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Abstract
Image deblurring is a critical pre-processing step in various high-level vision tasks, including facial recogni-
tion, medical imaging, and object detection. Blurred artifacts can arise from multiple factors, such as camera
shakes and fast-moving objects. Recently, diffusion models (DMs) have made significant progress in image
deblurring by employing a sequence of denoising refinements conditioned on the blurry input. However,
existing DM-based methods often neglect the potential of incorporating frequency information, limiting their
ability to reconstruct fine textures crucial for high perceptual quality. To this end, we propose a hierarchical
wavelet-guided diffusion model (HWDM) for single image deblurring. HWDM integrates multi-level frequency
information from wavelet-transformed domains into the denoising network of DM, facilitating the restoration
of high-quality deblurred images. Specifically, HWDM consists of three components: primary frequency recov-
ery network (PFRNet), which aims to restore essential frequency information missing in the blurry image;
multi-frequency extractor (MFE), which extracts multi-frequency information at various scales from PFR-
Net’s output using multi-level wavelet transforms; and DM’s denoising network (DMDNet), into which the
frequency information is hierarchically integrated via a cross-attention mechanism, effectively utilizing fine-
grained and multi-scale information. Extensive experiments on synthetic and real-world blur datasets demonstrate
that HWDM outperforms state-of-the-art methods in perceptual quality, producing more realistic and visually
appealing deblurred images. This technology has enormous potential for applications in road traffic, medical
imaging, remote sensing satellites, and more. The code is available at https://github.com/TenMiss/HWDiff.
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1 Introduction
Single image deblurring aims to restore a clear image
from the blurred observation, which is known as an ill-
posed inverse problem [1, 2]. Variational optimization
was often adopted to solve this issue by considering
image and/or kernel priors. Common priors include
local maximum gradient prior [3], extreme intensity
prior [4], and weighted channel prior [5]. However,
these handcrafted priors are insufficient for efficiently
modeling the complex and non-uniform blurs in real-
world situations.

The emergence of deep learning technologies has
revolutionized image deblurring. It is well-known that
CNNs are able to learn the implicit priors from vast
datasets [6–8]. However, CNNs often learn local fea-
tures and exhibit translation equivariance properties.
In contrast, transformer-based deep neural networks
are employed to capture long-range dependencies as
priors [9–11]. In recent years, Generative Adversarial
Networks (GANs), initially developed for image syn-
thesis, have been successfully applied in the field of
image deblurring [12, 13]. GAN-based methods lever-
age adversarial loss during the training of deblurring
networks, resulting in restored images with human
perception [14]. However, GANs are prone to several
issues, such as model collapse, vanishing gradients,
and training difficulties [15].

Recent advances in diffusion models (DMs) [16]
have shown impressive capabilities in a variety of
computer vision tasks, such as image synthesis [17],
image retrieval [18, 19], image super-resolution [20],
and image deblurring [21, 22]. DMs leverage denois-
ing autoencoders in the iterative reversal of the diffu-
sion process to produce high-quality mappings from
Gaussian noise to target images or latent distributions,
effectively avoiding the issues encountered in GANs
[23]. In DM-based image deblurring [24], the blurred
image guides the reverse process of DM to generate a
clear image (Fig. 1 (a)). Recent studies [20, 25] have
refined the conditioning process to further improve
the quality of the deblurred images by incorporating
the predicted images into the DM (Fig. 1 (b)). Con-
sequently, the final quality of the deblurred images
is heavily dependent on the predicted images, which
may lead to information loss in complex real-world
scenarios. A promising strategy leverages both the
blurred inputs and robust features as guidance condi-
tions (Fig. 1 (c)). In [22], the guidance was the com-
bination of the blurred image and learned multi-scale
structural features extracted through down-sampling
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Fig. 1: Comparison of different conditions in DMs.
Solid lines represent the sampling process, dashed
lines indicate input conditions, and dash-dotted lines
represent the preprocess. (a) Condition: solely the
blurred image. (b) Condition: only the predicted
image. (c) Conditions: include both the blurred image
and the features extracted from the predicted image.

operations, aiming to retain spatial domain informa-
tion. However, this approach may struggle to dis-
tinguish between high-frequency and low-frequency
components, potentially limiting its ability to pre-
serve fine details and edge information. In contrast,
Discrete Wavelet Transform (DWT) [26–28] excels
in multiscale analysis by capturing multi-frequency
information across various scales. DWT offers pre-
cise time-frequency localization [26] and efficient
content-driven feature separation [27], distinguishing
it from other frequency extraction techniques such
as Discrete Fourier Transform (DFT) [29] and Dis-
crete Cosine Transform (DCT) [30]. Leveraging these
advantages, this paper adopts wavelet features to guide
the DM, thereby enhancing its capability in restoring
fine image details.

In this paper, we present a novel framework
for single image deblurring that employs multi-
level wavelet features to guide the reverse process
of the DM. Initially, PFRNet, a convolutional neu-
ral network, generates an initial estimate that pre-
serves more frequency information than the origi-
nal burred image (see Fig. 2). The loss function of
PFRNet is defined in the wavelet domain to further
enhance frequency restoration. Subsequently, multi-
frequency extractors extract frequency features from
PFRNet’s output using multi-level wavelet transforms,
enhancing its representational capacity across multi-
ple scales and frequencies. These frequency features
from wavelet-transformed domains are then hierar-
chically integrated into the intermediate features of
the DM’s denoising network (DMDNet) at different
scales through a cross-attention module, improving
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Fig. 2: Illustration of wavelet coefficients for blurry, predicted, and clear images. It is noteworthy that intensity
reversal is used for high-frequency bands to facilitate their viewing. Entropy measurement results demonstrate that
the predicted image preserves some essential frequency information.

the restoration of clean images in complex blurring
scenarios. In addition, we propose a joint optimization
of PFRNet and DMDNet to enhance the robustness
against estimation errors.

