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Abstract

For the task of unsupervised image translation, transform-
ing the image style while preserving its original structure
remains challenging. In this paper, we propose an unsu-
pervised image translation method with structural enhance-
ment in frequency domain named SEIT. Specifically, a fre-
quency dynamic adaptive (FDA) module is designed for im-
age style transformation that can well transfer the image
style while maintaining its overall structure by decoupling
the image content and style in frequency domain. More-
over, a wavelet-based structure enhancement (WSE) module
is proposed to improve the intermediate translation results by
matching the high-frequency information, thus enriching the
structural details. Furthermore, a multi-scale network archi-
tecture is designed to extract the domain-specific informa-
tion using image-independent encoders for both the source
and target domains. The extensive experimental results well
demonstrate the effectiveness of the proposed method.

Introduction
Unsupervised image translation is a challenging task that
aims to transform images from source domain to target do-
main without paired training data. In recent years, the devel-
opment of generative adversarial networks (GANs) (Good-
fellow et al. 2020) has led to significant advances in com-
puter vision tasks such as image defogging (Fu et al. 2021),
image deraining (Chen et al. 2022), etc. The GAN-based
methods have also demonstrated success in accomplish-
ing source-to-target domain translations through adversarial
training of generators and discriminators. However, the re-
sulting translated images may exhibit structural distortions
and image artifacts.

To address these issues, researchers have made efforts to
refine GAN-based techniques for image translation tasks.
For example, GCGAN(Fu et al. 2019) ensures the consis-
tency between the input image and the corresponding output
by preserving image transformation, such as flipping or ro-
tating. In the work of LPTN(Liang, Zeng, and Zhang 2021),
Liang et al. design a framework based on Laplacian decom-
position and reconstruction to maintain the image structural
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Figure 1: The SSIM vs. FID of different methods on the Day
→ Night task. The method closest to the top left corner is the
best and the red circle represents our proposed SEIT.

information. VSAIT(Theiss et al. 2022) addresses seman-
tic inversion issues by learning inverse mapping in a high-
dimensional vector space based on vector symbolic archi-
tectures to ensure consistency of source domain content. Al-
though these methods have achieved success in maintaining
image structure, the generated results still lack satisfactory
style effects.

To keep both the structure and style well during image
translation, we propose an unsupervised image translation
method with structural enhancement in the frequency do-
main named SEIT. The method is based on the GAN frame-
work and consists of a generator and a discriminator. To im-
prove the style of the translation results, we leverage both the
source and target domain images as input to the generator, as
in previous work (Jiang et al. 2020), to extract more style in-
formation during image translation. When image translation
is performed in this framework, the content features of the
source domain image should be fully preserved and the style
features of the target domain image should be fully trans-
ferred to the translation result. To meet these requirements, a
frequency dynamic adaptive (FDA) module for style conver-
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sion is proposed based on the discrete Fourier transform to
fully convert the target domain style while maintaining the
source domain image content. We also propose a wavelet-
based structure enhancement (WSE) module to further im-
prove image detail quality during translation. Based on the
above designs, our model is able to maintain the optimal
structure and style, as demonstrated in Figure 1, resulting in
superior metrics compared with existing methods. The con-
tributions of our work are summarized as follows:
• A novel frequency dynamic adaptive module (FDA) for

style conversion is proposed that decouples the image
content and style in the frequency domain using the dis-
crete Fourier transform. The content and style informa-
tion obtained after decoupling are independent of each
other, which is conducive to style translation afterwards.
During the translation, the designed FDA module can
fully capture the style information of the target domain
image, while minimizing the loss of source domain im-
age content and transferring the style information of the
target domain image.

• A wavelet-based structure enhancement (WSE) module
is proposed to enrich the structural details. Through dis-
crete wavelet transformation, the image’s style and high-
frequency structural information can be separated. Then,
the high-frequency features of the intermediate transla-
tion results are enhanced using the high-frequency infor-
mation of the source domain image. The module can en-
hance the image details without compromising the ob-
tained style information.

