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How to Relieve Distribution Shifts in Semantic Segmentation for
Off-road Environments

Ji-Hoon Hwang, Daeyoung Kim, Hyung-Suk Yoon, Dong-Wook Kim and Seung-Woo Seo

Abstract— Semantic segmentation is crucial for autonomous
navigation in off-road environments, enabling precise classifica-
tion of surroundings to identify traversable regions. However,
distinctive factors inherent to off-road conditions, such as
source-target domain discrepancies and sensor corruption from
rough terrain, can result in distribution shifts that alter the
data differently from the trained conditions. This often leads
to inaccurate semantic label predictions and subsequent failures
in navigation tasks. To address this, we propose ST-Seg, a novel
framework that expands the source distribution through style
expansion (SE) and texture regularization (TR). Unlike prior
methods that implicitly apply generalization within a fixed
source distribution, ST-Seg offers an intuitive approach for
distribution shift. Specifically, SE broadens domain coverage by
generating diverse realistic styles, augmenting the limited style
information of the source domain. TR stabilizes local texture
representation affected by style-augmented learning through a
deep texture manifold. Experiments across various distribution-
shifted target domains demonstrate the effectiveness of ST-
Seg, with substantial improvements over existing methods.
These results highlight the robustness of ST-Seg, enhancing the
real-world applicability of semantic segmentation for off-road
navigation.

I. INTRODUCTION

Research on off-road mobile robot navigation has gained
significant attention in recent years due to its diverse appli-
cations, including transportation [1], disaster detection [2],
and agricultural robotics [3]. A key component of these
applications is semantic segmentation [4], a representative
task in robot perception area that assigns a semantic label
to each pixel, offering critical navigation information not
provided by geometric sensor data. However, due to the
unstructured and highly variable nature of off-road envi-
ronments, previous semantic segmentation method often fail
to maintain performance, leading to incorrect predictions
in real-world scenarios [5]-[7] (Fig. 1). Such inaccurate
perception results can lead to critical damage to the robot,
particularly in off-road environments where rough terrain and
unpredictable obstacles are prevalent [1].

In this paper, we observe that this issue arises from a phe-
nomenon known as distribution shift, which occurs in deep
learning when the environmental conditions encountered
during deployment differ from those of the training dataset
[8]. We conceptualize this problem from two perspectives:
external distribution shift and internal distribution shift. The
external distribution shift stems from discrepancies between
the pre-acquired source domain and the target domain en-
countered during robot operation. This is prominent in off-
road environments, where unstructured objects like natural
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Fig. 1: Performance of ST-Seg on various distribution-shifted
target domains. Examples of (a) external and (b) internal distribu-
tion shifts during off-road navigation are shown. The yellow box
marks cases where the baseline fails to detect obstacles, while the
white box shows misclassification of traversable terrain as obstacles.

elements lack fixed shapes and vary across locations and
times (Fig. 1-(a)). The internal distribution shift results from
corrupted sensor data as the robot navigates unstructured
off-road environments. Unlike urban settings, where robots
traverse smooth roads, off-road environments force robots
to move over rough terrain, significantly impacting sensors
with noise and blur (Fig. 1-(b)). Thus, internal shift can occur
even in the source domain that has already been learned.

In the context of supervised learning, the distribution shift
arises due to the limited style information in the source
domain used for training. The style [9] refers to the feature-
level statistics that capture the global appearance of an image,
a key characteristic of a domain. Since the model cannot
access any information about the target domains during
training, [7] removed style information to learn domain-
agnostic features. While this approach reduces domain-
specific biases, it also weakens feature representation power.
To address this, [10] introduced random style adjustment
and applied style-augmented learning by training with style-
augmented features. However, random style adjustment gen-
erates unrealistic styles, leading to inconsistencies with real-
world styles, and since this random approach cannot be
said to effectively expand distribution coverage, it cannot be
considered an explicit solution to distribution shift. We also
observe that altering style information disrupts fexture [11],
which represents the feature embedding values capturing an
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image’s local patterns and is partially influenced by style
[12].