In summary, the main contributions of this work
are summarized as follows:

• We propose a novel hierarchical wavelet-guided
diffusion model for image deblurring, which inte-
grates multi-level frequency features from wavelet-
transformed domains into the reverse process of the
diffusion model, enhancing the quality of image
restoration.

• We design a primary frequency recovery network
to generate an initial estimate with more frequency
information than the blurry image, and defined
a loss function in the wavelet domain to further
enhance frequency recovery capability.

• We introduce a multi-frequency extractor to derive
frequency features from PFRNet’s output, which
are then hierarchically integrated into DM’s denois-
ing network using a cross-attention mechanism,
enabling comprehensive recovery across various
frequency levels.

2 Related Work

2.1 CNN-based Image Deblurring.
With the advent of deep learning, significant progress
has been made in image deblurring using CNN-based
methods [7, 31–33]. Within the realm of convolu-
tional designs, multi-scale architectures are effective
for image deblurring, owing to the complementary
information provided by varying scales of the input
image. Nah et al. [31] introduced a multi-scale deblur-
ring network designed to eliminate motion blur from
individual images. Tao et al. [32] presented a scale-
recurrent network that operates more efficiently across
multiple scales for image deblurring. Additionally,
Zhang et al. [7] developed a deep multi-patch hier-
archical network that captures deblurring information
from various scales. Recent studies [6, 34] introduced
variations to the multi-scale architecture framework
through the integration of spatial and channel atten-
tions. This modification aims to hone on crucial infor-
mation, thereby enhancing overall performance. In
this paper, we develop a multi-scale CNN based on
multi-level wavelet transforms to generate an initial
estimate that contains critical frequency information.
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2.2 Transformer-based Image
Deblurring.

The vision transformers [35] decompose an image into
a sequence of patches (local windows) and learn their
mutual relationships by self-attention mechanism.
And a lot of transformer-based works have achieved
remarkable performance in image deblurring. Zamir
et al. [11] developed an efficient transformer model
that calculates scaled dot-product attention in the fea-
ture depth domain, enabling the effective extraction of
information across different features along the chan-
nel dimension, rather than the spatial dimension. Tsai
et al. [9] devised horizontal and vertical strip tokens
to identify region-specific blurred patterns of varying
orientations in dynamic scenes. Moreover, Wang et al.
[36] introduced a U-shape transformer that employs
non-overlapping window-based self-attention for the
purpose of single image deblurring.

2.3 Diffusion-based Image Deblurring
The emergence of DMs has marked a significant
evolution in the field of generative models. This
advancement simplifies the complex and unstable gen-
eration process into a sequence of independent and
stable reverse processes through Markov Chain mod-
eling. Recently, DMs have yielded encouraging per-
formance in the image deblurring task [21, 22, 37,
38]. Ozan et al. [39] introduced a patch-based DM
designed for image restoration in adverse weather
conditions, which utilizes a guided denoising pro-
cess that operates across overlapping patches during
inference. Some works [37, 38] utilized the DMs to
generate a prior representation for image deblurring,
and applied a two-stage approach for training. Other
approaches [20, 21] integrated DMs with a residual
model for image deblurring, achieving competitive
values in perceptual-based evaluations. Nonetheless,
these methods often suffer from inconsistent detail
distribution due to the lack of intermediate constraints,
leading to poor performance on distortion-based met-
rics. Ren et al. [22] also highlighted that the absence
of intermediate constraints can weaken generalization
performance.

2.4 Wavelet-based Image Deblurring
Recent advancements in wavelet-based image deblur-
ring have significantly improved the restoration qual-
ity of images. Min et al. [40] utilized wavelet trans-
forms to separate frequency information from blurred

images, improving recovery by mitigating inher-
ent smoothing effects. Liu et al. [26] introduced a
multi-layer wavelet transform CNN within a U-net
architecture, which enabled adaptive feature adjust-
ment and yielded clearer recovered images. Zou et
al. [41] proposed a wavelet reconstruction module
that effectively helps the network to recover clear
high-frequency details. Furthermore, recent studies
[14, 20, 27] have integrated wavelets into DMs for
image restoration. Shang et al. [20] incorporated high-
frequency components of DWT while overlooking
low-frequency contents. In [14, 27], low-frequency
bands were predicted by reverse diffusion processes
and high-frequency bands were reconstructed using
convolution operations. These methods process dif-
ferent frequency information separately, which limits
their ability to recover all frequency signals through
the reverse diffusion process. To address this issue, we
introduce multi-frequency information as intermediate
constraints of the DM through a wavelet-based atten-
tion mechanism. This approach informs the DM about
the frequency information at intermediate layers, facil-
itating more effective and robust image deblurring.

3 Proposed Method
In this paper, we develop a new image debluring
method by leveraging advantages of both multi-
level wavelet transform and diffusion model. Fig. 3
shows the overview of the proposed image deblur-
ring method. Our proposed model is based on the
framework of the denoising diffusion implicit model
(DDIM) [42], which involves a stochastic diffusion
process and a deterministic denoising process.

