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Abstract

Image segmentation is a powerful computer vision tech-
nique for scene understanding. However, real-world de-
ployment is stymied by the need for high-quality, metic-
ulously labeled datasets. Synthetic data provides high-
quality labels while reducing the need for manual data col-
lection and annotation. However, deep neural networks
trained on synthetic data often face the Syn2Real problem,
leading to poor performance in real-world deployments.

To mitigate the aforementioned gap in image segmenta-
tion, we propose RAFT, a novel framework for adapting im-
age segmentation models using minimal labeled real-world
data through data and feature augmentations, as well as ac-
tive learning. To validate RAFT, we perform experiments
on the synthetic-to-real “SYNTHIA— Cityscapes” and
”GTAV—Cityscapes” benchmarks. We manage to surpass
the previous state of the art, HALO. SYNTHIA— Cityscapes
experiences an improvement in mloU* upon domain adap-
tation of 2.1%/79.9%, and GTAV—Cityscapes experi-
ences a 0.4%/78.2% improvement in mloU. Furthermore,
we test our approach on the real-to-real benchmark of
" Cityscapes—ACDC”, and again surpass HALO, with a
gain in mloU upon adaptation of 1.3%/73.2%. Finally, we
examine the effect of the allocated annotation budget and
various components of RAFT upon the final transfer mloU.

1. Introduction

Image segmentation is a fundamental task in computer vi-
sion and digital image processing, which attempts to sep-
arate an image into discrete regions on a per-class ba-
sis. It involves classifying pixels or groups of pixels
based on shared characteristics such as intensity, color,
texture, or spatial proximity, serving as a critical prepro-
cessing step in applications such as medical imaging[25]
, autonomous driving[17], remote sensing[!1], and robot
navigation[1, 40]. Deep neural networks have revolution-
ized image segmentation, becoming the state-of-the-art ap-
proach for this task [26]. Despite these advancements, their
reliance on large datasets with pixel-level annotations is
a major barrier to widespread deployment. Automatically

generated synthetic data presents a promising solution, en-
abling the creation of virtually unlimited datasets cover-
ing diverse scenarios at minimal cost. However, models
trained on synthetic data often struggle to generalize to real-
world data—an issue commonly known as the Syn2Real or
Sim2Real problem[16].

Specifically, the Sim2Real and Syn2Real problems are a
subset of the larger domain shift problem [29]. Although
well-curated synthetic datasets may share the same seman-
tic content as a real-world counterpart, they often do not
share the same “’style” [32]. Within the task of computer
vision, given the difficulty of achieving complete photore-
alism and accuracy within images, synthetic data generally
contains simplified geometry, textures, and lighting com-
pared to its real-world counterparts. Therefore, when train-
ing a model mostly or exclusively on synthetic data, the dis-
tribution of image features the model learns from ends up
differing significantly from the distribution of image fea-
tures within real-world domains.

Most techniques proposed to tackle this domain shift at-
tempt to reduce the distance between the training distribu-
tion and the target distribution. For example, the current
state of the art in domain adaptation for image segmentation
is Hyperbolic Active Learning Optimization [8] (HALO),
which takes advantage of properties of hyperbolic geome-
try to perform active domain adaptation [43] [30]. Through
carefully curated label acquisition of a small percentage of
especially challenging pixels from the real-world domain,
HALO creates a hybrid training distribution closer to the
target distribution. However, while this strategy offers sig-
nificant benefits for underrepresented classes, it also in-
herently limits how much the training distribution can be
shifted.

