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Abstract

Adverse weather such as rain, haze, and low light, severely degrades
visual perception in Advanced Driver Assistance Systems (ADAS)
and autonomous driving, leading to degraded scene understanding
and increased safety risks. We propose a unified, semantic-guided
knowledge distillation restoration framework that addresses multi-
weather removal while preserving semantics. Our method employs
a semantic-guided dual-decoder architecture trained via two-stage
multi-teacher knowledge distillation, transferring expertise from
multiple high-capacity models into a lightweight student model.
Segmentation-aware contrastive learning further aligns low-level
restoration with high-level semantic structure, enabling robust
detection of roads, vehicles, and pedestrians under challenging con-
ditions. Trained on a mix of synthetic and real-world data with
segmentation-guided feature refinement, our framework gener-
alises effectively to real-world unseen environments. Extensive
experiments on multiple benchmarks show competitive or superior
performance to state-of-the-art methods, with real-time inference
suitable for edge deployment. This makes our approach well-suited
for safety-critical perception in autonomous and semi-autonomous
systems operating in adverse outdoor environments.
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1 Introduction

Adverse weather conditions such as heavy rain, dense haze, snow,
low-light environments, and raindrop occlusions pose a significant
challenge to both human drivers and autonomous driving systems,
often leading to severely degraded visibility and increased risk of
accidents. In such scenarios, onboard cameras and sensors in ADAS
and autonomous vehicles frequently capture weather-distorted
imagery, characterized by rain streaks, water droplets, scattering
effects, and poor illumination. These degradations critically hinder
key vision tasks such as object detection, semantic segmentation,
and anomaly detection, which are essential for safe navigation and
scene understanding.

Prior-based weather removal approaches have focused on single-
weather restoration tasks [18, 39] such as deraining [16], desnow-
ing [37], and dehazing [18], largely using deep neural networks
that address specific types of degradation. Though effective in iso-
lated scenarios, such approaches are insufficient for real-world
applications such as autonomous driving, surveillance, and edge-
based vision systems, where diverse and unpredictable weather
conditions occur. Deploying multiple weather-specific models in
such environments incurs substantial computational, storage, and
maintenance overheads, making it impractical for large-scale or
resource-constrained systems.

To overcome these limitations, recent research has explored all-
in-one weather restoration models [12, 37, 46], which leverage a
single set of network parameters to handle multiple degradation
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Figure 1: Illustration of our framework on ADAS vehicle in
arainy driving scenario for Adverse Weather Removal. The
sequence is from KITTI [14] dataset.

types. However, these unified approaches face several challenges.
First, some methods [30, 31, 51] fail to model the distinct physical
and visual characteristics of each weather condition, resulting to
suboptimal restoration in certain scenarios. Second, state-of-the-art
unified networks [12, 23, 37, 38, 44, 46] often require large parame-
ter counts and high computational budgets, limiting their real-time
feasibility. Third, their heavy reliance on synthetic datasets during
training causes significant generalisation gaps when deployed in
real-world driving conditions, where degradations are more com-
plex and less predictable. Fourth, most existing solutions overlook
semantic scene awareness such as identifying roads, vehicles, and
pedestrians which is essential for safety-critical perception tasks in
autonomous driving. Finally, CNN-based methods [16, 18, 31, 51],
despite their restoration quality, struggle with inference latency and
memory inefficiency, making them unsuitable for real-time edge
deployment.

To address these shortcomings, we propose a unified semantic-
guided knowledge distillation framework built around five design
factors (refer Sec. 2 of Supplementary for more details on Knowl-
edge Distillation): (i) Distinct physical and visual characteristics—we
fuse physics-based degradation cues (e.g., rain-streak density, haze
scattering) with high-level semantics to preserve structure across
conditions; (ii) Large parameter counts and high computational bud-
gets—we distill multiple teachers into a compact, low-compute
student suitable for real-time embedded deployment; (iii) Gener-
alisation gaps—our label-free training encourages robustness to
diverse, unseen degradations; (iv) Semantic scene awareness—joint
restoration and segmentation preserve scene layout and object
boundaries so safety-critical entities remain well delineated; (v)
Inference latency and memory inefficiency—the resulting student
sustains low latency and small memory footprint for edge inference.

