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Abstract: Current video face-swapping technologies face challenges such as poor facial fitting and
the inability to handle obstructions. This paper introduces Amazing FaceSwap (AmazingFS), a novel
framework for producing cinematic quality and realistic face swaps. Key innovations include the
development of a Source-Target Attention Mechanism (STAM) to improve face-swap quality while
preserving target face expressions and poses. We also enhanced the AdalN style transfer module
to better retain the identity features of the source face. To address obstructions like hair and glasses
during face-swap synthesis, we created the AmazingSeg network and a small dataset AST. Extensive
qualitative and quantitative experiments demonstrate that AmazingFS significantly outperforms
other SOTA networks, achieving amazing face swap results.

Keywords: face swapping; attention mechanism; style transfer; face segmentation

1. Introduction

The purpose of face-swapping technology is to combine the identity information of
the source face, such as skin texture and facial contours, with the attribute information
of the target face, such as posture, shape, expressions, and lighting, to generate a facial
image that encapsulates these details [1]. The face-swapping result needs to retain the facial
attributes of the target face while transferring the identity of the source face to the target
face. In recent years, automatic and realistic video face-swapping technology has garnered
increasing interest due to its wide applications in fields such as movies, games, and the
entertainment industry. However, accurately and realistically extracting and integrating
the identity information of the source face with the attribute characteristics of the target
face to achieve high-fidelity face swapping remains a challenging issue.

Video face-swapping technology is distinct from traditional face swapping as it is
always conducted on a one-to-one basis using state-of-the-art (SOTA) methods such as
Deepfake, FaceSwap, DeepFaceLab, Simswap, Inswapper, and BlendSwap [2-7]. Even with
300,000 iterations of training using these methods, achieving high-fidelity face swapping
remains challenging. In scenes with obstructions, problems like poor edge fitting of the
face, artifacts, and distortions can still arise. The goal of face swapping technology is not
only to achieve high realism in the swapped faces, but also to ensure that (1) the identity
of the resulting face closely matches that of the source face, and (2) the result possesses a
photorealistic quality, true to the expressions and posture of the target face, and aligns with
the details of the target image such as lighting, background, and obstructions.

According to these requirements, we propose AmazingFS, a novel face swapping
framework. AmazingFS leverages extensive data from both the target face and the source
face to perform video face swapping and achieve cinematic-level face-swap results with
high fidelity, as illustrated in Figure 1.

AmazingFS incorporates multiple strategies including attention mechanisms, style
transfer modules, and facial segmentation networks. To address unclear facial features, we
propose a novel Source-Target Attention Mechanism (STAM). STAM enables AmazingFS to
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discern which conditional features, such as identity information, need to be discarded and
which non-conditional features, such as background information, need to be retained in the
target face. Our experiments show that STAM significantly enhances identity transfer by
improving the model’s focus on relevant features, thereby enhancing face-swapping results.
STAM combines Channel Attention Modules (CAM) [8] and Spatial Attention Modules
(SAM) [9], adaptively adjusting the importance within the feature maps, allowing for the
model to more effectively capture and process critical features. In face-swapping tasks, this
attention mechanism helps the model better recognize and retain the key features of the
source face while accurately blending the target face’s features into the source face.

Target Source Result Target Source Result
N N\

Figure 1. The face-swap results generated by AmazingFS involve replacing the face from the source
image with the face in the target image.

To better adapt to the stylistic features of the target image while preserving the identity
features of the source face, we have improved the AdalN [10] module. Originally used for
image style transfer and generative tasks, AdalN effectively adjusts the style attributes of
feature maps. We introduced a dynamic parameter adjustment mechanism using a neural
network to predict the mean and standard deviation of style features instead of directly
using the statistics of input features. This allows for adaptive parameter adjustment based
on input features, producing more natural and realistic face-swapping effects.

To address the occlusion problem, we designed the AmazingSeg network simplified
from TernausNet [11] and created a small dataset AST selected from 5000 obscured face
images from the large AFLW [12] dataset with obstructions like hair, glasses, and hands.
We manually annotated these 5000 obscured face images to distinguish facial areas from
obstructed regions. The trained AmazingSeg model can be applied to any video face-
swap involving obstructions, allowing for the model to automatically learn and address
obstructions during the face synthesis stage.

The main contributions of this paper are as follows:

e  We propose AmazingFS, a groundbreaking face-swapping framework that delivers
cinematic-quality realistic face swaps with superior performance shown in extensive
qualitative and quantitative experiments compared to other SOTA networks.

o  We designed the STAM attention mechanism to improve the alignment of face edges
and the detailed depiction of facial features.

e  Weimproved the AdalN style transfer module to better enhance the identity features
of the source face while preserving the expressions and posture of the target face.

e  We created the AmazingSeg dataset AST and trained the AmazingSeg network to
handle obstructions such as hair and glasses during the face-swapping synthesis
process.

2. Related Work

In recent years, advancements in deep learning have propelled the rapid development
of face-swapping technology. This technology has evolved from simple image editing
based on traditional image processing techniques to significant popularization through
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deep learning methods. Key face-swapping technologies and tools have made substantial
impacts in both academia and industry.

Deepfake [2], based on Generative Adversarial Networks (GAN) proposed by lan
Goodfellow et al., uses GANs to generate lifelike images and videos, creating facial images
of target individuals and replacing faces in existing videos. FaceSwap [3] is an open-
source tool that combines traditional image processing and deep learning methods to
achieve high-quality face swapping, with strong community support and a broad user
base. DeepFaceLab [4] employs GANs and autoencoders for face swapping, while offering
customizable options for user-specific adjustments and optimizations. SimSwap [5] em-
phasizes maintaining the characteristics of the source face while achieving high-fidelity
replacement of the target’s facial features, utilizing a multi-scale feature fusion technique
to enhance naturalness. Inswapper [6] uses deep learning techniques to seamlessly blend
facial features between different images, preserving original expressions and lighting
conditions for realistic results. BlendSwap [7] uses advanced neural networks to merge
multiple facial images into a single composite face, maintaining high fidelity in skin texture,
color, and detail. FaceDancer [13] focuses on real-time face-swapping technology for live
broadcasting and video calling, achieving low-latency swaps through an optimized neural
network architecture. HiFiFace [14] emphasizes maintaining high resolution and detail
during the swap by using advanced generative models and detail enhancement techniques.
DiffFace [15] employs advanced image generation algorithms that produce highly real-
istic results and excel in complex scenes and details. FaceShifter [16] uses a multi-stage
generative model that gradually refines the swap for highly natural results.

