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Abstract
Synthetic image detection performance degrades significantly when
images are subjected to post-processing operations such as JPEG
compression. We investigate whether JPEG artifact removal can
mitigate this degradation without requiring detector retraining.
We evaluate distinct JPEG artifact removal methods across three
fundamentally different detector families: fingerprint-based meth-
ods, machine-learning-based residual detectors, and semantic-based
detectors. Experiments on images generated by multiple state-of-
the-art diffusion models and on real camera images show that
JPEG artifact removal consistently improves the performance of
fingerprint-based and semantic-based detectors, while its impact
on residual-based detectors depends on the restoration method em-
ployed. Overall, the results demonstrate that JPEG artifact removal
can recover useful forensic information and represents a promising
detector-agnostic pre-processing strategy for improving synthetic
image detection in compressed images.
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1 Introduction
In recent years, synthetic image generators have become widely
accessible to the general public and increasingly easy to use, re-
quiring only a text prompt to produce photorealistic results. While
these technologies enable a wide range of legitimate creative ap-
plications, they have also been exploited by malicious actors [6],
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contributing to misinformation campaigns, fraud, and challenges
to the authenticity of visual media [3].

To counter these threats, numerous forensic approaches for syn-
thetic image detection have been proposed in recent years [4, 9,
10, 17, 24, 26]. These methods exploit a variety of forensic cues,
including generator fingerprints, image residuals, and high-level
semantic representations extracted from vision-language models
such as CLIP (Contrastive Language–Image Pre-training) [29]. De-
spite their methodological differences, all of these approaches can
be affected by post-processing operations applied after image gen-
eration.

Among the various post-processing operations that images may
undergo after generation, JPEG compression is particularly relevant
due to its widespread use in image storage and online sharing. Pre-
vious studies have shown that JPEG compression modifies forensic
traces [8] and degrades the performance of synthetic image de-
tectors [16]. This motivates the investigation of whether reducing
JPEG-induced artifacts can restore forensic traces and enhance the
performance of synthetic image detectors.

In this work, we study the effect of JPEG artifact removal on syn-
thetic image detection. Rather than proposing a new detector, our
objective is to assess whether JPEG artifact removal can improve
the effectiveness of existing detectors. To this end, we generate
JPEG artifact-suppressed images using three restoration models:
a DnCNN-based model [33], retrained in this work for JPEG arti-
fact removal, and two dedicated JPEG restoration methods, namely
FBCNN [19] and SwinIR [22]. To assess the generality of this strat-
egy, we evaluate its impact on representative detectors spanning the
three detector families associated with the forensic cues discussed
above: fingerprint-based methods, Machine Learning (ML)-based
residual detectors, and semantic-based approaches based on CLIP
representations.

The main contribution of this work is a comprehensive empirical
study of how JPEG artifact removal affects synthetic image detec-
tion across detector families that rely on fundamentally different
forensic cues. Our results demonstrate that suppressing JPEG com-
pression artifacts can recover useful information for detection and
provide a potential pathway to mitigate the degradation caused by
JPEG compression. Although our study focuses on JPEG compres-
sion, the same principle could be extended to other post-processing
operations that degrade forensic traces.

The remainder of this paper is organized as follows. Sect. 2 re-
views prior work on synthetic image detection, with particular
emphasis on the impact of JPEG compression on detection per-
formance. Sect. 3 introduces the JPEG artifact-removal methods
considered in our study. The experimental setup is described in

https://orcid.org/0000-0001-5422-1800
https://orcid.org/0000-0002-0568-1373
https://doi.org/10.1145/3840473.3840515
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3840473.3840515


DFF ’26, November 10–14, 2026, Rio de Janeiro, Brazil Pérez-Novoa et al.

Sect. 4, including the dataset, compression scenarios, and the rep-
resentative detectors selected for evaluation. The impact of JPEG
artifact removal on the performance of these detectors is then ana-
lyzed and discussed in Sect. 5. Finally, Sect. 6 summarizes the main
findings and outlines directions for future research.

2 Related Works
The forensic analysis of synthetic images emerged shortly after
the introduction of modern AI-based image generators. Early stud-
ies revealed that image synthesis processes leave characteristic
non-visible traces that can be exploited for forensic purposes. In
particular, source-specific artifacts manifesting as periodic peaks
and structured patterns in the Fourier spectrum of image residuals
were first identified in images generated by Generative Adversarial
Networks (GANs) [15, 26] and later observed in images generated
by Diffusion Models (DMs) [8]. These traces have enabled a variety
of forensic analyses, ranging from the study of generator-specific
characteristics in GAN- and DM-generated images [9] to the dis-
crimination between fully synthetic and laundered images [24], as
well as synthetic image detection [4].

