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Abstract. Due to decreased lane perception, obstacle localization, and decreased confidence in the drivable area brought 
on by rain, fog, snow, and poor light, autonomous driving path planning is significantly hampered in inclement weather. This 
research proposes a generative adversarial network-based path planning paradigm for autonomous driving in inclement 
weather to improve planning resilience. First, weather-degraded driving scenarios that preserve the obstacle structure and 
road geometry are created via conditional adversarial generation. A weather-aware risk representation is then created based 
on the lane-boundary confidence, obstacle likelihood, visibility attenuation, and road-surface adhesion risk. Lastly, feasible 
pathways under perceptual uncertainty are produced by a stable trajectory optimization technique. The suggested approach 
decreased the mean path deviation from 0.47m to 0.31m, raised the obstacle avoidance success rate from 84.6% to 94.1%, 
and decreased the planning failure rate by 18.6% in dense fog and heavy rain, according to tests conducted in a simulated 
and actual adverse weather driving environment. The tests demonstrate how adversarial weather generation might enhance 
driving safety by extending planning to invisible settings. 
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Introduction 
The autonomous driving route planning module generates realistic driving trajectories using the outputs of 
perception and localization, then confirms that these trajectories can safely navigate a complex traffic scenario. 
Lane boundaries, road signs, curb structures, cars, pedestrians, and free-space areas can all be recognized with 
a fair amount of certainty in excellent weather. Rain streaks, fog dispersion, snow occlusion, water reflection, 
poor light, etc. can all reduce contrast and change the spatial elements that the designer needs in inclement 
weather. Research on self-driving cars reveals that these vehicles' sensing capabilities and operating uncertainty 
drastically decline in inclement weather, such as rain, snow, fog, and hail [1]. The precision and stability of the 
upstream perception in open and dynamic driving situations have a direct impact on planning dependability, 
according to additional study on autonomous driving systems [2]. 

Graph search, sampling-based planning, model predictive control, and optimization-based trajectory generation 
are examples of classic path-planning techniques that often make the assumption that the obstacle state and 
road geometry are precisely known. In inclement weather, the presumptions are rather weak. Drivable-area 
segmentation may be inconsistent, obstacle boxes may be overlooked or delayed, and lane detection may be 
erratic. Motion planners can still generate a somewhat smooth path, but it may deviate from the poorly 
perceived lane limit or approach ambiguous barriers too closely. Planners must be exposed to degraded 
sceneries rather of being trained just in clear-weather scenarios in order to improve robustness, according to 
recent research on adverse-weather driving, perceptual enhancement, and weather-aware data augmentation 

  Journal of Applied Automation Technologies  

Re
se

ar
ch

 P
ap

er
 

 



Autonomous Driving Path Planning Under Adverse Weather Based on Generative Adversarial Networks 
https://doi.org/10.64972/jaat.2023v1.308p22e:294-306 

295 
 

[3]. A useful method for extending uncommon weather situations and minimizing domain shift between typical 
training data and weather-degraded deployment scenes is to use generative models [4]. 

Path Planning using Generative Adversarial Networks for Autonomous Driving in Inclement Weather. In order to 
create rain, fog, snow, and low-light driving circumstances while maintaining the original road layout and 
obstacle relations, the system will use conditional adversarial generation. Lane confidence, obstruction 
likelihood, visibility decay, and road-surface adhesion risk are all quantified using weather-aware risk 
representation. A stable Trajectory Optimization module will produce a route that satisfies a vehicle's kinematic 
restrictions while avoiding a high-risk area. Reduce the impact of weather bias and enhance planning stability 
and safety in the case of noisy or insufficient perception data. 

