CaRS: A Causal Intervention Segmentation Framework and Benchmark Dataset
for Autonomous Driving under Transitional Weather Conditions

Supplementary Material

In the supplementary material, we present additional in-
formation not included in the main paper due to space lim-
itations. We have meticulously organized the details into
individual sections to enhance clarity and facilitate a com-
prehensive understanding of our work. Table | provides a
summary of adopted notations.

1. Related Work

This section discusses recent works on semantic & instance
segmentation for AVT in adverse weather conditions and
causal learning-based scene perception models.

1.1. Semantic Segmentation in Adverse Weather
Conditions

Pixel-wise labeling for AVT in adverse weather condi-
tions presents a significant challenge due to low visibil-
ity [24, 26]. Lee et al. [17] presented FIFO to learn
fog-invariant features for foggy scene segmentation using
a fogpass filtering module. Shaik er al. [28] presented
IDD-AW, a large-scale dataset for semantic segmentation
in adverse weather conditions. Franchi et al. [12] intro-
duces the InfraParis multimodal dataset that supports multi-
ple tasks across three modalities: RGB, depth, and infrared.
Li et al. [18] proposed VBLC, a framework for normal-to-
adverse adaptation, aimed at eliminating the need for refer-
ence images. Zhou et al. [42] introduced attention-based
cross-view transformers designed for map-view semantic
segmentation across multiple cameras. Liao et al. [20] in-
troduced a pseudo-label diffusion method for unsupervised
domain adaptation for semantic segmentation. Zhou et al.
[43] introduced a self-adversarial disentanglement frame-
work to reduce the domain gap caused by weather condi-
tions for semantic segmentation. Cai et al. [6] proposed
a semantic segmentation model based on the multi-target
pan-class intrinsic relevance. Wang et al. [33] proposed
a backpropagation-free approach for domain adaptive se-
mantic segmentation, called Dynamically Instance-Guided
Adaptation (DIGA). Their method combines a Distribu-
tion Adaptation Module (DAM) and a Semantic Adapta-
tion Module (SAM) to jointly optimize the model across
feature distributions and semantic representations. On the
other hand, Zheng et al. [41] developed a deep infer-
ence network for road area and road element segmentation.
Bruggemann et al. [5] present CMA, a model adaptation
method for cross-condition semantic segmentation. CMA
leverages image-level correspondences to learn condition-
invariant features through a contrastive loss. Kothandara-

man et al. [16] proposed a source-free domain adaptation
for road segmentation in adverse weather conditions.

While the above approaches are notable, they largely op-
erate within discrete weather categories and depend on do-
main adaptation for a limited set of predefined conditions.
In contrast, our method adopts a causal intervention strategy
that mitigates spurious correlations arising from transitional
weather, enabling more robust segmentation.

1.2. Instance Segmentation in Adverse Weather
Conditions

Unlike semantic segmentation, which labels each pixel with
a class, instance segmentation assigns a unique label to each
instance of an object in an image. Instance segmentation is
advantageous in autonomous driving, where precise object
representation is paramount [2]. Several works proposed
instance segmentation models for AVT in inclined weather
conditions [15, 33]. Yin et al. [35] devised Sem2Ins, a real-
time instance segmentation model that generates instance
boundaries from semantic segmentation labels using con-
ditional GANs. Musat et al. [23] employed GAN and Cy-
cleGAN to create diverse weather conditions and conducted
instance segmentation on the resulting dataset. Wang et al.
[31] proposed CDAC, which leverages the consistency be-
tween self-attention and cross-domain attention predictions
to address domain shifts at both the attention and output
levels. Cheng et al. [10] introduced the Sparselnst model
that uses sparse instance activation maps to highlight essen-
tial regions for each object. Cheng et al. [9] introduced
mask2former, a universal segmentation model that utilizes
masked attention for all segmentation tasks, including in-
stance segmentation. Table. 1 of the main paper presents
the current literature on semantic and instance segmenta-
tion for AVT in adverse weather conditions. An observa-
tion from the table reveals a lack of emphasis on segmenting
road elements in transitional weather conditions in existing
works. The proposed work differs from previous methods
in tackling semantic and instance segmentation simultane-
ously across transitional weather conditions. This approach
empowers us to tackle the uncertainties brought by unpre-
dictable weather patterns, offering a more resilient solution,
particularly for segmentation in real-world settings.

