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Abstract

With the development of generative models and text-guided inpainting methods, current SID and IFL
methods are gradually becoming outdated. In this paper, we propose a resolution-agnostic three-stage
framework for the MediaEval 2025 SynthIM challenge. Our pipeline first detects FR versus OR/SP, then
localizes manipulated regions, and finally classifies OR versus SP using the output of the localization
stage. Our method works well and gives strong results on both the classification task and the localization
task.

1. Introduction

Along with the progress of generative models, text-guided inpainting techniques are becoming
more realistic and more semantically aligned to the texture. For that reason, the need for
stronger and more general models to detect manipulated images is also rising. Current research
is divided into two subtasks: Synthetic Image Detection (SID), which only decides whether an
image is real or fully generated without any convincing reason, and Image Forgery Localization
(IFL), which points out manipulated regions in partially modified images. However, current IFL
methods ignore cases where an image is fully regenerated instead of being blended back into
the original, which leads to missing reliable evidence of manipulation.

To address these limits, MediaEval 2025 introduced the SynthIM challenge [1]. The organizers
challenge participants with two subtasks: first, build a model to classify whether an image is
real or manipulated, and second, localize the manipulated regions.

In this paper, we present a resolution-agnostic three-stage framework to classify and localize
manipulated regions for three types: original, spliced, and fully regenerated. Our framework
emphasizes the ability to infer on images of any resolution and its flexible pipeline.

2. Related Work

Current SID methods tend to detect arbitrary resolution images with the patch-based approach.
SPAI [2] tries to model the distribution of real images with low-resolution training images
and infer any-resolution images via inferring patches. TextureCrop [3] leverages the sliding
window technique to divide an image into patches, ranks them, chooses the K top patches, and
aggregates the results of all K patches.
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Figure 1: Overall pipeline of our proposed framework.

Some IFL methods try using frequency-based and edge-based cues to improve the results.
HiFi [4] proposes a frequency block in parallel with the color block to extract frequency features.
DiffForensics [5] introduces an edge loss to guide the proposed model to learn more efficiently.

3. Approach

We design a three-stage framework for the Manipulated Region Localization track of the
MediaEval 2025 SynthIM challenge [1], where the goal is to localize synthetic regions in images
that may be degraded by resizing, cropping, or compression. Following the dataset protocol, we
distinguish between Original (OR), Spliced (SP), and Fully Regenerated (FR) images [6, 7].
Since FR images contain global generative artifacts, they are handled as a classification problem,
while SP images contain localized edits that provide explicit masks for evaluation. Our system
therefore combines (i) two classification stages for detection, and (ii) one dual-branch localization
stage for SP detection and localization.

3.1. Stage 1: FR versus OR/SP Classification
We first perform a coarse FR vs. OR/SP classification before localization. SP-OR separation is
challenging due to small edited regions and downscaling of ultra-high-resolution images (up to
10K), which weakens subtle cues. In contrast, FR images differ more clearly and often show
semantic artifacts. Thus, we train an FR-vs-OR/SP classifier to guide localization (Section 3.2.2).
We first train FRNet (Figure 1) by applying LoRA [8] fine-tuning on CLIP-ViT [9] to dis-
tinguish Fully Regenerated (FR) from non-FR content. During training, inputs are randomly
cropped to 336 x 336 with random horizontal flipping for augmentation. At test time, we employ
a sliding-window strategy with window size 336 <336, and also include the whole image resized
to 336 X336 as an additional window. Each window is processed by the trained CLIP-ViT to
output a probability, and the final FR probability is obtained by averaging across all windows.



This model achieves 97.5% accuracy on the validation set and serves as the first gate of our
pipeline. With the trained FRNet, classification on the test set proceeds as follows. Each test
image is assigned a global FR probability prr. If prr exceeds a validation-tuned threshold, the
image is labeled FR; the probability prg is recorded in the scores. csv file.

3.2. Stage 2: Localization for OR/SP Images

For images not classified as FR, we predict pixel-level masks using a dual-branch localization
model (Figure 1) that integrates boundary and region cues. Although this model is primarily
designed for OR/SP images, we also apply it to FR images to generate their localization masks.
In other words, we currently do not employ a dedicated localization model for FR images, but
reuse the same model used for OR/SP images.

3.2.1. Boundary-Aware Localization (BAL)
The BAL branch combines frequency-based boundary priors with semantic segmentation.