3.1 Stochastic Diffusion Process
Given a clean sample distribution x0 ∼ q(x0), and
gradually adding Gaussian noise according to a vari-
ance schedule {β1, β2, · · · , βT }, xT is close to pure
Gaussian noise as T becomes sufficiently large. The
forward diffusion process is represented by a parame-
terized Markov chain:

q (xt | xt−1) = N
(
xt;

√
1− βt · xt−1, βtI

)
q (x1:T | x0) =

T∏
t=1

q (xt | xt−1)
(1)

where t = 1, 2, · · · , T ; βt ∈ (0, 1) is a predetermined
hyperparameter controlling the variance of the noise;
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Fig. 3: Illustration of the proposed method. The model involves a stochastic forward diffusion process which
gradually adds noise to the clear image (Ground Truth). And a deterministic denoising process is applied to recover
clear images corresponding to blurry images. The blurry image and predicted multi-frequency information serve
as conditions to guide the denoising process.

xt is the noisy image at the t-th step; and N denotes
the Gaussian distribution.

Through iterative derivation with reparameteriza-
tion, probabilistic distribution of xt from x0 can be
computed by

q (xt | x0) = N
(
xt;

√
αtx0, (1− αt) I

)
(2)

where αt = 1− βt and αt =
∏t

i=1 αi.
The reverse diffusion process of DM reconstructs

a sharp result x0 from a pure Gaussian distribution.
By leveraging the editing and data synthesis capabil-
ities of conditional diffusion models [43], conditional
denoising process without altering the forward dif-
fusion results in high fidelity of the samples to the
distribution conditioned on the conditional input c.
Consequently, the distribution of xt−1 from xt is
given by

q (xt−1 | xt,x0) = N
(
xt−1; µt (xt, t) , σ

2
t I
)

µt(xt, t) =
1

√
αt

(xt −
1− αt√
1− αt

· ϵt)
(3)

where ϵt ∼ N (0, I) represents the noise in xt, and
is the only uncertain variable. Thus, a neural net-
work ϵθ (xt, c, t) estimates the noise ϵt for each step.

To optimize the model, we choose to maximize the
variational lower bound (VLB) [16]:

L = Et,x0,ϵt

[
∥ϵt − ϵθ (xt, c, t)∥22

]
= Et,x0,ϵt

[∥∥ϵt − ϵθ
(√

αtx0 +
√
1− αt · ϵt, c, t

)∥∥2
2

]
(4)

3.2 Deterministic Denoising Process
The reverse process of DM transforms noisy data into
clean data samples, which is a stochastic process.
DDIMs [42] employ the deterministic generative pro-
cess pθ(xt−1 | xt). Given the image xt at step t,
the generation process of xt−1 via a forward posterior
qθ(xt−1 | xt, x̂0) can be formulated as follows:

pθ(xt−1 | xt) = qθ(xt−1 | xt, x̂0)

= N
(
xt−1;

√
αt−1x̂0 +

√
1− αt−1ϵθ(xt, c, t), 0

)
x̂0 =

1√
αt

(xt −
√
1− αtϵθ(xt, c, t))

(5)
To generate realistic deblurred images, we inte-

grate the blurry image y and the predicted multi-
frequency information z, collectively referred to as
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Algorithm 1 The inference process of our proposed
algorithm

Input: Blurry image y, PFRNet model ϕθ, noise pre-
dictor ϵθ, the time step T , and the number of
implicit sampling step S.

Output: Restored image x0.
1: z = 2D-DWT (ϕθ(y))
2: xT ∼ N (0, I)
3: for i = S : 1 do
4: t = (i− 1) · T/(S − 1) + 1
5: tnext = (i−2) ·T/(S−1)+1 if i > 1, else 0
6: xtnext

=
√
αtnext

(
xt−

√
1−αt·ϵθ(xt,y,z,t)√

αt

)
+

√
1− αtnext

· ϵθ(xt,y, z, t)
7: end for
8: return x0

c, into the noise prediction network ϵθ(xt, c, t). The
network input is the concatenation of y and xt.
The multi-frequency information z is seamlessly inte-
grated into the latent space of each layer via a cross-
attention mechanism. Specifically, given a blurry
image y ∈ RH×W×3, we use PFRNet ϕθ to generate
a coarse initial estimate, denoted as p = ϕθ(y). Fol-
lowing this, we employ multi-level wavelet transforms
to extract multi-frequency coefficients zi at multiple
scales from the initial estimate. Finally, we introduce
a cross-attention mechanism to fuse multi-frequency
information into the latent space of the denoising net-
work across multiple scales. This strategy significantly
enhances capabilities of the proposed method, particu-
larly in complex blurry scenarios. Algorithm 1 shows
the inference process of our method.

3.2.1 Primary Frequency Recovery Network

To capture frequency information, we employ a sim-
ple CNN, referred to as PFRNet, to generate an initial
prediction of the target image from the blurry image.
As shown in Fig. 4, the proposed PFRNet utilizes
three levels to extract features, striking a balance
between deblurring quality and computational com-
plexity. Here, the two-dimensional discrete wavelet
transform (2D-DWT) serves as the downsampling
operator, while the two-dimensional inverse wavelet
transform (2D-IWT) serves as the upsampling opera-
tor. At the bottleneck, three Residual blocks refine the
feature representation.

