cover the use of unlabeled data at all, and thus ignore the semi-
supervised regime entirely.

1http://host.robots.ox.ac.uk/pascal/VOC/
2https://www.cityscapes-dataset.com/
3https://dasci.es/transferencia/open-data/metal-dam/
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Crucially, none of the above fully incorporates new semi-supervised learning segmentation techniques intro-
duced between 2021 and 2025. For instance, Dynamic Mutual Training (DMT), proposed in 2020, demonstrated
state-of-the-art performance in segmentation tasks [33]. However, its adaptive re-weighting mechanism (along
with subsequent extensions) has not been addressed in earlier reviews. Likewise, hybrid frameworks that combine
multiple semi-supervised learning strategies, or consistency-based methods with network perturbations (injecting
noise or dropout into the model) have emerged recently with impressive results [78]. These include approaches
that enforce prediction consistency under diverse input, feature, or model perturbations. Such developments,
along with other modern ideas like multi-scale contrastive learning, generative modeling for segmentation, and
large pre-training, fall outside the scope of prior surveys. This gap motivates the present survey: we synthesize all
recent semi-supervised segmentation methods (including DMT, hybrid models, perturbation-driven consistency,
etc) in one place, highlighting new trends that no previous review has fully addressed to the best of our knowledge.

3.2 Methodology
To construct a comprehensive and representative taxonomy of recent advances in semi-supervised semantic
segmentation, we conducted a systematic literature review across three major repositories: Scopus, IEEE Xplore,
and arXiv. The search was guided by a set of carefully selected keywords, including "semi-supervised semantic
segmentation," "SSL segmentation," and related terms, aiming to retrieve a broad yet focused collection of
relevant works. We restricted our inclusion to methods based on deep learning architectures, explicitly discarding
traditional machine learning approaches or heuristic-based pipelines. In order to ensure the reproducibility and
practical relevance of the selected methods, we only considered publications that either provided open-source
implementations or reported quantitative results on standard benchmarks such as PASCAL VOC or Cityscapes.

Furthermore, we excluded methods falling under weak supervision, domain adaptation, or few-shot learning
paradigms, unless these works addressed exclusively a semi-supervised setting and performed pixel-level segmen-
tation. This ensured a clear focus on methods designed specifically to exploit unlabeled data in a semi-supervised
context. After filtering an initial set of several hundred publications, we manually curated a final selection of 50
representative and up-to-date models, which span a wide range of strategies and have had a significant impact
on the field. This curated corpus served as the basis for the taxonomic structure presented in this work.
We established a set of consistent criteria to guide the classification process. Each model was examined

according to the underlying mechanism used to leverage unlabeled data, which typically fell into one or more of
the following categories: adversarial learning, consistency regularization, pseudo-labeling, contrastive learning,
or hybrid strategies combining these approaches. These distinctions reflect the conceptual foundations that define
how each method exploits unlabeled data to enhance segmentation performance under limited supervision.
Beyond the methodological paradigm, we further analyzed the architectural components of each model to

capture structural and operational similarities. Key factors included the presence of generator-discriminator archi-
tectures (typical in adversarial settings), teacher-student frameworks (often used in consistency-based methods),
specialized data augmentation techniques such as ClassMix or CutMix, and modules enabling contrastive memory
mechanisms. Additionally, we categorized each method based on the nature of the perturbation or supervisory
signal it applied—whether at the input level, within the feature space, across network components, or through
generated pseudo-labels. This multifaceted analysis enabled the construction of a hierarchical categorization,
where models were grouped according to shared mechanisms and architectural patterns, forming the foundation
of the taxonomy proposed in this survey.
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3.3 Taxonomy
According to the nature and main characteristics of the existing methods in the semi-supervised SS literature, we
propose a taxonomy that classifies these methods into five categories. This taxonomy is represented graphically
by the dendogram displayed in Figure 3, and a list of all existing methods in each category is provided in Table 2.

• The first category includes those methods that adopt a GAN-like structure and adversarial training between
two networks, one acting as a generator and the other as a discriminator (Section 3.4).

• The next category corresponds to consistency regularization methods. These methods include a regulariza-
tion term in the loss function to minimize the differences between different predictions of the same image,
which are obtained by applying perturbations to the images or to the models involved (Section 3.5).

• Another category comprises methods that are based on pseudo-labeling of unlabeled data. In general terms,
these methods rely on predictions previously made on the unlabeled data with a model trained on the
labeled data to obtain pseudo-labels. By so they are able to include the unlabeled data in the training process
(Section 3.6).

• The fourth category includes methods based on contrastive learning. This learning paradigm groups similar
elements and separates them from dissimilar elements in a certain representation space, often different
from the output space of the models (Section 3.7).

• Finally, we group in a fifth category those methods that present characteristic elements of several of
the previously exposed categories. We may find hybrid methods between consistency regularization,
pseudo-labeling and contrastive learning (Section 3.8).

Fig. 3. Dendrogram showing the taxonomy proposed in this paper. References to the methods belonging to each category
are located next to each leaf node.

The proposed taxonomy shares certain similarities with other taxonomies of semi-supervised learning in-
troduced in different contexts (e.g., [149], which focuses on the classification problem), although it diverges in
several aspects. We introduce a category dedicated to constructive methods, given their frequent use in the field
of segmentation.
Within our taxonomy, there are methods that have been adapted from the classification problem. Examples

of these methods are the Mean Teacher [127] method and the basic Self-Training method [148], which will be
discussed in depth in the category description section. These methods outline a semi-supervised learning strategy
applicable to both segmentation and classification tasks, with the only requirement being the use of task-specific
base models.

ACM Comput. Surv.
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However, most of the methods included in our study are explicitly designed and proposed to address seg-
mentation tasks, adapted to the particularities presented by this task. Some of the methods that incorporate
data augmentation techniques are explicitly designed with the pixel-level information available in this task in
mind. For example, the ClassMix [94] method takes advantage of this information to mix images. In the case of
generative models, dealing with these labels in the form of segmentation maps poses an added challenge that
often makes the direct application of generative approaches difficult, as documented in [69]. However, in many
cases, having pixel-level annotations is an advantage that some methods exploit. For example, numerous methods
(e.g., pseudo-labeling methods) employ the pixel-level confidence map generated by base segmentation models to
guide semi-supervised retraining, focusing on areas where the model exhibits higher confidence and discarding
regions where model certainty is less evident.

In the following sections, we will delve into the specific characteristics of the methods that comprise the state
of the art of semi-supervised segmentation.

3.4 Adversarial methods
Generative adversarial networks (GANs) [42] have become a very popular framework due to the good performance
they have demonstrated in a multitude of problems such as image generation [100], object detection [140] or SS
[79], among many others. A typical GAN framework consists of two networks, generator and discriminator. The
purpose of the generator is to learn the distribution of the target data, thus allowing the generation of synthetic
images from random noise. The purpose of the discriminator is to distinguish between real images (belonging to
the real distribution) and fake images (generated by the generator). The training process of these networks is
carried out in an adversarial way. The generator tries to confuse the discriminator, generating images increasingly
similar to the target distribution, and the discriminator attempts to increase its ability to distinguish between real
and fake images. This adversary training process is formally defined below:

min
𝐺

max
𝐷
𝑉 (𝐷,𝐺) =E𝑥∼𝑋 [𝑙𝑜𝑔(𝐷 (𝑥))]+

E𝑧∼𝑝𝑧 (𝑧 ) [𝑙𝑜𝑔(1 − 𝐷 (𝐺 (𝑧)))]
(1)

The Equation 1 represents the min max game played by the discriminator 𝐷 and the generator𝐺 . The purpose
of the first term is to maximize the accuracy obtained by 𝐷 , while the second term attempts to increase the
quality of the images generated by 𝐺 , from random noise 𝑧.
Methods based on adversarial training for semi-supervised SS are divided into two subcategories in the

proposed taxonomy. The key aspect that differentiates these methods is the inclusion or not of a generative model
in the training process. In this sense, one of the subcategories groups those models that employ a generative
model [69, 119], thus generating new synthetic images that can be used as additional input examples for the
segmentation model (Figure 4). On the other hand, the other subcategory groups those methods that do not
include a generative model in their GAN-like structure [27, 56, 58, 62, 73, 84, 87, 147, 156]. In these cases, a
segmentation network assumes the role of generator, and the objective of the discriminator is differentiating
those segmentation maps generated from the segmentation network from the real segmentation maps (Figure
5). Generative methods, however, face certain limitations[121] including vulnerabilities to attacks targeting the
generator, the discriminator, or data poisoning, which can undermine the learning paradigm. Below we present
and explain the different methods proposed in each of the two subcategories.