To this end, we propose: Robust Augmentation of
FeaTures for Image Segmentation, or RAFT. RAFT ex-
tends HALO’s method of active domain adaptation for ex-
panding the synthetic training distribution with a minimal
amount of real-world data and feature augmentation. We
showcase a high-level overview of RAFT in Figure 1. Hy-
perbolic feature augmentation steadily expands the distribu-
tion of each class by generating novel features within those
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Figure 1. The proposed architecture of our RAFT framework. The classifier allows for active learning via uncertainty detection, while the
HFA module generates novel instances of classes, thus enabling better generalization upon domain transfer.

classes, through sampling and interpolation. Our imple-
mentation of Domain Adaptation via Cross-domain Mixed
Sampling [36] (DACS) utilizes the same combined hyper-
bolic radius and entropy certainty measure HALO does in
order to select pixels of the target dataset in which the model
has a high degree of prediction certainty. From these re-
gions of high certainty, pseudolabels are generated, and the
source-domain image has its pixels replaced with those of
the pixels of high certainty from the target dataset. Thus,
a combined source-target image along with corresponding
labels is generated during training time. Our contributions
are summarized as follows:

* We extend Hyperbolic Feature Augmentation (HFA) from
image classification to image segmentation tasks.

* We utilize the uncertainty predictions HALO gives us
to perform Domain Adaptation via Cross-Domain Mixed
Sampling (DACS).

* We achieve state of the art results on the
SYNTHIA—Cityscapes and GTAV—Cityscapes bench-
marks. On SYNTHIA—Cityscapes, we achieve a 2.1%
and 1.4% improvement in the 13-class and 16-class
mloU’s respectively upon adaptation, leading to a 79.9%
13-class and 83.5% 16-class mloU, respectively upon
transfer. We get a smaller but still notable improvement
on GTAV—Cityscapes of 0.4%, leading to a final mloU
of 78.2%

¢ We evaluate RAFT on the real-to-real domain adaptation
benchmark of Cityscapes—ACDC and achieve an im-
provement in mloU upon adaptation of 1.3%, resulting

in a final mIoU of 73.2%

* We ablate each component of our proposed RAFT frame-
work and their contribution to the final model perfor-
mance upon domain adaptation.

2. Related Works

In this section, we will address the key challenges relevant
to our RAFT framework by reviewing related work on area
imbalance, augmentation methods, and knowledge distilla-
tion strategies in semantic segmentation.

2.1. Handling Data Imbalance

Data imbalance in image segmentation occurs when dom-
inant regions, such as large backgrounds, overwhelm
smaller, critical objects, leading to suboptimal model train-
ing and poor performance on rare classes.

2.1.1. Algorithmic Approaches

To address this, algorithm-based approaches like the local-
ized maximum likelihood decision rules by Chan et al. [5]
reweight pixel predictions to better detect rare classes, Re-
mote sensing imagery, with its multi-scale and complex
scenes, presents additional challenges. Recent works have
integrated scale-adaptive mechanisms within network archi-
tectures to tackle these issues. For example, Wang et al. [39]
designed an unbalanced class learning network that dynam-
ically fuses multi-scale features, and Zhou et al. [45] intro-
duced a dynamic effective class balanced approach using
weighting strategies based on effective samples.
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2.1.2. Data Augmentation Methods

In addition to algorithmic approaches, data augmentation
is another technique for dealing with data imbalance. Tra-
ditional augmentation methods, such as geometric trans-
formations (rotation, flipping, cropping, and scaling) and
photometric adjustments (brightness, contrast, and color
alterations), have been widely used to improve model
generalization by increasing dataset diversity [2]. Deep
learning-based augmentation methods leverage generative
models [14, 15, 33] to synthesize new data points that
capture complex variations beyond simple transformations.
These generative models have been successfully applied
in medical imaging [4, 9, 24, 41] and underwater object
recognition[21, 22], demonstrating their potential to gen-
erate realistic synthetic samples that enhance model robust-
ness.

Recent advancements in augmentation strategies ex-
tend beyond raw image transformations to feature space
modifications. Methods such as feature-based augmenta-
tion [20] [38] introduce diversity at a more abstract level,
leveraging learned feature embeddings to generate novel
training samples. This approach has been particularly ef-
fective in semi-supervised learning settings, where labeled
data is scarce [19].

