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Source-free domain adaptive semantic segmentation aims at adapting a model trained on the source domain
to the target domain without requiring access to the source data. Self-training has emerged as a leading
approach to address this challenging problem. However, without robust denoising mechanisms to reduce the
noise in pseudo labels, it still easily fall into biased estimates. Most existing methods address this issue by
introducing novel architectures, but often at the cost of increased model complexity or reliance on additional
input modalities. Different from previous studies, this article introduces UniSFDA, a unified multi-stage self-
training framework that integrates cross-model transfer learning, uncertainty-aware pseudo label fusion, and
intra-domain style augmentation, thereby enhancing both segmentation accuracy and test-time efficiency.
Our proposed framework offers exceptional flexibility, with each component being independent and ready
to be integrated into any existing self-training framework. Additionally, we investigate the performance of
various representative segmentation models, including DeepLabv2, SegFormer, DFormer, and ViT-Adapter,
within our framework. It is worth noting that UniSFDA is model-agnostic, allowing both source and target
networks to be instantiated with arbitrary segmentation architectures, and thus readily benefiting from future
advances in segmentation models. Experiments on the GTA5 — Cityscapes and SYNTHIA — Cityscapes
benchmarks demonstrate the effectiveness of our framework. With DeepLabv2 (SegFormer) as the source
model, UniSFDA establishes new state-of-the-art performance, achieving mIoU scores of 61.8% (65.4%) and
57.9% (59.6%) on the two benchmarks, respectively.
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1 Introduction

Urban scene understanding is a critical yet challenging problem in autonomous driving, as accurate
perception of driving scenes is essential for vehicle navigation. Deep learning-based approaches
have demonstrated strong potential, with extensive research addressing challenges such as object
segmentation under both daytime [10, 36] and nighttime [37] conditions, domain-adaptive semantic
segmentation [2, 45], and real-time scene parsing [61]. In this article, we focus on Source-Free
Domain Adaptation (SFDA) for urban scenes by examining two practical limitations that fre-
quently arise in real-world scenarios. First, the success of deep learning models usually relies on
training with large-scale labeled datasets. However, in real-world applications, labeled data may
be restricted from sharing due to proprietary, privacy, or profit-related concerns. This limitation
compromises the feasibility of existing supervised deep learning models, as in such cases users may
only have access to a pretrained source model. Second, domain shifts frequently occur in targeted
application scenarios, arising from factors such as street scenes captured in cross-city [11, 19] or
cross-weather [54] environment. Therefore, a pretrained model requires fine-tuning with target
domain data, which are often unlabeled due to the substantial effort and cost associated with data
annotation, particularly for dense prediction tasks.

Existing SFDA methods can be roughly divided into source domain generalization and target
domain adaptation [32]. A key approach to addressing the challenges in source domain gener-
alization is to construct a diverse training dataset through various data and style augmentation
techniques [28, 31, 33, 62, 69, 82, 83]. Recent research has also shown that Transformer-based
segmentation models typically exhibit stronger generalizability than traditional Convolutional
Neural Network (CNN)-based segmentation models [73], particularly when trained with care-
fully designed training strategies [23, 25]. For target domain adaptation, previous studies largely
follow a self-training paradigm, leveraging Pseudo Labels (PLs) generated by the source model
to iteratively optimize the target model [1, 48, 80]. One critical research focus in this area is PL
denoising, which aims to rectify inaccurate PLs using techniques such as uncertainty estimation
[7, 40], prototypical denoising [78], stable neighbor denoising [79], and consistency preservation
across perturbed inputs or modalities [45, 73]. Despite significant efforts that have been made
in SFDA, most existing studies approach this problem through carefully designed architectures.
Performance improvements often come at the cost of increased model complexity or reliance on
additional modalities, such as joint visual-depth analysis [73]. An efficient and model-agnostic
self-training framework that is designed for practical deployment and integrates all key aspects is
still lacking in literature.

To bridge the gap, we present a unified two-stage pseudo-labeling and self-training framework
termed UniSFDA that progressively trains a robust target segmentation model in a source-free
setting. As shown in Figure 1, UniSFDA consists of a typical self-training stage and an additional
intra-domain self-training stage. In the self-training stage, UniSFDA focuses on improving perfor-
mance through transfer learning. We introduce two auxiliary networks, namely DFormer, an RGB-D
segmentation model, and Vision Transformer (ViT)-Adapter, an adapter network built upon the
Vision Transformer, to leverage the strengths of their transferable representations learned from
large-scale pretraining and additional modalities such as depth information. In the intra-domain
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Fig. 1. System overview of our proposed unified framework for robust source-free domain adaptive semantic
segmentation. Student networks trained during Stage One Self-Training (DFormer and ViT-Adapter) serve as
the offline teacher models for Stage Two Intra-domain Self-Training. The student network trained during
Stage Two (SegFormer) is used as the final inference model.

self-training stage, UniSFDA focuses on improving inference efficiency and feasibility by condensing
knowledge from the large and multi-modal auxiliary networks to a single image-based target model.
To enhance the quality of PLs in both stages, we propose an effective uncertainty-aware online
and offline PL fusion approach. The core idea is to identify unreliable offline PLs using uncertainty
measures, such as MC-Dropout [17], and replace them with more reliable online PLs generated
by a mean teacher network. Additionally, we introduce and evaluate different PL aggregation
strategies in the intra-domain self-training stage in conjunction with the uncertainty-aware PL
fusion approach, with the objective of leveraging the complementary strengths of multiple auxiliary
networks. Despite its simplicity, this fusion strategy is proven to be effective and model-agnostic,
and it can work with both single and multiple teacher models, making it easily integrable into
any self-training framework to achieve performance gains. Finally, we investigate the impact of
intra-domain augmentations and introduce a new intra-domain Fourier Domain Adaptation
(FDA) [70] strategy, in which reference images are randomly sampled within the same domain.
Empirical studies show that this strategy is effective in both vendor-side domain generalization
and client-side domain adaptation. Here, we summarize the contributions of this article as follows:

— We present a unified two-stage source-free domain adaption framework. It leverages large,
cross-modal transferable auxiliary networks for enhanced segmentation while maintaining
model efficiency and feasibility by condensing model size and input modalities during in-
ference. This design achieves a balance between effectiveness and efficiency, relaxing both
computational and data requirements for real-world applications.

—We propose a simple yet effective uncertainty-aware online and offline pseudo-label fusion
strategy and investigate various intra-domain augmentations to enhance domain generaliza-
tion and adaptation. Both components can be seamlessly integrated into existing self-training
frameworks, remain agnostic to the choice of segmentation model, and thus support continu-
ous improvement as segmentation methods advance.