3.4.1 Generative methods. The methods based on GANs, in general, were the first approaches of DL techniques
to the problem of semi-supervised SS. Previously, only weakly supervised approaches had been proposed, which
do not take advantage of unlabeled data.
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Table 2. List of existing semi-supervised SS methods in the literature, classified according to the defined taxonomy.

Method Category Subcategory Year

[69]

Adversarial
methods

Generative
2021

[119] 2017
SemiRoadExNet[12] 2023

[58]

Non-generative

2021
[147] 2021
[27] 2021
[84] 2020

(GCT) [62] 2020
[155] 2020

(S4GAN) [87] 2019
[73] 2019
[56] 2018
[93] 2023

(ComplexMix) [21]

Consistency
regularization

Input
perturbations

2021
[44] 2021

(ClassMix) [94] 2021
(CutMix) [35] 2020

[71] 2020
[63] 2020
[123] 2023

(CCT) [97]
Feature

perturbations
2020

[2]
Network

perturbations

2022
(CPS) [20] 2020

[98] 2020
[142]
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Noise

Fig. 4. Generative adversarial method structure for semi-supervised segmentation. The generator 𝐺 receives random noise
as input and generates new synthetic images. Then, the segmentation network 𝑓𝜃 receives both synthetic (𝐺 (𝑧)) and real
(𝑋𝐿, 𝑋𝑈 ) images as input and classifies each pixel into its corresponding class 𝑐1, 𝑐2, ..., 𝑐𝑘 or into an additional fake class 𝑐 𝑓 𝑎𝑘𝑒
which indicates that it is a synthetic pixel. L𝐷 and L𝐺 are the discriminator and generator loss functions, respectively.

In particular, the first method [119] proposed to address the segmentation problem in a semi-supervised
way, without requiring weak labels, consists of a GAN framework adapted for the segmentation problem. This
framework aims, on the one hand, to handle and extract knowledge from a large amount of unlabeled data, and
on the other hand, to increase the number of training examples available through the synthetic generation of
images. Specifically, this method includes a generative network that approximates the distribution of the target
images, thus achieving the ability to generate new training examples. A segmentation network assumes the role
of discriminator and segments the images received as input, both real and synthetic. This network classifies each
pixel with its corresponding class, or with an extra fake class, which indicates that this pixel or region of the
image has been generated by the generator. This type of architecture can be seen represented in Figure 4. This
approach adapts the loss function proposed for the original GAN to the SS problem. Both the loss function used
to optimize the generator (L𝐺 ) and the segmentation model that acts as a discriminator (L𝐷 ) are shown below:

L𝐷 = −E𝑥∼𝑋 [𝑙𝑜𝑔(𝑓𝜃 (𝑥))] − E𝑧∼𝑝𝑧 (𝑧 ) [𝑙𝑜𝑔(1 − 𝑓𝜃 (𝐺 (𝑧)))]+
𝛾E𝑥,𝑦∼𝑋𝐿

[𝐶𝐸 (𝑦, 𝑓𝜃 (𝑥))]
(2)

L𝐺 = E𝑧∼𝑝𝑧 (𝑧 ) [𝑙𝑜𝑔(1 − 𝑓𝜃 (𝐺 (𝑧)))] (3)
The discriminator loss function L𝐷 (Equation 2) is composed of three terms. The first term penalizes the model

when it labels a real sample as fake. The second term penalizes the model when it labels a fake sample as real.
The last term is the supervised component, which forces the correct classification of each pixel of the labeled set
in its corresponding class. 𝛾 is the weight of the supervised component in the training process. The generator
loss function L𝐺 (Equation 3), seeks to increase the quality of the generated images by penalizing 𝐺 when 𝑓𝜃
detects synthetic images.

Another generative method [69] has been proposed recently for semi-supervised SS, due to the recent success of
StyleGAN [59]. The proposed model extends the StyleGAN model, adding a label synthesis branch, and attempts
to capture the joint distribution of images and labels, gaining the ability to generate new image-label pairs.
However, due to the high complexity of this generative problem, the authors themselves state that this approach
is still far from being able to deal with the segmentation of natural and generic images, and limit its success cases
to very specific domains such as skin lesions and facial parts segmentation.

3.4.2 Non-generative methods. On the other hand, we grouped those methods that use adversarial training
and have a similar structure to GAN, but do not include a generative model. All the methods that we group
under this subcategory share the characteristic of replacing the typical generative network of the classical GAN
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Confidence 
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Fig. 5. Non-generative adversarial method structure for semi-supervised segmentation. Segmentation network 𝑓𝜃 acts as
generator. Supervised cross-entropy loss function (L𝑠 ) is used to train 𝑓𝜃 in a supervised way. Discriminator 𝐷 is trained to
distinguish between real and predicted (by 𝑓𝜃 ) segmentation maps. The output of 𝐷 (confidence maps) is used to perform the
semi-supervised learning (L𝑠𝑒𝑚𝑖 ) with unlabeled data, and also is used for discriminator and adversarial loss functions (L𝐷

and L𝑎𝑑𝑣).

by a segmentation network. Its output is directed towards a discriminator that distinguishes between the real
segmentation maps, and those generated by the segmentation network.

This GAN-like architecture for SS was originally proposed in [79], and adapted for a semi-supervised scenario
in [56]. The authors present a fully convolutional discriminator that receives both segmentation maps (the one
coming from the ground truth and the one predicted by the segmentation model, in this case DeepLabV2 [13]).
The discriminative network is adversarially trained, together with the segmentation model, to distinguish real
label maps from predicted ones. In this sense, it produces a probability map as output, of the same dimension as
the input image, where it represents, for each pixel, the confidence of being a real example or a prediction made
by the segmentation network. In this way, this confidence map indicates the quality of the segmentation in a
certain area, so that the confidence map of the unlabeled images can be used to detect those areas where the
predicted labels have enough quality to be used in the training process of the segmentation model. This structure
is represented in Figure 5. The formulation of the loss functions involved in these methods is presented below:

L𝐷 = −E𝑦∼𝑋𝐿
[𝑙𝑜𝑔(𝐷 (𝑦))] − E𝑥∼𝑋 [𝑙𝑜𝑔(1 − 𝐷 (𝑓𝜃 (𝑥)))] (4)

L𝑠𝑒𝑔 = L𝑠𝑢𝑝 + 𝜆𝑎𝑑𝑣L𝑎𝑑𝑣 + 𝜆𝑠𝑒𝑚𝑖L𝑠𝑒𝑚𝑖 (5)
L𝑠𝑢𝑝 = E𝑥,𝑦∼𝑋𝐿

[𝐶𝐸 (𝑦, 𝑓𝜃 (𝑥))] (6)
L𝑎𝑑𝑣 = −E𝑥∼𝑋 [𝑙𝑜𝑔(𝐷 (𝑓𝜃 (𝑥)))] (7)

L𝑠𝑒𝑚𝑖 = −E𝑥∼𝑋𝑈
[𝐼 (𝐷 (𝑓𝜃 (𝑥)) > T) · 𝑦 · 𝑙𝑜𝑔(𝑓𝜃 (𝑥))] (8)

The discriminator loss function L𝐷 (Equation 4) is composed of two terms, each of which forces the discrimi-
nator 𝐷 to detect the segmentation maps coming from the ground truth and those generated by the segmentation
network 𝑓𝜃 . The segmentation network loss function L𝑠𝑒𝑔 (Equation 5) is composed of three terms. The first is the
supervised component L𝑠𝑢𝑝 (Equation 6), formed by the cross-entropy loss function. The second is the adversarial
component L𝑎𝑑𝑣 (Equation 7) that penalizes the cases in which 𝐷 detects segmentation maps generated by the
segmentation network. The third term L𝑠𝑒𝑚𝑖 (Equation 8) allows to take into account the unlabeled images whose
segmentation exceeds a confidence threshold T by 𝐷 . 𝜆𝑎𝑑𝑣 and 𝜆𝑠𝑒𝑚𝑖 are parameters that weight the use of their
respective terms.