1.3. Causal Scene Perception

Deep learning models are powerful but often lack trans-
parency. Several works have been proposed to enhance un-
derstanding by integrating complementary strengths from



various domains. Utilizing causal intervention has been
central to this effort [32, 37]. Pourkeshavarz et al. [25]
proposed a causal disentanglement approach for trajectory
prediction that enhances model robustness and generaliza-
tion by effectively separating causal from spurious factors.
Venkataramani et al. [30] proposed Causal Feature Align-
ment (CFA), which mitigates spurious background features
by leveraging spatial localization of causal features on a
subset of training data, instead of relying on group labels.
Zhang et al. [38] introduced a causal interventional rea-
soning module to obtain weather-invariant features in ob-
ject detection. Wang et al. [32] presented CaaM, a causal
attention module integrated into CNNs and transformers to
improve classification performance by tackling confound-
ing factors. Xu et al. [34] devised a domain general-
ization model with a multi-view adversarial discriminator
and a spurious correlation generator to enhance object de-
tection. While these scene perception models leveraging
causality have demonstrated strong performance, there is a
noticeable gap in causal intervention for segmentation tasks.
To achieve this, Miao et al. [22] proposed a causal semi-
supervised learning approach for medical image segmen-
tation. Li er al. [19] introduced a causal interventional
segmentation approach using transformers. However, these
methods are unable to address confounding effects in au-
tonomous driving, particularly in addressing confounding
scenarios like transitional weather conditions. Developing
models to tackle such complexities is essential for improv-
ing segmentation accuracy and robustness in practical au-
tonomous driving applications. Hence, this paper intro-
duces a novel causal road and rest segmentation method that
significantly reduces the effects of transitional weather con-
ditions on segmentation performance, thereby addressing a
crucial challenge in AVT.

2. Preliminaries

2.1. Latent Space Representation

The latent space generated by the variational autoencoder
(VAE), a hidden representation learned from input im-
ages, is shown in Figure 1. Unlike a traditional autoen-
coder, which creates discrete clusters by mapping input se-
quences directly to latent representations, the VAE produces
a smooth and continuous latent space by learning a Gaus-
sian distribution from the input data. This continuity and
smoothness are key features of VAEs, enabling seamless in-
terpolation between points in the latent space.

2.2. Data Interpolation

Interpolation in the VAE’s latent space begins with se-
lecting two points (z; and z;) corresponding to different
input images. A series of intermediate latent vectors is
then generated using linear interpolation. The VAE de-

Table 1. Summary of adopted notations

Definition

Object feature representation
Output labels

Training set

Backbone network

Number of objects

Feature dimension

Random number

Label categories

Spurious correlations

Causal intervention
Transition sequence

Length of transition sequence
Coefficients

Error

Input image pair

Size of training set
Variational parameters
optimization parameters
Latent variable

Model parameters

Mean of gaussian distribution
Variance of gaussian distribution
coefficient

Normal distribution
Interpolated image
Covariance

Causal features

Intermediate features
Residual block

Fused features
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weight factor
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coder transforms these intermediate vectors into a progres-
sive sequence of images. In the context of weather images,
this technique creates seamless transitions between distinct
weather conditions, producing a continuous evolution of vi-
sual features. Figure 2 illustrates the latent data interpo-
lation technique, which generates the new latent variable z
by interpolating between the latent variables z; and z;. This
interpolation is given by z = az; + (1 — «)z;, for some
a € 0,1].

2.3. Transitional Weather Conditions

In continuation of Section 2 of the main paper, we discuss
the importance and challenges of transitional weather for
autonomous vehicle technology.

Importance of addressing weather transitions in au-
tonomous vehicles. Transitional weather conditions sig-
nificantly impact scene perception performance in au-
tonomous driving. Although existing datasets such as
Foggy Cityscapes and MultiWeatherCity capture adverse
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Figure 1. Latent space representation of the input images gener-
ated by VAE. The representation is smooth and continuous.

Interpolated image

Figure 2. Latent data interpolation involves generating z; and z;
from input pairs v; and w; using a VAE encoder. By interpolating
z; and z;, we produce a new latent representation z, using which
a new interpolated image is generated.

weather scenarios, they mainly focus on discrete conditions
such as clear weather, heavy fog, or intense rain. How-
ever, real-world driving environments often involve grad-
ual weather transitions (for example, cloudy to rainy or
snowy to foggy). These transitions introduce additional
complexities that go beyond those encountered in steady
state weather conditions.

Unique challenges posed by transitional weather. Cur-
rent datasets and models fail to address critical chal-
lenges associated with weather transitions: (i) Unlike static
weather states, transitions involve dynamic changes in vis-
ibility and illumination, which can disrupt perception mod-
els trained on fixed conditions. (ii) Autonomous systems
rely on stable environmental features for perception. How-
ever, weather transitions introduce inconsistencies in visual
cues, leading to misclassification or unreliable predictions.
Limitations of existing models in handling transitional
weather. Most perception models are trained on datasets
with fixed weather conditions, making them ill-equipped
to handle gradual transitions. Their primary limitations in-
clude: (i) Models trained on clear or extreme weather condi-
tions lack the adaptability to generalize across intermediate
weather changes, (ii) existing models often rely on static
images or short sequences, missing the gradual evolution of
visual features over time, (iii) during transitions, environ-

mental features may not match any single weather condi-
tion category, causing prediction errors. These limitations
reduce model robustness in real-world deployments, where
smooth weather transitions are common. Addressing these
gaps is essential for developing more reliable and adaptable
autonomous vehicle perception systems.

