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Abstract. The prevalence of generative models in image and
video generation has raised extensive concerns about potential harm
and misuse. To identify the truthfulness of generated images, most
of the existing methods typically apply Fast Fourier Transform
(FFT) for frequency extraction. An existing problem is that the
frequency-domain representations extracted by FFT are not compre-
hensive for Al-generated image detection. In this paper, we propose
a Multi-perspective Frequency Domain Learning (MFDL) frame-
work, which aims to learn both generalized and discriminative fre-
quency representations via DWT and FFT. Specifically, we de-
sign a Frequency Representation Enhancement (FRE) module using
the Discrete Wavelet Transform (DWT) and incorporating a multi-
granularity enhancement strategy that amplifies all subbands across
high frequency to improve discriminability. Additionally, we intro-
duce a Frequency Representation Consistency (FRC) module, which
employs complex convolution to capture and preserve forgery pat-
terns in the real and imaginary components derived from FFT. By
integrating complementary frequency representations from the DWT
and FFT domains obtained through the FRE and FRC modules,
MFDL achieves a comprehensive understanding of forgery traces in
the frequency domain. This enhances the model’s generalization ca-
pability for detecting generated content. Extensive experiments con-
ducted on 32 distinct datasets, covering both GAN-generated and
Diffusion-based images, demonstrate the effectiveness of our pro-
posed MFDL framework. These experiments validate the effective-
ness of multi-perspective frequency domain learning and show that
MFDL outperforms existing detection methods, confirming its strong
generalization ability across diverse generative models.

1 Introduction

In recent years, the rapid advancement of generative technologies
[1, 45, 30, 31, 18] has increasingly blurred the boundary between
reality and fiction. These technologies have reached a remarkable
level, producing forgeries that closely mimic genuine pictures. Con-
sequently, their malicious use has raised significant societal con-
cerns, including fraud and the spread of misinformation. There is an
urgent need for an effective detector to distinguish real images from
generated ones.

Previous works [7, 41, 33] explore the classification of generated
images, yet they face challenges in cross-domain generalization. To
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Figure 1: Previous frequency-based methods typically utilize either
(a) the Fast Fourier Transform (FFT) for global frequency discrep-
ancy traces or (b) the Discrete Wavelet Transform (DWT) to extract
local edge frequency traces. (c) Our proposed MFDL integrates both
FFT and DWT frequency representations, enabling more extensive
frequency-based forgery recognition.

overcome this limitation, some recent studies [3, 14, 40] have in-
vestigated generalizable image detectors that exploit visual forgery
traces, such as blurriness and unnatural artifacts. However, as gen-
erative techniques continue to evolve, the resulting images have be-
come increasingly photorealistic, making it difficult to detect forg-
eries from newer models.

To address this challenge, researchers [6, 28, 24] have found
frequency-based methods as a generalizable solution. Recent works
[21, 25, 13] have explored frequency-domain forgery traces ex-
tracted using techniques such as the Fast Fourier Transform (FFT)
and Discrete Wavelet Transform (DWT), focusing on discrepancies
in frequency components. However, relying solely on either FFT
or DWT limits the detector’s ability to capture comprehensive fre-
quency traces, as shown in Figure 1.

In this paper, we propose a novel framework named Multi-
perspective Frequency Domain Learning (MFDL) for the generaliz-
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Figure 2: Frequency representations extracted by FFT and DWT. (a) The FFT-based frequency representation reveals strong global discrepancies
between real and fake images. (b) The DWT-based frequency highlights unnatural and chaotic background textures. (c) The fake image exhibits
subtle frequency representation in FFT and anomalous texture components in DWT.

able and robust detection of Al-generated images. To this end, MFDL
adopts a dual-network architecture consisting of two complementary
modules: the Frequency Representation Consistency (FRC) module
and the Frequency Representation Enhancement (FRE) module.

