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Abstract

Existing deep-learning-based methods for nighttime video
deraining rely on synthetic data due to the absence of real-
world paired data. However, the intricacies of the real world,
particularly with the presence of light effects and low-light
regions affected by noise, create significant domain gaps,
hampering synthetic-trained models in removing rain streaks
properly and leading to over-saturation and color shifts.
Motivated by this, we introduce NightRain, a novel night-
time video deraining method with adaptive-rain-removal and
adaptive-correction. Our adaptive-rain-removal uses unla-
beled rain videos to enable our model to derain real-world
rain videos, particularly in regions affected by complex light
effects. The idea is to allow our model to obtain rain-free re-
gions based on the confidence scores. Once rain-free regions
and the corresponding regions from our input are obtained,
we can have region-based paired real data. These paired data
are used to train our model using a teacher-student frame-
work, allowing the model to iteratively learn from less chal-
lenging regions to more challenging regions. Our adaptive-
correction aims to rectify errors in our model’s predictions,
such as over-saturation and color shifts. The idea is to learn
from clear night input training videos based on the differ-
ences or distance between those input videos and their cor-
responding predictions. Our model learns from these differ-
ences, compelling our model to correct the errors. From ex-
tensive experiments, our method demonstrates state-of-the-
art performance. It achieves a PSNR of 26.73dB, surpassing
existing nighttime video deraining methods by a substantial
margin of 13.7%.

Introduction
Nighttime rain videos are adversely affected by several fac-
tors, including low light, nighttime light effects (e.g., glow,
glare, and uneven light distribution), rain streaks, etc. Ex-
isting nighttime video deraining methods (i.e., (Patil et al.
2022b,a)) rely on paired data for training. Due to the lack of
real-world paired data, these methods are trained using syn-
thetic datasets. However, complex nighttime light effects in-
troduce a significant domain gap between synthetic and real-
world rain streak distribution. Consequently, these methods
struggle to effectively remove real-world rain streaks, par-
ticularly in the presence of complex light effects. Moreover,
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(a) Inputs (b) MetaRain (c) Ours

Figure 1: Qualitative results on real-world nighttime
rain videos. First column: Input image. Second column:
MetaRain’s results (Patil et al. 2022b). Third column: Our
results. Zoom-in for better visualization.

models trained on synthetic datasets tend to produce over-
saturated and color-shifted results. As shown in Fig. 1, exist-
ing nighttime video deraining methods yield over-saturated
light regions and color-shifts in some regions.

Existing daytime video deraining methods (Zhang et al.
2022; Kulkarni, Patil, and Murala 2021; Wang et al. 2022a)
can be retrained to remove nighttime rain streaks. How-
ever, these methods are designed for daytime scenes that
do not have complex lighting conditions and the significant
presence of noise in low-light regions. Thus, they struggle
to handle rain streaks in nighttime scenes. Existing single-
image deraining methods (Shi et al. 2020; Tang et al. 2020;
Chen et al. 2023; Jiang et al. 2020) can be adapted to re-
move rain streaks by incorporating alignment and temporal
smoothness priors. Nonetheless, they also encounter chal-
lenges from nighttime light effects and low-light regions.
Additionally, alignment becomes problematic in the pres-
ence of intricate lighting conditions, rain streaks, and noise
in low-light regions.

To address these challenges, we introduce NightRain, a
novel nighttime video deraining method with two main mod-
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ule: adaptive-rain-removal and adaptive-correction. Note
that, we exclude night videos with the rain veiling effect (or
rain accumulation) since these videos typically do not ex-
hibit prominent rain streaks.

In our NightRain, our adaptive-rain-removal leverages un-
labeled rain videos to enhance our model’s deraining ability
in real-world videos, particularly in low-light regions or re-
gions affected by complex light effects. Specifically, we em-
ploy a pretrained model as a teacher model to generate rain-
free predictions based on confidence scores. These high-
confidence predictions primarily arise from less challenging
regions, such as less pronounced low-light regions or regions
with slight light effects. In contrast, low-confidence predic-
tions tend to result in inaccurate restorations because their
corresponding inputs are more likely influenced by complex
light effects or contain significantly low light regions. High-
confidence predictions and their corresponding inputs are
then used as region-based paired real data to train a student
model. Through iteratively transferring knowledge from the
student model to the teacher model, our teacher model gains
the ability to handle more challenging inputs, resulting in
improved performance. As shown in Fig. 1, our model ef-
fectively removes rain streaks even in the presence of light
effects. Our adaptive-rain-removal operates as an unsuper-
vised method as it does not require ground-truths.