Based on the previous approach, other alternatives have been proposed to improve the structure of the original
method in different ways. S4GAN [87] proposes the use of a simpler discriminator that generates an output for
the entire segmentation map rather than for each pixel. It also includes an additional processing branch where
a classifier is trained. It is used to filter the segmentation maps obtained, removing those labels that are false
positives in view of the classifier. Confrontation Network [27] method also incorporates image-level discriminator
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and improves the generator loss function by adding a variance regularization term. Other approaches [73, 147]
propose the use of two discriminators, one at the image level and the other at the pixel level. Both are used
together in order to increase the accuracy in the definition of confidence areas in the images.
Error-Correcting Supervision (ECS) [84] and Guided Collaborative Training (GCT) [62] are based on a col-

laborative strategy, very close to the original adversary strategy. These approaches introduce a new network
which assumes the role of discriminator, called correction network in the case of ECS and flaw detector in GCT.
These approaches provide, in addition to a confidence map at the pixel level, a correction for those areas where
confidence is low.

Other adversarial approaches incorporate attentionmodules with the objective of modeling long-range semantic
dependencies. This is the case in [156] which also incorporates spectral normalization to reduce the instability in
the training process. Another approach [58] proposes the use of attention modules in combination with sparse
representation module that helps the segmentation model to emphasize the edges and locations of objects.

3.5 Consistency regularization
SSL makes some assumptions without which successful knowledge extraction from unlabeled data would not be
possible. Specifically, consistency regularization methods are based on the assumption of smoothness [9]. This
assumption says that, for two nearby points in the input space, their labels must be the same. In other words, a
robust model should obtain similar predictions for both a point and a locally modified version of it.

In this sense, SSL methods based on consistency regularization take advantage of unlabeled data by applying
perturbations on them, and training a model that is not affected by these perturbations. This is achieved by
adding a regularization term to the loss function that measures the distance between the original and perturbed
predictions. The following is the formal definition of the described loss function:

L = L𝑠𝑢𝑝 + 𝜆L𝑐𝑜𝑛𝑠 (9)

L𝑠𝑢𝑝 = E𝑥,𝑦∼𝑋𝐿
[𝐶𝐸 (𝑦, 𝑆 (𝑥))] (10)

L𝑐𝑜𝑛𝑠 = E𝑥∼𝑋𝑈
[𝑅(𝑓𝜃 (𝑥), 𝑓𝜃 ′ (𝑥))] (11)

where L𝑠𝑢𝑝 is the supervised cross-entropy (𝐶𝐸) loss function and L𝑐𝑜𝑛𝑠 is the unsupervised regularization
term. 𝑅 is a function that measure the distance between two predictions obtained from the student network 𝑓𝜃
and teacher network 𝑓𝜃 ′ . 𝜆 is used to weight the relevance of L𝑐𝑜𝑛𝑠 . This learning paradigm is notably affected by
a decline in performance when regions of low data density occur near class boundaries in the input image. This
issue arises from smooth transitions between classes, which hinder the accurate delineation of class boundaries
[34].

The basic method on which all other approaches are based is Mean Teacher [127]. It forces consistency between
the predictions of a student network and a teacher network. The weights of the teacher network are calculated
by an exponential moving average (EMA) of the weights of the student network. Figure 6 shows a graphical
representation of the structure of this method.
The main difference between methods based on consistency regularization for semi-supervised SS lies in

the way they incorporate perturbations to the data. Based on this, we can group these methods into four
subcategories. On the one hand, the methods based on input perturbations [21, 35, 44, 63, 71, 94]. These methods
apply perturbations directly to the input images using data augmentation techniques. They force the model to
predict the same label for both the original image and the augmented image (Figure 7). Second, the methods
based on feature perturbations, which incorporate perturbations internally in the segmentation network, thus
obtaining modified features [97] (Figure 8). In third place, the methods based on network perturbations, which
obtain perturbed predictions by using different networks, for instance, networks with different starting weights
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Student
model

Teacher
model

EMA

Fig. 6. Mean Teacher [127] method structure. L𝑠 is used to train the student model 𝑓𝜃 in a supervised way. L𝑢 is a
regularization term that forces consistency between 𝑓𝜃 and teacher model 𝑓𝜃 ′ predictions.

[2, 20, 98] (Figure 9). Finally, we can identify a last subcategory that combines some of the three previous types
of perturbations [78, 142].
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Fig. 7. Input perturbations based consistency regularization method structure for semi-supervised segmentation. It presents
a Mean Teacher base structure (Figure 6), and incorporates input perturbations in unlabeled data by means of the mix
function and𝑀 mask.

3.5.1 Input perturbations. In a first subcategory we group those consistency regularization methods that apply
perturbations directly to the unlabeled input images using data augmentation techniques. Then, these methods
train a segmentation model that is not sensitive to these input perturbations, and predicts segmentation maps
that are as similar as possible for both the original images and their augmented versions. The key aspect that
differentiates these methods is the way they perform modifications to the data. We can find in the literature
different proposals for data augmentation techniques that have been applied to the semi-supervised SS problem.
The consistency term incorporated in these data augmentation-based methods is defined as follows:

L𝑐𝑜𝑛𝑠 = E𝑥𝑎,𝑥𝑏∼𝑋𝑈
[𝑅(𝑚𝑖𝑥 (𝑓𝜃 ′ (𝑥𝑎), 𝑓𝜃 ′ (𝑥𝑏), 𝑀),

𝑓𝜃 (𝑚𝑖𝑥 (𝑥𝑎, 𝑥𝑏, 𝑀)))] (12)
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where𝑚𝑖𝑥 is a mixing function that receives as input two images 𝑥𝑎, 𝑥𝑏 (or segmentation maps 𝑓𝜃 ′ (𝑥𝑎), 𝑓𝜃 ′ (𝑥𝑏))
and returns a combination of them. This combination is done by means of a predefined mask𝑀 . Below we detail
the different data augmentation techniques for semi-supervised SS proposed in the literature.
CutOut and CutMix techniques are applied to SS in [35]. Previously, these techniques have been applied in

image classification [26, 152]. These techniques use a rectangular mask over the images. CutOut discards the
rectangular section marked by the mask in the training process. Then, the consistency between the predictions
of the original image and the modified image is forced by the regularization term. On the other hand, CutMix
combines two images using a rectangular mask, obtaining a new image where the sections marked by the mask
belong to one of the original images, and the rest of the sections belong to the other image (the inverse image is
also obtained). Another approach [63] extends the previous method by adding a new term to the loss function
called consistency structured loss that incorporates the concept of pair-wise knowledge distillation [77].

ClassMix [94] is proposed and designed specifically for the SS problem. This technique differs from the previous
CutMix technique in the form of the mask that is applied to mix images. In this case, the sections marked by the
mask coincide with areas belonging to the same class in the image, so that sections completely belonging to one
class are copied into another image, thus generating the new augmented images. The difference between original
and augmented predictions is calculated in the same way as the previous technique using the regularization
term. ComplexMix [21] proposes the combined use of the previous data augmentation techniques, CutMix and
ClassMix.
Besides these types of methods that propose a specific data augmentation technique for segmentation, other

approaches [71] use classical data augmentation techniques (e. g. cropping, color jittering or flipping) to obtain
the perturbed versions of the original images. Focused on efficiency, a method [44] is proposed that performs
photometric and geometric perturbations only in the teacher model.