Edge detector. We build a Frequency-based Edge Detector (FreqEdge) (Figure 1) to reveal
blending traits of spliced images. This detector operates on residual filters and fixed Sobel/Lapla-
cian gradients, producing a frequency-based edge prior. The residual and gradient responses are
then fed into lightweight neural layers, which fuse these cues and output an edge probability
map. In this way, FreqEdge highlights transition bands around manipulated regions while
remaining robust to scene semantics.

SegFormer integration. The soft edge probability map is stacked with the RGB image and
injected into a SegFormer decoder to produce a region-level probability map. This integration
sharpens boundaries and stabilizes contours during mask prediction.

3.2.2. Classification-Based Localization (CBL)

To complement BAL, we reuse the FR classifier in a sliding-window mode to produce dense
probability heatmaps of synthetic evidence. Overlapping windows are fused by Hann-weighted
blending, yielding smooth region maps even when no boundary is visible. This branch improves
robustness on high-resolution images and uniform patches.

3.2.3. Fusion

The two maps are combined by pixel-wise maximum:
Piuse (1, v) = max(Ppar(u, v), PepL(u,v)),

to produce the final mask Y which is saved for the submission. This ensures that strong
evidence from either branch is retained.

3.3. Stage 3: OR versus SP Classification

In addition to the pixel-level mask, we assign a global manipulation probability for the
scores. csv submission. To this end, we concatenate the fused localization map with the RGB
image (3+1 channels), project back to 3 channels via a lightweight adapter, and feed the result
into three complementary classifiers (EfficientNet-B4 [10], CvT-w24 [11], CLIP-ViT [9]). Feature
vectors are concatenated and classified into OR or SP, and their corresponding scores are saved
to the CSV file.

In summary, our approach exploits complementary cues: FR classification handles global
generative artifacts, while the dual-branch localization model (BAL + CBL) provides fine-grained
detection and localization for OR/SP images. This design balances robustness on high-resolution,
degraded inputs with accurate region-level localization.



Table 1

Stage 1: Classification performance of FRNet using two CLIP-ViT backbones on the validation set. We
compare models with input resolutions 224x224 and 336x336 for the task of distinguishing Fully
Regenerated (FR) from non-FR (OR/SP) images.

Model Accuracy

1) CLIP-VIiT 224 0.952
2) CLIP-VIT 336 0.975

Table 2

Stage 3: Classification performance for distinguishing Original (OR) from Spliced (SP) images on the
validation set. We evaluate three individual backbones (EfficientNet-B4, CvT-w24, and CLIP-ViT 336) as
well as their ensemble. The ensemble achieves the highest accuracy.

Model Accuracy
1) EffB4 0.865
2) CvT-w24 0.882
3) CLIP-VIT 336 0.895

4) Ensemble: (1) + (2) + (3) 0.916

4. Results and Analysis

Table 1 and Table 2 present our results in the classification subtask. Our method achieves 81.3%
F1 score and 74.4% balanced accuracy in the official test set.

Table 3

Stage 2: Manipulated localization performance. loU (SP validation) is calculated by using SP images
in the validation set as the ground truth. loU (full test) is reported by the organizer on the manipulated
test set (FR+SP). We present four settings: 1) Segformer with RGB as input; 2) Segformer with a 4-channel
RGB(3)+Edge(1) input; 3) (2) plus the Heatmap branch; 4) Use (1) for images classified in Stage 1 as FR
and (3) otherwise.

Model loU (SP validation) loU (full test)
1) Segformer (RGB) 0.298 0.488
2) Segformer (RGB + Edge) 0.440 0.459
3) (2) + Heatmap 0.602 0.467
4) Ensemble: FR (1) + SP OR (3) 0.602 0.515

Table 3 summarizes our results in the localization subtask. We note an interesting pattern:
on the SP validation set, setting (1) underperforms settings (2) and (3), yet on the full test set, it
achieves a higher IoU than both. This appears inconsistent with our SP validation visualizations,
where (1) is clearly worse. The discrepancy stems from the presence of FR images in the test set.
To address this, we introduce setting (4), an ensemble that uses setting (1) for images predicted
as FR in Stage 1 and setting (3) for the remaining images, which yields the best test performance.

5. Discussion and Outlook

We introduced a simple, resolution-agnostic three-stage system for the SynthIM task. Stage 1
detects FR images, Stage 2 localizes manipulated regions, and Stage 3 uses the localization map
to decide OR versus SP. Using both edge cues and heatmap evidence helped make the masks
more robust across different image sizes. We also found that choosing different localization
models for predicted FR and SP images improves test performance.
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