Our adaptive-correction aims to rectify errors in our
model’s predictions, such as over-saturation and color shifts.
To achieve this, we utilize our video diffusion model to
generate predictions from real-world nighttime clear videos.
The discrepancies between clear input videos and our pre-
dictions essentially represent these errors. Thus, we take
these predictions and their corresponding inputs as paired
data to continually refine our model. Through iterative er-
ror correction, our model is compelled to learn a more com-
prehensive nighttime clear distribution, leading to more pre-
cise predictions. As shown in Fig. 1, our method removes
real-world rain streaks without introducing over-saturation
and color-shifted problems. Our adaptive-correction oper-
ates as an unsupervised method as we only use nighttime
clear videos as inputs.

As a summary, our main contributions as follows:

1. We introduce adaptive-rain-removal to enable our model
to derain real-world nighttime rain videos, especially in
low-light regions or regions affected by complex light
effects. By learning high-confidence predictions, our
adaptive-rain-removal process forces our model to iter-
atively address more challenging regions, leading to ef-
fective real-world rain streak removal.

2. We propose adaptive-correction to address over-saturated
and color-shifted problems. By learning from differences
between clear night videos and their corresponding pre-
dictions, our adaptive-correction continually rectifies er-
rors in our models’ predictions, resulting in more accu-
rate restoration.

3. Experimental results demonstrate that our method not
only achieves state-of-the-art restoration performance on
the SynNightRain dataset, improving by 13.7%, but also
effectively removes real-world rain streaks even in the

presence of light effects.

Related Work
Video Deraining Existing nighttime video deraining meth-
ods (Patil et al. 2022a,b) remove rain streaks by networks
trained on synthetic datasets. They synthesize rain streaks on
clear nighttime videos, and then train CNNs on the synthetic
datasets. However, their methods suffer from the domain gap
problem since there exists a significant domain gap between
synthetic and real-world rain streak dsi. Another problem of
existing video deraining methods is that they tend to over-
suppress the input videos, leading to color-shifted and over-
saturated results.

Self-learning daytime video deraining methods (Yang
et al. 2020; Yan et al. 2021) do not require paired data to train
their network and may be applied for nighttime video derain-
ing. Specifically, their methods are based on an assumption
that adjacent frames may contain rain-free information and
can be used to estimate a rain-free current frame. However,
these methods cannot remove dense rain streaks since adja-
cent frames in heavy rain do not contain enough rain-free in-
formation. Some supervised daytime video deraining meth-
ods (Zhang et al. 2022; Kulkarni, Patil, and Murala 2021;
Wang et al. 2022a,b; Zhuang et al. 2022; Xue et al. 2020;
Wang et al. 2019; Islam and Paul 2021; Su et al. 2023; Li
et al. 2023) can be directly used to address nighttime rain
streaks. However, these methods also suffer from the domain
gap problem since they rely on synthetic datasets for train-
ing.
Diffusion Models Existing diffusion models (Özdenizci and
Legenstein 2023; Harvey et al. 2022; Peebles and Xie 2022;
Saharia et al. 2022; Ma, Fang, and Wang 2023; Fang et al.
2023) show a remarkable success in different generative
tasks. Ozdenizci et al. (Özdenizci and Legenstein 2023) pro-
pose a 2D UNet-based diffusion model to address multiple
weather degradation, i.e., snow, raindrop and rain. Harvey et
al. (Harvey et al. 2022) present a 3D UNet-based diffusion
model for video completions. These diffusion models can
be re-trained on nighttime rain streak removal datasets and
then used to remove real-world nighttime rain streaks. How-
ever, due to the lack of real-world paired data, the network
training depends on synthetic datasets. As a result, their pre-
dictions also suffer from the domain gap problem, leading to
inaccurate restoration.

Proposed Method: NightRain
Figs. 2 and 3 display the two main training processes for our
NightRain: adaptive-rain-removal and adaptive-correction.
The goal of our adaptive-rain-removal is to enable our model
to remove rain streaks from real night videos without requir-
ing ground-truths in its training phase. The objective of our
adaptive-correction is to enable our model to rectify errors
in its predictions, such as over-saturation or color shifts, by
exploiting nighttime clear videos. These training processes
are separate from each other.

