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ABSTRACT

Adverse weather severely degrades the reliability of modern segmentation models, which often

miss critical objects or generate unstable masks when fog, rain, snow, or nighttime lighting

obscure visual cues. In our work, we investigate how to stabilize and enhance segmentation

performance by combining two complementary models: YOLOv8 for object localization and

SAM2 for prompt-guided, high-resolution segmentation. Initial experiments revealed that zero-

shot SAM2 frequently overlooked visible objects and that YOLO’s off-the-shelf detections

were incomplete in challenging scenes. To address this, we fine-tuned YOLOv8 on the ACDC

dataset to improve detection coverage across all 19 semantic classes. These refined detections

were then used as high-quality prompts to fine-tune SAM2, enabling it to recover full object

masks even when the underlying image structure was heavily degraded. The resulting pipeline

detection guided segmentation with temporal memory achieves more reliable per-frame masks

and significantly improves robustness under adverse weather. Our study highlights that targeted

prompt refinement and model-aware fine-tuning can substantially extend the practical usefulness

of foundation models in real-world driving conditions.

KEYWORDS: ACDC, SAM2, YOLO, zero-shot, prompts, object mask, Semantic
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CHAPTER 1

INTRODUCTION

Semantic segmentation in autonomous vehicles requires models that can reliably identify

objects across highly variable real-world conditions. While recent foundation models such

as SAM2 [2] have shown strong performance in both image and video segmentation, their

behavior in challenging environments—especially under adverse weather conditions—remains

underexplored. Autonomous vehicles and safety-critical systems demand consistent object

recognition despite fog, rain, snow, night-time illumination changes, and visual degradation.

This project investigates whether SAM2 can maintain segmentation quality under such conditions

and explores ways to enhance its robustness.

1.1 Motivation

Although SAM2 offers impressive generalization capabilities, our experiments revealed several

critical limitations when deployed on scenes with low visibility or clutter:

Forgetting Previously Seen Objects: SAM2 occasionally loses track of objects across frames,

especially when visibility drops or objects undergo partial occlusion.

Confusion Between Similar-Looking Objects: In visually degraded conditions (dense fog,

night scenes), SAM2 often merges or confuses similar classes—e.g., pedestrians vs. signboards,

or vehicles in low contrast.

Poor Segmentation Under Adverse Weather: SAM2’s pre-training on mostly clean and

well-lit imagery makes it struggle with scenes from datasets such as ACDC, where fog, rain

streaks, snow, and night illumination drastically distort object appearance.

From these observations, we identified multiple potential problem statements: improving

long-term tracking, reducing class confusion, and enhancing segmentation robustness. After

evaluating all these directions, we decided to focus primarily on segmentation in adverse

weather conditions, as this is the most fundamental failure point and directly impacts safety in

autonomous navigation.



1.2 Problem Statement

Despite its large-scale training and architectural strengths, SAM2 fails to produce reliable

segmentation under adverse weather. Visual degradations cause:

• Boundary distortion, where object edges become unclear and masks appear coarse or

incorrect

• Missed detections, especially for small objects like pedestrians, poles, and distant vehicles

• Color confusion, where fog/snow alters pixel intensities, leading SAM2 to misclassify or

ignore objects

• Loss of temporal consistency, where objects segmented correctly in one frame are lost in

the next

These issues indicate that SAM2’s learned features are not sufficiently robust to the domain

shift introduced by fog, rain, night-time, and other adverse conditions. Since autonomous driving

must operate in all weather scenarios, improving SAM2’s resilience is essential.

1.3 Objectives

Our primary objective is to enhance SAM2’s segmentation performance in adverse weather

conditions and explore strategies that improve its adaptability to degraded inputs. Direct fine-

tuning of SAM2 is non-trivial due to:

• extremely large model size

• memory-dependent architecture

• complex prompt-based and mask-token mechanisms

• limited ground-truth masks for fine-tuning in adverse scenarios

Therefore, our approach focuses on designing a practical, efficient enhancement strategy

that improves SAM2 without requiring full-scale fine-tuning.

Additional objectives include:

Segment as many objects as possible under adverse scenes

2



Increase mask quality and boundary accuracy

Preserve consistency across frames (if extended to videos)

Build a modular pipeline scalable to future fine-tuned or hybrid models

Lay groundwork for a model capable of long-term robust tracking

1.4 Scope of the Work

The scope is defined in multiple stages:

• Stage 1 – Image-Level Evaluation and Enhancement (Current Work): Focus on image

segmentation performance under fog, rain, snow, and night conditions using the ACDC

dataset. If the improved method produces clearer, more accurate masks, it confirms the

feasibility of upgrading SAM2 for harsh environments.

