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Abstract—Semi-supervised semantic segmentation has made
significant advances, yet current methods often overlook varia-
tions in sample difficulty and rely on limited data augmentation
strategies, which constrains both accuracy and the exploration of
diverse perturbation spaces. This paper proposes a Dual Adaptive
Augmentation framework. First, we introduce a quantitative
hardness evaluation mechanism based on the Intersection over
Union (IoU) of segmentation predictions, which assesses the
learning difficulty of each unlabeled sample. Guided by the
derived hardness coefficient, we dynamically adjust the mixing
ratio of weak and strong augmentations, aligning perturbation
intensity with the model’s evolving learning state. Second, we
expand the perturbation space by applying two independent
strong augmentation strategies to unlabeled images, thereby im-
proving generalization. Finally, we introduce additional random
perturbations, such as Dropout2D, between the encoder and
decoder layers to enhance feature-level diversity and robustness.
Extensive experiments demonstrate that our model consistently
outperforms existing methods across different data partition
settings.

Index Terms—Semi-Supervised Learning, Semantic Segmenta-
tion, Data Augmentation

I. INTRODUCTION

The goal of semi-supervised semantic segmentation (SSS)
[1], [2] is to train models with a limited number of labeled
images while effectively leveraging large amounts of unlabeled
data. This approach aims to reduce dependence on expensive
manual annotations, lower training costs, and improve overall
efficiency.

The mainstream approach in semi-supervised semantic seg-
mentation (SSS) is the Consistency Regularization Framework
[3]-[6], Based on this framework, studies have shown [4], [5]
that introducing strong perturbations (e.g., Mixup [7]) during
SSS training can significantly improve model performance.
For example, FixMatch [8] applies supervision to strongly
augmented unlabeled images, enabling the model to extract
richer visual information. Its effectiveness lies in generat-
ing high-quality pseudo-labels on weakly augmented data to
guide the model’s gradual adaptation to stronger perturbations.
However, FixMatch fails to consider the varying sensitivity
of different samples to perturbations and relies solely on
a single augmentation path. Although iMAS [9] introduces
some improvements in augmentation strategies, it still employs
a single-path design, limiting the diversity of augmentation
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and the expressive capacity of the perturbation space. These
limitations highlight the need for a unified framework that
accounts for sample-specific differences and integrates both
image-level and feature-level perturbations to form a multi-
level augmentation mechanism.

To this end, we propose a dual adaptive augmentation
model for semi-supervised semantic segmentation. First, we
introduce a class-weighted symmetric IoU (sIoU) metric based
on teacher—student predictions to dynamically assess sample
difficulty, capturing both the model’s generalization ability
and the evolving difficulty during training. Next, we adopt
a dual-pipeline augmentation strategy, applying two randomly
selected strong augmentations to unlabeled data. The mixing
ratio between strong and weak augmentations is dynamically
adjusted according to sample difficulty, ensuring that per-
turbation strength matches the model’s learning state. Loss
weights are also adapted, allowing the model to prioritize
high-confidence samples and gradually address harder ones,
while dual-path perturbations help mitigate overfitting. Finally,
we introduce feature-level perturbations between the encoder
and decoder, complementing image-level augmentations to
establish dual-level consistency constraints in both pixel and
feature spaces.The key contributions of this work are:

e We propose a dual-adaptive augmentation model for
semi-supervised semantic segmentation that incorporates
instance hardness into loss and perturbation to adapt
dynamically during training.

e We introduce a prediction-consistency-based hardness
quantification method that assesses sample difficulty us-
ing the IoU of model predictions, overcoming the limi-
tations of uniform augmentation by aligning perturbation
intensity with actual learning progress.

e We design a dual-level perturbation mechanism that
combines two strong image augmentations with feature-
level random perturbations (e.g., Dropout2D), thereby
expanding the diversity of the perturbation space and
improving model robustness in an end-to-end manner.

