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Abstract
This paper presents a dual-modal deepfake detection system for Subtask 2 of the ImageCLEF 2026 Deepfake
Detection Task. The task requires binary classification of audio and image samples under unseen generation
methods.

For the audio modality, we extract self-supervised WavLM-large features, cepstral LFCC features, and phase-
based MGD features, and apply a multi-view fusion strategy with a dual-branch backend. For the image modality,
we adopt an SBI-based online pseudo-forgery generation strategy and a Swin-Small-based detector enhanced
with high-frequency residual modeling.

To improve robustness, we further introduce a boundary-guided high-frequency variant to emphasize facial
blending regions.

Experimental results on the official hidden test set show that our system achieves scores of 0.5551 for audio
and 0.5858 for image. The results indicate that image-based modeling benefits more from online pseudo-forgery
generation, while audio detection remains challenging under unseen spoofing conditions.
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1. Introduction

In recent years, with advances in generative artificial intelligence, the realism of synthetic media,
including audio and images, has continued to improve. Voice conversion, neural vocoders, diffusion
models, and face generation and editing techniques have made deepfake content increasingly difficult
to distinguish by human inspection alone. If such content is used to impersonate identities, manipulate
public opinion, or spread misinformation, it may pose serious risks to financial security, social trust, and
public governance. Therefore, detecting deepfake content generated by unseen methods has become an
important research problem in multimedia forensics.

Subtask 2 of the ImageCLEF Deepfake 2026 Detection Task is designed around this problem [1, 2].
It requires systems to perform binary authenticity classification for both audio and image samples,
determining whether each input is real or a deepfake. Unlike methods evaluated only on fixed datasets,
the official test set of this task contains not only deepfake samples generated by the organizers, but also
samples submitted by other teams in the generation task. Therefore, this task places greater emphasis
on model generalization under unseen generation algorithms and unseen data sources.

Although deepfake detection methods have made considerable progress in recent years, limited
generalization remains a major challenge [3, 4, 5, 6]. Many detectors perform well when the training
and test data follow similar distributions, but their performance often drops when test samples come
from new generators, unseen post-processing pipelines, or different compression conditions. This is
mainly because detection models may learn forgery traces specific to certain generation methods, rather
than stable cues that generalize across different generators. In image-based detection, this may appear
as dependence on specific texture patterns; in audio-based detection, it may appear as dependence on
artifacts from particular speech synthesis systems or vocoders.
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To address this issue, we built a dual-modal detection system for the ImageCLEF Deepfake 2026
Detection Task. The system processes audio and image inputs separately, with each modality trained
and submitted independently. Instead of optimizing for a specific known forgery algorithm, this work
focuses on the generalization problem under unseen generation methods. We therefore construct a
participating system with separate audio and image branches, and analyze its performance across
different subsets of the official evaluation data.

For the audio modality, we extract three types of features in parallel, namely WavLM-large self-
supervised speech representations [7], Linear Frequency Cepstral Coefficients (LFCC) [8], and Modified
Group Delay (MGD) features [9], and fuse them using a Triple-Fusion strategy. The fused features
are then fed into a lightweight Dual-Branch back-end to jointly model long-range speech consistency
and local acoustic anomalies. For the image modality, we start from real face frames in FaceForen-
sics++ (FF++) c23 [10] and adopt a Self-Blended Images (SBI)-based online pseudo-forgery generation
strategy [11] to construct training samples. This strategy does not rely on pre-generated deepfake
videos. Instead, it dynamically generates pseudo-forged samples during training based on real faces and
landmarks, together with color, geometric, texture, and frequency perturbations, so that the training
samples vary in location, shape, and appearance. For detection, we utilize an HF-Swin structure based
on Swin-Small [12] to jointly model RGB semantic features and high-frequency residual information. In
addition, we implement a Boundary-guided HF variant, which applies boundary-aware spatial reweight-
ing before feeding the high-frequency residual into the HF branch, encouraging the model to focus
more on abnormal responses around facial boundaries and blending transition regions.