2D-DWT decomposes an image into four sub-
bands: A, V , H , and D. This process is reversible,

allowing feature extraction without loss of detail infor-
mation. Among these sub-bands, A preserves the
low-frequency content of the original image, while
the remaining three contain the high-frequency com-
ponents of the image from vertical, horizontal, and
diagonal directions, respectively. The low-frequency
content can undergo further decomposition to obtain
multi-scale frequency components. We perform K
iterations of wavelet transform on the low-frequency
coefficient A1 ∈ R

H
2 ×W

2 ×C , i.e

{Ak+1, Vk+1, Hk+1, Dk+1} = 2D-DWT(Ak) (6)

where Ak+1, Vk+1, Hk+1, Dk+1 ∈ R
H

2k+1 × W

2k+1 ×C ,
k ∈ [1,K]. It is evident that the spatial dimensions
of the wavelet components after wavelet transform are
four times smaller than the original image. Therefore,
it can be interpreted as the downsampling operator on
the image, and is suitable to be applied in multi-scale
networks.

3.2.2 Multi-Frequency Extractor

After obtaining the predicted image p ∈ RH×W×3

from the PFRNet, we employ 2D-DWT to extract
multi-frequency coefficients {Âi, V̂i, Ĥi, D̂i} at the
i-th level, i.e.,

{Âi, V̂i, Ĥi, D̂i} = 2D-DWT(P ) (7)

where Âi, V̂i, Ĥi, D̂i ∈ R
H

2i
×W

2i
×3 for i = {1, 2, 3}.

Executing 2D-DWT three times aims to align with
the subsequent designed denoising network of the
diffusion model.

Then the proposed multi-frequency extractor
(MFE) connects these coefficients by channel to form
prior features zi,

zi = [Âi, V̂i, Ĥi, D̂i]c (8)

where [·]c denotes channel-wise concatenation and
zi ∈ R

H

2i
×W

2i
×3·4i . The extracted frequency features

zi are used to guide the diffusion model.

3.2.3 Wavelet-based Attention Module

In typical guided diffusion models for image deblur-
ring, the guidance is the blurred image. However,
in our proposed guided diffusion model, the guid-
ance contains not only the blurred image but also the
multi-frequency information from the PFRNet. Here
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Fig. 4: Network architecture of the proposed PFRNet, where multi-level wavelet transforms are used as downsam-
pling and upsampling operators.

wavelet-based attention module (WAM) is developed
to effectively integrate the multi-frequency informa-
tion into the intermediate transformer-based denoising
network of DM (DMDNet), illustrated in Fig. 5 (b).
For each WAM, we designed a cross-attention mech-
anism that employs the multi-frequency feature as
the query and the intermediate layer feature as both
the key and value. This design enables the model to
prioritize wavelet-based multi-scale features, which
are essential for capturing high-frequency details in
the deblurring process. By using the wavelet-derived
multi-frequency feature as the query, the attention
mechanism effectively concentrates on these impor-
tant frequency components within the intermediate
layer feature. This approach allows the wavelet-based
information to refine intermediate layer feature repre-
sentation, thereby enhancing the overall performance
of the model.

Specifically, through a linear projection on the
multi-frequency feature zi ∈ Rh×w×c1 , the feature
map Q containing aggregated frequency information
is given by

Q = Conv1×1(zi) (9)
where Q ∈ Rh×w×c and Conv1×1 represents a 1 ×
1 convolution operator to compensate for the depth
difference with the intermediate feature layer. Then,
different linear projections of the input feature map
Xi ∈ Rh×w×c are constructed to obtain K and V in
the cross-attention mechanism:

K = Conv1×1(Xi)

V = Conv1×1(Xi)
(10)

where K ∈ Rh×w×c and V ∈ Rh×w×c. The output
feature map Xiout can be obtained:

Xiout = Softmax(
Q ·KT

√
dk

) · V (11)

where dk is the number of columns of matrix Q.
Moreover, in real-world scenarios where non-

uniform blur is common, single-scale features may
not adequately handle complex blurry situations [38].
Unlike the approach in [38], which uses downsam-
pling for multi-scale extraction, our wavelet transform
inherently offers multi-scale advantages without infor-
mation loss. Consequently, our proposed denoising
process integrates multi-scale features zi (i = 1, 2, 3)
with intermediate features Xi in a hierarchical manner
to achieve better outcomes.

3.3 Network Training
In our approach, we jointly optimize PFRNet and
DMDNet. For optimizing PFRNet, we introduce a loss
function LDWT in wavelet domain, which is the mean
square error between the magnitudes of the DWT
coefficients of the ground-truth image and predicted
image defined by:

LDWT =

L∑
i=1

E[
∥∥∥Âi −Ai

∥∥∥2 + ∥∥∥V̂i − Vi

∥∥∥2
+
∥∥∥Ĥi −Hi

∥∥∥2 + ∥∥∥D̂i −Di

∥∥∥2]
(12)

where Ai, Vi, Hi, Di are the sub-bands of the ground-
truth image at the i-th downsampling level, and
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Fig. 5: The overall framework of the denoising process. (a) Multi-Frequency Extractor extracts the coefficients
{Âi, V̂i, Ĥi, D̂i} of the PFRNet prediction at the i-th level using the 2D-DWT. (b) Wavelet-based Attention Mod-
ule is hierarchically integrated into the Transformer-based denoising network.

Âi, V̂i, Ĥi, D̂i are the sub-bands of the predicted
image at the i-th downsampling level. L denotes the
number of downsampling levels, which is set to 3 in
this work.