Building upon the effectiveness of existing FFT-based methods
that utilize high frequency components for Al-generated image de-
tection [37, 11], the FRC module further explores the potential of
the frequency domain to detect generative artifacts. The FRC mod-
ule uses a high-pass filter to reduce low frequency noise, which is
similar in both real and generated images, while preserving high fre-
quency details where manipulation traces are typically introduced
and detected. To enhance detection capability, the module applies
complex convolutions to both the real and imaginary components of
the FFT features. This allows the model to capture more detailed fre-
quency discrepancies and learn robust, discriminative patterns in the
FFT frequency space.

The FRE module complements the FRC by focusing on enhanc-
ing frequency-based features. It amplifies essential high frequency
components and processes them with element-wise convolutions to
refine subtle details. By introducing a multi-scale enhancement strat-
egy, the module emphasizes informative patterns across different fre-
quency levels. This design enables the FRE module to capture fine-
grained frequency discrepancies, thereby improving the model’s abil-
ity to distinguish between real and Al-generated images. The com-
plementary enhancement in another frequency domain further boosts
the robustness and generalization of the overall framework.

Finally, the representations extracted from both the FFT and DWT
frequency domains are fused to provide a more comprehensive view
of frequency-based artifacts. As shown in Figure 2, the FFT and
DWT frequency representations are complementary. This fusion al-
lows the model to leverage the strengths of both the FFT’s global fre-
quency analysis and the DWT’s multi-scale local frequency details.
Their combination enhances the model’s ability to detect diverse gen-
erative artifacts and improves generalization across different types of
Al-generated content, outperforming methods based on a single fre-
quency domain or spatial features. In summary, the contributions of
this paper are listed below:

e We propose a Multi-perspective Frequency Domain Learning
framework named MFDL, which incorporates distinctive DWT
and FFT frequency information to identify GAN and Diffusion
generated images.

e We design two key modules: the Frequency Representation Con-
sistency (FRC) module and the Frequency Representation En-

hancement (FRE) module. The FRC module leverages FFT and
complex convolutions to capture global frequency patterns, while
the FRE module utilizes DWT to extract local frequency features
and enhance high frequency forgery components.

e Extensive experiments validate the effectiveness of the proposed
MFDL, demonstrating strong generalization capabilities across 32
different generation models.

2 Related works
2.1 Pixel-based Generated Image Detection

The rise of GAN [8, 15, 16] and Diffusion models [10, 26, 35] has
spurred growing interest in detecting Al-generated images. Early
studies [14, 9, 19] focused on pixel-level artifacts such as blurri-
ness or unnatural textures, while others [4, 2] introduced data aug-
mentation to improve robustness. However, as generative models like
Stable Diffusion and DALL-E [32, 31] advance, these artifacts have
become more subtle and harder to detect. Recent works [39, 5, 17]
have explored vision-language models (VLMs) for improved detec-
tion, such as retraining CLIP [29] to distinguish real and fake con-
tent [27]. Another line of work, NPR [38], investigates the inherent
operations of generative models to detect inconsistencies in the re-
lationships between neighboring pixels in generated images. While
these approaches aim to capture more intrinsic distinctions between
real and synthetic content, they still face significant challenges in
handling increasingly sophisticated generative models.

2.2 Frequency-based Generated Image Detection

As generative models advance, detecting images from newer models
has become increasingly difficult. Prior works [7, 12, 20] explored
frequency-domain discrepancies between real and fake images. For
example, Wang et al. [41] used frequency representations for de-
tection, while F3-Net [6] captured key frequency patterns of gen-
erated content. However, with the emergence of Diffusion models,
such artifacts have become less visible. Recent studies [44, 22, 42]
thus explore alternative frequency cues to boost detection. F2-Trans
[25], for instance, applies DWT to extract high frequency compo-
nents for better generalization across models. BIHPF [11] adopted
the Fast Fourier Transform (FFT) to isolate high frequency signals
and proposed a dual high-pass filtering network to suppress low fre-
quency noise. Similarly, FreqNet [37] exploited high frequency fea-
tures across both spatial and channel dimensions to enhance the de-
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Figure 3: Overview of the proposed framework. In Frequency Representation Consistency (FRC), the input image « is first transformed into the
frequency domain using FFT, followed by a high-pass filter to remove low frequency components. Meanwhile, in Frequency Representation
Enhancement (FRE), the input image « is processed using DWT to extract multi-scale frequency features, where a high frequency enhancement
module is applied. In the FRC branch, convolution is applied separately to the real and imaginary components of f7, leveraging complex-valued
computation to preserve detailed frequency representations. In the FRE branch, the highest-resolution frequency component f;.; is amplified
across the HL, LH, and HH sub-bands to enhance local frequency features, such as background anomalies.