—Our method effectively narrows the gap between segmentation models of different sizes and
input requirements at inference. Using an image-based SegFormer model, it outperforms
existing approaches by a significant margin, obtaining an mean Intersection over Union
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(mIoU) of 61.8% (65.4%) and 57.9% (59.6%) on the Cityscapes dataset when adapting from a
DeepLabv2 (SegFormer) source model trained on Grand Theft Auto V (GTA5) or SYNTHIA
benchmarks, respectively.

The rest of this article is organized as follows. Section 2 reviews important related work on
source-free domain adaptive semantic segmentation. Section 3 outlines our proposed self-training
framework and details its key components. Section 4 presents the experimental setup, comparisons
with state-of-the-art methods, and ablation studies. Finally, Section 5 concludes the article.

2 Related Work
2.1 Unsupervised Domain Adaptation

Unsupervised domain adaptive semantic segmentation aims to enhance model generalization in
an unlabeled target domain by transferring knowledge learned from a labeled source domain
[8, 9, 66]. Early approaches primarily employed adversarial training [18] to mitigate distribution
discrepancies across domains [15, 42, 58]. Subsequent studies explored distribution alignment at
various levels, including the image domain [22], feature representation [11], and output space
[57]. More recent efforts have explored class-wise alignment strategies to achieve finer-grained
feature adaptation [15, 42], or promoting the learning of intra-image pixel-level correlations and
patch-wise semantic consistency across different contexts through contrastive learning [9]. Despite
their effectiveness, these approaches inherently depend on the availability of source data.

2.2 Source-Free Unsupervised Domain Adaptation

Source-free unsupervised domain adaptation aims to transfer knowledge from a pretrained source
model to an unlabeled target domain without access to the source data [3, 38, 50, 68, 74]. Prior
research mainly addresses target domain adaptation. For instance, Teja and Fleuret [49] proposed
to reduce prediction uncertainty based on feature corruption with entropy regularization. Liu
et al. [38] leveraged a generator to estimate the source data distribution, based on which fake
samples were synthesized for training. Among recent efforts, pseudo-labeling and self-training have
emerged as predominant approaches [1, 48, 80]. Various methods have been proposed to enhance
the accuracy of PLs, including uncertainty estimation with Bayesian Neural Networks [40], stable
neighbor denoising [79], and consistency preservation across modalities [73]. Furthermore, Zang
et al. [76] addressed a more challenging scenario and proposed a reliable knowledge propagation
approach to ensure robust performance in both the source and target domains.

2.3 PL Denoising

In addition to the aforementioned methods specifically designed for SFDA [40, 73, 79], PL denoising
techniques have been more broadly applied in non-SFDA and semi-supervised learning [30, 34, 44,
55]. For instance, Fang et al. [16] proposed a new data augmentation mechanism named Uncertainty-
aware Patch CutMix to locate noisy PLs. Zhang et al. presented ProDA [78], which refines offline
PLs based on their feature distance from the prototype of each semantic class. The mean teacher
approach [56], which derives a teacher model by temporally averaging the student model’s weights
over training iterations, is widely adopted to produce robust online PLs. Fusion approaches have
also been proposed to improve model performance, either by enforcing consistency between online
and offline PLs [2, 45, 77] or by combining them to obtain enhanced training labels [47]. When
access to labeled source data is restricted, adapting such PL denoising methods becomes necessary.
However, their performance in the context of source-domain adaptation remains unclear.
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2.4 Model Generalization

Kundu et al. partitioned SFDA into two components: (1) source domain generalization and (2) target
domain adaptation [32]. Their focus has been on the former, where they developed a multi-head
framework trained by augmenting the source data with diverse transformations. Hoyer et al.
proposed DAFormer [23], which leverages a Transformer-based architecture as the source model
to enhance generalization capability. They further extended this method to a multi-resolution
framework, enabling the learning of segmentation details for small objects from high-resolution
inputs [25]. While early studies primarily sought to expand the source domain through data
augmentation with diverse styles [26, 28, 31, 33, 69, 82, 83], recent approaches address this challenge
from a complementary perspective by harnessing the superior generalization capability of various
foundation models [4, 64, 65]. In a source-free DA framework, a domain-generalized source model
can produce more accurate PLs, thereby improving segmentation performance in conjunction with
PL denoising approaches on the target domain.

3 Approach

We propose a unified two-stage pseudo-labeling framework for the progressive training of a robust
source-free domain adaptive semantic segmentation model, as illustrated in Figure 1. In the self-
training stage, UniSFDA focuses on improving performance by taking advantage of additional input
(e.g., depth information) and foundation models. In the intra-domain self-training stage, UniSFDA
enhances inference efficiency by condensing knowledge to a single image-based target model. In
the rest of this section, we begin with a problem formulation, followed by the technical details of
our proposed framework.

3.1 Problem Formulation

Source-free domain adaptive semantic segmentation aims at transferring knowledge from a source
model h*(x) to a target model h’(x) using an unlabeled target dataset. Let X = {(x;,d;)}", denote
the target dataset where (x;, d;) represent the RGB and the optional depth modality of the ith
sample, respectively. We tackle this problem by initially adapting the source model A°(x) to multiple
auxiliary target models, such as h% (x, d) and h* (fpar(x)), by harnessing the strengths of additional
modalities d or foundation models frys such as ViT. In the next stage, the auxiliary models act as
teacher networks, distilling their knowledge into a single unimodal target model, such as SegFormer,
thereby improving test-time efficiency while maintaining high segmentation accuracy.

3.2 Source-Free UDA via Self-Training

We begin by enhancing the robustness of pseudo-labeling and self-training through an uncertainty-
aware fusion approach that integrates offline and online PLs. Next, we extend this approach in
a two-stage cross-model transfer learning framework, as described in Section 3.3. In particular,
multi-modal and foundation segmentation models are introduced as auxiliary teacher networks.
Subsequently, PL aggregation strategies are proposed to combine their complementary strengths,
enabling the uncertainty-aware fusion approach to work with multiple teacher models.

