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Abstract

Transformer has shown outstanding performance on image
denoising, but the existing Transformer methods for image
denoising are with large model sizes and high computational
complexity, which is unfriendly to resource-constrained de-
vices. In this paper, we propose a Lightweight Image De-
noising Transformer method (LIDFormer) based on Triple
Multi-Dconv Head Transposed Attention (TMDTA) to boost
computational efficiency. LIDFormer first implements Dis-
crete Wavelet Transform (DWT), which transforms the in-
put image into a low-frequency space, greatly reducing the
computational complexity of image denoising. However, the
low-frequency image lacks fine-feature information, which
degrades the denoising performance. To handle this problem,
we introduce the Complementary Periodic Feature Reusing
(CPFR) scheme for aggregating the shallow-layer features
and the deep-layer features. Furthermore, TMDTA is pro-
posed to integrate global context along three dimensions,
thereby enhancing the ability of global feature representa-
tion. Note that our method can be applied as a pipeline for
both convolutional neural networks and Transformers. Ex-
tensive experiments on several benchmarks demonstrate that
the proposed LIDFormer achieves a better trade-off between
high performance and low computational complexity on real-
world image denoising tasks.

Introduction
Image denoising is an important task in image restoration
and is widely applied to many scenarios (Anwar, Khan, and
Barnes 2020). With the rise of deep learning, image de-
noising methods have made great progress (Tai et al. 2017;
Chen and Pock 2016; Zhou et al. 2020; Mao, Shen, and
Yang 2016; Ulyanov, Vedaldi, and Lempitsky 2018; Cheng
et al. 2021). However, the existing models mostly require
high computational complexity in order to obtain good per-
formance, which may hinder the widespread application of
methods on resource-limited devices such as mobile phones,
robotics, and some edge devices. Efficient and lightweight
denoising methods attract more and more attention.

With the rising up of deep learning, convolutional neu-
ral networks are used for image denoising. The method (Xu,
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Figure 1: Performance and FLOPs cost of LIDFormer com-
pared to other popular efficient and lightweight denoising
methods on SIDD. The LiNAFNet is formed by applying
the module from LIDFormer to NAFNet (Chen et al. 2022a).
Our method achieves a better trade-off between performance
and FLOPs cost on image denoising tasks.

Yang, and Jiang 2017; Yuan, Liu, and Liang 2023) reduces
computations and storage costs by utilizing the sparse nature
of images. It has achieved remarkable results in denoising
effect and computational speed. Moreover, the approach (Yu
et al. 2018) based on the joint loss function is a new idea pro-
posed in recent years, which improves the denoising effect
by simultaneously considering the local and global informa-
tion of the image. Meanwhile, the method (Jin et al. 2019)
based on depthwise separable convolution is widely used in
image denoising tasks. It improves the denoising efficiency
and accuracy by separating spatial and channel dimensions
while reducing model parameters and computational costs.
This method has been shown to be effective in many im-
age denoising tasks, especially for practical applications and
large-scale data.

Although the above methods have accelerated the denois-
ing process in different aspects, the computational efficiency
of current lightweight image denoising models still has re-
source barriers compared with advanced semantic tasks such
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as image classification. Therefore, in order to narrow the
gap with advanced semantic tasks and realize the compu-
tational efficiency of image denoising algorithms adapted to
practical devices, image denoising methods with less than
5 GFLOPs of computational cost are worth exploring and
designing.

In response to the above problems, we propose a
Lightweight Image Denoising Transformer method (LID-
Former) based on Discrete Wavelet Transform (DWT) (Mal-
lat 1989) and Triple Multi-Dconv Head Transposed Atten-
tion (TMDTA), which aims to produce excellent perfor-
mance while being computationally efficient. To be spe-
cific, our proposed lightweight feature module utilizes DWT
(Mallat 1989) to losslessly transform the input image into a
low-resolution space composed of high-frequency and low-
frequency information sets. Notably, DWT (Mallat 1989)
is an established lossless frequency-domain transformation
function that is not involved in model training, so it can be
considered a non-computationally consuming module.

