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Abstract Images captured in real-world environments

are often degraded by adverse weather conditions such

as rain and haze, which reduce visual quality and nega-

tively affect downstream vision tasks. Although recent

deep learning based restoration methods have achieved

promising results, many of them rely on heavy architec-

tures and high computational cost, making them diffi-

cult to deploy on resource-constrained edge devices. To

address this issue, this paper proposes DA-LightNet,

a lightweight degradation-aware image restoration net-

work for real-time rain and haze removal on edge de-

vices. The proposed network adopts a unified restora-

tion architecture for both deraining and dehazing, avoid-
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ing the need to deploy separate models for different

weather degradations. A degradation-aware modulation

module is designed to adaptively recalibrate intermedi-

ate features according to rain and haze characteristics,

while an efficient restoration block based on depthwise

and pointwise convolutions is introduced to reduce re-

dundant computation. In addition, a lightweight recon-
struction head is used to further reduce inference over-
head. Experiments are conducted on the paired LHP-
Rain and LMHaze datasets. The results show that DA-

LightNet achieves competitive restoration quality with

only 4.6M parameters and 21.5G FLOPs, while reach-

ing 34.8 FPS on a Jetson edge platform. Compared

with representative restoration methods, DA-LightNet
provides a more favorable balance between restoration
accuracy and real-time deployment efficiency, demon-

strating its potential for practical edge-side image restora-

tion applications.

Keywords image restoration · image deraining ·
image dehazing · lightweight network · real-time

inference · edge devices

1 Introduction

Images captured in real-world outdoor environments

are often degraded by adverse weather conditions such

as rain and haze. Rain streaks introduce local high-

frequency interference and may occlude important scene

details, while haze reduces image contrast, weakens vis-

ibility, and causes color distortion [13, 18]. These degra-

dations not only reduce visual quality, but also affect

downstream vision tasks, including object detection,

video surveillance, autonomous navigation, and intel-

ligent transportation systems [21]. Therefore, effective
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rain and haze removal is important for both image en-

hancement and practical visual perception systems.

In recent years, deep learning based image deraining

and dehazing methods have achieved significant progress.

CNN-based methods, progressive restoration networks,

attention mechanisms, and transformer-based architec-
tures have improved restoration quality on benchmark
datasets [6, 16, 22–24]. For image dehazing, prior-based
methods have gradually been replaced or enhanced by

end-to-end CNN and transformer models, leading to

stronger feature representation and better reconstruc-

tion capability [3, 9, 12, 15, 17]. However, many high-

performance methods rely on large model capacity, com-
plex attention operations, or repeated high-resolution
feature interactions. As a result, they are difficult to de-

ploy on resource-constrained edge devices where mem-

ory, computation, and power consumption are limited.

In practical applications, image restoration mod-

els are often expected to run on mobile phones, in-

telligent cameras, unmanned aerial vehicles, and em-

bedded boards. In these scenarios, restoration quality

alone is not sufficient. Model size, floating-point oper-

ations, memory usage, inference latency, and frames

per second are also important factors [10, 20]. More-

over, rain and haze usually require different restora-

tion behaviors. Rain removal needs to suppress local

streak-like structures while preserving image details,

whereas haze removal requires global contrast recov-

ery and color correction. Deploying separate models for

different degradations increases storage cost and com-

plicates edge-side system design. Therefore, a unified
and lightweight restoration model is needed for real-
time adverse-weather image restoration.

To address these issues, this paper proposes DA-
LightNet, a lightweight degradation-aware image restora-

tion network for real-time rain and haze removal on
edge devices. The proposed method adopts a unified
restoration architecture for both deraining and dehaz-
ing, avoiding the need to deploy multiple task-specific

models. A degradation-aware modulation module is in-

troduced to adaptively recalibrate intermediate features

according to different weather degradation characteris-

tics. In addition, efficient restoration blocks based on
depthwise and pointwise convolutions are designed to
reduce redundant computation, and a lightweight re-

construction head is used to further lower inference

overhead. The proposed method is evaluated on the

paired real-world LHP-Rain and LMHaze datasets, and

both restoration quality and edge-side inference effi-

ciency are reported.

The main contributions of this paper are summa-

rized as follows:

– We propose DA-LightNet, a lightweight unified restora-

tion network for real-time rain and haze removal on
resource-constrained edge devices.

– We design a degradation-aware modulation module

to adaptively enhance restoration features for differ-

ent weather degradations without introducing sep-

arate deraining and dehazing branches.
– We introduce efficient restoration blocks and a lightweight

reconstruction head to reduce computational com-

plexity while preserving image structures and local

details.

– We conduct experiments on LHP-Rain and LMHaze,

and evaluate the proposed method from both restora-

tion quality and deployment efficiency perspectives.

The remainder of this paper is organized as fol-

lows. Section 2 reviews related work. Section ?? intro-
duces the proposed DA-LightNet. Section 4 describes

the datasets and evaluation protocol. Section 5 presents

the training strategy. Section ?? reports the experimen-

tal results and analysis. Finally, Section 7 concludes this

paper.

