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Figure 1. Existing robustness and lens contamination datasets have a limited scope, lacking realistic contamination, aligned pairs, or
annotations. CLP offers real physical contamination with paired clean/degraded image pairs, distance control, and dense semantic labels.

Abstract

The reliability of autonomous systems in real-world environ-
ments is mainly dependent on the robustness of their visual
perception. Although recent studies have advanced the han-
dling of visual degradations, physical contaminants that
adhere to the camera lens—such as mud, water droplets, and
condensation—remain largely underexplored. To this end, we
introduce the CLP (Contaminated Lens Protector) dataset,
a real-world benchmark designed to evaluate perception
performance under realistic lens-protector contamination.
The CLP dataset offers degraded images across multiple
types of contamination and various lens-to-protector dis-
tances, along with dense semantic segmentation masks and
aligned restoration targets. CLP enables robust segmenta-
tion and restoration studies in conditions that closely match
those encountered by real-world autonomous systems. Ex-
periments analyze strategies to improve perception under
contamination with limited data, highlighting the importance
of domain generalization, foundation models, data scale, and
Jjoint restoration-segmentation pipelines.

* Equal contribution.
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1. Introduction

Semantic segmentation has achieved remarkable progress
with the advent of large-scale datasets [40, 83] and founda-
tional models [33]. This progress has enabled high-precision
scene understanding by capturing rich spatial and semantic
cues. For robust perception, recent benchmarks cover digi-
tal corruptions [27, 28] and environmental conditions like
adverse weather [5, 25, 38, 57, 58]. However, the semantic
segmentation of images with a camera lens contaminated by
mud or water droplets remains largely unexplored.

The challenge of lens contamination arises from its severe
and spatially irregular artifacts (e.g., blur, color shift, occlu-
sion, scattering) and from the difficulty of collecting paired
clean—contaminated images. Previous studies have partially
explored this issue using real paired data captured with cus-
tom hardware [13, 67]. However, these approaches overlook
a crucial aspect of real-world lens setups—the physical gap
between the camera lens and the lens protector, which ex-
hibits a significantly different degradation pattern.

Digital cameras, smartphones, automotive systems, and
humanoid robots typically place a flat and transparent lens
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Figure 2. Example scenes from the CLP dataset illustrating lens protector contamination. Each column shows a scene under a different
condition: Clean, Mud, Water Droplets, and Condensation. From top to bottom: (1) original (protector-free) scene, (2) degraded version
with lens contamination, and (3) corresponding semantic segmentation mask. CLP provides aligned clean/degraded image pairs and dense
annotations to facilitate robust segmentation under real-world contamination.

protector (or housing) in front of the camera lens. The gap
between the lens and its protector varies across devices to
accommodate different needs, such as temperature regula-
tion, shock absorption, and ease of maintenance. However,
this gap induces different refraction effects, causing identical
contaminants on the protector surface to produce markedly
different image degradation patterns, which in turn makes
robust perception challenging (See Figure 1).

To understand the effect of this gap on perception, we in-
troduce the CLP (Contaminated Lens Protectors) dataset, a
real-world dataset designed for evaluating perception robust-
ness under lens protector contamination. The CLP dataset
provides (1) paired clean and degraded images under mud,
water droplets, and condensation on lens protectors; (2)
dense semantic segmentation annotations for recognition
performance evaluation; and (3) multi-distance captures re-
flecting realistic lens-to-protector geometries, where visual
degradation varies with spacing.

We built a 3D-printed protector holder for mounting re-
placeable transparent glass plates in front of the lens. This
design enables precise geometric control, ensuring consis-
tent scene alignment. Each scene was recorded with a clean
protector and with one of three contamination types—mud,
water droplets, or condensation—applied in unique patterns
at four lens-to-protector distances (Ocm, lcm, 3cm, Scm),
resulting in 4,800 (600x2x4) degraded images paired with
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original (protector-free) and clean (contamination-free) ref-
erences. The CLP dataset further provides dense semantic
labels spanning 125 object categories with 19,203 instances,
enabling rigorous analysis of recognition performance under
realistic sensor degradation.

