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ABSTRACT: Semantic segmentation plays a pivotal role in computer vision, yet its performance severely degrades
when applied to unseen domains due to domain shift. Cross-domain semantic segmentation addresses this challenge by
transferring knowledge from labeled source domains to unlabeled target domains. This paper presents a comprehensive
framework for cross-domain semantic segmentation through multi-level feature alignment (MLFA). Our approach
simultaneously aligns features at pixel-level, feature-level, and semantic-level across domains, leveraging both
adversarial learning and self-training strategies. We propose a novel multi-level alignment network that incorporates
domain-invariant feature extraction, multi-scale feature fusion, and entropy-based uncertainty estimation. Extensive
experiments on standard benchmarks demonstrate that our method achieves state-of-the-art performance, significantly
reducing the domain gap and improving segmentation accuracy in target domains. The proposed framework shows
remarkable generalization capabilities across various domain shifts including synthetic-to-real, daytime-to-nighttime, and
cross-city scenarios.

KEYWORDS: Cross-domain semantic segmentation, multi-level feature alignment, domain adaptation, adversarial
learning, self-training.

L. INTRODUCTION

Semantic segmentation, the task of assigning pixel-level semantic labels to images, is fundamental to numerous computer
vision applications including autonomous driving, medical imaging, remote sensing, and robotics [1], [2]. Recent
advances in deep learning have achieved remarkable performance on this task, primarily driven by large-scale annotated
datasets [3]. However, the success of these supervised methods heavily relies on the assumption that training and test
data follow identical distributions an assumption rarely satisfied in real-world scenarios [4]. The performance degradation
caused by domain shift presents a critical challenge: models trained on synthetic data (source domain) often fail to
generalize to real-world images (target domain) due to differences in lighting, texture, weather conditions, and scene
layouts [5], [6]. Cross-domain semantic segmentation aims to bridge this gap by adapting models trained on labeled
source domains to unlabeled target domains, eliminating the need for expensive and time-consuming target domain
annotations [7].

Existing approaches to cross-domain semantic segmentation can be broadly categorized into three groups: adversarial
learning methods, self-training methods, and feature alignment methods [8], [9]. Adversarial learning employs domain
discriminators to confuse domain-specific features, encouraging the model to learn domain-invariant representations [10].
Self-training methods leverage pseudo-labels generated on target data to iteratively refine the model [11]. Feature
alignment methods focus on matching feature distributions across domains using various distance metrics [12]. Despite
significant progress, several challenges persist. First, single-level feature alignment often fails to capture the multi-scale
nature of semantic information [13]. Second, adversarial training can be unstable and prone to mode collapse [14]. Third,
pseudo-label noise in self-training can lead to error accumulation [15]. Fourth, existing methods often struggle to balance
alignment at different feature levels [16].

To address these challenges, we propose a novel multi-level feature alignment framework for cross-domain semantic
segmentation. Our key contributions are:

1. We propose a comprehensive framework that simultaneously aligns features at three levels pixel-level, feature-level,
and semantic-level enabling robust domain adaptation across different abstraction hierarchies.
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2. We introduce a dynamic weighting mechanism that automatically adjusts the contribution of each alignment level
based on domain discrepancy, allowing the model to focus on the most informative alignment signals.
3. We incorporate entropy-based uncertainty estimation to generate reliable pseudo-labels, mitigating the impact of
noisy predictions during self-training.
4. We design a multi-scale feature extraction module that captures contextual information at different receptive fields,
enhancing the model's ability to handle objects of varying sizes.
5. We conduct extensive experiments on multiple benchmark datasets, demonstrating the effectiveness of our approach
across different domain shift scenarios.
The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3 presents our proposed
methodology. Section 4 describes the experimental setup and results. Section 5 provides discussion and analysis. Section
6 concludes the paper.

II. RELATED WORK

Cross-domain semantic segmentation has recently attracted considerable attention [17]. Existing early methods relied on
pixel-level adaptation with style transfer algorithms that translated the source graphics into target-like styles [18].
However, such techniques generally do not keep semantic content in changing appearance [19]. With the rise of domain-
adversarial neural networks [20], adversarial learning has become a dominating paradigm. These approaches employ
domain discriminators to discriminate between source and target features, while feature extractors seek to produce
representations that cannot be discriminated [21]. Multi-level adversarial learning for retinal vascular segmentation was
proposed by Liu et al. [2] to show the usefulness of hierarchical domain discrimination. Self-training methods have been
successful by exploiting pseudo labels on target domain data [22]. These algorithms continuously produce pseudo-labels,
modify the model and eventually improve the performance [23]. Lv et al. [ 10] proposed curricular adaptation mechanisms
for road scene segmentation, which progressively increase the difficulty of adaption tasks.

The concept of multi-level alignment has been studied in several computer vision tasks [24]. Zhang et al. [3] presented
confidence-and-refinement adaptation for semantic segmentation, which involves both feature-level and output-level
alignment. Huang et al. [4] proposed MLAN, a multi-level adversarial network that aligns features at several spatial
scales. In remote sensing, Xi et al. [5] proposed a multilevel-guided curricular domain adaptation method and showed
the significance of hierarchical alignment for high-resolution images. Wen et al. [6] used the semi-supervised framework
with the active learning to merge the feature-level and semantic-level alignments. Liu et al. [7] proposed CAFA for cross-
modal attentive feature alignment in urban scene segmentation. Peng et al. [8] proposed sparse-to-dense feature matching
for 3D semantic segmentation including intra- and inter-domain variance.

The principles of multi-level alignment have been used in a number of specialized sectors. Zhang et al. [18] investigated
cross-scene categorization with multi-level domain adaptation networks for multisource data. Yang et al. [11] proposed
multi-level explicit feature alignment for unsupervised domain adaptive person search. In the marine application, multi-
level alignment networks for cross-domain ship detection were proposed by Xu et al. [12]. Dong et al. [13] used similar
ideas for cross-modal retrieval. In [14], Xie et al. propose multi-level domain adaptive learning for cross-domain
identification tasks. Recent works have extended these methods to few-shot settings [15], radar target recognition [17]
and object detection [19]. Li et al. [20] introduced category-level feature alignment networks for semi-supervised remote
sensing categorization.