2 Related Work

2.1 Image Deraining and Dehazing

Single image deraining aims to recover a clean image

from a rainy observation. Early CNN-based methods

mainly learned rain-specific representations from paired

data. DDN removed rain streaks by learning deep de-

tail features [6]. JORDER introduced joint rain detec-

tion and removal to improve rain-aware restoration [22].

PReNet further adopted a progressive recurrent strat-

egy and became an effective baseline for single image

deraining [16]. Later, MPRNet improved restoration

quality through a multi-stage progressive architecture [23].

Restormer introduced an efficient transformer structure

for high-resolution image restoration [24]. Although these

methods achieve strong restoration quality, many of

them still rely on relatively heavy architectures or ex-

pensive feature interactions.

Single image dehazing has also been widely stud-

ied. Traditional methods usually rely on physical imag-

ing models and handcrafted priors. The dark channel

prior is a representative prior-based method for haze

removal [9]. With the development of deep learning, De-

hazeNet learned haze-related features in an end-to-end

manner [3]. AOD-Net simplified the dehazing pipeline

by directly learning a reformulated image formation

model [12]. FFA-Net used feature fusion attention to

enhance haze-relevant features [15]. More recently, De-

hazeFormer investigated transformer designs for single
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Fig. 1 Motivation of the proposed real-time rain and haze removal framework. Existing high-performance restoration models
often obtain strong visual quality but require high computational cost. In contrast, DA-LightNet aims to achieve a better
balance between restoration accuracy and edge-side inference efficiency.

image dehazing [17]. DEA-Net further improved dehaz-

ing performance through detail-enhanced convolution

and content-guided attention [5]. However, these meth-

ods are mainly optimized for restoration accuracy, while

their efficiency on low-computing edge devices is not al-

ways fully considered.

2.2 Real-World Weather Restoration Datasets

Datasets are important for training and evaluating weather

image restoration models. For dehazing, RESIDE pro-

vides a systematic benchmark and has been widely used

in single image dehazing research [13]. O-HAZE sup-

ports outdoor real-world dehazing evaluation with paired

hazy and haze-free images [2]. I-HAZE provides paired

indoor hazy and haze-free images for real-scene dehaz-

ing evaluation [1]. For deraining, SPA-Data provides

high-quality real rain image pairs for practical rain re-

moval evaluation [19]. More recently, LHP-Rain intro-

duced a large-scale paired real rain benchmark for real-

world deraining [8]. LMHaze provides paired real hazy

and haze-free images with multiple haze intensities [25].

In this paper, LHP-Rain and LMHaze are used to eval-

uate DA-LightNet under realistic rain and haze degra-

dation conditions.

2.3 Lightweight and Real-Time Image Restoration

Lightweight and real-time image restoration is essential
for practical edge vision systems. Resource-constrained
devices, such as mobile phones, smart cameras, UAVs,
and embedded boards, require restoration models with

low latency, small memory usage, and limited computa-

tional cost. Yang and Evans studied dehazing methods

for resource-constrained platforms and emphasized de-

ployment efficiency [20]. Jeong et al. proposed an end-

to-end real-time single image dehazing method, show-

ing the value of low-latency restoration in practical sce-

narios [10]. Zhou et al. further demonstrated that restora-

tion algorithms for mobile devices should be evaluated

from both visual quality and real deployment perfor-

mance [26].

Unified restoration methods are also related to our
work because rain and haze can be regarded as differ-

ent adverse-weather degradations. AirNet handled un-

known corruption within a unified image restoration

framework [11]. PromptIR introduced prompt learn-

ing for all-in-one blind image restoration [14]. Tran-

sWeather focused on restoring images degraded by mul-

tiple adverse weather conditions [18]. However, many

unified restoration methods still involve relatively heavy

structures or are not primarily designed for real-time

edge deployment. Different from these methods, DA-

LightNet focuses on balancing restoration quality and
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deployment efficiency through degradation-aware mod-

ulation and

3 Edge-Oriented DA-LightNet

3.1 Design Requirements

The design requirements of DA-LightNet are determined
by the practical constraints of real-time image restora-
tion on edge devices. Unlike cloud-based restoration
systems, edge-side models must process degraded im-

ages locally under limited computation, memory, and
power budgets. Therefore, the proposed network is de-
signed by considering the following requirements.

Unified restoration architecture. Rain and haze

are two representative weather degradations with dif-
ferent visual characteristics. Rain mainly introduces lo-
cal streak-like interference and high-frequency occlu-

sion, while haze causes global contrast degradation and
color distortion. To avoid deploying separate models
for different degradations, DA-LightNet adopts a uni-

fied restoration architecture for both deraining and de-

hazing. This design reduces storage cost and simplifies

edge-side deployment.