tector’s capacity to capture frequency details. Nevertheless, these ap-
proaches typically focus on a single aspect of frequency representa-
tion, which may limit their ability to generalize across different gen-
erative traces or structures introduced by newer models. To address
this limitation, we design a detector that comprehensively captures
multi-perspective frequency representations, improving detection ef-
fectiveness and robustness in generative models.

3 Methodology
3.1 Overview

Intuitively, Figure 3 illustrates the Multi-perspective Frequency Do-
main Learning (MFDL) framework, which captures diverse aspects
of frequency information through a dual-branch architecture that in-
corporates the Frequency Representation Enhancement (FRE) and
Frequency Representation Consistency (FRC) modules. FRC em-
ploys the Fast Fourier Transform (FFT) to capture global frequency
patterns and preserve frequency characteristics. Additionally, FRE
leverages the Discrete Wavelet Transform (DWT) to extract local
frequency features, identifying forgery traces to distinguish between
real and generated images.

The task aims to identify generated images by learning a mapping
f: I — Y, where I denotes the set of input images and Y = {0, 1}
represents the binary labels (fake or real). Specifically, generated
images may be produced by various techniques such as GANs and
Diffusion models. Thus, we define I, € I = {I1,I2,...,I,} as
a collection of generated images produced by a particular genera-
tive model, where I, = {(zi,y:)|1 < ¢ < n}, with z; represent-

ing an image sample and y; denoting its associated class label. The
task of generated image detection typically involves taking an image
x; € RWXHXC a5 input and predicting the image label.

3.2 Frequency Representation Consistency

To ensure generalization across different generative models and re-
tain the frequency-domain information after convolutions, we pro-
pose the Frequency Representation Consistency (FRC) module. FRC
focuses on both real and imaginary components by extracting global
frequency representations using the Fast Fourier Transform (FFT).

Given an input image x; € RW*#XC we first apply the Fast
Fourier Transform (FFT) to convert it into the frequency domain.
High frequency components are particularly important because they
contain critical image details such as textures and edges, which are
essential for distinguishing between real and generated images. To
emphasize these components, we apply a high-pass filter that sup-
presses low frequency noise. This process retains high frequency in-
formation that is more sensitive to local artifacts and subtle manipu-
lations found in generated images.

FRC uses the Fast Fourier Transform to extract the frequency rep-
resentation, as shown in the equation:

W H
fh(u,’l)) = Fﬁller(u,v) . Zsz(k,q) . 6_j2w(uWk+%)7 (1)
k=1 q=1

where j is the imaginary unit, and the Fourier kernel e 7 27() focuses
on transforming the spatial image z;(k, ¢) into its global frequency
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representation f5,. The high-pass filter is defined as:

0, if|ul <% and|v| <&

1, otherwise

Fﬁlter(u,v) = { 5 (2)
where (u,v) are the frequency coordinates. This filter effectively
suppresses the low frequency components within the central region,
which correspond to the background and large image structures. To
preserve the frequency forgery traces while learning features in the
frequency domain, we utilize the complex convolution. Unlike tra-
ditional convolutions, complex convolutions operate on both the real
and imaginary components of the frequency representation, ensur-
ing that frequency information is retained throughout the learning
process. The real and imaginary components of high frequency rep-
resentation f5, are expressed as:

S =R(frn) +7S(fn), 3)

where 3(fr) and (fr) are the real and imaginary parts of the fre-
quency representation, respectively. The complex convolution kernel
is defined as K = R(K) + jS(K). The complex convolution oper-
ation is performed as follows:

R(fn)" = R(fn) * RIK) — S(fn) * S(K),
S(fn)" = R(fn) * S(K) + I(fn) * R(K),
where * denotes the convolution operation. The output frequency

representation is then reconstructed from its learned real and imagi-
nary frequency components:

fh=R(fn) +3S(fn), Q)

where f; represents the enhanced frequency feature that captures
forgery frequency information, crucial for recognizing subtle texture
and structure details.

(C)

3.3 Frequency Representation Enhancement

To complement the FFT-based frequency extraction in FRC, we
introduce the Frequency Representation Enhancement (FRE) mod-
ule, which also focuses on high frequency forgery traces commonly
found in generated images. This module leverages the Discrete
Wavelet Transform (DWT) to capture multi-scale frequency features
that span both low and high frequencies. While FFT captures global
frequency information, DWT allows the detector to focus on the
granular details of the image, which are essential for detecting subtle
artifacts often introduced by generative models.

The frequency representation f € RW>HXCXM extracted via
DWT (db=3) consists of M levels of multi-scale features, each
revealing distinct frequency-domain discrepancies that are indica-
tive of forged images. These discrepancies often emerge at differ-
ent scales, making them important for accurate image classification.
The FRE module is designed to amplify high frequency components
across these multi-scale levels to enhance the model’s ability to dif-
ferentiate between real and generated images.

The FRE module works as follows:

f;% = Conv(H(z)), fia = Conv(L(z)), (6)

where H (-) and L(-) are high-pass and low-pass filters, respectively,
and the convolution operation helps extract both high and low fre-
quency representations from the input image. The f and fiq de-
note the high and low frequency. The process for reconstructing the
enhanced frequency representation is as follows:

fo =IDWT (fia, {- frats Fras-- - fid)s ©)

where we apply the Inverse Discrete Wavelet Transform (IDWT) to
the granular frequency representations to transform them back to the
spatial domain, with the result denoted as fp. The hyperparameter o
is set to 2.

To capture forgery traces within the frequency representation, we
apply a feature extractor that consists of a point-wise convolution
layer followed by a ReLU activation function:

fb = ReLU(Conv(fp;w, b)), ®)

where w and b represent the convolution weights and bias parame-

ters, and f7, is the output feature with extracted forgery traces.
Then, we integrate the features from FRE and FRC, and learn the

forgery frequency representation through a ResNet Stage Block,

Jre = ReSN(fb + ffll)v Q)

where fre denotes the learned multi-perspective frequency feature
map, and ResN represents the ResNet stage block.

Finally, MFDL leverages the Binary Cross-Entropy (BCE) loss,
denoted as £ pc g to optimize the classification objective. The loss is
defined as:

1 X
LBcE = N ; [yi . log(pi) + (1 - yi) : 10%(1 - PZ)} , (10)

where y; € {0,1} is the ground-truth label, and p; € (0,1) is the
predicted probability.

4 Experiment
4.1 Experimental Settings

Training Dataset. To ensure a consistent basis for comparison, we
follow the baseline [27, 37] and train our MFDL model exclusively
on ProGAN-generated images from the ForenSynths [41] dataset.
Specifically, the training set contains over 70,000 ProGAN images
in four object categories: car, cat, chair, and horse.