• A multi-scale architecture is designed that is independent
of both the source and the target domains, which mini-
mizes information loss in encoding and decoding images
and extracts domain-specific information during image
decoding. The qualitative and quantitative experiments
on three different tasks demonstrate that the proposed
method achieves state-of-the-art results.

Related Work
Unsupervised Image-to-image Translation
Unsupervised image-to-image translation based on GANs
can be divided into one-sided methods and two-sided ones.
Zhu et al. (2017) first propose the two-sided method Cy-
cleGAN, which introduces the cycle-consistency loss to en-
sure structural consistency during translation. The methods
of DRIT(Lee et al. 2018) and MUNIT(Huang et al. 2018)
decompose the latent space into a content-shared space and a
domain-specific style space, thus realizing multi-modal im-
age translation. In NICEGAN, Chen et al.(2020) reconsider
the role of the discriminator and use the discriminator as part
of the generator. Although the cycle-consistency constraint
is effective, the underlying two-sided assumption behind the
restriction is too absolute. Perfect bidirectional reconstruc-
tion is difficult to achieve when the images of one domain
have extra information compared to the images of another
domain. The one-sided methods aim to ensure that the re-
lationships appearing in the input are reflected in a similar
way to the output. Benaim et al. (2017) propose Distance-
GAN to constrain the similarity between the distances of

the input images and the output images. Park et al. (2020)
introduce contrastive learning to constrain the image struc-
ture by maximizing the mutual information between the cor-
responding positions of the original and generated images.
The one-sided methods mainly focus on designing various
reconstruction losses between the source and generated im-
ages. However, the content loss in the flow of the network
is ignored. Therefore, these methods are difficult to apply to
road scenes to generate images with complete content struc-
tures and good details.

Frequency Domain Decomposition
In recent years, many researchers have attempted to com-
bine traditional frequency domain processing methods with
deep learning-based image processing. In the field of arbi-
trary style transfer, Yoo et al. (2019) propose a wavelet pool-
ing strategy to approximate average pooling and its mirror
operation upsample pooling, reducing the loss of informa-
tion when propagating image features in the neural network
and improving the quality of images. Zou et al. (2021) de-
sign a wavelet transform module to help restore clear high-
frequency texture features in image restoration tasks. In the
field of unsupervised image translation, Liang et al. (2021)
apply Laplacian pyramids to decompose, transform, and re-
construct images to achieve a light network for improving
the efficiency of image transformation. Inspired by these
methods, we design a wavelet-based structure enhancement
module to maintain the texture information and enhance the
image structure in the unsupervised image translation.

Approach
Our whole framework adopts a one-sided GAN-based archi-
tecture, which consists of a generator and a discriminator.
The generator is described in detail next, while the discrimi-
nator adopts the same structure as that in (Jiang et al. 2020).

Overall Architecture of the Generator
Figure 2 shows the overall architecture of the generator.
Given an image x ∈ R3×h×w in the source domain and
y ∈ R3×h×w in the target domain, we first feed them to
separate encoders to extract multi-scale features. Then the
extracted features are fed into the proposed FDA module and
WSE module at different layers to fully transfer style infor-
mation maintaining the overall content and further enhance
the structural details. Finally, the image is reconstructed in a
multi-scale manner.

In the feature extraction stage, the Conv Block is applied
to extract image features, which consists of a 3 × 3 convo-
lution, instance normalization and relu activation function.
And the bilinear interpolation is utilized to perform down-
sampling. Equipped with the domain-independent encoders,
the domain-specific multi-scale features are extracted for
further reconstruction. In the image reconstruction stage, the
multi-scale source and target domain features are fed into the
FDA module and the WSE module to obtain the intermedi-
ate features of translation. The features of the deeper layers
are upsampled first and then concatenated with the features
of the next deeper layers along the channel dimension. Then
the image is reconstructed in a coarse-to-fine manner.
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Figure 2: Overall architecture of the generator. The symbols c⃝ and up represent channel-wise concatenation and upsample
operation.

