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Abstract
Adverse weather, such as rain, fog, and snow, remains a major chal-
lenge for autonomous vehicles (AVs), degrading sensor reliability
and compromising safety. To address this problem, we propose a
novel perception pipeline augmented by a powerful vision-language
model (VLM) to strengthen detection robustness and contextual
understanding across diverse weather scenarios. The pipeline incor-
porates QwenVL to provide automatic weather labeling, semanti-
cally guided data augmentation, and adaptive sensor prioritization
through weather-aware reasoning. We evaluate the approach on
the BDD100K dataset using YOLOv10-M and RF-DETR, two strong
detectors under adverse weather in our baseline comparisons. With
VLM integration, bothmodels achieve 8–12% gains inmeanAverage
Precision in rainy and foggy conditions while incurring minimal
additional latency. These results indicate that VLM-augmented
perception can improve decision reliability and model explainabil-
ity in autonomous driving. The findings underscore the value of
context-aware, interpretable, and computationally efficient percep-
tion frameworks for achieving reliable all-weather autonomy.

CCS Concepts
• Computing methodologies → Computer vision; Scene un-
derstanding; • Computer systems organization→ Robotics.
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1 Introduction
Autonomous vehicles (AVs) are a major advance in modern trans-
portation, combining sensor technologies and artificial intelligence
to perceive and react to their surroundings in real time. Yet adverse
weather such as rain, fog, and snow continues to impair perception
by reducing visibility, degrading sensor performance, and increas-
ing uncertainty in safety critical detection on complex roads [16].

This work is licensed under a Creative Commons Attribution 4.0 International License.
SEC ’25, Arlington, VA, USA
© 2025 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2238-7/2025/12
https://doi.org/10.1145/3769102.3774638

RQ-1: Heuristic Analysis RQ-2: VLM-Guided Pipeline
VLM-Guided 
Perception 

  Dynamic 
Context-Aware

Perception

Contextual Sensor 
Reliability Scoring

Models Comparison in Adverse Weather 

(a)

Traditional Model

0.80 0.67

0.73

0.64

0.77 0.32
0.72 0.62

(b)

VLM-Enhanced Model

0.86 0.71

0.74

0.66

0.79 0.61
0.72 0.65

0.61

- Missing objects can be detected
- Robust scene interpretation
- Dynamic sensor protirization

- Fails to detect critical objects 
- Poor scene understanding
 (low accuracy) 

Primary Sensor: Camera

Figure 1: Overview of the proposed framework, illustrating heuris-
tic analysis of adverse weather impact (RQ1) and the vision–language
model (VLM)-guided adaptive perception pipeline (RQ2). The system
integrates contextual sensor reliability scoring and a dynamic rea-
soning layer. Comparative visualization between (a) traditional and
(b) VLM-enhancedmodels highlights improved scene understanding,
object detection accuracy, and adaptive sensor prioritization.

Importance of Sensors for Perception. AVs employ cameras,
LiDAR, radar, and ultrasonic sensors. Among these, cameras are
typically the primary perception source because their high spatial
resolution and rich semantic and color cues enable object detection,
lane recognition, and scene understanding [19]. However, cameras
are normally sensitive to illumination changes andweather-induced
distortions, which degrade performance in low visibility or strong
scattering. Improving robustness, therefore, requires adaptive fu-
sion with complementary sensors and weather-aware reasoning, a
central direction for a reliable and safe navigation system for AV.

Impact of Adverse Weather. Adverse weather poses critical
challenges to perception in autonomous driving, as environmental
interference directly impacts sensor reliability and system stability.
Rain, fog, and snow cause visual distortions, reduce contrast, and
obscure lane markings, hindering cameras from capturing clear im-
ages. These factors degrade object detection and scene understand-
ing, increasing the risk of delayed decisions, unsafe maneuvers, and
collisions [22, 27]. Recent crash reports indicate that between 2019
and mid-2024, nearly 4,000 AV-related crashes occurred in the U.S.,
with about 500 resulting in injury or death for adverse weather
[8]. Thus, adverse weather undermines perception accuracy and
threatens the safety, efficiency, and public trust essential.

Challenges & Motivation. AVs operate in dynamic environ-
ments where noise, vibration, and sensor instability degrade percep-
tion quality, especially for cameras. Adverse weather such as fog,
rain, and snow further reduces visibility and increases uncertainty,
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undermining reliable decision-making. Because AV perception is
time-sensitive, end-to-end latency must remain below 164 ms to
react safely to nearby obstacles [32]. These real-time constraints
expose the limits of state-of-the-art models under diverse weather.

To address these challenges, we systematically evaluate leading
detection frameworks across diverse weather conditions, showed
in Figure 1, measuring accuracy, latency, and reliability. Guided
by a state-of-the-art vision-language model (VLM), we design an
adaptive, weather-aware, and efficient perception pipeline that
improves robustness with minimal latency overhead even when
adverse weather degrades sensor performance and compromises
safety, thereby advancing safe autonomous driving.