Related Work 

Autonomous Driving Path Planning Under Uncertainty 

Search-based, sampling-based, optimization-based, and learning-based methods have all been researched for 
autonomous driving path planning. While sampling-based techniques like RRT* are better suited for high-
dimensional environments, traditional graph search algorithms like A* and hybrid A* are used to identify 
deterministic paths in organized road networks. A motion planning survey states that planners must 
concurrently handle lane limits, moving barriers, interaction uncertainty, and real-time feasibility for highway 
and urban autonomous driving [5]. Dynamic Obstacle and Lane Mapping Additionally, avoidance methods 
demonstrate that timely modifications to the drivable-space border have a significant impact on planning 
performance [6]. As a result, risk-aware path planning has emerged as a significant area of study. The planner 
must avoid environmental barriers as well as unpredictable elements like human behavior, obscured areas, and 
even a loss of perceptual confidence [7]. An extension of the concept is game-theoretic planning, which predicts 
how interactive choices will impact the future course and models other drivers' risk preferences [8]. 

Adverse Weather Perception and Driving Scene Understanding 

A different kind of planning uncertainty is caused by adverse weather, since the planner must consider impaired 
perception evidence before choosing a trajectory. Long-range depth estimation can be weakened, obstacle 
shapes distorted, and lane-boundary visibility reduced by rain streaks, fog scattering, snow cover, wet-road 
reflection, and poor light. Perception systems trained primarily on clear-weather samples perform poorly in 
poor-weather conditions, according to multi-weather driving datasets [9]. Prior to implementing weather-
specific perception or planning techniques, the environment must be recognized, according to studies on 
weather and light-level classification [10]. Although the goal of perception-friendly enhancement techniques is 
to restore important visual information in recordings of inclement weather, the planner may still need to resolve 
some uncertainty in these augmented images [11]. In autonomous driving under different conditions, recurrent 
conditional generative adversarial networks have been used to model sensor sequences and produce driving-
related observations [12]. Conditional image translation techniques are particularly helpful for weather 
robustness training because they can translate driving scenarios from clear weather to bad weather while 
maintaining the semantic road structure [13]. Without requiring repetitive manual annotation, multi-domain 
conditional image translation increases the diversity of training data by producing different adverse-weather 
styles from a single source scene [14]. The issue that the generated weather images may seem realistic but fail 
to preserve all safety-critical structures, like as lane markers and object boundaries, has also been addressed by 
uncertainty-aware GANs [15]. Additionally, rather than merely accomplishing visual style transfer, GAN-based 
ensemble weather prediction suggests that adversarial generation might represent unpredictable 
environmental distributions [16]. 

GAN-Based Scene Generation and Robust Planning Optimization 

The usefulness of Generative Adversarial Networks for autonomous driving depends on whether the generated 
samples can enable safer downstream planning. However, they can be used to generate uncommon and 
challenging driving scenarios that are not well-represented in real-world datasets. By introducing learned scene 
priors, sampling-based path planning with generative adversarial heuristics has been used to direct the search 
in complex constrained environments toward a practical and secure solution [17]. Compared to typical route 
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optimization, safe motion planning based on adversarial road models can also increase planners' resilience in 
challenging road circumstances [18]. Instead of relying solely on geometric maps, perception-aware path 
planning employs neural feature fusion in the planning stage to respond more sensitively to changes in the local 
environment by taking uncertain environmental evidence into account [19]. Dynamic driving restrictions have 
been incorporated to the planning aim by research on model predictive trajectory planning, but their practical 
use necessitates accurate assessment of the road and obstacle condition [20]. When topography or boundary 
information is not available, robust path execution must simultaneously execute trajectory generating and 
tracking control, as demonstrated by adaptive trajectory planning for autonomous wheel loaders [21]. Planning 
frameworks for both structured and unstructured roads also demonstrate that scene representation must adapt 
to the road's regularity, obstacle density, and map completeness [22]. Constraint relaxation can lessen 
infeasibility, according to minimum-violation planning and model predictive control comparisons, but the safety 
margin will be diminished if weather-related uncertainty cannot be disregarded [23]. Road geometry and traffic 
participant behavior should be taken into account while selecting a safe route, according to behavior assessment 
of structural urban roads [24]. Cooperative trajectory planning based on nonlinear model predictive control is 
another technique to improve the path's viability in an interactive traffic environment [25]. Planning delay and 
vehicle response stability are issues in low-adhesion road conditions, as demonstrated by real-time predictive 
control for simultaneous drift and trajectory tracking [26]. The created scenarios must also adhere to practical 
traffic interaction regulations, according to research on autonomous intersection trajectory planning; otherwise, 
the synthetic variability will result in irrational planning labeling [27]. Weather deterioration should be modeled 
with sensor-specific uncertainty rather than being treated as a straightforward image-noise problem, as 
demonstrated by polarized camera recognition in inclement weather [28]. Research on automotive radar 
perception in inclement weather has also demonstrated that other sensor modules can be employed to augment 
the camera when its confidence is low [29]. Geometric reasoning and path planning will be harmed by weather-
induced visual noise that affects depth perception from a noisy camera sensor [30]. 

