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Abstract

Developing Medical AI relies on large datasets and eas-
ily suffers from data scarcity. Generative data augmentation
(GDA) using AI generative models offers a solution to syn-
thesize realistic medical images. However, the bias in GDA
is often underestimated in medical domains, with concerns
about the risk of introducing detrimental features generated
by AI and harming downstream tasks. This paper identi-
fies the frequency misalignment between real and synthe-
sized images as one of the key factors underlying unreli-
able GDA and proposes the Frequency Recalibration (Fr-
eRec) method to reduce the frequency distributional discrep-
ancy and thus improve GDA. FreRec involves (1) Statis-
tical High-frequency Replacement (SHR) to roughly align
high-frequency components and (2) Reconstructive High-
frequency Mapping (RHM) to enhance image quality and
reconstruct high-frequency details. Extensive experiments
were conducted in various medical datasets, including brain
MRIs, chest X-rays, and fundus images. The results show
that FreRec significantly improves downstream medical im-
age classification performance compared to uncalibrated AI-
synthesized samples. FreRec is a standalone post-processing
step that is compatible with any generative model and can in-
tegrate seamlessly with common medical GDA pipelines.

Introduction
Developing medical AI has become an essential practice
for computer-aided disease diagnosis (Litjens et al. 2017;
Li et al. 2018). This commonly involves a data-driven task
that relies heavily on a large volume of medical images for
model training. However, it often suffers from data scarcity
due to privacy issues, high costs of collecting real-world
medical images, and highly imbalanced class distributions
(Rajpurkar et al. 2022; He et al. 2020; Wang et al. 2024b).

A promising solution to address the shortage of clini-
cally available medical images is using generative AI mod-
els such as Generative Adversarial Networks (GANs) and
Diffusion Models (DMs) to synthesize realistic images that
augment existing training datasets (Dayarathna et al. 2024;
Wang et al. 2024c). Known as generative data augmenta-
tion (GDA), this technique increasingly produces large-scale
synthetic medical images that closely resemble real data,
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Figure 1: The average spectra of real and AI-synthetic im-
ages with different diseases and image types. The higher-
frequency differences are discernible (e.g. as red circles in-
dicate). Synthetic images are generated by different models:
MRIs from FastGAN, fundus images from VC-Diffusion
and X-rays from StyleGAN3.

thereby improving disease classification performance (Liu
et al. 2020; Gao et al. 2023; Chen et al. 2024; Shang et al.
2024). Moreover, GDA can generate diverse pathological
samples from healthy data, enhancing cross-domain gener-
alization, supporting few-shot learning, and mitigating clas-
sifier bias (Ktena et al. 2024).

Despite being widely applied to developing medical AI,
GDA faces growing concerns regarding its reliability. In
general AI fields, AI-synthesized samples have proven to
cause bias in certain tasks. For instance, language models
can experience performance collapse after repeated train-
ing on generated content (Shumailov et al. 2024). Like-
wise, computer vision models trained with GDA often fail
to achieve consistent improvement through trial and error
(Singh et al. 2024). However, in the medical imaging do-
main, this phenomenon is generally overlooked. Alongside
many medical AI studies having reported a positive effect of
GDA, it remains unclear whether synthesized medical sam-
ples consistently benefit downstream tasks or whether they
may introduce detrimental features generated by AI.
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Intrigued by this gap, in this paper, we provide a close
look at the bias of GDA when applying in medical im-
age classification tasks. Our empirical results show that
GDA can sometimes be detrimental for downstream train-
ing, mirroring observations in general AI fields. Unlike a
recent study of natural image tasks that addressed this bias
as a domain shift without exploring its underlying cause
(Wang et al. 2024d), we investigate it from a frequency-
domain perspective. Our analysis is inspired by recent re-
search revealing high-frequency misalignment between real
and AI-generated images (Durall, Keuper, and Keuper 2020;
Dzanic, Shah, and Witherden 2020; Liu et al. 2021; Corvi
et al. 2023; Frank et al. 2020). Since medical images such as
MRIs and X-rays are especially sensitive to high-frequency
variations due to their imaging processes and reliance on
subtle pathological details, they may be particularly vulner-
able to such frequency gaps.