Attention mechanisms in Al-driven face-swapping technology have significantly im-
proved the quality and fidelity of generated images. Initially, GAN models handled global
features, but attention mechanisms now enable a finer focus on local features, resulting
in more lifelike swaps. Mnih et al. [17] introduced a pioneering visual attention model
that enhances image processing efficiency and accuracy by selectively focusing on specific
regions. Jaderberg et al. [18] developed Spatial Transformer Networks that dynamically
manipulate images, providing robustness against input variations. Dai et al. [19] and Zhu
et al. [20] proposed deformable convolutional networks that adapt to geometric variations,
improving performance in detection and segmentation tasks. Hu et al. [21] introduced
Squeeze-and-Excitation Networks that dynamically adjust channel weights to improve
model performance. Woo et al. [22] presented the Convolutional Block Attention Mod-
ule (CBAM) which enhances focus on crucial features and improves performance. Wang
et al. [23] developed Non-local Neural Networks to model global relationships between
features facilitating long-range dependency modeling. Dosovitskiy et al. [24] showcased
the Vision Transformer model, applying the Transformer architecture to image recognition
tasks with superior image processing capabilities.

Style transfer plays a crucial role in Al face-swapping technology by transferring style
features from a target image onto a source image to generate realistic effects. Early methods
based on neural style transfer by Gatys et al. [25] used convolutional neural networks to
extract and apply style features, but were computationally intensive. Johnson et al. [26]
introduced a fast-style transfer method by training a feedforward network to generate
target images directly, improving efficiency, but limiting flexibility, as each style required a
separate model. Huang et al. proposed Adaptive Instance Normalization (AdalN), a further
improved style transfer method that combines instance normalization with style encoding
to apply the statistical features of the target image to the source image. AdalN significantly
enhances flexibility by handling multiple styles within a single model, eliminating the
need to train a separate model for each style. We have improved the AdaIN mechanism
and applied it to our model, providing an efficient and flexible solution for face swapping,
ensuring real-time performance and realistic results.
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Face segmentation technology is essential for enhancing the quality of face swapping.
FaceXFormer [27] is a transformer-based encoder-decoder architecture that can handle mul-
tiple facial analysis tasks within a single framework. STN-iCNN [28] is an end-to-end face
parsing framework that improves overall segmentation performance by using a localization
network to accurately crop facial features. BiSeNet V2 [29] processes spatial information
and semantic information through two separate paths and then combines them, resulting in
higher segmentation accuracy and faster processing speed. TernausNet is a convolutional
neural network (CNN) based on the U-Net architecture, designed specifically for image
segmentation tasks. A key feature of TernausNet is its use of a pre-trained VGG 11 model
in the encoder which enhances the efficiency of feature extraction. This approach enables
TernausNet to achieve higher accuracy and stability in image segmentation. In the context
of face-swapping technology, TernausNet is utilized for the precise segmentation of facial
regions and extraction of key features, thereby improving the naturalness and consistency
of face-swapping results. Its superior performance in handling complex scenes and intri-
cate details provides a robust foundation for achieving high-quality facial replacements.
We have implemented AmazingSeg occlusion handling technology, an improved version
of TernausNet in the face-swapping domain. This enhancement significantly boosts the
authenticity and visual appeal of the swapped images.

3. Methods

We propose a framework, AmazingFS, that successfully transfers the identity from
the source face to the target face while preserving the attributes of the target face, thereby
enhancing the fitting accuracy and realism of the face swap (Section 3.1). We introduce a
novel attention mechanism, STAM, enabling the model to capture critical information about
the face (Section 3.2). Subsequently, we explain the principles behind the improvements
to AdaIN. AdalN+ significantly enhances the identity features of the source face in the
face swap results (Section 3.3). Additionally, the AmazingSeg facial segmentation network
addresses occlusion issues in face swapping (Section 3.4). Finally, we describe the joint loss
function used in our approach (Section 3.5).

3.1. Network Architecture

AmazingFS is a GAN-based framework designed for face-swapping, with its overall
architecture shown in Figure 2. The generator includes an encoder, an intermediate layer
(Inter), and a decoder. The target video face and the source video face are processed through
encoders and decoders with shared weights and the intermediate layer. Unlike traditional
methods, the AmazingFS algorithm does not require strict alignment of facial expressions
between the source and target faces. This effective paradigm addresses the problem of
unpaired faces while maintaining high fidelity and perceptual quality of the generated
facial images. By utilizing a shared encoder and intermediate layer, AmazingFS solves the
unpaired problem, with only one decoder needed to accomplish the face-swapping task.
The result is the replacement of the source face with the target face rather than the entire
target person.

The encoder is composed of multiple Conv2DBlocks, with the output dimensions
of each Conv2DBlock gradually increasing from dim to dim x 2 to dim x 4 and then to
dim x 8. After passing through these four convolutional layers, the image is flattened
through a Flatten operation to enter the intermediate layer. The intermediate layer contains
two fully connected layers and a Reshape operation to convert the flattened feature vector
back into a shape suitable for convolution operations. The UpscaleBlock is used for
upsampling, which restores low-resolution feature maps to higher resolution.
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Figure 2. The overall network architecture of AmazingFS.

The decoder includes several modules, each serving a specific function to enhance
overall image quality. The Source-Target Attention Mechanism (STAM) provides adap-
tive attention mechanisms in both space and time to improve the detail and dynamic
performance of generated images. AdaIN+ enables style and content disentanglement by
adjusting normalization parameters. The UpscaleDNYBlock employs Disney upsampling
technology to efficiently upscale low-resolution images to high-resolution images. The
LeakyReLU activation function, with a small slope, prevents the “dying” phenomenon of
ReLU and enhances the model’s non-linear representation capabilities. ResidualBlock adds
short connections to mitigate gradient vanishing issues in deep networks. CSPNetBlock
boosts the learning capability and efficiency of the network through partial feature sepa-
ration and fusion. Finally, Conv2DOutput serves as the convolutional output layer. The
input dimensions of each module progressively decrease from dim x 8 to dim, with the
decoder outputting images at resolutions of 32 x 32, 64 x 64, 128 x 128, and 256 x 256.
These multi-scale fusion operations restore complete image features.

The encoder and intermediate layer convert input facial images into latent feature
vectors through mapping and transformation in the feature space. The encoder extracts and
compresses facial features to convert high-dimensional image data into low-dimensional
feature vectors. The intermediate layer exchanges and fuses facial features in the feature
space to achieve feature transfer and face-swapping effects between different faces. The
decoder converts the low-dimensional feature vectors processed by the encoder back into
high-dimensional images. By training this neural network, it reconstructs facial images
resembling the original from the input feature vectors. The decoder employs STAM,
AdalN+, Disney upsampling blocks, and activation functions. It adds convolutional layers
before doubling the feature map size to generate four different scales of RGB images for
multi-scale fusion operations. This process restores the complete image feature vectors
while retaining the identity features of the source face and recovering the facial expressions
and poses to achieve a high-fidelity reconstruction of facial images.