Building on the observations discussed in Sect. 1, existing syn-
thetic image detectors can be broadly categorized into three detector
families according to the information they exploit:

(1) fingerprint-basedmethods, which rely on source-specific traces
left by generative models [26];

(2) ML-based residual forensic detector , which analyze image
residuals and low-level artifacts [4, 9, 15, 17, 24]; and

(3) semantic-based approaches, which leverage semantic repre-
sentations (such as CLIP) extracted from large vision-language
models [10].

Despite their differences, all of these methods can be affected by
post-processing operations applied after image generation, with
JPEG compression being the most common in real-world scenarios.

As a consequence, understanding the impact of JPEG compres-
sion on the forensic information exploited by these detectors is
essential for assessing their robustness in practice. By modifying
both low-level image statistics and frequency-domain characteris-
tics, JPEG compression can partially attenuate or mask the forensic
information left by generative models, thereby reducing the effec-
tiveness of synthetic image detectors. Although recent work has
questioned the extent to which state-of-the-art deep learning de-
tectors explicitly rely on spectral artifacts [25], the negative impact
of JPEG compression on synthetic image detection performance is
well documented [4, 9, 10, 15–17].

The first work to analyze this effect was conducted by Grom-
melt et al. [16], who identified a bias in synthetic image detectors
caused by the different compression characteristics of synthetic and
real images. Since synthetic images are often generated in lossless
formats such as PNG, whereas real camera images are commonly
stored as JPEG-compressed files, detectors may inadvertently learn
a spurious correlation between JPEG compression artifacts and
real images. Their results showed that this bias causes compressed
synthetic images to be misclassified as real more frequently, partic-
ularly at low quality factors. To mitigate this issue, they proposed
incorporating JPEG-compressed images during training. Similar
strategies based on data augmentation have also been explored in

other works [2, 17, 28]. While effective, these approaches require
retraining the detector and are tailored to specific post-processing
operations.

An alternative strategy is to mitigate the impact of compres-
sion before the detection stage. JPEG artifact removal is a well-
established image restoration problem that has been extensively
studied over the last decades. Early methods relied on techniques
such as DCT-domain filtering [13]. More recently, deep learning
approaches have significantly advanced the state of the art. In
particular, DnCNN [33] demonstrated the effectiveness of residual-
learning CNNs for image denoising, while subsequent methods
such as FBCNN [19] and SwinIR [22] further improved JPEG artifact
removal through blind quality factor estimation and transformer-
based architectures, respectively.

Despite the substantial progress in JPEG artifact removal, its po-
tential benefits for multimedia forensics remain largely unexplored.
Existing studies have primarily focused on perceptual restoration
quality, typically measured using metrics such as PSNR and SSIM,
while the impact of artifact removal on the forensic information
exploited by synthetic image detectors has received little attention.
We therefore investigate whether JPEG artifact suppression can
recover forensic traces degraded by compression and improve de-
tection performance across fingerprint-based, ML-based residual,
and semantic-based detector families. Unlike prior approaches that
improve robustness through detector retraining or compression-
aware data augmentation [4], our methodology operates entirely
as a detector-agnostic pre-processing stage.

3 JPEG Artifacts Removal Models
To suppress JPEG-induced artifacts in both natural and synthetic
images that have undergone JPEG compression as a post-processing
operation, we first considered the DnCNN architecture [33]. Due
to its effectiveness in residual extraction, DnCNN has become one
of the most widely adopted neural networks in image forensics,
forming the basis of Noiseprint [11] and later being adopted in
several studies on synthetic image analysis [8, 9, 24]. Since the
original model was developed for image denoising rather than
JPEG artifact suppression, we retrained it from scratch for the latter
task.