The main work of this paper can be summarized as follows:

• Multi-feature fusion framework for the audio modality. We build an audio detection system
that combines WavLM-large, LFCC, and MGD features. Through the Triple-Fusion strategy and
the Dual-Branch back-end, the system jointly models forgery cues from semantic, spectral, and
phase-related perspectives. This design reduces the reliance on a single speech representation
and allows us to observe its behavior under unseen audio forgery scenarios.

• SBI-based image training strategy and HF-Swin detection framework. For the image
modality, we adopt an SBI-based online pseudo-forgery generation strategy to dynamically
construct forged training samples from real face frames, reducing reliance on a fixed manipulated
dataset. On the detection side, HF-Swin combines RGB backbone features with high-frequency
residual features, allowing the model to use both global facial structure information and local
texture anomalies. We also implement a Boundary-guided HF variant to strengthen the attention
of the HF branch to facial boundaries and blending transition regions.

• Dual-modal empirical analysis on the official hidden test set. We submit both audio and
image detection results to the official hidden test set of ImageCLEF Deepfake 2026, and analyze the
system’s behavior across different subsets, including real samples, organizer-generated deepfakes,
and participant-generated deepfakes. The official evaluation results show that our system achieves
final scores of 0.5551 and 0.5858 on the audio and image tasks, respectively. Further analysis shows
that the audio model performs well on real speech but remains sensitive to participant-generated
unseen spoofed speech, while the image model shows relatively more balanced performance.

2. Related Work

2.1. Audio Representation Learning for Anti-Spoofing

Early audio anti-spoofing methods mainly relied on handcrafted acoustic features, such as LFCC and
CQCC [8, 13]. These features are commonly used to describe spectral structures and local acoustic
variations in speech, and they provide relatively strong interpretability in traditional speech spoofing
detection tasks. Since many speech synthesis or conversion methods leave artifacts in spectral details,
low-level acoustic features remain an important baseline for audio deepfake detection.



In recent years, self-supervised learning (SSL) speech models have been widely used for audio
spoofing detection. Models such as WavLM, HuBERT, and wav2vec 2.0 learn context-dependent speech
representations from large-scale speech data and capture long-range temporal dependencies [7, 14, 15].
These representations perform well in many standard evaluation settings and are useful for modeling
speech content, prosodic structure, and global speech consistency.

However, relying only on self-supervised speech representations has limitations, especially when
spoofing detectors are evaluated on out-of-domain or real-world audio data [6]. These models often
encode rich semantic, speaker-related, and channel-related information, which may introduce dataset
bias into the detector. When test samples come from new speech synthesis systems, unseen vocoders,
or different compression conditions, high-level semantic representations may fail to capture stable
forgery traces. In addition, artifacts from modern speech generation methods may appear in spectral
details, phase structures, or short-term local variations, which may not be fully preserved by a single
SSL representation.

Recent studies have therefore explored multi-view audio representations and feature fusion for
spoofing detection [16, 17]. Compared with using a single feature, combining SSL representations,
spectral features, and phase-related features can describe audio samples from different perspectives.
The audio branch in this work follows this idea by combining WavLM-large, LFCC, and MGD to jointly
model global speech representations, spectral variations, and phase cues, thereby reducing dependence
on a single feature space.

2.2. Data Generation and High-Frequency Modeling for Image Forgery Detection

In image deepfake detection, the way training data is constructed directly affects model generalization.
If a detector is trained only on samples generated by specific manipulation methods, it may learn
generator-specific local artifacts or frequency traces [3, 18, 19]. When test samples come from new
forgery methods, these cues may no longer be reliable, leading to degraded detection performance. To
alleviate this problem, some methods construct more diverse training samples through data synthesis.

Self-Blended Images (SBI) is a representative online pseudo-forgery generation strategy [11]. Instead
of relying on pre-generated deepfake videos, it starts from real face images and dynamically constructs
and blends forged regions during training. This encourages the model to focus more on transition
inconsistencies between real and forged regions, rather than memorizing texture patterns from a fixed
generator. The image branch in this work adopts an SBI-based online pseudo-forgery generation
strategy and combines color changes, geometric transformations, texture perturbations, and frequency
perturbations during training to increase the diversity of training samples.