Specifically, this paper aims to answer threemain research ques-
tions (RQs): 𝑖) RQ1: To what extent do adverse weather conditions
impair the effectiveness of camera-based detection in AVs, and
which weather phenomena exert the greatest influence on system
performance? 𝑖𝑖) RQ2: How can the decision-making of connected
vehicles be improved to ensure reliability and safety under adverse
weather conditions?
Contributions: To systematically address these research questions,
this work makes the following key contributions:

• C1: We design a novel VLM-augmented adaptive weather-
aware perception pipeline that integrates semantic weather
understanding, automatic annotation, and reliability rea-
soning. The proposed QwenVL-based framework enriches
perception through contextual weather semantics, inter-
pretable reasoning, and adaptive sensor prioritization based
on the scenarios, ensuring robust performance across diverse
weather conditions for AV (described in detail in Section 4).

• C2: To address RQ1, we conduct a comprehensive evalu-
ation of state-of-the-art camera-based perception models
(e.g., YOLOv10, RF-DETR,) under multiple adverse weather
scenarios. The analysis quantifies degradation patterns in
detection accuracy, latency, reliability and efficiency, identi-
fying fog as the most detrimental weather phenomenon to
visual perception (described in Section 3- Table 1).

• C3: To address RQ2, we demonstrate that integrating VLM-
based reasoning with perception models enhances decision-
making reliability under degraded visibility. The proposed
VLM integration yields 8–10% accuracy improvement in
rainy and foggy conditions with only marginal latency over-
head, validating the effectiveness of context-aware, language-
guided perception for safe and interpretable AV operation
(described in detail in Section 4- Table 2).

2 Related Work
This section reviews representative prior work on the effects of
weather on perception performance across conditions and identifies
research gaps that hinder safe autonomous driving.
(1) Traditional State-of-the-Art Models: Camera-based object
detection has advanced through three paradigms: one-stage, two-
stage, and transformer-based models. One-stage detectors like SSD,
RetinaNet, and YOLO (e.g., YOLOv8-L, YOLO-NAS) provide real-
time performance but degrade under adverse weather due to blur,
reflections, and low contrast [6, 29]. Two-stage detectors such
as Faster R-CNN improve precision through region refinement
but suffer higher latency and poor visibility robustness [26, 35].

Transformer-based models like Deformable DETR, RT-DETR, en-
hance contextual reasoning yet remain sensitive toweather-induced
distortions [12]. Overall, these limitations emphasize the need for
weather-aware, multimodal perception for reliability.
(2) Impact of Adverse Weather on Perception: AV percep-
tion relies on multimodal sensors LiDAR, cameras, and radar each
responding differently to adverse weather. Multi-sensor fusion miti-
gates individual sensor weaknesses and enhances detection reliabil-
ity, achieving high accuracy despite computational limits affecting
real-time performance at higher speeds [5, 15, 22, 24, 36]. Rain de-
grades LiDAR and camera performance through reflections and
scattering, while radar remains more robust [17, 18, 24]. Fog simi-
larly reduces contrast and depth accuracy, impairing LiDAR and
camera performance [21]; integrating radar with LiDAR improves
stability in low-visibility scenarios [9]. Snow further complicates
perception by reducing contrast and adding visual noise [28, 34],
making CNN-based detectors struggle to generalize across weather
domains. Rain, fog, and snow distort optical signals, necessitating
adaptive weather-aware fusion frameworks [28]. Recent research
emphasizes radar optical fusion and weather-specific augmentation
to enhance robustness [2, 4, 10, 34]. Developing adaptive models
that dynamically respond to environmental degradation is essential.
Research Gaps: Ensuring AV safety and reliability in adverse
weather remains a major challenge. Despite progress, current per-
ception systems lack robustness to real-world variability rain, fog,
and snow reduce contrast, introduce reflections, and obscure ob-
jects, compromising navigation and safety. Most models are trained
for clear or mildly degraded conditions and fail to generalize across
diverse environments. Techniques like real-time fusion, dehazing,
and weather-specific augmentation alleviate degradation but add
computational cost and latency, limiting real-time deployment. The
scarcity of large-scale, weather-diverse datasets further hinders gen-
eralization, as synthetic data rarely captures real-world complexity.
Bridging these gaps is vital to developing adaptive, intelligent, and
efficient systems capable of reliable, low-latency perception across
all weather conditions, ensuring safety, scalability, and operational
resilience in transportation for autonomous vehicles.

3 Heuristic Analysis on Adverse Weather
In addressing RQ1, this section presents how different types of
weather impairments affect the effectiveness of camera-based object
detection and identifies which adverse conditions exert the most
significant impact on perception performance.