The original DnCNN architecture for blind Gaussian denoising
consists of 20 convolutional layers with 64 feature channels and
3 × 3 kernels with padding, using Batch Normalization and ReLU
activations throughout the network. The model was trained from
scratch using 2,000 natural images from the RAISE dataset [12], us-
ing a set of images that does not overlap with the dataset described
in Sect. 4.1. Due to memory constraints, a centered crop of size
512 × 512 was extracted from each image. Training was performed
considering a single JPEG compression Quality Factor (QF), namely
QF = 75. Network weights were initialized orthogonally and opti-
mized using Adam with an initial learning rate of 10−3, reduced by
a factor of 10 after epochs 8, 16, 24, and 32. The training process
lasted 34 epochs and employed the ℓ1-norm as loss function. JPEG
compression at QF = 75 was applied on-the-fly to image patches
of size 64 × 64 extracted with a stride of 16 pixels. Standard data
augmentation techniques, including rotations and flips, were also
applied.
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QF JPEG Artifact Removal PSNR (dB) SSIM

75

None 36.32 0.9497
DnCNN 37.32 0.9581
FBCNN 38.38 0.9641
SwinIR 37.21 0.9551

60

None 34.76 0.9341
DnCNN 35.96 0.9468
FBCNN 37.00 0.9537
SwinIR 36.83 0.9513

40

None 33.30 0.9144
DnCNN 34.37 0.9298
FBCNN 35.69 0.9406
SwinIR 35.97 0.9428

Table 1: Average PSNR and SSIM with respect to the origi-
nal uncompressed images for the JPEG-compressed baseline
(None) and for JPEG artifact-suppressed images obtained us-
ing DnCNN, FBCNN, and SwinIR, evaluated at quality factors
QF ∈ {75, 60, 40}.

The trained model was evaluated on the test dataset described in
Sect. 4.1, comprising 6,000 images compressed at QF = 75, the same
quality factor used during training. As shown in Tab. 1, the result-
ing JPEG artifact-suppressed images achieved an average PSNR of
37.32 dB with respect to their original uncompressed counterparts,
representing an improvement of approximately 1 dB over the JPEG-
compressed baseline (36.32 dB). A corresponding improvement was
also observed in terms of SSIM.

To assess the model’s behavior on compression levels not ob-
served during training, the same evaluation was repeated using
images compressed at QF = 60 and QF = 40. The corresponding
PSNR and SSIM values are reported in Tab. 1. As expected, the
absolute restoration quality decreases as the compression level
increases, since lower quality factors introduce more severe dis-
tortions. However, the restored images consistently outperform
their JPEG-compressed counterparts, yielding PSNR gains of ap-
proximately 1 dB and noticeable improvements in SSIM across all
evaluated QFs. These results indicate that the model retains its abil-
ity to suppress JPEG artifacts beyond the compression level used
during training.

In addition to our DnCNN-based model, we evaluated two state-
of-the-art approaches specifically designed for JPEG artifact re-
moval. The first is FBCNN [19], a blind restoration model that does
not require knowledge of the quality factor and can therefore be
applied across a wide range of compression levels. The second is
SwinIR [22], for which we employed the model trained for QF = 40.
Although SwinIR provides separate models for different quality
factors, the QF = 40 version corresponds to the highest available
quality factor and is therefore the most suitable for our experi-
ments, as higher quality factors are generally more representative
of real-world JPEG compression scenarios.

The restoration performance of these methods is also included in
Tab. 1. Both FBCNN and SwinIR consistently outperform the JPEG-
compressed baseline and achieve higher PSNR and SSIM values

JPEG (QF=40)

DnCNN FBCNN SwinIR

Uncompressed (Zoom in)Uncompressed

Figure 1: Example of JPEG artifact suppression on a syn-
thetic image generated by FLUX.2 (top-left panel). The fig-
ure presents the original uncompressed image and a magni-
fied image region, along with the corresponding region after
JPEG compression at QF = 40 (top row) and after restora-
tion using DnCNN, FBCNN, and SwinIR (bottom row). The
restored images exhibit reduced compression artifacts and
a partial recovery of fine image structures relative to the
JPEG-compressed version.

than the retrained DnCNNmodel across nearly all evaluated quality
factors, with the sole exception of SwinIR at QF = 75. FBCNN
provides the best restoration quality at QF = 75 and QF = 60,
whereas SwinIR achieves the highest performance at QF = 40. These
results highlight the advantages of models specifically designed for
JPEG artifact suppression.

A qualitative example is shown in Fig. 1, which illustrates the ef-
fect of JPEG compression and subsequent restoration on a synthetic
image generated by FLUX.2. The figure presents a magnified image
region from the original uncompressed image, its JPEG-compressed
counterpart at QF = 40, and the corresponding outputs produced by
DnCNN, FBCNN, and SwinIR. While JPEG compression introduces
visible blocking artifacts and a loss of fine details, all three meth-
ods are able to reduce these distortions and partially recover the
original image structure, with the improvements being particularly
noticeable for FBCNN and SwinIR.