We propose a semantic-guided knowledge distillation frame-
work that extends the principles of MultiTS [4] through three
key advancements. First, unlike MultiTS, which primarily empha-
sizes multi-teacher supervision for task adaptation, our frame-
work introduces a semantic-guided dual-decoder architecture that
jointly leverages image restoration and scene segmentation, en-
abling stronger semantic fidelity and sharper delineation of safety-
critical regions such as roads, vehicles, and pedestrians. Second, a
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segmentation-aware contrastive regularization mechanism is incor-
porated to align the restoration process with semantic boundaries,
ensuring perceptually accurate and structurally consistent outputs.
Third, to achieve cross-weather generalization, we designed a label-
efficient multi-teacher distillation strategy that aggregates com-
plementary knowledge from multiple weather-specialized experts
into a shared latent space, thereby eliminating the need for ex-
plicit weather labels. Through efficient optimization of memory
and computation, the resulting lightweight student model attains
near-real-time performance suitable for edge and embedded deploy-
ment. As illustrated in Fig. 1, under a heavy rain scenario, our model
effectively restores visually degraded scenes while preserving se-
mantic structure, enabling robust perception even under severe
weather conditions. This unified framework not only delivers high-
quality visual restoration but also maintains semantic consistency,
ensuring improved robustness and generalization across diverse
adverse weather domains.
The main contributions of our work are:

¢ Unified semantic-guided setup with a shared encoder and
dual decoders for restoration and segmentation, distilled
from multiple weather-specialized teachers to preserve struc-
tural consistency and stay robust across degradations.

o Label-efficient cross-weather generalisation by distilling com-
plementary knowledge from multiple weather-specialized
teachers, eliminating the need for explicit weather labels.

e Broad evaluation on synthetic and real datasets, with ref-
erence and non-reference metrics, qualitative visuals, and
ablation experiments.

e Model efficiency and real-time deployment with a student-
only inference pipeline that achieves low latency, low mem-
ory, and stable FPS on edge devices.

2 Related Work
2.1 CNN-based Adverse Weather Removal

Single-Weather Removal. Convolutional neural networks (CNNs)
have been widely adopted for adverse weather removal due to their
strong local feature extraction and relatively low computational
cost. Early single-weather approaches targeted specific degrada-
tions such as rain or haze, with methods like EfficientDeRain [22]
using dense U-Net style architectures for progressive refinement
in deraining, and DehazeNet [8] and AOD-Net [9] exploiting at-
mospheric priors such as transmission maps and global light esti-
mation for dehazing. Subsequent models, including FFA-Net [10],
ACERNet [42], MITNet [34], DEA-Net [5], and the high-capacity
Dehaze-XL [3], enhanced restoration quality through attention
mechanisms, multi-scale feature fusion, or adaptive enhancement
strategies, while strong deraining baselines such as MSPFN [16],
MPR-Net [47], CCN [32], and CSUD [7] leveraged multi-stage re-
finement, progressive residual learning, and context aggregation.
Although these models achieve strong performance, their high
parameter counts hinder real-time deployment on embedded plat-
forms. To address efficiency, lightweight CNNs like ESRNet [45]
with factorized spatial-channel attention, and FastDehazeNet [2]
or simplified AOD-Net variants with shallow 1 X 1 convolutions,
have been introduced, offering real-time performance on mobile de-
vices but often sacrificing robustness and contextual understanding,
particularly under mixed-weather or low-light conditions.



Enhancing Driving Visibility

Multi-Weather Restoration. While single-weather models per-
form well in controlled conditions, real-world driving scenarios
often involve compound or changing weather, where training sep-
arate models for each degradation is inefficient. This challenge
led to the development of multi-weather restoration frameworks,
which aim to generalise across rain, haze, and snow within a single
network. AllWeatherNet [31] introduced a shared encoder with
weather-specific decoders for adaptive restoration, while WGWS-
Net [51] used gated weather-specific feature fusion to dynamically
combine information from multiple weather branches. Multi-TS [4]
further advanced this idea by distilling knowledge from specialized
single-weather teachers into a unified compact student network,
improving generalisation while maintaining efficiency.
Semantic-Guided Restoration. Despite these advances, CNN-
based methods still face notable limitations such as heavy archi-
tectures hindering real-time use, lightweight models often sacri-
fice robustness in mixed weather, and most frameworks lack high-
level semantic understanding of scene elements like roads, vehicles,
pedestrians or traffic signs, information that is critical for preserv-
ing structural consistency.