Hence, we are motivated to posit this frequency gap (as
shown in Fig. 1) as one of the key factors underlying unre-
liable GDA. Following this, we propose Frequency Recali-
bration (FreRec), a two-step method enabling coarse-to-fine
alignment of frequency distributions between synthesized
and real images. The first step, Statistic High-frequency Re-
placement (SHR), roughly aligns distributions by replacing
the high-frequency components of AI samples with statis-
tically sampled counterparts from real images. The second
step, Reconstructive High-frequency Mapping (RHM), re-
fines the perturbed samples from Step 1, reconstructing their
high-frequency details by mapping onto the frequency distri-
bution of natural images while enhancing the image quality
for downstream use. Experiments on diverse medical image
classification tasks demonstrate that FreRec-calibrated GDA
samples significantly and consistently improve downstream
performance compared to uncalibrated AI-synthesized sam-
ples. Notably, unlike previous methods that require retrain-
ing generative models with frequency-domain regularization
to reduce their frequency bias (Durall, Keuper, and Keu-
per 2020; Jiang et al. 2021), FreRec is a standalone post-
processing step compatible with any generative model, in-
cluding GANs and diffusion models, making it a practi-
cal, plug-and-play, and cost-effective solution for medical
AI pipelines.

Related Work
Generative Data Augmentation for Medical AI
Using Generative AI models to synthesize medical data for
dataset augmentation has become a common practice to ad-
dress medical data scarcity in developing medical AI (Wang
et al. 2024c). Successful applications can be identified in
various medical domains, including X-ray scans (Liu et al.
2020; Gao et al. 2023), computed tomography (CT) (Chen
et al. 2024), fundus images (Shang et al. 2024), MRI (Da-
yarathna et al. 2024), and even foundation models for multi-
modality generation (Wang et al. 2024a). The usage of GDA
can also be extended to serve specific purposes such as
privacy-preserving training (Guillaudeux et al. 2023) or fair-
ness enhancement (Ktena et al. 2024). However, although
the reliability of AI-synthesized samples has recently been

scrutinized in general deep learning fields (Shumailov et al.
2024; Singh et al. 2024), in medical domains, this risk re-
mains underestimated and underexplored. A recent study ad-
dressed the issue from a domain-shift perspective but eval-
uated only natural images and did not investigate its root
cause (Wang et al. 2024d).

Frequency Gap in AI-Synthesized Images
Previous studies have identified a frequency gap between
AI-generated and real images. Existing work (Xu et al. 2019;
Wang et al. 2020; Rahaman et al. 2019) has demonstrated
that deep neural networks exhibit preference in learning in-
formation across different frequency bands, leading to fre-
quency artifacts when applied to generating images. For ex-
ample, Durall et al. (Durall, Keuper, and Keuper 2020) ob-
served significant differences in the spectral distributions of
real and GAN-generated images. Other research (Dzanic,
Shah, and Witherden 2020; Liu et al. 2021; Corvi et al. 2023;
Frank et al. 2020) has shown that this disparity is detectable
in both phase and amplitude spectra and occurs in both
GAN-generated and Diffusion-generated images. There are
also studies proposing to address the generative frequency
bias via a frequency-domain regularizer or a frequency loss
(Durall, Keuper, and Keuper 2020; Jiang et al. 2021). But
such methods require retraining the generative model, and
thus are less practical for medical GDA considering cost-
effectiveness and data availability.

The Frequency Recalibration Method
This study is motivated by the intriguing generative fre-
quency bias phenomenon, with a goal to answer the fol-
lowing questions: 1) will the frequency gap between AI-
generated and real images affect GDA in medical AI? 2) If
so, is there a cost-effective, universal method to close the
frequency gap to improve GDA for various medical image
classification tasks?

Since prior research shows that frequency abnormali-
ties in AI-generated images often appear in higher fre-
quency components, a pattern also observed in medical im-
ages (see Fig.1), a potential improvement on GDA is post-
processing AI-synthesized samples by recalibrating their
high-frequency distribution to match real images. To ad-
dress this, We propose the Frequency Recalibration Method
(FreRec) involving a two-phase manipulation: first, Statis-
tic High-frequency Replacement (SHR) replaces the high-
frequency components of synthetic images with the average
from real images, achieving initial alignment; second, Re-
constructive High-frequency Mapping (RHM) further map-
ping the high-frequency distribution to that of real images
and restoring image quality through learnable unidirectional
reconstruction. Together, these steps provide a coarse-to-
fine calibration of frequency distributions for AI-synthesized
medical images.