3.1 Experiment Setup
3.1.1 Data Collection and Preparation. The framework utilizes the
BDD100K dataset [33], comprising over 100,000 high-resolution
driving frames across diverse weather, lighting, and geographic
conditions. Each frame includes weather labels (𝑊𝑖 ), temporal con-
text (𝑡𝑖 ), and sensor metadata (𝑠𝑖 ) such as exposure, luminance,
and GPS. Formally, D = (𝑥𝑖 ,𝑊𝑖 , 𝑡𝑖 , 𝑠𝑖 )𝑁𝑖=1, where 𝑥𝑖 denotes the
RGB frame. For photometric consistency, images are normalized as
𝑥 ′𝑖 = (𝑥𝑖 − 𝜇𝑥 )/𝜎𝑥 , with 𝜇𝑥 and 𝜎𝑥 representing the dataset mean
and standard deviation. This enhances feature stability under illumi-
nation variations. Figure 2 illustrates real-world weather scenarios
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in different road structures, where green boxes mark detected ob-
jects. These examples demonstrate the dataset’s diversity across
illumination, visibility, and environmental conditions.

(b) Rainy (c) Foggy(a) Sunny (d) Snowy

Figure 2: Representative camera frames under sunny, rainy, foggy,
and snowy conditions, showing visual degradation in contrast, fea-
ture clarity, and object visibility. Green boxes mark detected objects,
highlighting how weather variations impact model perception.

3.1.2 Hardware and Software Configuration. Experiments were
conducted on a high-performance workstation optimized for ma-
chine learning and rendering. The system uses a 15 vCPU AMD
EPYC 7543 (32 cores, 2.8 GHz) with dual NVIDIA RTX 3090 GPUs
(24 GB each) for efficient deep learning and CUDA processing. It
includes 80 GB RAM for large-scale data handling and runs on
Ubuntu 18.04 LTS, ensuring reliability, stability and compatibility.
This setup delivers the computational power and reliability needed
for advanced AV applications for object detection experiments.

3.1.3 Evaluation Metrics. To comprehensively evaluate object de-
tection models, three metrics are employed. These include mean
Average Precision (mAP), Latency, and Frames Per Second (FPS).
Each metric captures different aspects of model performance, rang-
ing from detection accuracy to real-time feasibility and resilience
under adverse weather conditions for both camera-based object
detection in diverse scenarios.
(𝑖) Mean Average Precision (mAP): Mean Average Precision is
the standard metric for evaluating object detection accuracy across
multiple classes. It is defined as mAP = 1

𝑁

∑𝑁
𝑖=1 AP𝑖 , where 𝑁 is the

number of object classes, and AP𝑖 is the Average Precision for class
𝑖 , computed as the area under the Precision Recall curve. A higher
mAP indicates a more accurate result and reliable detection, which
is essential for safety-critical applications in autonomous driving.
(𝑖𝑖) Latency (L): Latency measures the average inference time (in
milliseconds) required to process one input frame from the scenario:
𝐿 = Total Inference Time

Number of Frames . Low latency is critical for ensuring timely
responses in real-world driving. Excessive latency can delay braking
or obstacle avoidance, reducing safety.
(𝑖𝑖𝑖) Frames Per Second (FPS): FPS represents the processing of
the speed of a model and is the reciprocal of latency: FPS = 1000

𝐿
,

where 𝐿 is latency measured in milliseconds. A higher FPS ensures
real-time, stable, efficient operation, and control, which is indis-
pensable for AVs operating in dynamic environments.

3.2 Result Analysis (RQ1)
The results in Table 1 present object detection performance under
diverse weather conditions. Metrics mAP, latency, and FPS reflect
accuracy, cost, and efficiency. The analysis of the Table 1 highlights
key trends, where 1S, 2S, and T denote one-stage detectors , two-
stage detectors, and transformer-based detectors, respectively.

These comparisons provide a foundation for evaluating trade-
offs between real-time analysis of performance and perception.
(1) One-Stage Detectors (1S): (1) One-Stage Detectors (1S):
Among one-stage baselines in Table 1, EfficientDet-D5 balances
precision (mAP≈ 0.52→0.43) and throughput (≈15 FPS). In contrast,

Table 1: Performance of camera-based object detectors
under different weather conditions.

Model (Type) Sunny Rainy Foggy Snowy

Mean Average Precision (mAP)

SSD (1S) [31] 0.30 0.25 0.20 0.22
RetinaNet (1S) [3] 0.40 0.34 0.28 0.30
EfficientDet-D5 (1S) [14] 0.52 0.47 0.41 0.43
YOLOv8-L (1S) [1] 0.71 0.66 0.68 0.56
YOLOv9-C (1S) [25] 0.76 0.75 0.71 0.65
YOLOv10-M (1S) [30] 0.78 0.75 0.72 0.69
Faster R-CNN (2S) [20] 0.44 0.38 0.33 0.35
Mask R-CNN (2S) [7] 0.41 0.36 0.31 0.33
Deform. DETR (T) [13] 0.75 0.67 0.60 0.64
RT-DETR (T) [23] 0.76 0.70 0.63 0.66
RF-DETR (T) [11] 0.80 0.75 0.69 0.72