Recently, several papers have proposed new strategies for cross-domain segmentation. Fine-grained adversarial methods
using class-specific information were proposed by Wang et al. [21]. Zhao et al. [22] first proposed pseudo-relation
learning for cross-domain semantic segmentation. Lv et al. [23] designed interactive relation transfer that is domain
invariant. Gong et al. [24] investigated the prompting on diffusion representations for segmentation. Luo et al. [25]
introduced cross-domain teacher-student learning for source-free adaptation. Lian et al. [26] proposed self-motivated
pyramid curriculums without adversarial training . Ren et al. [27] proposed prototype bidirectional adaptation and
learning. Zhou et al. [28] proposed uncertainty-aware consistency regularization. Recent works have also studied
hierarchical feature alignment for vision-language models [29] and implicit feature alignment methods [30].

Multi-level feature alignment has been adapted in the hyperspectral image classification [31], test-time adaptive object

recognition [32] and multimodal recommendation systems [33]. Pei et al. [34] used multi-level alignment for remaining
usable life prediction. Zhu et al. [35] employed spatial attention and deformable convolution for cross-scene
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categorization. Nie et al. [36] proposed a feature-alignment-based similarity metric learning method for robust tracking.
Zhou et al. [37] proposed multi-granularity alignment for object detection. These different applications highlight the
versatility and effectiveness of the multi-level alignment methodologies. Despite these progresses, most of existing
approaches focus on two-level alignment, and seldom consider the interaction of pixel-level, feature-level, and semantic-
level alignment simultaneously. Our study solves this gap by proposing a unified framework to address all three levels
thoroughly with adaptive weighting algorithms.

III. PROPOSED METHODOLOGY

3.1 Problem Formulation

Let Dy = {(x§,y$)}2, denote the source domain with Ny labeled images, where x7 € R¥*W>3 and y¥ € {0,1, ..., C —

1¥W are the input image and corresponding pixel-level labels. The target domain D, = {xf}?’il contains N; unlabeled

images. The goal is to learn a segmentation model f: RF*W*3 — R¥XWXC that performs well on the target domain using
only source labels. Our multi-level feature alignment framework addresses this problem through three complementary
alignment strategies operating at different abstraction levels.

3.2 Overall Architecture

Figure 1 illustrates the overall architecture of our proposed framework. The system consists of four main components:
(1) a shared feature extractor G that encodes input images into multi-scale feature representations, (2) a pixel-level
alignment module A;, that aligns low-level appearance features, (3) a feature-level alignment module Ay, that aligns
mid-level semantic features through adversarial learning, (4) a semantic-level alignment module Ag,,, that aligns high-
level prediction distributions, and (5) a segmentation decoder D that produces final predictions.
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Pixel-Level Alignment

~
" Style transfer +/ ... Style transfer using
2 & mean/std statistics

.

~

Segmentation

A 4

Mean/std statistics

Feature-Level Alignment

) =~ Multi-scale domain

N\

>l > ) — — —p discriminators for
adversarial learning
Target Domain \ _—’> - )
(Unlabeled) - N
Feature Extractor / Semantic-Level Alignment

(ResNet-101 Backbone with T T
Multi-Scale Feature N onsistency ncertainty-aware
Extraction) i _’ s ™ seltaining

4 li U P,

i =~ Source Domain Flow )

; I = Target Domain Flow
AR
for adversarial learning
3y Semantic-Level Alignment with

Output ~—» Pixel-Level Alignment operation
Segmentation Decoder uncertainty-aware self-training

Predictions |- Multi-scale domain discriminators

Figure 2 Overall architecture of the proposed multi-level feature alignment framework. The system comprises a
shared feature extractor, pixel-level alignment module, feature-level alignment module, semantic-level alignment
module, and segmentation decoder. Green arrows indicate source domain flow, blue arrows indicate target
domain flow, and orange arrows indicate alignment operations.

The framework processes source and target images through the shared feature extractor, generating multi-scale features.
These features are then fed into three parallel alignment modules operating at different levels, each contributing to
domain-invariant representation learning.
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3.3 Multi-Scale Feature Extraction
To capture semantic information at different scales, we design a feature extractor with multiple output branches. Inspired
by [5], [9], our extractor employs a backbone network with skip connections that produce features at L different scales:
F={FY =G

where F! € REHWi represents feature maps at scale . We use L = 4 scales corresponding to feature resolutions
0f1/32,1/16,1/8, and 1/4 of the input size. Each scale captures different levels of semantic abstraction: lower scales
encode high-level semantic concepts while higher scales preserve spatial details [23], [26]. The multi-scale features are
then processed through our alignment modules.

3.4 Pixel-Level Alignment

Pixel-level alignment addresses low-level domain discrepancies such as color, texture, and illumination variations [18],
[35]. We employ a style transfer approach that matches the statistics of source and target feature maps at each scale. For
features at scale [, we compute channel-wise mean y; and standard deviation g;:

1
¢ = Ff (h,w
M HW, Lanw 1 ( )
of = | Y CFE(hw) k)2
HlWl hw ! ' !
The pixel-level alignment loss is defined as:

L
o]
— S,c tc 2 s,c t,c 2
Lpix = E § (e = w13 +1 6 = 0 13)
c=1
=1

where superscripts s and t denote source and target features respectively.

3.5 Feature-Level Alignment

Feature-level alignment aims to make intermediate feature representations domain-invariant through adversarial learning
[2], [4], [20]. We introduce a domain discriminator Dy, that distinguishes between source and target features at multiple
scales. For each scale [, we have a domain discriminator D}eat that operates on the corresponding feature maps. The
adversarial objective is formulated as:

L
Lpeat = ) Exion, [108 Deqt (F'Gr*)] + Eyeop, 10 (1 = Dfeqe (F' 1))

The feature extractor G is trained to maximize this loss, while the discriminators are trained to minimize it, resulting in
a min-max game:
min g max ., Lfcat

To stabilize adversarial training, we apply gradient reversal layers [20] and incorporate spectral normalization [14].