To overcome these limitations, recent works have explored com-
bining CNN efficiency with semantic guidance. Incorporating se-
mantic and contextual cues has proven effective in related percep-
tion tasks; for example, detection frameworks such as D-YOLO [6]
leverage weather-robust features to maintain reliable object detec-
tion under challenging conditions, while segmentation-oriented
approaches extend these ideas to provide dense contextual priors
for restoration. Integrating semantic maps helps restoration fo-
cus on perceptually important regions (e.g., roads, vehicles, traffic
signs), thereby enhancing structural consistency in adverse condi-
tions [40, 43]. Inspired by this, we extend semantic-guided restora-
tion to multi-weather scenarios using a dual-task CNN trained
via multi-teacher distillation. This unified framework combines
knowledge from rain, haze, and low-light experts into a single light-
weight model, ensuring both high restoration fidelity and real-time
feasibility for autonomous driving applications.

2.2 Transformer-based Adverse Weather
Removal

Transformer methods have recently advanced weather restoration
by leveraging self-attention to capture long-range dependencies,
which is particularly beneficial for degradations like haze and snow
that require global context. Models such as Restormer [46] uses
multi-stage transformer blocks with cross-modality attention for
progressive rain removal while preserving fine details. For haze,
SwinlIR [24] introduces hierarchical shifted-window attention to
balance local and global features, improving performance in dense
haze. TransWeather [37] and MWFormer-Weather [50] extend this
capability to multi-weather conditions by incorporating specialized
attention mechanisms for unified restoration. Lightweight variants
such as MobileViT-Weather [26] attempt to reduce complexity using
mobile-friendly attention mechanisms.

Despite their impressive performance, full transformer models
often require large memory (15-30 GB VRAM) and suffer from high
inference latency (hundreds of milliseconds per frame), limiting
their use in real-time systems. Even optimized versions, though
more efficient, may still underperform in preserving structural
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Figure 2: Overview of our semantic-guided knowledge distil-
lation framework. Collaborative distillation from multiple
weather-specific teachers (rain, haze) to a unified student via
two stages: (1) Knowledge Collation, where soft alignment
with teacher reconstructions and segmentation priors, and (2)
Knowledge Examination, where enforcing ground-truth con-
sistency with hard constraints. Segmentation maps provide
region-aware supervision, emphasizing critical structures
like roads and vehicles.

fidelity under mixed or severe degradations. To address this, we
utilize transformers not for direct deployment but as teacher models
during training. By distilling their rich contextual knowledge into
a compact CNN-based student, we retain high-quality restoration
and robust generalisation across weather types without incurring
the computational and memory overhead of transformer inference.

2.3 Diffusion-based Adverse Weather Removal

Diffusion-based generative models have recently achieved state-
of-the-art perceptual quality in image restoration by iteratively
denoising toward clean outputs. Their ability to model complex
data distributions makes them particularly effective for compound
degradations (e.g., rain—fog or rain-snow), where CNNs and trans-
formers often struggle. Multi-weather model such as MDGTNet [23]
use dual textual prompts and CLIP-guided semantic cues to preserve
scene structure under diverse weather conditions. DiffuWeather [29]
addresses the high latency of diffusion by reducing denoising steps
(e.g., from 100 to 20), making diffusion more practical for real-world
use. DB-STNet [35] extends this trend by adopting a diffusion-based
backbone to restore rain, haze, and snow simultaneously, benefit-
ing from the perceptual quality of diffusion while suffering from
high inference latency and memory consumption due to iterative
denoising. Other approaches, such as DomainTrans [30], apply
cross-domain translation to handle multiple weather types without
needing explicit labels. However, these models remain computa-
tionally intensive. Full diffusion pipelines demand high VRAM and
multi-step inference, making them unsuitable for real-time or edge
deployment. Additionally, generative translation methods may in-
troduce structural artifacts and often require large paired datasets
for training.

In our work, diffusion and generative models serve as teacher
networks during training. By distilling their semantic richness and
perceptual quality into a compact CNN-based student, we achieve
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high-fidelity restoration with the efficiency required for real-time,
resource-constrained deployment in autonomous driving scenarios.

3 Semantic-Guided Knowledge Distillation
Framework

3.1 Overview

Our objective is to build a unified, real-time framework that ad-
dresses multiple adverse weather conditions such as rain and haze,
while simultaneously enabling high-fidelity semantic segmentation.
This dual-task setup is essential for autonomous navigation sys-
tems, where both visual clarity and scene understanding are critical
for safe operation. In contrast to traditional approaches, which treat
restoration and segmentation as separate tasks.