Due to these issues, previous semantic segmentation meth-
ods still fail to maintain their performance in distribution-
shifted target domains.

In this paper, we propose ST-Seg based on our obser-
vations to relieve distribution shifts by incorporating Style
Expansion (SE) and Texture Regularization (TR) methods.
To address inconsistencies caused by non-realistic, randomly
generated styles, SE improves adaptability to distribution-
shifted target domains by performing style-augmented learn-
ing with realistic and diverse generated styles, leading to
broader domain coverage. Specifically, the style generator
utilizes the extensive style information from the ImageNet
[13] to learn a distribution model of realistic styles. The
style sampler subsequently employs stratified sampling [14]
to extract diverse, unbiased styles, enabling the generation of
extensive style-augmented features. Additionally, to mitigate
the instability of local texture information that inevitably
arises when adjusting global style information, TR regu-
larizes texture information using a deep texture manifold
obtained from natural texture data [15], thereby maintaining
a consistent representation of natural textures and improving
the robustness of style-augmented learning.

Contributions of this paper are summarized as follows:

« We propose an explicit solution to mitigate distribution
shifts by expanding the source distribution itself, in
contrast to previous methods that implicitly apply gen-
eralization techniques within a fixed source distribution.

o We propose style expansion (SE), which broadens do-
main coverage through style augmentation learning, and
texture regularization (TR), which ensures consistent
texture feature representation. Together, these methods
enhance the robustness of semantic segmentation mod-
els under distribution shifts.

o« We demonstrate that ST-Seg consistently maintains
robust performance under both internal and external
distribution shifts, validated through diverse off-road
datasets, including challenging real-world scenarios col-
lected from our UGV platform.

II. RELATED WORKS
A. Semantic Segmentation in Off-road Environments

It is important to understand the navigation characteristics
and traversability of the terrain for off-road navigation [1].
The advancement of deep learning networks and the emer-
gence of datasets from various off-road environments have
led to extensive research in semantic segmentation for off-
road environments [16]-[21]. From early CNNs [22]-[24] to
transformer-based networks [5], [25], various architectures
have been employed to off-road environments, with focusing
on efficient designs to enable real-time operation. However, it
is crucial to develop specialized training strategies designed
for distribution shift of unstructured nature in off-road envi-
ronments, rather than depending solely on existing validated
segmentation networks.

Recent studies have applied additional modules to extract
robust features, allowing the model to implicitly address
the distribution shift problem during the training phase [5],
[26]. However, this implicit approach still fails to maintain
performance on distribution-shifted target domains, as it
provides guidance to the model using only source data that
is not exposed to distribution shifts. We propose ST-Seg,
which changes the approach by explicitly utilizing domain-
specific information, termed style, to expand the known
domain coverage of the model and enable robust predictions
in the distribution-shifted target domain.

B. Style Information in Semantic Segmentation

The channel-wise mean and standard deviation of the
feature map, known as style [9], is a fundamental element
representing a specific domain. Numerous studies have been
utilized style information to enhance the generalization per-
formance of semantic segmentation. [27] adjusts the style
of all batch normalization (BN) layers in the network to
match the style of target domain, preventing performance
degradation in the target domain. While this works fine when
target domain is accessible, however in off-road navigation
settings, access to the target domain is not feasible.

To address a more practical problem where the target
domain cannot be accessed, [7] have adopted instance nor-
malization (IN) based methods, which separates style infor-
mation during the training process to learn domain-agnostic
features. While using IN to transform all samples into a stan-
dard normal distribution during training phase can improve
the generalization performance of the model, it weakens the
feature representation power because the style information is
removed. To overcome the limitations of IN based methods,
instead of removing the styles during the training phase,
[10] diversified the distribution of style through random
style adjustments; however, this random style may introduce
disparities with real-world style. Moreover, style-augmented
learning approaches that alter style may introduce variations
in texture information [12], resulting in unstable learning of
feature representations. To address these issue, we propose
ST-Seg which can expands the limited style distribution of
the source domain in a realistic and unbiased manner and
stabilize the learning of feature representation.