Moreover, Complementary Periodic Feature Reusing
(CPFR) is introduced to mitigate the loss of information
due to low resolution. Through continuous complementary
residual connection, CPFR combines the historical feature
with the current feature in a weighted and complementary
way. It also avoids the discarding of valid features due to the
refinement of the feature information as the network level
goes deeper. In particular, the complementary residual con-
nections are learnable channel attention functions.

From another point of view, the multi-head self-attention
(MHSA) proposed by Transformer (Vaswani et al. 2017) can
effectively refine characteristic information and overcome
the “short-range” effect of local convolution. However, since
the global pixel-based computation of self-attention is too
large (proportional to the resolution of the features), it is usu-
ally not directly applicable to image restoration tasks. The
feature lightweighting strategy propounded by LIDFormer
allows all the computations of features to be performed in
low-scale space, thus making global self-attention possible
for resource-constrained devices. Based on the above dis-
cussion, LIDFormer introduces TMDTA, namely horizontal
self-attention, vertical self-attention and channel-wise self-
attention, for collaborative computing. Finally, LIDFormer
achieves a computational cost close to image classification
with 2.8 GFLOPs. More intuitively, as shown in Fig. 1, LID-
Former significantly outperforms the majority of popular ef-
ficient image denoising methods and has much lower com-
putational complexity than these approaches.

We summarize the main contributions of this work as fol-
lows:

• We propose an efficient and lightweight image denois-
ing method based on DWT and TMDTA (namely LID-
Former). Our LIDFormer provides a novel pipeline to re-
duce computational complexity, and it is a universal and
generalizable efficient method.

• We design the Complementary Periodic Feature Reusing
module (CPFR), which can effectively overcome the
problem of compact and insufficient feature information
caused by feature lightweighting. The reused effect can

solve the issue of catastrophic forgetting to a certain ex-
tent and effectively retain low-frequency information.

• We introduce a Triple Multi-Dconv Head Transposed At-
tention module (TMDTA) to improve the performance of
conventional multi-head self-attention based on feature
pixels in a multi-dimensional and lightweight manner.

• Extensive experiments demonstrate that our LIDFormer
achieves a better trade-off between performance and
computational complexity. The pipeline can also be gen-
eralized to different image denoising methods.

Related Work
Deep Learning-based Image Denoising
Image denoising tasks aim to restore a high-quality image
from the noisy observation (Chen et al. 2022a). In recent
years, with the rise of deep learning technology, CNN-based
network architectures (Tai et al. 2017; Chen and Pock 2016;
Zamir et al. 2020, 2021; Zhang et al. 2020, 2017; Cheng
et al. 2021) have achieved significant success in the field
of image denoising, and their performance is far superior to
that of traditional restoration methods (Dabov et al. 2008;
Gu et al. 2014; Xu et al. 2017; Yair and Michaeli 2018;
He, Sun, and Tang 2010). These deep networks have dif-
ferent characteristics in their designs, and most of them
(Wang et al. 2022; Yue et al. 2020; Zamir et al. 2021; Zhang
et al. 2021) are based on the UNet (Ronneberger, Fischer,
and Brox 2015) architecture, which uses skip-connections
to fuse the pixel-level features of the image with semantic-
level features for better restoration results.