Problem Formulation. Given an input image 7 w; captured un-
der a specific weather condition w; € W = wy, wa, ..., wg, our
goal is to restore a clean image Hw; using a lightweight student
model S that operates in real-time. To achieve this, we propose a
Two-Stage Knowledge Distillation framework inspired from [4],
comprising Knowledge Collation (KC) and Knowledge Examination
(KE) stages, as illustrated in Fig. 2. In the KC stage, we employ a set
of expert teacher models 7,,;, i = 1 to K, where each 7, is special-
ized for a specific weather type w;. This design allows each teacher
to capture degradation-specific priors that are otherwise difficult
to encode in a unified teacher trained on heterogeneous data. The
student model S aggregates this diverse knowledge through a Col-
laborative Knowledge Transfer (CKT) process, aligning its internal
representations with the teachers using two key modules: the Pro-
gressive Feature Projector (PFP) [4], which ensures fine-grained
spatial alignment at early decoder stages, and the Bi-directional
Feature Matching (BFM) [4], which enforces semantic and percep-
tual consistency between the restoration and segmentation outputs.
In the KE stage, we further refine the student via task-specific ob-
jectives that enhance semantic fidelity and visual quality. Notably,
only the student model S is deployed at inference, enabling real-
time processing of continuous image streams with high restoration
accuracy. This formulation allows the model to generalise across
diverse weather conditions while maintaining efficiency, making it
suitable for autonomous driving.

3.2 Knowledge Collation (KC) stage

Dual-Decoder Architecture in Teachers and Student. To enable
structured and semantically-aware restoration, we enhance each
teacher model 73, with a dual-decoder design comprising: (i) an
image restoration decoder that predicts the clean image ‘7?7—%, and
(ii) a segmentation decoder that outputs the corresponding semantic
map 37:‘/. . These two outputs are used jointly to supervise the stu-
dent model through both pixel-level and task-level distillation. The
dual-branch Collaborative Knowledge Transfer (CKT) block aligns
the teacher-student representations in both tasks, encouraging co-
herent structure across restoration and semantics.

Motivated by this multi-task supervision (image and segmenta-
tion tasks), the student model S adopts a mirrored dual-decoder
design, comprising a Restoration Decoder that predicts the clean
image Hg and a Segmentation Decoder that outputs the corre-
sponding semantic map S s , denoted as RD and SD, respectively.
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Collaborative Knowledge Transfer (CKT). During the CKT
stage, the student model S is guided by all teachers concurrently

as shown in Fig. 3. Let F,(;I ) and ng) denote the g-th layer features

from teacher 7,,, and student S, respectively. These features are
projected into a shared latent space via a learnable Progressive
Feature Projector ¢(+):

s(q) _ (9) s(q) _ (9)
B2 =g, B = g(FS) 1)

We then compute the Projected Feature Error (LPFE) loss using Ly
distance:

Q
|
g=1

To ensure the validity of projected features, we use an inverse
projector p(+) to reconstruct original features and apply a Projected
Feature Verification (LPFV) loss:

Q
Lerv =) ”P(IE;%[)_) - F;%zul ®)
=1

The total collaborative distillation loss is:

Lcxr = Lpre + Lprv 4)

Soft Contrastive Regularization (SCR). Since the student model
S is still in an early learning stage, we adopt a soft contrastive
formulation. The teacher output 7:{7—Wl_, S% . and student output
‘7:13, S s are treated as the positive sample, while degraded images
from other weather types {Z,, } ji form the negative set. The SCR
loss is defined as:

Lscr =0 (ﬁni, S‘Twi,(f{& Ss. {Zw; }j;ti) (5)

where Q(-) is the contrastive loss with temperature-scaled dot
product similarity.
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Figure 3: Collaborative Knowledge Transfer: The student
learns from multiple weather-specific teachers via feature
projection and verification, using Lprr and Lpry to align
representations for unified restoration and segmentation.
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3.3 Knowledge Examination (KE) Stage

After sufficient training under teacher supervision, the student
model S enters the KE stage for self-guided refinement. Here,
teacher models are detached, and the student is optimized using
ground-truth labels. To strengthen robustness and task alignment,
we use Hard Contrastive Regularization (HCR).