GAN-Enhanced Robust Path Planning Method 

Adverse Weather Scene Generation Framework 

In order to replicate the rain, fog, snow, and low light circumstances of driving scenes in clear weather, the 
suggested method first builds a weather generating network. Give the original image, semantic road mask, 
obstacle layout, and weather code to the generator. Check to see if the created scene is visually aligned with the 
specified weather domain and if the road geometry has an appropriate structure. The GAN-based system for 
creating bad weather scenes is shown in Figure 1. Because path planning must maintain the road layout and 
obstacle locations, the design does not employ unrestricted style transfer. 

 
Figure 1. GAN-based adverse weather scene generation framework 
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The adversarial generation objective is designed to make the generated image close to the target weather 
distribution while keeping the source road structure stable. 

𝐿𝐿adv = 𝔼𝔼[log𝐷𝐷(𝑦𝑦,𝑤𝑤)] + 𝔼𝔼[log(1 − 𝐷𝐷(𝐺𝐺(𝑥𝑥,𝑤𝑤),𝑤𝑤))] Eq.(1) 
Only adversarial realism is insufficient for planning. A rainy or foggy image may look realistic but distort lane 
boundaries or obstacle locations. Therefore, a structural preservation term constrains the generated scene using 
semantic masks and edge responses extracted from the source image. 

𝐿𝐿str = ‖𝑀𝑀(𝐺𝐺(𝑥𝑥,𝑤𝑤)) −𝑀𝑀(𝑥𝑥)‖1 + 𝛽𝛽‖𝐸𝐸(𝐺𝐺(𝑥𝑥,𝑤𝑤)) − 𝐸𝐸(𝑥𝑥)‖1 Eq.(2) 
The final weather generation loss combines adversarial realism, structural preservation, and cycle consistency. 
This makes the generated scenes useful for planner training because visual degradation is added without 
destroying the spatial relations needed for trajectory reasoning. 

𝐿𝐿𝐺𝐺 = 𝐿𝐿adv + 𝜆𝜆𝑠𝑠𝐿𝐿str + 𝜆𝜆𝑐𝑐‖𝐺𝐺(𝐺𝐺(𝑥𝑥,𝑤𝑤),𝑤𝑤0) − 𝑥𝑥‖1 Eq.(3) 
In the implementation, four weather domains are used: rain, fog, snow, and low illumination. Each clear scene 
is translated into three to four degraded variants. The generated samples increase the training set from 18,400 
clearweather frames to 73,600 weather-diverse frames. 

Weather-Aware Risk Representation 

The second module converts weather-degraded perception into a compact risk representation for planning. 
Instead of directly using generated images as planner input, the method estimates lane-boundary confidence, 
obstacle occupancy probability, visibility attenuation, and road-surface adhesion risk. 