Statistic High-Frequency Replacement
Since AI-synthesized samples implicitly differ from real
samples in higher-frequency components (Durall, Keuper,
and Keuper 2020), a rough distributional alignment can be
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Figure 2: The workflow of Statistic High-frequency Re-
placement.

achieved via replacing the high-frequency components of AI
samples with the counterparts of real samples by statistic.

Let xS
i ∈ RN×N×C be a synthesized image, its

Fourier transformation can be denoted as F
(
xS
i

)
(u, v, c) =∑N−1

h=0

∑N−1
w=0 xi(h,w, c)e

−j2π( h
N u+ w

N v). A binary mask
M ∈ Rr×r, whose values are zero except for the center
region with a fixed ratio r, is applied to the centered Fourier
spectrum to separated it into the low-frequency component
F l
(
xS
i

)
and the high-frequency component Fh

(
xS
i

)
. The

same operation can be applied to a real medical image xR
i for

F l
(
xR
i

)
and Fh

(
xR
i

)
, and on this basis the high-frequency

components can be exchanged.
However, one-to-one replacement is prone to randomness

that fails to ensure distributional alignment. Therefore, as
shown in Fig. 2, for each synthetic image, we select a batch
of real images for a statistic-based replacement. Addition-
ally, to minimize perturbation from rough alignment and
preserve the semantic features of the modified synthetic im-
age, we retrieve the top-K real images {xR

k }Kk=1 that are sim-
ilar as xS

i by Structural Similarity (SSIM) score for replace-
ment. Then, given {xR

k }, the channel-wise mean and stan-
dard deviation of high-frequency spectral distribution are
computed as (for simplicity, we denote Fh

(
xR
k

)
as FRh
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Assuming the frequency components at each spectral

band in a batch of independent images follow a Gaussian
distribution (see Supplement for justification), the statistical
variances are calculated as follows:
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Figure 3: A conceptual explanation of the Reconstructive
High-frequency Mapping. Images are first transformed into
the same starting space during the initial alignment by SHR.
Then the synthetic images can be further calibrated by map-
ping onto the natural frequency manifold following the same
reconstruction path learned from real images.

Then the Gaussian distribution for probabilistic statistics of
high-frequency components of {xR

k }Kk=1 can be modeled.
With this Gaussian distribution, we can randomly sample
new mean µ̂ and standard deviation σ̂ to modify the origi-
nal high-frequency component FSh

i of the synthetic image
xS
i :
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(
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= µ
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)
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(3)

By combining the above F̂Sh
i with the original low-

frequency component FSl, followed by the inverse Fourier
transformation, a lossy calibrated sample x̂S

i is obtained.

Reconstructive High-Frequency Mapping
Statistic High-frequency Replacement provides coarse fre-
quency alignment but causes spectral distortion and reduces
image quality. Therefore, a further step is needed to restore
quality and recover high-frequency details resembling real
images from previous perturbed versions. A simple denois-
ing reconstruction of the perturbed synthetic samples via a
direct mapping x̂S

i −→ xS
i is ineffective, as it reverts back

to the original, frequency-misaligned synthetic image. In-
stead, we address this using unidirectional manifold map-
ping, i.e., learning a latent natural frequency manifold (zRF )
from real images, and then projecting synthetic images onto
it (see Fig. 3). Reconstruction from this shared latent space
z restores high-frequency details, aligning synthetic images
with the natural frequency distribution of real images.

To capture the natural frequency manifold zRF , we first
train a denoising auto-encoder A : x̂R

i −→ xR
i , where

x̂R
i is a perturbed version of xR

i . Importantly, A must be
trained exclusively on real images to form the accurate fre-
quency reconstruction direction towards the true frequency
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Figure 4: The details of the denoising auto-encoder used in Reconstructive High-frequency Mapping.

distribution of real images. Additionally, the input real im-
age x̂R

i is perturbed using the same SHR method (Eq.3) as
well, to ensure a consistent projection path where both real
and synthetic images are reconstructed from the same input
space, as explained in Fig 3. After training, we apply the
well-trained auto-encoder A∗ to synthetic images for high-
frequency reconstruction, during which their frequency dis-
tribution is calibrated to real images’.