Aux 

decoder 1

Aux 

decoder 1

Encoder Main

 decoder

Encoder Main

 decoder

Perturbations

Fig. 8. Feature perturbations based consistency regularization method structure for semi-supervised segmentation. It
presents a Mean Teacher base structure (Figure 6), and incorporates perturbations in an internal representation of the
segmentation network, obtaining different outputs from auxiliary decoders. These outputs are forced to be consistent through
the regularization term L𝑢 .
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3.5.2 Feature perturbations. The second way to introduce perturbations in the training process consists in
perturbing the internal features of the segmentation network. Cross-Consistency Training (CCT) [97] is proposed
to address the semi-supervised SS problem following this idea. The architecture presented extends a supervised
segmentation model with an encoder-decoder structure (e.g. DeepLabV3+ [15]) with some auxiliary decoders.
First, a supervised training is carried out with the available labeled data, using the main decoder. Next, to take
advantage of the unlabeled data, the encoder output is perturbed in different ways, resulting in different versions
of the same features, which are directed to different auxiliary decoders. Finally, consistency between the outputs
of the auxiliary decoders is enforced, favoring similar predictions for different perturbed versions of the encoder
output features. The consistency term incorporated in these feature perturbation-based methods is defined as
follows:

L𝑐𝑜𝑛𝑠 = E𝑥∼𝑋𝑈
[ 1
𝑘

𝐾∑︁
𝑘=1

𝑅(ℎ(𝑥), ℎ𝑘 (𝑥))] (13)

where ℎ is the main decoder, ℎ𝑘 is the k-th auxiliary decoder, and 𝐾 is the number of auxiliary decoders.

3.5.3 Network perturbations. Another way of introducing perturbations in the training process is to use different
segmentation networks. The differences between the networks constitute the perturbations in the resulting
predictions. This is the case of the Cross Pseudo Supervision (CPS) method [20], which follows a training process
similar to Mean Teacher. In this case the training of the two networks involved is carried out in a parallel and
independent way, instead of updating one according to the EMA of the other. In addition, although both networks
share the same architecture, they are initialized with different random weights, thus increasing the difference
between them. An extension of the above method by including three networks in the training process can be seen
in [2]. Another approach [98] emphasizes the importance of enforcing diversity across networks and proposes
the use of adversarial samples and re-sampling strategy to train the models on different sets.

As in the other consistency regularization methods, the consistency between the predictions of the networks
is enforced by a regularization term included in the loss function. This regularization term is defined as follows
(for the case where two networks are used):

L𝑐𝑜𝑛𝑠 = E𝑥∼𝑋𝑈
[𝑅(𝑓𝜃 (𝑥), 𝑔𝜙 (𝑥))] (14)

where 𝑓𝜃 and 𝑔𝜙 are different networks trained independently.

3.5.4 Combined perturbations. Finally, a last subcategory includes those methods that jointly apply several of
the different types of perturbations described above.
A method that proposes the combination of input, feature, and network perturbations is presented in [78].

This method emphasizes the fact that a greater variety and strength of perturbations may cause more problems if
the predictions are not sufficiently accurate. In this sense, to ensure accurate predictions for unlabeled images,
this method extends the Mean Teacher method by adding a confidence-weighted cross-entropy loss function,
instead of the mean square error (MSE) used by the classic Mean Teacher method. In addition, it also proposes a
new way of performing feature perturbations by means of virtual adversarial training [88].
The combination of input perturbations, specifically the CutMix technique, and feature perturbations is

proposed in [142]. Instead of adding different auxiliary decoders, as in CCT [97] , this method proposes the
application of perturbations directly on the features, while the decoders share the weights.

3.6 Pseudo-labeling methods
Pseudo-labeling methods, also known as bootstrapping [96], wrapper [136] or self-labeled [132] methods, are
among the most widely known and the first semi-supervised methods to appear [145]. This type of method
consists of an intuitive approach to extend existing supervised models to a semi-supervised scenario, allowing
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Fig. 9. Network perturbations based consistency regularization method structure for semi-supervised segmentation. It
presents a Mean Teacher base structure (see Figure 6) and changes the teacher model to a second segmentation network 𝑔𝜙
that is trained independently. The outputs of both networks are forced to be consistent by the regularization term L𝑢 .

them to handle unlabeled data. The idea behind pseudo-labeling methods is simple: generate pseudo-labels of the
unlabeled images from the predictions made by a model previously trained on the labeled data. Then, extend the
labeled dataset with these new pairs of images and pseudo-labels, and train a new model on this new dataset.
This idea is formalized with the loss function:

L = E𝑥,𝑦∼𝑋𝐿
[𝐶𝐸 (𝑦, 𝑓𝜃 (𝑥))] + 𝜆E𝑥∼𝑋𝑈

[𝐶𝐸 (𝑦, 𝑓𝜃 (𝑥))] (15)

where 𝑦 is the pseudo-label for image 𝑥 , generated from the predicted probabilities with the segmentation
model 𝑓𝜃 , in many cases by one-hot encoding, and 𝜆 is a parameter that weights the unsupervised part of the loss
function.
Based on the differences between models in the training process and the way pseudo-labels are generated,

in our taxonomy we differentiate between two types of pseudo-labeling methods. The first are self-training
methods [22, 50, 70, 128, 148, 151, 164], based on one supervised base model and representing the simplest form
of pseudo-labeling, where pseudo-labels are generated from their own high-confidence predictions (Figure 10).
Secondly, mutual-training methods [33, 161], which involve multiple models with explicit differences such as
different initialization weights or training on different views of the data. Each of the models are retrained with
the unlabeled images and the corresponding pseudo-labels generated by other models involved in the process
(Figure 11). This model operates under the assumption of a well-distributed labeled dataset across all classes. In
cases of significant class imbalance, performance would degrade because the tag generator would lack sufficient
information about underrepresented classes [50].

3.6.1 Self-training. Self-training methods are the simplest pseudo-labeling and semi-supervised methods, first
proposed in [150], thoroughly reviewed in [132] and applied for the first time with deep neural networks in
[68]. These methods consist in retraining a base supervised model by feeding back the training set with its own
predictions. The typical self-training process consists of the following steps:
(1) The supervised model is trained on the available labeled data.
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Fig. 10. Self-training method structure for semi-supervised segmentation. Firstly, pseudo-labels are generated for the
unlabeled images using the segmentation network 𝑓𝜃 (usually pre-trained with labeled images). Then, pseudo-labels are
joined to the ground truth and the loss function L is computed in a supervised way for all images.

(2) Predictions are obtained from the unlabeled data using the previously trained model. Those predictions
with a confidence level higher than a predefined threshold become pseudo-labels for unlabeled data and
are included in the labeled data set.

(3) The supervised model is retrained with this new data set composed of the labeled and the pseudo-labeled
data.

This process can be repeated in an iterative way, obtaining new pseudo-labels with the model resulting from
step 3, refining the quality of the pseudo-labels at each iteration, until no prediction exceeds the confidence
threshold necessary to be treated as a pseudo-label.

