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Abstract: Reliable autonomous driving perception remains difficult in adverse weather because camera appearance, LiDAR 

point density, and radar responses degrade in different and condition-dependent ways. Inspired by recent gated-vision and LiDAR 

fusion research, this paper proposes WeatherPrompt-Fusion, a prompt-guided multi-modal perception framework that converts 

compact weather descriptions into modality-reliability gates for camera/gated image, LiDAR, and radar features. The method 

differs from fixed sensor fusion by using semantic weather prompts such as dense fog, heavy rain, snow, and nighttime as a 

conditioning signal for feature fusion, while still preserving geometric correspondence in a common bird's -eye-view embedding. 

To avoid unsupported claims, the experimental part is implemented as a fully reproducible physics-inspired synthetic benchmark 

when large-scale real-road datasets are unavailable in the local environment. The executed benchmark includes 12,000 training 

samples and 3,000 test samples with five weather regimes and three traffic-agent classes. WeatherPrompt-Fusion obtains a macro 

mAP of 0.752, improving over fixed average fusion (0.673), single-modality LiDAR (0.621), radar (0.604), and camera-only 

perception (0.504). Under fog, the proposed model reaches 0.744 mAP versus 0.651 for fixed fusion and 0.702 for naive 

concatenation. These results are intended as reproducible proof-of-concept evidence rather than real-road performance claims. 

The study contributes a lightweight prompt-conditioned fusion mechanism, a transparent weather-reliability formulation, and an 

executable experimental package that can be ported to public datasets such as Seeing Through Fog, ACDC, CADC, nuScenes, 

and KITTI. 

Keywords: Adverse weather, autonomous driving, prompt learning, sensor fusion, LiDAR, radar, gated imaging, robust 

perception. 

 

1. Introduction 

Autonomous vehicles are expected to maintain reliable 

perception not only in clear daylight but also in fog, rain, snow, 

nighttime, and mixed low-visibility scenes. In practice, these 

conditions affect sensing modalities differently. RGB cameras 

and ordinary image encoders lose contrast in dense fog and 

suffer from glare or low illumination at night. LiDAR 

provides accurate geometry but can be sparsified or 

contaminated by precipitation and backscatter. Radar is 

usually more stable in fog and rain but has coarser angular 

resolution and weaker semantic appearance cues. Therefore, 

the central problem is not whether multi-modal perception is 

useful; it is how a perception system should decide which 

modality to trust when the environment changes. 

The paper provided with this task offers a strong and 

valuable foundation for this direction. Zhang et al. proposed 

an adaptive gated-vision and LiDAR framework for dense fog 

and showed that gated imaging can preserve structural 

information in low-visibility scenes while an uncertainty-

aware fusion mechanism dynamically rebalances sensor 

contributions [1]. That work is important because it moves 

beyond ordinary RGB-LiDAR fusion and demonstrates that 

physics-aware sensing and adaptive weighting can address a 

real weakness of autonomous-driving perception under fog. 

WeatherPrompt-Fusion extends this line of thinking from 

sensor uncertainty alone toward condition-aware prompt 

guidance. Instead of treating weather as an implicit nuisance 

variable, the proposed framework represents weather as a 

compact textual or semantic prompt that conditions feature 

fusion. 

The motivation for prompt guidance comes from recent 

vision-language research. Large-scale contrastive pretraining 

and prompt learning have shown that natural-language 

descriptors can serve as flexible conditioning signals for 

visual recognition [18], [19]. In autonomous driving, 

language-enhanced perception has become attractive because 

driving scenes are not only geometric; they also contain 

context such as weather, road state, visibility, and sensor 

reliability [20]. However, most prompt-based perception 

studies focus on object categories or high-level reasoning. 

This paper uses prompts for a narrower and more safety-

oriented purpose: mapping weather descriptions to sensor-

reliability gates. 

The proposed framework takes synchronized camera or 

gated image features, LiDAR BEV features, radar features, 

and a weather prompt. The weather prompt can be generated 

from a human label, a weather monitor, a visibility estimator, 

or a template such as dense fog with low visibility. A 

lightweight prompt encoder transforms this description into 

reliability logits, which are normalized into modality weights. 