The Backbone of A Designing A is challenging, as it
must accurately capture the frequency and visual details of
real images without introducing additional frequency dis-
tortion by itself. We address this through both model ar-
chitecture and loss function design. Specifically, we pro-
pose a transformer network based on the Restoration Trans-
former (Restormer) (Zamir et al. 2022), as shown in Fig
4, replacing its transformer blocks with our Frequency-
enhanced Transformer blocks (FET-blocks) to better learn
high-frequency details. Each FET-block incorporates a novel
Frequency-enhanced Spatial Attention (FESA) module and
the original Gated-Dconv Feed-forward Network (GDFN)
from Restormer. The network contains 2, 4, 6, and 8 FET-
blocks in levels 1 through 4, respectively, with two addi-
tional FET-blocks in the refinement stage.

FESA is built on a cross-attention mechanism that
fuses the global spatial self-attention branch with a lo-
cal frequency self-attention branch. The global spatial self-
attention branch takes the RGB feature as input. The layer-
normalized feature Frgb ∈ RH×W×C is split into query
(Q), key (K) and value (V ) projections using 1 × 1 con-
volutions to aggregate pixel-wise local context followed by
3×3 depth-wise convolutions to encode channel-wise spatial
context (Zamir et al. 2022). The query and key projections
are then reshaped for dot-product, yielding a transposed-

attention map of size RC×C . Overall, the global spatial self-
attention can be denoted as:

F̂rgb = C1 (softmax(Q ·K/a) · V ) (4)

where F̂rgb is the output feature map; Q ∈ RHW×C , K ∈
RC×HW and V ∈ RHW×C reshaped tensors. a is a learn-
able scaling parameter to control the magnitude of the dot
product. Cn indicates n× n convolution.

The local frequency self-attention branch enriches the
global learning by embedding additional local frequency
information into the spatial attention. The RGB feature
is transformed into the frequency domain by Fast Fourier
Transform (FFT) to obtain its amplitude spectrum as input.
To further disentangle frequency components, the average-
pooled spectrum feature Fspe ∈ R2R×2R×1 is then par-
titioned into many non-overlapping circular rings with a
width of d along the radius dimension, where d defines the
range of frequency components. We group the features lo-
cated in the same circular ring into one channel and obtain
Ffre ∈ RP×R/d, where P denotes the number of frequency
components on each channel. Then, we use two 3 × 3 con-
volutions. The first convolution outputs features into a sig-
moid function to obtain a local attention map, as sigmoid
gates are often used to control the local flow of information
without adding a large computational overhead (Hochreiter
1997). The second convolution is used to refine the spec-
trum features, followed by a point-wise multiplication with
the local attention map and inverse FFT. The local frequency
self-attention can be denoted as:

F̂fre = C1(iFFT (C3 (δ(Ffre)) · C3(Ffre)))) (5)

Finally, the global RGB feature and local frequency fea-
ture are fused by concatenation and a 1×1-Conv-BN-ReLU
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Datasets GenAIs Training Set Test Set

Task Dataset Type Source
Real Synthetic Real

Positive Negative Positive Negative Positive Negative
Brain tumor MRI Kaggle-Brain tumor FastGAN Pre-trained 1000 1000 1500 1500 300 300
DR Fundus image Kaggle-DR VC-Diffusion Pre-trained 7000 20000 3000 - 3000 6000

Cardiomegaly X-ray MIMIC-CXR StyleGAN3 From scratch 800 350 800 1250 100 100

Table 1: Details of datasets and settings.

block. After that, the original RGB features Frgb are added,
resulting in the refined features:

F̂final = Frgb +ReLU-BN-Conv(F̂rgb||F̂fre), (6)
where || indicated feature concatenation.

Loss Function In addition to the standard pixel-level sim-
ilarity loss for image reconstruction, we introduce a spectral
similarity loss to further ensure that A can accurately learn
frequency and visual details of real images, resulting in a
joint loss function:

min
A

L := ||xR
i −A(x̂R

i )||2︸ ︷︷ ︸
Pixel similarity

+ ||F(xR
i )−F

(
A(x̂R

i )
)︸ ︷︷ ︸

Frequency similarity

||2

(7)

Incorporating FreRec with GDA
Due to the inevitable sub-optimality of A∗, subtle frequency
differences may remain between its reconstructions and the
original images, causing the reconstructed image space to
shift slightly from the real image space (see Fig.3). Thus,
to achieve the best practice, we recommend implementing
FreRec as a unified, plug-and-play pre-processing module
in both training and inference phases of downstream disease
classifiers. That is, all training and testing samples, synthetic
and real, should be processed with FreRec to make the final
frequency distributions unified throughout the disease clas-
sification workflow.