4 Experimental Setup
Having described the JPEG artifact removal models, we now intro-
duce the experimental setup used to assess their impact on synthetic
image detection. We first present the dataset and compression sce-
narios considered in our study, followed by three representative
detectors drawn from the fingerprint-based, ML-based residual, and
semantic-based detector families.

4.1 Dataset
The dataset used in this study comprises 9,000 images equally dis-
tributed across six sources: DALL·E 3 [27], FLUX.1 [20], FLUX.2 [21],
two Stable Diffusion (SD) models (SD1.4 [30] and SD3.5 [1]), and
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real images. For each of the six sources, the 1,500 available images
are split into two non-overlapping subsets. Specifically, 1,000 im-
ages per source are allocated to the test set (resulting in a total
of 6,000 test images across all sources), while the remaining 500
images per source are reserved for reference-fingerprint estimation
(yielding a total of 3,000 images for fingerprint extraction). This
partitioning ensures that the evaluation is performed on data that
were not used during fingerprint extraction.

The real-image subset consists of 1,500 uncompressed images
from the RAISE dataset [12]. We selected this dataset because
it contains camera-native images that have not undergone post-
processing, thereby providing a clean reference set of real im-
ages. The original images were center-cropped to a resolution of
1024 × 1024 pixels.

The DALL·E 3 subset comprises 1,500 images with a resolution
of 1024 × 1024, randomly selected from the more than 8,000 evalu-
ation samples released by Betker et al. [5], which were generated
from captions in the MS-COCO 2014 validation set. Similarly, the
FLUX.1, FLUX.2, SD1.4, and SD3.5 subsets each contain 1,500 im-
ages generated by the authors and randomly sampled from larger
image collections generated from the same caption source.1 FLUX.1,
FLUX.2, and SD3.5 images have a native resolution of 1024 × 1024,
whereas SD1.4 images have a native resolution of 512 × 512.

All synthetic images were originally stored in PNG format, while
the real images were stored in TIFF format. Except for the center-
cropped RAISE images, all images were used at their native res-
olution. To evaluate the impact of compression, each image was
subsequently JPEG-compressed using Pillow 10.0 at three quality
factors, namely QF ∈ {75, 60, 40}.

4.2 Synthetic Image Detectors
We evaluate one representative detector from each of the three
detector families introduced in Sect. 2:

(1) a fingerprint-based detector implemented by us using the
DnCNN denoiser adopted by Corvi et al. [9];

(2) Corvi2023 [9], an ML-based residual detector; and
(3) CLIPDet [10], a semantic-based detector.

For Corvi2023 and CLIPDet, we used the official implementations
released by their respective authors.

4.2.1 Fingerprint-based Method. Following the principles of Photo-
Response Non-Uniformity (PRNU) extraction for camera source
identification [23], later extended to GAN-generated [26] and DM-
generated images [8], each image source (whether a generative
model or a real camera) is represented by a reference fingerprint
estimated from a dedicated set of images. Throughout this process,
noise residuals are extracted using the DnCNN denoiser configura-
tion adopted by Corvi et al. [9] (17 layers, 64 feature maps, 𝜎 = 1,
kernel size 3 × 3, and no padding) on images normalized to the
[0, 1] range. The subsequent fingerprint extraction and matching
procedure follows the standard three-step framework described
in [14, Sect. 2.1]:

(i) Reference Fingerprint Estimation: A reference fingerprint is
estimated from a set of 𝐿 images belonging to the same
source. For each image, the noise residual is extracted via the

1The dataset is available at https://github.com/dvazquezpadin/jpeg-artifact-removal

aforementioned DnCNN denoiser and resized to 256 × 256
pixels. An orthonormal FFT is then applied to each residual,
the resulting spectra are averaged, and the final fingerprint
is obtained through an inverse FFT.

(ii) Query Residual Extraction: Given a query image, its noise
residual is extracted using the exact same normalizedDnCNN
pipelineand resized to 256 × 256 pixels.

(iii) Similarity Matching and Attribution: The similarity between
the query residual and each reference fingerprint is measured
using Peak-to-Correlation Energy (PCE) [14]. The query
image is then attributed to the source whose PCE value
exceeds a predefined threshold.

