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 Complete results in the paper: Full evaluation across all VFMs (19 variants), density 
methods (5 types), baseline methods (7 approaches), both shift types, and ImageNet-
trained counterparts of VFMs for fair comparison please refer to the paper.

*This paper was submitted while AUMOVIO SE was still a part of Continental AG.
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Why Input Monitoring Matters?
• Camera-based deep neural networks (DNNs) drive

critical autonomous driving (AD) functions: lane-
keeping, sign recognition, and scene understanding. 

• DNNs in autonomous driving (AD) lack robustness  
again distribution shifts and they cannot guarantee 
performance on novel objects (semantic-shift) or 
conditions (covariate-shift). 

• Safety-critical systems require reliable safety
monitoring.

Key Question: When can we trust perception, and when 
should we intervene?

Existing Solutions Fall Short: 
• Detect either semantic or covariate shifts
• Need model internals (impractical in AD)

Our Goal:  Unified, model-agnostic, scene-level OOD 
(out-of-training data) detection.

Vision Foundation Models-Based Input Monitoring?
Step 1: Pre-trained VFMs encode training images into a 
fature space that captures the trainingdata characteristics. 
Step 2: Density modeling techniques computes likelihood
scores for new inputs, enabling automated detection of ID 
(in-distribution) or OOD inputs.

Vision Foundation Models (VFMs) 
CLIP (8 Variants): ResNet + ViT backbones
DINO (5 Variants): Self-Supervised ViT + ResNet
DINOv2 (4 variants): ViT-S to Vit-G 
Grounding DINO (2 variants): Swin Transformer

Datasets
Model‘s Train Data: Cityscapes (train), ACDC (train)
ID: Cityscapes (validation), ACDC (validation)
OOD Semantic Shift: Lost & Found, Bravo-Synobj
OOD Covariate Shift: Foggy Cityscapes, Bravo 
(Synrain/Synflare), ACDC (fog/night/rain/snow)
Semantic and Covariate Shift: Indian Driving Dataset 
(IDD), SegmentMeIfYouCan

Evaluation
Metrics: AUROC ↑, AUPR ↑, FPR95↓
Density Methods: APS, MFS, OC-SVM, GMM, 
Normalizing Flows (NF)
Baseline Methods: GradNorm, Energy, Entropy, 
MaxLogit, DICE, KNN, ODIN

Key Results Summary: Top VFM configurations on semantic shift, covariate shift, and 
comparison with baseline OOD methods.

Conclusions & Future Work

Improving Semantic Segmentation
Research Question: Can VFM-based OOD detection improve downstream task 
performance without accessing the task model?
Method: We use VFM likelihood scores to filter out high-risk OOD inputs before 
feeding them to pre-trained semantic segmentation models. We evaluate on IDD as it 
exhibits both semantic shift and covariate shift compared to Cityscapes. Baseline 
networks: DeepLabV3+ with ResNet50, ResNet101, and MobileNetV3 and trained on 
Cityscapes.

Key Insights
• Up to +5.8 mIoU improvement without

accessing task model
• Works across all architectures
• No labels from target domain (IDD) 

required
• Identifies high-risk inputs for fallback

strategies

Conclusions
We propose an unsupervised, model-agnostic OOD detection framework leveraging 
VFM density modeling to detect semantic and covariate shifts in autonomous driving. 
Our method outperforms classical baselines and enables practical deployment 
through model-agnostic input filtering that improves downstream tasks without 
accessing the task model.

Future Work
OOD mitigation strategies: Extend beyond detection to develop treatment methods 
(safe states, expert model queries, handover protocols)
Text-encoder integration: Leverage cross-modal VFMs (CLIP, Grounding-DINO) for 
human-interpretable descriptions of distribution shifts
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