After the generator outputs images of multiple resolutions, these images are input into
corresponding resolution discriminators for real or fake discrimination. The discriminator
consists of multiple convolutional layers and activation functions to distinguish between
generated and real images. Each discriminator has a similar structure with multiple Conv2D
layers and LeakyReLU activation functions. Through layer-by-layer downsampling and
feature extraction, a real or fake label is finally output via a fully connected layer. Discrimi-
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nators are trained at different resolutions to ensure the generator can produce high-quality
images at various scales. This structure enables AmazingFS to achieve a high-fidelity
reconstruction of facial images.

3.2. STAM

In the field of face-swapping technology, facial images are crucial due to their complex
structures and diversity. The face-swapping process involves numerous detailed changes
and simply adding attention modules does not adequately address issues related to facial
details in feature selection. To enhance the model’s ability to select features and capture
details, we optimized the attention mechanism algorithm and introduced the Source-Target
Attention Mechanism (STAM) into the face-swapping system. This enhancement aims to
improve the quality and stability of swapped facial images.

STAM combines the advantages of the Channel Attention Module (CAM+) and the
Spatial Attention Module (SAM) through a parallel design and a feature recalibration mod-
ule, significantly improving the performance and stability of the face-swapping model. This
approach allows for the better handling of complex facial images, resulting in high-quality
face-swapping outcomes. As illustrated in Figure 3, STAM integrates CAM+ and SAM.
CAM+ performs average pooling and max pooling on the input feature map, compressing
ittoasize of 1 x 1 x C. The compressed feature map is then fed into two MLP networks
for computation, and spatial attention weights are generated through a Sigmoid activation
function. Given the minimal background noise and complex texture details of facial images,
the CAM+ module adopts an expansion perceptron instead of a reduction perceptron.
This convolutional attention module effectively captures facial details, enhancing model
stability. Specifically, the CAM+ module first elevates the image features from 1 x 1 x C
to1l x 1 x rC, where r is the expansion coefficient set to 4 based on experimental compar-
isons, and then reduces it back to 1 x 1 x C. This process enables the model to capture
facial details more finely during feature selection, resulting in more natural and seamless
facial integration in the face-swapping results, thereby maximizing the advantages of the
attention mechanism.

- o)
N

MaxPool
N\

Ix1xC

AvgPool

v
Tpul Jff D o feature
L/ "\ recalibration
y

T ]

Output

MaxPool AvgPool Mg

Figure 3. Internal Structure of STAM.
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In designing the STAM module, various factors were considered. Firstly, choosing
a parallel approach for CAM+ and SAM instead of a cascading approach ensures that
the computation of one attention mechanism does not interfere with the other, thereby
improving model stability. Secondly, CAM+ effectively extracts global features through
average pooling and max pooling, while SAM complements these global features by
focusing on local spatial information, making feature extraction more comprehensive. In
the CAM+ module, the input features are processed through max pooling and average
pooling, resulting in two 1 x 1 x C feature maps. These maps are then processed through
an expansion perceptron (MLP) to generate channel attention weights. In the SAM module,
the input features are similarly processed through max pooling and average pooling, and
the results are concatenated and then processed through a convolutional layer to generate
spatial attention weights. Thus, STAM extracts both channel and spatial information
through the parallel CAM+ and SAM modules, and finally recalibrates these features
through the feature recalibration module. The feature recalibration module better matches
the facial details of the source and target images, accurately capturing the texture, lighting,
and structural features of the face. This enhances the model’s robustness, reducing potential
flaws and inconsistencies during the face-swapping process, resulting in more stable and
reliable final swapped images.

The parallel formula is shown as Equation (1):

F1 = W((Mc(F)®F)®(Ms(F)RF))®F (1)

In the proposed structure, F represents the original input feature map, Mc(F) repre-
sents the output of the feature map after channel attention computation, and Ms(F) denotes
the output of the feature map after spatial attention computation. The operation  indi-
cates a multiplication operation for weighted feature maps, while @ indicates an addition
operation for weighted feature maps. W is the feature recalibration weight matrix, which
is generated through an additional learning layer. Furthermore, the STAM is structured
to first expand and then reduce dimensionality, and the CAM and SAM are arranged in
parallel. The overall architecture is illustrated in Figure 3. Equation (2) provides the formula
for computing channel attention. Equation (3) details the formula for spatial attention.

Mc(F) = o(MLP(AvgPool(F)) + MLP(MaxPool(F)) = o(W1(W2(Fj,,)) + WL(W2(Fjy,,))) ()

Ms(F) = o(f”*7[AvgPool(F); MaxPool (F)]) = o f"7 (| Fiygi Fitax ) 3)

In this context, o represents the Sigmoid activation function, W1 and W2 denote the
weights of the upsampling Multi-Layer Perceptron (MLP), Fy,, and F} |, represent the
average pooling features, and Fy,,, and F},,, denote the maximum pooling features. The

notation 7 indicates a 7 x 7 convolution operation with filters.

3.3. AdaIN+

To better adapt to the target image’s style characteristics while maintaining the source
facial identity features, we improved the AdaIN module. The traditional AdaIN module
normalizes the features by simply computing the mean and standard deviation of the
content and style features, which may lead to suboptimal image quality. To address this
issue, we propose a dynamic parameter adjustment mechanism and integrate a multi-
scale fusion approach. Additionally, we introduce a regularization strategy to ensure the
naturalness and consistency of the generated images. The traditional AdalN operation is
implemented by the following formula:

AdaIN(x,y) = o(y)("a(;‘g% T uly) @
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x denotes the facial content features, y represents the facial style features, and p and
o signify the mean and standard deviation calculations, respectively. To enhance the
quality of the generated images, we introduce a dynamic parameter adjustment mechanism.
Specifically, we employ a convolutional neural network to predict the mean and standard
deviation of the style features, rather than directly using the statistics of the input features.
The improved approach is as follows:

AdaIN(x,) = a(t(y) (S5 + wy) ®)
f represents the neural network used to predict the mean and standard deviation based
on the input style features y. Additionally, we introduce a multi-scale fusion method in
the improved AdalN module. This involves decomposing the input content features into
multiple scales, calculating the mean and standard deviation for each scale separately, and
then performing a weighted sum of these scaled results. The specific implementation is
as follows: .

MultiAdaIN(x,y) = } ', w; AdaIN(x;, ;) (6)

n is the number of scales, which we set to 4. w; represents the weighting parameters for each
scale, while x; and y; denote the content and style features at the i-th scale, respectively. To
prevent the generated images from being excessively smooth or distorted, we use weighting
parameters in the improved AdalN module to perform a weighted sum of the outputs from
different scales. By learning these weighting parameters, the model automatically adjusts
the contribution of each scale during training, resulting in a more natural face-swapping
effect. The final improved approach is as follows:

RegMultiAdaIN(x,y) = ) -

i—1 ocl-~AdaIN(xi, yz) (7)

o are the weighting parameters obtained through a regularization strategy, used to balance
the information contribution from different scales. With these improvements, our model
can capture both detailed and global information, thereby generating images that are more
consistent with the identity information of the source face. This weighted summation
method not only balances the information from different scales, but also prevents the
information from any single scale from excessively influencing the final generated result.