Experiments
Datasets To maintain experimental diversity, we evaluated
three medical classification tasks based on different public
image datasets: brain tumor detection (brain MRIs) (Bhuvaji
et al. 2020), cardiomegaly diagnosis (chest X-rays) (John-
son et al. 2019), and diabetic retinopathy (DR) classification
(fundus photography) (Dugas et al. 2015). The generative
models employed for generative data augmentation (GDA)
are varied by model type and source: a pretrained GAN
(FastGAN (Liu et al. 2020)) for the synthesis of brain tumor
MRI images, a pretrained diffusion model (VC-Diffusion
(Ilanchezian et al. 2023)) for DR fundus images, and a
from-scratch GAN (StyleGAN3 (Karras et al. 2021)) for
cardiomegaly X-rays. Both pretrained models have demon-
strated GDA effectiveness in their original studies. Figure 5
presents examples of real and synthetic samples from three
datasets, while Table 1 provides a summary of the dataset
configurations. We perform GDA to enhance the training
sample size while striving to balance the distribution of dis-
ease classes as effectively as possible.

Figure 5: Examples of original real images (above) and syn-
thetic images (bottom) from three datasets. The synthetic
images maintain high visual quality and fidelity.

Baselines and Settings We compared no augmentation
(RAW), GDA without frequency alignment (GDA), GDA
with FreRec (GDA+FreRec). In addition, we also assessed
three image processing-based augmentation methods, Au-
toAug (Cubuk et al. 2019), Mix-up (Psaroudakis and Kol-
lias 2022), and Fourier-basis Augmentation (AFA) (Vaish,
Wang, and Strisciuglio 2024), plus Domain Gap Embed-
dings (DoGE), a recent domain bias reduction method for
AI-synthesized images (Wang et al. 2024d). Different clas-
sifier backbones, including ResNet50, DenseNet, and ViT-
B-16, were evaluated for disease classification. Classifica-
tion accuracy (Acc.), F1 and AUC scores were the evalu-
ation metrics, with each classifier evaluated five times and
the average results are reported to reduce randomness. The
mask ratio r and the sample number k of SHR was set to
0.5 and 200 respectively, considering the trade-off between
alignment effect, image quality and running time (see Sup-
plement for the decision process).

Disease Classification Results Table 2 shows the classi-
fication results of three diseases under various augmenta-
tion strategies. Normal augmentations (AutoAug, Mix-up,
and AFA) slightly improve performance over raw training,
where AutoAug and AFA are more reliable than Mix-up,
which occasionally degrades performance. The plain gen-
erative data augmentation, GDA, also suffers from unreli-
ability, sometimes having a negative impact on classifiers
despite significantly expanding the training set with syn-
thetic images. For instance, GDA decreases accuracy and F1
scores of cardiomegaly-ResNet50 and all brain tumor classi-
fiers compared to raw training. This observation aligns with
prior findings that AI-synthesized samples do not always im-
prove downstream tasks (Singh et al. 2024). In comparison,
recalibrating frequency with FreRec (GDA+FreRec) signif-
icantly improves the augmentation effect of GDA, mak-
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ing GDA more reliable. GDA+FreRec consistently improves
raw classifiers across all tests and metrics, demonstrating its
effectiveness as an augmentation strategy. This supports the
hypothesis that the frequency distributional gap between real
and synthetic samples is a key cause of GDA instability, and
closing this gap via frequency calibration improves reliabil-
ity. In general, GDA+FreRec outperforms baseline augmen-
tation strategies in all tasks except for DoGE in DR classifi-
cation. This is because DoGE directly reduces domain bias
in synthetic images via source-to-target domain adaptation.
However, it heavily relies on a fixed, known synthetic image
source, rendering DoGE only applicable to specific genera-
tion models. In contrast, FreRec is trained solely on real im-
ages, enabling a unidirectional mapping of synthetic images
from unknown and arbitrary generation models to real ones,
suggesting greater adaptability to unseen synthetic images.

