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A. Overview

We summarize the supplementary material from the follow-

ing sections:

 Section B: SurgClean Dataset. More sample analysis
and exhibitions for the proposed SurgClean dataset.

¢ Section C: Visual Analysis with ESIR Datasets. Data
visual comparison with other open-source endoscopic
surgical image restoration datasets.

 Section D: More Benchmarking Results. The compar-
ative results on fine-grained subsets of SurgClean and ad-
ditional visualization results.

* Section E: Additional Ablation Studies. We conducted
additional ablation experiments to verify the impact of
optical flow alignment on model performance.

¢ Section F: Different Training Strategies. The effect of
different pre-training weights and training strategies on
natural and surgical scene data.

B. SurgClean Dataset
B.1. Clarity for Label Alignment

As mentioned in Section 3.2, it is impossible to obtain per-
fectly aligned reference labels that match degraded images
at the exact same moment in real-world endoscopic surgical
videos. Therefore, we extract frames from the video just
before the scene becomes degraded to obtain an approxi-
mate paired image, which inevitably introduces misalign-
ment. The misalignment in our study is the same as the
issue in LSVD [14]. Therefore, the optical flow alignment
method based on PWC-Net [11] is equally applicable to our
benchmark. Fig. 1 exhibits the visualization of reference
labels before and after alignment on SurgClean dataset. It
can be observed that the optical flow-based warping method
effectively converts misaligned images to alignments and
masks out the error regions.
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Figure 1. Visual comparison for reference label alignment on
the SurgClean dataset.

B.2. More Data Visualization

To further illustrate the composition of SurgClean, we pro-
vide additional visualizations for Defogging, Desmoking,
and Desplashing tasks in Fig. 2, Fig. 3, and Fig. 4. These
plots reveal that degradation types are hierarchically dis-
tributed across diverse surgical scenarios, reflecting the in-
trinsic variability of real endoscopic environments. These
fine-grained visualizations offer an intuitive understanding
of both degradation diversity and clinical representativeness
within SurgClean.

C. Visual Analysis with ESIR Datasets

We conducted a comprehensive visual analysis compar-
ing the SurgClean dataset with existing ESIR benchmarks,
specifically evaluating Desmoke-LAP [10] and Desmoke-
Data [15]. (Note that Cyclic-DesmokeGAN [13] was ex-
cluded from this comparison due to its non-public availabil-
ity.) As illustrated in Fig. 5, critical distinctions emerge
between these datasets. Both Desmoke-LAP and Desmoke-
Data exhibit inherent limitations: they are generated from
single surgical sources, which restricts their applicability
exclusively to the desmoking task. Furthermore, Desmoke-
LAP suffers from the additional constraint of containing un-
paired training samples. Meanwhile, Desmoke-LAP and
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Figure 2. More fine-grained data exhibitions for desmoking in SurgClean dataset.
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Figure 3. More fine-grained data exhibitions for defogging in SurgClean dataset.
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Figure 4. More fine-grained data exhibitions for desplashing in SurgClean dataset.
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Figure 5. Visual comparison with ESIR datasets.

Table 1. Fine-grained comparison with generic restoration models for desmoking and defogging on sub-test sets of SurgClean dataset.

Tasks Methods Publications Level-1 Level-2 Level-3 Level-4

PSNR 1 SSIM 1 PSNR 1 SSIM 1 PSNR 1 SSIM 1 PSNR 1 SSIM 1

Restormer [17] CVPR’22 20.7850 0.6757 17.5388 0.6370 15.0176 0.5631 13.7141 0.5944

FocalNet [3] ICCV’23 21.5067 0.6898 18.5554 0.6141 16.9457 0.5807 153117 0.5666

ConvIR [4] TPAMI'24 21.4525 0.6818 18.5778 0.6066 17.0121 0.5695 15.2747 0.5515

Fourmer [18] ICML24 20.6496 0.6988 18.5020 0.6637 16.4806 0.5908 15.3344 0.6167

MambalR [5] ECCV’24 21.0877 0.6840 18.5940 0.6078 17.2621 0.5745 15.8857 0.5603

Desmoking Histoformer [12] ECCV’24 18.4626 0.3977 16.4624 0.3367 15.1055 0.3095 13.9213 0.2765
RAMIT [2] CVPR’24 20.4156 0.7056 16.6750 0.6591 14.3269 0.5828 12.8964 0.6116