3.4. AmazingSeg

In this study, we developed AmazingSeg, a technique for precise facial region segmen-
tation to enhance face-swapping tasks. AmazingSeg uses a trained neural network model
to automatically identify and segment facial features in images. Its core advantage is its
efficiency and accuracy, significantly improving face replacement outcomes. The workflow
of AmazingSeg is as follows: Initially, we created a small dataset called AST that includes
faces with occlusions. This dataset is used to train the facial segmentation model. During
the data preparation phase, we annotated the images by explicitly marking the facial re-
gions in each image. Accurate annotations are crucial, as they directly impact segmentation
quality. We then trained a deep learning segmentation model using these annotated data
and employed cross-validation methods to ensure the model’s generalization capability.
The training process relies on substantial computing resources and was accelerated using
high-performance GPUs.

AmazingSeg utilizes a joint loss function to optimize the model’s learning process. This
function combines pixel-level cross-entropy loss, Dice loss, and boundary loss to ensure
segmentation accuracy, particularly in handling occlusions. After training, the model
underwent multiple tests and validations to ensure robustness under various lighting
conditions, facial expressions, and occlusion scenarios. The resulting model efficiently
and accurately segments facial regions, automatically processing input images to generate
precise segmentation results. In practical applications, we used AmazingSeg for face
replacement tasks. The model processes input images to generate segmentation masks for
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facial areas. These masks guide the replacement of target facial features onto the source
image, achieving high-quality face replacement effects while maintaining facial detail
integrity.

The architecture of the AmazingSeg network shown in Figure 4 produces high-
precision segmentation masks through convolutional operations, multi-scale feature extrac-
tion, pooling, upsampling, and skip connections. This architecture effectively addresses
occlusion issues, significantly enhancing the robustness and accuracy of segmentation
tasks. The comprehensive application of these techniques enables AmazingSeg to perform
exceptionally well in complex scenes with severe occlusions, ensuring its reliability and
practicality in real-world applications.

Pooling Indices

Aligned

NN\

7

L INCIN

1! >
{1t XoDBR
AT QoA
- DUINANEN
Conv+FRNorm2D+TLU Upsampling H

BlurPool SoftMax I l

Aligned Mask

Figure 4. The overall network architecture of AmazingSeg.

3.5. Loss Function

In AmazingFS, various loss functions are primarily used to train the model to achieve
high-quality face swapping. The following are the five main loss functions utilized in
AmazingFS and their formulas:

° Reconstruction Loss

LReon = H Ir — It H (8)

If the source face and the target face belong to the same identity, the generated result should
resemble the target face. We use reconstruction loss as a regularization term to ensure that
the reconstructed face closely approximates the target face.

e Adversarial Loss

Lago = —E[logD(G(2))] ©

The adversarial loss is provided by the discriminator in the Generative Adversarial Network
(GAN) and is used to train the generator to produce realistic images, making the generator’s
output indistinguishable from real images. Here, E represents the mathematical expectation,
D denotes the discriminator, and G denotes the generator. z is the random noise vector, and
D(G(z)) represents the discriminator’s output for the image generated by the generator.
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o  Perceptual Loss

Lper = Y oIl @1(Ir) — @1 (I7) | (10)

Perceptual loss uses a pre-trained neural network (e.g., VGG) to extract features, ensuring
that the generated image is perceptually akin to the original image. &; represents the
features extracted by the pre-trained neural network (e.g., VGG) at the i-th layer.

e  Style Loss

Lstyle :2?:0 '”G@i(IR) - G@i(IT) ” (11)

Style loss ensures that the style features of the generated image are consistent with those of
the target image. It is commonly used in style transfer tasks and calculates the correlation
of feature maps using the Gram matrix.

° Id Loss

Vr-Vs )

Lig=1~- ( + u(y) (12)
l IVRl21Vsll2

Identity loss is used to constrain the distance between the vectors Vg and Vi. We use cosine

similarity to compute this distance. The overall loss function L;.;,; can be expressed as:

Ltotar = %LRrcon+BLado+ YLper+ dLstyie +MLig (13)

where the parameters are defined as follows: « =1.0, 3 =0.1, v =0.01, 6 =0.01, and n = 1.

In the training of AmazingSeg within AmazingFS, the loss functions are primarily
used to optimize the generated masks to accurately segment the facial regions. The loss
functions can be categorized as follows:

e  Cross-Entropy Loss

Cross-entropy loss is primarily used to measure the difference between the generated
masks and the ground truth masks. In the face-swapping task, its role is to ensure that the
generated masks accurately match the actual facial and background regions, providing an
initial segmentation. The formula is as follows:

j —
Lo = =g Limavitog(pi) + (1 = yi)log(1 — pi)] (14)

Here, y; is the ground truth label indicating whether a pixel belongs to the target facial
region (1 for belonging, 0 for not belonging). p; represents the probability predicted by the
model that a pixel belongs to the target facial region. N is the total number of pixels in the
image.
e Dice Loss

Dice loss is used to measure the overlap between the predicted mask and the ground
truth mask. In face-swapping tasks, its role is to ensure that the generated mask highly

overlaps with the actual facial region, thereby improving the accuracy of facial region
segmentation. The formula is as follows:

25 pivi

Lpice =1—
lce YN pi+ YNy

(15)

e Boundary Loss
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Boundary loss is minimized to generate masks with clearer boundaries, making
the face-swapping effect appear more natural. This loss function helps to avoid abrupt
transitions between the facial region and the background, resulting in a smoother and more
realistic face-swapping effect. The formula is as follows:

Y o |Vp; — Vy;
LBoundary: : l| {:; yl| (16)

Here, V denotes the gradient operation used to calculate the image edges. We combine
these loss functions to form a comprehensive loss function for training the AmazingSeg
model. The overall loss function L 4;; can be expressed as:

Lan= MLcg+ )\ZLDice+/\3LBoundary (17)
Here, A; = 0.5, A, = 0.5 and A3 = 0.1.

4. Datasets and Training
4.1. Datasets and Processing

The AmazingFS dataset is divided into a base dataset and a one-to-one dataset. The
source dataset for training the AmazingFS base dataset is the publicly available CelebA
dataset [30]. First, we use S3FD [31] as the face detector to locate the target face in the
given data. To ensure the stability of the facial landmarks, we use the 2DFan [32] facial
landmark extraction algorithm and the classic point pattern alignment and transformation
method proposed by Umeyama [33] to calculate the similarity transformation matrix
for face alignment. To improve the quality of face swapping, we align and crop the
images to a standard size of 256 x 256 pixels. The one-to-one model training dataset of
AmazingFS consists of the source face dataset from one video and the target face dataset
from another video. Both the source and target faces undergo preprocessing steps including
face detection, face alignment, and cropping to a standard size.