𝐶𝐶lane (𝑝𝑝) = 𝜎𝜎(𝑎𝑎1𝐵𝐵(𝑝𝑝) + 𝑎𝑎2𝑆𝑆(𝑝𝑝) − 𝑎𝑎3𝑉𝑉𝑤𝑤) Eq.(4) 
Here, boundary evidence, semantic road support, and weather-induced visibility loss jointly determine whether 
a grid cell should be treated as reliable lane space. 

𝑃𝑃obs(𝑝𝑝) = 1 −� 
𝑘𝑘

�1 − 𝑞𝑞𝑘𝑘exp(−‖𝑝𝑝 − 𝑜𝑜𝑘𝑘‖2/𝑟𝑟𝑘𝑘)� Eq.(5) 

The obstacle probability combines all detected objects and expands uncertainty when object localization 
becomes less reliable under fog, rain, or snow. 

𝑅𝑅vis(𝑝𝑝) = exp(−𝑑𝑑𝑤𝑤(𝑝𝑝)/𝜅𝜅𝑤𝑤) Eq.(6) 
The visibility term describes how far reliable perception can extend under the current weather condition. Dense 
fog and heavy rain produce a faster decay. 

𝑅𝑅𝑤𝑤(𝑝𝑝) = 𝛼𝛼(1 − 𝐶𝐶lane (𝑝𝑝)) + 𝜂𝜂𝑃𝑃obs (𝑝𝑝) + 𝛾𝛾(1 − 𝑅𝑅vis (𝑝𝑝)) + 𝛿𝛿𝐴𝐴road (𝑝𝑝) Eq.(7) 
Figure 2 presents how the risk representation is connected with robust trajectory optimization. 

 
Figure 2. Weather-aware risk representation and robust trajectory optimization module 
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Robust Trajectory Optimization Strategy 

The planning module searches for a trajectory that is safe, smooth, and dynamically feasible under weather 
uncertainty. A candidate trajectory is represented by a sequence of states containing position, heading, velocity, 
and steering angle. 

𝐽𝐽risk (𝜏𝜏) = � 
𝑡𝑡

𝑅𝑅𝑤𝑤(𝑝𝑝𝑡𝑡)exp(−𝑑𝑑𝑡𝑡/𝜌𝜌) Eq.(8) 

The risk cost accumulates weather-aware risk along the candidate path, preventing the planner from ignoring 
high-risk cells near the vehicle. 

𝐽𝐽smooth(𝜏𝜏) = � 
𝑡𝑡

‖𝑝𝑝𝑡𝑡+1 − 2𝑝𝑝𝑡𝑡 + 𝑝𝑝𝑡𝑡−1‖2 Eq.(9) 

The smoothness cost penalizes abrupt curvature change, which is important under slippery road conditions 
because aggressive steering may lead to tracking instability. 

𝜏𝜏∗ = arg min
𝜏𝜏
 �𝐽𝐽risk + 𝜇𝜇𝐽𝐽smooth + 𝜈𝜈𝐽𝐽safe + 𝜉𝜉𝐽𝐽dyn � Eq.(10) 

The optimal trajectory minimizes the weighted objective under vehicle kinematic constraints. Compared with 
ordinary clear-weather planning, the proposed objective explicitly shifts the path away from visually ambiguous 
lanes and uncertain obstacles. 

Experimental Scheme and Quantitative Evaluation 

Dataset Construction and Implementation Details 

The experiment's mixed dataset consists of both created weather-augmented scenarios and actual driving 
situations in bad weather. Frames from urban roads, suburban roads, intersections, and highways are used when 
there is no inclement weather. 4,200 rainy, 3,600 foggy, 2,800 snowy, and 2,400 low-light shots make up the 
actual weather samples. The weather training set is expanded to 73,600 frames using conditional GAN 
generation. A 60 m by 20 m local grid with a 0.2 m resolution makes up the Planning Region. Optimize the 
planner using a batch size of 16 trajectory samples after training the generator for 80 epochs. 