Lightweight computation. Image restoration is

a dense prediction task that requires pixel-level recon-

struction, which is usually more computationally ex-

pensive than image classification or detection. For resource-

constrained platforms, heavy backbones, large atten-

tion modules, and repeated high-resolution feature pro-

cessing can lead to high latency and memory consump-

tion. Therefore, the proposed model should maintain

a compact structure with low parameters and FLOPs

while preserving sufficient restoration ability.

Real-time inference. In practical applications such

as intelligent cameras, UAV vision, mobile photography,

and embedded surveillance, restoration models are ex-

pected to process continuous frames with low latency.

Thus, FPS and inference latency are considered as key

evaluation metrics, in addition to PSNR and SSIM.

The model should achieve a favorable balance between

restoration quality and real-time performance.

Real-world generalization. The model should not

rely on handcrafted assumptions about rain streak di-

rection, rain density, haze thickness, illumination condi-

tion, or scene category. Instead, it should learn degradation-
aware representations from realistic paired datasets. In
this work, LHP-Rain and LMHaze are used to evalu-

ate whether the proposed method can handle real-world

rain and haze degradations.

Deployment feasibility. The proposed model should

be compatible with common edge inference toolchains.

In addition to the original PyTorch implementation, the

Fig. 2 Edge devices used for deployment evaluation. The
NVIDIA Jetson platform is used as a GPU-accelerated edge
AI device, while Raspberry Pi is used as a low-computing
CPU-based embedded platform.

model should support deployment-oriented optimiza-

tion, such as ONNX export, mixed-precision inference,

or TensorRT acceleration. This requirement is impor-

tant for reducing inference latency and improving hard-

ware utilization on edge platforms.

3.2 Device Selection

To evaluate the practical deployment capability of DA-

LightNet, two representative edge devices are selected:
an NVIDIA Jetson platform and a Raspberry Pi plat-
form. These two devices represent different levels of

edge computing capability and provide a comprehen-

sive setting for analyzing the speed–accuracy trade-off

of the proposed lightweight restoration model.

The NVIDIA Jetson platform is selected as the main

edge AI device because it provides GPU acceleration

and supports efficient deep learning inference optimiza-

tion. Compared with desktop GPUs, Jetson devices have

stricter constraints in terms of power consumption, mem-
ory capacity, and thermal design, but they are still ca-
pable of running neural networks in real time. There-
fore, testing on this platform can directly reflect whether

the proposed method is suitable for GPU-accelerated

edge vision applications, such as smart cameras, UAVs,

robots, and embedded monitoring systems.

The Raspberry Pi platform is selected as a more

resource-constrained device. Unlike the Jetson platform,

Raspberry Pi mainly relies on a low-power ARM CPU

and has limited parallel acceleration capability. This
makes it a challenging platform for image restoration,
since deraining and dehazing require dense pixel-wise
prediction. If a model can still maintain acceptable la-

tency and memory usage on Raspberry Pi, it indicates

stronger lightweight characteristics and better deploy-

ment potential for low-cost embedded systems.

The combination of these two platforms provides a

more complete deployment evaluation. The Jetson plat-
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form is used to verify real-time performance under edge

GPU acceleration, while Raspberry Pi is used to exam-

ine the feasibility of the proposed model under stricter

CPU-based computing constraints. In the experiments,

we report FPS, inference latency, memory usage, and

model size on these devices, together with restoration

metrics such as PSNR and SSIM, to evaluate both vi-

sual quality and practical efficiency.

3.3 Overall Architecture

The overall architecture of the proposed DA-LightNet

is shown in Fig. 3. The network is designed as a com-
pact end-to-end restoration framework for both rain
and haze removal. Given a degraded input image Iin ∈

R
H×W×3, DA-LightNet directly predicts the restored

image Iout ∈ R
H×W×3 without using separate derain-

ing and dehazing subnetworks. This unified design re-
duces model storage and avoids redundant feature ex-

traction, which is important for real-time deployment
on resource-constrained edge devices.

Specifically, the input image is first mapped into a

low-dimensional feature space by a shallow feature ex-

traction module. A 3× 3 convolution is used to extract

local texture and edge information while keeping the

number of channels small. This process can be formu-

lated as

F0 = ϕs(Iin), (1)

where ϕs(·) denotes the shallow feature extraction func-

tion and F0 is the initial feature representation.

After shallow feature extraction, F0 is fed into the

degradation-aware restoration backbone. The backbone

is composed of a degradation-aware feature modulation

module and a series of efficient restoration blocks. The

modulation module estimates degradation-related re-

sponses from the input features and adaptively adjusts
the restoration process for different weather conditions.
For rainy images, the network is encouraged to suppress
local high-frequency rain streaks. For hazy images, the

network focuses more on global contrast recovery and

color correction. The restoration process can be written

as

Fi = Bi(Fi−1,Md), i = 1, 2, . . . , N, (2)

where Bi(·) represents the i-th efficient restoration block,

N is the number of restoration blocks, and Md denotes

the degradation-aware modulation information.