We conduct comprehensive experiments across diverse
learning paradigms and architectures to investigate the im-
pact of methodological choices on robustness across seg-
mentation and restoration tasks. Furthermore, we explore the
effects of data scaling and the synergy between restoration
and segmentation. This analysis provides an in-depth under-
standing of the challenges of lens contamination, offering
guidance for future research on robust vision systems.

In summary, our contributions are:

* A real-world dataset, CLP, that captures realistic lens pro-
tector contamination across multiple types and distances,
providing paired clean—contaminated images and dense
semantic annotations for 125 categories.

A data collection framework with a custom 3D-printed
holder enabling reproducible captures and precise control
of lens—to-protector distance.

Comprehensive experiments and analysis on diverse seg-
mentation and restoration models, establishing baselines
and providing insights for robust perception systems.
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Figure 3. Data collection setup and devices equipped with lens protectors. (a) A custom 3D-printed smartphone holder designed to fix glass
plates simulating contamination at fixed distances (Ocm, lcm, 3cm, Scm). (b) Lens protectors are mounted at varying distances in different
camera systems to protect the optics from contaminants. (c) By placing contaminated glass between the scene and the camera, our setup
captures degraded images with realistic optical distortion and visual degradation.

2. Related Work

Generic Semantic Segmentation. Early semantic segmen-
tation works focused on context modeling with fully con-
volutional networks [8, 9, 45, ]. The success of self-
attention [64] in modeling long-range dependencies [ 16,
, 80] shifted the paradigm toward transformer-based archi-
tectures [15, ]. Mask2Former [ 1 1] unified diverse
segmentation tasks by reformulating pixel-wise prediction
into query-based mask classification. Recently, efficient state-
space models [44] and vision foundation models [ ]
pretrained on massive datasets [ 14, 20, ] have
achieved strong performance, yet often lack robustness to
real-world physical degradations like lens contamination.
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Robust Semantic Segmentation. Recent work on robust
segmentation follows two principal strategies. Domain Adap-
tation (DA) [ , 65] aligns feature distributions
between clean and unlabeled degraded domains, while Do-
main Generalization (DG) [4, 12, ] learns
domain-invariant representations from multiple sources. An-
other direction leverages foundation models [ 10, 37] trained
on diverse visual data to improve robustness under com-
mon degradations. These paradigms suit lens contamination,
which presents unique domain shifts via optical distortion
and partial occlusion. In this work, we use CLP to systemati-
cally evaluate these methods under lens contamination and
outline their strengths and limitations.

> k]

b} s ) b}

Robust Semantic Segmentation Datasets. Real-world ro-
bustness datasets [5, 57, ] capture challenging con-
ditions (e.g., fog, rain, illumination); however, they lack
pixel-level alignment between clear and degraded views.
To address this, prior work synthesizes artifacts on clean
images to obtain scalable aligned pairs, covering weather
effects [25, ], digital corruptions [27, 53], and dirty
lens artifacts [63]. However, synthetic artifacts cannot fully
capture the complexity of real-world contamination. An-
other line of work explores controlled physical proxy se-
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tups [51]. To obtain aligned pairs with semantic labels, sub-
sequent work [52] re-recorded datasets displayed on a moni-
tor through a water-sprayed glass plate. CLP aims to fill this
gap by offering real-world lens contamination with paired
clean—degraded images and dense semantic labels, providing
a valuable resource for robustness evaluation.

Perceptual Image Restoration focuses on improving the
visual quality of degraded images. Deep learning methods
based on CNNs [7, 77] and Transformers [34, 76] have es-
tablished strong baselines. Recently, diffusion-based mod-
els [41, 71], state-space models [19], and unified all-in-one
architectures [ 78, 81] have further advanced restoration qual-
ity. Several datasets benchmark specific degradations such
as noise [1, 50], blur [ ], and adverse weather [2, 3].
However, real-world degradations like lens contamination
remain largely unexplored. Early efforts [17, 18] addressed
lens contamination through physics-based modeling but did
not provide aligned image pairs for data-driven restoration.
Recent works [ 13, ] target physical contaminants yet
remain limited. SIDL [13] covers only smartphones, whose
fixed configuration prevents systematic variation of factors
such as lens-to-protector distance. In contrast, CLP captures
realistic lens-protector contamination across multiple dis-
tances and diverse environments.
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Task-Aware Image Restoration aims to improve degraded
inputs for downstream tasks. Early works explored inte-
grating enhancement modules into downstream architec-
tures [29, ] or employing task-driven losses to
guide restoration networks [ , 61]. More recently,
UniRestore [6] and EDTR [32] leverage diffusion priors
to improve both visual quality and downstream task perfor-
mance. However, these methods primarily rely on synthetic
or unpaired artifacts due to the lack of real-world aligned
pairs and pixel-level annotations. CLP addresses this with
aligned clean—degraded pairs and dense semantic labels, en-
abling joint evaluation of restoration and segmentation ro-
bustness under real contamination.
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Figure 4. Histogram analysis of contaminated lens protectors. Each
plot compares pixel-intensity distributions across the original, clean,
and degraded images (Mud, Condensation).