Initially, our adaptive-rain-removal and adaptive-
correction rely on a pre-trained video diffusion model w
trained on a synthetic dataset Ds = {xs

i ,y
s
i }

Ns
i=1, where
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Figure 2: Overview of our adaptive-rain-removal. We pre-
train a video diffusion model on synthetic nighttime derain-
ing datasets as a teacher model. Our adaptive-rain-removal
utilizes the teacher model to generate predictions from real-
world nighttime rain videos. We also generate confidence
maps of rain streak removal within these predictions (green
lines). The high-confidence predictions with their corre-
sponding inputs are then selected to train a student model,
thus reducing the domain gap (blue lines). Finally, we utilize
Exponential Moving Average (EMA) to update our teacher
model.

xs
i and ys

i are the i-th input and ground-truth videos,
respectively. Ns is the number of supervised videos. The
pre-trained video diffusion model is implemented by a
conditional video diffusion model. During the training
phase, instead of sampling the input data x0 ∼ q(x0)
(standard diffusion model), we sample (x0, x̃) ∼ q(x0, x̃)
to train our diffusion model, where x0 and x̃ denote clear
and rain videos. The reverse process can be formulated as:

pw(x0:T | x̃) = p(xT )

T∏
t=1

pw(xt−1 |xt, x̃). (1)

Here, the inputs x and x̃ are concatenated channel-wise.
During the inference phase, given a random Gaussian noise
xT ∼ N (0, I) and a degraded video x̃, the clear video x0

can be generated by gradually reversing a diffusion process.
xt−1 ∼ pw(xt−1 |xt, x̃) is computed as:

xt−1 =
√
ᾱt−1

(
xt −

√
1− ᾱt · ϵw(xt, x̃, t)√

ᾱt

)
+
√

1− ᾱt−1 · ϵw(xt, x̃, t).

(2)

where ϵw(·) and ϵw(xt, x̃, t) are the noise estimation net-
work and predicted noise vectors, respectively.

In our method, we use a video transformer to implement
our noise estimation network, which is shown in Fig. 4.
Given a sequence Xs ∈ RCs×Ts×Hs×Ws and a time step
Ts ∈ R1, where Cs is the number of channels, Ts is the
length of sequences and (Hs,Ws) is the image size of each
frame, we utilize a 3D convolution to partition the input se-
quences and utilize MLP to embed the time step. The two
operations can be expressed as:

Xp = Fts×ss×ss(Xs), (3)
Te = MLP(Ts), (4)

Video Diffusion
(Student model)

Adaptive-Correction

Nighttime 
Clean Videos

Restored 
Results

Difference Pairs
Construction

Update

EMA
Update

Noise 
Estimation Loss

Difference 
Maps

Video Diffusion
(Teacher model)

Figure 3: Overview of our adaptive-correction. We utilize
our teacher model to generate predictions from nighttime
clear videos (grey lines). The difference regions between
clear videos and their corresponding predictions essentially
represent errors produced by our model itself. We then use
these difference pairs to train a student model, thus cor-
recting our model’s errors (blue lines). Finally, we utilize
Exponential Moving Average (EMA) to update our teacher
model.

Transformer 
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Time Step Time 
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Figure 4: Overview of our transformer-based noise estima-
tion Network. Given a sequence and a time step as inputs, we
convert the sequence into patches and encode the time step
to the time embedding. Subsequently, several transformer
blocks are applied to extract global spatiotemporal cues. Fi-
nally, a linear layer is proposed to convert feature represen-
tations to noise maps.

where Xp ∈ RP×Cp and Te ∈ R×Cp are patches and the
time embedding. Fts×ss×ss(·) is a 3D convolution with the
kernel size is (ts× ss× ss).

The patches Xp and the time embedding Te are then in-
jected into our transformer blocks, consisting of two LN lay-
ers, a Multi-head Self-Attention (MSA) module and an MLP
layer, to extract global temporal and spatial information. We
follow (Peebles and Xie 2022) to inject the time embedding
for our diffusion model. Our transformer block first linearly
transforms the time embedding to six parts, i.e., smsa, gmsa,
cmsa,smlp, gmlp and cmlp. The size of each part is R×Cp .
Then, a transformer block can be represented as:

Y msa
p = Xp + gmsa ∗MSA(adaLN(Xp, smsa, cmsa)),

Yp = Y msa
p + gmlp ∗MLP(adaLN(Ymsa

p , smlp, cmlp)),

where Yp ∈ RP×Cp and Te ∈ R×Cp is the output of a
transformer block. smsa and smlp are learnable shift param-
eters of adaptive layer norm (adaLN), while cmsa and cmlp

are learnable scale parameters of adaLN. gmsa and gmlp are
learnable scaling parameters of our transformer block. After
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(a) Input (b) Predictions (c) Confidence

Figure 5: Visualization of predictions and confidence maps
from our pretrained model. The red and blue regions are low-
confidence and high-confidence predictions, respectively.

using transformer blocks and a linear layer, we can obtain
noise maps ϵ ∈ R

Cs
2 ×Ts×Hs×Ws .