To improve information flow and avoid detail loss,
a long skip connection is introduced between the shal-

low feature and the output of the restoration backbone.

This design allows the network to learn residual degra-

dation components instead of reconstructing the whole
image from scratch, which improves convergence and
reduces unnecessary computation. The fused feature is
defined as

Fout = FN + F0. (3)

Finally, a lightweight reconstruction head maps the
restored feature back to the image space:

Iout = ϕr(Fout), (4)

where ϕr(·) denotes the reconstruction head. In this
work, the reconstruction head is implemented with lightweight

convolutional layers to reduce inference latency.

Compared with heavy restoration networks that rely

on large attention modules or repeated high-resolution

feature interactions, DA-LightNet follows three lightweight

principles. First, it uses a unified backbone for rain

and haze removal, avoiding the need to deploy two in-

dependent models. Second, efficient restoration blocks

are adopted to reduce spatial convolution cost. Third,
degradation-aware modulation is introduced with lim-
ited additional parameters, allowing the network to adapt

to different weather degradations without significantly

increasing computational complexity. These designs make

DA-LightNet suitable for real-time image restoration on

edge devices.

3.3.1 Degradation-Aware Modulation

Rain and haze have different degradation characteris-

tics. Rain usually appears as local high-frequency streaks

and occlusions, while haze mainly causes global con-

trast reduction and color distortion. If the same fea-
ture transformation is used for both degradations, the
network may fail to adaptively emphasize degradation-
specific information. To address this problem, we intro-

duce a degradation-aware modulation module, which

estimates the degradation tendency from intermediate

features and adaptively modulates the restoration back-

bone.

Given an intermediate feature map F ∈ R
H×W×C ,

global average pooling is first applied to obtain a com-

pact degradation descriptor:

z = GAP(F ), (5)

where z ∈ R
C summarizes the global degradation distri-

bution of the input feature. Then, a lightweight degra-

dation estimator is used to predict degradation-aware

responses:

s = σ(MLP(z)), (6)
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Fig. 3 Overall architecture of the proposed DA-LightNet. The network consists of a shallow feature extraction module, a
degradation-aware restoration backbone, and a lightweight reconstruction head. The degradation-aware feature modulation
module adaptively adjusts intermediate features according to rain and haze characteristics, while efficient restoration blocks
reduce computational cost through lightweight convolutional operations.

where s denotes the degradation response vector and

σ(·) is the sigmoid function. In this work, the response

vector is used to represent the relative importance of
rain-related and haze-related feature channels.

Based on the degradation response, the module gen-
erates channel-wise modulation weights:

Md = Conv1×1(s), (7)

where Conv1×1(·) is adopted to perform lightweight

channel mixing. The modulated feature is then obtained

by

F̂ = F ⊙Md + F, (8)

where⊙ denotes element-wise multiplication. The resid-

ual form is used to preserve the original feature infor-

mation and avoid excessive feature suppression.

The proposed degradation-aware modulation has three

advantages. First, it enables the network to adaptively

distinguish rain and haze characteristics without intro-

ducing two independent restoration branches. Second,

the module only uses global pooling, a small MLP, and

1× 1 convolution, so the additional computational cost

is limited. Third, the modulation weights are applied to

intermediate restoration features, allowing the follow-

ing efficient restoration blocks to focus on degradation-

relevant channels. This design improves the adaptabil-
ity of DA-LightNet while maintaining a lightweight struc-
ture suitable for edge deployment.

3.3.2 Efficient Restoration Block

The efficient restoration block (ERB) is the basic fea-

ture refinement unit of DA-LightNet. Since rain and

haze removal are dense pixel-level restoration tasks, di-

rectly adopting heavy convolutional blocks or large at-

tention modules can lead to high computational cost

and inference latency. To make the restoration back-

bone suitable for edge devices, ERB is designed with a

lightweight residual structure composed of depthwise
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Fig. 4 Structure of the degradation-aware modulation mod-
ule. The module first extracts global degradation descrip-
tors from intermediate features, then predicts rain-aware and
haze-aware responses. The generated modulation weights are
used to adaptively recalibrate restoration features with lim-
ited computational overhead.

Fig. 5 Structure of the efficient restoration block (ERB).
The block uses depthwise convolution for local spatial feature
extraction and pointwise convolution for lightweight channel
mixing. A residual connection is introduced to preserve image
details and stabilize feature learning.

convolution, normalization, nonlinear activation, and

pointwise convolution.

Given an input feature map Fi−1 ∈ R
H×W×C , ERB

first applies a 3 × 3 depthwise convolution to capture

local spatial structures:

Fd = DWConv3×3(Fi−1), (9)

where DWConv3×3(·) denotes depthwise convolution.

Unlike standard convolution, depthwise convolution per-

forms spatial filtering independently on each channel,

which greatly reduces the number of parameters and

floating-point operations.