AMIR [16] MICCAI'24 21.6867 0.6887 18.6949 0.6098 17.2324 0.5831 15.5010 0.5609

AST [19] CVPR’24 21.1211 0.6776 18.6088 0.6281 16.7118 0.5289 15.8765 0.5850

X-Restormer [1] ECCV’24 21.0098 0.7119 17.4058 0.6601 15.2322 0.5550 13.4543 0.6074

SFHformer [7] ECCV’24 20.5770 0.6904 17.1439 0.6444 14.6852 0.5722 13.5559 0.5982

MambalRv?2 [6] CVPR’25 21.1561 0.6857 18.6954 0.6099 17.3127 0.5772 15.8400 0.5615

Restormer [17] CVPR’22 21.3809 0.6331 18.2525 0.5626 16.5593 0.5362 14.6312 0.5076

FocalNet [3] ICCV’23 21.0877 0.7093 17.9446 0.6654 15.6601 0.5945 14.7192 0.6244

ConvIR [4] TPAMI'24 21.1809 0.7072 18.4453 0.6686 15.8753 0.5943 14.4820 0.6168

Fourmer [18] ICML24 20.7729 0.6775 18.4023 0.6042 17.2244 0.5723 16.0295 0.5591

MambalR [5] ECCV’24 20.8506 0.7085 18.5537 0.6701 16.4459 0.5945 15.2686 0.6221

Defogging Histoformer [12] ECCV’24 18.8211 0.4534 17.1464 0.4405 15.2224 0.3950 14.0211 0.3948
RAMIT [2] CVPR’24 21.6109 0.6878 18.6471 0.6096 16.8567 0.5731 15.2260 0.5556

AMIR [16] MICCAI'24 21.0818 0.7096 17.8085 0.6664 15.3175 0.5906 13.9828 0.6180

AST [19] CVPR’24 17.5711 0.5887 16.6786 0.5636 16.4697 0.6076 15.3710 0.5840

X-Restormer [1] ECCV’24 19.5498 0.6528 18.7151 0.6179 17.8697 0.6079 16.7165 0.5986

SFHformer [7] ECCV’24 21.3376 0.6794 18.8253 0.6051 17.1736 0.5723 15.8657 0.5618

MambalRv?2 [6] CVPR’25 21.0578 0.7095 18.2369 0.6670 15.8925 0.5921 14.5339 0.6168

DesmokeData provide lower-resolution images that may
hinder model performance in fine-grained surgical scenes.

In contrast, SurgClean demonstrates significant advance-
ments in dataset design. First, it incorporates meticulously
paired data collected across four distinct surgical proce-
dures, including Cholecystectomy, Hepatectomy, Pancrea-
tectomy, and Splenectomy, ensuring broader clinical rele-
vance. Second, our dataset supports three advanced vision
restoration tasks (i.e., desmoking, defogging, and desplash-
ing), surpassing the single-task focus of existing alterna-
tives. Third, SurgClean provides relatively high-resolution
imaging data that preserves critical details, enhancing key
limitations of prior datasets.

D. More Benchmarking Results

D.1. Fine-grained evaluation on SurgClean

To further validate the performance of representative meth-
ods, we also report PSNR and SSIM values of sub-test sets
for three restoration tasks on SurgClean in Table | and Ta-
ble 2, i.e., Level 1-4 for desmoking and defogging, and bile,
blood, fat, and tissue fluid for desplashing. The fine-grained
evaluation highlights several important findings. First, in
the desmoking and defogging tasks, as the degradation level
increased, the restoration performance of evaluation mod-
els consistently declined, indicating that existing methods
exhibit insufficient restoration robustness when the degra-



Table 2. Fine-grained comparison with generic restoration models for desplashing on sub-test sets of SurgClean dataset.