Given the six image sources considered in our study, a reference
fingerprint is estimated for each source from the corresponding
set of 𝐿 = 500 reference images (see Sect. 4.1). Fingerprints are
computed independently for every image condition analyzed in
this work, namely the uncompressed images, the JPEG-compressed
images with QF ∈ {75, 60, 40}, and the outputs produced by each
of the three JPEG artifact removal methods described in Sect. 3.

As an illustrative example, Fig. 2 presents the fingerprints ob-
tained for two representative sources: FLUX.1 and real images. The
FLUX.1 fingerprint exhibits the characteristic periodic peaks and
structured patterns in the Fourier spectrum that have previously
been reported for other generative models [8]. For each source,
the figure shows the fingerprints extracted from the uncompressed
images, the corresponding JPEG-compressed images at QF = 75,
and the fingerprints obtained after applying each of the three JPEG
artifact removal methods. For brevity, the results for QF = 60 and
QF = 40 are omitted, as they exhibit similar behavior.

As can be observed, JPEG compression significantly alters the
reference fingerprints by introducing a characteristic periodic pat-
tern associated with the 8 × 8 block structure of JPEG. In the fre-
quency domain, this pattern manifests itself as peaks at multiples
of ± 2𝜋

8 radians along both spatial directions, partially masking the
source-specific traces and making the fingerprints considerably
more similar to one another. After JPEG artifact removal, these
compression-induced peaks are noticeably attenuated and the en-
ergy concentration along the horizontal and vertical axes is reduced.
Consequently, the restored fingerprints more closely resemble those
obtained from the original uncompressed images, suggesting that
part of the forensic information degraded by JPEG compression can
be recovered.

4.2.2 ML-based Residual Method. The Corvi2023 detector con-
sidered in this category is the result of a series of developments
built upon a residual-learning architecture. It originates from the
ResNet50-based detector proposed by Wang et al. [32] for the de-
tection of GAN-generated images. Subsequently, Gragnaniello et
al. [15] modified the architecture by removing the downsampling
operation in the first layer and employing more extensive data
augmentation during training. Later, Corvi et al. [9] adapted the
model to the detection of diffusion-generated images by training it
on images produced by one of the first DM-based generators (i.e.,
Latent Diffusion). In our experiments, we use the model weights
provided in the repository accompanying the work of Cozzolino et
al. [10].

https://github.com/dvazquezpadin/jpeg-artifact-removal
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Figure 2: Average power spectral density fingerprints extracted from 500 FLUX.1 images (top) and 500 real images (bottom). The
figure compares fingerprints obtained from the original uncompressed images, JPEG-compressed images at QF = 75, and JPEG
artifact-suppressed images produced by the restoration models: DnCNN, FBCNN, and SwinIR. JPEG compression introduces a
characteristic grid pattern that masks the underlying source-specific traces, whereas artifact removal attenuates this pattern
and yields fingerprints closer to those extracted from the uncompressed images.

4.2.3 Semantic-based Method. Recent approaches to synthetic im-
age detection have increasingly explored semantic representations
extracted from vision-language models such as CLIP. In particular,
CLIPDet [10] has demonstrated promising robustness to several
post-processing operations, including JPEG compression, making
it a suitable representative of this detector family for our study.

Despite this robustness, recent findings by Uhlenbrock et al. [31]
showed that post-processing operations can alter the position of
images in the latent CLIP space, with JPEG compression inducing
increasingly larger shifts as the quality factor decreases. Motivated
by these observations, we investigate whether JPEG artifact removal
can mitigate these shifts and move compressed images closer to
their original uncompressed representations.

To analyze the effect of JPEG artifact removal in the CLIP fea-
ture space, we use the OpenCLIP library [18] with the ViT-L-14
model [7] to extract image embeddings. Let e1 and e2 denote the
CLIP embeddings of two images. Their distance in the latent CLIP
space is quantified using the cosine distance:

𝑑cos (e1, e2) = 1 −
e⊤1 e2

| |e1 | |2 · | |e2 | |2
,

where smaller values indicate a higher similarity between the cor-
responding image representations. We compute this metric for
every image in the test set and aggregate the resulting values un-
der two scenarios: (i) between JPEG-compressed images and their
corresponding uncompressed counterparts, and (ii) between JPEG
artifact-suppressed images, obtained using each of the three con-
sidered artifact removal methods, and their corresponding uncom-
pressed counterparts. This analysis enables us to quantify the extent
to which JPEG artifact removal reduces the shift caused by JPEG
compression in the latent CLIP space.

