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Comparison with Existing Test Time Adaptation (TTA)
and Continual Test Time Domain Adaptation (CTDA)
Methods. In Table 1, we compare SegBridge with
existing TTA and CTDA methods. Note that existing
TTA and CTDA methods are not compatible with DINOv2
and Mask2Former since they typically rely on batch-
normalization statistics and classification-style outputs. For
fair comparison, we report Mask2Former +DINOv2
(M2FD2) performance and then show the improvements
achieved by applying our method on top of it. For existing
TTA and CTDA methods, we report the results of existing
approaches using source pre-trained models HGFormer [5]
and DeepLabv3+ ResNet101 [2], both trained in the day-
time. We use the DeepLabv3+ ResNet101 backbone in
cases where approaches are specifically designed for CNN
architectures. For example, TENT [20] is designed to adapt
BN parameters, which are suitable only for CNN-based ar-
chitectures. On the cityscapes-val dataset, the mIoU of the
above-mentioned source pre-trained models is 80.4% and
78.5%, respectively. We report average mIoU across 10 it-
erations to demonstrate an overall improvement in semantic
segmentation performance.

Supplementary Videos. All six MPEG-4 clips are located
in multimedia/ folder (720p / H.264).

Datasets Description.
Datasets. Our experiments are conducted on five bench-
mark datasets: C-Driving [10], IDD-AW [18], SHIFT [19],
ACDC [17], and Cityscapes (Day) [4]. A brief overview of
each dataset is provided below.

C-Driving [10]. The C-Driving benchmark is derived from
the BDD100K dataset [23] and contains images under four
adverse weather conditions: cloudy, rainy, snowy, and over-
cast. The validation split includes 346 cloudy, 215 rainy,
242 snowy, and 927 overcast scenes. For reporting, we use
the C-Driving Rain validation subset.

IDD-AW [18]. The IDD-AW dataset consists of 5,000
finely annotated images representing complex driving en-
vironments in India. It captures diverse challenging scenar-
ios such as rain, fog, snow, and low-light conditions. For

evaluation, the IDD-AW validation set is employed.
SHIFT [19]. SHIFT provides a large-scale synthetic dataset
of about 2.5M images covering multiple adverse scenarios.
ACDC [17]. The ACDC dataset contains 4,006 high-
resolution images (1920×1080) collected under adverse
weather conditions. It spans four domains: fog, night,
snow, and rain. Each domain provides 400 labeled train-
ing images, around 100 validation images (106 in the case
of night), and 500 unlabeled test samples.
Cityscapes (Day) [4]. The Cityscapes dataset offers 5,000
urban driving scenes captured in clear daytime conditions,
with an image resolution of 2048×1024. The validation
set includes 500 labeled samples, while the official test set
contains 1,525 images for benchmarking.
Evaluation Criteria. Mean Intersection over Union
(mIoU) is used as an evaluation criterion. Higher mIoU
indicates better semantic segmentation predictions.
Related work: Multi-Prototype Learning. Infinite Mix-
ture Prototypes [1] uses class-specific clusters to handle
varying data complexities in few-shot learning by dynami-
cally adjusting the number of clusters. SegBridge frame-
work uses class-specific prompt embeddings within a con-
tinual learning framework to adapt to new domains while
retaining previous knowledge using a greedy query replay
buffer. IMP’s embeddings are data-driven clusters, while
SegBridge’s are learnable prompts embeddings integrated
into SOTA Vision Foundation Models. SegBridge of-
fers a modular and parameter-efficient framework that en-
hances generalization. We also propose a greedy replay
buffer to adapt to and retain knowledge across continuously
shifting domains. By integrating Vision Foundation Models
(e.g., DINOv2) with Mask2Former, SegBridge offers
a modular and parameter-efficient framework that enhances
generalization. The comparison results for (IDD-AW, C-
Driving) datasets are: IMP: (58.4, 60.9) and SegBridge
(ours): (69.8, 68.7).
Limitations. During our testing on unseen road scenes
from YouTube videos, we observed that the segmentation
of minority classes, such as traffic lights, is occasionally in-
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Time t −−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→