II. RELATED WORK

A. Semi-supervised Semantic Segmentation

Semi-supervised learning is focused on how to effectively
use unlabeled data to improve the model learning ability
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Fig. 1. Overview of the proposed segmentation framework.

[10]-[12]. In recent years, Consistency Regularization (CR)
[6], [13]-[15] has become an important technique in semi-
supervised learning, allowing models to train simultaneously
on labeled and unlabeled data, thus improving generalization
ability. To enhance the performance of semi-supervised se-
mantic segmentation, many studies have explored methods to
strengthen supervision signals. For example, some methods
introduce extra losses terms [3] to optimize learning objectives,
or employ stronger data augmentation strategies [16] to in-
crease data diversity. In addition, advanced contrastive learning
methods [17]-[19] have been applied to uncover latent signals
in unlabeled data. CPS [3] improves the segmentation ability
of the model through mutual supervision of dual models. On
the other hand, U?PL [14], inspired by contrastive learning,
treats uncertain pixels as negative samples and expands the
perturbation space to align with the constraints of existing
methods. However, these methods generally face two issues:
significant variations in the learning difficulty between unla-
beled data and a limited perturbation space. To address these
challenges, we propose an adaptive augmentation strategy and
expand the perturbation space to overcome these limitations.

B. Data Augmentation

Currently, there are three main directions to enhance SSS
performance, including augmentations, more supervision, and
pseudo-rectifying. Most of the existing research uses various
strong data augmentations to perturb unlabeled data. One
such augmentation method is AutoAugment [20], which au-
tomatically searches for the optimal augmentation strategy to
improve the model’s training performance. AutoAugment uses
reinforcement learning to choose the most appropriate aug-
mentation operations and strengths for specific tasks. However,
the goal of AutoAugment’s augmentation is to find the best

augmentation operations and strengths. In contrast, in SSS, the
purpose of applying data augmentation is to generate different
inputs without specific goals or search spaces. Additionally,
directly applying these augmentations may over-distort unla-
beled data and damage the data distribution, thus degrading
performance. Therefore, in this work, we propose a simple
and effective data augmentation method to improve SSS
performance. We use a highly random design to simplify the
standard RandomAug [21], avoiding complex strategy search
and generating different augmentation operations for each
mini-batch during training, thus improving model robustness
and generalization ability.

III. METHOD
A. Overview

The core objective of semi-supervised semantic segmenta-
tion is to leverage a limited set of labeled data Dy = {(,4!)}
to effectively learn from a large number of unlabeled images
D, = {z!}. Typically, |D,| < |D,|. During each iteration,
we randomly sample a batch from the labeled dataset: Dy, =
{(«,y1)}2=, as well as another batch from the unlabeled
dataset: D, = {(z%)}2*. The general training loss function
is defined as follows:

L="Ls+ ALy (D

where A, is a hyperparameter used to balance the weight
between the supervised loss £, on labeled samples and the
unsupervised loss £,, on unlabeled samples.

B. Hardness assessment

We compute a symmetric class-weighted IoU between the
predictions of the teacher and student models to dynamically
assess sample difficulty. This method simultaneously mitigates



class imbalance and enhances the model’s adaptability to
different samples during training. As shown in fig. 1, for
each weakly augmented unlabeled sample, we obtain the
segmentation predictions p! and p’ from the teacher and
student models, respectively.
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where p$ and p! represent the high-confidence ratios on pf and
pt, respectively. 1 is an indicator function used to compute the
proportion of pixels that satisfy the given condition. Next, we
define the class-weighted IoU, denoted as wloU, to measure
the prediction consistency between the student and teacher
models. This metric applies weighting for each class:

|21(c)]

WIOU(Zl, 2’2) = H < W

IoU(21(c), 22(c)). 4
where z; and z2 represent the segmentation predictions of
the student and teacher models, respectively. The variable c
denotes the class index, and |z1(c)| represents the number
of pixels belonging to class ¢ in the segmentation result.
To ensure the symmetry of the evaluation, we compute the
hardness metric ~; as:

S t
%WIoU(p?,pﬁ) + %WIoU(pE,pf )| -

vi=1- &)
where the coefficient 1/2 ensures that ~; remains within the
range of [0,1]. A higher ~; value indicates greater difficulty
and a stronger need for perturbation, whereas a lower value

suggests a relatively easier-to-process sample.