The AST dataset used for training the AmazingSeg network is derived from the
AFLW face database. It includes 5000 facial images with occlusions, as shown in Figure 5.
The AFLW face database is a large-scale collection featuring a wide range of poses and
viewpoints, with each face annotated with 21 key points. It encompasses images influenced
by various factors such as pose, expression, lighting, and ethnicity. From the approximately
25,000 images in the AFLW database, we selected 5000, comprising 53% female and 47%
male subjects. Given the importance of addressing occlusion in face-swapping technology,
we specifically chose images with occlusions. The images in the AFLW database are
affected by various factors including pose, expression, lighting, and ethnicity, adding to
their complexity and diversity. To enhance the model’s ability to handle occlusions, we
selected representative occluded images for re-annotation. This re-annotation process
was carried out manually. Specifically, we used solid lines to annotate the facial regions
of each image and dashed lines to differentiate occlusions in some images, as shown in
Figure 6. This meticulous annotation process ensured accuracy and detail. The precise
annotation of each facial feature laid the groundwork for subsequent mask synthesis and
enabled the face-swapping model to better identify and handle occluded facial areas. These
steps ultimately led to the construction of the AST dataset for training the AmazingSeg
network. This dataset includes a wide variety of facial images, covering different genders,
poses, expressions, and occlusion scenarios. High-quality manual annotations enhance the
dataset’s accuracy, providing a solid foundation for training the face-swapping model.
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Figure 6. AST preprocessing.

4.2. Training Details

We trained the AmazingFS generator from scratch with weights randomly initialized
using a normal distribution and the Adam optimizer (81 = 0.5; B2 = 0.999) with a learning
rate of 0.0002. The learning rate decayed exponentially by 0.97 every 100K steps. All our
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networks were trained on an NVIDIA GeForce RTX 4070 GPU (NVIDIA Corporation, Santa
Clara, CA, USA) and an Intel Core i7-13700HX processor (Intel Corporation, Santa Clara,
CA, USA) with a batch size of 4. We used a progressive multi-scale approach starting from
a resolution of 32 x 32 and ending at 256 x 256, with a total of 500 K training steps. The
target and source images were randomly adjusted for brightness, contrast, and saturation.
For ablation experiments, each configuration was trained for 300 K steps. For comparative
experiments with other recent methods, we controlled the batch size and number of training
steps, similarly.

The face segmentation network AmazingSeg also needed to be trained from scratch,
using the same hardware configuration of an NVIDIA GeForce RTX 4070 GPU and an Intel
Core i7-13700HX processor. During training, the model parameters were first initialized,
and the standard Adam optimizer was used for parameter updates. The learning rate was
set to 0.0001 and dynamically adjusted during training to ensure effective convergence of
the model. The training data were standardized to improve the stability and performance of
the model. The batch size was set to 4, and training was stopped after 300 K steps. We used
the cross-entropy loss function to evaluate the performance of the AmazingSeg network.
Additionally, the model was regularly saved during training for subsequent analysis and
adjustments.

5. Experiment
5.1. Qualitative Results

We used videos from the publicly available FaceForensics++ dataset as our source
images. This dataset includes 977 face videos downloaded from YouTube and 977 face-
swapped videos generated by DeepFakes. We demonstrated the effects of 12 sets of
videos: 12 target face videos, and 12 source face videos. Six sets served as our unoccluded
comparative experiments, and the other six as our occluded comparative experiments. All
these images were excluded from our training set. We performed face swapping on all
source and target pairs.

In unoccluded scenarios, we compared our method with mainstream SOTA methods:
FaceSwap, DeepFaceLab, SimSwap, Inswapper, and BlendSwap, as shown in Figure 7.
FaceSwap is a popular open-source project, but when there are significant differences in
resolution, lighting conditions, or angles between the source and the target images, the
generated face-swapped images may appear blurred or unnatural, with unclear edges
or noticeable stitching marks. Additionally, for images with rich facial details such as
beards or eyebrows, these features may be inaccurately fitted or distorted. DeepFaceLab
can maintain the same facial shape as the target face, but still suffers from poor fitting or
blurred details when dealing with images with significant differences in lighting, angles,
and skin tones. SimSwap performs well in lighting processing but cannot maintain the
target face’s pose well. The model fails to correctly reconstruct textures in some areas,
resulting in artifacts in some face-swapped results. Inswapper and BlendSwap perform
well in detail fusion and handling facial occlusions, but still have shortcomings in lighting
and skin tone consistency. Our AmazingFS method addresses these issues better by
generating believable face-swapping results while achieving better performance in retaining
target attributes. Additionally, it demonstrates strong identity preservation capabilities
and presents a framework for better image restoration. STAM is a specially designed
attention mechanism to overcome the loss of facial details by better focusing on details
such as the eyes and facial edges of the target person. AdaIN+ reduces the adverse effects
of style mismatches, enhancing the identity similarity of the resulting faces. Overall,
our AmazingFS perfectly preserves lighting and facial styles while capturing the target
face’s pose well, generating high-quality face-swapped results and retaining the source
face’s identity.



Electronics 2024, 13, 2986 14 of 30

Target

Source

FaceSwap W

DeepFaceLab M

SimSwap

Inswapper

BlendSwap s

AmazingFS

Figure 7. Cont.



Electronics 2024, 13, 2986 15 of 30

Target

Source

\‘Q|

FaceSwap

S />
n&( f
—~

DeepFacelLab

\l(;)

(

Y=

3
)

SimSwap

: 't*i

Inswapper

{"ﬁ"

BlendSwap

AmazingFS

;
A

Figure 7. AmazingFS vs. Other SOTA Methods: Unoccluded Face Comparison Experiments.
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In occlusion scenarios, we compared AmazingFS with FaceSwap, DeepFaceLab, Sim-
Swap, Inswapper and BlendSwap. The comparison results in Figure 8 show that each
SOTA’s method has shortcomings in face-swapping images. FaceSwap produces blurred
images and unnatural facial blending. The facial details and contours are noticeably blurred,
and the alignment and fusion of facial features lack harmony. DeepFaceLab suffers from
loss of facial details and significant skin tone differences. The details of facial features, such
as eyes and mouths, are not well restored, leading to a lack of vivid facial expressions. When
dealing with noticeable skin tone differences, DeepFaceLab tends to produce unnatural
transitions, causing obvious image artifacts. SimSwap generates unnatural facial features
and loses detail. The facial features, especially expressions and contours, are not natural
enough. SimSwap’s performance is unsatisfactory in handling rich facial details, leading to
detail loss and uneven edges between the face and the background. Inswapper has some
occlusion resistance but performs poorly in processing facial details and expressions. The
generated images tend to have poor fusion in complex backgrounds. BlendSwap, although
having good occlusion resistance, still exhibits unnatural facial detail restoration and skin
tone transitions. It tends to lose details when handling complex facial expressions, result-
ing in less clear outcomes. In contrast, AmazingFS demonstrates superior performance.
It excels in aligning and fusing facial features, generating natural and realistic images.
AmazingFS accurately restores facial details and handles expressions and features well. It
achieves natural skin tone transitions with a harmonious overall effect. Most importantly,
AmazingFS exhibits excellent occlusion resistance. When faced with occlusions like hair,
glasses, and microphones, the face-swapping effect remains natural and comfortable, with
hardly any noticeable flaws.