As Transformer-based models (Vaswani et al. 2017; Fe-
dus, Zoph, and Shazeer 2022; Radford et al. 2018) have
achieved excellent performance in the NLP domain, more
and more vision applications, both high-level tasks (Gra-
ham et al. 2021; Liu et al. 2021b; Carion et al. 2020; Xie
et al. 2021) and low-level tasks (Liang et al. 2021a; Kumar,
Weissenborn, and Kalchbrenner 2020; Zamir et al. 2022;
Wang et al. 2022), have tried to introduce it recently due
to its strong capability of modeling long-range relations.
Most of them have achieved better results compared to con-
volutional networks. The Vision Transformer (ViT) (Doso-
vitskiy et al. 2020) divides an image down into a series of
patches (local windows) and discovers how they relate to
one another. Benefiting from the powerful multi-head self-
attention mechanism, its ability to calculate long-distance
information interaction is particularly outstanding. Some ex-
isting works (Zamir et al. 2022; Chen et al. 2021, 2022b)
have achieved promising performance by applying the ViT
architecture to image denoising while alleviating the pro-
hibitively expensive training complexity. Vision Transform-
ers have shown their strong potential as an alternative to
the previously dominant CNNs (Liang et al. 2021b). Re-
cently, Restormer (Zamir et al. 2022) is proposed as a high-
performance Transformer model for image denoising. It in-
troduces a gating mechanism based on depth-wise convolu-
tions to perform controlled feature transformation. Although
this method achieves state-of-the-art denoising performance,
it also sacrifices a large amount of computational cost. In this
paper, we propose a computationally friendly method named
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Figure 2: Illustration of our proposed LIDFormer. First, the input image is transformed into a low-resolution frequency-domain
space using DWT. Then, the CPFR module is used to combine features from historical and current periods, effectively mul-
tiplexing the features and avoiding the issue of shallow features being forgotten due to the filtering of depth information.
Additionally, LIDFormer incorporates TMDTA to capture global feature information in three dimensions, which approximates
traditional high-computation full-pixel self-attention.

LIDFormer for image denoising. Our method reduces the
computational workload of existing models without com-
promising the capability of denoising.

Efficient and Lightweight Image Denoising
Although the performance of the image denoising meth-
ods mentioned above improves significantly, they mostly
suffer from high computational costs, which do not favor
resource-constrained devices such as smart phones. To re-
lieve the computation burden and improve efficiency, there
are emerging efforts to design efficient and lightweight im-
age denoising approaches. Zhang et al. (Zhang, Zuo, and
Zhang 2018) propose a new CNN model based on DnCNN
(Zhang et al. 2017) , namely FFDNet, for rapid, effec-
tive, and adjustable discriminative denoising. FFDNet uses
downsampled sub-images, which significantly speeds up
training and testing while also expanding the receptive area.
Yue et al. (Yue et al. 2019) utilize a new variational infer-
ence method (VDN) to fast infer both the underlying clean
image and the noise distribution from an observed noisy
image in a unique Bayesian framework. DANet (Yue et al.
2020) approximates the joint distribution from two different
factorized forms in a dual adversarial manner. The joint dis-
tribution theoretically contains more complete information
underlying the data set, which significantly reduces the time
required to collect clean-noisy image pairs. Zou et al. (Zou
et al. 2023) make contributions for efficient image denoising
by a lightweight network and a novel distillation algorithm
with retargeting supervision. Another related work is Thun-
der (Zhou et al. 2022), which leverages the RGB thumbnail
instead of the feature subspace to accelerate the denoising
process. More specifically, it adopts the subspace projection
method to guarantee the denoising effect while refining the

thumbnail. Unlike Thunder (Zhou et al. 2022), our method
yields better denoising effects with faster calculation effi-
ciency by incorporating the DWT module and the TMDTA
module.