3.2.1 Offline PL Generation. In SFDA, the offline PLs are generated by feeding target images
to the source model. Directly using offline PLs for training is ineffective due to the high noise
introduced by the distribution mismatch between the source and target domains. A common
approach is to select the most confident top percentage of predictions per class across the entire
training set, forming a balanced and reliable set of PLs for self-training [32, 35, 73]. Although this
approach has been shown to be effective to some extent, many of the selected predictions remain
incorrect due to the poor calibration of the source model [20].
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To solve this problem, we select reliable PLs based on both uncertainty and confidence [52]. The
MC-Dropout [17] is adopted as an uncertainty measure to compute the variance of five stochastic

forward passes with dropout enabled. Let p(*%) and u(%) represent the confidence and uncertainty
(i.k)
as:

of pixel x(?) belonging to the kth class, respectively. We first derive the hard PL Yofy S

(1)

(i.k) _ 1 ifk= arg man/p(i’k’)
Yorr = ,

0 otherwise

Next, we introduce two thresholds o} and 7 for each class to select hard PLs based on confidence
and uncertainty, respectively. To maintain a balanced training set across classes, we set oy to the
mc-percentile after ranking all samples belonging to class k (i.e., yé};’}) = 1) in descending order

based on their confidence scores, and set 7x to the m,-percentile after ranking all samples belonging
(i.k)

to the same class (i.e., Yoff

= 1) in descending order based on their uncertainty scores. Finally, we

Compute g(i,k) as:
g(i’k) — l[p(l,k) > O'k] . I]_[u(l,k) > Tk]: (2)
to indicate whether the offline PL for pixel x?) is selected (i.e., g**¢) = 1) or not (i.e., g*¥) = 0).

3.2.2  Online PL Generation. The online PLs are typically generated by a mean teacher network,
which averages the student model’s weights over multiple training steps [56]. A common line of
research focuses on introducing input perturbations through data augmentations and enforcing
consistency regularization between the teacher’s output and the student’s output [2, 45] or on
rectifying the offline PLs based on online class prototypes [73, 78]. However, such methods usually
introduce additional losses and computational cost. Let yl(,i;k) denote the hard PL generated by the
online teacher network. We present a simple and effective strategy for fusing online and offline
PLs, which can be optimized using a straightforward cross-entropy loss.

3.2.3  Uncertainty-Aware Online and Offline PL Fusion. Combining the strength of online and
offline PLs has proven effective for non-source-free domain adaptive semantic segmentation when
labeled source data is accessible [47, 77], but remains underexplored in the source-free setting.
To bridge the gap, we propose first training the student model using only reliable offline PLs
during the warm-up stage, and then replacing the masked unreliable offline PLs with their online

(i,k) (i,k)

counterparts. Let y,,,, and y

denote the PLs used in the warm-up stage and the subsequent
fus

stage, respectively, we have:

ik ;. ik
Yo = g0 -yl "

ik ik i,k i,k i,k
rus =9 - vagy + (1= -y,
By substituting Equation (2) into Equation (3), we have:

Y =100 > o] - 1w > 1] -y

Yors
v =10 2 o] - L[ 2 ] -y @)

+(1-1[p") > g ] - 1[0 > 7]) -y,

(k)

where yiﬁ;ﬁ) =0ory. .

= 0 indicates that the pixel is masked and will not be used in the loss
calculation.
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3.24 Objectives. Given the fused PLs, segmentation models like SegFormer [67] can be effec-
tively optimized by using cross-entropy loss as the main objective:

HxW K

le(@p) == D > 5" logp!™). (5)

i=1 k=1

where §j denotes either y,yqr or ys,s depending on the stage, and p is the softmax probability output
by the student model.

3.3 Two-Stage Cross-Model Transfer Learning

While our uncertainty-aware online and offline PL fusion approach generally enhances self-training
performance, the potential of transfer learning from foundation models remains underexplored
in source-free domain adaptive semantic segmentation. Recent studies have utilized foundation
models to improve the generalizability of semantic segmentation models [4, 65]. When employed
as the source model, they can generate more accurate PLs and subsequently enhance domain
adaptation performance. Comparatively, in this section, we explore a complementary challenge:
How to harness transfer learning to enhance domain adaptation from a predefined source model
more effectively?

We propose a two-stage cross-model transfer learning framework to address this challenge.
As illustrated in Figure 1, our approach consists of a self-training stage, where auxiliary models
generate more accurate PLs, followed by an intra-domain self-training stage, which consolidates
their knowledge into a single unimodal model for improved efficiency.

3.3.1  Auxiliary Model Selection. We select two representative auxiliary models, namely a cross-
modal segmentation model and a ViT-based segmentation model, and evaluate their effectiveness
within our framework.

DFormer. This model is a novel RGB-D framework pretrained to learn transferable representations
for RGB-D segmentation tasks [72]. Previous studies have demonstrated that incorporating depth
as an additional input can achieve substantial performance gain [59, 60, 73]. Without the need
for additional annotation, depth information can be easily derived from stereo images or video
sequences using self-supervised depth estimation models for stereoscopic depth [54, 60] or monoc-
ular depth [63]. Thus, we adopt DFormer to exploit its cross-modal transferable representations,
aiming to enhance performance in the target domain.

ViT-Adapter. This model adapts the ViT [14] to dense prediction tasks such as semantic seg-
mentation [12]. It employs a standard ViT as the backbone to capture robust representations from
large-scale multi-modal data. When transferring to downstream tasks, a pretraining-free adapter is
incorporated to inject image-related inductive biases into the model, optimizing its performance
for tasks such as semantic segmentation of urban scenes in our case. The adapter has a small
number of trainable parameters. However, a potential drawback is that the superior transferability
offered by ViT-Adapter-L, with its overall larger size, makes it bulkier compared to typical semantic
segmentation models like SegFormer [67].

3.3.2  One to Multi Self-Training. In this one-to-multi self-training stage, we follow the procedure
outlined in Section 3.2, starting by generating offline PLs using the source model. Next, we adopt
either DFormer or ViT-Adapter as the student model and optimize them individually using the
uncertainty-aware online and offline PL fusion strategy defined in Equation (4). Equipped with the
robust and transferable representations captured in their pretrained weights, these models also
exhibit improved performance in the target domain. However, the feasibility of such models in
practical applications is constrained by additional input requirements, such as depth, or by their
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large model size. Therefore, we further introduce a multi-to-one intra-domain self-training stage to
alleviate these requirements during inference.

3.3.3  Multi to One Intra-Domain Self-Training. In this multi-to-one intra-domain self-training
stage, the auxiliary models trained in the previous self-training stage are subsequently used as
the offline teacher to generate offline PLs. We refer to this stage as intra-domain self-training as
both the teacher models and the student model are learned from unlabeled data within the same
target domain. Furthermore, to better exploit the complementary strengths of multiple teacher
models, we introduce three PL aggregation strategies, namely Ensemble, Ensemble (Intersection),
and Ensemble (Union), the details of which are presented later.