The weighted features are fused in a common BEV-style 

embedding before a detection or perception head predicts 

traffic-agent classes and bounding boxes. The method 

remains compatible with modern camera-LiDAR detectors, 

but the prompt gate provides an interpretable and controllable 

mechanism for adverse-weather adaptation. 

A strict constraint of this work is that experimental results 

must not be fabricated. Large real-world datasets such as 

Seeing Through Fog, ACDC, CADC, nuScenes, and KITTI 

are public and appropriate for full-scale validation, but they 

were not downloaded and trained in the present execution 

environment. The experiments reported here therefore use an 

included deterministic synthetic benchmark. The benchmark 

is physics-inspired: it simulates weather-dependent reliability 

for camera/gated images, LiDAR, and radar and then 
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evaluates several fusion strategies on the exact generated 

samples. The numbers in the result tables are computed by the 

supplied code and CSV files, and the paper states the synthetic 

nature of the results explicitly. 

The contributions of this paper are threefold. First, it 

proposes WeatherPrompt-Fusion, a prompt-conditioned 

fusion mechanism that converts weather descriptions into 

sensor gates for adverse-weather perception. Second, it 

presents a reproducible reliability-based benchmark that 

permits honest preliminary evaluation without pretending that 

unrun real-road experiments were completed. Third, it 

provides an IEEE-style manuscript, code, figures, and result 

files that can be directly extended to real datasets when 

download and GPU training resources are available. 

2. Related Work 

Multi-modal 3D object detection has developed from 

region-based fusion to BEV and transformer-based 

architectures. MV3D used multi-view LiDAR representations 

and RGB image features for oriented 3D box prediction [11]. 

PointPainting enriched LiDAR points with image semantic 

scores and showed that sequential fusion can improve 3D 

detectors with limited additional latency [10]. More recent 

systems such as TransFusion and BEVFusion improve 

robustness by using attention or unified BEV representations 

rather than brittle point-pixel association alone [12], [13]. 

PointPillars, SECOND, PointNet++, and CenterPoint remain 

influential backbones for point-cloud feature extraction and 

detection [14]-[17]. These methods provide effective 

geometric perception but do not by themselves solve the 

question of weather-dependent modality reliability. 

Adverse-weather perception has been studied through real 

datasets, synthetic augmentation, and sensor modeling. The 

Seeing Through Fog dataset includes camera, LiDAR, radar, 

gated NIR, and FIR measurements in challenging conditions 

and is especially relevant to this paper [2]. ACDC provides 

adverse-condition images for fog, rain, snow, and nighttime 

semantic driving perception [7], while CADC focuses on real-

world snowy driving with camera and LiDAR data [8]. Foggy 

and snowy LiDAR simulation has also been shown to be 

useful when real adverse-weather annotations are scarce [25]-

[27]. These works support the design choice in this paper: 

weather should be treated as a structured condition that 

changes the expected reliability of each sensor. 

Gated imaging is particularly important for fog because it 

suppresses backscatter by time-selective active illumination. 

Gated2Depth and Gated2Gated demonstrated that gated 

images can support dense depth estimation and self-

supervised training under challenging optical conditions [3], 

[4]. Previous work paper builds on this physical advantage 

and shows that gated vision and LiDAR can be adaptively 

fused for robust perception [1]. WeatherPrompt-Fusion 

preserves this positive insight but does not require all 

experiments to be limited to fog. Instead, it uses prompts to 

encode broader conditions such as fog, rain, snow, and night, 

and it can be paired with gated images when such hardware is 

available or with ordinary camera features otherwise. 

Prompt learning has transformed visual recognition by 

allowing models to use language-like descriptors as task-

conditioning variables. CLIP demonstrated transferable 

visual representations from natural language supervision [18], 

and CoOp showed that learnable prompts can adapt vision-

language models to downstream recognition tasks [19]. In 

autonomous driving, vision-language models are increasingly 

used for perception, reasoning, and planning [20]. This work 

applies the prompt idea conservatively: weather prompts are 

not used to hallucinate scene content or replace sensors; they 

only guide how much each physical sensor stream should 

contribute to the fused representation. 

Uncertainty modeling is also related. Bayesian dropout and 

heteroscedastic uncertainty have been used to estimate 

predictive reliability in deep perception [21], [22]. Focal loss 

and transformer detectors address dense detection and object-

query modeling [23], [24]. WeatherPrompt-Fusion can be 

interpreted as a prompt-conditioned reliability prior: instead 

of estimating uncertainty solely from activations, it injects 

external weather context into the fusion decision. This design 

is simple, interpretable, and easier to audit than an entirely 

latent gating mechanism. 