Unique advantages of using VAE data interpolation for
transitional weather generation. VAE interpolation for
transitional weather generation offers several unique ad-
vantages. Leveraging the structured and continuous latent
space of VAEs enables smooth and controllable transitions
between distinct weather states (e.g., cloudy to rainy) while
preserving the semantic content of the scene. This interpo-
lation supports gradual appearance changes without altering
critical features such as road layout and object boundaries,
making it particularly effective for training robust segmen-
tation models in the presence of spurious weather correla-
tions. Additionally, VAEs can operate efficiently with lim-
ited data and inherently model uncertainty in the genera-
tion process, making them well-suited for capturing diverse
and stochastic weather transitions. Compared to GAN- or
diffusion-based methods, VAE interpolation produces more
stable outputs with interpretable latent controls, thereby
facilitating data generation for robust segmentation under
transitional weather conditions.

2.4. Causal Intervention

Let X € RM¢ be the object feature representations learned
by a backbone network f(.) from training images .A where
X = f(A) and M is the number of objects of dimension
d. The corresponding labels are represented by ) € R~,
where £ is the number of label categories. Traditional
Bayesian models primarily focus on computing the likeli-
hood P(Y|X) to predict object categories. However, these
models often face challenges due to spurious correlations S
between object features and their categories, impacting their
predictive performance. Consequently, they struggle to cap-
ture the genuine causality necessary for accurately predict-
ing certain categories. The formulation of likelihood can be
expressed as:

PY/X)=> PY/X,S)P(S|X), (1)
S

where P(S|X) indicates the observational bias. To mitigate
feature bias introduced by spurious correlations through
S — ), it is crucial to utilize causal intervention, denoted
as P(Y|do(X)), rather than relying solely on the likelihood
P(Y|X) when learning feature representations.

P(Y/do(X)) =Y P(V/X,S)P(S). )
S

Here, P(S) denotes the prior probability of the confound-
ing factors. Consequently, the prediction of ) is designed
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Figure 3. Visual representation of SCM: (a) Existing method:
Confounder S influences the outcome. (b) Proposed method: Spu-
rious correlations are eliminated between S and X'.

to include the confounding prior P(S) for the establish-
ment of a robust segmentation model. In contrast to Eq.
1, the confounding factors S exhibit no correlation with the
training samples X. For example, S can be interpreted as
the transitional weather conditions, e.g., cloudy to rainy,
with a transition from distinct cloudy to rainy conditions.
The category classifier P()|X, S) captures discriminative
object features across different transitional weather condi-
tions. This approach aims to mitigate the confounding bias
arising from varying intensities of weather conditions in the
training samples.

2.5. Structural Causal Model (SCM)

We introduce a causal formulation for the segmentation task
by utilizing SCM to understand how confounding factors
influence segmentation models, as shown in Figure 3. In
SCM, we establish causal relationships among observed ob-
jects (X)), a set of confounding factors such as transitional
weather conditions (S), and observed labels (V). The causal
connections between two nodes are denoted by —. In Fig-
ure 3a, the notation S — A signifies that context S influ-
ences the performance of the segmentation model. Specif-
ically, S produces both noisy features X’s and core object
features X, collectively forming a feature representation of
X. The noisy features refer to object-irrelevant attributes in-
troduced by weather conditions, reducing the efficiency of
segmentation models X — ). The object factors within X
directly influence ), suggesting that core object attributes
such as textures and shapes play a determining role in defin-
ing the object label. This causation remains unaffected by
external factors like weather conditions, camera viewpoints,
or backgrounds, as denoted by X + S — ). The notation
S — Y highlights the influence of the confounding factors
Son).

We aim to establish the true causality between X and
Y to develop an invariant feature representation capable of
reducing the effect of spurious correlations. However, ex-
isting segmentation models [9, 10] focus on computing the
likelihood P (Y| X), fail to capture true causal relationships
as shown in Figure 3a. To mitigate sampling bias from
spurious correlations via S — X, we use causal interven-
tion P()|do(X)) instead of likelihood P(Y|X) as shown

in Figure 3b. Here, the do(.) operator is used to identify
causal effects from the given SCM.

3. Implementation Details

3.1. NWGM Implementation

For a given input &; under multiple weather transitions Sy,
where ¢ = 0 to T, we compute the model logits f(X;,S;)
for each t, then average as, f(X;) = % ZZ;_I F (X, se).
The final prediction is obtained as, Softmax(f(X;)). As
Section 3.2 (main paper) mentions, this approximation al-
lows us to move the expectation inside the softmax, reduc-
ing bias and variance.

3.2. Weather Invariant Loss

Figure 3 illustrates the causal intervention framework based
on backdoor adjustment, with the corresponding interven-
tion formula provided in Eq. 2. A standard cross-entropy
loss alone is insufficient to realize this intervention. The
second term in Eq.5 of the main paper is essential as a regu-
larization component during training to enforce a shared,
weather-invariant representation for segmentation across
varying weather intensities. This regularization term is
omitted at inference time, and only the intervened predic-
tion is used. The weather invariant loss is designed to learn
a representation, specifically the causal feature that remains
consistent and robust for prediction across various intensi-
ties of weather conditions of the entire sequence 7'. It is
given as

Definition 3.1 Weather invariant representation. A repre-
sentation CA(x) is said to be invariant across a weather
sequence T if there exists a classifier [ such that for all
t € T, f € argmin; EmCE(f,CA(x),t)], where nCE
denotes the cross-entropy loss.