Hyperbolic neural networks often struggle to gener-
alize when trained on few-shot, limited datasets. HFA
addresses this issue by leveraging feature augmentations
in hyperbolic space. Specifically, HFA generates class-
identity-preserving features by modeling their distribution
with a per-class wrapped normal distribution on the hyper-
bolic manifold. To accurately estimate the parameters of
each distribution—including hyperbolic curvature, mean,
and covariance—HFA employs a meta-learning framework
based on neural ordinary differential equations (ODEs). In
this framework, the iterative update of distribution parame-
ters is modeled as a continuous gradient flow, which is then
solved via the RK4 [3] method. This neural ODE-based
gradient flow network leverages prior knowledge to achieve
a more precise approximation of the underlying distribution
even in data-scarce regimes.

Furthermore, a Euclidean upper bound on the augmen-
tation loss is derived, negating the need for computation-
ally expensive hyperbolic operations, and enabling efficient
training of a distance-based classifier in hyperbolic space.
These augmentation techniques, whether in image or fea-
ture space, collectively improve model generalization and
robustness in real-world applications. Building on this, our
RAFT framework extends Hyperbolic Feature Augmenta-
tion (HFA) from classification to segmentation tasks and in-
tegrates multiple complementary augmentations to explic-
itly address class imbalance and uncertainty.

3. Method

In this section, we introduce RAFT (Robust Augmenta-
tion of FeaTures), our framework for domain adaptation
in image segmentation. We first provide an overview of
HALO, which forms the foundation of our approach, and
then present our novel extensions: (1) a pixel-level adapta-
tion of Hyperbolic Feature Augmentation (HFA), (2) a hy-
perbolic mixup technique, (3) a class-balanced focal loss,
and (4) Domain Adaptation via Cross-Domain Mixed Sam-
pling (DACS). Together, these components form a compre-
hensive solution to the Syn2Real problem in image segmen-
tation.

3.1. Hyperbolic Active Learning Optimization

HALO provides the foundation for our approach by lever-
aging hyperbolic geometry to identify data-scarce regions.
It interprets hyperbolic radius—the distance of hyper-
bolic pixel embeddings from the origin of the hyperbolic
space—as a proxy for data scarcity. By combining this ra-
dius with prediction entropy, HALO generates an acquisi-
tion score that guides active learning, identifying the most
uncertain pixels for label acquisition.

The key insight of HALO is that by strategically acquir-
ing labels for a small set of challenging real-world pixels
and combining them with fully labeled synthetic data, the
training distribution can be expanded to more closely match
the target distribution. This reduces the domain gap in a
label-efficient manner.

However, both HALO and other works have noted that
rare or underrepresented classes (e.g., pedestrians and cy-
clists in autonomous driving datasets) exhibit disproportion-
ately high classification uncertainty due to dataset class im-
balance. This area imbalance problem limits the effective-
ness of uncertainty-based active learning alone.

Our RAFT framework addresses this limitation by inte-
grating HFA and DACS into HALO’s active learning stage.
These additions generate more diverse, challenging training
data specifically for classes disadvantaged by area imbal-
ance. As these augmented samples shift the training distri-
bution over time and reduce its distance from the target dis-
tribution, the overall classification uncertainty decreases, al-
lowing the acquisition stages of HALO to focus exclusively
on the most challenging areas for label acquisition.

3.2. Pixel-Level Hyperbolic Feature Augmentation

A key challenge in adapting HFA from image classifica-
tion to semantic segmentation lies in the fundamental differ-
ences between their feature spaces. In image classification,
input images are heavily compressed into relatively simple
feature vectors prior to classification, with each embedding
ultimately representing a single class. This allows the sim-
ple neural ODE architectures in the original HFA to effec-
tively model this restricted embedding space on a per-class
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basis.

In contrast, the dense feature maps created by image
segmentation networks are significantly larger and more
complex, retaining substantial spatial information and po-
tentially containing data for many classes simultaneously.
Generating such detailed feature maps while preserving ac-
curate spatial information is beyond the capabilities of the
original neural ODE approach.