III. METHODOLOGY

A. Problem Formulation

Task Settings The source domain dataset D, = {(X§, Y;)}
refers to the training data for which we have class labeled
ground truth, while the target domain D; = {(X;)} refers
to the dataset that has distribution shift and is inaccessible
during the training process. X, X; € RHXW>3 5 an
image, Y, € REXWXC g pixel-level semantic label, C is
the number of semantic classes, I and W are the height
and width of the image. Our goal is to train the source
encoder @gource and decoder v to better predict pixel-
level class probability maps P, € R *WX*C across multiple
distribution-shifted target domains D, while learning solely
on the source domain ;.
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Fig. 2: The overall framework of ST-Seg. The left diagram illustrates how SE and TR are applied throughout the entire architecture.
The right diagram is a block representation to facilitate understanding of the SE and TR methods individually. A detailed explanation of

the figure can be found in the subsection III-B.

Style and Texture The channel-wise mean and standard
deviation of the feature map, known as style information,
is a global information representing a specific domain [9].
Following this works, let F! € R4*HixWi pe the I-th layer
feature of X, from the source encoder network @source,
where [ denotes the number of layer in encoder and d denotes
the dimension of channels. The style statistics u! € R,
ol € R? of the feature F! can be calculated as follows:

ol FL (1)

1 _ 1 H,;
Hs = TW, > oht

H, W, 2
7= \/ﬁ 2ot 2w (FY = 125)" )

The pixel-wise feature embedding values, known as tex-
ture information [11], represent the detailed local content of
the scene, and are captured in the intermediate feature map
Fé of an encoder @spyrce. The pixel-wise texture value can
be formulated as follows:

Fl(u,v) € R4, (3)

The layer notation [ has been omitted to simplify the expla-
nation of the equations introduced below.

B. Overview

The overall framework of ST-Seg is illustrated in Fig.
2. SE method guides our network to accurately predict
ground truth labels, even when the source domain’s style
is substituted with a new one, ensuring robust performance
in distribution-shifted target domains. To create a variety of
new styles absent in the source domain, the style generator
g(+) learns a realistic distribution of styles from unlabeled
ImageNet data X, € RE*WX3 and the style sampler s(-)
extracts diverse styles in an unbiased manner. These newly
generated styles ug and o4 are then substituted into the
source features Fy, resulting in style-augmented features F,.
These features propagate through the network, producing
style-augmented predictions Ps,, which are compared with

the ground truth Y, to compute the style expansion loss
Lstyie- The network parameters learned from these style-
augmented predictions are shared with the source network
ODsource, €nabling the network to adapt to a wide range of
distribution-shifted target domains.

The TR method is inspired by the fact that most materials
in off-road environments consist of natural elements. We pre-
train a deep texture manifold ¢seryre that effectively dis-
criminates the texture information of these natural elements
and regulates the texture information shared from the style-
augmented predictions by constraining it with the feature
distance F'D.

C. Style Expansion

To overcome the limitations of previous research that

relied on removing [7] or randomizing [10] style information,
we propose a style expansion method that produces realistic
and unbiased styles by expanding the distribution of style in
a realistic and diverse manner.
Realistic Style Extraction Inspired by the demonstrated
effectiveness of utilizing ImageNet to borrow various fea-
ture statistics [28], we extract realistic features by feeding
ImageNet samples X, into the encoder. In this process, to
mitigate the instability of feature extraction during training
and to capture significant data trends, we employ the expo-
nential moving average (EMA) of the source encoder ¢soqrce
for style statistics. Using Egs. (1) and (2), we can calculate
the channel-wise realistic style statistics p? and o® of the
feature F' = [¢EMA1,(X1) at the current training step i.