Fig. 3a reports the average pairwise cosine distance in the CLIP
feature space between each processed image and its original uncom-
pressed counterpart for the case of QF = 75. Across all considered
image sources, the images obtained after JPEG artifact removal
consistently exhibit smaller cosine distances than their correspond-
ing JPEG-compressed versions, regardless of the artifact-removal
method employed. This indicates that JPEG artifact removal par-
tially restores the original CLIP representation, bringing the pro-
cessed images closer to their uncompressed counterparts in the
latent feature space. This behavior is expected to translate into im-
proved synthetic image detection performance, as further discussed
in Sect. 5.2.

A different trend emerges as the compression quality factor de-
creases in Figs. 3b and 3c. For QF ∈ {60, 40}, the cosine distance
obtained with our trained version of the image denoising DnCNN
model increases, which is consistent with the fact that the network
was trained exclusively on images compressed at QF = 75. In con-
trast, both FBCNN and SwinIR, which were specifically designed
for JPEG artifact removal and exhibit greater robustness across
compression levels, continue to reduce the cosine distance relative
to the corresponding JPEG-compressed images. This suggests that
these models are better able to recover representations that remain
closer to those of the original uncompressed images, even at lower
quality factors, an observation that is later reflected in the detection
performance reported in Sect. 5.2.

5 Experimental Results
To empirically assess how JPEG artifact removal impacts synthetic
image detection, we first establish baseline performance metrics
without applying any restoration. The three detectors described in
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Figure 3: Average pairwise cosine distance in the CLIP feature space between each processed image and its corresponding
uncompressed version. Results are reported separately for QF ∈ {75, 60, 40}. For each image source, the four bars correspond to
the JPEG-compressed images and the JPEG artifact-suppressed images produced by DnCNN, FBCNN, and SwinIR, respectively.
Lower cosine distances indicate representations that remain closer to the original uncompressed image in the CLIP feature space.

Sect. 4.2 are evaluated on the test dataset introduced in Sect. 4.1, first
using the original uncompressed images (both real and synthetic)
and subsequently using versions compressed with JPEG at quality
factors QF ∈ {75, 60, 40}.

Using these baseline results as a reference, we repeat the same
evaluation protocol after applying each of the three JPEG artifact
removal methods under study (see Sect. 3). The restored images
are then fed into the three synthetic image detectors. Comparing
these results against the baseline allows us to quantify the extent
to which JPEG artifact suppression restores or influences detection
performance across different detector architectures.

5.1 Fingerprint-based Method Performance
Since a distinct fingerprint is estimated for each of the six image
sources considered in this study (real images, DALL·E 3, FLUX.1,
FLUX.2, SD1.4, and SD3.5), we evaluate the fingerprint-based attri-
bution method under two complementary scenarios:

• One-vs-All Source Discrimination: In this setting, we evaluate
the detector’s ability to isolate a specific source. Images origi-
nating from the source corresponding to the target reference
fingerprint serve as the positive class, while images from the
remaining five sources constitute the negative class.

• Real-versus-Synthetic Detection: In this binary classification
setting, we rely solely on the fingerprint extracted from real
images. Real images represent the positive class, while all
synthetic images (from the five generative models) form the
negative class.

In both scenarios, performance is evaluated using the Area Under
the Receiver Operating Characteristic (ROC) Curve (AUC).

For these evaluations, reference fingerprints are estimated sep-
arately for each source using the 𝐿 = 500 reference images. In
addition to extracting fingerprints from the original uncompressed
images, we compute dedicated fingerprints for each JPEG artifact
removal method using the restored images obtained at each com-
pression level. Consequently, a distinct reference fingerprint is esti-
mated for every unique combination of QF and restoration method.
These reference fingerprints are then matched against test images
under the various compression and restoration conditions exam-
ined in this work. Tab. 2 summarizes the resulting AUC values for

all evaluated test-image conditions: uncompressed images, JPEG-
compressed images with QF ∈ {75, 60, 40}, and restored images
produced by the three artifact removal methods: DnCNN, FBCNN,
and SwinIR. For the one-vs-all source discrimination scenario, the
reported AUC represents the average performance across the six
individual source-specific discrimination tasks.

The results show that JPEG compression severely degrades the
effectiveness of fingerprint-based analysis across all quality factors.
Using fingerprints extracted from uncompressed images, the aver-
age AUC in the source discrimination scenario drops from 0.912 to
values between 0.483 and 0.509 (after applying JPEG compression),
while in the real-versus-synthetic setting it decreases from 0.887
to values between 0.401 and 0.468 (after JPEG compression). This
confirms that JPEG compression substantially alters the generator-
specific traces exploited by fingerprint-based detectors.