Method
Overview of LIDFormer
As shown in Fig. 2, LIDFormer consists of three main
components: (1) A feature lightweighting module based on
DWT, which maps a given noisy image x from RGB space
to low-resolution frequency-domain space through a double
discrete wavelet transform (DWT); (2) A Complementary
Periodic Feature Reusing (CPFR) module, which performs
non-linear operations on low-resolution frequency-domain
features; (3) A Triple Multi-Dconv Head Transposed Atten-
tion (TMDTA) module, which introduces three-dimensional
co-computation of horizontal, vertical and channel self-
attention. First of all, the input image is transformed into
a low-resolution frequency-domain space using DWT to al-
leviate the computational bottleneck. Then, the function of
feature multiplexing is realized through the CPFR module.
CPFR can effectively combine the features of different pe-
riods and avoid the problem of shallow features being for-
gotten due to the filtering of depth information. Besides,
TMDTA is utilized to obtain the global information of fea-
tures in three dimensions and approximately replaces the tra-
ditional high-computation full-pixel self-attention. Note that
the upsampling module is implemented directly by using the
conventional non-computationally intensive “pixel-shuffle”
operation, which compresses the feature channel, and then
the compressed part is filled in the channel to achieve loss-
less amplification feature resolution. The specific process is
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Figure 3: Illustration of the double DWT feature lightweighting network. Here, we choose Transformer-based models as the
backbone network. A color image with three RGB channels is used as the initial input. The channel of middle input is increased
by 16 times compared to the original image by a double DWT, while the resolution is decreased by 16 times.

expressed as: (B, C × γ2 , H, W) −→ (B, C, H × γ , W ×
γ). The above process can be expressed as:

F0 = fDWT (x),

Fn = fUnetCPFR
(F0),

IRestored = x+ fUP (Fn).

(1)

Among them, fDWT (•) means that the double discrete
wavelet transform performs frequency-domain compression
on the input noise image x, and fUnetCPFR

(•) means the
noise extraction function for low-resolution features.

DWT-based Feature Lightweighting
At present, the denoising models based on the deep network
mainly rely on the noise extraction method for image de-
noising. The details are as follows:

y = x+ η, (2)

where y denotes the noisy image, x denotes the denoised
clear image, both represented as vectors, and η is the noise
distribution of the noisy image. Moreover, in most deep
learning-based models, η is usually learned from the noisy
image in an end-to-end image denoising task, as follows:

η = F (y), (3)

where F (•) denotes the noise extractor in the denoising pro-
cess. As shown in Fig. 2, before noise extraction, the origi-
nal input image will be converted to the frequency-domain
space through the DWT-based resolution compression mod-
ule, and the input image resolution will be compressed to 1

16
of the original size by the double DWT, which can greatly re-
duce the computational complexity while keeping the num-
ber of channels and model parameters unchanged. The spe-
cific low-resolution frequency-domain compression module
can be described as:

η = F (DWT (y)), (4)

where DWT (•) denotes the double DWT transform func-
tion, which is an established lossless frequency-domain
transform function. What needs to be emphasized here is
that our method uses the classic Haar (Mallat 1989) as the
discrete wavelet and aims to decompose the input image
X ∈ RH×W×3 into 48 low-resolution frequency-domain
sub-features fi ∈ RH

4 ×W
4 , i ∈ [1, . . . , 48].

The image denoising process based on the DWT makes
features lightweight, as shown in Fig. 3. The input image is a
color one with three RGB channels. Through two first-order
DWT transformations (i.e., double DWT), the feature chan-
nels of middle input are expanded by 16 times compared to
the original image, while the feature resolution is reduced by
16 times, achieving a lossless feature lightweighting effect.

Complementary Periodic Feature Reusing
Although feature lightweighting based on the double DWT
greatly reduces the computational complexity of the model,
the intermediate feature is compressed 16 times com-
pared to the original model without lightweighting, result-
ing in a serious shortage of feature information. Therefore,
LIDFormer proposes the Complementary Periodic Feature
Reusing (CPFR) module, which aims to reuse historical fea-
tures and fill in the shallow historical feature information
lost during the learning process of compact features. First,
the compact features are expanded by a factor of two in the
channel dimension, and a simple linear feature embedding
is done by using a generalized 3 × 3 convolution (CONV3
below) to double the information space of compact features:

F0 = CONV3(DWT (x)). (5)

Then, as shown in Fig. 4, in order to make full use of the
extended feature information and perform effective histor-
ical feature reusing, our method calculates the features of
the next stage while retaining the feature information of the
previous stage. The simple CPFR is expressed as follows:

fn =

{
T · Fn(fn−1) + (1− T ) · fn−1, n = 2× k
fn−1, else

(6)
where fn denotes the upper or lower half of the extended
feature, Fn(•) represents the processing unit (i.e., TMDTA),
and T is the complementary coefficient. In the experiment of
this method, the value of T is set to 0.5.