If we simply replace the source style ps, 0, with the ex-
tracted realistic style u,, 0, the expanded style distribution
will be heavily affected by the randomness of sampling X!
from X,, as the new style is determined by which samples
are extracted from ImageNet. Consequently, this can lead to
performance fluctuations with each training seed and restrict
the style distribution, as the estimated distribution relies on
randomness and is constrained by ImageNet features. To
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address this issue, we designed a style-generator g(-) and
a style-sampler s(-) to learn a realistic style distribution
model without relying on ImageNet data, ensuring a balanced
experience of both common and rare styles.
Style-generator Generally, deep learning features follow a
Gaussian distribution [29]. Given the IID assumption of
ImageNet samples X,., the feature F’ obtained in each it-
eration follows an independent Gaussian distribution relative
to features from other samples Fﬂ as

Fl~ N(ui, (00)%), FELF] foralli#j.  (4)

This indicates that each feature can be modeled as an
independent Gaussian distribution, uncorrelated with features
from other samples. Since the means of multiple independent
Gaussian distributions follow a Gaussian distribution and
their standard deviation follow a Gamma distribution [30],
the realistic style u,-, o, can be formulated as follows:

{prticy ~ N(M,“Ui), {or}isy ~ T(k,0). &)

We temporarily store the extracted realistic style at each
iteration ¢ in a style-buffer. Using the accumulated p, and
o, as observed samples, we update the parameters of each
distribution 1,0, k,0 with Bayesian update [31] manner
whenever a certain number of samples in style-buffer are
gathered. The style-generator g(-) formulated as follows:

(Hyus 05 K750%) = g({ e Yir s {or Fils ps 0ps K, 0). (6)

Style-sampler To address the issue of randomness, we
designed the style-sampler s(-) to sample in a balanced way
across all ranges using stratified sampling [14], a variance
reduction method that divides the population @ into distinct
subgroups and samples from each to accurately reflect the
original standard deviation. Specifically, in each training
batch, subgroups are predefined based on the number of
samples in the batch, and generated samples are evenly as-
signed to these subgroups. We define each subgroup bound-
aries s, sy for the generated mean and standard deviation
distribution as:

sy =, +05 - N"Hb/B), s§ ="' (b/B;k*,60%) ()

where b is subgroup index, B represents the number of sub-
groups, which equals the training batch size, and N/ =1, T'—1
are the inverse CDFs of the Gaussian and Gamma distribu-
tions, respectively. Using the computed subgroup boundaries,
each batch at every training step can be assigned unbiased
samples of generated style statistics.

by Aot i) < s(uh, o0, k™, 6%) (8)

Through the above derivation, the style-sampler s(-) samples
diverse samples, effectively balancing the representation of
styles and ensuring access to both common and rare styles
within the modeled distribution.

Style Substitution Now, we can simply substitute the style
of the source feature F; with output of the style-sampler for
each train-batch.

Fs* s
Em:ag~a—“+ug )

Note that, the distribution of F is re-normalized based on the
generated statistics, which means that the spatial information
is preserved in Fj,. The I-th style-augmented feature F!, is
then fed into next layer [ 4 1. In this process, the generated
style information propagates to the subsequent layers.

Style Expansion Loss We predict two class probability
maps: one from the source path, where the source feature
flows, and another from the additional path, where the
style-augmented feature flows. The segmentation network
is trained to predict the ground truth even when style
augmentation is applied to the data. To achieve this, the
cross-entropy loss is computed between the style-augmented
probability map and the ground truth Y as follows:

H w C
_ﬁ Zh:l Zw:l Zczl YS IOg Psa

Style loss encourages the network to learn style-invariant fea-
ture representations by introducing controlled perturbations
in the feature space. It acts as a regularization mechanism, re-
ducing overfitting to specific styles and enhancing robustness
to unseen style variations. To ensure consistency between
the source prediction P, and the style-augmented prediction
P,, we use the Kullback-Leibler (KL) divergence loss as
the align loss:

H W C
Latign = =17 2het Zowe1 2oee1 Fslog JIDDQ

D. Texture Regularization

ﬁstyle = (10)

(1)

Since style information affects the global scene, it also
affects local textures that constitute it [12]. Thus, altering the
style can lead to changes in the texture as well. In off-road
environments, which primarily consist of natural elements,
textures exhibit limited variation, even though they appear
in diverse forms across different locations and times. Reg-
ularizing the texture information of these natural elements
stabilizes feature representation, mitigating the instability
caused by fluctuating texture information.