The removal of JPEG artifacts consistently improves perfor-
mancewith respect to the corresponding JPEG-compressed baseline,
regardless of the QF or restoration method considered. The im-
provement is particularly pronounced in the real-versus-synthetic
scenario, where the AUC gains frequently exceed 0.25 and, in some
cases, approach 0.40. These results indicate that a significant por-
tion of the forensic information attenuated by JPEG compression
can be recovered through artifact suppression.

A consistent observation across our experiments is that the high-
est performance is generally achieved when the reference finger-
prints and test images are processed using the same restoration
pipeline. This trend is particularly evident for FBCNN and SwinIR,
suggesting that JPEG artifact removal alters the fingerprint do-
main and that domain alignment between reference and query
images is crucial for reliable detection. Among the evaluated meth-
ods, FBCNN yields the most robust and consistent performance,
achieving AUC values between 0.854 and 0.864 in the real-versus-
synthetic scenario, which are remarkably close to the baseline per-
formance obtained with uncompressed images (0.887). In contrast,
DnCNN-based restoration exhibits a much stronger dependence
on the compression quality factor, likely because the model was
trained exclusively on images compressed at QF = 75. Furthermore,
even under matched domain conditions (where the same restora-
tion pipeline is used for both reference and test images), DnCNN
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Test Images

Scenario Fingerprint Uncompressed QF JPEG DnCNN FBCNN SwinIR

Source Discrimination (Avg.)

Uncompressed 0.912
75 0.483 0.575 0.543 0.540
60 0.501 0.573 0.530 0.541
40 0.509 0.577 0.530 0.538

DnCNN –
75 0.502 0.638 – –
60 0.490 0.618 – –
40 0.477 0.578 – –

FBCNN –
75 0.522 – 0.615 –
60 0.516 – 0.600 –
40 0.505 – 0.582 –

SwinIR –
75 0.524 – – 0.617
60 0.505 – – 0.591
40 0.495 – – 0.554

Real versus Synthetic

Uncompressed 0.887
75 0.468 0.730 0.774 0.744
60 0.401 0.686 0.749 0.769
40 0.415 0.642 0.740 0.724

DnCNN –
75 0.592 0.582 – –
60 0.613 0.422 – –
40 0.654 0.328 – –

FBCNN –
75 0.484 – 0.858 –
60 0.484 – 0.864 –
40 0.540 – 0.854 –

SwinIR –
75 0.638 – – 0.813
60 0.647 – – 0.808
40 0.642 – – 0.746

Table 2: AUC values obtained with the fingerprint-based detector for different reference fingerprints and test image conditions,
including uncompressed images, JPEG-compressed images (QF ∈ {75, 60, 40}), and JPEG artifact-suppressed images. Source
Discrimination (Avg.) reports the average AUC across all one-vs-all source discrimination experiments, while Real vs. Synthetic
corresponds to the binary detection task using the fingerprint extracted from real images. Bold values indicate improvements
over the corresponding JPEG-compressed baseline at the same quality factor.

fails to improve real-versus-synthetic detection performance. In
fact, at lower quality factors, it substantially underperforms the cor-
responding raw JPEG-compressed baseline. The underlying causes
of this behavior are not yet fully understood and need further in-
vestigation.

Overall, these findings demonstrate that JPEG artifact removal
can substantially mitigate the adverse effects of compression on
fingerprint-based synthetic image detection. Although the original
fingerprint information is not fully restored, the recovered traces
are sufficient to yield significant improvements in both source dis-
crimination and real-versus-synthetic detection tasks.

5.2 ML-based Residual and Semantic-based
Methods Performance

The representative detectors chosen from the ML-based residual
and semantic-based families (specifically Corvi2023 and CLIPDet,
respectively), are both implemented as end-to-end classifiers. For
this reason, their results are presented and discussed jointly in
this section. Following the same evaluation protocol used for the
fingerprint-based method, we evaluate these detectors under all
experimental conditions considered in this work: uncompressed

images, JPEG-compressed images with QF ∈ {75, 60, 40}, and JPEG-
restored images obtained via the three artifact removal methods.
Detection performance is quantified using both AUC and classifica-
tion Accuracy (ACC).