Once the pretrained video diffusion model w is obtained,
our adaptive-rain-removal and adaptive-correction train this
model further using real-world nighttime rain and clear
videos.

Adaptive-Rain-Removal

The core idea of adaptive-rain-removal is to improve our
model’s real-world deraining capability by learning from
high-confidence predictions of actual rain videos. As shown
in Fig. 2, our adaptive-rain-removal is implemented through
a teacher-student framework. Hence, this adaptive-rain-
removal process is unsupervised and thus does not require
ground-truths.

We use the pretrained video diffusion model w to initial-
ize the teacher network wT and the student network wS .
Given an unlabeled rain dataset Dur = {xur

i }Nur
i=1 , where

xur
i is the i-th rain video and Nur is the number of rain

videos, we utilize the teacher model wT to generate pre-
dictions yur

i and confidence maps uur
i . Specifically, starting

from random Gaussian noise ϵ, we can obtain a clear pre-
diction for a rain video by gradually reversing the diffusion
process (referring to Eqs (1) and (2)). Ideally, different ini-
tial Gaussian noise conditions with a rain video input should
result in the same clear prediction. However, due to the com-
plexity of rain streak distributions, the predictions from dif-
ferent noise maps might differ in challenging regions, such
as those with complex light effects.

Motivated by this, we devise a resampling strategy to de-
rive confidence maps for our rain removal predictions: We
randomly generate N noise maps for each training video.
Through a gradual reversal of the diffusion process, we ob-
tain N predictions. The final prediction yur

i is the mean of
these predictions, while the confidence map uur

i signifies the
variance among them. These two processes can be defined as

(a) Input (b) Predictions (c) Differences

Figure 6: Visualization of predictions from our adaptive-
rain-removal. (a) Input images. (b) Predictions. (c) Differ-
ence maps are calculated using the L1 distance between in-
put images and predictions. The red and blue regions are
high-difference and low-difference regions, respectively.

follows:

yur
i =

1

N

N∑
n=1

yur
i,n, (5)

uur
i = var{yur

i,n}Nn=1. (6)

Subsequently, we convert confidence maps to a binary
mask by setting a threshold tu. The values 0 and 1 of the
binary mask represent low-confidence and high-confidence
regions, respectively. Fig. 5 demonstrates that the high-
confidence regions (blue regions) effectively remove most
rain streaks. However, some high-confidence regions, like
the sky, appear dark. This occurs because our confidence
maps solely focus on the impact of rain streak removal. Con-
sequently, the confidence scores remain high even when the
rain-free background is dark. This issue can be addressed
through our adaptive-correction process later.

Finally, we select high-confidence predictions and their
corresponding inputs to construct region-based paired real
data Dur = {x̂ur

i , ŷur
i }Nur

i=1 . These real-world pairs are then
used to retrain our student model wS . In each training step,
we randomly augment the input videos by adding Gaussian
noise and masking pixels. We then feed them into the stu-
dent model wS . Training our student model on these aug-
mented inputs enables it to learn more challenging regions.
After each optimization of the student model, we update the
teacher model via Exponential Moving Average (EMA) that
can be formulated as

wT = 0.999 ∗ wT + 0.001 ∗ wS , (7)

where wT and wS represent the weights of the teacher
and student models, respectively. Through iterative learning,
our adaptive-rain-removal enables our model to derain real-
world rain videos, particularly in regions affected by com-
plex light effects.
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Adaptive-Correction
As our pretrained model relies on a synthetic dataset for
training, it tends to produce over-saturated and color-shifted
results, as shown in Fig. 5. Our adaptive-correction aims
to address these issues, namely restoring the over-saturated
and color-shifted regions. The core idea of our adaptive-
correction is to rectify errors in our model’s predictions by
utilizing nighttime clear videos.