Test Dataset. To demonstrate the effectiveness and generaliza-
tion capability of our proposed model, we conduct a comprehen-
sive evaluation on 32 generated image datasets. These datasets cover
a wide range of generation sources, including open-source mod-
els such as LDM200, LDM 100, PNDM, DDPM, VQDiffusion, and
Guided Diffusion, as well as commercial models like Stable Diffu-
sion v4, Glide, and DALL-E. Furthermore, we evaluate our model on
eight Diffusion-generated datasets from DiffusionForensics [43], in-
cluding ADM, DDPM, Stable Diffusion v1, Stable Diffusion v2, and
others. In addition, we test on the large-scale Genlmage [46] dataset,
which consists of millions of images from advanced generators, in-
cluding BigGAN, Wukong, Midjourney, and Stable Diffusion v5.

Implementation Details. During training, we use the Adam op-
timizer with a learning rate of 1 x 1073, The batch size is set to
32, and the model is trained for 65 epochs. Following the baselines
[37, 38], we evaluate the models by calculating the average precision
(AP) and accuracy (Acc).

4.2 Performance Evaluation
4.2.1 Performance on GAN-generated Datasets

To evaluate the effectiveness of MFDL on images generated by the
GAN model, we conduct experiments on eight GAN-generated im-
age datasets. As shown in Table 1, MFDL consistently outperforms
existing baseline models across these datasets.
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Table 1: Performance of the approaches on the GAN datasets. The best results are highlighted in bold and second-best results are underlined.

The Mean denotes the average of Acc and AP.

Test Models

Method CycleGAN StyleGAN StyleGAN2 BigGAN ProGAN StarGAN AttGAN RelGAN Mean

Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP
Wang [41] 80.7 96.8 734 985 684 979 458 956 914 994 809 954 574 90.0 63.1 948  70.1 96.0
Frank [7] 755 712 745 720 731 714 887 86.0 90.3 852 995 995 650 744 692 962 794 819
Durall [6] 69.0 640 544 526 668 620 60.1 563 8l.1 744  98.1  98.1 399 382 800 88.2 68.6  66.7
SelfBland [34] 592 653 500 477 486 474 511 519 588 65.2 74.5 89.2 63.1 66.1 736 718 59.8 638
GANDetection [23] 852 955 744 929 699 879 763 899 827 95.1 78.8 90.2 574 75.1 609 862 732 89.1
Ojha [27] 984 998 86.1 975 752 975 927 978 978 95.5 95.5 994 905 967 928 97.5 91.1 977
FreqNet [37] 91.8 966 902 997 8.1 995 928 992 996 1000 952 99.0 8.8 988 99.0 100.0 934 99.1
NPR [38] 89.6 994 947 997 986 997 814 991 997 1000 956 1000 739 842 997 100.0 91.6 97.8
MFDL 923 977 949 999 955 999 974 998 99.8 100.0 96.0 100.0 974 99.5 999 100.0 96.5 99.6

Table 2: Performance of the approaches on the Diffusion datasets. The best results are highlighted in bold and second-best results are underlined.

The Mean denotes the average of Acc and AP.

Test Models

Method DALL-E LDM200 LDM100 PNDM DDPM Glide SDv4 VQDiffusion Guided Mean

Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP
Wang [41] 525 667 51.1 665 513 666 503 828 69.0 546 532 755 507 648 500 706 525 812 534 699
Frank [7] 57.0 625 564 509 566 513 440 382 370 276 520 424 505 455 51.7 66.7 50.6 485 50.6 48.1
Durall [6] 559 580 61.7 617 620 626 445 473 529 498 51.8 497 548 5438 38.6 38.3 524 524 527 527
SelfBland [34] 524 516 526 519 530 540 482 482 619 496 60.8 652 548 534 772 827 580 576 576 57.1
GANDetection [23] 67.2 83.0 549 659 547 658 50.6 79.0 623 464 514 525 492 325 51.1 512 521 515 548 58.6
Ojha [27] 873 974 950 992 944 993 86.1 952 740 851 587 913 648 748 717 90.1 699 852 783 88.6
FreqNet [37] 973 998 975 999 979 999 852 998 692 327 876 955 701 921 1000 100.0 71.8 88.6 862 89.7
NPR [38] 822 992 958 999 957 999 965 999 69.1 237 938 984 942 982 1000 1000 874 968 90.6 90.8
MFDL 975 998 988 999 99.0 1000 97.8 999 696 353 942 983 949 988 100.0 100.0 819 971 92,6 921