3. CLP Dataset
3.1. Data Collection Setup

Our goal is to collect a diverse set of images simulating lens
protector contamination scenarios commonly encountered by
cameras deployed in real-world environments. However, col-
lecting such data directly with physical robots (or vehicles)
is costly and difficult to scale. Instead, we used smalrtphone1
cameras as a proxy and designed a 3D-printed smartphone
mount (Figure 3(a)) that holds a thin glass plate at fixed
distances (Ocm, 1cm, 3cm, S5cm) in front of the camera lens.
We vary the distances to reflect the range of lens-to-protector
spacings observed in different camera systems and use cases.

3.2. Data Collection Process

To ensure consistent comparisons under varying contami-
nation conditions, we selected scenes (or objects) that re-
main unchanged throughout data collection. Under these
controlled settings, we captured data across diverse environ-
ments (e.g., indoor and outdoor, day and night, and various
object categories) to reflect the range of real-world condi-
tions. Each scene was captured from one of three camera
angles (upward, horizontal, or downward), chosen to corre-
spond to the viewpoints of different camera mounting sce-
narios. After adjusting the camera to the selected viewpoint,
we captured images by moving the contaminated glass plate
to four preset distances using our custom holder.

'Samsung Galaxy S20 Ultra and iPhone 12 Pro
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Figure 5. Analysis of lens-to-protector distance effects by contam-
ination type. Each point shows the PSNR difference to the mean
PSNR over distances at the same contamination type. Clean and
condensation exhibit opposite trends, while mud and water droplets
remain stable, indicating that the distance effect varies significantly
by contamination type. See the Supplement for visual examples.

3.3. Preprocessing

All images were captured in raw format (4000 x 3000 pix-
els) to preserve full sensor fidelity and avoid compression
artifacts. The raw data were converted to RGB using an open-
source ISP pipeline, calibrated using each image’s metadata.
After conversion, images were resized to 1000 x 750 pixels
to balance computational efficiency and detail preservation
for downstream tasks.

3.4. Contamination Types and Characteristics

The CLP dataset includes images captured under five distinct
conditions: one original setting and four types of contamina-
tion—clean, water, condensation, and mud.

Original. Original images are captured without a glass
plate in front of the lens. They serve as protector-free refer-
ences for image restoration and segmentation annotation.

Clean. Clean images are captured through an uncontam-
inated glass plate. While this setup introduces no visible
obstructions, it causes minor optical effects such as reflec-
tions or light attenuation. As shown in the histogram analysis
(Figure 4), the pixel-intensity distribution of clean images is
highly similar to that of the original case.

Water Droplets. In real-world deployments, lens protec-
tors are often exposed to raindrops or water splashes. To
replicate this optical degradation, we sprayed water onto
the glass plate, causing each droplet to produce complex
refraction and challenging artifacts for both segmentation
and restoration.

Condensation. Lens protectors often fog up during tran-
sitions from outdoor to indoor or in humid conditions. To
replicate this condensation, we exposed the glass plate to hot
water steam, creating widespread blur.
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Figure 6. Scene-level statistics. Distribution of contamination types,
viewpoints, places, and times across 600 scenes.

Mud. The mud condition simulates severe soiling by
splashing a dense wet-soil mixture onto the glass. This
causes heavy occlusion of large scene regions and obscures
fine details, posing a significant challenge for perception.