Latency (ms)

SSD (1S) 12 14 16 15
RetinaNet (1S) 142 150 158 155
EfficientDet-D5 (1S) 67 72 78 74
YOLOv8-L (1S) 10 10 10 10
YOLOv9-C (1S) 12 13 13 11
YOLOv10-M (1S) 9 10 11 11
Faster R-CNN (2S) 100 108 115 110
Mask R-CNN (2S) 280 295 310 300
RT-DETR (T) 15 16 18 17
RF-DETR (T) 6 7 8 7.5

Frame Rate (FPS)

SSD (1S) 83 71 62 66
RetinaNet (1S) 7 7 6 6
EfficientDet-D5 (1S) 15 14 13 14
YOLOv8-L (1S) 100 94 90 85
YOLOv9-C (1S) 100 90 95 80
YOLOv10-M (1S) 111 100 91 83
Faster R-CNN (2S) 10 9 9 9
Mask R-CNN (2S) 4 3 4 4
RF-DETR (T) 71 66 62 60

SSD-VGG and RetinaNet exhibit sharp accuracy drops under fog and
snow, showing limited adaptability despite low latency. The YOLO
family maintains strong resilience and real-time stability across all
conditions. Notably, YOLOv10-M achieves the highest mAP (0.78)
while sustaining over 80 FPS, benefiting from its anchor-free design,
adaptive feature extraction, and optimized attention. YOLOv9-C
and YOLO-NAS also show robust detection under degraded visibil-
ity, confirming the YOLO family’s readiness for deployment-critical
perception for autonomous vehicle in diverse scenarios.
(2) RCNN Family (2S): RCNN models attain moderate mAP in
clear weather but suffer extreme latency (up to 2000 ms/frame,
<1 FPS). While Faster R-CNN improves slightly, region-proposal
mechanisms remain unsuitable for real-time driving, confirming
their inefficiency for dynamic detection.
(3) Transformer-Based Detectors: Transformer architectures
exhibit strong adaptability via global attention and semantic em-
bedding. RF-DETR delivers the highest mAP (0.80) and lowest
latency (6 ms), outperforming RT-DETR and Deformable DETR. Its
attention fusion preserves spatial coherence under occlusion and
low contrast, underscoring transformers’ superiority for weather-
aware multimodal perception in the dynamic urban road.

3.3 Key Observations and Discussion
In this section, we present our three critical observations to answer
RQ1, and also discuss the observed trends.
★ Observation1: Among adverse weather conditions, fog imposes
the most significant degradation on camera-based perception for au-
tonomous vehicle applications (Table 1).
Discussion: This observation also answers RQ1, fog most severely
impacts camera-based perception by scattering and absorbing light,
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sharply reducing image contrast and visibility. Suspended droplets
blur edges and wash out color gradient features crucial for detec-
tors like R-CNN, making object boundaries indistinct. The resulting
scattering also disrupts depth cues and lowers the signal-to-noise
ratio, leading to missed or false detections. Thus, fog’s optical inter-
ference directly weakens the visual features essential for accurate
perception in the complex urban road.
★ Observation2: RF-DETR and YOLOv10-M demonstrate superior
robustness and contextual reasoning under weather-induced degrada-
tion, maintaining high detection accuracy and stable performance in
diverse real-world scenarios (Table 1).
Discussion: Among the evaluated models, RF-DETR achieves the
highest accuracy, across sunny to foggy conditions with mini-
mal latency and high FPS, confirming the real-time efficiency of
transformer-based architectures. One-stagemodels such as YOLOv10-
M offer the best speed, accuracy trade-off, with mAP degradation
under adverse weather (rain, fog, snow) limited to 10–12%, notably
lower than SSD or Faster R-CNN. This stability indicates that newer
architectures leveraging transformer attention and advanced fea-
ture extraction better withstand environmental noise and visibility
loss, delivering superior generalization and efficiency.
★ Observation3: There is a trade-off between accuracy and efficiency
across detection architectures (Table 1).
Discussion: Latency and frame rate differ notably across architec-
tures, revealing a trade-off between detection accuracy and compu-
tational efficiency. Two-stage models suffer from high latency and
low FPS due to region proposals, limiting real-time applicability. In
contrast, one-stage detectors like YOLOv10-M and EfficientDet-D5
offer faster inference with moderate accuracy, while transformer-
based models such as RF-DETR balance both, achieving high mAP
with acceptable delay. These results highlight how architectural de-
sign directly governs deployability in safety-critical AV perception.

Overall, merging YOLOv10-M and RF-DETR within the pro-
posed VLM-Guided Adaptive Weather-Aware Perception Pipeline
for addressing (RQ2) ensures both temporal efficiency and all-
weather robustness, validating the dual-model training framework
for autonomous perception. This integration achieve balanced per-
formance across accuracy, and environmental adaptability.