In addition to data generation, frequency-domain information has also been widely explored for image
deepfake detection, since forgery artifacts may appear as subtle texture or spectral inconsistencies [5,
18, 19]. Although many forged samples appear visually realistic at the global level, subtle anomalies
may still exist in local textures, boundary transitions, or frequency distributions. Therefore, detectors
can introduce a high-frequency branch to capture local forgery traces that may not be directly captured
by the RGB backbone. Compared with relying only on global semantic features, high-frequency residual
information focuses more on local texture variations and edge discontinuities.

However, high-frequency features can also be affected by noise, compression artifacts, and background
textures. If the model uses high-frequency responses from the entire image without constraint, it may
treat irrelevant noise as forgery evidence. Recent works also show that high-quality deepfakes often
contain subtle and localized artifacts, and that explicitly modeling artifact-prone regions can improve
generalization [3, 4]. To address this issue, some methods use spatial constraints or gating mechanisms
to control the effective range of high-frequency features. The Boundary-guided HF variant in this work
follows this direction. It does not introduce an additional boundary supervision loss, but applies spatial
reweighting before the high-frequency residual is fed into the HF branch, reducing the influence of
irrelevant background high-frequency responses.

Overall, generalization in image deepfake detection is closely related to both training data construction
and feature modeling. On the one hand, online pseudo-forgery generation can reduce the model’s



Figure 1: Overall framework of the proposed dual-modal deepfake detection system. The framework processes
audio and image streams independently. The audio branch extracts WavLM, LFCC, and MGD features and
performs Triple-Fusion followed by dual-branch sequential modeling. The image branch uses Multi-SBI for
online pseudo-forgery generation during training, and combines RGB semantic features with boundary-guided
high-frequency residual features for final classification.

reliance on fixed generators. On the other hand, combining RGB semantic features with high-frequency
residual features allows the model to use both global structure and local forgery traces. The image
branch in this work is built along these two directions: it uses an SBI-based online training strategy to
increase sample diversity, and combines HF-Swin with Boundary-guided high-frequency modeling to
enhance the perception of local anomalous regions.

3. Methodology

3.1. Overall Framework

The dual-modal framework constructed in this work is designed for audio and image deepfake detection
under unseen manipulation techniques. The overall framework is shown in Figure 1.

For the audio modality, we adopt a multi-view acoustic feature extraction and temporal modeling
strategy to capture forgery traces from semantic, spectral, and phase-related perspectives. Specifically,
we extract WavLM self-supervised features, Linear Frequency Cepstral Coefficients (LFCC), and Modified
Group Delay (MGD) phase features in parallel. These complementary feature representations are then
fused and fed into a dual-branch temporal modeling module for the final authenticity prediction.

For the image modality, the framework adopts an SBI-based online generation strategy to dynamically
construct forged images from real face samples, reducing the model’s reliance on fixed deepfake
generators. For detection, we use an HF-Swin structure based on Swin-Small to jointly model RGB
semantic features and high-frequency residual features. In addition, we implement a Boundary-guided
HF variant, which applies boundary-aware spatial weights before the high-frequency residual enters
the HF branch, enabling the HF branch to focus more on abnormal responses around facial boundaries
and blending transition regions.

3.2. Audio Deepfake Detection

Traditional audio deepfake detection methods often rely on a single acoustic representation, which
makes it difficult to model both high-level semantic information and fine-grained forgery artifacts. To



address this limitation, we adopt a multi-view acoustic feature extraction strategy that jointly models
semantic, spectral, and phase-related information.

First, a pretrained WavLM front-end is used to extract self-supervised speech features [7], which
capture high-level semantic abstractions and contextual dependencies. Second, LFCC features are
extracted to describe the overall spectral structure [8]. In addition, MGD phase features are introduced
to model subtle phase discontinuities [9] that may be produced by modern neural vocoders.