After local feature extraction, layer normalization

and GELU activation are applied to stabilize the fea-

ture distribution and enhance nonlinear representation:

Fa = GELU(LN(Fd)), (10)

where LN(·) denotes layer normalization and GELU(·)

denotes the nonlinear activation function. This design
avoids complex attention operations while maintaining
sufficient feature transformation ability.

Then, a 1×1 pointwise convolution is used for chan-

nel mixing:

Fp = PWConv1×1(Fa), (11)

where PWConv1×1(·) denotes pointwise convolution.

The pointwise convolution enables information exchange
across channels with limited computational overhead.

Finally, a residual connection is introduced to obtain
the output feature:

Fi = Fi−1 + Fp. (12)

The residual design allows the block to learn degradation-

related residual components instead of reconstructing

the entire feature representation from scratch. This is

suitable for image restoration because most background

structures should be preserved while only rain streaks,

haze components, and related visual degradation need

to be suppressed.
Compared with a standard 3×3 convolution, whose

computational cost is proportional to 9HWC2, the depthwise-

pointwise design reduces the cost to approximately 9HWC+

HWC2. Therefore, ERB can significantly reduce com-

putational complexity when the channel number is large.

This lightweight structure helps DA-LightNet improve

inference speed and reduce memory usage while still

preserving local textures, edges, and scene structures.

In the proposed network, multiple ERBs are stacked

to form the main restoration backbone. The degradation-

aware modulation module provides adaptive guidance

for different weather degradations, while ERBs perform

efficient feature refinement. Through this design, DA-

LightNet achieves a better balance between restoration

quality and edge-side inference efficiency.

3.3.3 Lightweight Head

After feature refinement by the degradation-aware restora-

tion backbone, a lightweight reconstruction head is used

to map the restored features back to the image space.

Since most computation is performed in the backbone,

the head is designed to be compact to avoid extra in-

ference latency.

Given the restored feature Fout ∈ R
H×W×C , the

head predicts a three-channel residual image:

R = ϕh(Fout), (13)
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where ϕh(·) denotes a lightweight reconstruction head

composed of several convolutional layers. The final re-
stored image is obtained through residual learning:

Iout = Iin +R, (14)

where Iin and Iout denote the degraded input and re-

stored output, respectively.

This residual design is suitable for deraining and
dehazing because the degraded and clean images share

most scene structures. The network only needs to learn

degradation-related differences, such as rain streak re-

moval, contrast recovery, and color correction. In addi-

tion, a shared lightweight head is used for both tasks,

reducing parameters and simplifying deployment.

3.3.4 Edge Optimization

To improve real-time performance on edge devices, deployment-
oriented optimization is applied after training. The trained
PyTorch model is first exported to ONNX format for

better compatibility with different inference engines.

Then, platform-specific acceleration is adopted. For NVIDIA

Jetson devices, TensorRT can be used for operator fu-

sion, memory optimization, and mixed-precision infer-

ence, while ONNX Runtime can be used for CPU-side
deployment on Raspberry Pi.

The optimized inference process is formulated as:

Iout = D ∗ opt(I ∗ in; θopt), (15)

whereD∗opt(·) denotes the optimized deployment model

and θ ∗ opt represents the optimized parameters after

conversion and acceleration.

In deployment, model size, parameters, FLOPs, mem-

ory consumption, latency, and FPS are used to evalu-
ate edge efficiency. Compared with offline restoration
tasks that mainly focus on PSNR and SSIM, edge-

side restoration requires a better balance between vi-

sual quality and computational cost. These optimiza-

tions help DA-LightNet achieve real-time rain and haze

removal on resource-constrained devices.

4 Datasets and Evaluation Protocol

To evaluate DA-LightNet under realistic adverse-weather

conditions, we use two paired real-world restoration

datasets: LHP-Rain for image deraining and LMHaze

for image dehazing. Both datasets provide degraded-
clean image pairs, making them suitable for supervised
training and quantitative evaluation. For each pair, the

degraded image is denoted as Iin and the corresponding

clean ground-truth image is denoted as Igt.

Fig. 6 Examples of paired real-world restoration datasets
used in this work. LHP-Rain provides rainy and rain-free im-
age pairs, while LMHaze provides hazy and haze-free image
pairs.

LHP-Rain is a large-scale paired real rain dataset

collected for real-world rain removal [8]. It contains di-

verse outdoor scenes with realistic rain streaks, rain ac-

cumulation, and visibility degradation. In this work, the

rainy image is used as the input and the corresponding

rain-free image is used as the ground truth. LMHaze
is a paired real-world dehazing dataset with multiple
haze intensities [25]. It contains hazy and haze-free im-
age pairs from diverse scenes, which allows the model

to be evaluated under different haze degradation levels.

During training, samples from LHP-Rain and LM-

Haze are jointly used to construct a unified restoration
training set. Each mini-batch contains both rainy and

hazy samples, enabling DA-LightNet to learn shared
restoration representations while using degradation-aware
modulation to adapt to different weather degradations.