Let JoT denote the ground-truth clean image, and 7,,, be the
input degraded image. The positive pair is (‘]:(S, JoT) and negatives
are images degraded by all weather types. The HCR loss is:

Lycr =0 (ﬂs» Jats { 2w, }5(:1) (6)
In addition, we compute a pixel-wise reconstruction loss:
Lpixel = ”7‘{5 - JGT”l ™)
The final KE stage loss is a weighted combination:
Lxe = Lpixel + AHCR - LHCR ®

The two-stage training thus equips the student model with strong
generalisation to mixed and unseen weather conditions, while en-
suring real-time inference with a single compact model.
Segmentation Supervision and Loss. To enforce semantic fidelity
during training, the segmentation decoder SD is supervised using
a composite loss function. Let S s be the predicted semantic map
and Js the one-hot ground-truth segmentation mask over c classes
and spatial dimensions h X w.

We use a weighted sum of pixel-level cross-entropy and global
Dice loss:

Leg =- Z ﬁlogss )
c,h,w
2 Yehw S
Lpjce =1 X hw JSOS _ (10)
Zc,h,w :]S + Zc,h,w SS
Lseg = Leg +{ - Lpices With{=1.0 (11)

This auxiliary segmentation loss Lseg plays a critical role in
stabilizing training and enhancing spatial consistency. It encourages
the student model to maintain semantic integrity, which in turn
constrains the restoration decoder RD to generate outputs that
respect object boundaries and preserve spatial structure.

3.4 Training Objectives

The training process is divided into two stages:
Knowledge Collation (KC): The student model S is trained using
supervision from teacher models. The loss combines:

Lxc = AckrLckT + ASCRLSCR + Aseg Lseg (12)

where Lckt aligns features via collaborative distillation, Lscr
applies soft contrastive regularization, and Lseg supervises the
segmentation decoder.

Knowledge Examination (KE): The student is further refined
without teacher guidance using:

LKg = Lpixel + AHCRLHCR (13)

where Lpiye] is an L1 reconstruction loss and Lyjcr enforces hard
contrastive regularization using ground truth.

Through this two-stage semantic-guided knowledge distillation
process, the lightweight student model acquires the restoration fi-
delity of high-capacity teacher networks while preserving semantic
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integrity across adverse weather conditions. The dual-decoder de-
sign ensures that both low-level visual clarity and high-level scene
understanding are optimized in tandem, enabling the network to
prioritize perceptually critical regions such as roads, vehicles, and
pedestrians. As a result, the final student model operates in real-
time with minimal memory footprint, generalises effectively to
unseen and mixed degradations, and is deployment-ready.

4 Experiments and Results

4.1 Experimental Setup

Datasets. We employ a diverse set of datasets to train and eval-
uate our unified knowledge distillation framework, ensuring ro-
bust generalisation across multiple adverse weather conditions. For
rain degradations, we use Rain1400 [13], Rain100H [48] and SPA-
Data [40], covering both synthetic and real-world rain with varied
streak densities. Haze degradations are addressed using the REal-
world VIdeo DEhazing dataset (REVIDE) [49] and REalistic Single
Image DEhazing (RESIDE) [19] datasets, which includes Synthetic
Objective Testing Set (SOTS) along with the Real-world Task-driven
Testing Set (RTTS) subset for real-world haze evaluation. For spe-
cialized degradations, we incorporate the Raindrop [17] dataset
for lens occlusions. To improve robustness to varying severity, we
additionally synthesize degraded images by adjusting parameters
such as rain streak length and haze scattering coefficients.

Details of the baseline models and implementation settings are
provided in the Supplementary Material.

