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• Background

• Papers

▪ RobustSAM: Segment Anything Robustly on Degraded Images [CVPR 2024]

▪ Depth Anything at Any Condition [arXiv 2025]

Outline
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• What is Foundation Model?

▪대규모 dataset으로학습하여다양한 이미지에대해서 일반화가가능한 모델

▪ Segment Anything Model (SAM)

−SA-1B dataset (11.1M images와 1B가넘는 masks로 구성)

▪ Depth Anything v2

−DA-2K dataset (595K synthetic images 와 62M pseudo-labeled real images로 구성)

Background

< SA-1B dataset > < DA-2K dataset >
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• Robustness and Scalability when Challenging Scenarios

▪ Degraded conditions

− Low lighting, noise, blur, adverse weather, and compression artifacts

− Degraded conditions에서는 일반화 성능 하락

Background

< Results of foundation model under different degradations using unseen datasets >

Input Depth Anything v2 Depth Pro Input Depth Anything v2 Depth Pro
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RobustSAM: Segment Anything Robustly on Degraded 

Images [CVPR 2024]
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• Keyword

▪ SAM, Image degradation, Dataset

• Introduction

▪ 다양한 image degradation의 segmentation을 robust하기 위한 RobustSAM 제안

▪ 다양한 degradations를포함하는 Robust-Seg dataset 제안

• Analysis

▪ Image 전처리 후 segmentation → Image quality ↑, Segmentation performance ?

▪ Degraded image로 SAM 자체를 fine-tuning → catastrophic forgetting

1) Chen, Wei-Ting, et al. "Robustsam: Segment anything robustly on degraded images." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

RobustSAM1)
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• Overview of RobustSAM

▪ RobustSAM

− SAM 

− AntiDegradation Output Token Generation (AOTG) 

− AntiDegradation Mask Feature Generation (AMFG)

1) Chen, Wei-Ting, et al. "Robustsam: Segment anything robustly on degraded images." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

RobustSAM1)

< Overview of RobustSAM >
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• Proposed Method 

▪ AntiDegradation Mask Feature Generation (AMFG)

− Degradation으로 인한 손상 영역을 마스크로 식별하고, 해당 영역의 특징을 보완 및
복원하는 특화된 feature를 생성해 모델의 복원 성능을 향상시키는 역할

҉ Complementary Feature (𝐹𝐶𝐹𝐷), mask Feature (𝐹𝑀𝐹𝐷) 에 적용

− 구조

҉ Instance Normalization (IN)

✓물체의 형태 정보 유지, degrdation으로 변질될 수 있는 색·밝기·질감·노이즈 같은
요소 제거

҉ Batch Normalization (BN)

✓ IN에서 발생할 수 있는 세부 정보 손실을 보완

1) Chen, Wei-Ting, et al. "Robustsam: Segment anything robustly on degraded images." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

RobustSAM1)

< Overview of AMFG >
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• Proposed Method 

▪ AntiDegradation Mask Feature Generation (AMFG)

− 구조

҉ Squeeze-and-Excitation (SEC)

✓채널별 중요도를 조절해, 중요한 채널은 강화하고 덜 중요한 채널은 약화

҉ Fourier Degradation Suppression

✓공간영역에서 주파수영역으로 변환하기 위해 Fourier transform 사용

✓ Amplitude 성분을 활용해 image degradation과 관련된 정보 포착

• 1×1 컨볼루션을적용하여열화요소를분리·제거하는데집중하며, 

✓ Phase 성분은 구조·경계·형태 정보를 담아 객체의 모양 보존

− Mask Feature Consistency Loss

҉ ℒMFC : Refiend feature가 clear image를 input으로 했을 때의 feature와 일관성을
유지하기 위한 loss

1) Chen, Wei-Ting, et al. "Robustsam: Segment anything robustly on degraded images." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

RobustSAM1)

ℒMFC = ෠𝐹𝐶𝐹𝐷 − 𝐹𝐶𝐹𝐶
2
+ ෠𝐹𝑀𝐹𝐷 − 𝐹𝑀𝐹𝐶

2
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• Proposed Method 

▪ AntiDegradation Output Token Generation (AOTG) 

− 각 마스크별 Robust Output Token (𝑇𝑅𝑂)에서 열화와 관련된 정보를 제거하여 정제

҉ 𝑇𝑅𝑂는 주로 경계의 명확성을 보장하는 기능을 수행하여 텍스처 정보는 적음

✓ Degradation에 sensitive 정보를 걸러내기 위해 가벼운 모듈 사용

✓ 2층의 IN 과단일 MLP 사용

− Token Consistency Loss

҉ ℒTC : Refiend token이 clear image를 input으로 했을 때의 token과 일관성을
유지하도록 보장하기 위한 loss

1) Chen, Wei-Ting, et al. "Robustsam: Segment anything robustly on degraded images." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