3.6 Semantic-Level Alignment

Semantic-level alignment operates on the output space, ensuring consistent predictions across domains [3], [6], [28]. We
employ two complementary strategies: (1) consistency regularization and (2) self-training with pseudo-labels. We enforce
consistency between predictions on target images and their augmented versions. Let x* be a target image and xt' be its
augmented version. The consistency loss is:

Leons = Ext_p [KLOO | x%) I p(y 1 x'))]

where p(y | x) is the softmax probability distribution of predictions.
We generate pseudo-labels for target images using the current model. To mitigate the impact of noisy pseudo-labels, we
incorporate uncertainty estimation using entropy [28]:

c
u(r)= =) po(ylxlog pe(yx)
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Pseudo-labels are only retained for pixels with uncertainty below a threshold :
$t = arg max . p.(y | xV),ifu(x*) <7t

The semantic-level alignment loss is:
Lsem = IExt~Dt[1u(xt)<r CE@*,p(v | xt))]

where CE denotes cross-entropy loss.

3.7 Adaptive Alignment Weighting
A key innovation of our framework is the dynamic weighting of different alignment levels. We observe that the optimal
combination of alignments varies across domains and training stages. Earlier epochs may benefit more from pixel-level
alignment, while later stages may require stronger semantic-level alignment [16], [27]. We introduce learnable
weights Ay, Afeqe, and Agep, that are updated based on domain discrepancy measured by the A-distance [20]:

dg = 2(1 — 2€450)

where €4;. is the discriminator error. The weights are computed as:
1 = exp (a-dy - B;)
P =
ZJ'E{pix.feat,sem} exp (a-dy - ,8})

where a is a temperature parameter and f; are base weights specific to each alignment level.

Adaptive Alignment Weight Evolution

1.0
—— Pixel-Level
Early Stage —— Feature-Level
081 (Appearance Adaptation) —— Semantic-Level
e
=g
.%0 0.6 1
=
%
g 0.4
B
<

0.2+

Early Stage Mid Stage Late Stage
-~ (Appearance Adaptation) (Feature Adaptation) (Semantic Adaptation)
"0 20,000 40,000 60,000 80,000 100,000

Training Iterations

Figure 3 Illustration of adaptive alignment weighting mechanism. The weights dynamically adjust based on
domain discrepancy throughout training. Early stages emphasize pixel-level alignment, mid-stages focus on
feature-level alignment, and later stages prioritize semantic-level alignment.

3.8 Overall Training Objective
The complete training objective combines all alignment losses with the source segmentation loss:
Ltotal = Lseg + Apiprix + Afeatheat + Asem‘Csem

where L, is the standard cross-entropy loss on source domain:
Lseg = [E(xs,ys)~D5[CE(yS: p(y | x%))]

The training procedure alternates between updating the segmentation network and the domain discriminators. Algorithm
1 summarizes the training process.
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Algorithm 1: Training Procedure for Multi-Level Feature Alignment Framework

1: Input: Source data Ds = {(z%, yg)}ﬁ";l, Target data Dy = {x} ;-Vztl, hyperparameters (learning rate 7,
trade-off weights A1, A2)
2: Initialization of networks: feature extractor G with parameters 6, segmentation decoder F' with 6,
and domain discriminators D', D? with 6p1, Opo.
3: For number of training iterations do:
4:  Each batch do:
5 1. Sample mini-batches from source D; and target Dj.
6: 2. Step 1: Update Segmentation Network (G and F’) with all losses.
T a. Feature extraction: Extract source features fs = G(xs) and target features f; = G(z¢).
8: b. Compute segmentation loss: Lseg(Zs,ys) = cross_entropy(F(fs), ys).
9: ¢. Compute adversarial alignment loss (multi-level):
10: Ladv_c = Mloss_adv(D(fs), D (ft)) + A2loss_adv(D?(fs), D%(ft)).
11: d. Update 0, O by minimizing Lseg + Ladv_g using learning rate 7.
12: 3. Step 2: Update Domain Discriminators (D! and D?).
13: a. Compute discriminator loss for each level:
14: Ladv_p1 = loss_dis(D(fs), D (ft))
15: Ladv_p2 = loss_dis(D?(fs), D*(f:))
16: b. Update 6p1, Op2 by minimizing their respective losses using learning rate 7).
17; 4. Learning rate update: Decrease learning rate 1 according to a schedule.
18: End For

19: Return trained models G, F', D!, D2.
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Figure 4 Detailed architecture of the feature-level alignment module with multi-scale discriminators. Each
discriminator operates at a different feature scale, capturing domain discrepancies at various receptive fields.
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Figure 5 Visualization of uncertainty-aware pseudo-label generation. (a) Target input image, (b) Prediction
probability map, (c) Entropy map (darker = lower uncertainty), (d) Generated pseudo-labels after uncertainty
filtering.

IV. EXPERIMENTS

4.1 Datasets

We examine our technique on three tough benchmark datasets that capture diverse domain shift scenarios. The first dataset
pair is SYNTHIA-to-Cityscapes, where SYNTHIA [10] is the source domain with 9,400 synthetic images and 16
semantic classes, and Cityscapes [6] is the target domain with 2,975 real urban street images and 19 classes. We evaluate
on the 16 common classes between them. The second assessment option is GTAS5-to-Cityscapes. GTAS [23] provides
24,966 synthetic graphics generated by the game engine of Grand Theft Auto V as the source domain, while Cityscapes
with its 19 classes is used as the target domain. The third and most complex setting is Cityscapes-to-Dark Zurich where
we adapt from models trained on daytime photos from Cityscapes to Dark Zurich [28]. Dark Zurich consists of 2,416
nighttime driving images with 19 classes and there are large illumination and appearance differences. Detailed statistics
of these datasets are shown in Table 1, including the number of photos, classes, resolutions and domain characteristics.
The datasets cover a wide range of situations, from generated synthetic sceneries to real metropolitan landscapes and
tough nighttime scenarios, as can be seen from the table, offering a holistic coverage of distinct domain shift kinds.

Table 1 Statistics of datasets used in experiments. The table shows the number of images, number of classes, and
domain characteristics for each dataset.