In the experimental results of AmazingFS, an “incomplete face swap” phenomenon
appears. This happens because AmazingFS retains the source face features too strongly,
making certain features too prominent and overshadowing the target face features. When
AmazingFS keeps distinct features like jawlines, eye shapes, or cheekbones, these elements
can dominate the swapped image and make the swap seem less complete. AmazingFS
excels in handling lighting and skin tone consistency. This ensures that the lighting and
skin tone of the swapped face blend seamlessly with the rest of the image and reduce visual
discrepancies. However, this strength can also make the swapped face resemble the source
face too closely and create the impression that the faces have not been completely swapped.
For example, if the source face has a particular skin texture or lighting condition that is
well preserved, the target face may inherit these characteristics too faithfully, making the
distinction between the two faces less apparent. The attention mechanism designed to
focus on key features might overly emphasize prominent aspects of the source face like
unique eye shapes or mouth curvature. Similarly, the style fusion module, which integrates
stylistic elements of both faces, might blend the features in a way that favors the source
face’s distinctive traits. As a result, the final generated image can seem “incomplete” in
terms of the swap, appearing to retain more of the source face than intended. This illusion
of incomplete face swapping is particularly noticeable when swapping faces within the
same ethnicity. For instance, swapping Asian faces with other Asian faces or Caucasian
faces with other Caucasian faces might result in subtler differences in facial features due
to inherent similarities within the same ethnic group. The minimal variation in features
like skin tone, facial structure, and eye shape means that even slight retention of source
features can make the swap seem less significant. Consequently, AmazingFS’s ability to
maintain lighting and skin tone consistency, while generally advantageous, can exacerbate
the perception of an incomplete swap in these scenarios.
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We downloaded face videos from YouTube to perform frame-by-frame face swapping
and demonstrated five sets of results, extracting the swapped face results from the 1st, 50th,
100th, 150th and 200th frames. AmazingFS exhibits significant advantages in face swapping
across different frames, primarily due to its use of attention mechanisms, AdaIN+ and
AmazingSeg technologies. The attention mechanism enables AmazingFS to more accurately
capture and process facial features and details. This ensures the generated face-swapped
images maintain high quality and a natural, realistic appearance under various complex
backgrounds and lighting conditions. As shown in Figure 9, with an increasing number of
frames, facial feature alignment and fusion remain precise, and detail processing remains
on point. AdalN+ allows for AmazingFS to better adapt and integrate different styles
and textures of source images. This plays a crucial role in maintaining facial consistency
and detail restoration. Despite significant style differences between the source and target
images, AdaIN+ helps achieve a natural face-swapping effect. AmazingSeg segmentation
technology improves the segmentation accuracy of facial regions. This makes the face-
swapping effect more natural and delicate. When dealing with hair, accessories, glasses, and
microphones of different sizes, positions, and angles, AmazingSeg can accurately segment
facial regions, avoiding common issues of unsmooth edges or improper occlusion handling,
ensuring that the face-swapping effect remains natural and comfortable. By combining
attention mechanisms, AdaIN+, and AmazingSeg technologies, AmazingFS significantly
enhances the quality of face-swapped images. Its performance is stable and excellent across
different frames, capable of handling various complex facial features and backgrounds,
resulting in natural, realistic, and detailed face-swapping effects, demonstrating movie-
level face-swapping quality.

5.2. Quantitative Results

We perform a quantitative comparison on the FaceForensics++ video dataset using
SSIM, ID preservation, pose error, expression error, and face shape error to further demon-
strate the effectiveness of our AmazingFS. For FaceSwap, DeepFaceLab, and SimSwap, we
uniformly sample ten frames from each video to form a 10K test set.

e SSIM

The Structural Similarity Index (SSIM) measures the similarity between two images by
comparing their luminance, contrast, and structural information. Specifically, SSIM divides
the images into small blocks and calculates the mean, variance, and covariance of these
blocks. These statistics are then used to measure the luminance similarity, contrast similarity,
and structural similarity between the images, resulting in an SSIM value between 0 and 1.
A value closer to 1 indicates higher similarity and better quality of the face-swapped image.

e ID Preservation

The ID preservation metric evaluates identity consistency by comparing the original
face image with the face-swapped image. We extract feature vectors from both images
and calculate the similarity between these feature vectors. A higher similarity indicates
that the face-swapped image retains the identity features of the original face, verifying the
authenticity and quality of the face swap. We use the pre-trained face recognition model
ArcFace [34] to ensure accurate feature extraction.

e Pose Error

The pose error metric determines the accuracy of the facial pose by analyzing the
positions and angles of facial keypoints. The algorithm identifies keypoints (e.g., eyes, nose,
mouth) on both the source and target faces and solves the perspective-n-point problem.
This involves estimating the camera’s (viewpoint’s) pose using a set of 3D model points
and their 2D image correspondences. The resulting rotation matrix can be converted into
Euler angles (pitch, yaw, roll). The differences in these Euler angles are calculated using
cosine similarity and angle differences to determine the 3D facial pose. The pose metric
evaluates the naturalness and realism of the face swap by comparing the facial pose in the
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swapped image with the target face’s pose. Smaller differences indicate better alignment
with the original image’s head pose, resulting in a higher evaluation.

Target

Source

50

100

150

200

Figure 9. AmazingFS Face Swapping Results Across Different Frames.

e  Expression Error

Expression error evaluation is based on analyzing and comparing facial expressions in
the images. By comparing the differences in facial expressions between two images, we
measure their similarity. We use facial feature extraction techniques such as facial keypoint
detection and facial expression classification, and then calculate the Euclidean distance
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between the 2D landmarks of the target face and the swapped face. Smaller distances
indicate better expression retention.

e  Shape Error

The core idea of the shape error metric is to measure the geometric similarity between
the result face and the target face. By detecting keypoints on both the source and target
faces, we obtain the positions of these keypoints and then calculate the differences between
the two sets of keypoints. We use the Euclidean distance to quantify these differences, with
smaller values indicating higher matching degrees in shape.