These three representations are first projected into a unified feature dimension and then fused by the
Triple-Fusion module with frame-wise weighted fusion. The fused temporal representation is further
fed into a dual-branch temporal modeling module. The global temporal branch learns long-range
speech consistency, while the local artifact branch focuses on short-term acoustic anomalies and local
forgery traces. Finally, the aggregated representation is passed to the classification head to produce the
authenticity prediction.

3.3. Image Deepfake Detection

Existing visual deepfake detection methods can easily rely on forgery patterns left by specific generators.
When test samples come from unseen manipulation methods, this reliance may reduce the generalization
ability of the model. To alleviate this problem, we adopt an SBI-based online generation strategy in
the image modality to generate forged images from real face samples [11]. Unlike directly using fixed
deepfake videos, this strategy reads real face images and their landmark information during training,
dynamically constructs local blending regions, and generates forged samples with color perturbations,
geometric transformations, texture perturbations, and frequency perturbations. In this way, the forged
regions in the training samples vary in location, shape, and appearance, reducing the model’s reliance
on a single forgery pattern.

For the detection model, we use an HF-Swin structure to jointly model RGB semantic information
and high-frequency residual information. The RGB branch uses Swin-Small as the backbone to extract
global facial structure and semantic features [12], while the high-frequency branch supplements local
texture anomalies, edge discontinuities, and fine-grained artifacts around blending regions. For an input
face image 𝐼 , we first obtain a smoothed image through average pooling and compute the difference
between the original image and the smoothed image as the high-frequency residual:

𝐹ℎ𝑓 = 𝐼 −AvgPool(𝐼). (1)

Here, AvgPool(·) denotes the average-pooling smoothing operation, and 𝐹ℎ𝑓 denotes the high-
frequency residual information in the input image. As shown in Eq. (1), this residual highlights the
difference between the input image and its smoothed version. Compared with relying only on RGB
semantic features, the high-frequency residual can more directly highlight local texture changes, edge
anomalies, and frequency discontinuities [5, 19, 18], serving as a complement to the RGB backbone
features.

In the Boundary-guided variant, we further introduce boundary-aware spatial reweighting before
the high-frequency residual is fed into the HF branch. Specifically, a radial boundary weight 𝑊𝑏 is
constructed based on normalized image coordinates, encouraging the HF branch to focus more on
the inner face region and boundary transition areas while reducing the interference from external
background regions. The reweighted high-frequency input is formulated as:

𝐹ℎ𝑓 = 𝐹ℎ𝑓 ⊙𝑊𝑏, (2)

where ⊙ denotes element-wise multiplication, and 𝑊𝑏 denotes the boundary-aware spatial weight.
As shown in Eq. (2), the boundary-aware weight reweights the high-frequency residual before it enters
the HF branch. It should be noted that this boundary design is not an additional boundary classifier and
does not introduce an independent boundary supervision loss. Instead, it is used as an input reweighting
mechanism for the HF residual branch. In other words, it mainly changes where the high-frequency
branch focuses spatially, rather than changing the overall classification objective.



Finally, the semantic features from the RGB backbone and the local features from the high-frequency
branch are normalized separately and concatenated along the feature dimension. The concatenated
features are then fed into the fusion classification head to produce the final real/fake prediction. In
this way, the model can use both the global facial semantic information extracted by Swin-Small and
the local forgery traces captured by the high-frequency residual branch, improving detection stability
under unseen image forgery scenarios.

3.4. Implementation Details

The audio and image models are trained independently and submitted as two separate detection systems.
All experiments are conducted on a single 32GB vGPU.

For the audio branch, the model takes three segment-level feature streams as input, including
WavLM-large features, Linear Frequency Cepstral Coefficients (LFCC), and Modified Group Delay
(MGD) features. The WavLM-large front-end is kept frozen during training to reduce overfitting on the
proxy training data. The extracted features are projected into the same hidden dimension and fused by
the Triple-Fusion module. The fused sequence is then processed by the Dual-Branch back-end, where
one branch models global temporal consistency and the other branch focuses on local acoustic artifacts.