Several key observations can be made: 1) The proposed MFDL
achieves superior performance in detecting GAN-generated images,
demonstrating the advantage of emphasizing high frequency compo-
nents. 2) MFDL achieves notable AP values, indicating high confi-
dence in classification, which benefits from the joint use of FFT and
DWT for frequency domain representation. 3) Specifically, MFDL
outperforms baseline methods, with an improvement of in 3.1%
mean accuracy. These results demonstrate that MFDL effectively
preserves frequency domain consistency, leading to enhanced robust-
ness against various GAN architectures. Compared to existing meth-
ods, MFDL highlights the high frequency discrepancies introduced
by GANSs, which are crucial for reliable image generation detection.

4.2.2  Performance on Diffusion-generated Datasets

To further validate the generalization capability of MFDL, we con-
duct extensive evaluations on images generated by various Diffusion
models. As shown in Table 2 and Table 3, we can observe that our
method achieves comprehensive improvements in both Acc and AP
compared to existing state-of-the-art detection methods.

Despite being trained exclusively on images generated by Pro-
GAN, MFDL exhibits remarkable generalization to unseen diffusion
models. As shown in Table 2, it significantly outperforms state-of-
the-art approaches such as FreqNet and NPR, achieving gains of
6.4% and 2.0% in mean Acc, respectively. Furthermore, as shown
in Table 3 on the challenging DIRE dataset, which features high-
quality diffusion-generated images, MFDL continues to demonstrate
superior performance. It surpasses both FreqNet and NPR baselines
by 12.1% and 3.3% in mean accuracy, while also achieving higher
and comparable average precision scores.

Additionally, in Table 4, we evaluate MFDL on a large-scale
benchmark encompassing images produced by advanced diffusion
models, including Midjourney and Stable Diffusion v5. MFDL

achieves a mean accuracy of 88.1%, outperforming NPR and Fre-
gNet by margins of 4.1% and 8.2%, respectively. These results high-
light several key findings: 1) MFDL consistently outperforms exist-
ing baselines across diverse datasets, showcasing its ability to cap-
ture multi-perspective frequency information through the FRE and
FRC modules. 2) Even when trained only on a single GAN genera-
tor, MFDL generalizes well to unseen diffusion models, demonstrat-
ing its robustness and effectiveness.

In conclusion, MFDL leverages frequency-domain representations
to effectively distinguish between real and generated images. Its sta-
ble performance on challenging Diffusion-generated datasets con-
firms that the MFDL is an effective and generalizable Al-generated
image detection framework.

4.3 Comparison of Parameters with SOTA Models

Table 5 reports the average performance across 32 datasets along-
side the parameter counts of state-of-the-art (SOTA) methods. Com-
pared with Ojha et al. [27], MFDL achieves better accuracy while
using significantly fewer parameters, demonstrating its efficiency
and the effectiveness of incorporating frequency information for de-
tecting generated images. Moreover, MFDL surpasses FreqNet [37]
and NPR [38], achieving an average accuracy gain of 7.4% and
2.5%. These results indicate that MFDL is more capable of captur-
ing multi-perspective frequency forgery artifacts, offering superior
performance with a comparable model size.

4.4  Ablation Study

As shown in Table 6, removing the FRC module results in a clear
drop in performance, demonstrating that global frequency informa-
tion plays a key role in distinguishing generated content. FRC utilizes
FFT to capture broad spectral patterns, making it especially useful
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Table 3: Performance of the approaches on the DiffusionForensics. The best results are highlighted in bold and second-best results are under-
lined. The Mean denotes the average of Acc and AP.