Therefore, we take a different approach. Similar to
the original HFA, we generate an approximate hyperbolic
wrapped normal distribution for each semantic class via
neural ODEs. However, instead of attempting to generate
entire feature maps, we sample individual pixel embeddings
from these class-specific distributions. Using these sampled
pixel embeddings, we then perform weighted interpolation
in hyperbolic space between the pixel embeddings extracted
from the image and our generated embeddings on a per-
class basis. To avoid confusion, throughout the rest of this
subsection, we use the term “real” as a shorthand for the
pixel embeddings we extract from training images.

Specifically, we utilize the weighted Mobius gyromid-
point [37]:
7an) =

My (L1, oy Ty Q- e

1 " N 1
2 B Z n e i )
=1 D i1 O ()\Sj - 1)

where x; represents the real and sampled pixel embed-
dings, «; represents the weight that each x; contributes to
the final interpolated embedding, and —«x is the curvature of
the hyperbolic space. Following HALO, we fix the curva-
ture at -1.

To balance diversity and stability during training, we dy-
namically adjust the interpolation weights:

{Oéinitial — ¢ Gt Gl
Q; = -
1 — (uinjgal — ¢ - Soia=9md ) if 7, js sampled
2
where ¢ is the current training step, 7' is the total num-
ber of training steps, qiniia = 0.8 is the initial weight for
real embeddings, and afny = 0.5 is the final weight. This
means we initially rely more heavily on real embeddings
(80% real, 20% sampled), and gradually transition to more
heavily weight the sampled embeddings over the course of
training.

Unlike the original HFA, which uses a distance-based
classifier and a Euclidean upper bound for its loss function,
we retain HALO’s hyperbolic multinomial logistic regres-
sion [10] (HyperMLR) pixel classifier.

if x; is real

3.2.1. Hyperbolic Mixup

To further increase feature diversity while preserving man-
ifold structure, we implement mixup in hyperbolic space.

For each class, we take real pixel embeddings {hi}?-;l, and
create pairs by shuffling them to obtain {h.};”,. We then
sample coefficients \; ~ Beta(«, «). Finally, we perform
geodesic interpolation using the Mobius gyromidpoint:

R = (hiy Bl Ay 1= Ng) 3)

We combine these mixed embeddings with the sampled
embeddings from our learned class distributions into a sin-
gle augmentation pool Hyy, = [A™*, h5¥"h]. When rein-
tegrating these features into the spatial feature map, we ran-
domly select either the mixed or sampled embeddings on a
per-class basis.

3.2.2. Class-Balanced Focal Loss

To directly address class imbalance in image segmentation,
we integrate a class-balanced focal loss [27] adapted for hy-
perbolic space:

N N~ 1-8
Len(y:9)=—Y 1_75,%(1 = pe)yclog(pe) (4
c=1

where n. is the number of pixels belonging to class ¢,
B is a hyperparameter controlling class balancing, v = 2.0
is the focusing parameter, and p, is the predicted proba-
bility for class c. This approach automatically adjusts the
weight of each class based on its frequency while focusing
on hard-to-classify pixels, which is particularly beneficial
for boundary regions and minority classes.

3.2.3. Meta-Learning for Distribution Estimation

Following the original HFA methodology, we use a meta-
learning approach to train the gradient flow networks for
distribution estimation. For each training iteration, we ran-
domly partition the source dataset into a training set D, and
a validation set D,,. Within the inner loop, we then use D; to
estimate distribution parameters via neural ODEs and train
the segmentation model with generated augmentations. Fi-
nally, within the outer loop we evaluate model performance
on D, and update the gradient flow networks to minimize
validation loss.
The complete HFA loss is formulated as:

Ehfa = Eorig,cls + Eaug,cls + )\divﬁdiv
—_— — N——

Classification Losses Diversity Loss

®)

+ Aprolo;egﬁprot(ueg +  Amean_var Lrnean_var
— N

Prototype Regularization ~ Distribution Regularization

Where Lo s is the classification loss on original fea-
tures, Laugcls is the classification loss on augmented fea-
tures, Lgiy promotes diversity, Lprooree regularizes class
prototype locations in hyperbolic space, and Lean_yar CON-
strains the estimated distribution parameters to prevent
overfitting.
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3.3. Domain Adaptation via Cross-Domain Mixed
Sampling

The final component of our RAFT framework is Domain
Adaptation via Cross-Domain Mixed Sampling (DACS).
DACS enhances unsupervised domain adaptation by mixing
labeled images from the source domain with unlabeled im-
ages from the target domain through a class-wise cut-and-
paste approach.