Table 1 presents a quantitative comparison of five face-swapping algorithms (FaceSwap,
DeepFaceLab, SimSwap, Inswapper, and BlendSwap) across several key metrics, including
SSIM, ID preservation, pose error, expression error, and shape error. The results indicate
that AmazingFS outperforms the others in all metrics. Specifically, AmazingFS achieved the
highest SSIM score of 0.82, indicating superior image quality. In terms of ID preservation,
AmazingFS leads with a score of 95.12, demonstrating its excellence in maintaining identity
consistency. In contrast, other face-swapping methods fall short on these key metrics. For
pose and expression, AmazingFS attained relatively small errors of 2.35 and 23.45, respec-
tively, highlighting its superior performance in preserving pose and expression. Finally,
in face shape, AmazingFS again scored the best with 44.61, indicating high efficiency in
geometric shape matching. Therefore, AmazingFS shows significant advantages in the
realism and quality of face-swapping effects.

Table 1. Quantitative Experiments of Different SOTA Methods.

Method SSIM 1 ID 1 Pose | Expression | Shape |
FaceSwap 0.68 75.61 4.85 40.54 49.52
DeepFaceLab 0.76 89.56 2.65 30.26 45.29
SimSwap 0.79 92.25 3.56 27.18 46.16
Inswapper 0.80 93.52 2.68 23.73 45.95
BlendSwap 0.77 91.79 2.81 25.82 47.27
AmazingFS (ours) 0.82 95.12 2.35 23.45 44.61

At the same time, we designed an evaluation system comprising five subjective
evaluation metrics to assess the effectiveness of face-swapping algorithms. These metrics
are identity consistency, attribute retention, anti-occlusion capability, detail preservation,
and overall fidelity. Each metric is rated on a scale from 0 to 5, with higher scores indicating
better performance.

e  Identity Consistency

Identity primarily measures whether the face-swapped image retains the original
identity features. Higher scores indicate a greater similarity between the face-swapped
image and the original face in terms of identity features.

e  Attribute Retention

Attribute evaluates whether the face-swapped image retains the original face’s at-
tribute features, such as age, gender, and emotional expression. Higher scores indicate
better attribute retention.

e  Anti-Occlusion Capability

Anti-occlusion assesses the performance of the face-swapping algorithm in handling
partial occlusions, such as wearing glasses or hats. Higher scores indicate that the face-
swapped image maintains good recognition performance, even under occlusion.

e  Detail Preservation

Details primarily measures whether the face-swapped image retains the original
face’s detailed features, such as skin texture and hair. Higher scores indicate better detail
preservation.
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e Overall Fidelity

Fidelity evaluates the overall visual realism of the face-swapped image. Higher scores
indicate more realistic face-swapping effects.

To ensure the objectivity and reliability of the evaluation results, we invited 50 vol-
unteers to subjectively score the face-swapping results. Each volunteer viewed the face-
swapped images and rated them based on the five metrics mentioned above. Finally, as
shown in Table 2, we performed statistical analysis on the scores for each metric to evaluate
the performance of the face-swapping algorithms across different aspects.

Table 2. Subjective Evaluation Scores.

Method Identity T  Attribute T Anti-Occlusion 1 Details 1 Fidelity 1
FaceSwap 2.95 2.98 2.14 3.12 3.58
DeepFaceLab 3.86 3.36 2.65 4.15 3.95
SimSwap 3.75 3.84 2.35 427 4.31
Inswapper 3.99 4.12 3.54 3.89 4.67
BlendSwap 3.82 4.01 3.72 4.42 4.38
AmazingFS 438 4.25 475 1.66 4.83
(ours)

5.3. Ablation Studies

We conducted four different types of ablation experiments to demonstrate the effec-
tiveness of our designed STAM, AdalN+, and AmazingSeg modules.

5.3.1. CAM+ Upscaling Study

We performed an in-depth exploration of the optimal dimensions for the channel
attention mechanism (CAM) upscaling module in the STAM module of AmazingFS. By
employing various upscaling strategies and using the structural similarity index (SSIM),
pose, and expression as evaluation metrics, we systematically analyzed the impact of
different upscaling strategies on model performance. Table 3 details the results of six
experimental groups.

Table 3. Performance of Different Upscaling Dimensions for CAM in STAM.

Group Usl::;?elg;g Feat;;eeMap SSIM 1t Pose | Expression |
A 1x1x1/4 1x1xC/16 0.74 6.29 28.15
B 1x1x2 1x1x2C 0.75 5.26 26.56
C 1x1x3 1x1x3C 0.79 3.54 24.78
D 1x1x4 1x1x4C 0.82 2.35 23.45
E 1x1x5 1 x1x5C 0.81 3.92 25.29
F 1x1x10 1 x1x10C 0.76 4.18 26.11

First, Group A adopted the strategy of directly reducing the channel dimensions
to1l x 1 x C/16. The results showed that this method performed the worst, with an
SSIM of 0.74, a pose error of 6.29, and an expression error of 28.15. This indicates that
simple dimensionality reduction leads to significant information loss, greatly diminishing
the model’s performance in facial feature extraction and reconstruction. Specifically, this
strategy failed to effectively preserve the details of facial landmarks and contours, resulting
in poor overall quality of the face-swapped images. Next, Groups B and C increased the
channel dimensions to 1 x 1 x 2C and 1 x 1 x 3C, respectively, and the results showed
improved model performance. Group B achieved an SSIM of 0.75, a pose error of 5.26,
and an expression error of 26.56, while Group C further improved to an SSIM of 0.79, a
pose error of 3.54, and an expression error of 24.78. This demonstrates that increasing the
channel dimensions can better capture fine-grained facial details, such as the eyes, nose, and
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mouth, thereby reducing information loss and enhancing the model’s performance in facial
feature generation and alignment. Group D adopted the strategy of increasing the channel
dimensions to 1 x 1 x 4C, and the results showed the best performance. This suggests
that moderately increasing the channel dimensions can significantly enhance the model’s
feature representation capability, making it more effective in handling facial expression
details and complex facial poses. However, when the channel dimensions were further
increased to1 x 1 x 5C (Group E) and 1 x 1 x 10C (Group F), the model’s performance
did not improve further, and even declined in some metrics. Group E achieved an SSIM
of 0.81, a pose error of 3.92, and an expression error of 25.29, while Group F had an SSIM
of 0.76, a pose error of 4.18, and an expression error of 26.11. This indicates that excessive
increase in channel dimensions can lead to feature redundancy, negatively impacting the
model’s performance. Specifically, these strategies may fail to effectively focus on critical
facial keypoints, resulting in redundant and unstable feature representations. Ultimately,
we set the channel dimension upscaling factor to 4 in the channel attention module. This
strategy effectively preserves the original facial features and reduces information loss while
significantly enhancing the network’s feature extraction capabilities, thereby improving the
authenticity and visual consistency of the face-swapped images.