Test Models
Method R .
ADM DDPM IDDPM LDM PNDM VQDiffusion SDv1 SDv2 Mean

Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP
Wang [41] 539 718 627 76.6 502 82.7 50.4 78.7 50.8 90.3 50.0 71.0 38.0 76.7 520 903 510 79.8
Frank [7] 589 659 370 27.6 514 650 51.7 48.5 44.0 38.2 51.7 66.7 32.8 523 408 375 460 502
Durall [6] 39.8 421 529 498 553  56.7 43.1 39.9 445 47.3 38.6 38.3 39.5 563 62.1 558 47.0 483
SelfBland [34] 570 59.0 619 496 632  66.9 83.3 922 482 48.2 772 82.7 462 680 712 739 635 676
GANDetection [23] 51.1 53.1 623 46.4 502  63.0 51.6 48.1 50.6 79.0 51.1 51.2 39.8 656 50.1 369 508 554
Ojha [27] 784 921 729 78.8 75.0 928 82.2 97.1 753 92.5 83.5 977 564 904 715 924 744 917
FreqNet [37] 66.7 852 903 99.1 60.1 929 975 100.0 849 993 999 100.0 938 99.6 707 96.5 83.0 96.6
NPR [38] 837 980 974 1000 858 99.1 100.0 100.0 96.0 1000 100.0 100.0 91.1 999 805 99.8 91.8 995
MFDL 863 984 954 1000 885 99.2 100.0 1000 989 100.0 100.0 1000 943 999 98.0 998 951 99.6

Table 4: Performance of the approaches on the Genlmage. The best results are highlighted in bold and second-best results are underlined. The

Mean denotes the average of Acc and AP.

Test Models
Method . . -
BigGAN Wukong VQDM Glide Midjourney ADM SDv5 Mean

Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP
Wang [41] 71.1 859 603 756 510 573 564 688 58.0 722 513 662 505 615 569 69.6
Frank [7] 819 936 634 617 403 395 778 851 541 529 458 46.0 392 377 575 595
Fusing [14] 774 907 590 941 517 646 551 756 572 775 522 70.0 514 657 577 768
LGrad [36] 85.6 929 671 729 595 624 729 774 66.1 804 653 7T1.8 63.6 628 68.5 743
DIRE [43] 70.1 752 544 553 536 545 717 783 58.0 61.8 757 858 498 495 619 657
Ojha [27] 950 992 709 910 853 965 624 838 561 740 668 8.8 634 858 714 88.1
FreqNet [37] 89.8 946 855 905 780 831 783 840 63.1 682 780 847 865 91.1 799 851
NPR [38] 879 955 854 945 794 946 921 975 737 87.8 79.0 949 90.7 96.6 84.0 944
MFDL 90.8 969 889 951 861 969 929 977 838 903 819 952 924 969 88.1 955

Table 5: Comparison of Model Parameters and Accuracy.

Method Parameters (J) Time ()  Accuracy (1) on 32 models
Ojha [27] 427TM 201.5ms 79.0%
FreqNet [37] 1.9M 50.7ms 85.8%
NPR [38] 1.4M 32.5ms 89.7%
MFDL 2.0M 59.8ms 93.2%

Table 6: Ablation Study of our proposed modules.

FRE FRC  Accuracy (1) on 32 models
X X 63.4%
v X 87.6%
X v 89.5%
v v 93.2%

when dealing with varying generative styles. On the other hand, FRE
focuses on high frequency representation at different scales, which
are typically associated with subtle texture inconsistencies or local
artifacts. These fine-grained cues complement the global features ex-
tracted by FRC. These two modules form a complementary structure
that captures both global and local frequency irregularities, contribut-
ing to robust detection across diverse generative sources.

Complex convolutions process the real and imaginary components
independently, making them a natural fit for the FRC module, where
FFT produces complex-valued features. In contrast, as DWT in FRE
outputs only real-valued subbands, applying complex convolutions
there distorts the representations and harms performance. Table 7
shows that using complex convolution solely in FRC yields the best
results, while applying it in FRE alone or in both modules degrades
performance. In the former case, both modules fail to capture useful
cues, and in the latter, FRE interferes with FRC. Removing complex

Table 7: Ablation Study on Complex Convolution. The w/o and w/ in
denote the without and with.

