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Abstract
Deepfake generation techniques have rapidly evolved in recent years, producing highly realistic manipulated
media that poses significant risks to digital trust, media authenticity, and information security. Detecting deepfakes
generated by unseen methods remains a major challenge, as many existing approaches tend to learn generator-
specific artifacts rather than generalized representations. In this work, we propose a dual-stream spatial–frequency
feature learning framework for generalized deepfake detection. The proposed system simultaneously learns spatial
representations from RGB images and spectral representations from Fast Fourier Transform (FFT)-based frequency
images using two EfficientNet-B0 backbones. A consistency regularization strategy is introduced to encourage
alignment between spatial and frequency-domain feature representations, improving robustness toward unseen
manipulations. The model was trained using multiple manipulation categories from the FaceForensics++ dataset
with extensive augmentation techniques to improve generalization. Experimental evaluation on the ImageCLEF
2026 Deepfake Detection task achieved a final score of 0.5562, demonstrating the framework’s capability to detect
both organizer-generated and participant-generated deepfakes under generalized evaluation settings.
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1. Introduction

The rapid advancement of generative artificial intelligence has significantly improved the realism of
synthetic media, leading to the widespread emergence of deepfakes. Modern deepfake generation meth-
ods based on Generative Adversarial Networks (GANs) and diffusion models are capable of producing
highly convincing manipulated images with minimal visible artifacts. While these technologies provide
benefits in multimedia generation and entertainment applications, they also introduce serious concerns
related to misinformation, digital forgery, identity manipulation, and media authenticity. As the visual
quality of generated content continues to improve, reliable deepfake detection has become an important
and challenging research problem.

A major limitation of many existing deepfake detection approaches is poor generalization toward
unseen manipulations. Several methods tend to learn generator-specific artifacts and therefore expe-
rience performance degradation when evaluated on unknown deepfake generation techniques. The
ImageCLEF 2026 evaluation campaign [1] introduced the Deepfake Detection Task [2], focusing on
generalized multimodal deepfake detection under unseen evaluation settings. The image deepfake
detection subtask involves binary classification of images into real and manipulated categories without
providing labeled training data, encouraging the development of robust and generalized detection
strategies. Deepfake manipulations may introduce inconsistencies not only in the spatial appearance
of images but also in their frequency-domain representations, motivating the use of complementary
multi-domain feature learning for improved robustness against diverse deepfake generation techniques.
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2. Related Work

Early deepfake detection methods primarily operated in the spatial domain using RGB images and deep
convolutional neural network backbones to learn forgery-specific artifacts. Several approaches explored
reconstruction-based objectives for face forgery detection [3], attention-guided feature refinement for
long-distance temporal dependencies [4], and EfficientNet-based classifiers for robust real-and-fake
media classification [5]. Although these methods achieved strong performance on known manipulations,
many suffered from limited generalization and performance degradation when evaluated on unseen
deepfake generators [6, 7].

To improve robustness against unseen manipulations, recent studies incorporated spectral represen-
tations alongside spatial information. Frequency-aware methods based on Fast Fourier Transform (FFT)
and Discrete Cosine Transform (DCT) were introduced to capture hidden inconsistencies produced
during image synthesis and upsampling operations [8, 9]. More recent dual-stream architectures jointly
learn spatial and spectral representations using multi-domain feature extraction and cross-modal fusion
strategies to capture complementary forgery patterns [10, 11]. Despite recent progress, many existing
methods continue to rely heavily on generator-specific artifacts and often struggle to generalize to
highly realistic unseen manipulations. Furthermore, explicit consistency learning between spatial and
frequency-domain representations remains relatively underexplored in generalized deepfake detection
settings. Motivated by these limitations, the proposed framework incorporates consistency regulariza-
tion between spatial and frequency representations using dual EfficientNet-B0 backbones operating on
RGB and FFT-based image representations.

3. System Overview

3.1. Dataset Overview

The proposed framework was developed using the FaceForensics++ dataset [12], which is one of the
widely used benchmark datasets for deepfake detection research. The dataset contains both authentic and
manipulated facial videos generated using multiple face manipulation techniques. For this work, frames
were extracted from real videos and multiple manipulation categories, including Deepfakes, FaceSwap,
NeuralTextures, Face2Face, FaceShifter, and DeepFakeDetection. The use of diverse manipulation
methods enabled the model to learn generalized forgery characteristics instead of relying solely on
generator-specific artifacts.

The evaluation was performed using the ImageCLEF 2026 Deepfake Detection dataset, which consists
of organizer-generated deepfakes, participant-generated deepfakes, and authentic real images. The
image deepfake detection subtask contains 24, 404 unlabeled test images that must be classified into real
or deepfake categories. Since labeled training data was not provided as part of the challenge, the task
emphasized generalization toward unseen manipulations and diverse deepfake generation techniques.

3.2. Data Preprocessing

The FaceForensics++ videos were converted into image frames for model training. Frames were extracted
at evenly spaced intervals to ensure temporal diversity and reduce redundancy among consecutive
frames. The extracted frames were resized to 224× 224 resolution to match the input requirements of
the backbone networks.

Two complementary representations were generated for each image. The first representation con-
sisted of the original RGB image used for spatial feature learning. The second representation was
obtained by applying Fast Fourier Transform (FFT) to the grayscale version of the image to capture
spectral characteristics and frequency-domain inconsistencies introduced during image synthesis. The
FFT magnitude spectrum was normalized and converted into a three-channel image for processing
through the frequency branch of the network.