Round 1 4 7 10 All

Model+Method fog night rain snow fog night rain snow fog night rain snow fog night rain snow mean
HGFormer[5] 69.2 52.5 72.1 68.4 69.2 52.5 72.1 68.4 69.2 52.5 72.1 68.4 69.2 52.5 72.1 68.4 65.5
DeepLabv3+ ResNet101[2] 67.5 22.1 52.3 50.7 67.5 22.1 52.3 50.7 67.5 22.1 52.3 50.7 67.5 22.1 52.3 50.7 48.2
• TENT-continual [20] 69.2 23.4 53.5 51.3 65.2 17.4 50.9 49.9 61.5 15.5 48.9 48.4 59.9 14.4 48.2 48.1 45.4
• MEMO[25] 60.1 44.2 63.2 52.2 62.2 44.8 63.7 53.2 58.8 42.8 59.5 52.4 48.7 20.9 52.1 50.2 51.8
• EATA-continual[11] 69.5 28.9 56.2 55.1 67.9 28.1 55.1 53.4 65.2 26.3 51.9 52.1 65.1 25.9 53.1 52.1 50.4
• SAR[12] 68.8 24.2 53.4 51.1 69.2 25.5 54.9 52.8 70.5 27.2 55.1 53.4 71.1 28.9 56.5 56.2 51.2
• NOTE[7] 69.1 22.8 54.5 54.2 70.2 23.7 55.8 57.2 68.4 20.9 55.1 56.1 68.1 20.1 54.5 56.1 50.5
• RoTTA[24] 69.4 24.1 55.1 55.2 71.4 24.4 55.1 57.1 69.4 22.3 53.2 56.1 67.8 20.2 53.1 54.2 50.2
• DoSE[16] 73.4 26.4 57.7 57.9 76.5 27.9 60.4 60.3 76.1 28.2 61.1 60.4 76.8 30.9 63.8 60.7 56.2
• MECTA[8] 69.3 23.5 55.1 54.7 70.3 24.8 55.6 55.3 70.6 24.3 56.1 56.3 69.1 22.7 55.1 54.9 51.2
• RATP[9] 70.1 53.8 72.9 69.2 71.3 53.6 73.1 69.8 71.8 53.8 74.2 69.9 70.4 53.5 73.1 68.8 66.8
• RMT[6] 69.5 53.8 73.4 69.2 70.2 54.2 74.1 69.9 70.4 54.8 74.3 70.2 70.6 55.2 74.8 70.6 71.2
• MALL[15] 70.4 54.8 74.3 70.2 70.8 55.9 76.2 73.1 68.4 51.1 72.4 69.3 64.1 48.2 68.1 66.8 65.9
• CoTTA[21] 70.1 54.2 72.9 69.1 70.6 55.4 73.4 69.6 71.1 56.2 74.1 70.2 71.4 56.8 74.8 70.9 70.9
• ONDA[14] 71.1 54.8 58.4 51.8 73.2 57.8 56.8 55.1 68.9 55.7 53.8 56.9 66.2 51.4 53.9 54.2 68.3

M2FD2 [3, 13] 70.6 69.5 68.4 74.2 70.6 69.5 68.4 74.2 70.6 69.5 68.4 74.2 70.6 69.5 68.4 74.2 70.7
• SegBridge (ours) 69.5 72.9 74.2 72.5 73.2 75.6 76.5 75.3 74.9 75.8 77.6 76.2 74.5 78.5 79.1 78.1 77.9

Table 1. Comparison of SegBridge with existing TTA and CTDA methods on ACDC dataset, We use HGFormer[5] and DeepLabv3+
ResNet101[2] pre-trained on daytime as source pre-trained models. Results of our SegBridge are based on DINOv2 as pre-trained VFM.
M2FD2 refers to Mask2Former with DINOv2 backbone.

Input image MDIL DoSE ZTC (ours) Ground truthInput Image                                  MDIL                       DoSE SegBridge Ground Truth

Figure 1. Qualitative visual comparison of proposed SegBridge approach with existing CLSS methods

Input image Rein C-TPT ZTC (ours) Ground truthInput Image                                 Rein                                   C-TPT                              SegBridge Ground Truth

Figure 2. Qualitative visual comparison of proposed SegBridge approach with existing DG and PEFT methods



Input image RATP CoTTA ZTC (ours) Ground truthInput Image                                        RATP                                        CoTTA                         SegBridge                                Ground Truth 

Figure 3. Qualitative visual comparison of proposed SegBridge approach with existing TTA and CTDA methods