Distance-Based Analysis. Figure 5 illustrates the effects
of contamination types in different lens-to-protector dis-
tances, by presenting the differences in PSNR at each dis-
tance with the average PSNR over distances. In the clean
case, image distortion primarily arises from light scattering
by the protector and monotonically increases with distance.
Meanwhile, condensation exhibits a distinct improvement
at larger distances, as the layer moves away from the focal
plane and becomes defocused. In contrast, for localized oc-
clusions (e.g., mud, water droplets), as distance changes, the
occlusion pattern shifts without altering its overall severity.

4. Benchmark
4.1. Dataset Split & Evaluation Protocol

The CLP dataset enables comprehensive benchmarking of
semantic segmentation and image restoration tasks under
diverse contamination scenarios. It comprises 600 scenes,
split into 480 for training and 120 for testing. Figure 6 sum-
marizes scene-level statistics, including contamination types
and capture conditions. Each scene contains nine aligned
images: one original and a clean—contaminated pair at each
of four distances. For evaluation, we analyze the effect of
lens-to-glass distance by testing models separately at each
distance level. Even with the same type of contamination,
visual degradation varies significantly by distance.

4.2. Semantic Segmentation

Every class occurs at least once in the test split, ensuring
class-balanced evaluation. Figure 7 summarizes statistics
regarding class distributions and frequencies.

Annotation. Direct pixel-wise semantic labels on heavily
degraded images are unreliable due to occlusions and dis-
tortions. Our controlled capture setup maintained consistent
viewpoints across original and degraded image pairs, allow-
ing us to annotate only the original (protector-free) images
and reuse the same masks for the corresponding degraded
images. The CLP dataset comprises 125 semantic classes
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Figure 7. Object distribution statistics. (Left) Shareability of object
categories sorted by the number of scenes in which each category
appears. Common categories (e.g., wall, floor, table) appear in most
scenes, while others are limited to a few, reflecting diverse scene
compositions. (Right) Distribution of object categories per scene.

that cover a broad range of real-world objects and scenes. All
masks were manually created and verified through a multi-
stage cross-checking process by four expert annotators.

4.3. Image Restoration

Our controlled acquisition setup provides aligned contami-
nated—original image pairs, enabling supervised learning and
reference-based evaluation for image restoration. We adopt
the same train/test scene split as in segmentation to maintain
consistency across tasks. This unified protocol supports joint
experiments, such as evaluating segmentation performance
on restored images, and facilitates a comprehensive analysis
of how restoration impacts perception under contamination.

S. Experiments

5.1. Experimental Setup

Segmentation Baseline. We evaluated diverse models for
semantic segmentation with the following categories:

Supervised Learning provides a reference baseline.
Mask2Former [11] and VMamba [44] with full access
to semantic annotations across all contamination types and
distances in the CLP training set.

Domain Generalization (DG) aims to generalize to un-
seen contamination types. DG models are trained only
on original (protector-free) images. The target domain
(contaminated images) is entirely unseen during training.
We evaluated SOMA [75] and Rein [68], which utilize
parameter-efficient adaptation and foundation model inte-
gration, respectively.

Domain Adaptation (DA) bridges the gap between the
source and target domains using unlabeled target domain
data. DAFormer [23] and MIC [24] are trained on original
images with semantic labels (source domain) and contami-
nated images without the labels (target domain).
Foundation Models are large-scale vision encoders pre-
trained on diverse datasets with broad coverage of tasks
and domains. Following prior work [70], we use DI-



Table 1. Comparison of semantic segmentation baselines on the CLP test set. Results are reported as mIoU (%).

Method Clean Mud Water Condensation Overall
Ocm lcm 3cm S5cm Avg. Ocm Icm 3cm 5cm Avg. Ocm lem 3cm S5cm Avg. Ocm lem 3cm 5cm Avg.

Supervised Learning

M2F [11] 43.7 4477 433 443 440 345 276 299 26.1 295 403 42.1 389 37.8 39.8 27.6 33.6 343 343 325 364

VMamba [44] 482 479 48.1 475 479 33.0 309 287 247 293 404 395 393 388 395 322 342 342 343 337 376

Domain Generalization
Rein [68] 56.9 56.2 563 55.6 56.2 38.7 37.3 36.6 339 36.6 56.1 54.0 52.8 53.2 54.0 35.8 42.7 402 434 405 469

SoMA [75] 58.5 579 569 56.5 574 442 41.0 385 363 40.0 520 51.8 50.8 50.9 514 41.1 44.1 43.0 44.7 432 48.0