Deep Texture Manifold We hypothesize that if an auxiliary
encoder effectively extracts the deep texture manifold, it can
guide the model in preserving texture knowledge, similar
to the knowledge distillation method [32]. To achieve this,
we pre-trained a texture encoder, ¢icyture, USINg a patch-
level classification task by sampling natural materials from
the GTOS-mobile dataset [15], which is publicly released in
a study focused on the deep texture manifold. This frozen
pre-trained texture encoder can be utilized as the teacher
network during the training phase by extracting the deep
texture manifold of a training sample, formulated as F} =
(btexture(Xs)’ where Ft € RdXHXW~

Feature Distance We designed a regularization term at the
latent feature level to train the segmentation encoder to
extract features that approximate those of the deep texture
manifold. Since latent features are not probabilities like
softmax outputs, we use L2 distance instead of cross-entropy,
differing from traditional knowledge distillation:

where, ¢ and j are the pixel coordinates. However, enforc-
ing all pixels to approximate the deep texture manifold

12)
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could compromise semantic information. To address this,
we selectively applied regularization to the natural element
class Cpatural (e.g., vegetation, soil, rock) by calculating the
feature distance only for regions defined by the binary mask
M, which corresponds to the natural element class in the
ground-truth labels:

C
Mt = ZY; . [C S Cnatural]-

c=1

(13)

Texture Regularization Loss We designed the texture reg-
ularization loss to selectively target the texture-only regions
using a binary mask, defined as:

1 1
L _ Zthl szzl lylFD(Zuy) ) Mt
tex — Hi wi
Zh:l w=1 Mt

where ~! is layer-wise weight, inspired by previous deep
learning studies suggesting that local texture information is
predominantly processed in shallow layers [33]. Detailed
information about the hyperparameters is provided in sub-
section IV-B.

(14)

E. Training and Inference

Training phase As illustrated in Fig. 2, the training phase
optimizes the source encoder and decoder to minimize the
proposed style loss, align loss, texture loss and the standard
cross-entropy loss L., [34].

L= Ece + Estyle + Ealign + ﬁtex (15)

Inference phase During training, the encoder and decoder
are exposed to a variety of realistic styles through additional
data and modules. Through the trained encoder-decoder,
robust predictions can be made in real-time without the need
for additional components or computations.

IV. RESULTS AND ANALYSIS
A. Experimental Setup

We designed experiments to validate the effectiveness of
ST-Seg in addressing the internal and external distribution
shifts introduced earlier. To simulate internal distribution
shifts, which arise from sensor corruption during navigation
in unstructured environments, we adopted well-established
image corruption methods [35] to construct the validation set.
For external distribution shifts, which occur due to discrep-
ancies between the source and target domains encountered
during the operational phase, we split the training and vali-
dation data at the dataset level to evaluate performance. We
benchmark our models on the standard segmentation metrics:
mean intersection over Union (mloU), which evaluates the
overlap between predicted and ground truth regions, and
mean pixel accuracy (mAcc), which measures the average
proportion of correctly classified pixels per class.

>,y L(P(z,y)=cand Y (z,y)=c)

_ >, ToU,
IoUe = S APy =coa vay=0» MoV = el
mdce = DeseCenrougee WENTY @) (1)

e

For an image I, let P(z,y) and Y (z,y) be the prediction
and ground truth labels at pixel (z,y), 1(-) be the indicator
function, ¢ be the class index, and C' as the set of class labels.

We also qualitatively validated ST-Seg on challenging real-
world data collected from both our Clearpath Husky UGV
and the small mobile UGV, Frodobots [36], demonstrating
its effectiveness in highly unstructured environments. The
latency of the models used for performance comparison was
measured on the NVIDIA Jetson AGX Orin.