ID Description and filename

V1 Clear→Cloudy (ours vs. Rein)
cloudy comparison with rein.mp4

V2 Clear→Fog (robustness as visibility drops)
fog comparison with cotta.mp4

V3 Clear→Night (boundary discovery in low-light)
night comparison with c-tpt.mp4

V4 Clear→Overcast (VFM backbone under dull light)
overcast comparison with dinov2.mp4

V5 Clear→Rain (motion-blur mitigation)
rain comparison with mdil.mp4

V6 Clear→Snow (boundary recovery amid flakes)
snow comparison with soma.mp4

Table 2. Catalogue of supplementary videos.

accurate. However, due to their critical role in safety, ensur-
ing accurate segmentation for minority classes is essential.
Video outputs are provided in the supplementary.
Effect of Architectural Components. We perform a leave-
one-out ablation to quantify the individual and synergistic
benefits of the three modules that distinguish SegBridge
from a straightforward VFM+Mask2Former baseline:
Per-Class IoU on ACDC. are reported in Table 4.
• Visual Prompt Tuning (VPT). Injects lightweight

prompt tokens into the frozen decoder, enabling fast test-
time plasticity without full fine-tuning.

• Boundary-Guided Query Discovery (BGQD). Refines
object queries using high-confidence edge cues, yielding
crisper masks under blurred or low-contrast conditions.

• Mixture-of-Experts (MoE) Gate. Dynamically routes
queries to domain-specialised prompt experts, mitigating
catastrophic forgetting as domains evolve.
Table 5 reports mIoU on the two most challenging

datasets (C-Driving and IDD-AW) after ten CTDA iter-
ations. Starting from a frozen Mask2Former, VPT alone
already gives a +2.1 / +1.9 mIoU gain, confirming that
prompt tokens are a parameter-efficient alternative to de-
coder retraining. Adding BGQD delivers a further +2.1 /
+1.8 mIoU by sharpening object boundaries, while the MoE
gate contributes an additional +1.2 / +1.0. Stacking all three
components yields a 6–7 % mIoU improvement over the
baseline and establishes new state-of-the-art performance
on both datasets.

The full model adds fewer than 2.3 M trainable parame-
ters (0.8 % of DINOv2) and increases test-time latency by
only 0.13 s / image, making it suitable for real-time deploy-
ment in adverse driving scenarios.

Incorporation of VFMs. To extract image features
as input for the pixel decoder and transformer decoder,
the Mask2Former pixel decoder, transformer decoder
receives feature maps from Vision Foundation Models
(VFMs) such as DINOv2 and EVA02. These feature maps
are derived from multiple predefined layers, including the
7th, 11th, 15th, and 23rd layers, similar to Rein [22], pro-
viding rich spatial and semantic information essential for
downstream processing.

Hyperparameters used:. We initialise the domain-specific
prompt embeddings for each domain with a dimension of
D = 256 and pass them through a Visual Prompt Tun-
ing (VPT) adapter comprising L = 9 transformer layers.
The Mixture-of-Experts gating network is implemented as
a lightweight MLP with two hidden layers, each containing
256 neurons. Following Mask2Former, we use N = 100
base object queries and Nd = 50 domain-specific prompt
tokens, resulting in 8 learnable prompt embeddings per
class. To mitigate forgetting, a greedy query replay buffer
of size n = 10 is maintained. During continual adaptation
we optimise only the prompts, VPT projection, and MoE
gate with the Adam optimiser (lr = 1×10−3, momentum
= 0.9). The loss trade-off is governed by λNC = 10−1,
while the temperature and confidence thresholds are fixed
to τ = 0.07 and θ = 0.5, respectively. Edge-aware anchors
are obtained with a Canny detector using low/high thresh-
olds (30, 150), and all Vision Foundation Model (VFM)
weights remain frozen during inference.

Qualitative Visual Comparison. We report the qualitative
visual results of SegBridge, comparing its performance
with current state-of-the-art methods. Results are reported
in Figure 1, Figure 2 and Figure 3 respectively.

Video Outputs. We provide video outputs in the supple-
mentary material to compare the proposed SegBridge ap-
proach with the SOTA CTDA, DG, and CS methods.