Ensembles. Let p<l k) (lk) p‘(,’ k) ,and u‘(/i’k) represent the confidence and uncertainty of pixel
x) belonging to the kth class generated by DFormer and ViT-Adapter, respectively. This strategy
computes the aggregated p(*%) and #(*¥) by taking the average of their ensembles using Equation
(6), and then computes the hard PLs y*%)! in Equation (4) by setting p#%) = 5(5%) and 4 (4% = (1K)
This approach is adopted by default in our experiments unless otherwise specified:

(i k k
P(l’k) 5 (P(l )+P‘(/l ))
ik 1 (i.k) (k) ©
~ i, i,
k) = =3 (up™ +uy ™)

Ensembles (Intersection). This strategy first computes the hard PLs y( LK) and y(i’k) using Equation

(4) for DFormer and ViT-Adapter separately, based on their respective confidence p(l k) (5k)

and uncertainty ul() k) and u‘(,’ *) The resulting hard PLs are then aggregated via their intersection

according to Equation (7):

and p,,

k k ik
(i,k) _{y,(; ), lfy(l = y(l ), 7)

Intersection 0, otherwise.

(i.k)

Ensembles (Union) . This strategy first computes the hard PLs y( k) and Yy, using Equation (4)

for DFormer and ViT-Adapter separately, based on their respective confidence p( Lk) (t6) and

uncertainty u( Lk)
to Equation (8)

and py,

and u‘(,l *) The resulting hard PLs are then aggregated via their union according

(i.k) (i.k) (i.k) (ik) _

. up s if Yy =y, oryy

i i,k k

yé‘nign = y‘(/’ ), else if y(l ) = (8)
0, otherwise.

To summarize, the default strategy, Ensembles, aggregates the confidence and uncertainty scores
prior to generating the final hard PLs, while the other two strategies first derive hard PLs from
individual teacher models and then perform aggregation directly on the hard PLs. The performance
of different PL aggregation strategies will be compared and discussed in the experimental section.

For the student model in this stage, we adopt SegFormer due to its excellent performance
and simplicity [23, 67]. It is optimized using one of the PL aggregation approach in conjunction
with uncertainty-aware PL fusion, and serves as the final segmentation model used for inference.
Considering that the depth information may not always be available during test-time inference, our
method improves the model’s feasibility by relaxing this requirement and reducing the model size.

1We omit the subscript war or fus for simplicity.
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FDA Transformed

Fig. 2. Examples of images transformed using intra-domain FDA.

3.4 Intra-Domain Style Augmentation

Recent studies have demonstrated that Transformer-based segmentation models [23, 25] exhibit
significantly better generalizability than traditional DeepLabv2 [32] when trained with carefully
designed training strategies. Following this trend, we would like to investigate the extent to which
the performance of a SegFormer can be enhanced using only simple and non-learning-based
intra-domain style augmentations. In addition to the commonly used geometric distortion and
photometric distortion, we also explore the following three efficient augmentation strategies.

CutMix [75] and ClassMix [46]. Both augmentations combine two images by cutting a region
from one image and pasting it onto another. The labels of the mixed image are also interpolated
based on the area of the pasted region. While the former cuts a random rectangular region, the
latter selects a subset of object classes from one image and pastes them onto another image.

Intra-Domain FDA [70]. FDA was initially proposed for unsupervised domain adaptation, trans-
forming source images based on the style of target images. As shown in Figure 2, we extend this idea
by randomly sampling an image within the same domain as the reference style and demonstrate its
benefits for both source domain generalization and target domain adaptation.

Weather and Cartoon Style Augmentation [29]. Following previous work [32], we apply weather
and cartoon augmentations from imgaug to enhance the diversity of source images by simulating
different environmental conditions or artistic styles, thereby improving the generalizability of the
source model.

4 Experiments
4.1 Experimental Settings

Dataset. We evaluate our proposed method by adapting from GTA5 [51] and SYNTHIA [53] to
the Cityscapes [13]. GTA5 dataset contains 24,966 annotated images with 1,914 X 1,052 resolution
taken from the game GTA5, while SYNTHIA contains 9,400 annotated images with 1,280 X 760
resolution generated using a virtual city created with the Unity development platform. Both GTA5
and SYNTHIA are synthetic datasets generated through simulation, providing highly accurate
pixel-level semantic annotations. They are commonly used as supplementary datasets to improve
segmentation performance on real-world data. The Cityscapes dataset contains real-world street-
scene images captured from vehicles at a resolution of 2,048 x 1,024, which is further divided into
2,975 training images and 500 validation images.

Evaluation Metric. We report the Intersection over Union (IoU) on the 19 common categories
shared by GTA5 and Cityscapes and the 16 common categories shared by SYNTHIA and Cityscapes.
Following previous studies, we also report the results on 13 of the 16 common categories shared by
the SYNTHIA and Cityscapes datasets.
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The best score for each column is highlighted. UniSFDA and UniSFDA* indicate that DeepLabv2
and SegFormer are used as the source models, respectively. mloU and mloU* denote the averaged
scores across 16 and 13 categories, respectively.

Implementation Details. We conduct experiments using two source models. To ensure a fair
comparison with existing methods, we used the pretrained models on GTA5 and SYNTHIA provided
by GtA [32], which are based on the DeepLabv2 [6] architecture with ResNet-101 [21] as the
backbone. Additionally, we trained two Transformer-based segmentation models, i.e., SegFormer
with MiT-B5 [67], on GTA5 and SYNTHIA, respectively, using the intra-domain style augmentations
described in Section 3.4. For the self-training of DFormer, ViT-Adapter, and SegFormer, we adhere
to their respective default training settings, set the mini-batch size to 4, and train on 4 NVIDIA
L40 GPUs for up to 60 epochs. The stereo depth [54, 60] was used as the input to DFormer and the
large-sized BEiT model pretrained on ImageNet-22k was adopted as the backbone in ViT-Adapter.
For uncertainty-aware PL generation, we set both m, and m,, to 66% by default when computing
the per-class thresholds oy and 7x in Equation (2). A sensitivity analysis on the impact of these two
parameters is presented in Section 4.3.

4.2 Comparison with State-of-the-Art Methods

We compared our proposed method with the state-of-the-art source-free domain adaptive semantic
segmentation models in Tables 1 and 2. UniSFDAg, UniSFDAp, and UniSFDAy denote the SegFormer,
DFormer, and ViT-Adapter that are adopted as the student model in the first self-training stage,
all trained using DeepLabv2 as the source model. UniSFDAE _, s represents the SegFormer student
model trained in the second intra-domain self-training stage by transferring knowledge from
the two auxiliary models, i.e., UniSFDAp and UniSFDAy, obtained in the first stage. When our
method is marked with an asterisk (x), e.g., UniSFDAy % it indicates that the model is adapted from
a SegFormer source model instead of a DeepLabv2 source model.