B. Implementation Details

Backbone The backbone architecture of ST-Seg is the small-
est version of the mixed vision transformer (MiT-B0) [25],
which efficiently extracts multi-scale features, ensuring fast
inference while achieving notable performance in semantic
segmentation benchmarks.

Off-road Dataset RUGD [16], RELLIS [17], and GOOSE
[21] datasets offer detailed class categorizations and high-
quality labels, while the TAS [18], DeepScene [19], and
YCOR [20] datasets provide simpler categorizations with
lower-quality labels. Thus, the first three datasets were
combined to form the source training domain, termed RGR.
To validate internal distribution shifts, we generated RGR-C
as target domain by applying image corruption methods to
RGR. The applied corruptions include brightness, contrast,
defocus blur, impulse noise, Gaussian noise, snow noise, and
frost lens effects. For external distribution shift validation,
RGR used as the source domain, while TDY served as the
target domain. Official splits were employed for all datasets.
To standardize class categories across different datasets,
we remapped based on traversability levels relevant to off-
road navigation {background, smooth, rough, bumpy, soft
vegetation, hard vegetation, puddle, and obstacle. }.

Details of hyper-parameter setting All models were trained
using the hyperparameters specified by their respective au-
thors, with a batch size of 8. Optimization was performed
using the AdamW optimizer with a learning rate of 0.00006,
betas (0.9, 0.999), and a weight decay of 0.01. A polynomial
learning rate policy with a power of 1.0 was applied. The
EMA model was updated with a smoothing factor of o =
0.7, and the style-sampler’s population size () was set to
10,000. Style-augmented features through the SE method
were applied only to the first two layers. The texture regular-
ization loss weights 7! were set to {0.05, 0.025, 0.01, 0.005}
for each layer /. Our implementation is based on MMSeg
[37]. All comparison models were initialized with ImageNet
pre-trained weights, and performance was averaged over five
training seeds.

C. Results and Compraisons

Baselines To ensure real-time operation on the mobile robot,
lightweight segmentation models with strong performance
were used as baselines [22]-[25]. These models represent
the state of the art in real-time semantic segmentation.
Additionally, GaNav [5], which demonstrated the best perfor-
mance in off-road environments, and the method proposed in
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TABLE I: Performance Comparisons for Internal Distribution-shifted Target Data (RGR-C).

Method (mloU / mAcc) ‘ Memory / Latency ‘ Brightness Contrast Defocus-blur ~ Motion-blur  Impulse-noise ~Gaussian-noise ~ Snow-noise Frost-lens ‘ Avg.

BiseNetv2 [22] 1478 M / 108.7 ms | 71.56 / 80.88 38.78 / 50.63 53.90 / 67.68 64.39 /77.56 24.94/37.66 26.87/41.21 32.82/43.16 38.72/47.67 | 43.99 / 55.80
DeepLabv3+ [23] 1447 M / 1493 ms | 77.55/ 86.01 48.56 /62.86 52.80/66.30 66.48 /80.06 26.66/40.43 29.07/42.80 37.58/48.98 45.42/57.01 | 48.02/60.56
MobileNetv3 [24] 328 M /84 ms |73.68/8348 47.73/62.67 51.12/71.38 64.36/78.54 33.59/4574 3510/4726 38.70/51.92 44.63/57.11 | 48.61 / 62.26
SegFormer [25] 372M /746 ms | 80.13/88.27 67.04/79.06 60.75/70.93 72.79/82.89 36.28/50.63 39.23 /5246 43.39/60.57 50.92/62.03 | 56.32 / 68.36
GaNav [5] 6.10 M/ 102 ms | 76.19/85.09 55.18/6597 69.56/80.44 74.37/84.18 42.39/53.08 45.75/57.53 38.48/49.56 42.11/52.08 | 55.50 / 65.99
Lin et al. [7] 11.00 M/ 1124 ms | 79.08 / 87.84 62.79 /7591 5822/69.77 69.32/81.09 36.79 /5179 44.82/57.75 42.41/57.55 51.68/54.32 | 55.64/68.25
ST-Seg (Ours) 372M/74.6 ms | 80.29 /88.01 70.46 /81.51 76.45/85.34 78.79/87.06 62.26/70.60 61.22/69.50 67.44/76.81 59.87/70.24 | 69.60 / 78.63
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Fig. 3: Results and Comparisons across Corruption Levels for Internal Distribution Shift. We illustrated the performance trends for
each type of corruption using line charts. In each chart, the x-axis represents the corruption level, while the y-axis indicates performance.
The bold red line represents the performance of our proposed ST-Seg, which demonstrates the best ability to maintain its original

