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1. More Experiments
1.1. Ablation Study

We conducted comprehensive ablation studies on the BDD-
100k [23] and LIS [2, 22] datasets, along with the subset
of the COCO [17] dataset incorporated within the Robust-
Seg dataset collection. It is important to highlight that
these datasets are unseen (zero-shot) and with real-world
degradations in our evaluations. The results, as detailed
in Table 1, underscore that every component integrated
into RobustSAM contributes positively to its overall per-
formance. This consistent enhancement across various
datasets demonstrates the robustness and adaptability of Ro-
bustSAM, particularly in zero-shot settings.

1.2. Different Backbones in RobustSAM

In Table 2, we showcase a thorough comparison of
SAM and RobustSAM across various Vision Transformer
(ViT) [4] backbones, including ViT-B, ViT-L, and ViT-H.
This comparison encompasses the numerical results on the
combined BDD-100k [23] and LIS [2, 22] datasets and
extends to the COCO [17] dataset. The data clearly il-
lustrate that RobustSAM consistently outperforms SAM
across these diverse backbones. Furthermore, in Figure 1,
we provide a comprehensive comparison of performance,
inference speed, and model size among various SAM and
RobustSAM variants, offering additional insights into the
efficiency and scalability of these models. Notably, our
models effectively enhance performance in degraded sce-
narios with only a marginal increase in computational bur-
den.

1.3. Comparison of Varying Number of Point
Prompts

To examine the interactive segmentation performance of
RobustSAM using point prompts, we have conducted a

† Part of the work done during internship at Snap Research.
* Co-corresponding authors

300 1000 1700 2400 3100
Model Size [M]

0.3

0.36

0.42

0.48

Di
ce

 C
oe

ffi
cie

nt

6.77
fps

SAM(ViT-B)

6.23
fps

Robust-SAM(ViT-B)

2.90
fps

SAM(ViT-L)

2.80
fps

Robust-SAM(ViT-L)

1.78
fps

SAM(ViT-H)

1.62
fps

Robust-SAM(ViT-H)

Figure 1. Comparison of performance, speed, and model size
among various SAM and RobustSAM variants. The suffixes
-B, -L, and -H correspond to ViT-B (Base), ViT-L (Large), and
ViT-H (Huge) versions, respectively, representing different scales
and complexities of the Vision Transformer architecture.

comprehensive comparison in Figure 2. This compari-
son assesses RobustSAM against SAM with a range of in-
put point numbers on the BDD-100k [23] and LIS [2, 22]
datasets in a zero-shot learning context. RobustSAM con-
sistently achieves superior performance throughout these
datasets compared to SAM, irrespective of the number of
input points used.

1.4. Token Visualization

In Figure 3, we provide an illustrative comparison of cross-
attention in the last token-to-image layer of the mask de-
coder between SAM’s original output token and the en-
hanced Robust Output Token of RobustSAM. This compar-
ison underscores the ability of the Robust Output Token to
achieve more focused and precise attention. It excels in ac-
curately identifying object boundaries and contents, an as-
pect often overlooked by SAM’s original output token in
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Figure 2. Comparative analysis of interactive segmentation performance using different numbers of input points on the BDD-
100k [23] and LIS [2, 22] datasets in a zero-shot setting. RobustSAM consistently surpasses SAM across diverse point quantities,
exhibiting a more pronounced enhancement, especially in scenarios with reduced prompt ambiguity on the BDD-100k dataset.

Module BDD-100k+LIS COCO

IoU PA AP APS APM APL

Baseline
SAM 0.3056 0.8911 0.5002 0.3168 0.4292 0.5243
SAM-Finetune 0.1871 0.7691 0.1321 0.0384 0.1211 0.1731
SAM-Finetune Decoder 0.2476 0.8691 0.1457 0.0391 0.1322 0.1868
SAM-Finetune Output Token 0.3194 0.9036 0.4853 0.3011 0.4312 0.5266

RobustSAM
w AMFG 0.3455 0.9059 0.5021 0.3147 0.4295 0.5273
w AMFG-F 0.3535 0.9120 0.5045 0.3150 0.4336 0.5370
w AMFG-F+AOTG 0.3651 0.9193 0.5075 0.3161 0.4349 0.5381
w AMFG-F+AOTG+ROT (ALL) 0.3717 0.9226 0.5130 0.3192 0.4416 0.5518

Table 1. Efficacy of Proposed Modules: An evaluation of the BDD-100k [23], LIS [2, 22], and COCO [17] datasets reveals that each of
the proposed modules enhances the performance of RobustSAM. (We use point prompts for BDD-100k+LIS and bounding box prompts
for COCO in this comparison.)