Our adaptive-correction is also implemented based on a
teacher-student framework. The parameters of both teacher
and student networks are shared in our adaptive-rain-
removal and adaptive-correction. Given a real-world clear
dataset Duc = {yuc

i }Nuc
i=1 , where yuc

i is the i-th clear video
and Nuc is the number of clear videos, we utilize the teacher
model wT to generate predictions xuc

i . Specifically, we first
randomly sample a Gaussian noise ϵ. Then, we feed the
noise and a clear video condition into our teacher model
wT . By gradually reversing the diffusion process (referring
to Eqs (1) and (2)), our teacher model generate restored pre-
dictions. In theory, the prediction should be the same as the
inputs since the input videos are already clear.

However, due to the lack of paired real-world data, our
initial synthetic-trained diffusion model is difficult to model
accurate clear distribution, leading to some over-suppressed
regions in our predictions. Fig. 6 shows the input clear night
videos and their corresponding predictions. We also visu-
alize the L1 distance between them. The blue regions are
low-difference regions, while the red regions represent high-
difference regions. It can be observed that predictions ob-
tained using our pretrained video diffusion model are differ-
ent from their corresponding inputs. These differences es-
sentially represent over-saturated and color-shifted problems
and need to be addressed.

Motivated by this, we utilize these differences to construct
paired real-world samples Duc = {x̂uc

i , ŷuc
i }Nuc

i=1 . We then
retrain our student model wS using these differing regions,
thereby compelling our student model to rectify these errors.
To be specific, the input and ground-truth videos are x̂uc

i and
ŷuc
i , respectively. In each training step, we randomly sam-

ple noise ϵt with a time step t and add it to the ground-truth
ŷuc
i . We subsequently feed the noise-affected ground truth

and x̂uc
i into our noise estimation network for training. The

objective function of the noise estimation network is to esti-
mate accurate noise maps ϵt. This process can be formulated
as follows:
Loss = ||ϵt − ϵwS

(
√
ᾱtŷ

uc
i +

√
1− ᾱtϵt x̂

uc
i , t)||2, (8)

where αt = 1 − βt, ᾱt =
∏t

i=1 αi and ϵwS
(·) is the noise

estimation network of the student model. β1, . . . , βT are
the variance changing schedule. By continually training on
these differences, our student model can rectify errors from
our teacher model. After each optimization of the student
model, we update our teacher model via EMA (referring to
Eq. (7)). This allows our teacher model to avoid producing
erroneous results, leading to more precise restored results.

In the training stage, we jointly use adaptive-rain-removal
and adaptive-correction to train our student model wS . The
two processes share the same teacher and student param-
eters. After each optimization of the student model, we use

EMA to update the teacher model wT . In the inference stage,
given a degraded video, we directly use the teacher model
wT to generate rain-free predictions. Note that, wSR

T = wSC
T

and wSR
S = wSC

S , where T represents the teacher model, S
represents the student model, SR stands for adaptive-rain-
removal and SC stands for adaptive-correction. The network
parameters are always shared.

Experiments
SynNightRain (Patil et al. 2022b,a) is a synthetic nighttime
video deraining dataset. It includes 30 nighttime videos,
each of which includes 200 frames. Each video contains syn-
thetic rain streaks that generated by (Ranftl et al. 2020) and
(Li, Cheong, and Tan 2019). We follow the protocol (Patil
et al. 2022b) to evaluate the effectiveness of our method, i.e.,
10 videos are used as the training set and the rest 20 videos
are taken as the test set.
RealNightRain To evaluate the generalization ability of our
method, we collect 10 real-world nighttime rain videos,
where 5 videos contain dense rain streaks and the rest 5
videos contain sparse rain streaks. We will publicly release
our collected dataset.