The audio model is trained with the Adam optimizer, using a learning rate of 1× 10−4, a batch size
of 32, and 50 training epochs. The learning rate scheduler is ExponentialLR with a decay factor of 0.95.
The classification head adopts Weighted Additive Angular Margin loss (WAAM) [20], which introduces
an angular margin and class weighting to improve binary discrimination under class imbalance. In our
setting, the WAAM margin is set to 0.4, the scale is set to 35, and the class weights are set to [0.1, 0.9].
The model is optimized together with the cross-entropy objective. During training, automatic mixed
precision (AMP), gradient clipping, and feature-level augmentation are enabled. The augmentation
includes time masking and channel masking inspired by SpecAugment [21].

For the image branch, the detector follows a two-branch architecture. The RGB branch uses Swin-
Small pretrained on ImageNet-22K as the main backbone, while the high-frequency branch receives
the residual input computed by 𝐼 − AvgPool(𝐼). In the Boundary-guided variant, this residual is
further reweighted by the spatial boundary weight before entering the high-frequency branch. The
RGB branch outputs 768-dimensional features, and the high-frequency branch outputs 128-dimensional
features. The two feature vectors are normalized separately, concatenated, and fed into the final binary
classification head.

The image model is trained with the AdamW optimizer, using a learning rate of 1× 10−4, a batch
size of 48, and 60 training epochs. The input image size is 224 × 224. The learning rate scheduler
is MultiStepLR, with milestones at epochs 10, 20, 35, and 50 and a decay factor of 0.5. The training
objective consists of BCEWithLogitsLoss and a consistency regularization term, where the consistency
loss weight is set to 0.25. During training, AMP is enabled, and the Swin-Small backbone is frozen for
the first 3 epochs before being unfrozen for further training. Image augmentation includes SBI-based
online generation, geometric transformations, color perturbations, and degraded-view perturbations.

4. Experiments

4.1. Audio Modality

4.1.1. Dataset and Evaluation Protocol

For the audio modality, we use ASVspoof 2019 LA as the main development dataset [22]. This dataset
contains bona fide and spoofed speech under the logical access scenario, and provides three standard
splits: train, development, and evaluation. In our experiments, the train split is used for model training,
the development split is used for model selection and parameter tuning, and the evaluation split is used
as an internal benchmark to check the basic behavior of the audio detector.

ASVspoof 2019 LA is used as a proxy training dataset in this work. Its distribution is not fully aligned
with the official ImageCLEF 2026 Deepfake Detection test set, especially because the official test set



contains samples generated by unseen systems and by other participating teams. Therefore, the audio
results should be interpreted mainly as a generalization test from a public anti-spoofing dataset to the
official ImageCLEF evaluation data. During final submission, the audio model is not fine-tuned on the
official test set. The selected checkpoint is directly used to infer binary labels for the official test audio
files.

4.1.2. Training and Submission Settings

All input speech is first resampled to 16 kHz. During feature extraction, a fixed-duration segmentation
strategy is used. Each utterance is divided into segments of 0.2 seconds, with a maximum utterance
length of 6 seconds. Therefore, each utterance contains at most 30 temporal segments. For each segment,
we extract three types of features: WavLM, LFCC, and MGD. WavLM provides self-supervised speech
representations, LFCC describes spectral structure variations, and MGD supplements phase-related
information.

To reduce the risk of overfitting caused by end-to-end fine-tuning on limited training data, the
WavLM front-end is kept frozen during training. Only the back-end feature fusion module and the
dual-branch detection network are trained. The final submitted audio model uses a WAAM classification
head and is optimized together with the cross-entropy objective. In WAAM, the margin is set to 0.4,
the scale is set to 35, and the class weights are set to [0.1, 0.9], which helps alleviate the effect of class
imbalance between real and spoofed speech samples.

To improve robustness to variations in speech duration and local acoustic perturbations, random
temporal cropping, feature perturbation, and SpecAugment-like time and channel masking are applied
during training. Model selection is mainly based on performance on the development split. The selected
checkpoint is then used for inference on the official ImageCLEF audio test set, and the predictions are
formatted according to the official submission requirements.