Frequency Dynamic Adaptive for Style Conversion
We propose a frequency dynamic adaptive (FDA) module
for style conversion that can fully capture the style informa-
tion of the target domain image while minimizing the loss
of source domain image content. Figure 3 shows the pro-
posed FDA module, where the amplitude and phase of the
source and target domain features can be obtained by dis-
crete Fourier transform, respectively.

For a single channel feature f(h,w) of size M ×N in the
spatial domain, the two-dimensional discrete Fourier trans-
form can be expressed as:

F (u, v) =
M−1∑
h=0

N−1∑
w=0

f(h,w)e−j2π(uh/M+vw/N), (1)

where F (u, v) represents the frequency-domain representa-
tion of f(h,w). Then the amplitude and phase of the feature
can be obtained by:

A = |F (u, v)| =
[
R2(u, v) + I2(u, v)

]1/2
, (2)

P = Φ(u, v) = arctan

[
I(u, v)

R(u, v)

]
, (3)

where R(u, v) and I(u, v) denote the real and imaginary
parts of F (u, v). A denotes the amplitude which contains
the style information of the feature, and P represents the
phase which contains the content information of the feature.

To obtain the amplitude and phase of a multi-channel fea-
ture, each channel is processed independently following the
above procedure. After obtaining the amplitude and phase of
the feature, we introduce the local style extraction network
(LSNet) and the global style extraction network (GSNet),
as shown in Figure 3, to extract style information at dif-
ferent scales from the amplitude of the target feature. The

LSNet aims to extract the local style modulation parameter
W , which first upsamples the input features by 3 × 3 con-
volution and then reduces the feature channel dimension by
1 × 1 convolution to obtain the multi-channel style infor-
mation. The GSNet aims to extract the global style modu-
lation parameter B, which is distinguished from the LSNet
network by the last layer of the adaptive averaging pooling
layer. After that, adaptive style conversion is performed as:

AF̂s
= W

(
AFs − µ (AFs)

σ (AFs
)

)
+B, (4)

where Fs is the source feature and AFs denotes its ampli-
tude. µ(AFs) and σ(AFs) are the mean and standard de-
viation of AFs

. And AF̂s
represents the result of adaptive

style conversion. After obtaining the stylized amplitude, the
Fourier representation is updated by recombining AF̂s

with
the phase of the source feature Ps as:

F̂ (u, v) = AF̂s
ejPs . (5)

After that, the final style conversion result of each channel
f̂(h,w) can be restored using the inverse discrete Fourier
transform as:

f̂(h,w) =
1

MN

M−1∑
u=0

N−1∑
v=0

F̂ (u, v)ej2π(uh/M+vw/N). (6)

And the multi-channel result Fr is formed by combining
the single-channel results. Since the FDA module only pro-
cesses the amplitude of the source feature without changing
the phase information, the content of the source feature can
be retained to the maximum extent.

Wavelet-based Structure Enhancement
After the adaptive style conversion, the wavelet-based struc-
ture enhancement (WSE) module is designed at the feature
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Figure 3: Frequency dynamic adaptive (FDA) style Conversion Module. The symbols ⊕ and ⊗ represent element-wise addition,
element-wise multiplication.

Figure 4: Wavelet-based structure enhancement (WSE). The
symbols ⊕ and ⊗ represent element-wise addition, element-
wise multiplication.

level to enrich the structural details. The image features are
decomposed into four frequency sub-bands LL, LH , HL
and HH after one discrete wavelet transform (DWT). The
LL contains the overall image style and retains the global
content information. The LH contains high-frequency infor-
mation in the vertical direction. The HL contains the high-
frequency edge information in the horizontal direction. And
the HH contains the high-frequency information in the di-
agonal direction. The Harr wavelet is utilized for the discrete
wavelet transform because it has enough ability to portray
the image information at different frequencies.