L Bile Blood Fat Tissue Fluid
Tasks Methods Publications

PSNR 1 SSIM 1 PSNR 1 SSIM 1t PSNR 1 SSIM 1 PSNR 1 SSIM 1

Restormer [17] CVPR’22 20.4006 0.7009 20.0409 0.6629 22.7995 0.7331 21.6047 0.7295

FocalNet [3] ICCV’23 20.7119 0.7188 19.8308 0.6731 23.1669 0.7402 21.6969 0.7322

ConvlR [4] TPAMI 24 20.6809 0.7255 19.5713 0.6686 23.1313 0.7404 21.6604 0.7330

Fourmer [18] ICML’24 20.6454 0.7249 19.7375 0.6657 23.0745 0.7333 21.6263 0.7251

MambalR [5] ECCV’24 20.7461 0.7291 19.7011 0.6743 23.2169 0.7442 21.7519 0.7372

Desplashing Histoformer [12] ECCV’24 19.5254 0.6060 18.5349 0.5361 21.5869 0.5840 20.3437 0.5790
RAMIT [2] CVPR’24 20.7680 0.7228 19.8221 0.6719 23.1750 0.7410 21.7022 0.7338

AMIR [16] MICCAI'24 20.5077 0.7187 19.8158 0.6705 23.0523 0.7415 21.5080 0.7337

AST [19] CVPR’24 20.2490 0.6984 21.4021 0.6829 23.8603 0.7588 21.6277 0.7197

X-Restormer [1] ECCV’24 20.2838 0.7095 21.2440 0.6867 23.8657 0.7366 21.7215 0.7216

SFHformer [7] ECCV’24 20.7504 0.7169 19.7931 0.6728 23.2287 0.7403 21.7073 0.7357

MambalRv?2 [6] CVPR’25 20.7246 0.7135 21.4479 0.6888 23.0982 0.7403 21.8318 0.7264

dation level increases. For example, while AMIR [16]
achieves the best PSNR (21.6867) at Level-1 desmoking,
its performance drops sharply to 15.5010 at Level-4. Sec-
ond, for fine-grained desplashing, there are significant dif-
ferences between different splash substances. MambalR [5]
and MambalRv2 [6] show relatively stable restoration re-
sults across different sub-test sets. However, no single
model dominates all levels and types of degradation scenar-
ios. Overall, the fine-grained experimental results indicate
that endoscopic surgical image restoration still faces signif-
icant challenges under diverse and severe degradations.

D.2. Additional Visual Results

We provide more qualitative results of representative
image restoration models with superior quantitative re-
sults for desmoking, defogging, and desplashing on
the SurgClean test set, including ConvIR [4], FocalNet [3],
AST [19], Restormer [17], RAMIT [2], AMIR [16], Mam-
balR [5], SFHformer [7]. As shown in Fig. 6 and Fig.
7, the restoration models are relatively effective at lower
degradation levels. When the smoke and fog levels reach 3
or even 4, the restoration visualization effect is no longer
noticeable. It indicates that the noisy samples in the
SurgClean dataset pose significant challenges for surgical
image restoration. As shown in Fig. 8, for the brand-new
desplashing task, all evaluated models did not show obvious
responses to degraded regions. It reflects that desplashing is
more challenging than the other two restoration tasks, which
drives us to explore more specific algorithms in follow-up
research to solve multi-type splashing problems in the sur-
gical restoration domain.

E. Ablation Study for Optical Flow Alignment

We conducted a quantitative ablation experiment to validate
the effectiveness of optical flow alignment for the desmok-
ing task on SurgClean test set. As shown in Table 3, dis-
abling optical flow consistently leads to a performance drop

Table 3. Comparisons for w/ & w/o optical flow alignment.

Methods w/ Optical Flow w/o Optical Flow
PSNR1 SSIMT PSNR? SSIM?T
Restormer [17] 18.470 0.634 17.905 0.610
FocalNet [3] 18.347 0.655 17.863 0.611
ConvIR [4] 18.464 0.649 18.005 0.624
Fourmer [18] 18.208 0.642 17.568 0.582
MambalR [5] 18.357 0.649 17.922 0.615
Histoformer [12] 16.687 0.376 16.251 0.342
RAMIT [2] 18.348 0.647 17.842 0.621
AMIR [16] 18.097 0.637 17.787 0.604
AST [19] 18.630 0.617 18.249 0.579
X-Restormer [1] 17.570 0.647 17.179 0.618
SFHformer [7] 17.965 0.637 17.483 0.601
MambalRv2 [6] 18.572 0.638 17.943 0.593

across all models, e.g., MambalRv2 shows a decrease from
18.572 to 17.943 in PSNR and from 0.638 to 0.593 in
SSIM. This is mainly due to the lack of precise spatial cor-
respondence caused by unpaired supervision, which intro-
duces pixel-level misalignment and leads to structural blur-
ring in the reconstructed outputs. We will further explore
better alignment strategies for surgical image restoration in
follow-up research.