The experimental results show that the two auxiliary models we selected can effectively improve
the adaptation performance, benefiting from the transferable representations learned from large-
scale pretraining. For example, UniSFDAy (UniSFDAy *) outperformed UniSFDAs (UniSFDAs *) by
a significant 2.4% (4.6%) on GTA5 — Cityscapes, which demonstrates the effectiveness of our
proposed cross-model transfer learning strategy. Moreover, with the application of the second
intra-domain self-training phase, the mIoU was further improved to 61.8% on GTA5 — Cityscapes
and 57.9% on SYNTHIA — Cityscapes, establishing new state-of-the-art results with the DeepLabv2
source model. Lastly, by replacing the DeepLabv2 source model with our SegFormer source model
trained purely based on simple and efficient intra-domain augmentations, we achieved the best
mloU of 65.4% on GTA5 — Cityscapes and 59.6% on SYNTHIA — Cityscapes, obtaining an absolute
performance gain of 1.7-3.2%.

4.3 Ablation Study and Discussion

Model Justification in Self-Training Stage. We evaluate the key components of the Stage One Self-
Training in our proposed framework and report the results in Table 3. As it shows, we start with a
DeepLabv2 source model that achieves an mloU of 44.0% on GTA5 — Cityscapes, and transfer its
knowledge to SegFormer, DFormer, and ViT-Adapter, respectively, to study the impact of using
foundation models. By comparing different student models, we observed that DFormer and ViT-
Adapter generally outperformed SegFormer, which can be attributed to their superior transferability
from large-scale pretraining. Next, we investigate the effectiveness of the proposed online and
offline PL fusion approach. The results in the second, fifth, and eighth rows were obtained using
models trained with only offline PLs, which resulted in limited performance. By incorporating online
PLs to replace unreliable offline PLs, we observed a significant performance gain of 3.5-4.8% across
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Table 1. Per-Class loU (%) and mloU (%) Comparison of GTA5 — Cityscapes Adaptation

DT-ST [80] 93.5 57.6 847 365 252 334 447 367
SDA [79] 93.0 540 84.6 356 303 31.0 419 416
Uni-UVPT [43] 934 539 872 435 355 392 439 346
CrossMatch [73] | 945 655 874 457 426 423 467 545

428 813 623 372 881 487 50.6 355 483 59.1 | 554
446 86.4 62.6 385 875 487 429 366 495 587 | 556
50.3 858 654 334 885 537 619 323 390 513 | 569
48.0 847 66.0 334 899 535 568 0.0 469 494 | 577

= o0
o E — 3 = o 4 g 5 %4 5 8
st 3 2 2 3 % ® 8% 2 5 » 5 2 = t sz § & &

Method % B @ 2 £ & 4O & = E B a4 &2 O B A4 & = A& |mlU
SFDA [38] 84.2 392 827 275 221 259 311 219 824 305 853 587 221 800 331 315 36 278 306 | 43.2
URMA [49] 923 552 81.6 308 188 371 17.7 121 842 359 838 57.7 241 817 275 443 69 241 404 | 451
LD [74] 91.6 532 80.6 36.6 142 264 31.6 227 831 421 793 573 266 821 41.0 501 03 259 195 45.5
DTAC [68] 78.0 295 83.0 293 21.0 318 381 331 838 392 80.8 61.0 300 839 261 404 1.9 342 437 | 457
SRDA [3] 90.5 47.1 828 328 28.0 299 359 348 833 397 761 573 236 795 307 402 00 266 309 | 458
AUGCO [48] 92.6 84.6 86.8 848 56.1 82.2 453 634 438 287 268 140 41.1 349 167 29.6 457 56 126 | 47.1
SFUDA [71] 95.2 406 852 306 26.1 358 347 328 853 417 795 61.0 282 865 41.2 453 156 33.1 40.0 | 494
IAPC [5] 90.9 365 844 361 313 329 399 387 843 386 875 586 288 843 338 495 00 341 476 | 494
HCL [27] 92.6 546 828 332 262 398 381 319 845 386 853 613 302 854 331 416 144 273 440 | 497
CROTS [41] 92.0 524 859 373 358 346 422 384 869 456 91.1 651 36.1 873 41.6 51.1 00 414 56.2 | 53.7
GtA [32] 91.7 534 86.1 37.6 321 374 382 356 867 485 899 626 343 872 51.0 508 42 427 539 | 534
UASFDA [40] 944 645 86.6 423 284 380 438 453 86.7 470 90.0 626 322 849 361 460 00 381 53.8 | 53.7
STvM [1] 92.1 551 87.6 455 333 361 418 486 879 51.1 87.6 632 86 870 478 598 00 50.1 604 | 549

86.8

87.6

87.8

88.3

89.6

85.0

87.5

88.3

RKP [76] 95.9 622 869 396 369 387 444 49.0 467 908 660 414 903 560 453 345 505 621 | 593
UniSFDAs 917 541 864 513 126 378 491 447 457 903 664 342 874 598 526 00 457 567 | 554
UniSFDAp 93.0 587 872 463 37.5 410 475 385 467 850 628 341 90.1 545 593 0.0 468 599 | 56.6
UniSFDAy 935 613 89.4 506 366 416 538 48.0 493 909 67.8 358 882 393 57.6 00 455 59.8 | 57.8
UniSFDAE—s 943 645 892 54.9 451 413 56.0 536 888 502 904 668 382 90.9 67.0 67.6 00 50.6 653 | 618
UniSFDAs* 90.6 518 88.1 506 449 493 561 465 893 486 875 722 385 907 626 244 118 551 615 | 59.0
UniSFDAp* 904 520 89.1 467 441 513 60.1 444 899 462 914 721 40.6 914 580 619 403 424 645 | 619
UniSFDAy* 88.8 509 89.7 584 340 535 63.0 467 90.0 521 929 727 400 912 56.2 722 479 497 584 | 636

UniSFDAg_s™ 89.8 535 888 509 49.0 487 57.5 444 896 51.7 892 71.0 392 925 713 768 553 55.6 67.7 | 654

UniSFDA and UniSFDA” indicate that DeepLabv2 and SegFormer are used as the source models, respectively. The best score
in each column is highlighted: bold values correspond to results using the DeepLabv2 source model, while underlined
values correspond to results using the SegFormer source model.

models. Finally, we show that self-training can also benefit from the intra-domain FDA, leading
to an absolute mIoU improvement of 0.5-1.1% across models. In summary, all three aspects, i.e.,
the use of foundation models, uncertainty-aware PL fusion, and intra-domain FDA augmentation,
contribute to the overall performance gains, with Table 3 quantifying the improvements brought
by each component.