Dataset Type Images Classes Resolution  Characteristics
SYNTHIA  Synthetic 9,400 16 1280x720  Rendered, diverse scenes
GTAS Synthetic 24,966 19 1914x1052 Game engine, realistic
Cityscapes  Real 2,975 19 2048x1024 Urban, daytime

Dark Zurich  Real 2,416 19 19201080  Nighttime, challenging

4.2 Implementation Details

For our network architecture, we employ ResNet-101 [11] with DeepLab-v2 [7] as the backbone feature extractor, which
is pre-trained on ImageNet [15] to leverage rich visual representations learned from large-scale natural images. Our multi-
scale feature extraction module utilizes outputs from stages 2, 3, 4, and 5 of the ResNet architecture, enabling the capture
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of semantic information at different spatial resolutions. The complete implementation specifications, including network
architecture choices, training hyperparameters, and configuration details of each alignment module, are presented in Table
2. For training, we use the SGD optimizer with a momentum of 0.9 and weight decay of 0.0005, following standard
practices in semantic segmentation. The learning rate follows a polynomial schedule defined as Ir = lryqq X

; 0.9
(1 - mzzr ) with a base learning rate l1y,45,0f 2.5 X 107*, We train our model for 100,000 iterations with a batch
iter

size of 8, comprising 4 source and 4 target images per batch, and resize all input images to 1024x512 resolution for
efficient training while preserving sufficient detail for segmentation tasks..

Table 2 Implementation details of the proposed framework. The table shows network architecture
specifications, training hyperparameters, and alignment module configurations.

Component Configuration

Backbone ResNet-101 (ImageNet pre-trained)
Segmentation Head DeepLab-v2 with ASPP
Multi-scale Features 4 scales (1/32, 1/16, 1/8, 1/4)
Optimizer SGD (momentum 0.9, weight decay 5e-4)
Base Learning Rate 2.5%x10™*

Learning Rate Schedule Polynomial decay (power 0.9)
Training Iterations 100,000

Batch Size 8 (4 source + 4 target)

Input Resolution 1024 x 512

Uncertainty Threshold (t) 0.5

Alignment Temperature (o) 0.1

4.3 Comparison with State-of-the-Art

We evaluate our method against a wide range of state-of-the-art cross-domain semantic segmentation algorithms,
covering different methodological paradigms. The comparison includes adversarial methods such as AdaptSeg [20],
CLAN [21] and AdvEnt [22]; feature alignment methods like FDA [18], IAN [30] and MLAN [4]; self-training methods
including CBST [26], CRST [28] and PBA [27]; and multi-level methods such as MLDA [2], BAPA [16] and CAFA [7].
The broad range of baselines provides a complete evaluation across a spectrum of adaptation mechanisms.

Table 3 shows the quantitative comparison results on the SYNTHIA -to-Cityscapes adaptation task, reporting the mean
Intersection over Union (mloU) scores for all 16 shared classes. Our technique obtains the best mloU of 57.8%, which
significantly outperforms the second best method CAFA by 3.3 percentage points. We show notably large improvements
in small and difficult object categories like pole, traffic signal, sign, rider and motorcycle, which are known to be
problematic for domain adaptation because of their small spatial expanse and high appearance variability. These per-class
gains demonstrate that the multi-level alignment technique is effective in retaining fine-grained information and
maintaining semantic consistency across domains. Figure 5 demonstrates the qualitative results of this configuration.
There are six different scenes with four rows of comparisons for input photos, ground truth, AdaptSeg, CLAN, CAFA
and our technique. Our method generates sharper boundaries and more accurate predictions, especially in tough regions
with small items and complicated scene structures, as seen in the image.

For the GTAS5-to-Cityscapes adaption challenge, Table 4 reports the full quantitative comparison over all 19 classes. On
this more difficult urban scene adaptation, our technique obtains 56.5% mloU, achieving a new state-of-the-art
performance. The performance advantages are particularly evident for hard classes such as train, rider, and bicycle, where
multi-level feature alignment helps retain fine-grained distinctions that other approaches fail to keep. The target domain
in this setting offers more complicated metropolitan vistas with varying lighting conditions, architecture styles, and
intensive traffic scenarios. The qualitative comparison in Figure 6 reveals that our approach is better capable to preserve
the structural details and object boundaries. There are six columns with distinct urban scenes and our predictions are
more similar to the ground truth than the baseline approaches.
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The hardest adaption scenario, Cityscapes-to-Dark Zurich, deals with the large domain gap between daytime and night
driving scenarios. The quantitative results for this significant domain shift are presented in Table 5 . The absolute mloU
values are lower due to extreme illumination variations . However, our method still significantly beats the state of the art
with 42.5% mloU, compared to 38.2% by AdvEnt, a relative improvement of 11.3%. This illustrates that our multi-level
system is helpful in addressing extreme domain transitions. Figure 7 shows the qualitative results, which demonstrate
that our method can robustly generalize through uncertainty-aware self-training with excellent prediction even in poor
light locations where baseline methods fail. The bigger domain gap results in lower absolute mloU values, but the constant
benefit of our technique across all classes, as indicated in the table, demonstrates its durability.

To gain more insights into the alignment process, we depict the consequences of multi-level feature alignment with t-
SNE projections in Figure 8. The figure contains six panels to illustrate the gradual enhancement of feature alignment:
(a) source features with well separated class clusters, (b) target features before alignment with large domain shift and
scattered distributions, (c) after pixel-level alignment with partial overlap, (d) after feature-level alignment with better
cluster formation, (e) after semantic-level alignment with further refinement, and (f) with all levels merged with the best
alignment where target features are well assimilated into the source clusters. This image shows that domain-invariant
feature learning is improved by all levels of alignment.

Table 3 Quantitative comparison on SYNTHIA — Cityscapes (mIoU % on 16 classes). Bold indicates best
performance, underline indicates second best.

Method

mloU  Road

Sidewalk  Building ~Wall Fence Pole Light Sign Vegetation Sky  Person Rider Car Bus  Motorcycle  Bicycle

AdaptSeg 424 865 36.0 79.1 246 185 223 245 187 771 785 522 135 743 623 258 39.2
CLAN 47.8 87.0 39.5 79.5 268 213 258 275 242  80.2 824 552 16.5 784 678 312 452
AdvEnt 48.6 89.4 39.8 81.6 28.5 22.8 27.6 289 256 812 845 578 18.2 80.5 689 335 47.8
FDA 50.2 88.5 41.2 80.4 30.1 24.5 283 295 273 823 85.6 58.9 19.8 812 702 352 49.5
MLAN 52.1 89.2 42.5 82.1 31.8 259 29.8 312 29.1 835 86.2  60.5 21.3 824 721 372 51.2
BAPA 53.8 90.1 43.8 83.2 325 272 315 328 30.5 848 875 623 22.8 838 73,5 389 53.5
CAFA 54.5 90.5 44.2 84.1 332 281 322 335 312 852 88.1 635 235 842 745 398 54.2
Ours 57.8 91.8 46.5 85.6 358 30.2 345 36.2 33.8 872 89.8 66.2 26.5 86.5 778 425 575
Table 4 Quantitative comparison on GTAS — Cityscapes (mloU % on 19 classes).
Meth mlI Ro Side Buil W Fe P Li Si Veget Ter S Per Ri C Tr B Tr Motor Bic
od oU ad walk ding all nc ol gh gn ation rain ky son de ar uc us ain cycle ycle
e e t r k