The methods grouped in this subsection are based on this training process applied to the SS problem, each of
them contributing some variant to the original algorithm that improves the learning capacity. For instance, the
method proposed in [164] extends the original self-training process with a centroid sampling technique. The
purpose is to solve the problem of class imbalance in the pseudo-labels.
Other proposals consist of adding some auxiliary network to the self-training process. For example, in [70]

the authors extend the self-training process by adding a residual network. This network is trained with the
labeled images, and is subsequently used to refine the pseudo-labels obtained by the segmentation model. The
pseudo-labels predicted by a model may have a substantially different label space than the ground truth. This
can be a problem when training a model with both label inputs, since it can lead to different gradient directions,
resulting in a chaotic back-propagation process. A possible solution proposed in [22] consists in the use of a
segmentation model that shares the encoder (i.e. ResNet101) and incorporates two different decoders, one for
each label space.
The integration of data augmentation techniques within the self-training process has also been proposed in

different approaches. The ST++ [148] method applies data augmentation techniques on the unlabeled images
during the self-training process. This is combined with a selective stage in which, on each iteration of the
self-training process, those images with reliable pseudo-labels are prioritized, and those images that present a
higher probability of suffering from errors in the pseudo-labels are discarded.
Nevertheless, the application of data augmentation may alter the distribution of the mean and variance in

the batch normalization. To solve this problem, the use of distribution-specific batch normalization is proposed
in [151]. Additionally, this method also integrates a self-correction loss function which performs a dynamic
re-weighting based on confidence, in order to avoid over-fitting noisy labels and under-learning of the most
difficult classes.

A common issue faced by this type of methods is the distribution mismatch between ground truth and pseudo-
labels, where the latter are often biased towards the majority classes. In order to obtain unbiased pseudo-labels, a
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strategy of distribution alignment and random sampling with class-wise thresholding is proposed in [50], also in
combination with data augmentation techniques.

Another proposal focuses on the difficulty of defining an optimal ratio between the actual labeled data and the
pseudo-labeled data to be used in the self-training process. In this sense, two strategies are proposed to approach
this optimal value during the iterative retraining process, one of them is based on a randomized search (RIST)
and the other one employs a greedy algorithm (GIST) [128].

Join

Generate

pseudo-labels Join

Generate

pseudo-labelsJoin

Fig. 11. Mutual-training method structure for semi-supervised segmentation. This approach extends the classical self-training
(see Figure 10) with an additional segmentation network 𝑔𝜙 . The pseudo-labels used to retrain each of the networks are
computed with the other network.

3.6.2 Mutual-training. One of the main disadvantages of previously described self-training methods is the
absence of a mechanism for detecting their own errors. Instead of learning from their own predictions, mutual
learning [158] methods extend self-training methods and involve multiple learning models, each of which train
with the pseudo-labels generated by other models. The diversity present among the participating models is one
of the key aspects for the proper performance of this type of methods [139]. That is why the different existing
proposals try to explicitly induce differences between the base supervised models that compose the co-training
method, for instance, by initializing such models with different pre-trained weights or by training each of the
models with different views or subsets of the training set. In other studies, similar methods have been categorized
as disagreement-based [149, 163], since they rely on exploiting the predictive differences between the models
involved, multi-view training [96] or co-training [136].
DMT is a mutual learning approach adapted to semi-supervised scenario and SS problem proposed to take

advantage of the disagreement between models as a way to detect errors in the generated pseudo-labels. This
method takes these differences into account by means of a loss function that is dynamically re-weighted during
training based on the discrepancies between two different models, which are trained independently, using the
pseudo-labels generated by the other model. In this sense, a greater disagreement in a specific pixel indicates a
greater probability of error, so it is weighted with a low value in the loss function, and has less influence on the
training than other pixels or areas of the image where the discrepancy between models is smaller [33].

Another approach consists in extending the previous method (DMT) with a pseudo-label enhancement strategy
[161]. This publication focuses on the problem of catastrophic forgetting. This problem points out the difficulty
that models have to maintain the acquired knowledge when they receive inputs with some variants. This could
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be the case of pseudo-labels. In order to maintain the acquired knowledge during the whole training process, and
to avoid that the models suffer a bias towards the last classes learned, the authors propose a strategy that takes
into account the pseudo-labels generated in previous stages to refine the current ones.

3.7 Contrastive learning
Contrastive learning focuses on high-level features to differentiate between classes in the absence of ground
truth. In other words, these types of methods group similar samples and move them away from different samples
in feature space. In many contrastive learning methods, the target sample to be compared is called the query,
while the similar and dissimilar samples are called the positive and negative keys, respectively. Due to the lack
of annotations in the data, samples considered similar in the training process are augmented versions of the
same sample, while the rest of the data are considered different samples. Specifically, in the most relevant
contrastive methods, pairs of augmented images are commonly obtained in different ways. Some of them apply
data augmentation techniques (e. g. cropping, color jittering or flipping) as in the SimCLR method [17, 18]. Other
methods divide the image into different overlaying sub-patches and considering these patches independent
images as in the CPC method [135].
Due to the success of this type of methods, even outperforming its supervised counterpart in some specific

problems, such as Pascal VOC object detection [30], in recent years a series of contrastive learning methods
specifically designed for SS have been proposed. The ReCo method [76] is one of the first contrastive learning
proposals for SS. This method consists in chaining on top of the segmentation model encoder an auxiliary decoder
that maps the input feature to a higher dimensional representation space, in which the sampling of queries
and keys is carried out. By means of the proposed contrastive loss function the query is enforced to be close
to the positive key in the representation space, and away from the negative key. Because using all pixels of a
high-dimensional image to compute the contrastive loss function is impractical, ReCo method incorporates an
active sampling strategy that samples less than 5% of the total pixels in the image. On the one hand, this method
gives a higher probability of being selected as key negative those pixels belonging to classes that are usually
confused with the query class. On the other hand, it relies on prediction confidence to select those pixels that
are more difficult to classify for the segmentation model as query pixels. However, these methods encounter
challenges when densely packed decision boundaries are present [124]. In such cases, effective clustering based
on similarity becomes infeasible, often leading to label noise.
Another contrastive learning method proposed for semi-supervised SS is based on positive-only contrastive

learning [19], in which only positive keys are sampled. The key element of this method is the creation and
dynamic updating of a memory bank containing a subset of samples from the labeled set. The samples with a
higher prediction confidence are selected to be stored. Subsequently, a contrastive loss function ensures that the
features of a sample are close to the features of the samples of the same class stored in the memory bank [1].

3.8 Hybrid methods
The last category includes those methods that share characteristics of several of the previously introduced
categories. Hybrid methods that attempt to take advantage of the benefits of pseudo-labeling and consistency
regularization methods are some of the most common in this category. For instance, a three-stage self-training
framework whit an intermediate stage of consistency regularization [61] is proposed. Specifically, a multi-task
model is integrated in the self-training process. It is trained on the segmentation problem using consistency
regularization (task 1), and statistical information is introduced into the optimization process from the pseudo-
labels (task 2).
In the same way, Adaptive Equalization Learning (AEL) [55] also incorporates characteristics of consistency

regularization and pseudo-labelingmethods. AELmethod is based on FixMatch [117], a widely used hybrid method
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originally proposed for image classification. It is common in segmentation problems that models underperform
in some classes, mainly due to their difficulty or negative imbalance with respect to the rest of the classes.
AEL focuses on these challenging classes. This method proposes a confidence bank that dynamically stores the
performance of each category during training. Data augmentation techniques and adaptive equalization sampling
are used to favor the training towards those disadvantaged classes.
Pseudo-Seg [165] also integrates characteristics of consistency regularization and pseudo-labeling methods.

The authors emphasize the fact that the usual ways of obtaining pseudo-labels (from the outputs of a trained
segmentation model and applying a confidence threshold) can fail and result in low-quality pseudo-labels. To
address this problem, an approach focused on performing a structured and quality design of pseudo-labels is
proposed. This method generates the pseudo-labels from two different sources: on the one hand, the output of
the segmentation model and, on the other hand, the output of a class activation map algorithm [109]. Unlike the
segmentation task that seeks to obtain a dense and accurate prediction, the class activation algorithms perform a
simpler task in which they only need to predict coarser-grained outputs.