The major innovation in our implementation is lever-
aging the certainty measures already computed by HALO.
Specifically, we identify regions in the target dataset where
the model has high prediction certainty (using the same
combined hyperbolic radius and entropy measure that
HALO uses). We then generate pseudo-labels for these
high-certainty regions and replace corresponding pixels in
the source domain image with these high-certainty pixels
from the target domain. This creates a mixed source-target
image with corresponding labels during training, effectively
leveraging the most reliable information from the target do-
main.

3.4. Training Process

Following HALO’s approach, we first pretrain our image
segmentation model on the source dataset and then perform
domain adaptation. During the domain adaptation stage, we
retain HALO’s mixed active learning/supervised learning
approach but additionally apply our feature augmentations.
The final composite loss during active domain adaptation

is:
'Ctotal = Esrc + ﬂlgt + /\hfa'chfa + ACdacs (6)

where Ay, is the weight assigned to the HFA loss, which
we keep set to 0.1.

Through this comprehensive approach, RAFT effec-
tively addresses both the domain gap and the class im-
balance issues inherent in Syn2Real image segmentation,
leading to significant performance improvements as demon-
strated in our experiments.

4. Experimental Setup
4.1. Datasets

To evaluate our proposed RAFT framework, we first con-
duct experiments on the widely used synthetic-to-real do-
main adaptation benchmarks of SYNTHIA— Cityscapes
GTAV—Cityscapes, as well as the real-to-real do-
main adaptation benchmark of Cityscapes—ACDC. SYN-
THIA [34] and GTAV [31] contain 9,000 and 25,000
synthetic images respectively. On the other hand,
Cityscapes [7] consists of 25,000 images captured from cars
in various cities around Germany, with 5,000 of these im-
ages having fine-grained labels. Finally, ACDC [35] con-
tains 4000 fine-grained labeled images captured from cars

in adverse settings containing rain, snow, fog, and nighttime
conditions.

4.2. Implementation Details

Within all of our experiments, we made use of PyTorch [28]
to develop and train our models. To perform calculations in
hyperbolic space, we made use of the geoopt [18] library,
and in order to train the neural ODE’s used for estimat-
ing the wrapped normal distribution parameters, we use the
torchdiffeq [6] library. We resize all images from GTAV
and SYNTHIA to 1280 x 720, while we resize all images
from both Cityscapes and ACDC to 1280 x 640.

Due to its excellent performance in image segmentation
tasks, we make use of the SegFormer [44] architecture. For
our benchmarks, we specifically utilize the B4 variant of
SegFormer variant, with 64.1 million parameters. For our
ablation studies examining annotation budgets and RAFT
components, we make use of the SegFormer B0 variant
which contains only 3.7 million parameters. When train-
ing our SegFormer models, we utilize the AdamW [23] op-
timizer to train all components of our model and the HFA
components, with a base learning rate of 6 x 107> and a
polynomial schedule using a power of 0.5. For training the
HFA components, we again use AdamW, however, we use
a base learning rate of 6 x 10~%, and no scheduler.

We evaluate our models via the standard met-
rics for image segmentation of mean Intersection-over-
Union and per-class Intersection-over-Union. Apart from
SYNTHIA—Cityscapes, each benchmark has 19 classes
and we only report a singular mloU value for these 19
classes. SYNTHIA has 16 classes and we report two mloU
metrics when evaluating a SYNTHIA-trained model, one
for only 13 classes (mloU), and one for all 16 classes
(mlIoU%).