4.2 Quantitative Comparison

Results on Rain/RainDrop Dataset. In Table 1, on synthetic
datasets, our method matches WGWS-Net’s performance on Rain1400
and surpasses it on Outdoor-Rain by +1.23 dB. Relative to the multi-
weather baseline MultiTS, we achieve consistent gains of +1.68 dB
on Rain1400 and +1.41 dB on Outdoor-Rain, along with notable
SSIM improvements. Overall, the results highlight the effective-
ness of semantic guidance and multi-teacher distillation in preserv-
ing structure details across diverse rain conditions. On real-world
datasets, our model is within 0.12 dB of WGWS-Net on SPA, while
outperforming multi-weather baselines such as MultiTS and All-
WeatherNet by +2.50 dB to +5.60 dB. On Raindrop, it delivers gains
of +1.45 to 3.82dB over competitive multi-weather approaches,
effectively restoring heavily occluded regions. Overall, while spe-
cialized single-weather models may have a slight advantage in
certain controlled synthetic cases, our framework achieves con-
sistently strong, well-balanced performance across both synthetic
and real-world rain, maintaining high visual fidelity and structural
consistency under irregular, and spatially varying degradations.
Results on Haze Dataset. In Table 2, on the synthetic RESIDE
dataset, our method delivers performance on par with WGWS-Net
while clearly surpassing other multi-task baselines, achieving a
notable +2.44 dB gain over MultiTS. For O-HAZE dataset, the ad-
vantage becomes more pronounced, with improvements of +0.56 dB
over WGWS-Net and +1.20 dB over MultiTS, demonstrating the
impact of semantic guidance and multi-teacher distillation in retain-
ing fine structural details in haze. In the real-world REVIDE dataset
as shown in Table 2, our framework outperforms MultiTS and All-
WeatherNet by +1.14 dB to +3.18 dB, and although PSNR is 0.38 dB
lower than WGWS-Net, we achieve superior SSIM, reflecting better
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Figure 4: Visual comparison of the proposed and existing methods from synthetic datasets (Outdoor-Rain [21], RESIDE [19])
for multi-weather restoration. The image can be zoomed in for improved visualization.
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Figure 5: Visual comparison of the proposed and existing methods from real datasets (Raindrop [17], SPA [40] ,0-HAZE [1]) for
multi-weather restoration. The image can be zoomed in for improved visualization.

preservation of structural consistency. Overall, these results illus-
trate that while single-weather dehazing models may have a slight
edge in controlled synthetic settings, our approach consistency de-
livers a more robust trade-off between restoration quality, semantic
coherence, and resilience in diverse haze conditions.

Visual Comparison on Synthetic and Real Datasets. In Fig. 4,
we compare visual results on synthetic (Outdoor-Rain for de-raining,
RESIDE for de-hazing) datasets. Our method removes both dense
and fine rain streaks while preserving structure, color fidelity, and
semantic clarity (e.g., vehicles, roads), producing sharper textures
than MultiTS and Domain Translation, which leave artifacts or
blur details. WGWS-Net reduces rain effectively but oversmooths,
while AllWeatherNet suffers from color distortion and incomplete
streak removal. For de-hazing, our approach restores visibility with
balanced contrast, natural tones, and well-defined semantic regions,
outperforming MultiTS and Domain Translation, which leave resid-
ual haze or muted colors. WGWS-Net over-enhances edges, and
AllWeatherNet often produces lower-contrast outputs.

Table 1: Quantitative evaluation of image deraining perfor-
mance on synthetic and real datasets. Best and second-best
results are in bold and underlined, respectively.

Type Method ) Synthetic ] ‘ Rea.l'
Rain1400 [13] [ Outdoor-Rain [21] | SPA [40] [ Raindrop [17]
PSNR  SSIM_ PSNR SSIM PSNR SSIM PSNR  SSIM
MSPEN [15] 29.24 0.88 22.13 0.79 2821 0.83 27.63 0.70
L MPR-Net [47] 31.17 0.91 23.83 0.84 3255 0.87 2821 0.72
Deraining
CCN [32] 30.12 0.85 21.73 0.82 3179 085 3051 0.87
CSUD [7] 32.48 0.93 27.58 0.92 3471 093 2685 0.68
MultiTS [4] 29.89 0.82 24.94 0.85 3632 0.94 2834 0.79
DomainTranslation [30] | 28.14 0.79 23.57 0.81 3474 087 28.12 0.73
Multi-Task | WGWS-Net [51] 3146 091 2512 0.89 38.94 098 3071 085
AllWeatherNet [31] 27.31 0.74 2239 0.82 33.22 083 27.67 0.69
Ours 3157 090 2635 0.91 3882 096 32.16  0.89

Table 2: Quantitative evaluation of image dehazing perfor-
mance on synthetic and real datasets. Best and second-best
results are in bold and underlined, respectively.