RobustSAM1)

< Overview of AOTG >

ℒTC = ෠𝑇𝑅𝑂 − 𝑇𝑂𝐶
2
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• Proposed Method 

▪ Overall Loss 

1) Chen, Wei-Ting, et al. "Robustsam: Segment anything robustly on degraded images." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

RobustSAM1)

𝓛𝐌𝐅𝐂 = ෡𝑭𝑪𝑭𝑫 − 𝑭𝑪𝑭𝑪
𝟐
+ ෡𝑭𝑴𝑭𝑫 − 𝑭𝑴𝑭𝑪

𝟐

𝓛𝐓𝐂 = ෡𝑻𝑹𝑶 − 𝑻𝑶𝑪
𝟐

𝓛𝐒𝐞𝐠 = 𝓛𝐃𝐢𝐜𝐞 𝑷,𝑮 + 𝝀𝟑𝓛𝐅𝐨𝐜𝐚𝐥(𝑷, 𝑮)

𝓛𝐎𝐯𝐞𝐫𝐚𝐥𝐥 = 𝓛𝑴𝑭𝑪 + 𝝀𝟏𝓛𝑻𝑪 + 𝝀𝟐𝓛𝐒𝐞𝐠

𝓛𝐃𝐢𝐜𝐞: 클래스 경계 및 IoU 향상

𝓛𝐅𝐨𝐜𝐚𝐥: Degradation 환경에서 검출하기 어려운
객체 및 영역 학습 강화

𝑷, 𝑮: Prediction, GT mask
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• Robust-Seg dataset

▪ 총 688,000 image-mask pairs로 구성

− Clear image: 43,000 장

҉ LVIS, ThinObject-5k, MSRA10K, NDD20, STREETS, FSS-1000, COCO 로 구성

− Degradation image: 645,000 장

҉ Clear image에 15가지타입으로 synthetic degradation augmentation 진행

▪ Training sets

− MSRA10K, ThinObject-5k, and LVIS

▪ Test sets

− MSRA10k and LVIS

▪ For zero-shot generalization

− NDD20, STREETS, FSS-1000, and COCO / BDD-100k and LIS (Real-world degradations)

1) Chen, Wei-Ting, et al. "Robustsam: Segment anything robustly on degraded images." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

RobustSAM1)

< Data composition of Robust-Seg dataset >
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• Robust-Seg dataset

▪ Synthetic degradation augmentation

− Blur, noise, low light, adverse weather conditions – 15 types

1) Chen, Wei-Ting, et al. "Robustsam: Segment anything robustly on degraded images." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

RobustSAM1)

< Images with synthetic degradations >
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• Experimental Results

▪ Quantitative Results

1) Chen, Wei-Ting, et al. "Robustsam: Segment anything robustly on degraded images." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

RobustSAM1)

< Performance Comparison on test set of MSRA10k >

< Performance Comparison on test set of LVIS >

< Zero-shot segmentation comparison on the whole COCO >

< Zero-shot segmentation comparison on the whole 

BDD-100k and LIS >
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• Ablation Studies

▪ 제안한 module의 효과

▪ SAM과 RobustSAM 비교

− Performance, speed, and model size

1) Chen, Wei-Ting, et al. "Robustsam: Segment anything robustly on degraded images." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

RobustSAM1)

< Efficacy of Proposed Modules >
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• Experimental Results

▪ Qualitative Results

1) Chen, Wei-Ting, et al. "Robustsam: Segment anything robustly on degraded images." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

RobustSAM1)

< Qualitative Analysis of Segmentation >
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Depth Anything at Any Condition [arXiv 2025]
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• Keyword

▪ Monocular depth estimation, Image degradation, Data augmentation, Knowledge 

distillation

• Introduction

▪ 다양한 image degradation의 MDE 강건성을 강화한 zero-shot 모델 DepthAnything-

AC 제안

• Analysis

▪ Image-GT depth 쌍이 부족

▪ Degraded image로 Depth Anything 자체를 fine-tuning → catastrophic forgetting

1) Sun, Boyuan, et al. "Depth Anything at Any Condition." arXiv preprint arXiv:2507.01634 (2025).