This condition is enforced through the following optimiza-
tion objective:

min Z; mCE(f,CA(x), t)
< (3)
subjectto  f € arg mfin mCE(f,CA(x),t), Vt € T.

The definition of mCE is provided in Section 3.2 of the
main paper. Intuitively, the above objective performs em-
pirical risk minimization on C.A(x), while enforcing that
the learned representation remains invariant across 7. How-
ever, this formulation leads to a bi-level optimization prob-
lem, where each constraint involves solving an inner-loop
minimization, making it computationally expensive and
challenging in practice. To address this, [1] proposes a prac-



tical relaxation of the objective, expressed as:

. 2
min 2; mCE(f,CA(x),t) + A |V smCE(f, CA(z), )|
4

In our work, we adopt this formulation, Eq. 4, as the
weather invariant loss, and incorporate it in Eq.6 and Eq.7 of
the main paper. Algorithm | summarises the overall train-
ing pipeline.

Algorithm 1 Adversarial CaRS Training

Require: Dataset A

Ensure: Representations C.A, SA
1: Initialize model f and representations C'A, S A
2: for: =1tondo
3:  foreachxz € Ado

4: ¢i < CA;(x) // Causal feature

5: s; < SA;(x)  // Spurious/confounding feature

6:  end for

7. Update f;,CA;, SA,; using Eq. 6 of the main paper
with ¢ /I Min-game

8:  Update v, t using Eq.7 of the main paper I
Max-game

9: end for

4. Software and Machine Setup

We used Python 3.8, PyTorch, and TensorFlow for our ex-
periments on an NVIDIA Tesla M60 8GB GPU. To per-
form semantic segmentation, our CaRS model, trained for
50 epochs with a batch size of 16 and a learning rate of
0.001, minimizes the binary cross-entropy loss function us-
ing the Adam optimizer. In addition, to perform instance
segmentation, our CaRS model, trained for 30 epochs with
a batch size of 4 and a learning rate of 0.005, minimizes the
cross-entropy loss function using the SGD optimizer with
momentum. Also, our SCG model trained for 100 epochs
with a batch size of 16 and a learning rate of 0.0001, mini-
mizes the KL divergence loss function using the Adam op-
timizer. We randomly split the dataset into 70% training,
10% validation, and 20% testing sets. The baseline seman-
tic and instance segmentation models follow the same train-
ing setup as CaRS. The hyperparameter A in the weather in-
variant loss was set to either 5 x 104, following the settings
used in [29]. A was fixed at 1 x 106 for the max-game. The
number of iterations n was varied between 10 and 20 across
experiments.

5. Additional Experimental Details

In this section, we provide additional details about the
TWDSI16 dataset, including its quality, annotation process,
and limitations. Furthermore, we outline additional quan-

titative and qualitative results. All experiments were con-
ducted three times, and the average results are reported.

5.1. The TWDS16 Dataset

To generate transitional weather images in the TWDS16
dataset, we employed the Spurious Correlation Generator
(SCG) to process pairs of input images captured under
distinct weather conditions. Prior to this, we constructed
the Weather Driving (WD) dataset, which contains images
of five distinct weather conditions, sunny, cloudy, rainy,
snowy, and foggy, while maintaining a consistent back-
ground across scenes. Cloudy images were sourced from
Cityscapes [11], rainy images from RainCityscapes [14]
& MultiWeatherCity [23], and foggy images from Foggy
Cityscapes [27]. Snowy images are generated using Con-
trolNet [39], a stable diffusion-based model. After address-
ing class imbalance, each discrete weather class in the WD
dataset comprises 293 images, all resized to a resolution
of 512 x 256 pixels. The final TWDS16 dataset consists
of 46,880 weather transition sequences, each sampled uni-
formly at a length of T=10 frames. This dataset covers
sixteen distinct weather transition states, namely, cloudy
to rainy (CR), sunny to foggy (SF), sunny to rainy (SR),
cloudy to snowy (CSn), cloudy to foggy (CF), snowy to
rainy (SnR), snowy to foggy (SnF), foggy to rainy (FR) and
vice versa. The total disk size of the TWDS16 dataset is 7
GB. Figures 4, 5, 6, and 7 present the qualitative results of
the generated transitional weather sequences of TWDS16
dataset. The proposed SCG synthesizes smooth progres-
sions between distinct weather conditions (e.g., cloudy,
rainy, foggy, snowy, and sunny), demonstrating its ability
to capture continuous and realistic visual transitions across
a specified sequence length 7.

Evaluating TWDS16 dataset quality. To ensure that the
generated TWDS16 dataset aligns with real-world scenar-
ios, we assess image quality using the Inception Score
(IS), Signal-to-Noise Ratio (SNR), and Peak Signal-to-
Noise Ratio (PSNR). Table 2 summarizes image quality re-
sults, where TWDS16 achieves higher IS, PSNR, and SNR
scores, confirming its superior quality compared to exist-
ing benchmarks. Among the transitions, RC and FS yield
the highest scores, while CR and SR deliver the next best
performance.