• Stage 2 – Extension to Videos (Planned): If image-level improvements succeed, the

methodology can be adapted to videos by utilizing SAM2’s memory components. This

would allow:

– long-term object tracking

– occlusion recovery

– consistent mask propagation

– improved temporal stability under varying weather

• Stage 3 – Toward a Fully Robust Tracking System (Future Scope)

– A highly stable SAM2-based model that:

– works in any weather condition

– can track any object with minimal failure

– maintains identity consistently until the end of the sequence

Such a system would be valuable not only for autonomous driving but also for military re-

connaissance, border surveillance, and drone-based monitoring, where robust segmentation in

adverse conditions is critical.

3



CHAPTER 2

Literature Review

The Semantic segmentation and video object tracking have evolved rapidly with the introduc-

tion of large-scale foundation models and memory-driven architectures. SAM2 represents the

latest advancement in this direction by unifying image and video segmentation within a single

framework. Its design integrates an image encoder, prompt encoder, and a dedicated memory

encoder that stores compact object representations over time. The introduction of memory

attention and a long-term memory bank enables SAM2 to maintain object consistency across

challenging frames containing motion, occlusion, or appearance changes, making it highly

suitable for real-world scenarios.

Another foundational approach in this space is the STM (Space–Time Memory) network,

which introduced the concept of a key–value memory structure for video segmentation. STM

allows the model to reference past frames through attention-based retrieval, enabling reliable

tracking under heavy occlusion or rapid object deformation. STM laid the conceptual ground-

work for subsequent memory-based architectures such as XMem, AOT, and SAM2.

To evaluate segmentation performance in challenging environments, datasets designed

for autonomous driving play a crucial role. The ACDC [3] dataset focuses specifically on

adverse weather conditions including fog, rain, snow, and night-time scenes. It provides high-

quality, pixel-level semantic annotations from real-world settings, making it an ideal benchmark

for testing the robustness of segmentation models under visibility degradation—an essential

requirement for autonomous vehicle perception.

For semantic segmentation baselines, transformer-based models such as Mask2Former [1]

and SegFormer have become widely adopted due to their strong performance and architectural

efficiency. These models leverage global self-attention and multi-scale feature processing to

deliver competitive results across diverse conditions. They serve as important comparison points

for analyzing the benefits of memory-driven approaches like SAM2, particularly in settings

where temporal context or long-term consistency is required.



CHAPTER 3

Proposed Methodology

The overall architecture of the proposed framework is shown in ??. The YOLOv8 is used

to process points or boxes to adapt SAM prompt input. In SAM2, the decoder never uses a

raw image embedding; it receives a version already conditioned on past predictions and any

prompted frames, which may even come from later time steps. After each frame is segmented,

the memory encoder stores a compact representation in the memory bank. When a new frame

arrives, memory attention fuses its fresh embedding with these stored memories before passing

the result to the mask decoder for the final prediction.

Figure 3.1: our proposed YOLOv8 + SAM2 architecture

3.1 YOLOv8 — Detection and Prompt Source

The YOLOv8 module first localizes objects, effectively deciding where the subsequent SAM2

model should direct its attention for segmentation. While its architecture, with its efficient

Backbone, feature-refining Neck, and anchor-free Head, builds convincingly upon the YOLO

legacy to balance speed with robust accuracy, its true role in our pipeline is more nuanced than

mere detection. We use it to generate simple bounding boxes from frames resized with preserved

aspect ratio but these detections aren’t our final product. Instead, these bounding boxes are

used as prompts for SAM2. This is crucial because SAM2, is fundamentally a prompt-driven



segmenter. without clear spatial guidance, it can easily be distracted by visual noise like fog

artifacts or misleading shadows in adverse weather.

3.2 Image Encoder

Our system uses the SAM2.1 image encoder as its primary visual backbone. It relies on a

hierarchical transformer paired with an FPN to extract features at multiple resolutions. We

fuse the stride-16 and stride-32 stages to form the main image embedding, since these deeper

features capture stable semantic structure—something especially useful when fog, rain, or

nighttime lighting hide fine details. The higher-resolution stride-4 and stride-8 features are

handled differently: rather than sending them through the memory pathway, which tends to wash

out detail, we feed them directly into the decoder’s upsampling layers. This skip-connection

path helps recover crisp boundaries around thin structures such as poles, pedestrians, or road

edges. For positional encoding, we use windowed absolute embeddings and interpolate global

positional information across windows, avoiding the complexity of relative positional encoding.