C. Dual Adaptive Augmentation

To address the limitation of the perturbation space, we
generate two independent perturbation streams (2%, 25?) from
the strong perturbation pool A4, both based on z*. Since
A, is predefined but inherently stochastic, ! and 22 are
not identical. Considering that strong augmentations may
introduce distributional shifts and weaken fine-grained feature
representations, especially in the early stages of training,
we adjust the augmentation strength of unlabeled samples
by mixing the outputs of strong and weak augmentations
according to the instance difficulty computed in subsection
B of Method.

Aa (@) < (1= 7)) Asi(z}) +viAw(z)), (6)
Ao () < (1 — %) Asa(z}) + viAw(z}). (7)

Through this approach, challenging samples with higher r
values are constrained within a reasonable perturbation range
to avoid excessive difficulty from potential out-of-distribution
cases, while simpler samples with lower r values can leverage
strong augmentations to further enhance learning.

D. Feature Perturbation

We construct a broader perturbation space by applying
additional perturbations to the intermediate features of the
student model during the weakly perturbed feature extraction
phase of z*. We adopt independent data streams to separately
handle image-level and feature-level perturbations, enabling
the student model to learn representations at different levels
and achieve consistency. Formally, the student model fy, can
be decomposed into an encoder F; and a decoder D;. We
obtain p/P from the perturbation stream:

eV =

Ey(z"), ®)

p’? = Dy(P(e")). 9)

In summary, we design three parallel data streams, as shown in
Figure 1. The baseline stream provides reference predictions
from the teacher model, the image-level augmentation stream
enhances the model’s adaptability to diverse inputs through
dual strong perturbations, and the feature-level perturbation
stream introduces intermediate feature perturbations in the
student model to achieve multi-level consistency learning.
Finally, an unsupervised loss function is applied to enforce
prediction consistency across the three streams.
1ol -
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Where A, and ), represent the weights for the feature-level
and image-level loss, respectively.

IV. EXPERIMENTS
A. Implementation Details

To systematically verify the effectiveness of the proposed
method, this study evaluates the segmentation performance
of all runs using the mean Intersection-over-Union (mloU)
metric on two authoritative benchmarks in the field of semi-
supervised semantic segmentation: PASCAL VOC 2012 [22]
and Cityscapes [23]. The model adopts ResNet-101 [24],
pretrained on ImageNet [25], as the encoder, and DeepLabv3+
[26] as the decoder. During training, the student model is
optimized using SGD with a momentum of 0.9, an initial
learning rate of 0.01, and multiple learning rate decay strate-
gies. The model is trained for 80 epochs on the VOC 2012
dataset and 240 epochs on the Cityscapes dataset. The input
data is randomly cropped to 513 x 513 (VOC 2012) and
769 x 769 (Cityscapes) resolutions to match the network
input. Specifically, PASCAL VOC 2012 includes 21 semantic
categories, with a base training set of 1,464 images and
a validation set of 1,449 images. Furthermore, the SBD
dataset [27] is incorporated to expand the training set with
9,118 weakly labeled images. Cityscapes focuses on urban
scene understanding and provides 19 finely labeled categories,
with a training set containing 2,975 high-resolution images
(2048 x 1024) and a validation set of 500 precisely annotated
samples.



TABLE I
PERFORMANCE COMPARISON ON THE PASCAL VOC 2012 VALIDATION
SET USING THE RESNET-101 BACKBONE NETWORK.