The training pair is defined as

{Iin, Igt} =

{

{Irain, I
r
clean}, for deraining,

{Ihaze, I
h
clean}, for dehazing.

(16)

For quantitative evaluation, PSNR and SSIM are

used to measure restoration quality. PSNR evaluates

pixel-level reconstruction accuracy, while SSIM mea-

sures structural similarity between the restored image

and the ground truth. To assess edge-side deployment

efficiency, we also report model size, parameter num-

ber, FLOPs, memory usage, inference latency, and FPS.

Therefore, the proposed method is evaluated from both

restoration quality and practical real-time deployment

perspectives.
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Table 1 Summary of the datasets used in this work.

Dataset Task Data type Pair format Scene type

LHP-Rain [8] Deraining Real Rainy / Clean Outdoor
LMHaze [25] Dehazing Real Hazy / Clean Indoor / Outdoor

5 Training DA-LightNet

This section introduces the training objective and op-
timization process of the proposed DA-LightNet. Since

the proposed model is designed for both rain and haze
removal, the training process uses paired degraded-clean
images from LHP-Rain and LMHaze. For each training

sample, the degraded input image is denoted as Iin,

and the corresponding clean ground-truth image is de-
noted as Igt. The network predicts a restored image Iout
through a single forward pass:

Iout = D(Iin; θ), (17)

where D(·) denotes DA-LightNet and θ represents the
learnable parameters.

5.1 Loss Function

The objective of image restoration is to recover a clean

image that is visually close and structurally consistent
with the ground truth. Therefore, the training loss is
composed of a reconstruction loss and a structural sim-
ilarity loss. The reconstruction loss is used to constrain

pixel-level accuracy, while the structural similarity loss

encourages the network to preserve image structures

and local textures.

The pixel reconstruction loss is defined as the L1

distance between the restored image and the ground-

truth image:

Lrec = ∥Iout − Igt∥1. (18)

Compared with L2 loss, L1 loss is less sensitive to large

local errors and usually produces sharper restoration

results. This is useful for suppressing rain streaks and

recovering haze-degraded image details.

To further preserve structural information, the SSIM

loss is introduced:

Lssim = 1− SSIM(Iout, Igt), (19)

where SSIM(·) measures the structural similarity be-

tween the restored image and the ground truth. The

total loss is formulated as:

Ltotal = Lrec + λLssim, (20)

where λ is a balancing coefficient. In our experiments,
λ is used to control the contribution of structural con-

sistency during training.

For the unified rain and haze restoration task, the

same loss function is applied to both datasets:

Ltotal =

{

L(Irout, I
r
clean), for deraining,

L(Ihout, I
h
clean), for dehazing,

(21)

where Irout and Ihout denote the restored results for rainy

and hazy inputs, respectively. This unified objective en-

ables DA-LightNet to learn common restoration repre-

sentations while using degradation-aware modulation

to adapt to different weather degradations.

5.2 Training Process

The proposed DA-LightNet is trained in a supervised

manner using paired degraded-clean images from LHP-
Rain and LMHaze. During training, each sample con-
sists of a degraded input image Iin and its correspond-

ing clean ground-truth image Igt. For the deraining

task, Iin represents a rainy image and Igt represents the

corresponding rain-free image. For the dehazing task,
Iin represents a hazy image and Igt represents the cor-

responding haze-free image. By jointly using these two
types of paired data, the network learns shared restora-
tion representations while the degradation-aware mod-
ulation module adapts the intermediate features to dif-

ferent weather degradations.

To reduce GPU memory consumption and improve
training efficiency, high-resolution images are randomly

cropped into fixed-size patches before being fed into
the network. Random horizontal flipping and random
rotation are applied as data augmentation operations.

These augmentations increase the diversity of local struc-

tures, rain streak directions, haze distributions, and

scene layouts, which helps improve the generalization

ability of the model in real-world environments.

The model is optimized using the Adam optimizer.

The initial learning rate is set to 2 × 10−4 and gradu-

ally decayed during training. The batch size is selected

according to the available GPU memory. During each

epoch, samples from LHP-Rain and LMHaze are ran-

domly mixed in mini-batches, so that the model can al-

ternately learn deraining and dehazing restoration pat-

terns. The validation set is used to monitor the training
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Fig. 7 Training and validation loss curves of DA-LightNet.
The decreasing loss indicates that the proposed model grad-
ually learns the mapping from degraded images to clean im-
ages.
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Fig. 8 Validation PSNR and SSIM curves of DA-LightNet
during training. The increasing curves show that the restora-
tion quality improves gradually and becomes stable after suf-
ficient training epochs.

process and avoid over-fitting. The model with the best

validation performance is saved for subsequent testing

and edge deployment evaluation.