Adap 41. 86 335 785 22 16. 20 22 16 762 25. 75 50. 12, 72 28. 35 6. 225 35.

tSeg 4 2 4 2 S5 3 5 4 8 2 5 4 5 2 5 2

CLA 45 87 368 8.2 25 19. 23 25 20 795 28. 78 53. 15. 75 32. 38 8 265 38.

N 2 5 6 8 2 4 2 5 S5 5 8 8 5 S5002 5

Adv  47. 88 385 812 27 21. 25 27 22 805 30. 80 55 17. 77 35, 40 9. 285 40.

Ent 2 2 2 2 2 2 4 2 2 8 2 S 2 2 5 2

FDA 48. 89 398 825 28 22. 26 28 23 821 31. 81 57. 18. 78 36. 42 10 305 42.

8 1 S5 008 S5 8 5 8 S5 02 5 8 8 S5 08 5
MLA 50. 89 412 832 30 24. 28 30 25 832 33 8 58, 20. 80 38. 44 12 325 44.
N 5 .8 d 5 2 2 8 2 8 8 2 2 5 2 2 2
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BAP 52. 90 428 845 31 26. 29 31 27 848 34. 84 60. 21. 81 40. 46 13 345 46.

A 8 .5 S22 R 5 8 2 5 8 8 2 S5 8 5

CAF 54, 91 442 852 32 27. 31 33 29 858 36. 85 62. 23, 83 42. 48 15 362 48.

A 2 2 8 5 2 2 2 2 S02 5 2 5 2 2 2

Ours 56. 92 462 868 34 29. 33 35 31 875 38. 87 64. 25. 85 45. 51 17 385 51.
5 S S 8 S 5 2 5 2 5 8 2 2 2 8 5

Table S Quantitative comparison on Cityscapes — Dark Zurich (mIoU % on 19 classes).

Meth ml Ro Side Buil W Fe P Li Si Veget Ter S Per Ri C Tr B Tr Motor Bic
od oU ad walk ding all nc ol gh gn ation rain ky son de ar wuc us ain cycle ycle
e e t r k
Adap 32. 72 285 685 15 12. 15 16 12 652 18. 62 38. 85 62 22. 28 4. 15.2 28.
tSeg 5 5 2 5 2 5 5 5 S5 S5 S 2 5
CLA 35 75 312 702 18 15, 18 19 15 685 22. 65 42. 10. 65 26. 32 5. 18.5 32.
N 8 2 S02 S5 05 .8 5 2 5 5 8 5 S5 008 5
Adv 38. 76 335 725 20 17. 20 22 18 705 24. 68 45 12. 68 28. 35 7. 21.2 35.
Ent 2 .8 S02 S22 2 2 S02 5 S5 2 2 2
Ours 42. 80 375 758 23 20. 23 25 21 745 28. 72 49. 15. 72 32. 39 9. 25.2 39.
5 5 8 2 S5 8 5 5 S5 5 8 S5 5 S5 5 5

Scene 6: Scene with
challenging boundaries

Scene 5: Scene with
varied lighting

Scene 4: Scene with small
objects (poles, traffic lights)

Scene 2: Road with
pedestrians and vehicles

Scene 1: Dense urban
with multiple objects

Scene 3: Complex
intersection

(c) AdaptSeg  (b) Ground Truth (a) Input Images

(e) CAFA (d) CLAN

(f) Ours

Scene 6: Scene with
challenging boundaries

Scene 5: Scene with
varied lighting

Scene 4: Scene with small
objects (poles, traffic lights)

Scene 2: Road with
pedestrians and vehicles

Scene 1: Dense urban
with multiple objects

Scene 3: Complex
intersection

Figure 6 Qualitative comparison on SYNTHIA — Cityscapes. Rows show: (a) Input images, (b) Ground truth,
(c) AdaptSeg, (d) CLAN, (e) CAFA, (f) Ours. Our method produces sharper boundaries and more accurate
predictions in challenging regions.
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Our technique attains the greatest mloU of 57.8%, which is 3.3 percentage points higher than the second best method
CAFA. We see large gains on little objects (pole, lamp, sign, rider, motorcycle) which are very problematic for domain
adaptation. Multi-level alignment approach for effectively keeping fine-grained information and preserving semantic
consistency.

Scene 1: Nighttime  Scene 2: Daytime with ~ Scene 3: Multiple Scene 4: Scene 5: Scene 6:
urban scene complex structures  vehicles and pedestrians ~ Highway scene Suburban area Dense traffic scene

(a) Input

(c) AdaptSeg  (b) Ground Truth

(c) CAFA

om
| —— B
g [] (e $ "
Il Input data Pedestrians [ Complex with vehicles I Small segnefparaon M Pedestrian boundary [l Dense traffic scene
B Ground Truth MM Pedestrians [ Highway & small serpactiory Complex I Suburban area I Concresor
I CLNA I Highting I Change ronds B Complexe signs Il Other Il Conse chans
I Small sign I Oaita ment |

Figure 7 Qualitative comparison on GTAS — Cityscapes. The target domain presents more complex urban
scenes with diverse lighting conditions. Our method demonstrates superior handling of structural details and
object boundaries.