4 VLM-Guided Adaptive Weather-Aware
Perception Pipeline

The proposed pipeline integrates a vision–languagemodel (QwenVL)
and a reasoning layer to achieve adaptive perception under varying
weather conditions. QwenVL is employed for its ability to jointly
interpret visual and textual cues, enabling semantic understand-
ing of weather-related contexts. By generating descriptive weather
annotations and guiding realistic data augmentation, it enhances
scene comprehension and supports adaptive, context-aware percep-
tion across diverse environmental conditions. Figure 3 presents the
full pipeline, highlighting from visual input to reliability perception
output of the whole work for an autonomous vehicle.

4.1 VLM-Guided Perception Module
4.1.1 Context-Aware Annotation. To achieve semantically consis-
tent and context-aware environmental understanding, this study

Context-Aware Annotation 
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Figure 3: Overall architecture of the proposed VLM-Guided Adap-
tive Weather-Aware Perception Pipeline. It begins with Context-
Aware Annotation, which generates semantic weather descriptions
from raw scene inputs. Under normal conditions, the perception
process proceeds directly, while in adverse weather, Context-Aware
Augmentation leverages QwenVL-guided environmental rendering
to generate realistic weather variants while maintaining label and
metadata consistency. Optimal Model Adaptation integrates contex-
tual cues into sensor data, and Sensor Reliability Scoring quantifies
visual trust under both normal and degraded visibility. Finally, the
Dynamic Context-Aware Perception Layer, powered by GPT-4o rea-
soning, fusesmultimodal features to enable adaptive sensor selection
and interpretable perception across diverse weather scenarios.

employs the QwenVL model, a vision language transformer pre-
trained on large-scale data (BDD100K described in Section 3.1.1).
QwenVL aligns visual embeddings with linguistic features for mul-
timodal reasoning over weather semantics. Given an input frame
𝑥𝑖 , it predicts 𝑦𝑖 = 𝑓QwenVL (𝑥𝑖 ) = {𝑊̂𝑖 ,𝑉𝑖 , 𝑃𝑖 }, where 𝑊̂𝑖 denotes
the inferred weather label, 𝑉𝑖 quantifies visibility, and 𝑃𝑖 repre-
sents the Perceptual Alignment Confidence (PAC). The weather type
is determined via 𝑊̂𝑖 = argmax𝑊 ∈W 𝑃 (𝑊 | 𝑥𝑖 , 𝜃 ), where W =

{sunny, rainy, foggy, snowy} and 𝜃 are model parameters. PAC is
estimated using a cross-modal alignment score 𝐴𝑖 = 𝜎 (𝐹⊤𝑣𝑊𝑎𝐹𝑙 )
between visual features 𝐹𝑣 and linguistic embeddings 𝐹𝑙 , with𝑊𝑎 as
a learned projection and 𝜎 (·) as the sigmoid function. The overall
confidence is 𝑃𝑖 = 𝜆1𝐴𝑖 + 𝜆2𝑒−𝜅 Var(𝐿𝑖 ) , where Var(𝐿𝑖 ) denotes lumi-
nance variance,𝜅 is a scaling factor, and 𝜆1+𝜆2 = 1. High luminance
variance under adverse conditions (e.g., rain or fog) decreases 𝑃𝑖 ,
indicating reduced perceptual consistency.

Additionally, QwenVL produces textual captions Caption𝑖 =

Decoder𝜙 (Encoder𝜓 (𝑥𝑖 )) that describe the scene context (e.g., “dense
fog reduces lane visibility” ), providing interpretable cues for dataset
enrichment. This dual encoding converts raw frames into multi-
modal representations, coupling semantic confidence with linguis-
tic awareness, forming the robust basis for adaptive, weather-aware
perception systems.
Perception workflow in normal scenario: Under sunny condi-
tions, the Vision Language Model offers minimal accuracy gains
since baseline detectors like YOLOv10-M and RF-DETR already
perform optimally with clear visuals (Figure 3). Well-defined edges,
textures, and colors enable traditional models to operate effectively
without additional semantic reasoning. Thus, the VLM’s strength
lies primarily in compensating for perception loss under adverse
weather, where ambiguity and degradation are more significant.
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4.1.2 Context-Aware Augmentation. Tomitigate dataset imbalance
and enhance representation of adverse weather, the proposed work
QwenVL-Based Weather Augmentation Layer synthetically gen-
erates realistic environmental effects under semantic control. It
enriches data diversity by simulating weather distortions such as
rain, fog, and low illumination, thereby improving model robust-
ness to unseen scenarios. Given an image frame 𝑥𝑖 with weather
label𝑊𝑖 , QwenVL extracts contextual tokens 𝑦𝑖 = 𝑓QwenVL (𝑥𝑖 ) =
{scene type, visibility, illumination, surface texture} to guide sam-
pling of augmentation parameters A𝑖 ∼ 𝑝 (A | 𝑦𝑖 ,𝑊𝑖 ), where
A𝑖 = {𝜌fog, 𝜌rain, 𝜌snow, 𝛿illum} controls fog density, rain intensity,
snow coverage, and illumination change. The image is transformed
as 𝑥 ′𝑖 = 𝑔(𝑥𝑖 ,A𝑖 ) = 𝑥𝑖 ⊙𝑇vis (𝜌fog, 𝛿illum)+𝑅spec (𝜌rain)+𝑆mask (𝜌snow),
where 𝑇vis, 𝑅spec, and 𝑆mask model transmittance attenuation, rain
streaks, and snow occlusion, respectively. Visibility degradation
follows 𝐼 ′ (𝑥) = 𝐼 (𝑥)𝑒−𝛽𝑑 (𝑥 ) +𝐴(1−𝑒−𝛽𝑑 (𝑥 ) ), with 𝛽 from 𝜌fog, 𝑑 (𝑥)
as scene depth, and 𝐴 as atmospheric light.