𝐷𝐷aug = {(𝑥𝑥𝑖𝑖 ,𝑤𝑤𝑖𝑖 ,𝑦𝑦𝑖𝑖)}𝑖𝑖 ∪ ��𝐺𝐺�𝑥𝑥𝑖𝑖 ,𝑤𝑤𝑗𝑗�,𝑤𝑤𝑗𝑗 ,𝑦𝑦𝑖𝑖��𝑖𝑖𝑖𝑖 Eq.(11) 

The augmented dataset keeps the planning label unchanged because generated weather changes visual 
appearance rather than road topology. This setting allows the planner to learn how the same path should be 
selected when perception quality deteriorates. 

Evaluation Indicators for Planning Robustness 

Planning performance is evaluated from accuracy, safety, smoothness, and real-time efficiency. The first metric 
is average path deviation, which measures the distance between the generated trajectory and the expert or 
highconfidence reference trajectory. 

𝐸𝐸path =
1
𝑇𝑇
�  
𝑡𝑡

�𝑝𝑝𝑡𝑡 − 𝑝𝑝ref,𝑡𝑡�
2
 Eq.(12) 

Safety is evaluated by obstacle avoidance success rate and collision rate. A planning trial is counted as successful 
when the generated path avoids all annotated obstacles and remains within the drivable area. 

𝑆𝑆avoid =
𝑁𝑁𝑠𝑠

𝑁𝑁𝑠𝑠 + 𝑁𝑁𝑐𝑐 + 𝑁𝑁𝑓𝑓
 Eq.(13) 

Trajectory smoothness is measured by the accumulated curvature variation. This metric is important because 
weatherdegraded road surfaces require stable steering and moderate lateral acceleration. 
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𝐶𝐶𝑠𝑠 =
1
𝑇𝑇
�  
𝑡𝑡

|𝜅𝜅𝑡𝑡 − 𝜅𝜅𝑡𝑡−1| Eq.(14) 

The mean planning delay reflects real-time feasibility. The objective upper bound of the test platform is 50 ms 
per planning cycle, and the entire framework of risk representation and trajectory optimization must function 
inside the autonomous driving stack's decision interval. 

Comparative Experimental Design 

Five baselines are used to compare the suggested method: Deep reinforcement learning planners, A* with static 
obstacle cost, RRT* with collision checking, model predictive control without weather risk, and a planner trained 
without GAN-generated scenes. The local map size and perceptual output are the same for every approach. 
Evaluations are conducted in low light, fog, snow, rain, and clear weather. Only produced data are utilized for 
training and validation, and real weather samples are retained for the test set to avoid overfitting to a single 
synthetic distribution. By contrast, ascertain whether adversarial weather augmentation and weather-aware risk 
representation improve path stability in situations where perception confidence is diminished. 

Result Interpretation and Comparative Analysis 

Overall, Path Planning Performance Analysis 

Both the lateral planning error and the failure rate are generally larger in bad weather; the perceptual confidence 
abruptly declines in fog, rain, and low light. A*, RRT*, MPC, DRL planner, and the suggested approach all had 
average path deviations of 0.34, 0.38, 0.29, 0.32, and 0.27 meters in favorable conditions. These values are, 
respectively, 0.71 m, 0.68 m, 0.54 m, 0.49 m, and 0.33 m in the dense fog. There is a performance gap, meaning 
that the traditional planner is less dependable when the source of visual uncertainty shifts and the reliability of 
lane and obstacle data declines, even though it can still produce a workable geometric path. End-to-end driving 
models need explicit uncertainty treatment when the training and testing distributions are different, as 
demonstrated by robust sim-to-real investigations [31]. The overall planning performance in various weather 
conditions is depicted in Figure 3. Figure 3(a) compares the path deviation for the five planning methods, Figure 
3(b) shows the success rate of obstacle avoidance in both clear and adverse weather, and Figure 3(c) shows the 
failure rate of planning in rain, fog, snow, and low light. 