Model Fustification in Intra-Domain Self-Training Stage. In the intra-domain self-training stage,
we transfer knowledge from stage-1 models or their ensembles to a single unimodal SegFormer,
aiming to improve model efficiency and feasibility during inference. Table 4 illustrates the impor-
tance of selecting reliable PLs based on both confidence and uncertainty scores (SegFormer —
SegFormer) and the effectiveness of our proposed cross-model transfer learning from auxiliary
models (DFormer — SegFormer and ViT-Adapter — SegFormer). Specifically, incorporating
uncertainty into PL selection improves the mloU from 56.6 to 58.2, demonstrating the effectiveness
of our approach. Furthermore, we evaluate the performance of different ensemble approaches
that combine the strengths of multiple teacher models. In addition to the proposed Ensembles,
Ensembles (Intersection), and Ensembles (Union), we also report the results achieved by Late Fusion,
where the outputs of multiple teacher models are fused at the prediction level without performing
a second round of self-training. We observe that self-training based on the ensemble of DFormer
and ViT-Adapter using Equation (6) (Ensembles — SegFormer) achieved the best mloU of 61.8%,
outperforming its competitors by 1.5-3.9%.

Impact of Intra-Domain Augmentations on Model Generalization. As mentioned above, in addition
to the DeepLabv2 source model, we trained a SegFormer source model to harness the generalization
capability of Transformers over CNN models. According to Kundu et al. [32], efforts on source-free
domain adaptive semantic segmentation can be divided into (1) vendor-side domain generalization,
and (2) client-side domain adaptation. Here, we focus on vendor-side evaluation, whose objective
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Table 2. Per-Class loU (%) and mloU (%) Comparison of SYNTHIA — Cityscapes Adaptation

T §
< g . "o - . g s
P2 2 P :os 8oz PR os oz o *

Method ~ B M@ 3 i o 4 3 > 7 & & [$) ) = A | mloU | mloU
SFDA [38] 819 449 817 4.0 05 262 33 107 863 894 379 134 806 256 9.6 313 39.2 45.9
AUGCO [48] 87.2 80.1 80.8 779 44.5 824 265 548 03 82 346 126 87 188 8.2 6.0 39.5 45.9
URMA [49] 593 246 770 140 1.8 315 183 320 831 804 463 17.8 76.7 17.0 185 34.6 39.6 45.0
DTAC [68] 775 374 80.5 13.5 1.7 305 248 19.7 791 830 49.1 208 762 121 165 46.1 41.8 47.9
LD [74] 77.1 334 794 58 05 237 52 13.0 81.8 783 56.1 21.6 803 49.6 28.0 48.1 42.6 50.1
SFUDA [71] 90.9 455 80.8 3.6 05 286 85 261 834 836 552 250 795 328 20.2 439 | 442 51.9
IAPC [5] 68.5 292 820 109 1.2 287 223 29.1 828 853 605 193 831 425 322 47.7 | 453 52.7
HCL [27] 86.7 381 827 10.0 0.6 303 254 29.7 828 859 619 248 845 389 226 379 | 464 54.0
STvM [1] 71.6 311 842 0.0 0.0 367 36.0 384 854 878 554 235 859 478 29.1 53.6 | 479 56.1
DT-ST [80] 889 458 833 137 0.8 327 31.6 208 857 825 644 278 881 509 376 573 | 50.7 58.8
CROTS [41] 894 416 827 15.1 1.2 347 337 257 837 879 66.6 346 854 459 435 496 51.3 59.3
GtA [32] 90.5 50.0 81.6 133 2.8 347 257 331 838 892 660 349 853 534 461 46.6 52.0 60.1

UASFDA [40] 93.0 59.0 838 167 1.2 351 369 352 842 891 649 343 823 388 414 529 | 53.0 61.2
Uni-UVPT [43] 88.3 43.6 844 326 28 403 434 296 835 875 67.5 349 856 498 340 53.8 | 53.8 60.4

SDA [79] 88.1 474 80.1 28.1 322 349 336 413 833 867 599 272 867 481 362 525 | 541 59.3
CrossMatch [73] | 91.5 563 859 379 9.2 421 426 47.6 872 86.1 645 233 893 64.5 450 47.7 | 575 64.0
RKP [76] 91.6 51.0 852 390 252 31.6 41.0 454 89.0 889 63.6 335 88.9 379 491 609 | 578 63.8
UniSFDAg 924 558 843 133 15 358 40.8 320 831 874 641 302 874 46.1 478 502 | 533 61.6
UniSFDAp 923 540 847 140 08 378 384 329 857 896 592 297 865 51.0 46.8 58.7 | 539 62.3
UniSFDAy 928 56.0 86.2 285 39 373 481 403 858 89.7 613 204 878 375 40.5 558 | 545 61.7
UniSFDAE—.s 94.3 61.7 858 351 25 382 539 445 864 888 614 271 888 530 49.5 554 | 57.9 65.4
UniSFDAg* 89.6 510 858 153 2.6 489 546 422 882 886 719 363 802 538 403 352 | 553 62.9
UniSFDAp ™ 89.1 493 857 238 09 488 572 380 881 877 692 276 890 496 36.2 47.0 | 555 62.6
UniSFDAy* 89.8 521 86.7 284 3.7 514 56.1 432 882 915 702 319 871 402 340 469 | 563 62.9

UniSFDAE—s* 904 541 874 368 1.1 51.6 602 543 887 90.6 715 30.1 896 524 413 543 | 596 66.5

mloU* denotes the average score across 13 categories, excluding wall, fence, and pole. UniSFDA and UniSFDA* indicate that
DeepLabv2 and SegFormer are used as the source models, respectively. The best score in each column is highlighted: bold
values correspond to results using the DeepLabv2 source model, while underlined values correspond to results using the
SegFormer source model.