QwenVL filters inconsistent outputs carefully to retain semanti-
cally coherent samples, forming the augmented dataset D′ = D ∪
{(𝑥 ′𝑖 ,𝑊𝑖 , 𝑡𝑖 , 𝑠𝑖 )} with balanced weather coverage 𝑝 (𝑊𝑖 ) ≈ 1/|W|.
By merging semantic reasoning with physics-based rendering, this
layer bridges realism and diversity, yielding a multimodal and
weather-invariant training corpus.

4.2 Contextual Sensor Reliability Scoring
4.2.1 Optimal Model Adaptation. The enriched dataset D′, gener-
ated from the QwenVL-based Weather Augmentation Layer, trains
two complementary models: YOLOv10 for real-time detection and
RF-DETR for weather-resilient spatial reasoning balancing speed
and contextual depth across weather domains. YOLOv10 acts as
a fast, anchor-free detector optimized for localization, with loss
LYOLO = E(𝑥,𝑦) ∼ D′ [𝜆clsLcls + 𝜆bboxLbbox + 𝜆objLobj] . Uniform
sampling (𝑝 (𝑊𝑖 ) = 1/|W|) mitigates clear-weather bias.

RF-DETR uses transformer-based reasoning to handle occlusion
and low visibility, embedding weather cues as E𝑖 = Embed(𝑥 ′𝑖 ) +
𝜓 (𝑊𝑖 , visibility𝑖), with loss LRF-DETR = E(𝑥,𝑦) ∼ D′ [𝜆clsLcls +
𝜆bboxLbbox+𝜆matchLmatch].LYOLO = 𝜆clsLcls+𝜆bboxLbbox+𝜆objLobj.
The joint objective Ltotal = 𝜂1LYOLO + 𝜂2LRF-DETR balances both
models ensures a balance between real-time agility and spatial
reasoning. Feature fusion 𝐹 fusion = Φ(𝐹YOLO, 𝐹RF-DETR) yields a
multimodal representation, ensuring robust, weather-adaptive per-
ception under illumination loss and environmental degradation.

4.2.2 Sensor Reliability Score (SRS). It quantifies the trustworthi-
ness of camera-based perception under varying lighting andweather
conditions. It integrates three principal factors:
(𝑖) Model-based confidence (𝐶𝑚): For each frame 𝑓𝑖 , the mean
detection confidence is given by 𝐶𝑚 (𝑓𝑖 ) = 1

𝑁𝑖

∑𝑁𝑖

𝑗=1 𝑐𝑖 𝑗 , where 𝑐𝑖 𝑗 is
the confidence of the 𝑗𝑡ℎ object and 𝑁𝑖 is the total detections.
(𝑖𝑖) Image quality (𝑄𝑖 ): Visual clarity is assessed through sharp-
ness (𝑆), brightness (𝐵), and contrast (𝐾), normalized as 𝑄𝑖 (𝑓𝑖 ) =
1
3

(
𝑆 (𝑓𝑖 )
𝑆max

+ 𝐵 (𝑓𝑖 )
𝐵max

+ 𝐾 (𝑓𝑖 )
𝐾max

)
, where each term lies in [0, 1] after adverse

scenarios dataset normalization.
(𝑖𝑖𝑖) Weather influence (𝑊𝑤): Each weather type is assigned an
empirical reliability value𝑊𝑤 ∈ [0, 1] to account for visual degra-
dation from phenomena such as rain, fog, or snow.

Reliability fusion and classification: The overall reliability is
computed as 𝑆𝑅𝑆 (𝑓𝑖 ) = 𝛼𝐶𝑚 (𝑓𝑖 )+𝛽𝑄𝑖 (𝑓𝑖 )+𝛾𝑊𝑤 , where 𝛼+𝛽+𝛾 = 1
and (𝛼, 𝛽,𝛾) = (0.6, 0.2, 0.2) ensure robustness across conditions.
Based on the resulting score, reliability is categorized asHigh (𝑆𝑅𝑆 ≥
0.8), Medium (0.5 ≤ 𝑆𝑅𝑆 < 0.8), Low (0.3 ≤ 𝑆𝑅𝑆 < 0.5), and Very
Low (𝑆𝑅𝑆 < 0.3). These levels guide adaptive sensor weighting
within the Weather-Aware Reasoning Layer, enabling consistent
perception performance across dynamic environmental conditions.
Overall, SRS provides a unified, interpretable, and weather-aware
measure of camera reliability for AVs.