The encoder scales across model sizes (T, S, B+, L) and employs global attention in only a

selected subset of layers to keep the compute manageable.

3.3 Memory Attention

The memory attention module integrates past information into the current frame’s processing. It

uses sinusoidal absolute positional embeddings along with 2D spatial RoPE in both self-attention

and cross-attention layers, giving the model a stable sense of spatial layout across frames. We

intentionally exclude the object-pointer tokens from RoPE because they do not correspond to

any fixed spatial position. The default configuration uses four memory-attention layers, which

is sufficient to maintain object identity without overwhelming the system. This component is

responsible for aligning the current image features with the stored memory features, allowing

the model to continue tracking objects even when they reappear after partial occlusion or poor

visibility.
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3.4 Prompt Encoder and Mask Decoder

The prompt encoder follows the original SAM design, turning user-provided or detector-

generated prompts into tokens that guide the segmentation process. The mask decoder, however,

incorporates several additions specific to our video setting. We repurpose the output mask

token as the object-pointer token for that frame and store it in the memory bank. To handle

occlusions, we introduce an additional occlusion-prediction token; an MLP head evaluates

whether the object is visible or hidden in the current frame. If the model predicts an occlusion

event, we attach a learned occlusion embedding to that frame’s memory entry. The decoder

also benefits from the high-resolution stride-4 and stride-8 encoder features, which are injected

during upsampling and help refine object boundaries. SAM2’s multi-mask behavior is retained:

when ambiguity arises, the decoder produces multiple candidate masks and selects the one with

the highest IoU score for propagation.

3.5 Memory Encoder and Memory Bank

The memory encoder does not rely on an additional image backbone; instead, it reuses the

embeddings already produced by the main image encoder. These are combined with the

predicted mask to form memory tokens that capture both appearance and geometry. Each

memory token is projected to 64 dimensions before being stored in the memory bank, keeping

the memory operations lightweight. The 256-dimensional object-pointer token is split into four

64-dimensional tokens when interacting with the memory bank, making cross-attention efficient.

When multiple objects appear in a video, the image encoder is shared across all of them, but

each object maintains its own memory bank and decoder. This design maintains object-specific

consistency without duplicating expensive visual processing.

Fine tuning

Our initial experiments made the limitations of zero-shot models very clear. YOLOv8 performed

reasonably well out of the box, but its detections were far from complete—especially in fog

and nighttime scenes, where several objects were either missed or incorrectly localized. SAM2

struggled even more. While it could segment many structures in the frame, it consistently

7



failed on some of the very objects that were visually obvious to humans. These gaps were

not random: whenever YOLO failed to propose a bounding box, SAM2 had no useful prompt

and therefore ignored the object entirely. This pushed us toward a more deliberate refinement

process. We first fine-tuned YOLOv8 on the ACDC dataset so that it learned to detect a richer

and more weather-aware set of objects across all 19 classes. Once the detector became more

reliable, its improved bounding boxes served as higher-quality prompts for SAM2. This enabled

the second stage of our pipeline: fine-tuning SAM2 using the refined YOLO outputs and the

ground-truth semantic masks. By training SAM2 on object-specific, box-guided prompts rather

than relying on its purely zero-shot behavior, we aimed to teach the model how to recover full,

high-resolution masks even when the underlying scene was degraded. In effect, fine-tuning

YOLO enhanced the prompting signal, and fine-tuning SAM2 allowed the segmentation model

to adapt to ACDC’s unique distortions—closing the loop between detection and segmentation in

a way neither model could achieve alone.

8



CHAPTER 4

Experimentation and Results

This section presents the experimental evaluation of YOLOv8, SAM2, and our proposed

hybrid YOLO+SAM2 pipeline under adverse weather conditions. Since fog severely degrades

visibility, we use a representative fog-frame from the ACDC dataset to illustrate performance

differences across models.

4.1 Quantitative Results

Table 4.1: Performance comparison of YOLOv8 before and after fine-tuning on fog weather
images. Fine-tuning significantly improves detection quality across all metrics.

Metric Before Fine-Tuning After Fine-Tuning Improvement
Precision 0.41 0.75 +0.34
Recall 0.21 0.49 +0.28
mAP@50 0.22 0.54 +0.32
mAP@50-95 0.10 0.34 +0.24

4.2 Qualitative Results

Table 4.2: Qualitative assessment of segmentation performance of SAM2 vs. the proposed
YOLO+SAM2 hybrid model.