For optimizing DMDNet, we employ a two-stage
approach involving noise loss and content loss. The
noise loss Lnoise serves as a constraint on noise:

Lnoise = E
[∥∥ϵ− ϵθ

(√
αtx0 +

√
1− αt · ϵ,y, z, t

)∥∥2]
(13)

The content loss Lcontent acts as a constraint on the
sampled restoration results and their corresponding
ground truths, defined as

Lcontent = λ (1− SSIM (x0,x))+ (1−λ)∥x0−x∥1
(14)

where x0 denotes the generated sampled restoration
results; λ is empirically set to 0.84, as in [24].

Finally, we employ a coarse-to-fine joint training
strategy. During coarse training, the total loss func-
tion is defined as L = LDWT + Lnoise, focusing
on enhancing noise constraints within the DM. In
fine training, the total loss becomes L = LDWT +
Lcontent, emphasizing content fidelity between sam-
pled restorations and ground truths. Fine training aims
to enhance the recovery quality of DMs, address-
ing inaccuracies in noise estimation from the coarse
training stage.

4 Experiments

4.1 Experimental Settings
Data and Performance metrics. Following previous
image deblurring methods, we evaluate our approach
on commonly public image deblurring datasets,
including the GoPro dataset [31], the HIDE dataset
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Table 1: Evaluation results on the GoPro [31] and HIDE [44] datasets with GoPro [31] trained models. The CNN,
TF, and DM categories denote methods primarily based on convolutional neural networks, Transformers, and
diffusion models, respectively. These categories are determined by the core technical innovation of each method.
The best and second best are marked in bold and underlined, respectively. The up-arrow ↑ indicates the larger
value achieved, the better performance is, while the down-arrow ↓ indicates the smaller, the better.

Methods GoPro [31] HIDE [44]
PSNR (dB) ↑ SSIM ↑ LPIPS ↓ PSNR (dB) ↑ SSIM ↑ LPIPS ↓

DeblurGAN-v2 [13] 29.08 0.876 0.119 27.51 0.852 0.160
SRN [32] 30.25 0.901 0.130 28.36 0.875 0.154

DBGAN [45] 31.18 0.916 0.112 28.94 0.889 0.145
MIMO [6] 31.72 0.924 0.104 29.28 0.896 0.141

CNN MPRNet [46] 32.66 0.936 0.091 30.96 0.918 0.116
DGUNet [47] 32.70 0.937 0.094 30.96 0.919 0.125

HINet [48] 32.77 0.936 0.090 30.32 0.910 0.122
LaKDNet [49] 33.35 0.943 0.084 31.21 0.923 0.110
NAFNet [34] 33.71 0.947 0.081 31.32 0.924 0.109

Restormer [11] 32.92 0.939 0.086 31.22 0.922 0.110
TF Uformer [36] 33.05 0.941 0.089 30.89 0.920 0.116

Stripformer [9] 33.08 0.941 0.088 31.03 0.918 0.108
HI-Diff [38] 33.33 0.945 0.082 31.46 0.925 0.112
IR-SDE [50] 30.63 0.901 0.069 25.76 0.825 0.130

DM C2F-DFT [24] 31.96 0.928 0.100 30.52 0.915 0.118
Ours 32.52 0.935 0.066 30.89 0.920 0.106

Table 2: Evaluation results on the RealBlur-R [51] and RealBlur-J [51] with GoPro [31] trained models. The best
and second best are marked in bold and underlined, respectively.

Methods RealBlur-R [51] RealBlur-J [51]
PSNR (dB) ↑ SSIM ↑ LPIPS ↓ PSNR (dB) ↑ SSIM ↑ LPIPS ↓

DeblurGAN-v2 [13] 35.10 0.934 0.086 28.69 0.865 0.144
SRN [32] 35.41 0.929 0.087 28.49 0.863 0.160

DBGAN [45] 33.78 0.908 0.135 24.93 0.745 0.295
MIMO [6] 35.47 0.946 0.089 27.75 0.836 0.191

CNN MPRNet [46] 35.98 0.952 0.075 28.69 0.872 0.158
DGUNet [47] 35.95 0.952 0.071 28.75 0.875 0.152

HINet [48] 35.75 0.949 0.078 28.17 0.849 0.173
LaKDNet [49] 35.90 0.954 0.061 28.77 0.878 0.152
NAFNet [34] 35.97 0.951 0.068 28.31 0.856 0.167

Restormer [11] 36.19 0.957 0.061 28.96 0.878 0.155
TF Uformer [36] 36.18 0.956 0.062 29.08 0.885 0.146

Stripformer [9] 36.07 0.954 0.063 28.82 0.876 0.145
HI-Diff [38] 36.28 0.958 0.060 29.15 0.889 0.146
IR-SDE [50] 33.96 0.918 0.114 24.21 0.729 0.267

DM C2F-DFT [24] 36.34 0.957 0.064 28.89 0.876 0.154
Ours 36.37 0.958 0.058 29.23 0.891 0.141

[44], the RealBlur-R dataset [51], and the RealBlur-
J dataset [51]. The GoPro dataset [31] contains 3214
image pairs of size 1280 × 720, with 2103 for training
and 1111 for testing. The HIDE dataset [44] com-
prises 2025 image pairs of the same size for testing.
The RealBlur-R dataset [51] and RealBlur-J dataset
[51] are two real-world datasets mainly consisting
of motion blurred low light scenes, and each dataset
includes 980 test images. Our method is trained on
the GoPro dataset [31], and subsequently evaluated
on the HIDE dataset [44], the RealBlur-R dataset

[51] and RealBlur-J dataset [51] to gauge its gener-
alization capacity across different distributions. Two
objective metrics (Peak Signal-to-Noise Ratio (PSNR)
and Structural Similarity Index (SSIM) [52]) and a
perceptual metric (Learned Perceptual Image Patch
Similarity (LPIPS)) [53] are employed to evaluate the
performance of the proposed method.