The process of WSE module is shown in Figure 4. The

source domain image feature Fs ∈ Rc×h×w and style con-
version feature Fr ∈ Rc×h×w are decomposed into four
wavelet frequency sub-bands after the DWT. And the prin-
ciple is defined as:

DWT (Fs) = {Fs
LL, Fs

LH , Fs
HL, Fs

HH}, (7)

DWT (Fr) = {Fr
LL, Fr

LH , Fr
HL, Fr

HH}, (8)

where Fs
LL, Fs

LH , Fs
HL and Fs

HH represent four fre-
quency sub-bands of Fs. Fr

LL, Fr
LH , Fr

HL and Fr
HH

represent four frequency sub-bands of Fr. Since the Fr
LL

contains style information while the other three sub-bands
contain structural information, we enhance the three high-
frequency sub-bands of Fr with the corresponding high-
frequency sub-bands of Fs. Let ⊙ denote the concatenation
operation, the enhancement process is defined as:

F̂LH
r = Fr

LH + Fs
LH · Sig(Conv(⊙(Fr

LH , Fs
LH))),

F̂HL
r = Fr

HL + Fs
HL · Sig(Conv(⊙(Fr

HL, Fs
HL))),

F̂HH
r = Fr

HH + Fs
HH · Sig(Conv(⊙(Fr

HH , Fs
HH))).

(9)
After obtaining the enhanced high-frequency sub-bands, the
image features are finally reconstructed by inverse discrete
wavelet transform (IDWT) by equation (10):

F̂r = IDWT (Fr
LL, F̂LH

r , F̂HL
r , F̂HH

r ). (10)

Note that the low-frequency sub-band Fr
LL, which contains

the stylized information of Fr, is not changed in the en-
hancement process. Therefore, the module can enhance the
image details without compromising the obtained style in-
formation.

Loss Function
The loss functions of our method contain the adversarial loss
Ladv , the perceptual loss Lp and the feature matching loss
Lfm.
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Adversarial Loss. The adversarial loss is applied to guide
the generator to translate the style to the target domain,
which is represented as:

Ladv = Ex∼Pdata(X)(D(x))

+ Ex∼Pdata(X),y∼Pdata(Y )(1−D((G(x, y))).
(11)

Perceptual loss. The perceptual loss(Johnson, Alahi, and
Fei-Fei 2016) is used to make the content of the translation
result similar to the input source image and is defined as:

Lp = E
x∼Pdata(X),y∼Pdata(Y )

[αj∥Φj(G(x, y))− Φj(x)∥1],
(12)

where Φ denotes the pre-trained VGG(Simonyan and Zisser-
man 2014) network, Φj(x) denotes the feature after the ac-
tivation function of the jth layer and αj is the weight of the
jth layer. We use five layers of intermediate features from
the pre-trained V GG network, namely relu1 1, relu2 1,
relu3 1, relu4 1, relu5 1, whose corresponding weights
are 1/32, 1/16, 1/8, 1/4, 1, respectively.

Feature Matching Loss. The feature matching loss is
used to match intermediate layer features of multi-scale dis-
criminator:

Lfm = E
x∼Pdata(X),y∼Pdata(Y )

[
∥∥Di(G(x, y))−Di(y)

∥∥
1
],

(13)
where Di(·) is the result of the discriminator’s ith layer.

Total Loss. The total loss is a combination of the afore-
mentioned ones:

Ltotal = λadvLadv + λpLp + λfmLfm. (14)

where λadv is the weight of adversarial loss, λp is the weight
of the perceptual loss and λfm is the weight of the feature
matching loss.

Experiments
We conduct experiments on the cross-time translation, cross-
weather translation and cross-dataset translation tasks, re-
spectively. The detailed experimental setup is as follows.

Experimental Setup
Datasets The datasets we use include SYNTHIA(Ros
et al. 2016), GTA5(Richter et al. 2016), Cityscapes(Cordts
et al. 2015) and BDD(Yu et al. 2020). we conduct the
Day→Night translation on SYNTHIA, the Sunny→Cloudy
translation on BDD, and the cross-domain translation on
GTA5 and Cityscapes.