Method |1/8 (183) 1/4 (366) 1/2 (732) Full (1464)
PseudoSeg [15]| 64.3 67.2 70.5 71.1
PC2Seg [28] 65.2 68.0 71.3 72.2
ST++ [16] 68.8 72.1 74.2 76.5
U2PL [14] 68.2 71.5 73.6 77.1
CPS [3] 65.8 69.7 73.3 -
PSMT [29] 68.4 74.0 75.1 71.3
S4MC [30] 72.5 75.7 77.8 78.9
iMAS [9] 722 75.5 714 79.0
ours | 738 76.6 78.2 79.6
TABLE 1I

PERFORMANCE COMPARISON RESULTS ON THE PASCAL VOC 2012
DATASET USING THE HYBRID TRAINING SET.

Method | ResNet-50 \ ResNet-101

| /16 1/8 1/4 | /16 1/8 1/4
CCT [13] | 63.5 689 713|664 712 741
GCT [31] 625 687 712|676 714 735
ST++ [16] | 70.1 723 732|726 742 743
CPS [3] 69.9 720 739|725 744 751
PSMT [29] | 70.0 73.6 744|732 765 76.7
DDFP [32] - - - | 760 760 772
S4MC [30] - - - | 755 760 769
iMAS [9] | 724 743 750|750 758 770
ours | 735 751 753|762 76.7 77.6

B. Comparison with State-of-the-Art Methods

As shown in table I and table II, our model demonstrates su-
perior performance on both the standard PASCAL VOC 2012
dataset and the Hybrid VOC dataset. In particular, under low-
label conditions, our model exhibits stronger generalization
capability and higher data efficiency. Compared with SOTA
methods such as iMAS, our model achieves better or compa-
rable segmentation accuracy with fewer labeled samples, fully
highlighting the advantages of our approach.

As shown in table III, on the Cityscapes dataset, our
model, based on the ResNet-50 backbone, achieves the best
performance across different partitioning settings (1/16, 1/8,
1/4), consistently outperforming existing SOTA methods and
demonstrating excellent generalizability and robustness.

TABLE III
PERFORMANCE EVALUATION IS CONDUCTED ON THE CITYSCAPES
VALIDATION SET USING RESNET-50 AS THE BACKBONE NETWORK.

Method | 116 1/8 1/4 172
CCT [13] 64.2 70.7 73.2 753
GCT [31] 63.9 70.0 73.0 74.8
ST++ [16] - 70.8 72.1 -

iMAS [9] 71.1 74.2 75.2 712
UniMatch [33] 71.5 73.9 74.6 76.8
CPS [3] 712 74.0 74.7 71.0
PSMT [29] - 73.5 73.9 76.4
RankMatch [34] 71.7 74.7 75.0 713
ours | 728 75.6 75.7 77.5

TABLE IV
ABLATION STUDY RESULTS OF THE DA AND FP MODULES ON THE 1/8
PARTITION OF THE PASCAL VOC 2012 DATASET.

DA \ FP \ mIOU (%)
58.9 (supervised)
v 72.7
v 72.4
v v 73.8
TABLE V

IMPACT OF DIFFERENT NUMBERS OF STRONGLY AUGMENTED VIEWS ON
MODEL PERFORMANCE UNDER DIFFERENT PARTITIONING SETTINGS.

Method

Single 67.4 72.2 75.5 714
Dual 68.0 72.7 76.0 77.6
Triple 67.8 723 75.8 71.1
ours 68.5 73.8 76.6 78.2

C. Ablations Studies

We conduct ablation studies on the 1/8 partition of PASCAL
VOC 2012 and Cityscapes based on ResNet-101.

The effectiveness of our data augmentation. To validate
the effectiveness of our method’s components, we conducted
ablation experiments on the PASCAL VOC 2012 dataset to
evaluate the contributions of our dual adaptive augmentation
at the image level (DA) and feature-level perturbation(FP)
to model performance. As shown in table IV, when the DA
component is introduced, mIoU increases to 72.7%. Addition-
ally, when only the FP component is added (without DA),
mloU reaches 72.4%, indicating that feature-level perturbation
enhances the robustness of the model. When both DA and FP
components are included, mloU further improves to 73.8%,
achieving a 14.9% improvement over the supervised baseline.
These results demonstrate the complementary nature of image-
level and feature-level enhancement strategies. The experi-
ments confirm that combining both image-level and feature-
level augmentation strategies is essential for improving semi-
supervised segmentation performance.