When compared to the best non-GAN baseline, the suggested technique reduces the average deviation caused 
by adverse weather from 0.47 m to 0.31 m. The suggested method's obstacle avoidance success rate is 94.1%, 

MPC's is 87.5%, and DRL planner's is 89.3%. The weather-aware risk field shifts the planned trajectory away 
from regions with unstable obstacle localization confidence since the improvement is most noticeable in dense 
fog and heavy rain. The notion that generating information should be linked to safety-oriented decision factors 

rather than being used as additional visual samples is further supported by driving risk prediction research 
based on GAN-based traffic models [32]. 

Weather Robustness and Risk Response Analysis 

Additional explanations for the more stable trajectories of the suggested planner under reduced perception can 
be found in weather-specific study. After 35 meters, dense fog lowers the long-range obstacle confidence, 
making it difficult for conventional planners to predict the collision risk. When it rains a lot, reflective road 
surfaces increase lateral path fluctuation by causing discontinuous object-box oscillation. Because road borders 
and markers are partially obscured in snowy circumstances, lane-boundary confidence declines. These weather 
impacts are systematic alterations in semantic reliability rather than random visual disturbances, according to 
adverse-condition scene understanding criteria [33]. The algorithm's resilience to rain, fog, and snow 
disturbances is demonstrated in Figure 4. Figure 4(a) illustrates the stability of dense-fog planning under long-
range visibility decay, Figure 4(b) illustrates how heavy rain modifies the obstacle-risk response near reflective 
road regions, and Figure 4(c) contrasts the dependability of lane boundaries on snow-covered roads. 
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Figure 3. Overall planning performance under different weather conditions. (a) Path deviation comparison. (b) 

Obstacle avoidance success rate. (c) Planning failure rate under adverse weather 
 

 
Figure 4. Robustness analysis under rain, fog, and snow disturbance. (a) Dense fog planning stability. (b) Heavy 

rain obstacle-risk response. (c) Snow-covered road boundary reliability 
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Instead of treating low-confidence lane regions as binary free space, the suggested planner views them as soft 
risk limitations. The design has decreased the near-miss rate from 11.2% to 5.3% in snow situations and from 
9.8% to 4.1% in severe rain. Sensor fusion can improve robustness by lowering uncertainty in visually degraded 
environments, which is consistent with prior study on multi-modal adverse-weather perception [34]. The 
trajectory response and risk field are directly displayed in Figure 5. Figure 5(c) illustrates trajectory correction 
under uncertain perception, where the planned path shifts by 0.42m away from an ambiguous obstacle region 
while keeping the curvature below 0.18m⁻¹; Figure 5(a) is the baseline risk field, which is primarily determined 
by detected obstacles and does not sufficiently consider weather uncertainty; Figure 5(b) is the proposed 
weather-aware risk field, which expands the area of uncertain obstacles and assigns a higher cost to low-visibility 
lanes. 

 
Figure 5. Risk field and trajectory response comparison. (a) Baseline risk field distribution. (b) Proposed 

weather-aware risk field. (c) Trajectory correction under uncertain perception 
 

Risk response also demonstrates how the suggested approach increases safety without taking an overly cautious 
approach. The planner will only raise the cost when lane confidence, obstacle likelihood, and visibility decay all 
exhibit a significant level of uncertainty, rather than excluding all visually impaired locations in the event of 
severe rain. Uncertainty about the barriers should be transferred to the planning stage rather than disregarded 
in perception, as studies on rainy-condition object identification reveal that there are frequently false negatives 
and unstable bounding boxes in the presence of water streaks and road reflections [35]. Synthetic variety is only 
beneficial provided task-relevant labels are maintained and the structure necessary for downstream prediction 
is not harmed, according to research on picture data augmentation [36]. 