Implementation Details. Our implementation is
carried out using PyTorch and running on a server
equipped with an NVIDIA Tesla V100 GPU for both
training and testing of the proposed image deblurring
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Fig. 6: Qualitative comparison of our method and competitive methods on GoPro [31] and HIDE [44] test sets.

Ground Truth Input DeblurGAN-v2 MPRNet NAFNet

Ground Truth Input DeblurGAN-v2 MPRNet NAFNet

Restormer Stripformer IR-SDE C2F-DFT Ours

Restormer Stripformer IR-SDE C2F-DFT Ours

RealBlur-J

RealBlur-R

Fig. 7: Qualitative comparison of our method and competitive methods on RealBlur-R [51] and RealBlur-J [51]
test sets.

model. DMDNet consists of a four-level U-shaped
structure with transformer blocks, where the number
of transformer blocks is [4,6,6,8], attention heads are
[1,2,4,8], and the number of channels is [48, 96, 192,
384]. In the diffusion process, we set the noise vari-
ances to linearly increase from β1 = 1e−4 to β2 =
2e−2. The maximum time step T is set to 1000, with a
sampling step S of 3. We warm start the training with
only wavelet loss, and linearly increase the weight of
the noise loss to 1. During the coarse training phase,

we employ the AdamW optimizer with parameters
β1 = 0.9, β2 = 0.999 and weight decay 1e−4. The
learning rate is set to 3e−4 and gradually reduced to
1e−5 using cosine annealing [54]. Additionally, we
incorporate a progressive learning strategy to capture
more contextual information. Specifically, we progres-
sively update the patch size and batch size pairs to
[(642, 64), (1282, 16), (2562, 4)] every 10K itera-
tions during the coarse training phase, totaling 1600K
iterations. In the subsequent fine training phase, the
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learning rate is set to 1e−5 and gradually reduced to
1e−7 using cosine annealing [54]. Additionally, we
progressively update the patch size and batch size
pairs to [(642, 16), (1282, 4), (2562, 1)] every 10K
iterations, with a total of 500K fine training iterations.

4.2 Experimental Results
In this section, we compare our proposed method
with existing state-of-the-art methods. The methods
are categorized based on their core technical innova-
tion: (1) CNN-based methods: DeblurGAN-v2 [13],
SRN [32], DBGAN [45], MIMO [6], MPRNet [46],
DGUNet [47], HINet [48], LaKDNet [49], NAFNet
[34]; (2) Transformer-based methods: Restormer
[11], Uformer [36], Stripformer [9]; (3) Diffusion-
based methods: IR-SDE [50], C2F-DFT [24], HI-Diff
[38]. Although HI-Diff [38] combines diffusion mod-
els with Transformers, we classify it into diffusion-
based methods because its key innovation lies in
applying the concept of the diffusion model. Specif-
ically, HI-Diff [38] leverages the power of diffusion
models to generate informative priors, which are then
integrated into a Transformer architecture to enhance
the details of the deblurred image. We test the above
methods using the code and weights provided by their
respective authors. For fair comparisons, all these
methods are trained on the GoPro dataset [31] and
are subsequently applied directly to the HIDE [44],
RealBlur-R [51] and RealBlur-J [51].

Quantitative Results. The quantitative results on
the GoPro [31] and HIDE [44] datasets are pre-
sented in Tab. 1. While our method slightly lags
in distortion metrics (PSNR/SSIM), it excels in the
perception metric LPIPS. Notably, our method sig-
nificantly outperforms diffusion model-based meth-
ods such as IR-SDE [50] and C2F-DFT [24]. HI-
Diff [38] integrates diffusion priors into transformer-
based architectures, leveraging the distortion accuracy
of regression-based methods. Consequently, HI-Diff
achieves distortion measurements similar to trans-
former methods, outperforming our method in this
aspect. Regarding the perceptual metric LPIPS, where
CNN-based, Transformer-based, and previous diffu-
sion model-based methods underperform, our method
achieves the lowest scores on both the GoPro dataset
[31] and HIDE dataset [44], underscoring our model’s
ability to generate visually pleasing restored images.
On both datasets, our method improves the perceptual-
based metric LPIPS by 0.003 and 0.002, respectively,
compared to the runner-up method.

We further evaluate the GoPro-trained model
on the real-world dataset: RealBlur-R [51] and
RealBlur-J [51]. As reported in Tab. 2, our method
achieves state-of-the-art performance, demonstrating
robust generalization capabilities on these real-world
datasets. Compared to NAFNet [34], which is the best-
performing method on the GoPro dataset [31] among
the existing methods, our approach demonstrates
improvements of 0.4 dB on the RealBlur-R dataset
[51] and 0.92 dB on the RealBlur-J dataset [51]. On
the RealBlur-R dataset [51], our method improves
PSNR by 0.03 db compared to the second-best method
C2F-DFT [24]. Similarly, on the RealBlur-J dataset
[51], our method surpasses the second-best method
HI-Diff [38] by 0.08dB in PSNR and 0.002 in SSIM.
Furthermore, our method gets the lowest average
scores in the perceptual metric LPIPS, indicating its
superior generalization ability to unseen real-world
scenes.