The diversity of perturbation strategies is essential. From
the results, it is evident that the effectiveness of diverse
perturbations is crucial. In our approach, we employ two
types of image-level augmented views and one feature-level
perturbation stream. To verify that increasing perturbation
diversity is more effective than simply adding more augmented
images, we designed a counterpart method using three types
of image-level augmentations only. As shown in table V, our
method consistently outperforms this counterpart under all
partition protocols. This suggests that the performance gain
stems not just from the number of views but from the diversity
across different types of perturbation strategies.

The insertion position of feature perturbation is crucial.
We compare the effects of perturbation applied at the encoder-
decoder boundary and at the final classifier. As shown in
table VI, applying perturbation at the encoder-decoder bound-
ary (En-Decoder) performs better than applying it at the final
classifier (Decoder).

Setting the confidence threshold. According to fig. 2, we



TABLE VI
ABLATION STUDY ON THE INSERTION LOCATIONS OF FEATURE
PERTURBATION.

Location 92 183 366 732 1464
Decoder 650 709 756 764 793

En-Decoder (ours) | 68.5 73.8 76.6 782 79.6
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Fig. 2. Ablation study on different confidence threshold 7 in our method on
Pascal and Cityscapes datasets.

set 7 = 0.95 as the default setting for the VOC dataset, while
7 = 0.7 is used as the default setting for the CityScapes
dataset. Due to the higher challenge of the CityScapes dataset,
it requires a stronger discriminative ability. A higher con-
fidence threshold may restrict the model from effectively
learning from unlabeled samples. Therefore, a lower threshold
is adopted for CityScapes to better facilitate semi-supervised
training performance.

The necessity of independently separating image-level
and feature-level perturbations. fig. 3 illustrates the impact
of different perturbation strategies on model performance, ver-
ifying the necessity of independently separating image-level
and feature-level perturbations. The Single strategy adopts
a single mixed stream, integrating feature perturbations into
image-level strong augmentations. The Double strategy em-
ploys a dual-mixed stream, integrating feature perturbations
into two image-level augmentations. In contrast, the Ours
method completely separates the two image-level augmen-
tations from feature-level perturbations, forming three inde-
pendent streams. The results indicate that the Ours method
achieves the best performance across all labeled data par-
titions, demonstrating that independently modeling pertur-
bations at different levels can enhance model stability and
generalization.

Qualitative Results. As illustrated in fig. 4, our model
produces more accurate segmentation of challenging objects
such as motorcycles and humans compared to the baseline
and iMAS, highlighting its superiority.

V. CONCLUSION

This study addresses two common challenges in semi-
supervised semantic segmentation: the varying difficulty levels
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Fig. 3. Ablation Study on Different Perturbation Strategies.
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Fig. 4. This is our qualitative experimental result on the Pascal VOC 2012
dataset using 183 labeled images. (a) Original image, (b) Ground-Truth, (c)
Segmentation results of the state-of-the-art method iMAS, (d) Segmentation
by our proposed method.

among unlabeled samples and the limited perturbation space
in training. To overcome these limitations, we propose a Dual
Adaptive Augmentation method and experimentally validate
its effectiveness. First, we assess sample difficulty via a
class-weighted Intersection over Union (IoU) metric, enabling
dynamic adjustment of perturbation intensity according to each
instance’s learning demand. Second, we implement a dual-
level perturbation mechanism that combines two strong image-
level augmentations with stochastic feature-level perturbations,
thereby expanding the diversity of the perturbation space.
Experimental results demonstrate that these strategies operate
synergistically, yielding significant improvements in segmen-
tation performance and offering a more robust and adaptive
solution for semi-supervised semantic segmentation.
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