Ablation Study on LoRA Rank. We perform an abla-
tion study on the ACDC dataset to analyze the impact of
the LoRA rank r on the SegBridge framework. Keep-



Time t −−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→

Round 1 4 7 10 All

Method rain cloud overcast snow rain cloud overcast snow rain cloud overcast snow rain cloud overcast snow mean
M2FD2 [3, 13] 62.9 60.9 60.4 61.2 62.9 60.9 60.4 61.2 62.9 60.9 60.4 61.2 62.9 60.9 60.4 61.2 61.3
• SegBridge (ours) 60.1 65.3 69.7 71.2 61.9 66.3 71.2 72.3 62.2 68.1 72.3 73.5 64.8 68.9 73.5 74.7 68.8

Table 3. Results of SegBridge framework using pre-trained DINOv2 [13] on C-Driving dataset. The results show the performance
for different weather conditions (rain, cloud, overcast, and snow) over 10 iterations. M2FD2 refers to Mask2Former with DINOv2
backbone.
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SegBridge 93.2 74.5 83.1 43.8 34.2 66.7 59.4 60.3 87.9 56.0 95.4 73.7 58.9 92.3 72.5 79.6 62.4 46.2 65.3
CoTTA 90.1 68.2 79.3 41.2 30.9 60.4 51.3 55.8 85.1 49.7 92.2 67.4 51.6 90.1 69.4 75.7 59.8 41.7 58.6

Table 4. IoU (%) for each of the 19 Cityscapes classes after 10 CTDA rounds.

Configuration C-Driving IDD-AW

Frozen VFM +Mask2Former 61.3 59.2
+ VPT 65.2 61.3
+ BGQD 67.3 63.1
+ MoE 66.4 63.2

All components (ours) 68.7 65.1

Table 5. Ablation of architectural components (mIoU, %).

DINOv2 Variant Average mIoU (%)

DINOv2/ViT-S/14 65.8
DINOv2/ViT-B/14 69.5
DINOv2/ViT-L/14 (DINOv2-L) 74.2

Table 6. Ablation study of different DINOv2 variants on
SegBridge performance. We report the Average mIoU (%) on
the ACDC dataset. Larger DINOv2 variants, such as ViT-L/14,
demonstrate improved performance.

Figure 4. Impact of buffer sample size on average mIOU.

ing all other hyperparameters fixed, we vary r and report
the average mIoU across all four adverse-weather domains.
As shown in Tab. 7, rank (r = 8) provides the best perfor-

mance, while both smaller and larger ranks lead to under-
and over-parameterization effects, respectively.

LoRA Rank r Average mIoU

2 62.1
4 64.3
8 68.4
16 66.9
32 64.1.x

Table 7. Ablation study of LoRA rank on the ACDC dataset. A
moderate rank (r = 8) yields the highest average mIoU.

Ablation on different variants of VFMs. To assess
the impact of different DINOv2 variants on proposed
SegBridge performance, we perform an ablation study
using various configurations of the DINOv2 model as the
base pre-trained Visual Foundation Model (VFM). The re-
sults, presented in Table Figure 6, demonstrate the Average
mIoU (%) achieved on the ACDC dataset for each variant.

Ablation Study: Impact of Sample Size in Greedy Query
Replay Buffer. To analyze the impact of the sample size in
the Greedy Query Replay Buffer on model performance, we
conduct an ablation study by varying the number of sam-
ples in the buffer. We use DINOv2 as our base pre-trained
VFM model and report results on ACDC dataset. A sample
corresponding to the image embedding and domain-specific
prompt embedding. The results are reported in Figure 4.

Affect of the Order Sequence. To analyze the impact of
the order sequence of domains on the segmentation perfor-
mance of the SegBridge framework, we alter the domain
order and report the results in Table 3.

Results on SHIFT dataset. are reported in Tab. 8.



Time t −−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−→

Round 1 4 7 10 All

Model+Method fog night rain overcast fog night rain overcast fog night rain overcast fog night rain overcast mean
DINOv2 [13] 67.9 62.3 63.8 62.6 67.9 62.3 63.8 62.6 67.9 62.3 63.8 62.6 67.9 62.3 63.8 62.6 64.2
• SegBridge (ours) 68.9 64.1 65.1 66.4 70.1 67.3 66.2 68.3 71.1 68.4 68.2 69.7 72.4 70.1 69.9 70.2 68.4

Table 8. Results of SegBridge framework on SHIFT dataset. Results of SegBridge are based on DINOv2 as pre-trained VFM.
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