Table 3. Stage One Model Justification of Our Proposed Framework on
GTAS5 — Cityscapes

Model Oi;f)line Orll)line Intra};gl(;mam mloU  Gain
Source - - - 44.0 -
SegFormer v 51.1  +7.1
SegFormer v v 549  +10.9
SegFormer v v v 554 +114
DFormer v 523 483
DFormer v v 55.8 +11.8
DFormer v v v 56.6 +12.6
ViT-Adapter v 519 +7.9
ViT-Adapter v v 56.7  +12.7
ViT-Adapter v v v 57.8  +13.8

Source model: DeepLabv2.

is to train a source model with strong generalization ability to unseen domains. Consequently,
the results in Table 5 reflect the quality of the PLs generated by the source model when different
intra-domain augmentation techniques, as described in Section 3.4, are applied. As can be seen,
with only geometric distortions such as random cropping and flipping, the source model achieved
an mloU of 43.0% on the target domain. Introducing photometric distortions improved the mIoU to
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Table 4. Stage Two Model Justification of Our Proposed Self-Training Framework on GTA5 —

Cityscapes

Stage-1 model — Stage-2 model Confidence Uncertainty | mloU Gain

SegFormer — SegFormer 56.8 -
SegFormer — SegFormer v 56.6 —0.2
SegFormer — SegFormer v 4 582 +1.4
DFormer — SegFormer v v 60.9 +4.1
ViT-Adapter — SegFormer v v 60.1  +3.3
Late Fusion 579 +1.1
Ensembles — SegFormer v 61.6 +4.8
Ensembles (Intersection) — SegFormer v v 60.3  +3.5
Ensembles (Union) — SegFormer v v 59.7 +2.9
Ensembles — SegFormer v v 61.8 +5.0

Source model: DeepLabv2.

Table 5. Impact Evaluation of Intra-Domain Augmentations on the Generalization Performance of
the SegFormer Source Model on GTA5 — Cityscapes

Geometric Photometric CutMix and Intra-Domain Weather and .

Distortion  Distortion ClassMix FDA Cartoon mloU  Gain
v 43.0 -
v v 46.3 +3.3
v v v 47.5 +4.5
ve v v v 473 443
v v v v v 49.0 +6.0

46.3%. By incorporating the remaining augmentations, we obtained the best source model, achieving
an mloU of 49.0% on the target domain. This experiment demonstrates that the generalizability
of SegFormer can be significantly improved through simple and efficient non-learning-based
intra-domain augmentations.

Comparison to Existing Domain Generalization Methods. Table 6 shows a comparison between
existing domain generalization methods. Our SegFormer source model, trained with non-learning-
based augmentations, is able to outperform earlier work that diversifies training samples using
learned styles. However, recent efforts that focused on utilizing high-resolution images [24], transfer
learning from ImageNet features [23] or foundation models such as CLIP, SAM, and LLM [4], have
boosted domain-generalized semantic segmentation to the next level. Fortunately, our proposed
UniSFDA focuses on target domain adaptation, which is flexible to start with various source models
with different architectures. We plan to explore CLOUDS [4] as the source model and further
advance the field of source-free domain adaptive semantic segmentation in the future.

Impact of Key Parameters in the Uncertainty-Aware PL Fusion. There are two key parameters m,
and m,, for calculating the per-class thresholds o} and 7} in Equation (2). Recall that o} and 7y are
the thresholds for selecting hard PLs based on confidence and uncertainty scores, respectively.
We set them to 33%, 66%, and 100% to retain different proportions of offline PLs and compared
the results in Figure 3. This experiment is conducted in stage one self-training, using GTAS5 as
the source dataset and SegFormer as both the teacher and student models. We observe that the
best performance was obtained with m, = 66% and m,, = 66%. When the retained proportions are
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Table 6. Comparison of Domain Generalization Methods Trained on GTA and Evaluated on

Cityscapes

Method Backbone Training Strategy mloU  Gain

GtA [32] Data aug., multi-head 44.0 -
AdvStyle [83 Adversarial style aug. 445 405
SHA]%IE [E%l]] ResNet-101 Style—hallucina};ed augg. 46.7  +2.7
CLOUDS [4] CLIP, SAM, LLM 506  +4.2
SHADE [81] Style-hallucinated aug. | 48.5  +4.5
DAFormer [23, 25] Data aug., RCS, FD 51.6 +7.6
HRDA [24, 25] MiT-5B Data aug., RCS,FD, MR | 555 +11.5
CLOUDS [4] CLIP, SAM, LLM 581  +14.1
Ours Non-learning-based aug. | 49.0  +5.0
CLOUDS [4] | ConvNext-L [39] CLIP, SAM, LLM 60.2  +16.2

RCS, FD, and MR refer to rare class sampling, thing-class ImageNet feature distance, and multi-resolution
training.

5 - 27.20) 60 mloU
53 e 54300155
Fo00) 150 &
54.00) 2 &
54.30) (56.90) “S
— 1 OL?

0.2 0.4

.6 .
Mu-percent;
n%le for Uncertgigty 1.0 028

Fig. 3. Ablation study on the impact of m. and m,, for reliable offline PL selection in self-training (source
domain: GTA5, source model: SegFormer, target model: SegFormer).

too small, there are insufficient diverse training samples; conversely, when they are too large, the
dataset contains more noisy PLs. Both cases will lead to decreased performance.

Impact of Reference Image Selection for Intra-Domain FDA. For our proposed intra-domain FDA,
we use the entire training set as the reference image set by default, from which a random image
is selected as the reference each time. However, the performance of the intra-domain FDA may
depend on the choice of reference images. Table 7 presents the performance comparison of our
stage-1 model trained using different reference image selections for intra-domain FDA. When no
intra-domain FDA is applied, the model achieves an mlIoU of 58.2%. Using the entire training set
as the reference image set improves the mloU to 59.0%. We further experimented with selecting a
small and balanced subset from the training data as the reference image set, by sampling frames
from each video sequence in the Cityscapes dataset. The experimental results indicate that this
strategy is beneficial and boosts the mloU to 61.2%.

Comparison of Segmentation Model Options during Inference. We compare the effectiveness and
efficiency of the final-stage segmentation model options in Table 8. SegFormer is relatively light-
weight, requiring only an image as input. DFormer is a multi-modal segmentation model, which
requires both image and depth data as inputs. ViT-Adapter leverages a pretrained ViT model, whose
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Table 7. Ablation Study on the Impact of Reference Image Selection for Intra-Domain

FDA
Reference Images for Intra-Domain FDA PL Selection mloU
None (without intra-domain FDA) m¢ =0.66, my, =0.66 | 58.2
Whole training set (default) me = 0.66, my, =0.66 | 59.0
1 frame from each training sequence me =0.66, m, =0.66 | 61.2
2 frames from each training sequence me =0.66, m;, =0.66 | 59.8
Half of the frames from each training sequence | m, = 0.66, m,, =0.66 | 60.3

Source domain: GTAS5, Source model: SegFormer, Target model: SegFormer.