Domain Adaptation
DAFormer [23] 45.6 45.1 448 44.1 449 30.0 284 27.0 248 27.5 359 35.6 345 345 351 262 287 289 302 285 34.0

MIC [24] 40.0 39.7 393 38.8 39.5 29.0 273 244 235 26.1 339 339 325 323 332 29.0 30.7 28.6 31.6 300 322
Foundation Models

DINOvV2 [48] 53.1 527 529 51.7 52.6 44.6 41.6 40.1 37.2 409 535 54.7 533 51.5 532 40.6 422 423 43.1 42.1 472
SAM [33] 46.7 45.6 458 46.0 46.0 357 32.0 279 25.1 302 479 474 456 439 462 313 343 334 388 344 392
Robustness Methods

RobustSAM [10] 45.6 46.0 454 45.1 455 38.2 33.6 339 289 336 465 453 43.0 42.6 444 312 345 34.1 379 344 395
FIFO [36] 38.1 382 383 381 382 302 27.5 268 254 27.5 337 335 332 323 332 273 30.6 29.8 32.1 30.0 322

Task-aware Restoration
UniRestore [0] 42.6 424 432 424 427 341 313 304 274 308 395 404 39.1 399 40.0 329 363 362 37.0 356 37.3
URIE [59] 41.1 41.3 403 404 40.8 27.7 242 252 255 256 358 363 360 332 353 21.6 266 28.8 31.8 272 322

Input DINOv2 Mask2Former DAFormer UniRestore RobustSAM

3cm 1cm 0cm

Scm

Figure 8. Qualitative comparison of segmentation results under mud contamination across lens-to-protector distances (Ocm, 1cm, 3cm, Scm).
DINOV2 remains consistent at 1-5 cm, despite coarse boundaries, but the others degrade severely at S5cm due to heavy blur and occlusion.

NOv2 [48] and SAM [33] as frozen encoders with a retraining. UniRestore [6] is trained on CLP in two stages:
Mask2Former decoder trained in a supervised manner. diffusion-based restoration and task-specific adaptation
* Robustness Methods are designed to improve segmenta- under the supervision of the frozen Mask2Former [ 1].

tion directly under degraded inputs, without explicit im-
age restoration. FIFO [36] learns degradation-invariant
features from unlabeled CLP pairs via a fog-pass filter,
followed by full segmentation training. We integrate the : .
RobustSAM [10] encoder with a Mask2Former [10] de- learning-based restoration models such as NAFNet [7],
coder and trained on CLP. Restormer [76], MambalR [19], and DiffUIR [81] serve as
« Task-aware Restoration enhances degraded inputs to im- our baseline. DiffUIR [81] is a universal restoration model

prove downstream task performance. We apply URIE [59] trained on all types of contamination, whereas others have
as a plug-in restoration module with original pretrained different models for each kind of contamination. Addition-

weights, following its design that requires no task-specific a-lly, URIE (591 and UniRest-orf: [0] are included as restgra-
tion baselines to evaluate their image enhancement quality.

Restoration Baseline. We focus on restoration to support
subsequent segmentation tasks, while previous work [13] ex-
plores the advancement of restoration. Effective supervised-
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Table 2. Comparison of restoration baselines on CLP test set. Results are reported as PSNR (dB).

Clean

Water Condensation

Method Overall
Ocm lcm 3cm Scm Avg. Ocm lem 3cm 5Scm Avg. Ocm lecm 3cm 5cm Avg. Ocm lecm 3cm 5cm Avg.
NAFNet [7] 30.51 29.39 29.31 29.01 29.55 21.74 21.15 21.54 22.90 21.83 27.42 27.21 27.33 26.99 27.23 23.94 2428 24.61 25.03 24.46 25.76
Restormer [76] 30.56 29.48 29.32 29.02 29.59 21.03 19.83 20.22 20.96 20.51 26.73 26.51 26.45 26.19 2647 23.87 24.24 24.36 24.90 24.34 2522
DiffUIR [81]  31.91 31.31 31.23 30.61 31.26 23.27 23.27 23.85 24.26 23.66 30.03 29.92 29.65 29.26 29.71 26.20 27.00 27.67 27.45 27.08 27.92
MambalR [19] 30.47 29.45 29.38 29.16 29.61 21.35 20.49 21.11 21.70 21.16 26.93 26.82 26.83 26.52 26.77 23.85 24.42 24.43 25.07 24.44 2549
URIE [59] 24.68 24.13 24.17 23.99 2424 1935 18.81 18.99 19.05 19.05 23.24 23.18 23.12 22.98 23.13 20.37 20.85 21.29 21.96 2126 21.88
UniRestore [6] 30.34 29.70 29.70 29.20 29.73 23.88 23.16 23.64 24.04 23.68 28.41 28.39 2849 28.13 28.35 25.40 25.68 25.62 25.82 25.63 26.85
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Figure 9. Qualitative comparison of restoration results on Water and Condensation contamination. Each type of contamination generates
unique image degradation. DiffUIR [&1] shows the best performance, but visible artifacts remain under severe degradation.