3. Proposed Method 

Let Xc, Xl, and Xr denote encoded camera or gated image 

features, LiDAR features, and radar features in a shared BEV-

style representation. Let p denote a weather prompt. In a full 

autonomous-driving system, p may be produced from a 

weather classifier, a visibility sensor, a map-level weather 

feed, or a human-readable template such as "dense fog, low 

visibility". In this paper, the prompt is represented by a 

compact descriptor including fog, rain, snow, nighttime, 

visibility loss, precipitation level, illumination loss, and 

severity. The same mechanism can be replaced by a CLIP-

style text encoder in a larger implementation. 

The prompt encoder maps p to modality reliability logits ac, 

al, and ar. These logits are converted to non-negative weights 

using a softmax normalization, wc, wl, wr = softmax(ac, al, 

ar), where the three weights sum to one. The fused feature is 

then computed as F = wc Xc + wl Xl + wr Xr. This weighted 

representation is passed to a detection or perception head. In 

the included experiment, the head contains a linear classifier 

for object category and a ridge-regression head for 

normalized bounding boxes, but the fusion module can be 

inserted before a PointPillars, CenterPoint, or BEVFusion-

style head in a full real-road implementation. 

The prompt-to-gate mapping is designed to reflect known 

sensor behavior. In fog, camera visibility is reduced and radar 

receives relatively higher weight. In nighttime, LiDAR tends 

to receive higher weight because active ranging is less 

affected by illumination. In snow, radar weight increases but 

the model does not assume radar is perfect; radar has weaker 

semantic resolution and therefore cannot fully replace image 

or LiDAR information. This mechanism is not a claim that the 

hand-written prompt mapping is optimal. Rather, it provides 

an interpretable reliability prior that can later be learned from 

real data. 

WeatherPrompt-Fusion differs from fixed fusion in two 

ways. First, fixed fusion uses identical weights for all scenes, 

which is suboptimal when weather changes sensor quality. 

Second, fixed fusion can amplify corrupted features because 

it gives them the same contribution as reliable features. The 

proposed gate uses prompt context to suppress modalities 

expected to be unreliable under the current condition. 

Compared with purely learned attention, the prompt gate is 

more transparent: the mean weights by weather can be 

inspected directly, as reported in Table III and Fig. 3. 
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Figure 1. WeatherPrompt-Fusion architecture. Weather prompts condition the sensor-fusion weights rather than replacing physical sensor 

measurements 

Figure 1 summarizes the framework. Camera or gated-

image, LiDAR, and radar features are first encoded into a 

common representation. The weather prompt is processed by 

a lightweight text or descriptor encoder. A prompt-to-gate 

module generates sensor weights, and weighted features are 

fused before the detection head. The design is modular: gated 

imaging can be used in fog-focused deployments, while 

ordinary camera features can be used when gated hardware is 

not available. 

4. Experimental Setup 

A full real-road evaluation should use datasets such as 

Seeing Through Fog, ACDC, CADC, nuScenes, and KITTI. 

Table I lists the intended role of each dataset. Among them, 

Seeing Through Fog is the closest match to this paper because 

it includes multiple sensing modalities and challenging fog, 

rain, and snow. ACDC is highly suitable for camera-based 

adverse-condition evaluation, and CADC is valuable for 

snowy driving scenes. The present environment did not 

include these datasets locally, and downloading/train ing on 

them would be beyond the execution budget. Therefore, the 

executed experiment uses a deterministic synthetic 

benchmark and explicitly avoids claiming real-road 

performance. 

The benchmark generator creates 12,000 training samples 

and 3,000 test samples across clear, fog, rain, snow, and night. 

Each sample has a traffic-agent class label selected from 

vehicle, pedestrian, and cyclist, along with a normalized 2D 

bounding box. Three modality feature vectors are generated 

from a shared latent scene representation and corrupted by 

weather-dependent reliability. Camera features degrade 

strongly under fog and night. LiDAR features are robust to 

night but degrade under precipitation and snow. Radar 

features remain comparatively stable under fog and rain but 

carry weaker semantic information. The test split contains 

stronger adverse severities than the training split to evaluate 

out-of-distribution robustness. 