Model Large Object
Recall

Small Object
Recall

Segmentation Quality

SAM2 Only High Low Misses poles, trees, and
distant objects.

YOLO+SAM2 (Before FT) High Medium Uses YOLO but still
limited by misses.

YOLO+SAM2 (After FT) High High Clearer and perfect seg-
mentation.

4.3 Segmentation Results

The segmentation results on fog weather conditions on different models and our proposed

models.



4.3.1 Input Image

Figure 4.1: Raw input image under fog weather conditions.

4.3.2 YOLOv8 Prediction (Before Fine-Tuning)

Figure 4.2: YOLOv8 detection results before fine-tuning.

4.3.3 SAM2 Segmentation Output

Figure 4.3: SAM2 segmentation on fog conditions (without prompts).
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4.3.4 Our Hybrid Model (YOLO + SAM2)

Figure 4.4: Hybrid YOLO+SAM2 output before YOLO fine-tuning.

Observation: Under fog, YOLOv8 detects mostly cars while missing pedestrians, poles, and

distant objects. SAM2 segments broad regions (road, cars) but fails to segment trees, poles,

and small structures. The hybrid model improves object recall slightly, but ultimately inherits

YOLO’s missed detections.

4.4 Fine-Tuning YOLOv8

To address poor detection quality, we fine-tuned YOLOv8 by unfreezing the last 8 layers while

keeping the remaining layers frozen. This allows the model to adapt to fog-specific visual cues

without overfitting.

4.4.1 Training and Validation Visualization

The below are visualization of training and validation.

11



Figure 4.5: Sample training batch during YOLOv8 fine-tuning.

Figure 4.6: YOLOv8 predictions on validation samples.

Figure 4.7: Ground-truth labels for validation samples.
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Figure 4.8: Box F1-score curve for fine-tuned YOLOv8.

Figure 4.9: Precision–Recall curve for object detection.

Figure 4.10: Confusion matrix (unnormalized).
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Figure 4.11: Confusion matrix (normalized).

Figure 4.12: Training curves for fine-tuned YOLOv8.

Figure 4.13: Class frequency distribution in the training dataset.
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Figure 4.14: YOLOv8 output after fine-tuning on fog data.

Figure 4.15: Hybrid YOLO+SAM2 segmentation after YOLO fine-tuning.

4.5 Post Fine-Tuning Results

4.5.1 YOLOv8 After Fine-Tuning

4.5.2 Hybrid Model After Fine-Tuning

Final Observation: After fine-tuning, YOLOv8 detects significantly more objects under fog,

including poles, pedestrians, and distant vehicles. As a result, the hybrid YOLO+SAM2 model

also produces much richer and more accurate segmentation masks, particularly for small and

fog-obscured objects.

15



CHAPTER 5

Conclusion and Future works

Looking ahead, this project opens up more questions than it answers. We’ve seen that

SAM2 behaves almost like two different models depending on the weather: confident and clean

in normal daylight, and then surprisingly fragile once fog, rain, or nighttime glare enter the

frame. After fine-tuning, the model becomes noticeably better with adverse-weather images, but

only for images. The moment we start thinking about videos—continuous motion, objects that

disappear and reappear, headlight flares, raindrops sticking to the camera lens—the weaknesses

show up again.

One obvious direction is to scale our current system from single-frame inference to truly

stable video-level tracking. SAM2’s Video Predictor is promising, but it still has a tendency

to forget what it was following a few frames earlier, especially if the object gets occluded or

rotates out of the camera’s field for a moment. There are also those awkward moments where

two similar-looking cars pass close together and SAM2 mixes up their identities, handing the

mask of one object to another as if nothing happened. It doesn’t completely break the system,

but it’s enough to make the tracking look unreliable.

Another area worth exploring is multi-object handling. At the moment, the model manages

a handful of vehicles reasonably well, but the cracks start to show in busier urban scenes—think

a four-way junction on a rainy evening where headlights overlap and motion blur becomes

unavoidable. In such cases, the model simply loses track of some objects or merges them

accidentally. Improving this might require integrating a dedicated multi-object tracker, or exper-

imenting with transformer-based temporal attention modules that help the model “remember”

better across frames.

In short, while the current system works reasonably well for controlled experiments, a

stronger, more resilient version would require a mix of better tracking, richer data, improved

temporal modeling, and possibly multi-modal sensing. Each of these directions feels like a

natural extension of what we’ve already built, and tackling them could bring the system much

closer to real-world reliability.
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