Complementary Adaptive Channel Attention
Since the information of each feature is constantly chang-
ing and the information of deep and shallow features is not
uniform at each pixel, it is not friendly to set the value of
the complementary coefficient rigidly. To address the above
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Figure 4: Illustration of the Complementary Periodic Feature
Reusing (CPFR) module. CA denotes the channel attention
function. f1 and f2 denote the historical feature and the cur-
rent feature, respectively.

problem, CPFR uses Complementary Adaptive Channel At-
tention (CACA) to compensate for the deficiency of hard
complementary coefficients, which is represented as fol-
lows:

gn = Fn(fn−1)

fn =

{
FCA
n1

(gn) · gn + FCA
n2

(fn−1) · fn−1, n = 2× k
fn−1, else

(7)
where FCA

n represents the channel attention function, as
shown in the CA module in Fig. 4, which consists of sim-
ple convolution, activation, pooling, and other basic con-
structions. More importantly, the convolution calculation is
processed on the pooled single-point multi-channel features;
that is, the overall calculation is done with the feature reso-
lution of only one, which is almost negligible compared to
the overall feature calculation.

In addition, CPFR imposes a complementary constraint
on adaptive channel attention and construes this part with a
simple MSE loss. The effectiveness of the complementary
constraint has been demonstrated through experiments. The
complementary constraint is shown below:

LCA =
n∑

i=1

∥∥FCA
i1 (Fi(fi−1)) + FCA

i2 (fi−d)−ONEs
∥∥
2
,

(8)
where n denotes the number of computing units and ONEs
denotes a matrix that elements with values of one in the same
dimension as the outputs of FCA(fi−d), achieving pixel-
level complementarity constraints.

Triple Multi-Dconv Head Transposed Attention
In addition to the above approaches, LIDFormer considers
a very significant issue: the limitation of Transformer in
image restoration lies in the huge computational complex-
ity caused by the demand to complete high-resolution cor-
relation calculations between various pixels. As shown in
Fig. 3, the pixel magnification of intermediate features has
been scaled by 16 times, and the computation can be re-
duced by 256 times if the traditional self-attention mech-
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Figure 5: Illustration of the Triple Multi-Dconv Head Trans-
posed Attention (TMDTA) moudle. The attention of char-
acteristic pixels is decomposed into three directions of
self-attention for cooperative computation: horizontal self-
attention, vertical self-attention, and channel self-attention.

anism of full pixels is adopted. Even so, when it comes
to higher resolution images, there is still the problem of
“high computational complexity”. To this end, considering
the information redundancy of full-pixel self-attention, LID-
Former proposes Triple Multi-Dconv Head Transposed At-
tention (TMDTA). It decomposes the attention of character-
istic pixels into three directions of self-attention for coop-
erative computation: horizontal self-attention, vertical self-
attention, and channel self-attention.

As shown in Fig. 5, the input features first pass through
the “Layer Norm + PDConv” layer to generate the lo-
cally enriched query(Q), key(K) and value(V ). The
Layer Norm (LN) denotes the regular layer normaliza-
tion, and the PDConv denotes the combination of Point-
wise Convolution (PWConv) and Depthwise Convolution
(DWConv). Then, the query(Q) and key(K) are reshaped
in three-dimensional directions, resulting in the horizontal
queryH(QH) and keyH(KH), the vertical queryW (QW )
and keyW (KW ), and the queryC(QC) and keyC(KC), re-
spectively. Then, matrix multiplication is performed on them
respectively to generate three transposed attention matrices
with sizes of RH×H , RW×W and RC×C , instead of the
regular attention matrix RHW×HW of characteristic pix-
els (Vaswani et al. 2017; Dosovitskiy et al. 2020). It is
worth noting that all three processes are transformed from
query(Q), key(K) and are synergistically related to each
other. In general, the process definition of TMDTA is as fol-
lows:

X′ = Wp Atention(Qs,Ks,Ys) +X,

Atention(Qs,Ks,Vs) = Concat(AH,AW,AC),

AH = VH × Softmax(KH ×QH/αH),

AW = VW × Softmax(KW ×QW/αW ),

AC = VC × Softmax(KC ×QC/αC),

(9)

where X and X′ denote the input and output
features; Qi ∈ (RWC×H ,RHC×W ,RHW×C),
Ki ∈ (RH×WC ,RW×HC ,RC×HW ), Vi ∈
(RWC×H ,RHC×W ,RHW×C) denotes the horizontal,
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Baseline DWT CPFR CACA TMDTA GFLOPs PSNR
✓ × × × × 140 40.02
✓ ✓ × × × 8.75 39.55
✓ ✓ ✓ × × 2.82 39.55
✓ ✓ ✓ ✓ × 2.83 39.58
✓ ✓ ✓ ✓ ✓ 2.83 39.62

Table 1: Ablation experiments are conducted with different
modules of the LIDFormer.

vertical, and channel reshaping by the generated query(Q),
key(K) and value(V ), respectively; αi denotes a learnable
scaling parameter to control the size of the dot product of
Qi and Ki before applying the activation function. In the
above expression, i ∈ [H,W,C].

Experiments
Implementation Details
To ensure the fairness of the comparison between meth-
ods, our method and conventional denoising methods adopt
the same classic denoising dataset SIDD (Abdelhamed, Lin,
and Brown 2018) for model training. Moreover, the trained
model is evaluated on two publicly available datasets, SIDD
(Abdelhamed, Lin, and Brown 2018) and DND (Plotz and
Roth 2017). In our work, the Adam optimizer with β1 = 0.9,
β2 = 0.999 and L1 loss are utilized to train the model. The
training process takes 300K iterations with the learning rate
being initially set to 3e-4. And the learning rate will grad-
ually decrease to 1e-6 by using cosine annealing technique
(Loshchilov and Hutter 2016). For iterative learning, 128 ×
128 image patches with RGB channels are used to train a
lightweight denoising model. The mini-batch size is set to
16. Besides, the resolution of image patches and the batch
size are updated at iteration numbers of 92k, 156K, 204K,
240K, and 276K to (1602, 8), (1922, 6), (2562, 4), (3202, 2),
and (3842, 1), respectively. Horizontal and vertical flipping
are implemented for data augmentation.

Evaluation Metrics
Objective criteria, i.e., peak signal-to-noise ratio (PSNR)
and structural similarity index (SSIM), are adopted to eval-
uate the performance of denoising models. The two met-
rics are both calculated on the Y channel of the YCbCr
space. Besides, Giga Floating-point Operations Per second
(GFLOPs) is used as the efficient evaluation criterion for the
denoising model in our work.

Ablation Study
We conduct ablation studies to validate the effect of each
component in our proposed method. All the experiments use
Restormer (Zamir et al. 2022) as the baseline model. The
quantity results are shown in Table 1.
Effectiveness of Double DWT. As shown in Table 1, us-
ing the double DWT is able to compress the original model
by 16 times with high performance. It can be seen from the
table that as the computational complexity of the model re-
duces, the performance also decreases slightly. Therefore, in
order to verify whether the method of feature lightweighting