Dataset annotations. We performed two types of image
annotation to support both semantic and instance segmen-
tation tasks. For semantic segmentation, we used the La-
bellmg tool to generate binary masks that distinguish be-
tween road and non-road regions. For instance, segmenta-
tion, we employed the Roboflow platform to annotate 12
object classes relevant to autonomous driving: car, truck,
bus, bicycle, pedestrian, bike, obstacle, rider, tram, traffic
light, van, and scooter.

Limitations of TWDS16 dataset. While the TWDS16
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Figure 4. Qualitative results of TWDS16 dataset weather transitions (e.g., cloudy to rainy, foggy to sunny, sunny to rainy, and cloudy to
foggy) generated by SCG. For a given length 7', the model produces smooth and realistic transitions between weather conditions.
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Cloudy
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Figure 5. Qualitative results of TWDS16 dataset weather transitions (e.g., cloudy to snowy, foggy to rainy, snowy to rainy, and foggy to
snowy) generated by SCG. For a given length 7', the model produces smooth and realistic transitions between weather conditions.

dataset provides diverse intensities of weather conditions,
it has certain limitations and potential biases, which we in-
tend to investigate further in future work. (i) Limited ge-
ographic representation: The dataset contains static back-
ground scenes throughout a weather transition sequence,
representing only a limited geographic area. Our future

work aims to generate transition sequences with dynamic
backgrounds and apply the CaRS method for segmenta-
tion. (ii) Temporal sampling bias: The dataset captures
transitions at 10 frames per second, which may not ade-
quately represent all weather intensity variations. This fixed
sampling rate could introduce bias by missing intermediate
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Figure 6. Qualitative results of TWDS16 dataset weather transitions (e.g., rainy to snowy, sunny to foggy, rainy to cloudy, and rainy to
sunny) generated by SCG. For a given length 7", the model produces smooth and realistic transitions between weather conditions.
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Figure 7. Qualitative results of TWDS16 dataset weather transitions (e.g., snowy to cloudy, rainy to foggy, snowy to foggy, and foggy to
cloudy) generated by SCG. For a given length 7", the model produces smooth and realistic transitions between weather conditions.

weather states. In future work, we will use different sam-
pling rates and create annotations for them. (iii) Potential
biases in data division: The dataset is divided randomly
into training, validation, and testing sets. However, this
approach may not account for biases in the data distribu-
tion, such as variations in the number of images of various

weather scenarios, traffic scenarios or road elements. (iv)
Annotation biases for road elements: The accuracy and con-
sistency of the annotations for key road components, such as
vehicles, pedestrians, traffic signs, and other critical infras-
tructure, could be subject to human biases or errors during
the labeling process. This could lead to systematic under-



Table 2. Quality of TWDS16 images measured using IS, PSNR, and SNR metrics.

Dataset/

Metrics BDD100K [36] Cityscapes [11] MW City [23] CR RC SF FS SR RS CF FC CSn  SnC SnR RSn SnF  FSn FR RF
ISt 451 5.00 4.13 5470 58.66 4939 5491 5828 48.17 5044 51.11 4995 4855 46.55 4534 4834 4755 5247 5192

PSNR 1 27.73 31.59 3259 30.10 31.07 32.62 31.22 31.54 3142 31.15 3052 3033 3011 3032 29.76 30.01 31.77 31.54

SNR 1 - - 3275 3420 3357 3425 3423 3337 31.87 3266 3122 3136 31.19 3138 30.15 30.93 3122 31.01

Table 3. Performance comparison of semantic road segmentation with existing models on the TWDS16 dataset, evaluated in terms of Dice
score. Bold and result highlight the best and second best results, respectively.

Tr;;[lzg;‘l’“/ RC CR SFE FS SR RS CF FC CSn SnC SmR RSm SnF FSn FR RF
DeepLabv3+ [8] 93.4 927 883 88.1 928 927 885 872 843 881 885 893 877 888 89.6 89.7
TransUNet[7]  93.1 93.5 870 861 934 925 793 795 785 79 875 887 80.5 82.6 828 824
Mask2Former [9] 912 928 87.6 872 905 91.8 912 903 888 872 887 902 91 90. 912 899
SS-SFDA [16] 927 93.1 86.1 852 927 90.6 90.6 868 87.6 869 858 878 80.6 81.6 812 81
VBLC [18] 925 929 872 884 925 91.6 916 923 886 875 881 90.5 904 893 907 90.9
CaRS (ours) 942 941 89.6 90.0 947 939 953 946 911 92 929 938 91.6 91 93.6 932

representation or misclassification of certain road elements,
which may impact the model’s ability to generalize to real-
world scenarios. Evaluating the quality and potential biases
in the road element annotations should be a focus of future
investigations.

In addition to our generated TWDS16 dataset, we eval-
uated the proposed method on Foggy Cityscapes [27],
RainCityscapes [14], and BDD100K [36], with compara-
tive results presented in the next section.