Type Method Synthetic Real
RESIDE [20] | O-HAZE [1] | REVIDE [49]
PSNR SSIM PSNR SSIM PSNR SSIM
FFA-Net [10] 31.17 093 2024 0.62 19.67 0.79
AECR-Net [42] 30.98 091 19.67 0.64 2065 0.77
Dehazing MIT-Net [34] 31.77 094 1821 059 21.25 0.76
DEA-Net [5] 3274 091 1989 067 2131 080
Dehaze-XL [3] 3356 0.96 21.18 0.71 2343 0.82
MultiTS [4] 27.19 0.85 18.12 0.52  20.10 0.78
DomainTranslation [30] | 28.92 091 19.04 058 21.21  0.79
Multi-Task | WGWS-Net [51] 2972 094 1876 057 2162 0.86
AllWeatherNet [31] 2621 079 17.35 049 18.06 0.75
Ours 2963 092 1932 0.61 21.24  0.84

In Fig. 5, we present qualitative evaluation on real (Raindrop, SPA
for de-raining, O-HAZE for de-hazing) datasets. Our approach com-
pletely removes large droplets and fine streaks in rain, and in haze
restoration recovers distant scene details with natural colors and
preserved semantic boundaries. Competing methods often leave
haze, oversmooth textures, or distort colors. These results highlight
the benefits of our semantic-guided design, which leverages seman-
tic priors to direct restoration on critical regions, enabling more
effective degradation removal while maintaining realistic textures
and scene structure in both synthetic and real conditions.

4.3 Evaluation on Real World Images

In real-world settings without ground truth as shown in Table 3,
we evaluate perceptual quality on the IDD-AW [33] dataset using
NIQE [28] and BRISQUE [27], where lower scores indicate natu-
ral images. For rain, our method achieves the best results with
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Figure 6: Qualitative comparison of real-world rain and haze images with low-light from IDD-AW [33] dataset.

NIQE 3.11 and BRISQUE 27.4, improving over the next best method
WGWS-Net by 0.23 NIQE and 1.5 BRISQUE, and outperforming
MultiTS and Domain Translation by more than 1 and 4 points,
respectively. For haze, our NIQE score of 10.64 is similar to WGWS-
Net, while our BRISQUE score of 27.1 remains competitive, indicat-
ing that our method achieves comparable perceptual quality despite
more natural restoration with better contrast recovery.

In Fig. 6, qualitative comparisons on IDD-AW [33] dataset show
that while baselines often oversmooth or leave residual artifacts, our
method effectively recovers fine geometry details such as vehicle
edges, traffic signs, and road textures, with segmentation outputs
remaining robust to noise for accurate identification of drivable
areas and obstacles. For challenging real-world cases where resid-
ual rain streaks or droplets persist after restoration, we employ
Real-ESRGAN [41] to enhance local texture details and reduce blur.
In hazy, low-light scenes, we integrate DarkIR [11], a Retinex-based
illumination enhancer, to restore contrast and color fidelity. Both en-
hancement modules are state-of-the-art in their respective domains
and further boost perceptual quality under adverse conditions.

Table 3: Quantitative comparison on real-world derained and
dehazed images from IDD-AW [33] using NIQE and BRISQUE
(lower is better). Best and second-best results are in bold and
underlined, respectively.

Method Haze Rain

NIQE | BRISQUE | | NIQE | BRISQUE |
MultiTS [4] 14.78 335 451 324
DomainTranslation [30] | 24.63 32.1 4.40 31.8
WGWS-Net [51] 10.51 19.7 3.34 28.9
AllWeatherNet [31] 11.73 28.6 3.98 26.9
Ours 10.64 27.1 3.11 274

4.4 Ablation Experiments

Effect of Two-Stage Knowledge Learning. We compare our two-
stage distillation strategy with a single-stage baseline to validate
its contribution. The two-stage approach achieved an average im-
provement of +0.8 dB in PSNR and +0.13 in SSIM, confirming that
staged learning facilitates better feature transfer from teacher to
student networks.

Effect of Segmentation-Aware Guidance. In Table 4, the abla-
tion results on Rain1400 and RESIDE datasets shown that using
all three losses, Lscr, LHcr, LsEG, together with both KC and KE
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Figure 7: Illustration of performance variation of PSNR across different synthetic rain and haze weather conditions generated

using JarvisIR [25] and RainRendering [36] simulations.

achieves the best performance, reaching 31.57/0.90 and 29.63/0.92
in PSNR/SSIM, respectively. Removing Lycr reduces PSNR by
0.78 dB on Rain1400 and 0.85dB on RESIDE, showing that hard
contrastive learning strengthens instance discrimination. Omitting
LsgG results in an even larger drop of 1.68 dB and 1.44 dB, high-
lighting the importance of segmentation-aware supervision for
complex scene restoration. Finally, retaining only Lgcr with KC
produces the lowest scores of -4.25 dB and -3.61 dB compared to the
full model, underscoring the complementary role of all components
in our unified framework.