Implementation Details. We adopt the official training
pipelines provided by each baseline, with minimal modifi-
cations for compatibility with our dataset. During training,
input images are resized to 512 x 512 for segmentation and
128 x 128 for restoration, and we apply each codebase’s
default augmentations (e.g., random flips and crops); batch
sizes are 8 and 4, respectively. During evaluation, segmenta-
tion predictions are resized to the training crop size before
computing mloU, while restoration outputs are evaluated at
their original resolution using PSNR. All experiments run on
a single NVIDIA RTX 4090 GPU with fixed random seeds.
Please refer to the Supplement for detailed hyperparameters.

5.2. Semantic Segmentation Results

Table 1 presents the semantic segmentation performance
across different contamination types, distances, and learn-
ing paradigms. All models exhibit a consistent performance
drop under severe mud contamination, especially as the lens-
to-protector distance increases. In contrast, other types of
contamination show only minor performance changes across
distances due to weaker occlusion. Domain Generalization
(DG) methods consistently outperform Domain Adaptation
(DA) approaches, with SOMA [75] and Rein [68] achiev-
ing improvements of +14.0 and +12.9 mlIoU over the lead-
ing DA baseline. This improvement reveals a key insight:
DG methods, trained only on clean images, outperform DA
methods despite the latter having access to unlabeled con-
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taminated data. DINOv2 [48] achieves the highest average
mloU (47.2%) across all contamination types, likely due
to its large-scale pretraining on diverse data and strong vi-
sual prior. In contrast, SAM [33] performs worse despite
its scale, reflecting the weaker generalization of its prompt-
driven design under distortions and occlusion. Interestingly,
robustness-oriented and task-aware methods show mixed re-
sults. RobustSAM [10] improves noticeably over SAM [33]
under mud (33.6% vs. 30.2%), yet its object-centric priors
still struggle with non-uniform artifacts. FIFO [36] strug-
gles to generalize to real physical contamination due to its
fog-oriented design. Similarly, URIE [59] degrades below
the baseline [ 1], as generic restoration priors are ineffective
against such physical artifacts. UniRestore [6] noticeably
boosts the baseline under mud and condensation. Further
analysis is provided in the joint restoration—segmentation
experiments in Section 5.5. A qualitative comparison in Fig-
ure 8 shows that contamination at different distances leads
to a significant domain shift and substantial degradation. At
0 cm, where contamination effects are minimal, most mod-
els produce reasonable segmentation masks for the main
scene structures. However, as the distance increases, most
models struggle significantly at 5 cm. In contrast, DINOv2
maintains robustness, preserving at least coarse semantic
structures (e.g., shoe and door) even under severe distortion
at 5 cm. More examples are provided in the Supplement.



Table 3. Comparison of joint restoration-segmentation pipelines
on the CLP test set. Results are reported as mloU (%). We report
contamination-wise averages and the overall average.