5.2. Additional Quantitative and Qualitative Re-
sults

Table 4 in the main paper reports the semantic segmenta-
tion performance of CaRS against baselines using mloU.
Building on this, Tables 3 and 4 present results in terms of
Dice score and accuracy across all weather transitions in
the TWDS16 dataset. CaRS consistently outperforms state-
of-the-art semantic segmentation models (DeepLabV3+,
Mask2Former) and domain-adaptive methods (SS-SFDA,
VBLC) designed for adverse weather. Notably, the CF and
FC transitions yield the highest gains, underscoring CaRS’s
robustness under challenging shifts. While DeepLabV3+
and Mask2Former achieve competitive accuracy, they fall
short of CaRS’s overall performance.

Table 5 of the main paper reports the instance segmen-
tation performance of CaRS against baselines using mask-
mAP. Additionally, Table 5 presents a quantitative evalua-
tion in terms of box-mAP across all transition states of the
TWDS16 dataset. In both evaluations, CaRS consistently
outperforms all baseline methods. Figure 8 illustrates the
instance segmentation performance of CaRS across various
weather transitions, RC, CF, FS, FR, RS, and CSn, eval-
uated at different weather intensity levels (t). The results
show that CaRS effectively mitigates the confounding ef-

fects introduced by varying weather patterns, maintaining
high segmentation accuracy even under severe weather tran-
sitions. In contrast, baseline models exhibit a significant
drop in accuracy as the intensity of the weather transition
increases.

Figure 9 shows the test losses for semantic road seg-
mentation across the transitions CR, FC, SF, FSn, SR, and
RSn, comparing CaRS with baseline models. CaRS consis-
tently achieves the lowest and most stable test loss among
all methods. Similarly, Figure 10 shows test losses for in-
stance segmentation of road elements across the same set
of transitions, where CaRS again outperforms others with
consistently lower losses. However, for SR and RSn transi-
tions, the test loss of CaRS is relatively higher compared to
other transitions, indicating potential for further improve-
ment in future work. Furthermore, we generate Grad-
CAM heatmaps to visually demonstrate the effectiveness
of our proposed approach. Figure 11 shows Grad-CAM
heatmaps before and after causal-confounding disentangle-
ment. Without disentanglement, attention maps are scat-
tered across irrelevant regions, reducing the ability to local-
ize true causal features because of spurious weather correla-
tions. After disentanglement, attention becomes more struc-
tured and aligned with the target classes: road heatmaps fo-
cus on road areas, car heatmaps correctly localize all car in-
stances, and person heatmaps concentrate on pedestrian re-
gions. This demonstrates that the proposed disentanglement
framework suppresses spurious correlations and enhances
causal feature learning, resulting in improved segmentation
performance.

5.2.1. Average Causal Effect (ACE)

We computed the ACE values for semantic road segmenta-
tion and road element instance segmentation under the RC



Table 4. Accuracy of semantic road segmentation with existing models on the TWDS16 dataset. Bold and result highlight the best and
second best results, respectively.

“ﬁ‘sg;‘l’“/ RC CR SF FS SR RS CF FC CSn SnC SnR RSm SnF FSm FR RF
DeepLabv3+[8] 904 919 93.1 93.2 945 943 928 917 925 922 92 919 921 92 925 923
TransUNet [7]  91.0 91.1 90.8 917 941 952 92.6 93.6 887 882 863 872 862 858 885 879
Mask2Former [9] 91.5 917 929 91.5 922 946 931 939 922 918 919 925 916 916 91.8 917
SS-SFDA[16] 892 888 882 90.6 924 913 922 913 90.1 89.7 854 859 845 849 852 843
VBLC [18] 91.0 91.1 905 925 931 939 939 935 917 921 9.1 91.8 912 922 918 919
CaRS (ours) 921 922 937 937 942 951 959 958 93 931 933 943 922 934 939 934

Table 5. Performance comparison between the proposed method and state-of-the-art models for road element instance segmentation on the
TWDS16 dataset, evaluated in terms of bounding box mAP. Bold and result highlight the best and second best results, respectively.

T’Ki‘j:;:l’“/ RC CR SF FS SR RS CF FC CSn SnC SnR RSn SnF FSm FR RF
Mask R-CNN [13] 363 369 385 399 296 30.6 392 39.8 36 352 301 299 329 33 367 359
YOLACT++[4] 318 313 326 317 296 289 333 337 305 303 278 283 27.6 288 297 308
Sparselnst[10] ~ 35.8 364 385 40.6 32.5 304 389 375 354 358 315 310 315 303 375 374
Mask2Former [9] 364 36.7 346 360 295 309 386 384 362 363 318 312 314 319 363 37.5
CaRS (ours)  37.5 379 452 459 352 335 447 444 372 375 342 339 355 367 412 405

‘—k CaRS (ours) —— Mask R-CNN[13] —e—

YOLACT++ [4] ‘

40

|~ CaRS(ours) e DeeplabV3+[5] o TransUNet[7] |

50

Figure 8. Comparing the instance segmentation performance of
the CaRS method with the state-of-the-art models on the TWDS16

dataset across all the intensities of the weather.