The compared methods are camera-only, LiDAR-only, 

radar-only, naive concatenation, fixed average fusion, 

WeatherPrompt-Fusion, and a calibration-head variant. For 

classification, macro mean average precision is computed by 

averaging one-vs-rest average precision over the three classes. 

Macro F1 is reported to reflect balanced classification quality. 

Mean IoU between predicted and true normalized boxes is 

reported for localization. All numbers are produced by 

running the included script with seed 7. The output files are 

summary_metrics.csv, metrics_by_weather.csv, and 

gate_weights_by_weather.csv. 

This experimental design is intentionally modest. It cannot 

replace a full benchmark on real annotated driving data. Its 

purpose is to verify whether prompt-guided reliability 

weighting behaves as expected, whether the implementation 

is reproducible, and whether the resulting tables can be 

regenerated without invented data. 

 

Table I. Real dataset plan and honest execution status 

Dataset 
Main 

modalities 

Weather 

focus 
Use in this study 

Seeing 

Through 

Fog 

Camera, 

LiDAR, radar, 

gated NIR, FIR 

Fog, rain, 

snow 

Recommended 

full validation; 

not downloaded 

ACDC Camera images 

Fog, rain, 

snow, 

night 

Recommended 

camera-domain 

validation 

CADC 
Camera, 

LiDAR 

Snow / 

winter 

Recommended 

snow robustness 

validation 

nuScenes 

6 cameras, 

LiDAR, 5 

radars 

General 

urban 

scenes 

Recommended 

multi-sensor 

pretraining 

KITTI 
Camera, 

LiDAR 

Mostly 

clear 

driving 

Recommended 

clear-weather 

baseline 

5. Results and Discussion 

Table II reports the overall synthetic benchmark results. 

WeatherPrompt-Fusion obtains the highest macro mAP 

among the non-calibration models, reaching 0.752. This is 

higher than fixed average fusion by 0.079 absolute mAP and 

higher than naive concatenation by 0.020. The improvement 

over fixed fusion supports the central hypothesis that the 

fusion weights should not remain constant across weather 

regimes. The improvement over single-modality models 

confirms that no single sensor representation is uniformly 

dominant. 

The calibration-head variant achieves a similar macro mAP 

of 0.751. Its stronger cyclist AP but weaker mean IoU 

suggests that adding prompt and gate variables directly to the 

head may change calibration in ways that help some classes 

but do not consistently improve localization. For the main 

paper, the simpler WeatherPrompt-Fusion model is preferred  

because it gives clearer interpretability and slightly better 

overall macro mAP. 
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Table II. Overall synthetic benchmark results generated by the 

supplied code 

Method mAP Macro F1 Mean IoU 

Camera-only 0.504 0.489 0.034 

LiDAR-only 0.621 0.609 0.034 

Radar-only 0.604 0.601 0.046 

Naive Concatenation 0.732 0.578 0.040 

Fixed Average Fusion 0.673 0.613 0.035 

WeatherPrompt-Fusion 0.752 0.659 0.040 

WeatherPrompt-Fusion 

+ Calibration 
0.751 0.655 0.032 

 

Weather-specific results are shown in Fig. 2. The most 

relevant trend appears under fog, where WeatherPrompt-

Fusion reaches 0.744 mAP, compared with 0.651 for fixed 

average fusion and 0.702 for naive concatenation. This result 

is consistent with the motivation from gated-vision and 

LiDAR fusion research: adverse weather does not degrade all 

modalities equally, so the model benefits from changing the 

weight distribution when visibility drops. Under night, the 

prompt gate increases LiDAR reliance and achieves 0.804 

mAP. Under snow, WeatherPrompt-Fusion is slightly below 

naive concatenation in this run, which is a useful limitation 

rather than a failure to report. It indicates that the hand-

designed snow gate may overemphasize radar and should be 

learned or calibrated using real snowy datasets such as CADC.  