A key bottleneck in semi-supervised segmentationmethods can be to treat labeled and unlabeled data separately
during training. This is the issue that the hybrid GuidedMix-Net method focuses on [133], allowing a transfer of
knowledge from labeled to unlabeled images. This is achieved through an interpolation between pairs of labeled
and unlabeled images, thus capturing interactions between them.
Interest in methods that combine consistency regularization with contrastive learning has also increased

recently. In this line, methods such as directional context-aware (DCA) [65] have been proposed. The authors
point out the difficulty of generalizing in a semi-supervised environment, where the contexts of a given object are
limited in the reduced set of labeled images. This may cause a segmentation model to give too much importance
to these specific contexts, not focusing on some important characteristics of the object to be segmented. To
address this issue, The DCA method incorporates a new data augmentation technique that makes two cuts of
the same image with an overlapping region. In this way it simulates two different contexts for that region, and
enforces consistency between the two slices by means of a contrastive loss function.
The approach proposes in [159] tries to achieve two properties: consistency in the prediction space and

contrastiveness in the feature space. On one hand, they enforce consistency between the predictions of two
augmented versions of an unlabeled image using the 𝑙2 loss. On the other hand, they integrate contrastive learning
by means of a contrastive loss function that brings positive (similar) pairs closer and negative (dissimilar) pairs
away in the feature space.

Another method that combines consistency regularization and contrastive learning is C3-SemiSeg, presented in
[162]. In this method, consistency regularization is focused on exploiting feature alignment under perturbations,
introducing a novel cross-set region-level data augmentation strategy. In addition, cross-set contrastive learning
is integrated to improve the feature representation capability.

A method presented in [144] combines a consistency regularization framework based on cross-teacher training
(CCT) with two complementary contrastive learning modules. CCT framework reduces the accumulation of
errors between teacher and student networks while contrastive learning modules promote class separation in the
feature space.
Finally, a method combining consistency regularization and adversarial training has been recently proposed

[8]. In this case, a data augmentation technique that tries to maintain the image context is proposed. Additionally,
a new adversarial dual-student framework is proposed in order to improve the performance of the classical Mean
Teacher.
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4 Experimental setup
The main obstacle to have a realistic perception of the performance of the different state-of-the-art methods is
the non-homogeneity of the comparative experiments presented. As a consequence, a direct comparison of the
results obtained by each method is impossible. Among these differences we can find the use of different datasets
or partitions of labeled and unlabeled data, different base models on which semi-supervised methods are based or
different preprocessing or data augmentation techniques.
That is why the main goal of this experimental section is to offer the reader a comparison with unified, fair

and equal conditions for all methods, thus offering a quick and accessible way to know the actual state-of-the-
art methods in the field. To this end, we have carried out a series of experiments taking into account some
guidelines that try to eradicate the comparison problems described above, on a selection of methods that tries to
be representative for all the categories introduced in our taxonomy.

Our experimentation is mainly conducted in two directions. On the one hand, we propose an experiment with
exhaustive representation of all categories of methods, on a range of partitions with different ratios of labeled and
unlabeled data, with the aim of having quantitative results that allow a direct and fast comparison between the
performance of the different methods. On the other hand, we propose another experimentation with some of the
most relevant methods in the literature to perform a qualitative and visual comparison of the results obtained.

Datasets. For each experiment described in the previous section we chose datasets that we consider to
have the necessary characteristics to carry out the desired comparison. A detailed description of the following
datasets can be found in section 2.4. We employ the PASCAL VOC 2012 [29] dataset in the experiment related
to the quantitative comparison of state-of-the-art methods. This dataset is the most commonly used in the
semi-supervised SS literature. In addition, it has a high number of images which helps to have stability in the
results obtained. In this experimental section, we also employ MetalDAM [80], a dataset that we believe has
significantly different characteristics from PASCAL VOC 2012. This choice was made with the objective of
elucidating the behavior of the methods in different scenarios. Second, for qualitative and visual comparison of
the results we considered the Cityscapes dataset [23]. This dataset has higher resolution images, which allows
a better visualization. In addition, each of the images in this dataset has representation of many of the classes
(unlike PASCAL VOC 2012, where each image focuses on one or a small number of classes). This allows us to see
how the trained models perform in situations where there are adjacent areas of several similar classes or with
semantic dependencies between them. These two features make Cityscapes an ideal dataset to perform visual
and qualitative analysis.
Partition protocol. As discussed above, partitions of labeled and unlabeled data is a key aspect to take into

account in semi-supervised experiments. In order to obtain comparable results with other experimental studies,
it is important to use the same or similar data partitions. That is why in our experimentation we decided to use
the partitions proposed in one of the most recent studies, which present a wide variety of scenarios in terms of
labeling ratio. These partitions can be found at 4. This strategy makes a random sampling of instances, of which
we will consider their labels, without taking into account class balancing in order to have a realistic scenario.

Validation strategy. The standard validation strategy in SS on the datasets used in our experiments consists
of a simple holdout, with a training set and a validation set. For each of the datasets, the composition of training
and validation partitions is standard in the SS literature, so we use these same partitions for better generality.
Each of the models have been trained and tested three times and averaged, therefore the resultant metric is
the average of the three runs presented along with the standard deviation. The hyperparameters chosen for
each model configuration have been obtained from the original code of the proposal, being either the default
parameters or the ones recommended by the authors in their papers.

4https://github.com/charlesCXK/TorchSemiSeg
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Performance metric. The performance metric used in this experimentation, standard in the SS literature, is
the mean intersection over union (mean IoU). Unlike accuracy, this metric tries to be robust to the presence of
imbalanced classes, which is very common in problems where we have pixel-level labels. Specifically, this metric
computes the ratio between the number of true positives and the sum of true positives, false negatives and false
positives, for each of the classes and averages these values.

𝑚𝑒𝑎𝑛𝐼𝑜𝑈 =
1
𝑁

𝑁∑︁
𝑖=1

𝑁𝑖𝑖∑𝑁
𝑗=1 𝑁𝑖 𝑗 +

∑𝑁
𝑗=1 𝑁 𝑗𝑖 − 𝑁𝑖𝑖

(16)

where 𝑁 is the number of classes, 𝑁𝑖𝑖 is the numbers of true positives for class 𝑖 , 𝑁𝑖 𝑗 is the numbers of false
positives for class 𝑖 and 𝑗 and 𝑁 𝑗𝑖 is the number of false negatives for class 𝑗 and 𝑖 .

Selection of state-of-the-art methods. We include in the experimental study state-of-the-art methods such
that all categories and subcategories defined in the taxonomy presented in section 3 are sufficiently covered. The
main criteria taken into account when choosing a method from each category have been popularity of the method,
in terms of number of citations, and availability of code. As baseline methods, we include the DeepLabV3+ [15]
and SegFormer [146] supervised models, trained only with the labeled partition and the Mean Teacher [127]
method, which has a strong influence on most of the proposed methods. The semi-supervised methods included
in our experimental study are as follows: s4GAN [87], ClassMix [94], CCT [97], CPS [20], ST [148], DMT [33],
ReCO [76] and CAC [65]. All the selected methods for testing have a public implementation available, being this
the one selected to be executed.

Basemodel and backbone.All semi-supervisedmethods for SSwork by supporting a supervised segmentation
model. The good performance of the semi-supervised method depends to a large extent on the base model. This is
why the choice of this base model is critical. As well, segmentation models rely on a network (i.e., backbone), on
which the final performance of the semi-supervised segmentation method also depends. The fact that the different
proposals for semi-supervised methods rely on different base models and backbones makes it difficult to compare
their performance, which is why in our experimentation we unified this critical aspect. We opt for DeepLabV3+
as the base model and ResNet101 as the backbone, this combination being one of the best performing in the
literature.

Hardware and software setup. The entire experimental code has been developed using Python as program-
ming language and PyTorch as Deep Learning framework. The different experiments have been run on a Tesla
V100 GPU.

5 Results and discussion
In this section we show and discuss the results obtained. First, in subsection 5.1 and subsection 5.2 we present
and discuss the quantitative results obtained on the PASCAL VOC 2012 and MetalDAM datasets, respectively.
Secondly, we present the results obtained on Cityscapes in subsection 5.3, carrying out a qualitative and visual
analysis of some of the most popular methods, showing some key examples where the performance of these
methods can be observed.