is feasible and universal, we have carried out corresponding
experiments on different methods, as shown in Table 2. It
can be observed from the table that the feature lightweight-
ing method will cause a very serious decline in the perfor-
mance of the model, especially in the experiment on CBD-
Net (Guo et al. 2019) (dwtCBDNet in the table), where the
performance of the model encountered a catastrophic muta-
tion. From this, the corresponding experimental conclusion
can be drawn: feature lightweighting by using DWT can sig-
nificantly reduce the computational complexity of the model
and alleviate the computational pressure, but it cannot guar-
antee the performance of the lightweight model.
Effectiveness of CPFR. As shown in Table 1, we aim to
explore efficient image denoising methods whose compu-
tational complexity approximates image classification tasks
(i.e., below 5 GFLOPs). By reducing the number of mod-
ules in the original model and reusing historical features,
this deliberate architectural refinement achieves an efficient
denoising model of 2.82 GFLOPs in the table. It is worth
noting that the utilization of CPFR has greatly saved the
performance of dwtCBDNet in Table 2. The results show
that our proposed CPFR module further reduces the compu-
tational complexity of the efficient denoising model, which
has the same performance advantages as the model of 8.75
GFLOPs, verifying the effectiveness of this module.
Effectiveness of CACA. Since the complementary coeffi-
cient set in the simple CPFR module is a constant value
(i.e., 0.5), the flexibility of feature learning is limited. There-
fore, Complementary Adaptive Channel Attention (CACA)
is proposed to release the pressure of the given value, mak-
ing CPFR adaptively complementary. To combine historical
features and current deep features, adaptive channel atten-
tion considers freely choosing summation coefficients. As
shown in Table 1, compared with the simple CPFR module,
the introduction of the CACA module has a certain improve-
ment effect. In addition, the adaptive learning method can
enhance the generalization of our method and avoid the dis-
comfort of the given value in other methods.
Effectiveness of TMDTA. The channel-wise multi-head
self-attention designed in the original Restormer (Zamir
et al. 2022) effectively overcomes the inadequacy of the
Transformer’s (Vaswani et al. 2017) full-pixel self-attention
in dense prediction tasks. However, channel-wise multi-head
self-attention cannot completely replace the role of full-pixel
self-attention because channel global information is unable
to represent spatial global information. Therefore, as shown
in Table 1, TMDTA is more effective than the original local-
global representation learning by aggregating spatial global
information and channel global information.

Application to Other Image Denoising Models
To demonstrate the versatility of the proposed lightweight
framework (LIDFormer), a generalization analysis of our
method is performed on three representative image denois-
ing approaches: Restormer (Zamir et al. 2022), CBDNet
(Guo et al. 2019) and NAFNet (Chen et al. 2022a). All these
denoising models are retrained under the conditions of the
original model. The results are presented in Table 2. It is
shown that the proposed pipeline is generally applicable to
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Methods GFLOPs SIDD DND
PSNR / SSIM PSNR / SSIM

Restormer 140.00 40.02 / 0.9600 40.03 / 0.9560
dwtRestormer 8.75 39.55 / 0.9326 39.65 / 0.9417
LIDFormer 2.83 39.62 / 0.9557 39.76 / 0.9558
CBDNet 34.00 39.30 / 0.9214 39.35 / 0.9351
dwtCBDNet 2.20 27.68 / 0.7214 27.54 / 0.7134
LiCBDNet 2.00 39.01 / 0.9014 39.06 / 0.9117
NAFNet 65.00 39.77 / 0.9524 39.81 / 0.9561
dwtNAFNet 4.00 39.43 / 0.9317 39.48 / 0.9342
LiNAFNet 4.20 39.51 / 0.9437 39.62 / 0.9525

Table 2: Generalization results of the efficient framework in
LIDFormer for different image denoising methods. Among
them, Restormer is based on Transformer while CBDNet
and NAFNet are based on convolutional neural networks.