4.3 Dynamic Context-Aware Perception
The reasoning layer unifies weather awareness, reliability estima-
tion, and sensor prioritization within an adaptive perception frame-
work. Using GPT-4o, the system performs multimodal reasoning
to dynamically assign sensor weights based on QwenVL-derived
weather semantics and frame-level reliability cues. Given estimated
weather𝑊𝑖 , camera reliability 𝑅𝑐 , and temporal context 𝑡𝑖 , the deci-
sion is defined as Decision = 𝑓LLM (𝑊𝑖 , 𝑅𝑐 , 𝑡𝑖 ) → [𝑤𝑐 ,𝑤𝑟 ,𝑤𝑙 ], where
[𝑤𝑐 ,𝑤𝑟 ,𝑤𝑙 ] are normalized fusion weights for camera, radar, and
LiDAR, and the adaptive output is𝑂𝑡 =

∑
𝑠∈𝑐,𝑟,𝑙 𝑤𝑠𝐹𝑠 .For each frame

𝑥𝑖 , the system produces a decision tuple 𝑧𝑖 = frame𝑖 ,𝑊𝑖 , 𝑅𝑖 , 𝐷𝑖 , 𝐸𝑖 ,
where 𝑅𝑖 is the reliability score,𝐷𝑖 the selected sensor, and 𝐸𝑖 the ex-
planatory statement. Reliability is modeled as 𝑅𝑖 = 𝛼𝑉𝑖 +𝛽 (1−𝐵𝑖 ) +
𝛾𝐸

(stability)
𝑖

with (𝛼, 𝛽,𝛾) = (0.4, 0.3, 0.3) and 𝛼+𝛽+𝛾 = 1. A camera
is used as the primary source when 𝑅𝑖 ≥ 𝜏𝑊 (𝜏𝑊 = 0.80), ensuring
robust SNR under clear conditions; otherwise, radar or LiDAR are
prioritized. The LLM also generates interpretable statements such as
“High visibility ensures strong optical reliability (𝑅𝑖 = 0.88)” or “Fog
reduces contrast (𝑅𝑖 = 0.45); Other sensor prioritization”.Overall, this
fusion of quantitative reliability and qualitative reasoning enables
transparent, weather-adaptive perception, effectively completing
the pipeline with enhanced robustness, scalability, explainability,
and operational consistency across all weather conditions.

4.4 Result Analysis (RQ2)
The results presented in Table 2 demonstrate that integrating the
VLM significantly enhances detection robustness while maintaining
feasible real-time performance varying weather.
Table 2: Performance comparison of YOLOv10-M, RF-DETR, and

VLM-Enhanced models under diverse scenarios.

Scenario YOLOv10-M RF-DETR VLM-Enhanced

mAP L(ms) FPS mAP L(ms) FPS mAP L(ms) FPS

Sunny 0.78 9 111 0.80 6 71 0.78 9 105
Rainy 0.75 10 100 0.77 7 62 0.86 12 91
Foggy 0.72 11 91 0.69 8 76 0.78 15 83
Snowy 0.69 11 83 0.72 7 60 0.80 14 77

Note: Here, mAP: Mean Average Precision, 𝐿: Latency (ms), FPS: Frames per Second is shown.
VLM-Enhanced models integrate weather reasoning for robust perception.

The integration of the VLM greatly enhances perception ro-
bustness, contextual awareness, and efficiency. For YOLOv10-M,
VLM-guided reasoning improves accuracy by up to 11% under low
visibility, from 0.75 to 0.86 in rain and 0.72 to 0.78 in fog, while
maintaining real-time performance with only a slight latency rise
(10ms to 12–15ms) and stable throughput above 80 FPS. Similarly,
for RF-DETR, accuracy increases from 0.77 to 0.86 in rain and from
0.69 to 0.78 in fog, sustaining 60–70 FPS. By embedding weather
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semantics and reliability-driven attention, the VLM enhances spa-
tial reasoning, mitigates feature ambiguity, and ensures consistent
detection, serving as an adaptive intelligence layer that boosts both
accuracy, efficiency, reliability, and real-time stability.

Figure 4 illustrates the architecture and operational flow of the
Weather-Aware Reasoning Layer, the final result within the pro-
posed VLM-based perception framework.