To improve robustness and generalization toward unseen manipulations, multiple augmentation
techniques were applied during training, including random resized cropping, horizontal flipping,
rotation, color jittering, and Gaussian blur. These augmentations help reduce overfitting to specific
artifacts and improve the ability of the model to detect deepfakes under varying visual conditions.

3.3. Methodology

The proposed framework, as depicted in Fig. 1, follows a dual-stream architecture designed to learn
complementary spatial and frequency-domain representations for generalized deepfake detection. Given
an input image, two parallel feature extraction branches are employed. The first branch processes
the RGB image to capture spatial characteristics such as texture inconsistencies, blending artifacts,
and visual manipulation patterns. The second branch processes the frequency-domain representation
generated using Fast Fourier Transform (FFT) to capture hidden spectral irregularities introduced during
image synthesis and upsampling operations.

Figure 1: Proposed dual-stream spatial–frequency framework for generalized deepfake detection.

Both spatial and frequency representations are processed using EfficientNet-B0 backbones for feature
extraction. The spatial branch receives the resized RGB image, while the frequency branch receives
the normalized FFT magnitude spectrum converted into a three-channel image. The extracted feature
representations from both branches are concatenated and passed through fully connected classification
layers for binary prediction of real or deepfake images.

To improve robustness toward unseen manipulations, a consistency regularization strategy is incor-
porated between the spatial and frequency feature representations. This term encourages alignment
between the feature representations learned by the two branches. Real images generally exhibit coherent
spatial and spectral characteristics, whereas manipulated images may introduce discrepancies between
visual appearance and underlying frequency patterns due to synthesis and upsampling operations. By
minimizing the feature divergence between the spatial and frequency representations, the framework
promotes complementary multi-domain learning and improves robustness toward unseen deepfake
manipulations. The overall training objective combines binary cross-entropy classification loss with
consistency regularization loss, defined as:

𝐿total = 𝐿BCE + 𝜆𝐿consistency (1)

where 𝐿BCE represents the binary cross-entropy loss for deepfake classification, 𝐿consistency denotes
the feature consistency regularization term, and 𝜆 controls the contribution of the consistency constraint
during training.

The framework was trained using the Adam optimizer with a learning rate of 1× 10−4, batch size
of 16, and image resolution of 224× 224. The training process was performed for five epochs using



augmented image samples generated from multiple manipulation categories of the FaceForensics++
dataset.

During inference, the same preprocessing pipeline was applied to the test images, including image
resizing and FFT generation. The trained model produced prediction probabilities using a sigmoid
activation function, followed by threshold-based binary classification to identify real and deepfake
images. Multiple decision thresholds were experimentally evaluated during validation-based calibration
analysis, and a threshold value of 0.45 was selected for the final submission based on balanced prediction
performance under generalized evaluation settings.

4. Results and Discussion

The proposed dual-stream spatial–frequency framework was evaluated on the unseen test dataset
provided as part of the ImageCLEF 2026 Deepfake Detection challenge. Table 1 presents the official
evaluation results obtained on the image deepfake detection subtask. The framework achieved a final
weighted score of 0.5562 under generalized evaluation settings. Comparatively higher performance was
observed on organizer-generated deepfakes and secret real ground-truth data, indicating the ability of
the model to capture both spatial and spectral inconsistencies associated with manipulated content.

Table 1
Official ImageCLEF 2026 Image Deepfake Detection Results

Evaluation Metric Score

Baseline Deepfakes (Images) 0.6454
Organizers Real Data (Images) 0.5309
Organizers Real GT Data (Images) 0.6287
Participant Deepfake Data (Images) 0.5557
Participant Deepfake Data Weighted (Images) 0.4677

Final Score (Images) 0.5562

The framework demonstrated stable prediction behavior without severe overfitting during training,
suggesting reasonable generalization capability across multiple manipulation categories. The higher
performance on baseline deepfakes compared to participant-generated manipulations further indicates
that the framework is more effective at detecting traditional forgery patterns than highly sophisticated
unseen generation methods. The moderate performance on organizer real data also highlights the
difficulty of maintaining strong discrimination between authentic and manipulated content under
generalized evaluation settings. Overall, the experimental results demonstrate the potential of combining
spatial and frequency-domain feature learning for generalized deepfake detection while also highlighting
the challenges associated with highly realistic in-the-wild manipulations.

5. Conclusion and Future Work

A dual-stream spatial–frequency framework for generalized deepfake detection was presented for the
ImageCLEF 2026 Deepfake Detection Task. By jointly learning RGB and FFT-based representations
with consistency regularization, the framework demonstrated the capability to capture complementary
forgery characteristics under generalized evaluation settings involving unseen manipulations.

Despite promising results, generalized deepfake detection remains challenging for highly realistic
manipulations generated using advanced synthesis pipelines. Future work may focus on incorporating
explicit face localization and face-aware feature extraction to better capture subtle facial inconsistencies.
Transformer-based architectures and self-supervised representation learning may further improve ro-
bustness toward unseen deepfake generators. In addition, temporal consistency modeling for video-level
analysis and multi-scale spectral feature learning could enhance the detection of complex manipulations



that suppress visible spatial and frequency-domain artifacts. Further investigation into calibration strate-
gies and domain generalization techniques may also improve adaptability under real-world deepfake
scenarios involving diverse image qualities, compression levels, and post-processing operations.
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