Complex Conv Accuracy (1) on 32 models

w/o 90.4%
w/ in FRE&FRC 88.7%
w/ in FRE 86.6%
w/ in FRC 93.2%

convolution entirely also reduces accuracy. These findings indicate
that complex convolution should be selectively applied in FRC, and
that both FRC and FRE are essential for learning complementary fre-
quency representations.

4.5 Visualization on Forgery Traces

The Grad-CAM visualizations highlight the regions where the model
focuses when detecting generated images, effectively revealing po-
tential forgery traces. As shown in Figure 4, the attention maps in-
dicate that MFDL is capable of locating manipulated regions in im-
ages produced by both GAN and Diffusion models. Compared to
GAN-generated images, those generated by Diffusion models exhibit
subtler artifacts, making them more challenging to detect. Neverthe-
less, MFDL successfully identifies forgery-related regions across a
wide range of generative models, demonstrating its strong general-
ization ability. Notably, despite being trained only on images gener-
ated by ProGAN, MFDL can still capture discriminative frequency-
domain cues from unseen generative models. This highlights the im-
portance of multi-perspective frequency representation in enhancing
the model’s effectiveness in generated image detection.
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Figure 4: Visualization of the Gradient-weighted Class Activation Mapping (Grad-CAM) extracted from MFDL for both Diffusion-generated

and GAN-generated images.

@®

Real

Fake

(a) Image

(b) FFT
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Figure 5: The discrepancies in frequency energy distributions. (a)
shows sample images from the dataset. (b) presents the frequency
distributions extracted using FFT. (c) illustrates the frequency distri-
butions derived from DWT. (d) highlights the differences in DWT-
based frequency distributions between real and fake images.

4.6 Discrepancies in Frequency Domain

To quantify the frequency-domain differences between real and gen-
erated images, we analyze the energy distributions derived from
the Fast Fourier Transform (FFT) and Discrete Wavelet Transform
(DWT). As visualized in Figure 5, generated images exhibit subtle
energy discrepancies in the FFT spectrum, whereas the DWT analy-
sis reveals more pronounced differences in high frequency subbands
(e.g., LH, HL, and HH). These observations confirm that fake images
possess abnormal frequency characteristics, providing a strong mo-
tivation for our framework to incorporate both global FFT and local
DWT representations.

4.7  Visualization on Image Distributions

The t-SNE visualization in Figure 6 shows that MFDL effectively
learns distinct frequency patterns to separate real and generated im-
ages. The clear clustering of real and fake samples demonstrates high
separability for features extracted from both the FFT and DWT do-
mains. Furthermore, the model exhibits strong generalization across
diverse generative models, including both GANs and Diffusion,
confirming that its multi-perspective design captures robust forgery
traces. The complementary frequency representations from FRC and
FRE jointly enhance the model’s ability to detect a wide range of
images from unseen generative models.

Diffusion

Origin

x FFT Foke
OWT Real
OWT Fake

MFDL

images @ @ FT@® DWT

Figure 6: The image distributions via t-SNE visualization. The red,
green, and yellow colors denote real image distributions, while the
blue, purple, and pink colors denote generated image distributions.

5 Conclusion

We propose Multi-perspective Frequency Domain Learning (MFDL)
for detecting images generated by both GANs and Diffusion mod-
els. MFDL consists of two branches: Frequency Representation En-
hancement (FRE), which uses DWT with multi-scale enhancement
to capture local frequency artifacts, and Frequency Representation
Consistency (FRC), which applies FFT and complex convolution to
model global frequency patterns. By integrating these two comple-
mentary techniques, MFDL learns a multi-perspective frequency rep-
resentation, allowing it to better understand both the local and global
characteristics of generative models. Experiments on 32 datasets
demonstrate that MFDL achieves superior generalization and out-
performs existing methods across diverse generative sources.
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