performance even as the corruption levels increase.

[7], which applies instance normalization to extract general
information, were also used as baselines.
Results on Internal Distribution Shift To verify the robust-
ness in internal distribution shift, we conducted performance
validation on RGR-C and presented in TABLE 1. All models
were trained on the training split of the RGR dataset and
evaluated on the corrupted data from the RGR-C validation
split. With our proposed learning strategies, ST-Seg achieved
an average mloU of 69.60% across all types and levels of cor-
ruption, showing a +13.28% improvement over the second-
best baseline [25]. The main improvements, observed for
defocus-blur (+15.7%), impulse-noise (+25.98%), gaussian-
noise (+21.99%), and snow-noise (+24.05%), demonstrate
the effectiveness of our model’s ability to learn realis-
tic styles from ImageNet, enabling robust performance on
corruption types that closely mirror real-world scenarios.
Performance trends across corruption levels are shown in
Fig. 3, highlighting the ability to maintain performance of
ST-Seg as corruption level increases. Qualitative results in
Fig. 4 demonstrate that ST-Seg produces robust predictions,
closely matching the ground truth even on corrupted data.
Results on External Distribution Shift To verify robustness
under external distribution shift, we conducted experiments
on unseen target data and presented in TABLE II. All models
were trained on the training split of the RGR and evaluated
on both the validation split of the source domain (RGR) and
various unseen target domains (TDY).

Our ST-Seg model shows an improvement in mloU com-

TABLE 1II: Performance Comparisons for External

Distribution-shifted Target Data. (TDY)
Method (mIoU / mAcc) ‘ RGR ‘ TAS Deepscene YCOR
BiseNetv2 [22] 78.48 /1 86.32 | 43.38/59.28 34.60/36.80 35.97/47.82
DeepLabv3+ [23] 81.93/89.38 | 53.59/68.40 48.04 /5623 36.89/45.86
MobileNetv3 [24] 78.12/ 86.44 | 50.02/63.41 40.08/43.69 31.07/45.38
SegFormer [25] 82.68 / 89.56 | 39.99/55.62 40.10/46.05 34.39/48.11
GaNav [5] 79.86 / 87.87 | 4580/ 62.89 52.62/58.62 34.57/47.52
Lin et al. [7] 82.17/89.21 | 50.62/65.76  54.78 / 62.61  36.99 / 48.06
ST-Seg (Ours) 81.55/88.64 | 56.22/69.37 59.96/67.43 40.13/50.57

pared to the SegFormer [25] with the same backbone: TAS
(+16.23%), Deepscene (+19.86%), and YCOR (+5.74%),
despite slight performance decrease in the source domain
(-1.13%). These results indicate that the slight decline in
the source domain RGR is a reasonable trade-off, given
the significant performance gains achieved across various
external distribution shifted target domains (TDY), including
internal distribution shifted target domain (RGR-C).