Depth Anything at Any Condition1)

< Histogram of post-Softmax activations >
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• Overview of DepthAnything-AC

▪ DepthAnything-AC

− Depth Anything

− Perturbation-Based Consistency

− Spatial Distance Constraint 

1) Sun, Boyuan, et al. "Depth Anything at Any Condition." arXiv preprint arXiv:2507.01634 (2025).

Depth Anything at Any Condition1)

< Training pipeline for DepthAnyting-AC >
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• Proposed Method

▪ Perturbation-Based Consistency Framework 

− 복잡한 시나리오에서 기존 MDE 모델의 성능을 확장하기 위한 framework

1) Sun, Boyuan, et al. "Depth Anything at Any Condition." arXiv preprint arXiv:2507.01634 (2025).

Depth Anything at Any Condition1)

𝓛𝐜 =
𝟏

𝑵
෍

𝒊=𝟏

𝑵

ℓ(𝓕 𝒙𝒊
𝒘 , 𝓕 𝒙𝒊

𝒔 )

ℓ = DepthAnything에서 사용되는
affine-invariant loss

𝓛𝒌𝒅 =
𝟏

𝑵
෍

𝒊=𝟏

𝑵

ℓ(𝓕 𝒙𝒊
𝒘 , ෡𝓕 𝒙𝒊

𝒘 )
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• Proposed Method

▪ Spatial Distance Constraint 

− 객체 경계를 정확히 구분하고 세밀한 디테일을 포착하기 위한 방법

҉ 이미지 평면에서 패치 간의 relative positional distance : 𝑺𝒑

҉ Disparity distance : 𝑺𝒅𝒊,𝒋

1) Sun, Boyuan, et al. "Depth Anything at Any Condition." arXiv preprint arXiv:2507.01634 (2025).

Depth Anything at Any Condition1)

𝓛𝒔 =
𝟏

𝑵
෍

𝒊=𝟏

𝑵

𝑺𝑫 𝓕 𝒙𝒊
𝒔 − ෡𝑺𝑫 ෡𝓕 𝒙𝒊

𝒘
𝟐

𝑺𝒑𝒊,𝒋 = { 𝒑𝒊,𝒋 − 𝒑𝒎,𝒏
𝟐
}

𝑺𝒅𝒊,𝒋 = { 𝓕 𝒙𝒊 𝒊,𝒋 −𝓕 𝒙𝒊 𝒎,𝒏 }

𝑺𝑫 = 𝑺𝒑
𝟐 + 𝑺𝒅

𝟐

𝓛𝐎𝐯𝐞𝐫𝐚𝐥𝐥 = 𝝀𝟏𝓛𝒄 + 𝝀𝟐𝓛𝒌𝒅 + 𝝀𝟑𝓛𝒔
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• DepthAnything-AC dataset

▪ Fine-tuning을위한 dataset

− 총 540,000 장으로 DA-2K dataset의 1% 미만

▪ Test sets (For zero-shot generalization)

− DA-2K,  KITTI-C (synthetic benchmark)

− NuScenes-night, Robotcar-night, Driving-Stereo (real-world degradations)

− KITTI, NYU-D, Sintel, ETH3D, DIODE (general benchmarks)

1) Sun, Boyuan, et al. "Depth Anything at Any Condition." arXiv preprint arXiv:2507.01634 (2025).

Depth Anything at Any Condition1)

< Datasets used for training >
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• DepthAnything-AC dataset

▪ Synthetic degradation augmentation

− Darkness, weather (fog, snow), blur (motion, zoom), and contrast perturbations

− Darkenss는 항상 적용

− Blur와 weather는 각각 확률로 0.1, 0.2 적용

1) Sun, Boyuan, et al. "Depth Anything at Any Condition." arXiv preprint arXiv:2507.01634 (2025).

Depth Anything at Any Condition1)

< Visualization of perturbation types >
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• Experimental Results

▪ Quantitative Results

1) Sun, Boyuan, et al. "Depth Anything at Any Condition." arXiv preprint arXiv:2507.01634 (2025).

Depth Anything at Any Condition1)

< Quantitative results on the enhanced multi-condition DA-2K benchmark >

< Zero-shot relative depth estimation results on real complex benchmarks >
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• Experimental Results

▪ Ablation studies

1) Sun, Boyuan, et al. "Depth Anything at Any Condition." arXiv preprint arXiv:2507.01634 (2025).

Depth Anything at Any Condition1)

< Visualization of feature representations >

< The importance of maintaining the frozen state of the encoder >
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• Experimental Results

▪ Qualitative Results

1) Sun, Boyuan, et al. "Depth Anything at Any Condition." arXiv preprint arXiv:2507.01634 (2025).

Depth Anything at Any Condition1)
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Thank you
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