Ablation and Generalization Discussion 

Test each component's impact separately. The generated adverse-weather images increase the domain 
coverage because the mean path deviation is 0.31m without GAN augmentation and rises to 0.39m after 



Autonomous Driving Path Planning Under Adverse Weather Based on Generative Adversarial Networks 
https://doi.org/10.64972/jaat.2023v1.308p22e:294-306 

302 
 

inclusion. The near-miss rate rises from 4.8% to 8.7% when the weather-aware risk representation is removed 
since the planner is no longer taking obstacle uncertainty and lane confidence into account. Robust Trajectory 
Optimization produces fewer stable pathways in low-adhesion situations and increases curvature variance by 
23.5%. The generated samples are most useful when paired with task-specific constraints and distributional 
diversity, according to recent GAN studies [37]. The ablation results are displayed in Figure 6. Figure 6(a) displays 
the planning accuracy under various module combinations, Figure 6(b) displays the collision and near-miss rate 
following the removal of some crucial modules, and Figure 6(c) displays the change in planning latency brought 
about by trajectory optimization and risk-field computation. 

 
Figure 6. Ablation analysis of the proposed planning framework. (a) Planning accuracy under different module 

combinations. (b) Collision and near-miss rate comparison. (c) Planning latency comparison 
 

The average planning latency is still 42 ms, which satisfies the real-time requirement of a 50 ms planning cycle, 
even if the entire model adds an additional 6.8 ms for the risk calculation. As a result, there will be less chance 
of collisions or near-misses even if there would be more computing. Generative models can enhance the 
robustness of downstream tasks while preserving structural consistency in synthesis, according to studies on 
image and video synthesis [38]. Examine cross-scene generalization using data from nighttime unfavorable 
weather, new urban roadways, and highways. This generalization performance is shown in Figure 7. Figure 7(a) 
assesses urban road scenes with parked cars and dense intersections; Figure 7(b) evaluates highway scenarios 
at a higher speed and with a longer perception distance; and Figure 7(c) compares the planning reliability and 
classification of nighttime adverse-weather conditions in unseen scenes. 

The novel approach has a mean lateral deviation of 0.29m for highway scenarios, a success rate of 93.2% on 
unseen urban roadways, and a lower failure rate of 6.7% under severe weather at night compared to 13.5% for 
the non-GAN planner. Research on learning-based driving has demonstrated that scene diversity and policy 
reaction speed have an impact on closed-loop decision-making dependability [39]. According to an assessment 
of deep reinforcement learning applications in autonomous driving, diverse contexts must be introduced, safety 
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costs must be clearly defined, and judgments must be continuously fed back in order for generalization to take 
place [40]. 

 
Figure 7. Cross-scene generalization under unseen weather conditions. (a) Urban road generalization. (b) 

Highway scenario generalization. (c) Nighttime adverse-weather generalization 

Conclusion 

This paper proposed a robust path planning framework for autonomous driving in bad weather that is 
augmented by GAN. The road structure and barrier arrangement are preserved while the rain, fog, snow, and 
low-light driving scenario sections are expanded via conditional adversarial generation. Create a weather-aware 
risk representation based on road-surface risk, obstacle likelihood, visibility attenuation, and lane confidence. 

The experiment demonstrates that risk representation aids the planner in avoiding dangerous regions brought 
on by perception degradation, while adversarial weather augmentation strengthens the planner's resistance to 
distribution shift. In comparison to the baseline planner, the suggested approach has cut the average path 
variation, enhanced the obstacle avoidance success rate, and decreased the planning failure rate in conditions 
of dense fog, heavy rain, snow, and night. 

The framework for weather-aware planning will be expanded in the future with additional LiDAR, radar, and 
vehicle-to-infrastructure data. To increase the practical dependability of autonomous driving systems in 
inclement weather, expand real-world closed-loop vehicle testing, add more diverse mixed-weather scenarios, 
and create end-to-end planning structures. 
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