5. Results

In this section, we describe the outcomes of our various
benchmarks, and analyze the impact of various components
within our proposed method.

5.1. Comparison With the State-of-the-Art

Table | shows the results of SYNTHIA—Cityscapes do-
main adaptation. RAFT’s performance exceeds that of
the other state-of-the-art methods, with a 13-class mloU
of 79.9, and a 16-class mloU of 83.5%. Even using
the same architecture and annotation budget, RAFT man-
ages to improve over the previous best method, HALO,
with an improvement in the 13-class mloU of 2.1%, and
an improvement in the 16-class mloU of 1.4%. On
GTAV—Cityscapes, with the same annotation budget,
RAFT similarly displays an improvement, achieving a mod-
est gain of 0.4% over HALO, resulting in a final mloU of
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[5)
= B0 g —g.
< ; 5 8 o = % g 5 g i
2 = = o = = Z 5 £
Model moU moUr § % £ § & & =2 2 ¢ & g 2 5 2 & %
RAFT ScgFormer B4 (ours) 799 835 983 871 930 661 646 622 692 778 933 052 8I8 629 054 892 650 7638
HALO SegFormer B4 [8] 778 821 983 865 926 610 615 606 6.6 762 932 946 808 589 950 851 627 756
RIPU DeepLabv2 [42] 700 757 968 766 89.6 450 477 450 530 625 906 927 730 529 931 805 524 70.1
ILM-ASSL DeepLabv3+ [12] 766  82.1 974 80.1 918 386 552 641 709 787 916 945 827 60.1 944 817 668 772
DWBA-ADA DeepLabv3+ [13] 727 78.1 974 903 472 479 534 572 676 917 942 762 550 938 834 551 721  78.1

Table 1. Comparison of Syn2Real methods for image segmentation on SYNTHIA to Cityscapes. mloU* utilizes 13 classes, excluding
“wall”, "fence”, and "pole”, while mloU utilizes all 16 classes within SYNTHIA.

= )
=] o0 2 8
£ . i g : . g 3
=] 5 = = 1] o = = 2 s o 2 5 . S - =l = >
Model moU ¢ % 2 £ & & 2 2% ¢ §5 & 2 ® B g £ E g8 3
RAFT SegFormer B4 (ours)  78.2 983 858 927 638 627 616 692 773 925 640 949 809 623 0951 865 861 734 633 756
HALO SegFormer B4 [8] 778 982 854 925 625 616 583 677 749 922 651 947 799 608 946 841 854 836 612 755
RIPU DeepLabv2 [42] 712 970 773 904 546 532 477 559 641 902 592 932 750 548 927 730 797 689 555 703
ILM-ASSL DeepLabv3+[12] 761 969 778 91.6 467 560 632 708 774 919 549 945 823 612 949 793 881 753 658 776
DWBA-ADA DeepLabv3+[13] 719 975 805 908 547 522 533 557 652 910 610 935 753 536 929 818 752 629 578 716
Table 2. Comparison of Syn2Real methods for image segmentation on GTAV to Cityscapes
RAFT SegFormer B4 HALO SegFormer B4 RAFT SegFormer BO

Cityscapes
. -

Figure 2. On the left are various images from Cityscapes’ validation split. In the middle are segmentation masks created by our SegFormer
B4 model trained via our proposed RAFT framework. On the right are segmentation masks created by a DeepLabv3+ model trained via

ILM-ASSL.

78.2% upon domain adaptation as shown in Table 2. Ta-
ble 3 showcases the real-to-real Cityscapes—ACDC bench-
mark results, RAFT improves over HALO by 1.3%, with an
mloU upon transfer of 73.2%.