F. Results of Different Training Strategies

While the image restoration task has been extensively stud-
ied in natural scenes, its application to surgical scenarios
presents unique challenges due to the distinct character-
istics of endoscopic imaging. To systematically evaluate
cross-domain generalization capabilities, we design a two-
stage experimental scheme to validate the effect of natu-
ral and surgical scene data on the performance of restora-
tion models in surgical defogging. In the first stage, we
implement 12 representative restoration algorithms pre-
trained on Haze4K [9] and RESIDE [8], two datasets op-
timized for haze removal in natural scenes with both syn-
thetic and realistic images, and directly deploy them on



Table 4. Comparing different training strategies for defogging on the SurgClean test sets.

HazedK [9] REISDE [8]
Methods Trained on Natural Fog Finetuned on Surgical Fog Trained on Natural Fog Finetuned on Surgical Fog
PSNR1 SSIM? LPIPS| NIQE| PIL| |PSNRT SSIM1 LPIPS| NIQE| PI| |PSNRT SSIM1 LPIPS| NIQE] PI| |PSNR?T SSIM1 LPIPS| NIQE| PI|

Restormer [17] | 1742 0.62 046 595 2798 1799 0.63 041 6.16 16.69| 16.86 0.59 046 6.10 28.61| 17.43 0.62 042 631 1732
FocalNet [3] 16.17 055 042 479 21.02| 1878 0.62 044 597 32.33| 1563 057 046 6.09 31.31| 1792 0.63 045 7.30 39.21
ConvIR [4] 1577 054 042 474 19.26| 18.16 059 042 503 17.94| 1733 0.61 048 6.82 31.19] 19.56 0.66 047 7.76 31.80
Fourmer [18] 1725 0.60 045 580 30.84| 17.61 0.62 047 6.66 3399 17.09 0.60 045 6.17 30.79| 17.45 0.62 048 7.03 33.94
MambalR [5] 17.24 058 042 496 20.76| 19.08 0.63 043 623 34.15) 1698 059 047 647 31.52| 1829 0.63 050 823 51.82
Histoformer [12]| 18.01 0.59 041 4.61 11.01] 1523 031 0.64 622 1620 16.58 0.59 047 6.02 2634 1568 054 048 574 1852
RAMIT [2] 16.50 059 047 6.05 2930/ 18.13 0.62 048 7.31 33.94| 1727 0.60 047 628 30.76/ 1890 0.63 048 7.54 3540
AMIR [16] 18.04 0.60 041 488 18.09| 1894 0.62 044 599 36.85| 17.01 0.62 046 622 30.71| 17.94 0.63 047 6.83 42.77
AST [19] 1670 058 042 565 1595| 1834 057 046 880 1.60| 1627 0.57 047 6.12 1099 1791 056 052 927 8.36
X-Restormer [1]| 16.57 0.59 047 599 27.01| 18.19 0.61 048 7.63 5091|1724 0.60 047 670 30.81| 18.86 0.62 048 834 19.71
SFHformer [7] | 16.06 0.57 047 593 2374/ 18.00 0.61 048 7.01 544|17.06 060 044 6.07 22.09 19.00 0.64 047 7.15 2379
MambalRv2 [6] | 18.19 0.61 040 527 2328 19.13 0.63 043 6.16 38.42| 1659 0.59 047 628 3394/ 17.57 0.63 048 7.17 53.04

the SurgClean sub-test set for defogging without any adap-
tation. As shown in Table 4, most models exhibit substan-
tial performance degradation, revealing significant domain
discrepancies between natural and surgical fog patterns.

To investigate domain adaptation potential, the sec-
ond stage involves fine-tuning the pre-trained model using
the defogging training set of SurgClean while maintaining
their architectural configurations. The result confirms that
surgical-specific data are indispensable for bridging domain
gaps through targeted retraining. These findings further em-
phasize the necessity of developing specialized benchmarks
for endoscopic scene restoration, as generic computer vi-
sion solutions prove insufficient for meeting the complex
demands of clinical applications.
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Figure 7. Additional visualizations of representative image restoration models for defogging on SurgClean test set.
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