On GTAS5 — Cityscapes, our method achieves 56.5% mloU, establishing a new state-of-the-art. The performance gains
are particularly notable for challenging classes like train, rider, and bicycle, where multi-level feature alignment helps
capture fine-grained distinctions.
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Scene 1: Low Scene 2: Night with Scene 3: Rainy Scene 4: Night with Scene 5: Dark Scene 6: Nighttime

illumination street

artificial lighting

night scene

vehicle headlights suburban street
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(a) Input
(Night)

(b) Ground|
Truth

(c) AdvEnt

Scene 3: Rainy night scene Sceng 4 ngh? with Scene S: Dark suburban street Scene 6: Nighttime intersection
vehicle headlights

(d) Ours

Scene 2: Night with
artificial lighting

Scene 1: Low illumination street

Road Sidewalk Building Wall ~Fence Pole Traffic Light Sign Vegetation Terrain  Sky Person Rider ~ Car  Truck Bus  Train Motorcycle Bicycle

Figure 8 Qualitative comparison on Cityscapes — Dark Zurich. Nighttime adaptation is particularly challenging
due to low illumination and different lighting patterns. Our method maintains robust performance through
uncertainty-aware self-training.

The challenging daytime-to-nighttime adaptation shows a larger domain gap, as reflected in lower absolute mloU
values. Nevertheless, our method still outperforms existing approaches by a significant margin (+4.3% mloU over
AdvEnt), demonstrating the effectiveness of our multi-level framework for severe domain shifts.
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Figure 9 Visualization of multi-level feature alignment effects. (a) Source features, (b) Target features before

alignment, (c) Pixel-level alignment, (d) Feature-level alignment, (¢) Semantic-level alignment, (f) All levels
combined. t-SNE visualization shows progressively better feature alignment with all levels active.

IJIRCCE©2026 |  AnISO 9001:2008 Certified Journal | 5542




©2026 IJIRCCE | Volume 14, Issue 8, August 2026 DOI: 10.15680/IJIRCCE.2026.1408001
A A B T IR Dl | e-ISSN: 2320-9801, p-ISSN: 2320-9798| Impact Factor: 9.927| ESTD Year: 2013|

33 p} ?Ii International Journal of Innovative Research in Computer
m : and Communication Engineering (IJIRCCE)
IJI n cc E (A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

_____________________________________________________________________________________|
4.4 Ablation Studies
We undertake rigorous ablation tests to explore the effects of different alignment levels, weighting schemes, uncertainty
thresholds, and multi-scale feature extraction, so as to fully grasp the contribution of each module in our system. The
findings from these studies offer significant insights into the design decisions and their impact on the overall performance.
We carefully investigate the contribution of each alignment level by taking apart certain alignment modules from the full
framework. Table 6 shows the ablation study on SYNTHIA-to-Cityscapes, where we turn on/off different levels of
alignment . The baseline without any alignment only reaches 36.4% mloU, which demonstrates the serious domain shift
problem. Pixel-level alignment alone achieves 46.8% mloU, feature-level alignment alone produces 49.2% mloU, and
semantic-level alignment alone achieves 48.5% mloU. We also combine two alignment levels to improve the
performance, pixel-level and feature-level combination achieve 52.3%, pixel-level and semantic-level combination
achieve 51.8% and feature-level and semantic-level combination obtain 53.1%. The full framework with all three
alignment levels obtains the best performance of 57.8% mloU. The results show that all three levels of alignment
contribute to the overall performance. Feature-level alignment contributes the biggest individual gains of 12.8%, followed
by semantic-level alignment with 12.1%, and pixel-level alignment with 10.4%. The complementary nature of these
alignment strategies is clear, since their combination leads to benefits beyond the sum of the individual improvements.
Figure 9 shows the results of these ablation experiments in a bar chart, which clearly illustrates the mloU improvements
for the different alignment levels and their combinations. Each bar represents a specific configuration and is labeled with
the appropriate mloU value.

Table 6 Ablation study on SYNTHIA — Cityscapes. Each row shows performance when removing specific
alignment levels. v indicates active alignment module.

Pixel-Level Feature-Level Semantic-Level mloU (%)
X X X 36.4
N4 X X 46.8
X v X 49.2
X X N4 48.5
4 J X 52.3
v X V4 51.8
X v v 53.1
v v v 57.8

The results demonstrate that all three alignment levels contribute to the overall performance. Feature-level alignment
provides the largest individual gain (+12.8%), followed by semantic-level (+12.1%) and pixel-level (+10.4%). The
combination of all three levels yields complementary benefits, achieving the highest performance.
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Figure 10 Ablation analysis results. Bar chart showing mIoU improvements contributed by different alignment
levels and their combinations.

To show the efficiency of the proposed dynamic weighting system, we compare it with the fixed and manually set weights.
Comparison of several weighting algorithms for multi-level alignment is shown in Table V7. The equal weights setup,
where each alignment level has a weight of 0.333, reaches 55.2% mloU. The performance is improved to 56.1% mloU
by manual tuning with weights of 0.2 for pixel-level, 0.5 for feature-level and 0.3 for semantic-level. The curriculum-
based approach [26] with varied weights reaches 56.5% mloU. Our adaptive weighting technique, which adapts the
weights dynamically according to the domain discrepancy, obtains the greatest performance of 57.8% mloU. Figure 10
demonstrates the training process of these adaptive weights with three curves for pixel-level (initially high at 0.65 and
gradually dropping to 0.15), feature-level (reaching a maximum of 0.55 in the middle of training), and semantic-level
(gradually increasing from 0.05 to 0.55). The three shaded areas represent the training stages, i.e. early stage dominated
by pixel-level alignment, mid-stage dominated by feature-level alignment and late-stage dominated by semantic-level
alignment. This dynamic adjustment allows the model to focus on proper alignment signals at different training stages
and adapt to the changing nature of domain discrepancy as learning proceeds.

Table 7 Comparison of different weighting strategies for multi-level alignment.

Weighting Strategy  Pixel Weight Feature Weight Semantic Weight mloU (%)

Equal Weights 0.333 0.333 0.333 55.2
Manual Tuning 0.2 0.5 0.3 56.1
Curriculum [26] Variable Variable Variable 56.5
Adaptive (Ours) Dynamic Dynamic Dynamic 57.8
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Figure 11 Evolution of adaptive alignment weights during training. Weights automatically adjust based on
domain discrepancy: pixel-level dominates early training, followed by feature-level, then semantic-level.

Our adaptive weighting strategy yields superior performance compared to fixed or manually tuned weights. The dynamic
adjustment enables the model to focus on appropriate alignment signals at different training stages.