Evaluation Metrics SSIM(Wang et al. 2004) is applied
to measure the structural similarity of the translation result
to the source domain image, which combines three types of
information: brightness, structure, and contrast of the image.
The value of SSIM is closer to 1 when the structure of both
is more similar.

FSIM(Zhang et al. 2011) is also applied to measure the
structural similarity of the translation result to the source
domain image. It combines the Phase Congruency and Gra-
dient Magnitude of the image. The value of FSIM is closer
to 1 when the structure of both is more similar.

FID(Heusel et al. 2017) is utilized for measuring the sim-
ilarity of the distribution between the target domain and the
translation results. The lower the FID, the closer of the two
distributions are.

Training Details All experiments are conducted on a sin-
gle RTX 3090 GPU. The batch size is set to 1. We use the
Adam optimizer with β1 = 0.5 and β2 = 0.999. The initial
learning rate is set to 0.0002 and the step decay learning
strategy is used, with the learning rate decaying to half of the
original learning rate every 5 epochs. The model is trained
for 100 epochs. Following previous work, the loss weight in
equation 14 is set to 1.0, 2.0, and 1.0, respectively.

Baselines We compare with GAN-based image trans-
lation methods including MUNIT (Huang et al. 2018),
LPTN (Liang, Zeng, and Zhang 2021), CUT (Park et al.
2020), TSIT (Jiang et al. 2020), F-Sesim (Zheng, Cham, and
Cai 2021) and VSAIT (Theiss et al. 2022).

Qualitative Comparisons
The visual results of our method on three different tasks are
shown in Figures 5-7. For each task, we compare two visual
examples with zoomed-in local details to evaluate the perfor-
mance of each method in preserving image details and trans-
ferring style. As shown in Figures 5-7, the MUNIT (Huang
et al. 2018), CUT (Park et al. 2020), TSIT (Jiang et al. 2020)
and F-Sesim (Zheng, Cham, and Cai 2021) suffer from
structural distortions and artifacts. Although LPTN (Liang,
Zeng, and Zhang 2021) and VSAIT (Theiss et al. 2022) can
retain the structural features better (see Figures 5 and 6),
they have limited style transfer ability. VSAIT (Theiss et al.
2022) produces a satisfactory result when the source and tar-
get domains share similar styles (see Figure 7), whereas it
still lacks style transfer ability. In contrast, our method can
faithfully preserve the structural details of the source image
and fully capture the style of the target domain. Our method
outperforms other methods for high-quality image transla-
tion in both the overall quality and the zoomed-in details.

Quantitative Comparisons
The quantitative results of our method on three tasks are
shown in Table 1. Our method achieves the best perfor-
mance among all compared methods on all tasks, demon-
strating its ability to generate images with good structure
and style. Notably, our method has a significant improve-
ment on SSIM (Wang et al. 2004) and FSIM (Zhang et al.
2011) while maintaining a clear advantage on FID (Heusel
et al. 2017) for the GTA5 → Cityscapes task. The above
comparison indicates the efficiency of our method in pre-
serving the content structure and transferring the style of the
input images.

Ablation Study
Qualitative comparisons To verify the effectiveness of
our method, ablation experiments are conducted on both the
single-scale and the multi-scale architecture. The qualitative
results are shown in Figure 8. The result of the single-scale
architecture in the yellow box (see Figure 8(a)) fails to re-
store the wires next to the streetlights in the original image
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Method SYNTHIA Day → Night BDD Sunny → Cloudy GTA5 → CityScapes
SSIM ↑ FSIM ↑ FID ↓ SSIM ↑ FSIM ↑ FID ↓ SSIM ↑ FSIM ↑ FID ↓

MUNIT 0.64 0.81 50.45 0.88 0.93 41.69 0.63 0.79 105.15
LPTN 0.83 0.88 65.34 0.92 0.94 46.37 0.77 0.89 99.65
CUT 0.58 0.77 61.74 0.81 0.84 58.33 0.55 0.70 98.08
TSIT 0.71 0.80 56.16 0.89 0.90 44.24 0.70 0.82 98.61
F-Sesim 0.46 0.84 49.14 0.79 0.91 42.55 0.55 0.74 83.21
VSAIT 0.80 0.90 48.68 0.89 0.96 42.50 0.58 0.86 82.77

Ours 0.87 0.91 46.15 0.94 0.96 40.74 0.93 0.95 82.55

Table 1: Quantitative comparisons on three tasks. Bolded represents the best and underline indicates the second best.