Examining the segmentation masks generated by RAFT
and HALO using SegFormer B4 on the Cityscapes valida-
tion split, shown in Figure 2, while both segmentations are

generally high quality, one notices that where HALO ap-
pears to struggle with the hood and its ornament of the car
the photos are being captured from, RAFT has compara-
tively little trouble in ignoring it, with the obvious excep-
tion of the first photo, in which it misclassifies the hood
ornament as being a bicycle, and a small part of the hood
as being a person. Additionally, within the second photo,

= 2
E on .2 S
R @ g = g » £ oz
9 2 = = o] ) = = Y s 2 3 S g = >
= —_ h ) = e @
Model mloU g 3 3 E E g I 5 g & % 2 E g g 2 E g E
RAFT SegFormer B4 (ours)  73.2 957 81.0 885 626 537 650 777 670 879 547 957 66.1 353 89.1 827 897 904 485 588
HALO SegFormer B4 [8] 71.9 952 798 82 602 51.1 641 782 656 879 557 955 663 207 889 822 893 879 504 59.0
RIPU DeepLabv3+ [42] [8] 63.5 927 725 847 53.1 448 567 69.1 589 859 469 953 572 243 845 614 594 790 369 436

Table 3. Comparison of active domain adaptation methods for image segmentation on Cityscapes to ACDC
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SYNTHIA-Cityscapes mloU and mloU* vs Annotation Budget
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Figure 3. The effect on mloU and mloU* of allocating vary-
ing percentages of target domain labels for active domain adap-
tation from SYNTHIA—Cityscapes. The mloU* metric uses
13 common classes in both SYNTHIA and Cityscapes, while the
mloU metric uses all 16 classes shared between SYNTHIA and
Cityscapes. We found an annotation budget of 5% performed the
best, with it achieving both the highest mloU and mloU* upon
domain adaptation.

RAFT misclassifies a small sliver of the hood as being sky
pixels. A smaller but still noticeable area where RAFT im-
proves over HALO is in the sidewalk the pedestrians are
walking to in photo 2. While the RAFT-trained SegFormer
B4 still doesn’t fullly classify the sidewalk correctly, it clas-
sifies more of the overall shape compared to the HALO-
trained SegFormer B4.

These results confirm the effectiveness of RAFT in im-
proving domain adaptation performance, without the need
for additional labeled target domain data over HALO.

5.2. Annotation Budget

The annotation budget in active domain adaptation for im-
age segmentation defines the total amount of labeling re-
sources allocated for annotating target domain data. In
the context of uncertainty-based active learning, this bud-
get constrains the selection of the most uncertain pixels or
regions for annotation, typically by specifying the propor-
tion of high-uncertainty pixels to be labeled. The ideal out-
come is that the amount of manual labeling effort is mini-
mized, while maximizing model performance on the target
domain. We experimented with a variety of different anno-
tation budgets as shown in Figure 3, and similarly to HALO,
found that 5% of the target domain labels gave us our best
results when validating on Cityscapes. As a result, we fixed
our annotation budget at 5% for all our other experiments.

mloU/mloU* Correlation on SYNTHIA-Cityscapes
for RAFT Components

80
s mioU
s mioU*
78

Correlation (mloU / mloU*)

HALO Partial RAFT A Partial RAFT B RAFT
RAFT Components

Figure 4. The effect on mloU and mloU* of applying various
RAFT components in performing domain adaptation of a Seg-
Former BO model from SYNTHIA to Cityscapes. The mloU*
metric uses 13 common classes in both SYNTHIA and Cityscapes,
while the mIoU metric uses all 16 classes shared between SYN-
THIA and Cityscapes. Partial RAFT A includes HALO along with
HFA and hyperbolic mixup, Partial RAFT B includes the afore-
mentioned components plus the class-balanced focal loss, and
RAFT includes all RAFT components.