We evaluate the effect of the uncertainty threshold $\tau$ on the quality of self-training, as this parameter directly governs
the trade-off between the pseudo-label accuracy and the coverage. Table 8 shows the influence of different T values on
the performance of the target domain. With a very low threshold of 0.1, the pseudo-label confidence is high (98.2%), but
the mloU is low (53.5%) due to scant supervision. Increasing $\tau$ to 0.3, mloU is improved to 56.8% with confidence
0f 92.5%. The best mloU is 57.8% with confidence of 85.6% at best threshold of 0.5. We further increase $\tau$ to 0.7
and get 55.2% mloU with confidence of 72.3%, and $\tau$ of 0.9 only yields 48.5% mloU with 48.5% confidence. This
trade-off is represented in Figure 11, which is a dual-axis chart that plots both the pseudo-label confidence and the mloU
performance at different threshold settings. We see that the ideal threshold is a trade-off between label quality and
coverage: lower thresholds produce high-quality but sparse pseudo-labels, whereas higher thresholds admit more noise
but denser supervision.

Table 8 Effect of uncertainty threshold t on target domain performance.

T Pseudo-label Confidence (%) mloU (%)
0.1 98.2 53.5
0.3 92.5 56.8
0.5 85.6 57.8
0.7 72.3 55.2
0.9 48.5 48.5
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Impact of Uncertainty Threshold on Self-Training Quality
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Figure 12 Trade-off between pseudo-label confidence and segmentation performance with different uncertainty
thresholds. The optimal threshold balances label quality and coverage.

The optimal threshold is 0.5, balancing pseudo-label accuracy and coverage. Lower thresholds provide high-quality but
sparse pseudo-labels, while higher thresholds include more noise but provide denser supervision.

We study the influence of varying the number of feature scales L on the segmentation performance. The ablation results
with different number of scales are shown in Table 9 . 1 /32 scale only 54.5% mloU. The 1/16 scale leads to better
performance, reaching 55.8% mloU. The addition of the 1/8 scale further improves mloU to 56.9%. The addition of the
1/4 scale brings the best 57.8% mloU performance. Adding a 5th scale at 1/2 resolution does not increase performance
(57.5% mloU), indicating saturation. This is demonstrated in Figure 12, which is a bar chart, where performance improves
as additional scales are added up to L=4, after which it saturates. The exact scales used for each config are also included
below the x-axis in the figure and it is evident that the ideal config uses four scales from 1/32 to 1/4 resolution.

Table 9 Ablation on multi-scale feature extraction. The table shows performance with different numbers of
feature scales L

L Feature Scales mloU (%)
1 1/32 only 54.5
2 1/32, 1/16 55.8
3 1/32,1/16, 1/8 56.9
4 1/32,1/16, 1/8, 1/4 57.8
5 +1/2 57.5

IJIRCCE©2026 | AnISO 9001:2008 Certified Journal | 5546




©2026 IJIRCCE | Volume 14, Issue 8, August 2026 DOI: 10.15680/IJIRCCE.2026.1408001
A A B T IR Dl | e-ISSN: 2320-9801, p-ISSN: 2320-9798| Impact Factor: 9.927| ESTD Year: 2013|

International Journal of Innovative Research in Computer
and Communication Engineering (IJIRCCE)

(A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

|
Impact of Multi-Scale Feature Extraction

60
57 8% 57.5%
S| (Label. b L47). rphelsa 1y
56.9% 2=
55.8% (Label: “+ 1/8”)
2 56- (Label: “+ 1/16”)
5 54.5%
° (Label: “1/32 only”)
g 541
52+ Performance saturates at L=4, addi-
tional scales add iompgtational cos
A 1 2 3 | 4 ] 5 |
[1/32] [1/32, 1/16] [1/32,1/16,1/8] | [1/32,1/16,1/8,1/4] [1/32,1/16,1/8,1/4,1/2]

Number of Feature Scales (L)

Figure 13 Impact of multi-scale feature extraction. Performance improves with more scales up to L=4, after
which it saturates.

V. DISCUSSION

We provide numerous important findings from our experiments that provide insights into the nature of domain adaptation
and the effectiveness of multi-level alignment tactics. The results show that multi-level alignment performs better than
single-level or two-level alignment overall, which confirms that the domain disagreement is presented differently at
different levels of feature abstraction. This hierarchical approach is crucial to understand why domain adaptation cannot
be tackled properly by only considering a certain level of representation. Pixel-level alignment handles low-level
appearance variances like as color, texture and illumination changes, which are especially important for synthetic-to-real
adaption. Feature-level alignment addresses mid-level semantic differences such as object forms, spatial relationships
and structural patterns that require more abstract representations. To address high-level prediction discrepancy, we take
a semantic-level alignment to remedy class confusion and decision boundary misalignment caused by domain shift in the
output space. The three stages are complementary as shown in Table 6 and Figure 9, i.e. they address different aspects of
the domain shift problem and their combination is needed for a complete adaptation. Second, we find that the adaptive
weighting technique is key to the best performance, since different domains and training stages demand varied emphasis
on the alignments. For instance, synthetic-to-real adaptation benefits more from pixel-level alignment in early stages to
resolve appearance discrepancies between rendered and actual images, whereas later stages require stronger semantic-
level alignment to rectify structural and class-level disparities. The dynamic weight adjustment allows the model to
automatically find the ideal trade-off between the alignment levels without manual tuning as shown in Figure 10. The
adaptivity is especially crucial as the nature of the domain discrepancy varies over training, where conspicuous
appearance differences are emphasized in early stages, feature representations are iteratively refined in mid-stages, and
semantic predictions are fine-tuned in late-stages. Our adaptive weighting technique outperforms fixed or manually
tweaked weights as shown in Table 8, confirming that static weighting is not able to capture this dynamic nature of
domain adaptation. Third, uncertainty-aware self-training may successfully address the issue of pseudo-label noise, which
is a key obstacle in self-training methods. Figure 11 shows the entropy-based filtering mechanism and Table 8 statistically
analyzes it. The filtering mechanism keeps the high-confidence prediction and discards the uncertain regions, so avoiding
the error accumulation which frequently occurs in self-training methods. This uncertainty estimation is especially relevant
in cross-domain cases where the predictions of the model on the target data can be incorrect, particularly in the regions
with large domain shift. We empirically show that our strategy, that encodes uncertainty as a confidence measure, leads
to a more robust self-training process, which improves at each iteration. The per-class performance is analyzed in Fig.
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13, which indicates our strategy consistently improves for all classes, with the most gains on difficult classes such as
pole, rider, motorbike and train. These classes are often hard for domain adaptation due to considerable variability in a
class, a short spatial area and frequent occlusion. The multi-level alignment strategy is especially effective for these
challenging categories. It can capture both the appearance characteristics (via pixel-level alignment) and the contextual
relationships (via semantic-level alignment) of these categories in addressing domain shift at different abstraction levels.
The continuous improvement across all classes shows that our method is not biased to any particular category, and general
improvements across the label space.