weather transition, across intensity levels from ¢ = 0 to
9. These values, calculated using Eq.2 from the main pa-
per and visualized in Figure 12, reveal a consistent decline
in ACE as weather intensity decreases. CaRS exhibits sig-
nificantly lower ACE values than other methods, indicating
its superior ability to mitigate weather-induced biases. This
suggests that CaRS effectively addresses confounding fac-
tors, leading to more robust and reliable segmentation per-

38| - S o — il § B o ]
AL 36 e /, 26 \,‘w,f"@'—'e—e— I 1L / % s 1 \‘
< sl A ‘ . L 0 / ) = \‘
E( ‘7/.‘. 34 —— . \ g I 21 I ..\‘,"\v

32| t 32 35 7 & 051 ¥ ‘a",a@/“

1 AN ' - 0.5 I\ P A :

301 ad 30 Yo—e 30 " ’ & ’V\ﬁé . -/ '2‘ i
Tl I e N i 1y i I
0123456789 0123456789 0123456789 0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50

(a) Rainy to Cloudy (b) Cloudy to Foggy (¢) Foggy to Sunny (a) Cloudy to Rainy (b) Foggy to Cloudy (c) Sunny to Foggy
—e_ 38 o :

e 36 A ~. 15 1 §

450 ~— — —_— e 05 | 1 |

N > \""‘\,, 34 ,,(,,,e/o/’/ PRE RN, “»76\\; A | ’ F ‘]Lf
Lol S 320 oo // 2 " T~ T = [ 04f /’\" S
.| — ) P 3 ~_ - [ IR R i /g
g R === — 2 | ost Y Grdlfege
3 28F r 32 e o5 | ~’:~ % ’:ﬁ? A ‘f,f& #’
2% et I B o2 P
30 — b B bl
30 I A I I
0123456789 0123456789 0123456789 0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50
Transition Sequence Transition Sequence Transition Sequence Epochs Epochs Epochs
(d) Foggy to Rainy (e) Rainy to Sunny (f) Cloudy to Snowy (d) Foggy to Snowy (e) Sunny to Rainy (f) Rainy to Snowy

Figure 9. Comparison of semantic road segmentation loss of the
CaRS with state-of-the-art models on the TWDS16 dataset.

formance across varying weather intensities.

5.3. Extended Ablation Study

In continuation from the main paper, we present additional
ablation studies evaluating the proposed CaRS method on
Foggy Cityscapes [27] (5,500 images) and RainCityscapes
[14] (15,000 images). The main paper reported quantita-
tive results on these benchmarks using dataset splits consis-




Table 6. Semantic road segmentation performance of the CaRS method on unseen weather transitions of the TWDS16 dataset (Trained on
CR and RS transitions). Bold and result highlight the best and second best results, respectively. mI—mIOU, DI—Dice score.

Test/

Train RC CR SF FS SR RS CF FC SnR RSm SnF FSn CS SC FR RF
CR ml | 0.48 - 044 043 037 058 06 059 045 044 046 048 039 042 049 048
DI | 0.65 - 06 06 516 074 077 075 0.61 060 0.62 0.66 054 059 0.66 0.64
RC ml | 047 0.6 045 048 0.5 - 046 044 046 049 047 05 044 046 052 05
DI | 0.64 0.75 0.63 0.66 0.67 - 0.68 0.65 062 064 063 065 061 0.62 0.68 0.65
‘+ CaRS (ours) —e— MaskR-CNN[I13] —e— YOLACT [3] ‘ despite challenging weather. Similarly, Figure 15 demon-
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Figure 10. Comparison of instance segmentation loss of the CaRS

with state-of-the-art models on the TWDS16 dataset.

Table 7. Performance of CaRS on unseen Foggy Cityscapes
(FC), Rainy Cityscapes (RC), and real-world adverse weather sce-
narios from BDD100K, when trained on the TWDS16 dataset.
mI—mlIOU, DI—Dice Score.

Semantic Segmentation Instance Segmentation

Dataset
DI ml box seg
RC 0.67 0.5 0.31 0.28
FC 0.63 0.46 0.32 0.29
BDD 0.58 0.44 0.29 0.27

tent with TWDS16. For comparison, we included multiple
baselines: DeepLabv3+, TransUNet, and U-Net for seman-
tic segmentation, and Mask R-CNN and YOLACT++ for
instance segmentation. We further evaluated instance seg-
mentation on BDD100K [36], which contains 100,000 driv-
ing video clips. From this, 700 clips were used for training,
100 for validation, and 200 for testing. Comparative quan-
titative results are provided in the main paper. Figures 13
and 14 show qualitative results on Foggy Cityscapes and
RainCityscapes, where CaRS effectively segments objects

Generalizability of the Proposed approach. We evalu-
ated the generalization ability of CaRS in unseen weather
environments. In the first, CaRS is trained on the CR tran-
sition and tested across all other transitions in the TWDS16
dataset. In the second, CaRS training is performed on the
RS transition, and testing was carried out again on the re-
maining transitions. As shown in Table 6, CaRS achieved
strong segmentation performance, even when tested on
weather transitions not seen during training. Further-
more, Table 7 reports the performance of CaRS trained on
TWDS16 and evaluated on three external datasets, FoggyC-
ityscapes, RainCityscapes, and the real-world BDD100K
dataset, demonstrating its robustness under real-world ad-
verse weather beyond the source domain. Additionally, the
dual attention mechanism used to separate causal and con-
founding features is model-agnostic, allowing seamless in-
tegration with diverse backbone architectures.