Methods GFLOPs / Params SIDD DND
PSNR / SSIM PSNR / SSIM

DnCNN - / 0.56M 23.66 / 0.5830 32.43 / 0.7900
FFDNet - / 0.48M - / - 34.40 / 0.8474
CBDNet 34 / 4.34M 33.28 / 0.8680 38.06 / 0.9421
RIDNet 196.52 / 1.49M - / - 39.26 / 0.9528
VDN 99.00 / 7.81M 39.26 / 0.9550 39.38 / 0.9518
DANet 14.85 / 9.15M 39.25 / 0.9160 39.47 / 0.9548
DeamNet 146.36 / 2.23M 39.35 / 0.9550 39.63 / 0.9555
InvDN 47.80 / 2.64M 39.28 / 0.9550 39.57 / 0.9522
Thunder 18.81 / 2.68M 39.47 / 0.9570 39.57 / 0.9526
ADFNet 117.32 / 7.65M 39.63 / 0.9580 39.87 / 0.9555
LIDFormer 2.83 / 2.72M 39.62 / 0.9575 39.76 / 0.9558

Table 3: Quantitative comparison of LIDFormer with other
efficient and lightweight denoising methods. The best per-
formance is bolded and the second is underlined. “GFLOPs”
presents the computational cost for peer 256 × 256 images.
“Params” means the number of model parameters.

existing denoising methods, both convolutional neural net-
works and Transformers. Compared with the original model,
the performance of the model after computational complex-
ity reduction has a slight decrease, but the computational
complexity has been optimized by more than 16 times, in-
dicating that our pipeline is an effective and universally effi-
cient method.

Comparison with State-of-the-Art Methods
We compare the proposed LIDFormer with popular state-of-
the-art efficient and lightweight methods for real-world im-
age denoising, including DnCNN (Zhang et al. 2017), FFD-
Net (Zhang, Zuo, and Zhang 2018), CBDNet (Guo et al.
2019), RIDNet (Anwar and Barnes 2019), VDN (Yue et al.
2019), DANet (Yue et al. 2020), DeamNet (Ren et al. 2021),
InvDN (Liu et al. 2021a), Thunder (Zhou et al. 2022) and
ADFNet (Shen, Zhao, and Zhang 2023). The compared re-
sults are shown in Table 3.

From the table, it can be concluded that our LIDFormer
achieves the best results in terms of computational complex-
ity and performance compromise. In particular, the perfor-
mance of ADFNet (Shen, Zhao, and Zhang 2023) is slightly
better than our method, but the FLOPs cost is more than ×

DANetGT InvDN

VDN ADFNet OursNoisy Image

Figure 6: Visual comparison of LIDFormer with other effi-
cient and lightweight denoising methods on SIDD.

Figure 7: Visual comparison of LIDFormer with other effi-
cient and lightweight denoising methods on DND.

40 ours. Therefore, LIDFormer achieves a better trade-off
between high performance and low computational complex-
ity. Moreover, the visual comparisons of our proposed LID-
Former with other methods are given in Fig. 6 and Fig. 7.
Our proposed method is not inferior to other efficient and
lightweight denoising methods in terms of visual effect.

Conclusion

In this paper, we propose an efficient and lightweight im-
age denoising method named LIDFormer. LIDFormer in-
cludes three parts: feature lightweighting based on double
Discrete Wavelet Transform (DWT), Complementary Peri-
odic Feature Reusing (CPFR) and Triple Multi-Dconv Head
Transposed Attention (TMDTA). Among them, the feature
lightweighting based on the double DWT is used to trans-
form the input image into a low-resolution space for low-
computing operation; the CPFR module effectively ampli-
fies feature information in low-resolution space and alle-
viates catastrophic forgetting; the TMDTA mechanism en-
hances the interaction of feature information and relieves
the computational complexity of full-pixel self-attention.
The qualitative and quantitative experimental results indi-
cate that LIDFormer can achieve a “low computational com-
plexity” level close to advanced semantic tasks while main-
taining high performance. Moreover, the efficient frame-
work in LIDFormer can be generalized to other image de-
noising methods for effective optimization.
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