Model BDD-100k+LIS COCO

IoU PA AP APS APM APL

SAM-B 0.3003 0.8826 0.4589 0.2958 0.3840 0.4752
RobustSAM-B 0.3317 0.8972 0.4710 0.2961 0.4175 0.5268
SAM-L 0.3056 0.8911 0.5002 0.3168 0.4292 0.5243
RobustSAM-L 0.3717 0.9226 0.5130 0.3192 0.4416 0.5518
SAM-H 0.3384 0.9305 0.5087 0.3184 0.4430 0.5255
RobustSAM-H 0.3813 0.9367 0.5167 0.3188 0.4455 0.5697

Table 2. Performance comparison between SAM and RobustSAM across different Vision Transformer (ViT) backbones.

degraded scenes. This focused attention is particularly evi-
dent in its handling of the object’s boundaries, demonstrat-
ing RobustSAM’s enhanced capability to discern and high-
light details and structures, crucial for effective segmenta-
tion in challenging imaging conditions.

1.5. Visualization of Feature Representation

We conducted an experiment by randomly sampling 50 im-
ages for each of the six degradations from our dataset.
We ran SAM, RobustSAM w/o consistency loss and Ro-
bustSAM to extract the mask features and performed t-
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Figure 3. Comparison of cross-attention in the �nal decoder
layer between SAM's original output token and the enhanced
Robust Output Token. The Robust Output Token distinctly ex-
hibits a precise focus on accurately identifying object boundaries
and contents. It further demonstrates attention to the boundary and
thin structural regions, which are typically overlooked by the orig-
inal output token.

Figure 4.Visualization of feature representation based on dif-
ferent baselines.

SNE analysis. The results shown in Figure 4 indicate that
in the original SAM, features from the same degradation
type tended to cluster together. However, with Robust-
SAM's feature suppression mechanism, features from dif-
ferent degradations signi�cantly overlap each other, sug-
gesting the minimal in�uence of degradation on feature ex-
traction. Moreover, when consistency loss is not used, the
clustering due to same degradation is more evident com-
pared to RobustSAM, demonstrating the effectiveness of
the consistency loss.

SA-1B SAM RobustSAM
IoU/PA 0.6917/0.8719 0.7065/0.8726

Table 3.Zero-shot segmentation comparison on a subset of SA-
1B dataset [10].

1.6. Qualitative Evaluation

In our qualitative evaluation, showcased in Figure 5, we
present a comprehensive set of results illustrating the ef�-
cacy of our approach in both degraded and clear (Row 3 and
8) scenarios. We adopt original SAM [10], HQ-SAM [9],
Air-Net [11] + SAM, and URIE [20] + SAM in this com-
parison. These visual comparisons clearly demonstrate the
superior segmentation capabilities of our method under var-
ious conditions. Notably, our approach maintains high ac-
curacy and detail in degraded scenes, where existing meth-
ods often struggle, effectively segmenting intricate patterns
and structures. Moreover, our method can maintain the per-
formance in clear conditions.

1.7. Quantitative Evaluation

In our quantitative evaluation, we expanded the baseline
comparisons, detailed in Tables 4, 5, and 6. Our focus
was on enhancing segmentation accuracy by preprocess-
ing images with restoration methods like MW-Net [18],
SwinIR [14], and MPR-Net [24] before applying the SAM
technique. This approach was rigorously tested on the
BDD-100k [23] and LIS [2, 22] datasets, as well as on
subsets of unseen datasets with synthetic degradations,
namely COCO [17], NDD20 [21], STREETS [19], and
FSS-1000 [13], all part of the Robust-Seg dataset collec-
tion.

Furthermore, we extended our experiments to include
�ne-tuning of SwinIR, MW-Net, and Air-Net using our
degraded-clear image pairs, followed by SAM application
(referred to as SwinIR-F, MW-Net-F, and Air-Net-F). We
also �ne-tuned HQ-SAM with our training data, denoted as
HQ-SAM-F. The �ndings indicate a marginal performance
improvement through �ne-tuning, but these adaptations still
do not match the effectiveness of our proposed method.
This underscores the robustness and superiority of our ap-
proach, particularly in achieving high segmentation accu-
racy under various degrees of image degradation.

Moreover, we evaluated the performance of RobustSAM
on a speci�c subset of the SA-1B dataset [10], comprising
11,186 images. This evaluation was conducted in compar-
ison with the standard SAM [10] method. The outcomes,
presented in Table 3, clearly indicate that RobustSAM out-
performs SAM, demonstrating the ef�cacy of the proposed
RobustSAM approach.