Implementation Details
Our NightRain includes three parts: pretraining, adaptive-
rain-removal and adaptive-correction, each of which needs
to train a video diffusion model. In each training step, we
randomly sample P × K videos, where P is the number of
videos and K denotes the number of clips of a video. Each
clip consists of 4 frames with the image size is 64× 64. The
Adam is used to optimize our model and the learning rate is
set to 0.0002.
Pretraining The total training steps and P × K are set to
2,000,000 and 16 × 4, respectively. To evaluate our method
on SynNightRain, we use 25 sampling steps to gradually re-
store a rain video.
Adaptive-Rain-Removal Fig. 2 shows the pipeline of our
adaptive-rain-removal. The number of iterations in confi-
dence generation N , the threshold tu and the total train-
ing steps are set to 3, 0.5 and 10,000, respectively. We ap-
ply two data augmentation approaches (Gaussian noise and
pixel masking) to augment the inputs of the student model.
The variance range of the Gaussian noise is (0, 0.2) and the
masking ratio of pixels is set to 25%. The total training steps
and P×K are set to 10,000 and 10× 2, respectively.
Adaptive-Correction Fig. 3 shows the pipeline of our
adaptive-rain-removal. The total training steps, the number
of clear videos, P and K are set to 10K, 10, 10 and 2, re-
spectively.
Transformer-based Video Diffusion Model As shown in
Figure 4, our video diffusion model consists of three mod-
ules, i.e., Patch Partition, Time Embedding and Transformer
blocks. For the patch partition part, we set the patch size
(ts × ss × ss) and the output channel Cp to 2 and 768,
respectively. For the time embedding, we utilize two fully-
connected layers to encode the information, where the out-
put channels are set to 768. In our method, we set the number
of transformer blocks to 10.
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Methods HRIR DLF RMFD DSTFM MetaRain WeatherDiff FDM
OursVenue CVPR’19 CVPR’19 TPAMI’21 PR’22 ECCV’22 TPAMI’23 NeurIPS’22

PSNR 16.83 15.71 16.18 17.82 22.21 20.98 23.49 26.73
SSIM 0.6481 0.6307 0.6402 0.6486 0.6723 0.6697 0.7657 0.8647

Table 1: Quantitative results on the nighttime deraining dataset. DSTFM (Patil et al. 2022a) and MetaRain (Patil et al. 2022b) are
nighttime video deraining methods. WeatherDiff (Özdenizci and Legenstein 2023) and FDM (Harvey et al. 2022) are diffusion-
based methods, where FDM is a video diffusion model.

(a) Input Frames (b) Ground-Truth (c) Ours (d) MetaRain (e) WeatherDiff (f) FDM

Figure 7: Qualitative results on the SynNightRain dataset. MetaRain (Patil et al. 2022b) is a nighttime video deraining method.
WeatherDiff (Özdenizci and Legenstein 2023) and FDM (Harvey et al. 2022) are diffusion-based methods, where FDM is a
video diffusion method. Zoom in for better visualisation.

Evaluation on the SynNightRain Dataset
We compare our NightRain on the SynNightRain dataset
with state-of-the-art (SOTA) methods, including HRIR (Li,
Cheong, and Tan 2019), DLF (Yang, Liu, and Feng 2019),
RMFD (Yang et al. 2021), DSTFM (Patil et al. 2022a),
MetaRain (Patil et al. 2022b), FDM (Harvey et al. 2022)
and WeatherDiff (Özdenizci and Legenstein 2023). HRIR,
DLF, RMFD, DSTFM and MetaRain are CNN-based meth-
ods, while the rest methods are diffusion-based methods.
The quantitative results of HRIR, DLF, RMFD and DSTFM
are collected from (Yang et al. 2021).
Quantitative Evaluation The experimental results are
shown in Table 1. It can be observed that the PSNR and
SSIM of MetaRain are 22.21 and 0.6723, respectively. Our
method achieves 26.73 of PSNR and 0.8647 of SSIM, which
outperforms MetaRain by 4.52 dB and 0.1924, respectively.
We also compare our method with existing state-of-the-
art diffusion methods, i.e., FDM (Harvey et al. 2022) and
WeatherDiff (Özdenizci and Legenstein 2023). All experi-
ments use the same sampling steps for a fair comparison.
Our NightRain outperforms these methods by 3.24 of PSNR.
This is because existing methods are implemented by convo-
lution neural networks and thus cannot take full advantage of
global spatiotemporal information. In contrast, we develop a
transformer-based diffusion model that fully utilizes global
spatiotemporal cues. As a result, our NightRain can estimate
more accurate noise maps, leading to superior performance.
Qualitative Evaluation Fig. 7 shows the quantitative re-
sults, including MetaRain (Patil et al. 2022b), FDM (Harvey
et al. 2022), WeatherDiff (Özdenizci and Legenstein 2023)
and our NightRain. We can observe that existing methods
struggle to restore video details in dense rain streaks since
these methods do not effectively model clear distributions

and capture global information. In contrast, our NightRain
introduces a transformer-based diffusion model that captures
global relations and models more comprehensive clear dis-
tributions. As a result, it effectively recovers details from
adjacent pixels, leading to superior performance.