Based on the results in Tabs. 1 and 2, our model
exhibits slightly lower PSNR and SSIM scores on the
GoPro [31] test set and the HIDE [44] dataset com-
pared to some baselines. This is due to the nature
of diffusion models, which prioritize generating real-
istic images with rich visual details over pixel-wise
fidelity. Despite these lower PSNR and SSIM scores,
our model achieves the best LPIPS scores across all
datasets, indicating a trade-off between enhanced per-
ceptual quality and pixel-wise accuracy. The GoPro
[31] and HIDE [44] datasets are synthetic, generally
noise-free, and have limited variation in motion blur.
In contrast, the RealBlur-R and RealBlur-J datasets
[51] contain complex real-world noise and blur.
Notably, our model significantly outperforms other
methods on the more challenging RealBlur-R and
RealBlur-J datasets [51]. This superior performance
can be attributed to our model’s iterative refinement
process, which allows for detailed and gradual cor-
rection of complex noise and blur. Additionally, our
model leverages hierarchical wavelet-derived multi-
frequency information as conditions to guide the
denoising process, improving its ability to restore
intricate details in challenging real-world conditions.

Qualitative Results. We present qualitative com-
parisons between our method and state-of-the-
art methods (DeblurGAN-v2 [13], MPRNet [46],
NAFNet [34], Restormer [11], Stripformer [9], IR-
SDE [50], C2F-DFT [24] ) on the GoPro [31], HIDE
[44], RealBlur-R [51], and RealBlur-J [51] datasets,
as illustrated in Fig. 6 and Fig. 7. It can been seen
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Fig. 8: Information entropy of wavelet coefficients at three scales for three types of inputs (blurry image, PFRNet-
predicted image, Ground truth) on the GoPro dataset [31].

Table 3: Ablation studies of the PFRNet on GoPro
dataset [31]. The options include “N/A” for no CNN
used, ‘-S’, ‘-M’, and ‘-L’ for small, middle, and large
networks. The best results are highlighted in bold.

Network Size Params (M) PSNR (dB) ↑ SSIM ↑ LPIPS ↓

N/A - - 30.92 0.911 0.117
CNN-S ch=16 3.69 32.52 0.935 0.066
CNN-M ch=32 14.53 32.54 0.935 0.067
CNN-L ch=64 57.67 32.55 0.936 0.069

that the proposed method recovers more precise tex-
tures and sharper edges than the existing methods. In
the GoPro sample, our propsed method restores the
rearview mirror of the car with more sharper edges
devoid of artifacts, compared with other existing mod-
els. In the HIDE sample, competing methods struggle
to reconstruct human eyebrows and eyes accurately,
while our method successfully recovers sharp textures.
Remarkably, our method even surpasses Ground Truth
in visual quality. In the RealBlur-J sample, the most
of existing state-of-the-art methods introduce adverse
effects in real-world images, resulting in even blurrier
outcomes than the original blurry ones. In contrast,
our method produces sharper results with finer struc-
tures. In the RealBlur-R sample, our method effec-
tively restores the billboard number with reduced blur,
while other algorithms struggle to recover the num-
bers on the billboard. These qualitative results show
that our method is a robust deblurring diffusion model,
particularly in handling real scenes.

4.3 Ablation Study
In this section, we conduct a series of ablation stud-
ies to analyze the impacts of various components and
training strategy configurations.

Effects of PFRNet. In Tab. 3, we evaluate the
performance with and without PFRNet, as well as

Table 4: Ablation studies of the wavelet coeffi-
cients extracted by MFE on GoPro dataset [31] and
RealBlur-J dataset [51]. The best results are high-
lighted in bold.

GoPro [31] RealBlur-J [51]

PSNR (dB) ↑ SSIM ↑ LPIPS ↓ PSNR (dB) ↑ SSIM ↑ LPIPS ↓
LF ([A]) 31.54 0.920 0.110 27.76 0.835 0.195

HF ([V,H,D]) 31.67 0.922 0.108 28.15 0.843 0.172

MF ([A, V,H,D]) 32.52 0.935 0.066 29.23 0.891 0.141

Table 5: Ablation studies of the effectiveness of the
proposed WAM on GoPro dataset [31] and RealBlur-J
dataset [51]. The best results are highlighted in bold.

GoPro [31] RealBlur-J [51]

PSNR (dB) ↑ SSIM ↑ LPIPS ↓ PSNR (dB) ↑ SSIM ↑ LPIPS ↓
Basline 31.72 0.926 0.101 28.76 0.875 0.152

Basline + WAM 32.52 0.935 0.066 29.23 0.891 0.141

with different network sizes. Directly using blurry
images without PFRNet for initial estimation leads to
notably inferior performance compared to employing
PFRNet. This disparity primarily arises from the lim-
ited frequency information available in blurry images.
Fig. 8 illustrates the average information entropy of
wavelet coefficients at three scales for different image
types (blurry, PFRNet-predicted, Ground truth) on the
GoPro dataset [31], confirming that PFRNet-predicted
images retain richer frequency details. We experiment
with different channel numbers (ch = 16, 32, 64),
denoting networks as S, M, L. Due to the frequency
constraints during training, varying network sizes had
minimal impact on our model’s performance. Even
with larger networks, the SSIM performance showed
marginal improvement (0.001), indicating that the
smallest network suffices for our requirements.

Effects of MFE. To further explore what wavelet
coefficients extracted by MFE should be used in the
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GoPro Input Ground Truth Baseline Ours

Fig. 9: Visual results without and with WAM. Our method with WAM generates sharper textures and more com-
plete structures compared to the Baseline.