Ablation Study We compare the complete FreRec with
sole SHR and sole RHM, with and without FESA (i.e., the
original Restormer), in terms of classification performance
and reconstruction quality. As shown in Table 3, FreRec
consistently outperforms its partial variants in all classifica-
tion tasks. While RHM without FESA yields the best image
quality due to its 1:1 reconstruction, the quality difference
between it and FreRec is minor, indicating FreRec achieves
frequency alignment at a negligible cost of image quality.
Notably, sole SHR does not improve classification perfor-
mance despite roughly aligning frequency distributions, as
the alignment process significantly distorts image quality.
Therefore, the RHM step is essential for fine-grained cali-
bration and restoration of image details. Reconstructed syn-
thetic samples can be visualized in the Supplement.

Frequency Recalibration Effectiveness
Distribution Visualization To confirm the effectiveness
of FreRec in aligning frequency distributions of synthetic
and real images, we present a visualization of their fre-
quency distributions before and after recalibration. The fre-
quency distribution is computed as a one-dimensional pro-
file by azimuthally integrating the spectral magnitudes over
radial frequencies θ (Durall, Keuper, and Keuper 2020).
The details of computing the one-dimensional profile can be
found in Supplement.

Figure 6 illustrates the average frequency distributional
comparisons across three datasets. Prior to applying FreRec,
substantial frequency discrepancies were observed between
real and synthetic images in all datasets, despite the syn-
thetic images spanning three distinct modalities and be-
ing generated by different AI models. After recalibration,
these distributional gaps were dynamically reduced across
all datasets, leading to improved alignment in frequency dis-
tributions. Notably, the alignments in the Brain Tumor MRI
and Cardiomegaly X-ray datasets are more thorough com-
pared to those in DR Fundus images. This discrepancy may
be attributed to the fact that DR Fundus images are color
photographs, whereas the others are grayscale. Color im-
ages inherently contain richer pixel information, making the
learning of Reconstructive High-frequency Mapping more
challenging for the denoising auto-encoder A.

Figure 6: Frequency distributions of real and synthetic im-
ages before (the left column) and after (the right column)
frequency recalibration in Brain Tumor MRI, Cardiomegaly
X-ray, and DR Fundus image datasets (from top to bottom).

Figure 7: Feature-space visualization of real and synthetic
images before (the left column) and after (the right column)
frequency recalibration in Brain Tumor MRI, Cardiomegaly
X-ray, and DR Fundus image datasets (from top to bottom).
Orange dots: Real samples; Blur dots: synthetic samples.
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DenseNet ResNet50 VIT
AUC Acc. F1 AUC Acc. F1 AUC Acc. F1

Card

RAW 0.842 0.803 0.787 0.834 0.792 0.788 0.832 0.794 0.779
AutoAug 0.853 0.814 0.798 0.847 0.803 0.797 0.843 0.804 0.787
Mix-up 0.833 0.812 0.795 0.828 0.804 0.787 0.823 0.808 0.792

AFA 0.855 0.808 0.800 0.831 0.822 0.815 0.859 0.819 0.817
DoGE 0.880 0.833 0.833 0.869 0.821 0.836 0.851 0.818 0.822
GDA 0.871 0.803 0.804 0.834 0.782 0.783 0.848 0.813 0.814

GDA+FreRec 0.899 0.848 0.834 0.888 0.832 0.834 0.888 0.838 0.832

DR

RAW 0.840 0.803 0.793 0.843 0.792 0.783 0.834 0.794 0.782
AutoAug 0.857 0.821 0.809 0.861 0.808 0.799 0.848 0.811 0.798
Mix-up 0.852 0.791 0.804 0.831 0.780 0.794 0.847 0.783 0.793

AFA 0.861 0.805 0.810 0.855 0.801 0.788 0.837 0.801 0.800
DoGE 0.880 0.841 0.816 0.871 0.825 0.819 0.862 0.811 0.810
GDA 0.863 0.813 0.804 0.848 0.803 0.792 0.834 0.783 0.773

GDA+FreRec 0.879 0.834 0.823 0.878 0.823 0.813 0.852 0.813 0.803

BT

RAW 0.840 0.742 0.733 0.793 0.783 0.772 0.753 0.723 0.713
AutoAug 0.833 0.759 0.740 0.811 0.799 0.779 0.771 0.731 0.729
Mix-up 0.853 0.731 0.744 0.782 0.794 0.761 0.764 0.734 0.702

AFA 0.841 0.824 0.730 0.807 0.814 0.766 0.771 0.728 0.739
DoGE 0.859 0.833 0.742 0.811 0.822 0.780 0.785 0.733 0.747
GDA 0.794 0.732 0.713 0.783 0.723 0.723 0.758 0.732 0.743

GDA+FreRec 0.855 0.834 0.753 0.843 0.843 0.783 0.787 0.737 0.752

Table 2: Disease classification results in three datasets using different augmentation strategies. Bold and underline indicate the
best and second best results in each group, respectively. Card = cardiomegaly; DR = Diabetic Retinopathy; BT = Brain Tumor.