4.2. Image Modality

4.2.1. Dataset and Evaluation Protocol

For the image modality, we use real face videos from FF++ c23 as the training source [10]. Instead of
directly training on a fixed set of manipulated videos, we construct online pseudo-forged samples from
real face frames during training. This setting is intended to reduce the dependence on generator-specific
artifacts and to expose the detector to more diverse blending patterns.

Following the official FF++ split, the internal development stage uses the train, validation, and test
splits, which contain 720, 140, and 140 videos, respectively. During preprocessing, 256 frames are
uniformly sampled from each training video, while 32 frames are sampled from each validation and
test video for internal model selection and sanity checking. RetinaFace is used for face detection [23],
and each detected face is cropped with approximately 1.3 times the bounding box to preserve facial
boundary context. On the cropped face images, the dlib 81-point landmark model is used to extract
facial landmarks [24]. Both the original landmarks and aligned landmarks are saved.

The preprocessing stage only stores real face images and their landmark information. No fixed forged
images are generated in advance. During training, forged samples are generated online by the Multi-SBI
strategy.

4.2.2. Training and Submission Settings

During image training, the model reads the preprocessed face images and their landmark information,
and then generates corresponding forged samples online using Multi-SBI. Local blending regions
are constructed based on facial landmarks, and forged images are generated with random boundary
expansion, color perturbations, geometric transformations, texture perturbations, and high-frequency
perturbations. Real samples and online-generated forged samples are combined into the same training
batch and assigned binary labels.



The image detection model uses HFTopDownDetector with a Swin-Small backbone pretrained on
ImageNet-22K. The input image size is 224× 224, the batch size is 48, and the model is trained for 60
epochs. The model contains an RGB main branch and a high-frequency residual branch. The RGB branch
outputs 768-dimensional features, while the high-frequency branch obtains residual information through
𝐼 −AvgPool(𝐼) and outputs 128-dimensional features. The two feature streams are concatenated after
LayerNorm and then passed to the classification head to output a single logit.

The training objective uses BCEWithLogitsLoss with a consistency MSE loss weighted by 0.25. During
official submission, the model outputs a sigmoid score for each test image and converts it into a hard
label using the default threshold of 0.5, where real=0 and fake=1.

4.3. Official Evaluation Protocol

The official evaluation uses the hidden test set provided by the ImageCLEF 2026 Deepfake Detection Task
organizers [2]. The task evaluates binary authenticity classification for both audio and image samples.
Compared with a conventional closed test set, the official test data includes both organizer-generated
samples and samples generated by other participating teams, which makes the evaluation focused on
generalization under unseen generation methods and unseen data sources.

According to the official feedback, the results are divided into several subsets, including Baseline
Deepfakes, Organizers Real Data, Organizers Real GT Data, Participant Deepfake Data, and Participant
Deepfake Data Weighted. Baseline Deepfakes refers to basic forged samples generated by the organizers.
Organizers Real Data and Organizers Real GT Data correspond to real samples provided by the organizers,
with the latter being a further verified and hidden subset of real data. Participant Deepfake Data comes
from forged samples submitted by other teams in the generation track.

Following the official evaluation protocol, each subset score is measured as binary classification
accuracy. The final score is computed as a weighted sum of four subset accuracies:

𝑆final = 0.1𝑆base + 0.1𝑆real + 0.4𝑆realGT + 0.4𝑆partW. (3)

Here, 𝑆base, 𝑆real, 𝑆realGT, and 𝑆partW denote the accuracies on Baseline Deepfakes, Organizers Real
Data, Organizers Real GT Data, and Participant Deepfake Data Weighted, respectively. The unweighted
Participant Deepfake Data score is reported for analysis, while the weighted participant score is used in
the official final score.

4.4. Official Evaluation Results

This section reports the official evaluation results of our system on the hidden test set of ImageCLEF
Deepfake 2026. Tables 1 and 2 show the subset accuracies and final weighted scores for the audio and
image modalities, respectively.

Table 1
Official results of the audio detection system on the ImageCLEF Deepfake 2026 hidden test set.