As shown in Fig. 7, the training loss decreases steadily
as the number of epochs increases. In the early stage,

the loss drops rapidly because the network quickly learns

low-level restoration patterns, such as rain streak sup-

pression, contrast enhancement, and color correction.

In the later stage, the loss curve becomes smoother, in-

dicating that the model gradually converges. The vali-
dation loss follows a similar trend, which suggests that
the model does not simply over-fit the training data but
learns useful restoration representations.

Figure 8 further reports the validation PSNR and

SSIM curves during training. Unlike classification tasks

that usually use accuracy as the main training indi-

cator, image restoration models are more appropriately

evaluated by pixel-level and structure-level metrics. The

gradual increase of PSNR indicates improved recon-

struction accuracy, while the increase of SSIM shows

that structural details are better preserved. When both

metrics become stable, the training process is consid-
ered to have reached convergence.

After training, the final model is evaluated on the
test sets of LHP-Rain and LMHaze. In addition to restora-
tion metrics such as PSNR and SSIM, the trained model
is exported for edge-device evaluation. FPS, inference

latency, memory usage, and model size are measured to
verify whether the proposed DA-LightNet satisfies the
real-time deployment requirements on resource-constrained

devices.

6 Results

6.1 Comparison with Existing Methods

To evaluate the effectiveness and efficiency of the pro-
posed DA-LightNet, we compare it with representa-

tive image restoration methods, including multi-stage
CNN-based models, transformer-based models, all-in-
one restoration methods, and recent state-space restora-

tion models. Since this work focuses on real-time restora-

tion on edge devices, the comparison considers not only

restoration quality, but also model complexity and in-

ference speed. Specifically, PSNR and SSIM are reported

on LHP-Rain and LMHaze, while parameters, FLOPs,

and FPS are used to measure deployment efficiency.

As shown in Table 2, DA-LightNet does not achieve

the highest PSNR or SSIM on every single dataset. For

example, PromptIR obtains the best average restora-

tion quality, and MambaIR achieves the highest PSNR

on LMHaze. However, these methods require much higher

computational cost and show limited inference speed on

edge devices. In contrast, DA-LightNet achieves com-

petitive restoration quality while using only 4.6M pa-

rameters and 21.5G FLOPs. More importantly, it reaches

34.8 FPS on the Jetson edge platform, making it the

only method in the comparison that satisfies real-time

inference under the tested setting.

Overall, the proposed method provides the most

favorable balance between restoration quality and de-

ployment efficiency. Although its PSNR and SSIM are

slightly lower than the heaviest high-accuracy models,

its significantly higher FPS, smaller model size, and

lower FLOPs make it more suitable for practical rain

and haze removal on resource-constrained edge devices.

6.2 Ablation Study

To verify the contribution of each component in DA-

LightNet, we conduct ablation experiments by progres-

sively adding the proposed modules to the baseline model.
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Table 2 Quantitative comparison with representative restoration methods. FPS is measured on the selected NVIDIA Jetson
edge platform with input resolution of 512 × 512 and batch size of 1. The best result is shown in bold, and the second-best
result is underlined.

Method Params (M) ↓ FLOPs (G) ↓ FPS ↑ LHP-Rain PSNR/SSIM ↑ LMHaze PSNR/SSIM ↑ Avg. PSNR/SSIM ↑ Real-time

MPRNet [23] 20.1 138.4 7.4 33.34 / 0.9309 17.31 / 0.7421 25.33 / 0.8365 No
Restormer [24] 26.1 141.0 8.6 33.77 / 0.9290 17.68 / 0.7584 25.73 / 0.8437 No
NAFNet [4] 17.1 65.2 14.8 33.05 / 0.9234 17.21 / 0.7392 25.13 / 0.8313 No
AirNet [11] 8.9 39.6 18.6 32.58 / 0.9162 16.94 / 0.7248 24.76 / 0.8205 No
TransWeather [18] 38.0 167.3 5.2 32.92 / 0.9210 17.12 / 0.7365 25.02 / 0.8288 No
PromptIR [14] 32.4 154.7 4.9 33.81 / 0.9341 17.86 / 0.7642 25.84 / 0.8492 No
MambaIR [7] 18.7 93.5 10.7 33.46 / 0.9281 17.94 / 0.7364 25.70 / 0.8323 No

DA-LightNet (Ours) 4.6 21.5 34.8 33.28 / 0.9267 17.61 / 0.7536 25.45 / 0.8402 Yes

Four variants are evaluated: the baseline model, the

baseline with degradation-aware feature modulation (+DAFM),

the model with both DAFM and the efficient restora-

tion block (+DAFM+ERB), and the complete DA-LightNet.

All variants are trained and tested under the same ex-

perimental settings. The evaluation is conducted on
LHP-Rain and LMHaze, and the inference speed is mea-
sured on the NVIDIA Jetson edge platform with an

input resolution of 512× 512 and batch size of 1.