AUC Acc. PSNR SSIM

Card

SHR 0.81 0.79 25.10 0.76
RHM w.o. FESA 0.85 ↑ 0.04 0.79 ↑ 0.01 36.44 ↑ 11.34 0.98 ↑ 0.21
RHM w. FESA 0.87 ↑ 0.02 0.82 ↑ 0.03 35.51 ↓ 0.93 0.96 ↓ 0.02
FreRec 0.89 ↑ 0.03 0.84 ↑ 0.02 35.62 ↑ 0.11 0.95 ↑ 0.00

DR

SHR 0.81 0.77 25.22 0.76
RHM w.o. FESA 0.85 ↑ 0.04 0.81 ↑ 0.05 36.33 ↑ 11.11 0.97 ↑ 0.22
RHM w. FESA 0.86 ↑ 0.01 0.82 ↑ 0.01 34.23 ↓ 2.10 0.94 ↓ 0.03
FreRec 0.87 ↑ 0.01 0.82 ↑ 0.01 34.29 ↑ 0.06 0.95 ↑ 0.01

BT

SHR 0.78 0.73 25.95 0.77
RHM w.o. FESA 0.79 ↑ 0.01 0.75 ↑ 0.02 41.23 ↑ 15.28 0.99 ↑ 0.22
RHM w. FESA 0.80 ↑ 0.01 0.80 ↑ 0.05 40.21 ↓ 1.02 0.98 ↓ 0.01
FreRec 0.83 ↑ 0.02 0.81 ↑ 0.01 41.15 ↑ 0.94 0.98 ↑ 0.00

Table 3: Classification performances and image quality of
different frequency calibration methods.

Feature-Space Visualization To verify that frequency
discrepancies between synthetic and real images contribute
as a main cause for GDA’s instability in downstream dis-
ease classification and that frequency alignment improves
its reliability in enriching useful features, we provide a
feature-space visualization using T-SNE. For each disease,
a ResNet50 classifier is independently trained on 80% of
the real images from the training set described in Table 1.
The classification head is then removed, turning the clas-
sifier into a pre-trained feature encoder to extract features
from the remaining 20% of real images and an equal num-
ber of randomly selected synthetic images. To ensure unbi-
ased evaluation, this process is performed without regard to
class labels. The extracted features are visualized in a two-
dimensional space using T-SNE.

Figure 7 presents the clustering results. In the left col-
umn, the features of synthetic and real samples are clearly

separated across all datasets, indicating a domain bias in the
synthetic samples that can compromise GDA reliability. In
the right column, frequency recalibration shifts the synthetic
features closer to the real ones. For the Brain Tumor MRI
and Cardiomegaly X-ray datasets, the synthetic and real fea-
tures completely overlap, eliminating domain bias. In the
DR dataset, the shift is not complete, likely due to color im-
ages have richer pixel information that may complicate the
high-frequency reconstruction and induce other contextual
biases that frequency recalibration cannot fully address.

Conclusion
Generative data augmentation is widely used for medical im-
age classification tasks. It can synthesize realistic medical
image samples to complement the original dataset. However,
the reliability of AI-synthesized samples should be carefully
investigated to avoid any domain bias and negative features
brought by generative AI models. In this study, we explored
this problem from a frequency perspective. We identified
that the frequency misalignment between real and synthetic
images is a main cause of the instability of GDA. To ad-
dress this issue, we proposed a novel frequency recalibra-
tion method, which consists of two steps, Statistical High-
frequency Replacement and Reconstructive High-frequency
Mapping, to formulate a coarse-to-fine alignment of the fre-
quency distributions between real and synthetic images. Our
extensive experiments performed on various datasets and
on different generative AI models demonstrate that the cal-
ibrated synthetic samples have a much closer distribution
to the real ones, and can significantly improve downstream
medical image classifications.
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