Impact of Weather Severity on Performance. In Fig. 7, PSNR
variations are quantified for different synthetic weather severities
generated using JarvisIR [25] and RainRendering [36]. For rain
streaks (see Fig. 7a), PSNR decreases from 31.63 dB at light rain
(1 mm) to 23.43dB at heavy rain (250 mm), a drop of 8.2 dB. For
raindrops (see Fig. 7b), increasing the number of droplets from 5 to
110 reduces PSNR from 32.56 dB to 23.76 dB (-8.8 dB). For haze (see
Figs. 7c~d), increasing visibility depth from 5 m to 300 m improves
PSNR from 20.87 dB to 28.91 dB, whereas raising the scattering co-
efficient from 0.3 to 1.2 decreases PSNR from 29.05dB to 21.78 dB.
These selected severities ensure consistent but non-trivial restora-
tion difficulty, and the gradual PSNR decline across all scenarios
demonstrates that our framework maintains stable performance
and degrades gracefully under extreme weather conditions.

4.5 Model Efficiency and Deployment
Feasibility

Model Efficiency. We compare our model’s efficiency with recent
multi-task weather removal baselines in terms of parameter count
and inference time. As shown in Table 5, our model achieves the
fastest inference with the lowest parameter count, while maintain-
ing strong restoration performance. In contrast to heavier models
like WGWS-Net [51] and AllWeatherNet [31], which rely on com-
plex multi-branch and attention-based designs, our lightweight
architecture is better suited for real-time and resource-limited set-
tings.

Deployment Feasibility. To assess the model’s feasibility for real-
time applications, we conducted latency-focused benchmarks that
simulated a video stream by processing video frames sequentially
with a batch size of one. Using an NVIDIA RTX 3080 GPU, the fully
optimized model, quantized to INT8 precision and compiled with
TensorRT, achieved a processing speed of 49.81 FPS, surpassing the
30 FPS threshold for real-time video with a per-frame latency of
20.1 milliseconds. The Jetson Orin Nano demonstrated 6.15 FPS
and 292.87 seconds of processing time after INT8 quantization and

Table 4: Ablation study on Lgcr, LsgG, and Lycr- Best re-
sults are in bold.

Losses Rain1400 [13] | RESIDE [19]

Lscr | Lseg | Lucr | PSNR - SSIM | PSNR  SSIM
v X X 27.32 0.76 26.02  0.79
v X v 29.89 0.82 27.19  0.85
v v X 30.79 0.87 28.78  0.88
v v v 31.57 0.90 29.63 0.92

Table 5: Model efficiency comparison on a 256 X 256 image.

Metric MultiTS [4][WGWS-Net [51]|AllWeatherNet [31][DomainTrans [30]|Ours
Params (M) 7.0 18.0 19.0 11.0 7.0
Inf. Time (ms) 16.6 34.0 38.0 255 15.2

TensorRT deployment, demonstrating suitable edge deployment.
With acceptable performance up to 10-12 FPS achievable through
further software optimization, or by upgrading to higher-end hard-
ware (such as Jetson Orin NX, Orin AGX), target real-time FPS
can be met, albeit with increased deployment cost. Importantly,
this performance maintained visual quality, confirming the model’s
suitability for low-latency real-world applications. More details in
Supplementary Material.

5 Conclusion

In this work, we propose a semantic-guided knowledge distilla-
tion framework for removal of adverse weather in safety-critical
autonomous driving conditions. Our proposed model employs a
semantic-guided dual-decoder architecture trained via a two-stage
multi-teacher knowledge distillation strategy, where multiple heavy-
weight experts guide a lightweight student network. Through ex-
tensive experiments on diverse synthetic and real-world datasets,
we demonstrate that our approach achieves competitive or supe-
rior restoration performance by generalising to real-world unseen
driving environments while maintaining low latency and memory
usage, suitable for deployment on edge devices. We believe that
our framework paves the way for robust perception systems that
ensure reliable operation in challenging outdoor environments by
significantly improving visibility.
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