Method Water Mud Cond. | Overall
Mask2Former 39.8 29.5 325 | 33.9
NAFNet + Mask2Former 352(-4.6) 253(42) 322(-0.3) | 33.7(-2.7)
DiffUIR + Mask2Former 379(-1.9) 29.2(-0.3) 349 (+2.4) | 35.7(-0.7)
URIE + Mask2Former 353 (4.5 25.6(-3.9) 27.2(53) | 32.2(4.2)
UniRestore + Mask2Former  40.0 (+0.2) 30.8 (+1.3) 35.6 (+3.1) | 35.5 (+1.6)

Table 4. Segmentation (mloU/pAcc) and restoration (PSNR/SSIM)
performance vs. CLP training set ratio (10-100%).

| Scenes for Training

Method | 10% 25% 50% 75% 100%

Semantic Segmentation (mloU / pAcc)
DAFormer| 11.56/47.94 20.84/58.28 28.50/65.71 32.64/69.16 34.73/71.59
SoMA 22.19/60.56 34.75/68.74 41.64/72.83 46.68/75.47 48.69/76.92

Image Restoration (PSNR / SSIM)
24.54/0.7802 24.87 / 0.7957 25.00 / 0.7975 25.16 / 0.8015 25.22/ 0.8040
24.63/0.7925 25.28 / 0.8042 25.39 / 0.8088 25.50/ 0.8105 25.77 / 0.8147

Restormer
NAFNet

5.3. Image Restoration Results

Table 2 and Figure 9 present the quantitative and quali-
tative comparisons of restoration models on our dataset.
DiffUIR [81] and UniRestore [6] achieve the highest over-
all PSNRs of 27.92 dB and 26.85 dB, respectively. Both
diffusion-based methods outperform supervised baselines
such as NAFNet [7] (25.76 dB) and Restormer [76] (25.22
dB), indicating that generative priors are effective for the
complex degradation patterns in CLP. However, artifacts
often remain in severely degraded regions after restoration
(see Figure 9). This suggests that restoration under severe
real-world contamination remains an open challenge.

5.4. Model Complexity Analysis

Figure 10 shows the trade-offs between performance and
model complexity for segmentation and restoration. For
segmentation (left), relatively efficient models [48, 68, 75]
achieve the best overall mloU while requiring substantially
less computation than larger models such as SAM [33]
and RobustSAM [10]. This indicates that robustness un-
der contamination depends more on adaptation strategy
than on model scale. UniRestore [0] incurs the highest cost
(2512 G) but achieves only mid-tier segmentation accuracy
(37.3 mloU). It further confirms that naive scaling offers no
advantage. For restoration (right), DiffUIR [81] achieves the
best PSNR (27.92 dB) at minimal cost (33 G). The remaining
deterministic methods cluster within a narrow 0.5 dB band
regardless of their complexity. This suggests that genera-
tive approaches (e.g., diffusion-based) are a more promising
direction than further scaling deterministic models.
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Figure 10. Model complexity vs. performance for segmentation
(left) and restoration (right). Segmentation models show a trade-
off between accuracy and complexity, while restoration models
exhibit no consistent pattern.

5.5. Ablation Study

Data Scale. Table 4 presents the effect of training set size
(10%—-100%), with results averaged over all contamination
types in the test set. Increasing the training data generally
improves both segmentation and restoration accuracy, though
gains become marginal at larger scales. Exploring further
data scaling remains an interesting direction for future work.

Joint Restoration-Segmentation Pipeline. We further
investigate how restoration affects the downstream
segmentation by combining restoration models with
Mask2Former [ 1 1]. Table 3 shows that higher visual qual-
ity does not strictly guarantee better semantic segmentation.
DiffUIR [81] achieves the best restoration performance in
Table 2. However, its benefit for segmentation remains lim-
ited, improving the baseline under condensation (+2.4) while
slightly reducing performance on water (-1.9) and mud (-0.3).
UniRestore [6] exhibits a notable advancement. As one can
see, it is the only method that consistently boosts the base-
line (+1.6 mloU overall). In particular, it achieves significant
gains under condensation (+3.1) and mud (+1.3). These ob-
servations suggest that task-aware restoration is a promising
direction for perception under real-world contamination.

6. Conclusion

We introduce CLP (Contaminated Lens Protectors), a real-
world dataset for benchmarking robust perception under
realistic sensor contamination. CLP captures multiple types
of lens-protector degradations—mud, water droplets, and
condensation—across varied lens-to-protector distances. It
provides paired clean and contaminated images, dense se-
mantic masks, and aligned restoration targets. Our exper-
iments benchmark diverse segmentation and restoration
approaches, including data scale effects and joint restora-
tion—segmentation pipelines. These results establish base-
lines and insights for robust perception under real-world
contaminated-vision scenarios.
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