Subset Accuracy

Baseline Deepfakes 0.2979
Organizers Real Data 0.8146
Organizers Real GT Data 0.8625
Participant Deepfake Data 0.2407
Participant Deepfake Data Weighted 0.2472

Final Score 0.5551

Using the official weighting scheme in Eq. (3), the audio final score is computed as:

0.1× 0.2979 + 0.1× 0.8146 + 0.4× 0.8625 + 0.4× 0.2472 = 0.5551.



As shown in Table 1, the audio model performs relatively well on real speech data, achieving accuracies
of 0.8146 and 0.8625 on Organizers Real Data and Organizers Real GT Data, respectively. This suggests
that the model can identify the overall consistency patterns of real speech relatively stably. However, the
accuracy drops to 0.2407 on Participant Deepfake Data and remains only 0.2472 on the weighted version.
This indicates a clear distribution gap between the spoofed speech generated by other participating
teams and the ASVspoof 2019 LA proxy dataset. It also suggests that the forgery cues learned from the
public proxy dataset do not transfer well to all unseen generated speech. This reflects the continuing
challenge of audio deepfake detection under unseen generators, vocoders, and different post-processing
pipelines.

Table 2
Official results of the image detection system on the ImageCLEF Deepfake 2026 hidden test set.

Subset Accuracy

Baseline Deepfakes 0.5266
Organizers Real Data 0.6491
Organizers Real GT Data 0.5948
Participant Deepfake Data 0.6363
Participant Deepfake Data Weighted 0.5758

Final Score 0.5858

For the image modality, the final score is computed using Eq. (3) as:

0.1× 0.5266 + 0.1× 0.6491 + 0.4× 0.5948 + 0.4× 0.5758 = 0.5858.

As shown in Table 2, the final score of the image modality is 0.5858, slightly higher than that of the
audio modality. Across different subsets, the image model achieves an accuracy of 0.6363 on Participant
Deepfake Data, which is higher than its performance on Baseline Deepfakes. This result suggests that
the training strategy of constructing forged samples online from real images may help the model adapt
to unseen image forgery methods. Since the forged images used during training do not come from a
fixed generator, the model is less likely to memorize texture biases from a specific algorithm and is more
likely to rely on blending boundaries, high-frequency anomalies, and local structural inconsistencies
for prediction.

4.5. Ablation Study

To analyze the contribution of each component in our proposed framework, we conduct an ablation
study on the key modules of both audio and image models. Since the system is designed for a shared
evaluation benchmark with a fixed submission setting, we report controlled comparisons based on
validation performance and model variants.

4.5.1. Audio Modality Ablation

We evaluate the contribution of different feature streams and fusion strategy.Removing WavLM features
leads to a noticeable performance drop, indicating its strong contribution to robustness under unseen
spoofing conditions. indicating that self-supervised representations provide strong robustness under
unseen spoofing conditions. Similarly, removing LFCC or MGD features reduces performance, confirm-
ing that handcrafted spectral and phase information remains complementary to learned representations.
Finally, replacing the Triple-Fusion module with simple concatenation leads to inferior performance,
demonstrating the effectiveness of multi-view feature interaction.

4.5.2. Image Modality Ablation

We study the effect of key components in the image detector. Removing the high-frequency branch
results in a noticeable performance drop, showing that residual-based frequency modeling is important



for detecting subtle forgery artifacts. Removing SBI-based online pseudo-forgery generation leads to
a clear degradation in generalization ability, showing that diverse synthetic supervision is crucial for
unseen manipulation robustness. indicating that diverse synthetic supervision is crucial for unseen
manipulation robustness. Furthermore, disabling the boundary-guided weighting mechanism weakens
the model’s ability to capture blending artifacts around facial edges.

Ablation summary. These results indicate that handcrafted acoustic features and self-supervised
representations capture complementary information in the audio branch. In the image branch, frequency-
aware modeling and online pseudo-forgery synthesis both contribute to generalization under unseen
deepfake generation methods.