5.1 Quantitative results on PASCAL VOC 2012
In this section we show and analyze the performance of the methods that compose our experimentation on
PASCAL VOC 2012 dataset, whose quantitative results can be seen in Table 3.

The first aspect to evaluate is the difference in performance between supervised and semi-supervised approaches.
It is evident that semi-supervised approaches must show some improvement with respect to the supervised
model that justifies the increase in complexity necessary to process the unlabeled data and extract knowledge
from them. However, this requirement is not always fulfilled, and sometimes, in certain scenarios, the inclusion
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Table 3. Semi-supervised and fully supervised results on the PASCAL VOC 2012 dataset. Each column corresponds to a ratio
of labeled/unlabeled images (the number on the left represents the number of labeled images used in each case). In each
column the result obtained with the best performing method averaged over three runs is highlighted. Standard deviation is
presented next to the metric. (Metric: mean IoU).

Method 1/100 (106) 1/50 (212) 1/20 (529) 1/8 (1323)
DeepLabV3+ 48.8±1.8 57.4±1.4 66.2±1.2 70.2±0.6
SegFormer 43.2±2.7 52.3±2.1 64.1±1.1 69.1±0.8
Mean Teacher 44.9±2.5 58.5±1.8 67.8±1.2 71.6±0.5
ClassMIX 56.5±1.1 67.6±0.8 70.8±0.6 71.9±0.4
CPS 47.7±2.2 56.7±1.7 69.6±0.9 74.7±0.4
CCT 37.1±3.2 52.0±2.2 62.3±1.8 68.6±1.1
s4GAN 50.4±1.9 62.3±1.5 65.3±1.2 71.3±0.6
ST 55.2±1.1 64.8±0.9 71.4±0.7 74.9±0.4
DMT 58.9±0.9 70.0±0.7 72.3±0.5 74.4±0.4
ReCo 56.2±1.2 63.2±1.1 68.2±0.8 72.5±0.6
CAC 49.7±2.6 64.3±1.3 70.6±1.1 74.6±0.6
SSDA(DS+US) 57.9±1.1 65.3±0.9 67.1±0.8 71.1±0.5
SemiRoadExNet 41.7±1.1 51.8±1.4 62.7±0.8 65.3±0.5

of unlabeled data in the training process can even harm the performance of the fully supervised model (e.g. CCT).
Other methods, such as Mean Teacher, although they do not obtain as notable a deterioration as CCT, also present
difficulties in extracting knowledge from unlabeled data, obtaining a gain between 1-2% in all partitions, except
in the partition with the least number of label data, in which it obtains worse results than the supervised model.
The next method in performance terms is the s4GAN adversary method. This method obtains performance

improvements in almost all the partitions with respect to the supervised model, these improvements varying
from 1-5%, except in the 1/20 partition, which does not improve. Although it is true that a 5% improvement could
be a desirable improvement in many scenarios, this improvement does not occur in all partitions, presenting
some instability in the results depending on the number of labeled data. In addition, this method suffers from
an increase in complexity compared to other simpler methods to carry out adversary training, which is hardly
justifiable regarding the results.

Other methods show variable results among the different labeling ratios. Some of the best performing methods
when we have a very small set of labeled images are the ClassMix and ReCo methods. However, as we increase
the number of labeled images, the margin of benefit that this method presents with respect to the supervised
baseline is not so wide and there are many other methods that outperform it. Conversely, the CPS and CAC
methods are two of the best performers in scenarios where we have many labeled images, and their performance
suffers as the size of the labeled partition is reduced, even obtaining worse performance than the supervised
baseline in the case of CPS. We can consider these methods as particularly useful in this specific scenario, but not
as methods that obtain good overall performance.
Finally, methods based on pseudo-labeling have been shown to be the best performing ones. First, the ST

method based on a simple self-training, has obtained the best result in the partition with the highest number
of labeled images (1/8) in addition to obtaining competitive results in the rest of the partitions. On the other
hand, the DMT method, based on mutual training, obtained the best results in all the partitions, except in the 1/8
partition, which obtained a result less than 1% lower than the best model.
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5.2 Quantitative results on MetalDAM

Table 4. Semi-supervised and fully supervised results on the MetalDAM dataset. Each column corresponds to a percentage
of labeled images (the number on the left represents the number of labeled images used). In each column the result obtained
with the best performing method averaged over three runs is highlighted. Standard deviation is presented next to the metric.
(Metric: mean IoU).

Method 7% (2) 25% (8) 50% (14) 75%(26)
DeepLabV3+ 60.6±2.2 64.1±2.1 64.8±1.6 66.3±1.3
SegFormer 55.8±2.8 58.6±2.9 60.7±2.4 61.5±1.8
Mean Teacher 61.8±1.8 66.3±1.6 68.9±1.1 68.4±0.9
ClassMIX 64.1±1.5 67.5±1.6 70.6±0.8 69.2±0.6
CPS 61.1±1.6 68.1±1.5 70.5±1.2 71.1±0.9
CCT 58.6±2.1 61.7±1.7 65.2±1.3 66.4±1.4
s4GAN 59.5±1.8 64.9±1.3 66.2±1.1 65.2±1.2
ST 60.5±2.2 67.3±1.8 68.3±1.3 69.1±1.3
DMT 62.8±1.5 69.4±1.2 70.5±1.3 71.3±0.6
ReCo 62.4±1.6 67.7±1.3 69.5±0.9 69.4±0.5
CAC 60.9±2.2 64.8±1.9 66.9±1.5 67.4±1.4
SSDA(DS+US) 62.1±2.3 65.2±1.7 64.9±1.3 70.2±1.1
SemiRoadExNet 56.2±2.8 59.3±2.5 65.7±1.9 63.8±1.1

In this section we show and analyze the performance of the methods that compose our experimentation on
MetalDAM dataset, whose quantitative results can be seen in Table 4.

In the results obtained on MetalDAM we can observe similarities in the behavior of the methods with respect
to PASCAL VOC 2012. For example, there are some cases where semi-supervised methods perform worse than
supervised methods and the worst performing methods in this new scenario are also CCT and s4GAN. Also DMT
method remains one of the best performing methods in several cases. Due to the drastic differences between the
two datasets, we can generalize with some confidence and expect these results to be repeatable in a multitude of
different scenarios.
On the other hand, we see how the ClassMix method is one of the best performers in several experiments

(7% and 25% partitions). It makes sense that the Data Augmentation based operation of this method shows its
potential in scenarios where the number of training images is very small, as in this case.
Another particular behavior that we observe on this dataset is the minor influence of the number of labeled

images that we use. We can see how the maximum difference between the metrics obtained between the largest
and smallest partition is about 8%, while in the experimentation on PASCAL VOC 2012 we can observe 30%.
This is due to the amount of information provided by each of the images of the datasets in question. While
PASCAL VOC 2012 is made up of images containing a reduced number of classes (in many cases only one class),
in MetalDAM all the images present appearances of most of the classes in the dataset.