Table 8. Comparison of the Effectiveness and Efficiency of the Final-Stage Segmentation Model during
Inference on GTA5 — Cityscapes

Source Model | Stage-1 Model || Stage-2 Model Input Runtime per Gflops | mIoU
Image Depth Image
DeepLabv2 Ensembles SegFormer 4 X 100ms 799 61.8
DeepLabv2 Ensembles DFormer v v 60ms 447 61.5
DeepLabv2 Ensembles ViT-Adapter v X 597 ms 4,004 | 61.6
SegFormer Ensembles SegFormer 4 X 100 ms 799 65.4
SegFormer Ensembles DFormer v v 60ms 447 66.8
SegFormer Ensembles ViT-Adapter 4 X 597 ms 4,004 | 66.6

scale is considerably larger than that of SegFormer and DFormer. An interesting observation is
that DFormer and ViT-Adapter did not outperform SegFormer when DeepLabv2 was used as the
source model. A possible explanation is that the capabilities of these more powerful models were
constrained by noise in the generated PLs. By adopting SegFormer as the source model, more
accurate PLs were produced, allowing DFormer and ViT-Adapter to surpass SegFormer. However,
this came at the cost of requiring extra modalities or significantly larger model size, which may not
always be feasible in real-world applications due to missing modalities or limited computational
resources. In terms of efficiency, we report the runtime per image and Gflops of different models.
We observe that ViT-Adapter is significantly less efficient than the other two models. Although
DFormer is more lightweight, it requires depth information, which may not be available in practice
during inference. It is also worth noting that ViT-Adapter (UniSFDAy) outperformed SegFormer
(UniSFDAg) by 4.6% in stage 1, as shown in Table 1. However, in stage 2, the gap between the
two models was substantially reduced to 1.2%, demonstrating the effectiveness of our proposed
two-stage self-training framework.

System Efficiency during Training. We further evaluate system efficiency during training in Table 9,
which reports the number of trainable parameters and the actual training time of the models in
our proposed multi-stage framework. In stage 1, we train the two auxiliary models, DFormer and
ViT-Adapter, which require 9.9 minutes and 34.2 minutes per epoch, respectively. In stage 2, we
train SegFormer using the PLs generated by DFormer and ViT-Adapter, which takes 19.3 minutes
per epoch. Recall that all models are trained on four NVIDIA L40 GPUs with a mini-batch size of 4
for 60 epochs. Compared with a single-stage setup in which a single SegFormer is trained using the
source model, our proposed multi-stage framework incurs an additional training cost of 44.1hours
on the Cityscapes dataset, while achieving an mIoU improvement of 3.6-6.4%.
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Table 9. Trainable Parameters and Training Time Analysis of the Models in the
Proposed Multi-Stage Framework

Stage Model Trainable Parameter | Training Time (Epoch/Total)
Stage 1 DFormer 39.0 M 9.9 minute/9.9 hour
ViT-Adapter 570.4 M 34.2 minute/34.2 hour
Stage 2 | SegFormer 84.6 M 19.3 minute/19.3 hour

Table 10. Integration of Our Method with Uni-UVPT, Demonstrating That
Foundation Models Can Further Enhance Existing SFDA Approaches

GTA5 — Cityscapes SYNTHIA — Cityscapes
Method mloU mloU mloU*
Uni-UVPT 56.9 53.8 60.4
UniSFDA (Uni-UVPT) 57.9 54.6 61.7
UniSFDA *(Uni-UVPT) 59.0 56.9 63.6

mloU* denotes the averaged score across the 13 categories on SYNTHIA — Cityscapes.

building traffic light  traffic sign
person car train motorcycle

Input Source (DeepLab) CrossMatch (DeepLab) Ours (DeepLab) Ours (SegFormer) Ground truth

Fig. 4. Qualitative results of source-free semantic segmentation on the Cityscapes dataset. From left to right:
input image, output from the DeepLabv2 source model, output from the CrossMatch model [73] trained with
the DeepLabv2 source model, outputs from our proposed model trained with the DeepLabv2 and SegFormer
source models, respectively, and the ground-truth segmentation mask.

Integration with Existing SFDA Approaches. While existing SFDA methods mostly focus on PL
denoising techniques and do not leverage foundation models, we demonstrate that foundation
models can further enhance existing SFDA approaches by integrating our method with a recent
approach, Uni-UVPT, using Swin-B as the backbone. As shown in Table 10, the original Uni-UVPT
achieved a mloU of 56.9% on GTA5 — Cityscapes and 53.8% on SYNTHIA — Cityscapes. By using
our stage-1 models, DFormer and ViT-Adapter, to generate PLs via the proposed PL aggregation
method in Equation (6), in conjunction with the PL correction strategy of Uni-UVPT, we improve
the mIoU to 57.9% and 54.6% when using DeepLabv2 as the source model, and further to 59.0%
and 56.9% when using SegFormer as the source model. The results indicate that our two-stage
self-training framework can be seamlessly integrated with existing PL denoising approaches to
achieve additional performance gains.

Visualizations. Finally, we conducted a qualitative evaluation of our method. As illustrated
in Figure 4, we visualized the prediction results obtained by the DeepLabv2 source model, the
CrossMatch model trained with DeepLabv2 source model, and our method trained with both
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DeepLabv2 and SegFormer source models. As observed, the predictions generated by the source
model can be noisy due to the domain gap between the source and target dataset, particularly
in source-free settings, where the source dataset is unavailable during training. The CrossMatch
method significantly reduces label noise by leveraging depth information as an additional input.
However, it still struggles to capture fine details accurately. In comparison, our approach achieves
more precise class-wise predictions, particularly for small objects such as poles, traffic lights, and
traffic signs.

5 Conclusion

This article proposes a unified self-training framework for robust source-free domain adaptive
semantic segmentation. We identify three underexplored aspects in prior work, namely uncertainty-
aware PL fusion, transfer learning-based adaptation, and intra-domain style augmentation, and
investigate them extensively to collectively enhance segmentation performance and test-time
efficiency on the target domain. Our approach achieves new state-of-the-art results in urban scene
understanding, obtaining an mloU of 61.8% and 57.9% on the Cityscapes dataset when adapting
from GTA5 or SYNTHIA benchmarks using a DeepLabv2 source model. The proposed two-stage
self-training framework not only produces more reliable PLs but also ensures the feasibility and
efficiency of the test-time segmentation model. It leverages recent advances in cross-modal learning
and large foundation models through transfer learning, and can be seamlessly integrated with a
wide range of models and self-training methodologies.
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