Evaluation on Real-world Datasets
Fig. 8 shows the qualitative results on real-world nighttime
rain videos. It can be observed that the restored results of
existing nighttime video deraining methods still have a few
rain streaks left. This is because these methods are trained
on synthetic datasets and thus suffer from the domain gap
problem. In contrast, our NightRain not only removes night-
time rain streaks but also restores the clear background. The
main reason is that our adaptive-rain-removal utilizes high-
confidence predictions from real-world rain videos to im-
prove the deraining ability of our model. By training on ac-
tual paired data, our model reduces the domain gap problem
between synthetic and real-world rain streak distributions.

Another problem of existing methods is that their restored
predictions are over-saturated or suffer from a color shift (re-
fer Figure 1). For example, MetaRain (Patil et al. 2022b)
over-suppresses the white light. The results of FDM (Har-
vey et al. 2022) and WeatherDiff (Özdenizci and Legen-
stein 2023) are too dark. This problem is caused by the do-
main gap between synthetic and real-world rain streak dis-
tributions. Our NightRain also relies on synthetic datasets
to initialize our video diffusion model. However, we pro-
pose adaptive-correction to address these problems. Specif-
ically, adaptive-correction forces our model to continually
rectifies prediction errors during the training stage. As a re-
sult, our NightRain effectively removes rain streaks without
introducing over-saturation or color-shift issues, resulting in
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(a) Input Frames (b) Ours (c) MetaRain (d) FDM (e) WeatherDiff

Figure 8: Qualitative comparison on real-world data. MetaRain (Patil et al. 2022b) is nighttime video deraining methods.
FDM (Harvey et al. 2022) and WeatherDiff (Özdenizci and Legenstein 2023) are diffusion-based methods, where FDM is a
video diffusion method. Zoom in for better visualisation.

(a) Inputs (b) Pre-trained (c) AC (d) AC + AR

Figure 9: Ablation studies on real-world videos. (a) In-
put (b) Results obtained using the pre-trained model. (c)
Results obtained using our adaptive-correction. (d) Results
obtained using our adaptive-correction and adaptive-rain-
removal. Zoom in for better visualisation.

more accurate detail recovery.

Ablation Studies
In this section, we conduct several ablation studies on real-
world datasets to verify the effectiveness of our proposed
processes: adaptive-rain-removal and adaptive-correction.
Figure 9 displays the results of the pre-trained model, our
adaptive-rain-removal, and adaptive-correction. Moreover,
we use Hyper-IQA (Su et al. 2020), a non-reference met-
ric, to quantitatively evaluate the performance. The Hyper-
IQA scores (higher is better) for (a) Inputs, (b) Pre-trained,
(c) AC, and (d) AC + AR are 0.6341, 0.6401, 0.6540,
and 0.6791, respectively. It can be observed that predic-

tions obtained using the pre-trained model suffer from over-
saturation and color shifts. Specifically, the results are ex-
cessively dark, hindering the visibility of object details. This
is due to the significant domain gap between synthetic and
real-world rain streak distributions.

As illustrated in Figure 9 (c), our adaptive-correction ad-
dresses over-saturation and color-shift issues by continually
rectifying errors in our predictions. However, despite these
improvements, some rain streaks remain in the predictions
of our adaptive-correction. To tackle this, our adaptive-rain-
removal utilizes unlabeled rain videos, enabling our model
to remove rain streaks from real-world rain videos, espe-
cially in regions affected by complex light effects. Conse-
quently, the final outputs of our NightRain not only elimi-
nate rain streaks but also retain crucial video details.

Conclusion
We have presented NightRain, a novel nighttime video de-
raining method with adaptive-rain-removal and adaptive-
correction processes. Our adaptive-rain-removal utilizes un-
labeled rain videos to enable our model to enhance the
deraining capability in real-world rain videos, particularly
in regions affected by complex light effects. By learning
high-confidence predictions, this process compels our model
to progressively address more challenging regions, leading
to effective real-world rain streak removal. Our adaptive-
correction aims to address over-saturation and color shift
problems. By learning from differences between clear night
videos and their corresponding predictions, our adaptive-
correction continually rectifies errors in our models’ predic-
tions, resulting in more precise restoration. Extensive exper-
iments show that our NightRain achieves a significant per-
formance improvement both quantitatively and qualitatively.
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