Input Ground Truth Coarse result Fine result

Fig. 10: Coarse and fine training visual results. Coarse training fails to yield promising results due to inaccurate
noise estimation, while fine training effectively enhances restoration quality.

Table 6: Ablation studies of the coarse-to-fine joint
training strategy on GoPro [31] test set. The above
part illustrates the joint training of PFRNet and DMD-
Net, comparing the results with those from split train-
ing. The below part presents coarse-to-fine training,
showing the results of different training iterations. The
best results are highlighted in bold.

Training Strategy PSNR (dB) ↑ SSIM ↑ LPIPS ↓

Split training 31.15 0.915 0.112
Joint training 32.52 0.935 0.066

Coarse 1600k 31.45 0.925 0.108
Coarse 2100k 31.51 0.926 0.105

Coarse 1600k + Fine 500k 32.52 0.935 0.066

diffusion model, several choices for them with cor-
responding quantitative results are shown in Tab. 4.
According to them, we can observe that the restora-
tion performance reaches the best when extracting the

multi-frequency (MF) coefficients that contain both
low-frequency (LF) and high-frequency (HF) compo-
nents. This optimal performance can be attributed to
the integration of global structural and local detail
information provided by these coefficients, which
results in a richer feature representation and mini-
mizes information loss.

Effects of WAM. We further validate the effec-
tiveness of the proposed WAM. We construct a base-
line model, denoted as Baseline, which is a standard
DM condition on blurred images. Upon this Baseline,
we introduce the WAM (Baseline + WAM). It can
be seen from Tab. 5 that utilizing the WAM yields
improvements of 0.8 dB, 0.009 and 0.035 in terms of
PSNR, SSIM and LPIPS on the GoPro dataset [31]. In
addition, on the RealBlur-J dataset [51], our method
with WAM exhibit a significant performance improve-
ment of 0.47 dB, 0 .015, and 0.011 in PSNR, SSIM,
and LPIPS, respectively. Furthermore, we provide a
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RealBlur-R

Input Ground Truth DeblurGAN-v2 NAFNet

Restormer IR-SDE C2F-DFT Ours

Fig. 11: Failure case in low-light conditions from Realblur-R [51] across multiple deblurring methods. including
DeblurGAN-v2 [13], NAFNet [34], Restormer [11], IR-SDE [50], C2F-DFT [24], and Ours.

visual comparison in Fig. 9. It can be observed that our
method with WAM generates more complete wheel
structures and finer details of flowers compared to the
Baseline. The main reason is that the proposed WAM
can adaptively focus on frequency information, guid-
ing the diffusion model to recover more low-frequency
structures and fine-grained high-frequency details.

Effects of Training Strategy. We employ a
coarse-to-fine joint training strategy to train our
model, which raises questions about their effective-
ness on restoration quality. For comparison, we also
conduct a split training approach, where the DMD-
Net is optimized independently while the PFRNet is
pre-trained. For the PFRNet training, we use the same
experimental setup as described in Sec. 4.1, but set the
total number of iterations to 100K. As shown in Tab.
6, joint training significantly outperforms split train-
ing by 1.37 dB in PSNR, highlighting the importance
of the joint training strategy. Furthermore, we inves-
tigate the impact of training from coarse to fine. It
is evident from Tab. 6 that additional iterations dur-
ing coarse training yield only a minor improvement
of 0.06 dB in PSNR. In contrast, incorporating fine
training after completing the coarse training results in
a substantial PSNR improvement of 1.07 dB. Fig. 10
show an example of the comparison between coarse
and fine training. We find that coarse training fails to
restore promising results, while our fine training sig-
nificantly improves the visual restoration quality. This
shows that the fine training, which constrains the sam-
pled restored results with ground truth instead of noise
to optimize the diffusion model, can help the model
learn more complex degraded information, facilitating
better restoration.

4.4 Limitations
Our proposed method is effective in image deblurring,
but it has also challenges in extremely low-light envi-
ronments where significant information loss compli-
cates restoration. Furthermore, the exclusive training
of our method on the GoPro dataset [31] restricts its
adaptability to a variety of real-world situations. We
recognize that the quality and realism of the training
dataset directly influence our model’s deblurring capa-
bilities. As depicted in Fig. 11, the deblurring methods
fails to restore the images under low-light condi-
tions in the Realblur-R dataset [51]. Consequently, we
advocate for the availability of large-scale and diverse
training data to bolster our method’s performance.
Additionally, our model’s capacity is inherently con-
strained to generalize solely to the deblurring task
observed during training. Investigating the applicabil-
ity of our proposed approach to other image restora-
tion tasks remains a promising avenue for future
research.

5 Conclusion
In this work, we propose a hierarchical wavelet-guided
diffusion model for image deblurring. Specifically, we
introduce the PFRNet to generate a coarse estimate
and employ multi-level wavelet transforms to extract
multi-frequency information as guidance. Addition-
ally, we present a wavelet-based attention module to
integrate this guidance with intermediate features of
the DM across multiple layers. Our model effectively
captures frequency information at multiple scales to
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improve the quality of restored image in complex blur-
ring scenarios. Furthermore, we proposed a coarse-to-
fine joint optimization strategy for both the PFRNet
and DMDNet to ensure optimal performance. Com-
prehensive experiments on real-world blur datasets
show that our proposed method achieves superior
performance compared with existing state-of-the-art
methods.
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