Navigation Safety and Efficiency. To validate safety and ef-
ficiency from a navigation perspective, we conducted exper-
iments on precision and recall on RGR-C. Precision, which
measures the proportion of correctly predicted positives, indi-
cates that high precision for the traversable class reduces the
risk of misclassifying non-traversable areas as traversable,
thereby lowering collision risks. Conversely, high precision
for the non-traversable class means fewer occurrences of
misclassifying traversable areas as non-traversable, which
contributes to generating more efficient paths. Recall, the
proportion of correctly predicted positives out of all actual
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Fig. 4: Qualitative results on RGR-C. Our method achieves better
segment of different pixel-wise classes, as shown in the white box,
closely matching the ground truth.

hard_vegetation puddle

positives, suggests that high recall for the traversable class
reflects high navigation efficiency, similar to precision. On
the other hand, recall for the non-traversable class is directly
related to navigation safety.

recall = L (18)

precision = %, TPLFN
As shown in Fig. 6, our ST-Seg outperforms the baseline
model [25] in all cases, highlighting its advantages in both
driving safety and efficiency.

Effectiveness of SE, TR We conducted an ablation study to
evaluate our approach on the corrupted seen domain RGR-C
and the unseen domain TDY, as shown in TABLE III. As a
baseline, we used SegFormer [25] with the same backbone
network. To demonstrate the advantage of using realistic
style statistics, we first experimented with two approaches:
applying random style adjustment [10] to the baseline and
training with a naive substitution of realistic style statistics
from ImageNet.

TABLE III: Ablation Study of Proposed Method.

Method (mloU / mAce) |  RGR-C TDY | Avg.

Baseline [25] 56.32 /68.36  38.16 /49.93 | 47.24/59.15
Baseline + Rand style [10] | 62.20 / 71.90  43.63 / 53.41 | 52.92 / 62.66
Baseline + Real style 64.12 / 7437 45.66 / 56.39 | 54.89 / 65.38
Baseline + SE 66.67 / 75.87 48.02 /5835 | 57.35/67.11
Baseline + TR 58.78 / 69.31  46.70 / 58.59 | 52.24 / 63.95
Baseline + SE + TR 69.60 / 78.63  52.10 / 62.46 | 60.85 / 70.55

Each approach showed an increase in average mloU of
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Fig. 5: Precision and Recall Comparisons on RGR-C.

+5.68% and +7.65%, respectively, compared to the base-
line. The SE method, which utilizes style-generator and
style-sampler for realistic and unbiased style generation,
demonstrated a +2.46% improvement compared to the naive
realistic style approach.

Furthermore, when combined with the TR method to
compensate for texture discrimination power, it showed an
overall increase of +5.96%. This demonstrates that the tex-
ture loss L;ex from the TR texture feature F} contributes to
consistent texture representation, mitigating the instability of
local textures caused by the SE module.

D. Real world evaluation with mobile robot

We also qualitatively validated the proposed learning
framework in challenging real-world scenes using our
Clearpath Husky and Frodobots [36]. With the Husky, ex-
periments were carried out on rough terrain under low-light
mountain conditions. For the Frodobots, we experiments
under challenging factors such as debris on the lens and
intense backlighting from sunlight. As shown in Fig. 6, ST-
Seg produces more robust predictions than the baseline [25]
on distribution-shifted target data. It not only delivers more
accurate semantic predictions but also significantly reduces
segmentation noise, resulting in more consistent outputs
across surrounding areas.

V. CONCLUSIONS

In this paper, we introduced ST-Seg, a novel learning
framework to enhance the performance of semantic seg-
mentation models in off-road environments under distribu-
tion shifts. By expanding the limited styles of the source
domain through SE and stabilizing feature representation
via TR, we achieved significant improvements in model
robustness. Our experiments demonstrated that ST-Seg main-
tains performance effectively under both internal and external
distribution-shifted target domains, enhancing the real-world
applicability of off-road semantic segmentation. Future work
will focus on enabling the model to incrementally adapt to
distribution-shifted target domains during operation, making
the navigation framework more flexible and responsive to
real-time environmental changes.
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Fig. 6: Qualitative results on challenging real-world data.
Compared to the baselines, which produce noisy and incorrect
predictions, our method achieves clearer and more accurate seg-
mentation, as shown in the white box. The areas highlighted with
yellow boxes show that, in cases of severe corruption and extreme
edge cases, the predictions are still not as perfect as humans.
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