As shown in Fig. 9, the baseline model achieves lim-

ited restoration performance because it lacks degradation-

adaptive feature selection and efficient feature refine-

ment. After adding the degradation-aware feature mod-

ulation module, both PSNR and SSIM are improved on

LHP-Rain and LMHaze. Specifically, the average PSNR

increases from 24.82 dB to 25.08 dB, and the average

SSIM increases from 0.8126 to 0.8251. This indicates

that degradation-aware modulation is effective for dis-

tinguishing rain and haze characteristics and guiding

the restoration process.

When the efficient restoration block is further intro-

duced, the model obtains better restoration quality and

higher inference speed. The average PSNR increases

to 25.36 dB, and the average SSIM reaches 0.8368.

Meanwhile, the FPS increases from 24.7 to 31.2. This
improvement shows that ERB can reduce redundant
computation while preserving useful local textures and
structural information. Compared with heavier feature

transformation modules, the depthwise-pointwise de-

sign provides a better balance between restoration ca-

pability and computational efficiency.

The complete DA-LightNet achieves the best over-

all performance among all variants. It obtains 33.28

dB PSNR and 0.9267 SSIM on LHP-Rain, 17.61 dB

PSNR and 0.7536 SSIM on LMHaze, and reaches 34.8

FPS on the Jetson platform. Although the improvement

in restoration quality from +DAFM+ERB to the full
model is moderate, the inference speed is further in-
creased, indicating that the lightweight head effectively

reduces reconstruction overhead.

Overall, the ablation results demonstrate that the

proposed modules are complementary. DAFM improves

degradation adaptability, ERB enhances efficient fea-
ture refinement, and the lightweight head further im-

proves real-time inference performance. These results
confirm that DA-LightNet achieves a favorable trade-off
between restoration quality and edge-side deployment
efficiency.

6.3 Summary

Overall, the experimental results show that DA-LightNet

achieves a favorable balance between restoration qual-

ity and real-time deployment efficiency. Although some

heavy models obtain slightly higher PSNR or SSIM on

individual datasets, they usually require larger param-

eter sizes, higher FLOPs, and lower inference speed on

edge devices. In contrast, DA-LightNet maintains com-

petitive performance on both LHP-Rain and LMHaze

while achieving significantly higher FPS on the Jetson

platform. The ablation study further verifies the effec-

tiveness of the degradation-aware modulation, efficient

restoration block, and lightweight reconstruction head.

These results demonstrate that the proposed method is

suitable for practical real-time rain and haze removal

on resource-constrained edge devices.

7 Conclusion and Future Works

In this paper, we proposed DA-LightNet, a lightweight

degradation-aware image restoration network for real-

time rain and haze removal on resource-constrained edge

devices. Unlike heavy restoration models that mainly

focus on improving PSNR and SSIM, the proposed method

is designed by jointly considering restoration quality,

model size, computational cost, memory usage, and in-

ference latency. DA-LightNet adopts a unified restora-

tion architecture for both deraining and dehazing, avoid-

ing the need to deploy separate models for different

weather degradations. The degradation-aware modula-

tion module adaptively adjusts intermediate features

according to rain and haze characteristics, while the effi-

cient restoration block reduces redundant computation
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Fig. 9 Ablation study of DA-LightNet. The figure reports the performance of different model variants on LHP-Rain and
LMHaze in terms of PSNR, SSIM, and FPS on the Jetson edge platform.

through lightweight depthwise and pointwise convolu-

tion operations. In addition, the lightweight reconstruc-

tion head further lowers the inference overhead and im-

proves edge-side deployment efficiency.

Extensive experiments on the paired LHP-Rain and
LMHaze datasets demonstrate that DA-LightNet achieves

competitive restoration quality while maintaining sig-

nificantly higher inference speed than representative restora-

tion methods. Although some heavy models obtain slightly

better PSNR or SSIM on individual datasets, they usu-

ally require larger parameter sizes and higher computa-

tional cost, which limits their practical deployment on
low-computing devices. In contrast, DA-LightNet pro-
vides a more favorable balance between visual quality

and real-time performance, making it suitable for prac-

tical applications such as intelligent cameras, mobile

photography, UAV vision, and embedded surveillance

systems. The ablation study further verifies the effec-

tiveness of the degradation-aware modulation module,

efficient restoration block, and lightweight reconstruc-

tion head.

In future work, we plan to extend DA-LightNet in

three directions. First, more adverse weather degrada-

tions, such as snow, low light, motion blur, and mixed

weather conditions, will be incorporated into a more

general all-in-one restoration framework. Second, more

advanced deployment optimization strategies, includ-

ing INT8 quantization, pruning, and hardware-aware

neural architecture search, will be explored to further

improve inference speed on edge devices. Third, down-

stream vision tasks, such as object detection and se-
mantic segmentation, will be introduced to evaluate
whether the restored images can improve practical vi-
sual perception performance. These extensions will fur-

ther enhance the applicability of real-time image restora-

tion in resource-constrained scenarios.
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