5.4. Discussion on Edge Cases

Unusual weather patterns. To enhance model robustness
across diverse weather conditions, our training data incor-
porates transitional weather patterns with varying intensity
levels, ranging from¢ = Oto 7" (e.g., T = 10). As discussed
in Section 3.1 of the main paper, the VAE performs data in-
terpolation using the parameter « € [0, 1], which controls
the intensity level of weather conditions. As a result, the
generated dataset captures a diverse range of weather pat-
terns. Although this allows the model to adapt effectively



Figure 11. Grad-CAM heatmaps before and after causal-confounding disentanglement, illustrating improved focus on causal regions
across the transition sequence. (a) Road segmentation before disentanglement, where attention spreads across irrelevant regions. (b) Road
segmentation after disentanglement, with attention correctly focused on road areas. (c) Car segmentation before disentanglement, with
diffuse attention beyond car objects. (d) Car segmentation after disentanglement, with precise focus on all car instances. (e) Person
segmentation before disentanglement, where attention is scattered across the image. (f) Person segmentation after disentanglement, with

accurate focus on all person instances.
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Figure 12. Average causal effect values of rainy to cloudy transi-
tion of the TWDS16 dataset. (a) Semantic road segmentation (b)
Instance segmentation of road elements.

and maintain strong performance in many scenarios, further
improvements are needed to ensure optimal performance in
unusual weather patterns.

Performance on real-world noise and adversarial ro-
bustness. Our model performs well across challenging
weather conditions, but real-world noise and adversarial
perturbations may introduce additional challenges. Weather
transitions often exhibit irregular patterns, where certain
dependencies are more critical than others. To further
strengthen robustness, we plan to explore adversarial de-
fense strategies, including adversarial training and uncer-
tainty quantification techniques, to mitigate potential vul-
nerabilities. These enhancements will ensure our model
maintains strong generalization across real-world weather



Figure 14. The qualitative instance segmentation results of the CaRS method on the RainCityscapes dataset.

conditions.

6. Limitations and Future Work

In continuation of Section 5 of the main paper, CaRS has

certain limitations that we plan to address in future research.

1. Background consistency. The current weather tran-
sition generation maintains static background elements
across transitions, modifying only weather-related fea-
tures. Although this controlled setup simplifies evalu-
ation by reducing weather effects on the model perfor-
mance, it limits real-world applicability. The challenge
lies in generating dynamic backgrounds that change nat-
urally while preserving accurate weather transitions, re-
quiring a balance between scene variation and weather
feature clarity. Future research will focus on transitional
video generation that integrates dynamic backgrounds
while maintaining precise weather details, demanding
advanced architectures to effectively separate weather
and scene features.

2. Transition quality. Image quality deteriorates during
transitions from sunny to rainy, rainy to sunny, snowy to
rainy and rainy to snowy due to high distortion and noise
in rainy and snowy images. To address this challenge,
future work will incorporate denoising algorithms as a
preprocessing step to mitigate visual noise and distor-
tions, ensuring cleaner inputs for transition generation.

This enhancement will ultimately improve CaRS’s abil-
ity to handle challenging weather shifts.

. Unusual weather patterns. To enhance CaRS’s robust-

ness across diverse weather conditions, our generated
data includes transitional weather patterns with varying
intensity levels, ranging from ¢ = 0 to T". While this en-
ables the model to adapt effectively and maintain strong
performance in many scenarios, further improvements
can be achieved through unsupervised domain adapta-
tion to perform well in unseen weather environments.

. Model robustness to adversarial perturbations.

While the dataset captures transitional weather condi-
tions, high noise levels in the images may affect model
robustness, reducing reliability in real-world scenarios,
particularly under natural noise or adversarial perturba-
tions. To address this, future work will explore adversar-
ial attack and defense strategies to enhance the CaRS’s
resilience in real-world deployments.

. Risk analysis. While our work focuses on robust seg-

mentation under transitional weather, a promising direc-
tion is to integrate risk analysis into the segmentation
pipeline. By localizing potential hazards, future mod-
els can move beyond semantic understanding to reason
about risks in real time. Such risk-aware perception is
vital for safe autonomous driving, especially in transi-
tional weather conditions [21, 40]. Coupling segmenta-
tion and risk localization with contextual explanation en-



Figure 15. The qualitative instance segmentation results of the CaRS method on the BDD100K dataset.

ables more informed, interpretable decision-making. In-
corporating causal reasoning into risk assessment (e.g.,
distinguishing true danger signals from spurious noise)
can further enhance safety, generalization, and trust in
autonomous systems.
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