5.3. RAFT Component Ablation

As our RAFT framework is composed of multiple compo-
nents, we performed an ablation study evaluating the effect
each component had on the final mIoU upon domain trans-
fer using SYNTHIA — Cityscapes as our benchmark. As
shown in Figure 4, each component played a role in the fi-
nal RAFT mloU upon domain transfer. Given that we build
upon HALO, we use it as our baseline. With HALO alone,
we achieve an mloU and mIoU* of 71 and 75.6 respectively.
We then combined HALO with our image segmentation-
adapted HFA and hyperbolic mixup, which we call Partial
RAFT A. This combination results in an mIoU and mloU*
of 71.5 and 76.3 respectively, or a 0.5% and 0.9% improve-
ment over HALO alone. We further extend Partial RAFT A
with the class-balanced focal loss, which we then call Par-
tial RAFT B. This Partial RAFT B results in an mIoU and
mloU* of 71.7 and 76.4 respectively, or a modest 0.2% and
0.1% improvement over Partial Raft A. Finally, integrating
this with DACS, giving us the full RAFT framework, results
in an mloU and mIoU* of 72.2 and 76.7 respectively, which
is a 0.5% and 0.3% improvement over Partial RAFT B.

5.4. Per-Pixel Classification Uncertainty

Figure 5 showcases per-pixel uncertainty measures captured
from RAFT and HALO-trained SegFormer B4 models on
the same input image from the Cityscapes validation split.
The lighter colors showcase areas of higher uncertainty, and
vice versa. The RAFT-trained SegFormer B4 model show-
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Cityscapes

RAFT SegFormer B4

HALO SegFormer B4

Figure 5. On the left are various images from Cityscapes’ validation split, along with zoomed in . In the middle and on the right are
measures of pixel classification uncertainty. The lighter the color, the higher the degree of uncertainty.

cases noticeably less classification uncertainty compared to
its HALO counterpart. We zoom in on two areas with es-
pecially noticeable differences in uncertainty. Both areas
showcase plenty of ’fuzz” under the HALO-trained mod-
els - noticeable around the street signs by the two people
walking from the torso up, as well as on the sidewalk by the
two people walking from the legs down. Additionally, even
highly uncertain areas show a lower degree of uncertainty
compared to HALO, with lighter coloration and less fuzz.

Classifications having low uncertainty doesn’t neces-
sarily mean that the generated segmentation masks will
be completely accurate. However, the lower uncertainty
around classes negatively affected by area imbalance, such
as street signs and people, does seem to indicate that RAFT
achieved one of our intended effects in creating additional,
diverse samples for these disfavored classes.

6. Conclusion

In this work, we introduced RAFT (Robust Augmentation
of FeaTures), a novel framework that effectively addresses
the Syn2Real problem in image segmentation through a
combination of augmentation techniques and active learn-
ing. We verify that our framework effectively performs
Syn2Real domain adaptation through experimentation
on the SYNTHIA—Cityscapes and GTAV—Cityscapes
benchmarks. RAFT achieves state-of-the-art perfor-
mance, with notable improvements of 2.1% in 13-class

mloU (79.9%) and 1.4% in 16-class mloU (83.5%) on
SYNTHIA—Cityscapes, as well as a 0.4% improve-
ment (78.2% mloU) on GTAV—Cityscapes. Furthermore,
RAFT’s effectiveness extends to real-to-real domain adap-
tation, shown by our results on the Cityscapes—ACDC
benchmark, where we achieve a 1.3% improvement (73.2%
mloU) over previous methods. Additionally, our ablation
studies confirm that each component contributes meaning-
fully to the final performance, with the complete RAFT
framework delivering superior results compared to partial
implementations.

While RAFT advances the state-of-the-art in domain-
adaptive image segmentation, several promising directions
remain for future work. First, exploring the application of
our techniques to other segmentation architectures beyond
SegFormer could validate the general applicability of our
approach. Additionally, in this work, we exclusively used
synthetic data for creating the wrapped normal distributions
we sample from in HFA, in future works, we could explore
utilizing the small amount of labeled target data to generate
the per-class wrapped normal distributions.

By advancing domain adaptive semantic segmentation
through RAFT, we take an important step toward enabling
more robust computer vision systems that can generalize
effectively from synthetic training data to real-world envi-
ronments, addressing a critical challenge in applying data-
hungry image segmentation neural networks in the real-
world.
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