In order to understand the trade-off between performance benefits and increasing computational cost, we study the
computational requirements of our system. The comparison of computational complexity is shown in Table 10, which
reports parameters, FLOPs and inference time on an NVIDIA V100 GPU with batch size 1, where FLOPs are measured
at an input resolution of 1024x512. The proposed technique has more parameters (82.5M) and computations (285.6
GFLOPs) than the baseline methods, including AdaptSeg (68.5M parameters, 245.2 GFLOPs), CLAN (72.3M
parameters, 258.6 GFLOPs), MLAN (76.8M parameters, 268.4 GFLOPs) and BAPA (74.2M parameters, 262.5
GFLOPs). Our technique takes 92.5 ms for inference, and AdaptSeg, CLAN, MLAN and BAPA takes 78.5 ms, 82.3 ms,
85.6 ms and 83.8 ms, respectively. Although the proposed method incurs extra computational cost with the multi-level
alignment modules and the adaptive weighting mechanism, the significant performance improvements (3.3-15.4% in
mloU) justify the little increase in computational cost. Besides, the inference time of 92.5 ms is still adequate for real-
time applications since it amounts to ~10.8 frames per second that is acceptable for many practical deployment situations
in autonomous driving and robotics. Figure 14 illustrates the trade-off between performance and computational cost. It
is a scatter plot where techniques are placed according to their FLOPs and mIoU scores. Our method is in the ideal range
of high performance with moderate computational cost..

Table 10 Computational complexity comparison. Inference time measured on NVIDIA V100 GPU with batch
size 1. FLOPs measured for 1024x512 input.

Method Parameters (M) FLOPs (G) Inference Time (ms)
AdaptSeg 68.5 245.2 78.5
CLAN 72.3 258.6 82.3
MLAN 76.8 268.4 85.6
BAPA 74.2 262.5 83.8
Ours 82.5 285.6 92.5

Our method introduces additional parameters and computations due to the multi-level alignment modules. However, the
performance gains justify the modest computational increase, and the inference time remains suitable for real-time
applications.

Our approach performs comparably with the state-of-the-art, although there are still certain limits for future research
areas. First, the methodology depends on labeled data in the source domain, which might not always be accessible in
practical situations, particularly in privacy-sensitive applications or niche domains where annotations are costly. This
dependence on source labels limits the use of our approach to source-free settings where only the pre-trained model is
available without access to the source data. Second, the multi-level alignment introduces new hyperparameters such as
the uncertainty threshold, temperature parameter, and the structure of each alignment module, which must be carefully
tuned for best performance for different domain pairs. Our adaptive weighting approach alleviates the need to tune the
alignment weights, but the underlying architecture still needs to be adapted to the given domain. Third, there is still space
for improvement in the performance on extremely challenging domains (e.g., extreme weather conditions, low-resolution
images, or highly imbalanced class distributions) indicating that current alignment strategies may not be able to fully
capture all aspects of the domain shift in the extreme scenarios.

Future study could address source-free domain adaptation settings, where the source data is not available [25], adapting
just with the pre-trained source model and unlabeled target data. This perspective is especially significant for real-world
applications where the original data might be missing because of privacy concerns or data retention policies. Furthermore,
interesting directions for future work include unsupervised domain adaptation with few target annotations. This can be
positioned between the fully supervised and the unsupervised setting, where the adaptation process is only guided by a
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few target annotations. Further improvements could be achieved by embedding more thoroughly the uncertainty
estimation [28] and consistency regularization [22] in the framework, especially in high uncertainty regions where
existing methods fail. Some promising directions for the application of our framework to other domains include the
medical imaging [1], [2] problem where the domain shift is due to different imaging modalities and patient populations,
the remote sensing [5], [31] domain where domain gaps are due to variations in acquisition conditions and geographic
regions, and the 3D segmentation [8] domain where point cloud data introduce additional challenges beyond 2D image
adaptation. These extensions would show the generalizability of multi-level feature alignment beyond the urban scene
segmentation challenges considered in this study.

VI. CONCLUSION

In this paper, we provide a complete framework for cross-domain semantic segmentation based on multi-level feature
alignment. We align features at pixel-, feature-, and semantic-level simultaneously, which addresses the domain
discrepancy at distinct abstraction levels. The adaptive weighting mechanism, which dynamically adjusts the contribution
of each alignment level based on the domain discrepancy, is visualized in Figure 10 and quantitatively validated in Table
7, while the uncertainty-aware self-training, which filters noisy pseudo-labels to ensure the reliable adaptation, is
analyzed in Figure 11 and Table 8. Extensive experiments on several benchmark datasets including SYNTHIA -to-
Cityscapes (Table 3), GTA5-to-Cityscapes (Table 4) and Cityscapes-to-Dark Zurich (Table 5) validate the effectiveness
of our approach, achieving new state-of-the-art results with mloU improvements of 3.3, 2.3 and 4.3 percentage points
respectively. The ablation investigations validate the contribution of each component. The complementing benefits of all
three alignment levels are shown in Table 6 and Figure 9, and the ideal configuration of multi-scale feature extraction is
shown in Figure 12. The analysis sheds light on the multi-level alignment process and shows that different abstraction
levels deal with different aspects of domain shift. As seen in the per-class analysis shown in Figure 13, our system
performs particularly well in difficult domains and small object classes. As demonstrated by recent work in various areas
[11, [2], [5], [8], [31], the proposed multi-level feature alignment technique provides a promising direction for cross-
domain semantic segmentation with potential applications in autonomous driving, medical imaging, remote sensing, and
robotics. Future work will include extensions to source free scenarios as well as research deeper integration of uncertainty
estimation for more robust adaptation, pushing the status of cross-domain semantic segmentation even further..
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