The AUC and ACC values obtained for Corvi2023 and CLIPDet
are collected in Tab. 3, showing that the removal of JPEG artifacts
has a markedly different impact depending on the detector family.
For CLIPDet, all three restoration methods consistently improve
both AUC and ACC across all compression levels, with DnCNN
yielding the largest gains and nearly recovering the results achieved
on uncompressed images at QF = 75. These results are consistent
with the CLIP-space analysis presented previously, suggesting that
artifact removal reduces the shift induced by JPEG compression
in the latent semantic space. In contrast, the residual-based detec-
tor Corvi2023 exhibits a stronger dependence on the restoration
method. While FBCNN and SwinIR generally maintain or slightly
improve performance relative to the JPEG-compressed baseline,
DnCNN leads to a substantial degradation at lower quality factors,
likely because it was trained exclusively on images compressed at
QF = 75. Overall, the results indicate that JPEG artifact removal can
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CLIPDet Corvi2023

JPEG Removal QF AUC ACC AUC ACC

None

75

0.749 0.605 0.834 0.707
DnCNN 0.805 0.693 0.831 0.605
FBCNN 0.772 0.662 0.869 0.665
SwinIR 0.764 0.665 0.840 0.747

None

60

0.764 0.610 0.825 0.698
DnCNN 0.767 0.678 0.758 0.588
FBCNN 0.768 0.664 0.852 0.696
SwinIR 0.770 0.666 0.832 0.746

None

40

0.764 0.610 0.810 0.683
DnCNN 0.780 0.667 0.664 0.568
FBCNN 0.756 0.663 0.823 0.729
SwinIR 0.765 0.662 0.813 0.718

Uncompressed Case 0.830 0.658 0.906 0.805
Table 3: AUC and ACC results obtained for Corvi2023 (ML-
based residual detector) and CLIPDet (semantic-based de-
tector) on uncompressed images, JPEG-compressed images,
and JPEG artifact-suppressed images generated using the
three restoration methods. Bold values indicate an improve-
ment over the corresponding JPEG-compressed baseline at
the same quality factor.

effectively mitigate compression-induced degradation, although its
benefits depend on the forensic cues exploited by the detector.

6 Conclusions
In this paper, we investigated the impact of JPEG artifact removal
on synthetic image detection. Rather than proposing a new detector,
our objective was to assess whether suppressing JPEG compression
artifacts can recover forensic information and improve the perfor-
mance of existing detectors. To this end, we evaluated three JPEG
artifact removal methods (DnCNN, FBCNN, and SwinIR) across
three fundamentally different detector families: fingerprint-based,
ML-based residual, and semantic-based detectors.

The results show that JPEG compression degrades the perfor-
mance of all considered detector families, although to different
extents. Applying JPEG artifact removal consistently improved
fingerprint-based detection and source discrimination, indicating
that part of the generator-specific traces masked by compression
can be recovered. For the ML-based residual detector, the impact de-
pend on the restoration method, with FBCNN and SwinIR generally
improving performance while DnCNN show limited generalization
to compression levels not observed during training. In contrast,
the CLIP-based detector consistently benefits from JPEG artifact
removal across all evaluated quality factors, a finding that was fur-
ther supported by the observed reduction of the distance between
restored and original images in the latent CLIP space.

Overall, our findings suggest that JPEG artifact removal can
serve as an effective pre-processing step for mitigating the nega-
tive impact of compression on synthetic image detection without
requiring detector retraining. Preliminary experiments using the

fusion strategy proposed by Cozzolino et al. [10] further indicate
that combining detectors based on complementary forensic cues
(e.g., Corvi2023 and CLIPDet) may yield additional performance
gains after restoration. These observations motivate future work
on detector fusion and on extending restoration-based approaches
to other post-processing operations, such as image resizing, that
similarly interfere with forensic traces.

Finally, our results raise an interesting question regarding the
forensic information that is actually recovered by JPEG artifact
removal. In particular, it would be valuable to reconcile our findings
with those of Mandelli et al. [25], who argued that most state-of-
the-art deep learning detectors do not seem to rely heavily on
the characteristic spectral peaks associated with synthetic image
generation. While the improvements observed in this work suggest
that artifact removal restores information useful for detection, this
does not necessarily imply that the recovered spectral peaks are
the primary factor responsible for the observed gains. A plausible
explanation is that modern detectors, often trained to be robust
against JPEG compression, exploit additional forensic cues that are
also restored by the artifact-removal process. Identifying which
traces contribute most to the observed improvements remains an
interesting direction for future research.
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