Figure 5: Comparison of existing methods on the SYNTHIA Day → Night task.

S-S M-S FDA WSE SSIM ↑ FSIM ↑ FID ↓
✓ 0.54 0.80 54.70
✓ ✓ 0.67 0.85 49.50
✓ ✓ 0.64 0.84 48.26
✓ ✓ ✓ 0.70 0.86 47.46

✓ 0.78 0.85 46.68
✓ ✓ 0.80 0.87 46.44
✓ ✓ 0.83 0.88 46.99
✓ ✓ ✓ 0.87 0.91 46.15

Table 2: Quantitative comparison results of ablation studies.
S-S represents single-scale and M-S represents Multi-scale.

and the style is chaotic. In the red box, the translation re-
sult fails to restore the pedestrians and loses the structure
information. These problems are caused by severe informa-
tion loss in encoding and decoding. In Figure 8(b)(c), it can
be seen that the visual effects of these two parts are signif-
icantly improved. Compared to Figure 8(b)(c), the results
in Figure 8(d) are relatively better in stylization effect and
structure maintenance, which demonstrates that our method
can improve performance on the single-scale architecture.

In the multi-scale architecture results, as shown in Fig-
ure 8(e), the structure of the translation results is more com-
plete and clearer than that of the single-scale results, which

is attributed to the multi-scale feature extraction capability.
However, the stylization effect is still unsatisfactory. In Fig-
ure 8(f), by adding the FDA module, both the global con-
tent and the stylization effect are improved compared to the
multi-scale method. And in Figure 8(g), the detailed struc-
ture is enhanced by adding the WSE module. When all of
our proposed modules are applied, the result shown in Fig-
ure 8(h) achieves the best in terms of both style effect and
structure maintenance, which proves the effectiveness of our
method.

Quantitative Comparisons The quantitative results of the
ablation experiments are shown in Table 2. The results of the
single-scale architecture are the worst, and the SSIM (Wang
et al. 2004) and FSIM (Zhang et al. 2011) are improved
by adding FDA or WSE to the network. The best results
are obtained by adding both the proposed modules. The
baseline results of the multi-scale architecture outperform
the optimal results under the single-scale architecture in
terms of SSIM (Wang et al. 2004) and FID (Heusel et al.
2017), which demonstrate the effectiveness of the proposed
multi-scale architecture. The quantitative results are further
improved after adding FDA or WSE. The best results are
achieved when all modules are applied, which is consistent
with the qualitative experimental results.
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Figure 6: Comparison of existing methods on the BDD Sunny → Cloudy task.

Figure 7: Comparison of existing methods on the GTA5 → CityScapes task.

Figure 8: Qualitative comparison results of ablation stud-
ies. (a) Single-scale. (b) Single-scale+FDA. (c) Single-
scale+WSE. (d) Single-scale+FDA+WSE. (e) Multi-scale.
(f) Multi-scale+FDA. (g) Multi-scale+WSE. (h) Multi-
scale+FDA+WSE.

Conclusion and Future Work
In this work, we introduce an unsupervised image translation
method with structural enhancement in frequency domain
named SEIT. It is built on the GAN framework with the pro-
posed FDA and WSE modules. We take advantage of the im-
age features in the frequency domain to preserve the source
content feature during style conversion and further enhance
the structural details. The multi-scale architecture is applied
to minimize information loss during translation and domain-
specific features are extracted using image-independent en-
coders for the source and target domains. Our method out-
performs existing methods qualitatively and quantitatively.
Thanks to the effective decoupling of content and style, our
method can be extended to the multi-modal image transla-
tion tasks to explore its performance on more domains.
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