  "Frame": "frame_452",

  "Weather": "Rainy"; “time”: “Day”

"Sensor Reliability Score": 0.63,

"Primary Sensor Selection":  "Other sensor"

"Scene Explanation": "Visibility is reduced 

significantly due to rain and potentially low 

accuracy in object detections , which can 

compromise the reliability of camera  

perception on the road”.

(b) Rainy Weather

 "Frame": "frame_034",

 "Weather": "Sunny";“Time”: “Day”

"Sensor Reliability Score": 0.98,

"Primary Sensor Selection": "Camera"

"Scene Explanation": "Visibility shows 

high-resolution visual information, essential for 

recognizing road signs, detecting pedestrian 

crosswalk, and moving cars complex traffic 

scenarios on the road.”

(a) Sunny Weather

Figure 4: Illustration of the visual representation of Dynamic
Context-Aware Perception Module. The module integrates visual
reliability, weather semantics, and multimodal feature fusion to
generate adaptive sensor selection and interpretable output.

Overall, VLM integration demonstrates consistent accuracy gains
across challenging weather conditions with minimal computational
cost, further validating its effectiveness in achievingweather-resilient,
interpretable, and real-time perception performance.

4.5 Key Observations and Discussion
This section summarizes key observations addressing RQ2, empha-
sizing key performance trends, model behavior, and the significant
impact of VLM-guided reasoning on perception robustness under
varying weather conditions.
★ Observation1: QwenVL-enabled module boost in weather resilient
perception-based accuracy (Table 2).
Discussion: The integration of the QwenVL Vision Language
Model notably enhances contextual understanding of weather se-
mantics. By jointly encoding visual and linguistic cues, QwenVL
improves scene interpretation beyond pixel-level perception, en-
abling more accurate inference of visibility, illumination, and envi-
ronmental context. This multimodal reasoning yields an 8–12%
accuracy gain under adverse conditions through more reliable
weather classification and informed feature augmentation. More-
over, QwenVL’s interpretable textual outputs (Figure 4) provide
human-understandable explanations, supporting transparency, ac-
countability, and explainability in autonomous perception systems.
★ Observation2: Context-aware data augmentation significantly
boosts model resilience and overall performance.
Discussion: The proposed Context-Aware Augmentation synthet-
ically generates diverse weather scenarios, such as fog and rain,
guided by semantic context. It improves class balance and exposes

models to rare or extreme conditions often absent in real datasets.
Models trained on the augmented datasetD′ achieve 10–11% higher
mAP (Table 2) in fog and rain due to realistic, semantically guided
distortions (e.g., fog density, rain streaks, illumination shifts, low
brightness), enabling stronger feature invariance, generalization,
and enhanced resilience under complex adverse weather scenarios.
★ Observation3: Automated context labeling boosts performance
by improving annotation efficiency while minimizing human bias.
Discussion: QwenVL enables automatic, scalable labeling of di-
verse weather, lighting, and visibility directly from raw visual in-
puts, eliminating manual annotation and reducing preparation time
and bias. Its multimodal reasoning generates structured JSON-based
labels (e.g., weather: "foggy", visibility: "low") (Figure 4), ensuring
consistent and interpretable metadata across diverse datasets. This
automated pipeline enriches data diversity, supports adaptive re-
training, and significantly improves perception performance.
★ Observation4: Context-Aware and reliable perception through
dynamic scenario-driven sensor prioritization and decision-making.
Discussion: QwenVL enables dynamic sensor adaptation based
on real-time weather interpretation. Under adverse conditions like
dense fog or heavy rain, the system intelligently reduces camera
reliance and prioritizes other sensors inputs. This adaptive reweight-
ing effectively mitigates degraded visual cues, enhancing reliability
and ensuring consistent, safe, and reliable all-weather perception.
★ Observation5:Minimal performance gain observed under normal
weather scenarios with VLM integration pipeline.
Discussion:Under clearweather, the Vision LanguageModel offers
minimal accuracy gain since baseline detectors like YOLOv10-M
and RF-DETR already perform optimally with well-defined edges,
textures, and colors. With little visual ambiguity or environmental
degradation to correct, the VLMprovides limited benefit, its primary
strength emerging clearly under adverse weather conditions.

5 Conclusion
This study tackles the challenge of ensuring reliable AV percep-
tion under adverse weather that degrades sensor performance
and threatens safety. Through a systematic evaluation of detec-
tion models, fog is identified as the most detrimental condition,
while RF-DETR and YOLOv10-M offer the best balance of accuracy
and efficiency. To mitigate weather-induced degradation, this work
proposes a VLM-guided adaptive perception pipeline is proposed,
integrating QwenVL for semantic weather reasoning, automated
labeling, and augmentation. Results show up to 10-12% accuracy
gains in low-visibility scenarios with minimal latency. The Context-
Aware Reasoning Module further enables dynamic sensor prioriti-
zation and interpretable decision-making, enhancing transparency
and trust. Overall, this framework establishes a robust foundation
for scalable, explainable, and weather-resilient perception, enabling
future intelligent multimodal all-weather autonomy.
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