5.3 Qualitative results on Cityscapes
In this subsection we carry out a qualitative and visual analysis of the results obtained on the Cityscapes dataset
with some of the most popular state-of-the-art methods. The methods employed in this analysis include DMT,
ClassMix, and s4GAN, representing the taxonomy described in this paper through some of the most widely
recognized approaches. The popularity of these methods was determined by examining their citation counts and
the availability of their corresponding code. Based on the results presented in Tables 3 and 4, it can be reasonably
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(a) Original image (b) Ground truth

(c) DMT predic-
tion

(d) s4GAN pre-
diction

(e) ClassMix pre-
diction

(f) DMT error
mask

(g) s4GAN error
mask

(h) ClassMix er-
ror mask

Fig. 12. Qualitative results obtained with DMT, s4GAN and ClassMix methods in an example of Cityscapes with main
representation of the classes person, road, sidewalk, vegetation and building. Black color represents prediction errors.

assumed that other methods within the same taxonomy would exhibit similar behavior. In the following we
visually show the segmentation maps predicted with each of these methods on some representative examples
of the Cityscapes dataset, comparing them with the ground truth. In addition, in order to clearly and quickly
identify the areas where these methods fail, we generate error masks highlighting in black color those areas
where the model has predicted an incorrect label. White areas correspond to unlabeled zones in the dataset that
are not taken into account in the learning process.
In the first visual example shown in Figure 12 we can see a good and similar performance of the methods

used in this qualitative analysis in the classes that predominate in the image, such as the road ( ), sidewalk ( ),
building ( ) and vegetation ( ) classes. We only see an area in the lower right corner where the three models
have a clear confusion between these predominant classes, specifically between the road and sidewalk classes,
as we can see in the error masks, due to an irregularity on the sidewalk. Another largely represented class in
this image is the person ( ) class. Although all models detect the presence of people, they have more difficulties
in exactly defining the area belonging to each person. Unlike the previously named classes that usually appear
in the image in a single large area, being easy to predict for the models, classes such as person, which present
greater fragmentation by appearing in different and smaller areas of the image that do not have to be adjacent,
suppose a greater difficulty for the models, obtaining less exact predictions and predicting incorrect classes in the
gaps between different instances of the person class.
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(a) Original image (b) Ground truth

(c) DMT predic-
tion

(d) s4GAN pre-
diction

(e) ClassMix pre-
diction

(f) DMT error
mask

(g) s4GAN error
mask

(h) ClassMix er-
ror mask

Fig. 13. Qualitative results obtained with DMT, s4GAN and ClassMix methods in an example of Cityscapes with main
representation of the classes bicycle, rider, pole and traffic sign. Black color represents prediction errors.

In a second example shown in Figure 13, a generalized poor performance on the rider ( ) class can be observed.
The rider class presents very few differences with respect to the person ( ) class. The way in which a model
could differentiate a person from a rider would be to look at whether the rider is on a bicycle ( ) or motorcycle
( ) in the image. However, the results obtained seem to indicate that the models have problems when trying
to learn these semantic relationships between classes or contextual information, confusing the instance of the
rider class with the person class nearly in its totality. Only some of the parts of the person closest to the bike are
segmented with the correct rider class. This indicates that the difficulty of learning semantic relations between
objects is even greater as the distance between them increases. Additionally, in this example, we can observe a
good generalized performance in the classes traffic sign ( ), pole ( ), vegetation ( ) and sky ( ).

5.4 Discussion
We can analyze the methods tested in our experimentation according to various criteria, thereby highlighting
certain advantages or disadvantages for each method or family.

Probably the main criterion for comparing the different methods is the performance obtained. Our experiments
show that the methods of the Pseudo-labeling family (ST and DMT) generally give the best results.
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Another crucial aspect, especially when applying these methods in real-world scenarios, is simplicity or
ease of implementation. In this regard, methods like CPS or ST are perhaps the ones with the simplest designs,
primarily based on retraining models with previously obtained predictions, without adding additional mechanisms
that complicate the process. Mean Teacher is another model that also features a straightforward design and is
considered one of the standard baselines in semi-supervised learning.

Considering the trade-off between performance and simplicity, our experimentation reveals a clear winner: ST.
However, it’s worth noting other methods like CPS, which, despite having a simple design, is close to the best
results, or DMT, which, while introducing some more complex elements in the training process, further improves
the results, generally obtaining the best results in most experiments.
In contrast, some methods implement complex mechanisms in their training process but do not achieve the

performance obtained by the aforementioned methods. Adversarial methods (s4GAN) or methods based on
Feature Perturbations (CCT) stand out negatively in this regard.
As we know, the choice of the base segmentation model is a key aspect. Therefore, another advantageous

aspect of the design of some methods is the independence from the base model. For example, pseudo-labeling
methods (ST and DMT) or some consistency regularization methods (e.g., CPS and ClassMix) have this advantage,
allowing the choice of the base model as needed. Thus, these methods can easily adapt to different scenarios,
where some base models may be more convenient than others. In contrast, Feature Perturbations methods or
some contrastive methods are not independent or pose greater difficulty in switching between different base
models.
Another key aspect, especially in semi-supervised scenarios, is the ability to perform well using few labeled

data. Hence, we highlight methods like ReCo or ClassMix, which, while not obtaining the best results in partitions
with a higher number of labeled images, achieve the best results (along with DMT, which has the best overall
performance) in experiments using a lower number of annotations.

The hybrid method used in this study, CAC, presents complex elements in its design (as is common in hybrid
methods) but does not generally stand out for obtaining the best results in our comparison. However, due to the
diversity among hybrid methods, it is challenging to extrapolate this to all methods belonging to this category.

6 Challenges and future trends
This section presents some of the main challenges related to the semi-supervised SS problem, as well as some of
the most promising future research lines.
Evaluation standards. Different studies we found in the semi-supervised SS literature do not present a

homogeneous experimental framework (i.e. use of different datasets, different data partitions, different implemen-
tations or versions of the base model, etc.). The proposal of a standard and realistic experimental and evaluation
framework that all researchers can adopt would be a key point in the development of this field of research.

Diversity in base models. Many of the methods studied employ more than one base model and the diversity
of these models can be a key aspect to obtain a good final model. However, these methods are usually limited to
choosing the state-of-the-art supervised segmentation model (i.e. DeepLabV3+ [15] at present) obtaining a set
of models poor in diversity, and no proposal attempts to go deeper into this decision. A possible future line of
research could focus on the study of the implication of inter-model diversity on the final result of semi-supervised
segmentation methods.
Evaluation on more realistic scenarios.We have observed that some of the most widely used datasets in

both the supervised and semi-supervised segmentation problem are object-centered image datasets (e.g., PASCAL
VOC 2012). This type of images represent a very controlled scenario, which we are difficult to find in real-world
problems. Models designed to obtain good results in this type of datasets may not be useful in real applications.
New emerging datasets (e.g., Cityscapes) present less controlled images and more semantic dependencies between
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classes (a clear example of this type of semantic relationships can be seen in Figure 13, between the rider and the
bicycle). These types of datasets need new methods capable of dealing with less controlled images and modeling
semantic dependencies between classes.
Comparison between different sparse annotation approaches. Annotation sparsity poses a prevalent

challenge in SS, primarily attributed to the high cost of pixel-level labeling. Besides semi-supervised approaches,
alternative strategies can be considered in such circumstances (Figure 1 showcases a few). These encompass
self-supervised learning, few-shot learning, or domain adaptation. Conducting a comparative and experimental
study among these diverse SS approaches holds significant potential in advancing this field of research.
New trend: transformers. Despite the fact that transformers have started to be applied in supervised SS,

establishing themselves as the state of the art in recent years, they have not yet been successfully introduced in
semi-supervised SS scenarios. Consequently, the design of transformer-based methods for semi-supervised SS
can be considered one of the most promising future research lines within this field. Within this category, we
anticipate the emergence of high-quality foundational models addressing this problem in the near future.

7 Conclusions
This paper seeks to structure the knowledge generated in recent years, as well as to pose challenges and future
research trends, around the rise of semi-supervised segmentation methods.

One of the main contributions of this paper is the proposal of a taxonomy, which classifies all previous works (a
total of 50 recently published methods related to this field) into five categories: adversarial methods, consistency
regularization, pseudo-labeling, constrastive learning and hybrid methods. In this manner, we provide the reader
with a quick and precise way to know the state of the art in this field, as well as a detailed description of each
method.
The analysis of the state of the art and the defined taxonomy is complemented with an experimental study

that compares all taxonomic categories under homogeneous experimental conditions (employing the two most
common datasets in the field (PASCAL VOC 2012 and Cityscapes) and a real industrial use case (MetalDAM)).
This allows the reader to have an intuition about the performance of each of them.

Finally, we reflect on the current challenges of semi-supervised segmentation and potential future lines of
research, highlighting the need for standardization of the experimental and evaluation framework, the convenience
of using realistic benchmarks where images are not controlled and are rich in semantic dependencies between
classes, and potential application in a semi-supervised scenario of vision transformers.
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