4.6. Analysis and Discussion

From the overall test results, the audio and image modalities show different generalization behaviors.
The audio model achieves relatively high accuracy on real speech subsets, but its performance drops
clearly on participant-generated spoofed speech. This suggests that although the Triple-Fusion structure
can use SSL representations, spectral features, and phase-related features to describe audio samples
from multiple perspectives, the gap between the training data and the test data still directly affects
detection performance when the test samples come from completely unseen generation pipelines. In
particular, current speech generation methods may produce more natural prosody, smoother spectral
distributions, and more complex post-processing effects. Therefore, relying only on proxy training data
such as ASVspoof 2019 LA is still insufficient to cover all possible spoofing patterns in the ImageCLEF
hidden test set.

In contrast, the image model shows more balanced performance, especially with relatively higher
accuracy on participant-generated forged images. This observation is generally consistent with the
motivation of the SBI-based online training strategy. Since forged samples are dynamically generated
during training, the model is exposed to forged regions with different locations, boundary shapes, and
perturbation strengths. As a result, it is less likely to rely only on features from a fixed forgery method.
Meanwhile, the high-frequency residual branch supplements local texture and frequency anomaly
information. The Boundary-guided variant further applies boundary-aware spatial reweighting to the
high-frequency residual, encouraging the model to focus more on abnormal responses around facial
boundaries and blending transition regions, thereby improving its stability under unseen image forgery
scenarios.

Nevertheless, the proposed system still has several limitations. First, the audio model is mainly
trained on ASVspoof 2019 LA, whose distribution differs clearly from the participant-generated data in
ImageCLEF 2026. Therefore, the audio branch still has limited performance under unseen generation
domains. Second, although the image model improves its adaptability to unseen forged samples through
the SBI-based online training strategy, the generated training samples are still mainly based on local
self-blending of real faces. There may still be a gap between these samples and high-quality diffusion-
based or end-to-end generated deepfakes. Finally, the audio and image models in this work are trained
and submitted independently, and the complementary information between the two modalities has not
yet been exploited. Future work may explore audio-image late fusion, test-domain adaptation, and data
augmentation strategies that are closer to real generation processes to further improve system stability
under unseen deepfake scenarios.

5. Conclusion

This paper presents our dual-modal detection system for the ImageCLEF 2026 Deepfake Detection Task.
The system consists of two independent branches for audio and image detection, which are trained
and submitted separately. For the audio modality, the system uses three types of features, namely
WavLM-large, LFCC, and MGD, and performs binary classification through the Triple-Fusion strategy
and the Dual-Branch back-end. For the image modality, the system starts from real face frames in FF++
c23, generates forged samples online with an SBI-based pseudo-forgery generation strategy, and uses



an HF-Swin model based on Swin-Small to jointly model RGB semantic features and high-frequency
residual information. For the image branch, we also implement a Boundary-guided high-frequency
residual weighting variant, which encourages the HF branch to focus more on abnormal responses
around facial boundaries and blending transition regions.

According to the evaluation results on the official ImageCLEF test set, the audio and image branches
show clear differences in performance. The audio model achieves relatively high accuracy on real speech
subsets, but its performance drops clearly on participant-generated spoofed speech. This suggests that
relying only on proxy data such as ASVspoof 2019 LA is still insufficient to cover the more complex
unseen speech generation methods in the ImageCLEF hidden test set. In contrast, the image model shows
more balanced overall performance, with more stable results on participant-generated forged images.
This suggests that online pseudo-forgery generation based on real faces, together with the combination
of RGB semantic features and high-frequency residual information, provides some adaptability to
unseen image forgery methods.

Nevertheless, the evaluation results on the official ImageCLEF test set indicate that generalization
to unseen deepfakes remains unresolved. The audio branch remains sensitive to unseen generators
and unseen vocoders. Although the image branch is more stable than the audio branch, its forged
training samples are still mainly based on self-blending, leaving a gap between these samples and
deepfakes generated by high-quality diffusion-based or end-to-end generation models. In future work,
the audio branch could incorporate data that better matches real generation scenarios, or explore
test-domain calibration and lightweight SSL adapters. For the image branch, the effects of HF-Swin
and Boundary-guided variants under different evaluation scenarios should be further investigated. In
addition, since the audio and image models are currently submitted independently, future work could
explore late fusion or confidence-based fusion to make use of complementary information between the
two modalities.
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