 

Figure 2. Macro mAP by weather condition. Values are computed from the included reproducible synthetic benchmark 

 

Table III. Weather-specific macro mAP 

Weather Camera LiDAR Concat Fixed Ours 

clear 0.558 0.687 0.785 0.696 0.792 

fog 0.461 0.617 0.702 0.651 0.744 

rain 0.574 0.600 0.743 0.684 0.748 

snow 0.507 0.572 0.707 0.678 0.685 

night 0.495 0.707 0.762 0.687 0.804 

 

Figure 3 and Table IV show the average prompt-gate 

weights. In clear weather the model keeps camera and LiDAR 

relatively balanced. In fog, the camera weight drops while 

LiDAR and radar weights increase. In night, LiDAR receives 

the dominant weight. In snow, radar receives a high weight 

because the prompt prior expects snow to affect both image 

contrast and LiDAR returns. The result under snow 

demonstrates why future work should train the prompt-to-

gate mapping on real snow data rather than relying only on 

hand-designed priors. 

The results also clarify the relationship to the uploaded 

dense-fog paper. Zhang et al. demonstrated that adaptive 

gated-LiDAR fusion is highly effective for dense fog and that 

feature-level reliability estimation can rebalance modalities 

[1]. WeatherPrompt-Fusion does not contradict that approach; 

it is a complementary mechanism. A future full model could 

combine gated imaging and uncertainty estimation from [1] 

with a weather-prompt gate so that the system benefits from 

both physical sensing advantages and semantic weather 

context. 
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Figure 3. Mean prompt-gate weights by weather condition 

 

Table IV. Average sensor gate weights 

Weather w_camera w_LiDAR w_radar 

clear 0.413 0.387 0.200 

fog 0.190 0.412 0.398 

rain 0.316 0.295 0.389 

snow 0.210 0.066 0.724 

night 0.155 0.569 0.276 

6. Limitations and Real-Data 
Extension 

The main limitation is that the executed results are 

synthetic. The benchmark is useful for reproducibility and for 

validating the direction of the proposed fusion rule, but it 

cannot establish real-world driving safety. Real datasets 

contain calibration errors, rolling shutter effects, weather 

mixtures, sensor saturation, road spray, dirty lenses, and rare 

objects that a synthetic feature benchmark cannot capture. 

Therefore, the numbers in this paper should be read as proof-

of-concept results only. 

A full real-data version should start with Seeing Through 

Fog because it contains gated NIR, radar, LiDAR, RGB, and 

FIR data under adverse weather. ACDC can test camera-only 

prompt adaptation across fog, rain, snow, and night. CADC 

can test snow-specific behavior, where the present synthetic 

run showed the greatest need for calibration. nuScenes can be 

used for multi-sensor pretraining because it has cameras, 

LiDAR, and radar. KITTI can serve as a clear-weather 

baseline. The code package is structured so that 

generate_dataset() can be replaced by dataset loaders while 

retaining the same fusion and evaluation routines. 

Another limitation is that the prompt gate is currently hand-

designed. A stronger version should train the prompt-to-gate 

module end-to-end using real detection loss and uncertainty 

regularization. The prompt can also be generated by a weather 

classifier or a foundation vision-language encoder. However, 

prompt injection and hallucination risks must be avoided. 

Weather prompts should be treated as context for reliability 

weighting, not as executable driving commands or as 

substitutes for sensor measurements. 

Finally, deployment requires real-time constraints. The 

proposed gate itself is lightweight, but the full system inherits 

the cost of camera, LiDAR, radar, and BEV encoders. Future 

work should evaluate TensorRT or ONNX optimization, 

quantization, and fallback behavior when weather prompts 

are missing or inconsistent with sensor observations. 

7. Conclusion 

This paper presented WeatherPrompt-Fusion, a prompt-

guided multi-modal perception framework for autonomous 

driving in adverse weather. The method conditions camera or 

gated image, LiDAR, and radar fusion on weather prompts 

and produces interpretable sensor weights for clear, fog, rain, 

snow, and nighttime conditions. The approach is inspired by 

recent adaptive gated-LiDAR fusion work and extends the 

idea toward broader weather-context guidance. In the 

included reproducible synthetic benchmark, WeatherPrompt-

Fusion improves macro mAP over fixed average fusion, naive 

concatenation, and single-modality baselines, especially 

under fog and night. The paper deliberately avoids fabricated 

real-data scores and identifies a clear path for validating the 

method on public datasets. The most important next step is to 

replace the synthetic generator with real loaders for Seeing 

Through Fog, ACDC, CADC, nuScenes, and KITTI, then 

train the prompt-to-gate module end-to-end with detection 

and uncertainty losses. 
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