5.3.2. Attention Mechanisms in Face-Swapping

In this ablation study, we analyzed the impact of different attention mechanisms and
feature processing methods adopted in the STAM module on the model’s performance.
Table 4 presents the performance of various experimental groups when applying different
attention mechanisms and feature processing methods. The results indicate that Group
G, which employs an improved channel attention mechanism (CAM+), spatial attention
mechanism (SAM), and feature recalibration method, performed the best with an SSIM of
0.82, a pose error of 2.35, and an expression error of 23.45. In contrast, Group A, which did
not use any attention mechanisms or feature processing methods, performed the worst, with
an SSIM of 0.72, a pose error of 7.99, and an expression error of 34.02. This demonstrates that
attention mechanisms and feature processing methods play a crucial role in enhancing the
model’s performance. Although Group F performed well in terms of expression retention,
it was behind Group G in pose retention and overall image quality. A comparison between
Groups D and E revealed that the parallel use of attention modules outperformed their
serial use. This is likely because the parallel structure can more effectively capture and
process both local facial details and global information, thereby improving the model’s
performance in facial feature extraction and reconstruction. Additionally, Groups D and E,
which did not use the feature recalibration module, performed worse than Groups F and G,
which did. This further underscores the importance of feature recalibration in enhancing
the model’s sensitivity to facial details and improving image reconstruction quality. The
feature recalibration module adjusts the weights of feature maps, allowing the model to
focus more on key facial features, thus enhancing the realism and visual consistency of the
final generated images.

Table 4. Ablation Study of the Internal Modules of STAM.

Feature

Group CAM+ SAM Cascade Parallel Recalibration SSIM 1 Pose | Expression |
a X X X X X 0.72 7.99 34.02
b v X X X X 0.74 7.15 32.21
C X v X X X 0.74 6.93 33.99
d v v v X x 0.75 452 29.54
e v v X v x 0.78 291 24.18
f v v Vv X vV 0.80 3.54 22.95
g v v X v v 0.82 2.35 23.45
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This ablation study demonstrates that employing multiple attention mechanisms and
feature processing methods can significantly enhance the performance of face-swapping
models, particularly in facial feature generation, alignment, and reconstruction. Specifi-
cally, CAM+ and SAM improve the model’s sensitivity and accuracy to facial features by
capturing both facial details and global information. Meanwhile, the feature recalibration
module further enhances the model’s feature expression capability and focus on critical
features, thereby improving the overall quality of face-swapped images. This finding is
significant for the further optimization and development of advanced face-swapping tech-
nology. By deeply understanding and applying these attention mechanisms and feature
processing methods, we can achieve better results in facial feature generation, alignment,
and reconstruction, resulting in more natural and realistic face-swapped images.

5.3.3. Enhanced AdalN Strategies for Face-Swapping

We improved the AdaIN module to enhance the performance of the face-swapping
model, with results shown in Table 5. The results indicate that Group 5, which employed
AdalN, a dynamic parameter adjustment mechanism, multi-scale fusion, and regularization
strategies, performed the best. These strategies collectively optimized the model’s perfor-
mance. Specifically, AdaIN normalizes the source image features and then recalibrates
them using the mean and standard deviation of the target image, resulting in face-swapped
images that retain the identity features of the source image while adopting the style features
of the target image. The dynamic parameter adjustment mechanism enhanced the model’s
adaptability, allowing it to better handle different facial features and expression changes.
Multi-scale fusion captured details at various scales, ensuring the delicacy and fineness of
the image. The regularization strategy maintained the naturalness and consistency of the
image, preventing overfitting.

Table 5. Performance of AdaIN using different strategies.

Dynamic Parameter Multi-Scale

Group  AdaIN Adjustment Fusion Regularization ID 1 Pose | Expression |
1 X X X X 82.18 6.06 30.26
2 vV X X X 89.76 5.12 29.12
3 v v X x 92.54 425 27.54
4 v v v X 94.08 2.81 24.66
5 v v v Vv 95.12 2.35 23.45

The combination of these strategies resulted in the best performance for Group 5 in
terms of quality, naturalness, and consistency. Specifically, Group 5 achieved an identity
preservation (ID) score of 95.12, a pose error of 2.35, and an expression error of 23.45.
This demonstrates that the comprehensive use of these advanced feature processing and
adjustment strategies can significantly enhance the realism and visual consistency of face-
swapped images. In contrast, Group 1, which did not use any improvement strategies,
performed the worst, with an identity preservation score of 82.18, a pose error of 6.06,
and an expression error of 30.26. This further proves the critical role of AdaIN and its
improvement strategies in enhancing model performance. Group 2, which used only
AdalN, showed significant improvement, with an identity preservation score increasing
to 89.76 and reductions in pose and expression errors. However, it was only after the
introduction of the dynamic parameter adjustment mechanism that Group 3's performance
further improved, with an identity preservation score of 92.54 and pose and expression
errors reduced to 4.25 and 27.54, respectively. When the multi-scale fusion strategy was
added, Group 4's performance significantly increased, with an identity preservation score
reaching 94.08 and further reductions in pose and expression errors to 2.81 and 24.66,
respectively. Finally, with the addition of the regularization strategy in Group 5, the model
performance reached its optimal level.
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This study demonstrates that the improved AdaIN module, combined with dynamic
parameter adjustment, multi-scale fusion, and regularization strategies, can significantly
enhance the performance of face-swapping models, particularly in facial feature genera-
tion and style transfer. By working synergistically, these strategies improve the model’s
adaptability and stability in handling complex facial features, resulting in more natural and
realistic face-swapped images.

5.3.4. Comprehensive Strategies for Enhanced Face-Swapping

In this research, we conducted a detailed analysis of the impact of different combi-
nations of STAM, AdalN+, AmazingSeg, and multi-scale strategies on the performance
of face-swapping models. The results, shown in Table 6, revealed that Group 9, which
employed all of these strategies comprehensively, performed the best, achieving an SSIM of
0.82, an identity preservation (ID) score of 95.12, and a shape error reduced to 44.61. This
indicates that AmazingFS, through the combined use of these improved strategies, signifi-
cantly enhanced the model’s structural similarity, identity preservation, and shape fidelity.

Table 6. The Impact of STAM, AdaIN+, AmazingSeg, and Multi-Scale Strategies on the Performance
of AmazingFS.

Group STAM AdaIN+ AmazingSeg  Multi-Scale SSIM 1 ID 1 Shape |
1 X X X X 0.63 75.26 60.25
2 Vv X X X 0.68 78.26 58.05
3 X Vv X X 0.71 84.87 54.82
4 X X Vv X 0.69 80.03 56.31
5 X X X v 0.66 76.26 56.28
6 Vv Vv X Vv 0.72 86.19 50.28
7 v X v v 0.76 82.18 46.25
8 X v Vv v 0.72 89.92 47.29
9 v v v Vv 0.82 95.12 44.61

The STAM module improves the quality and naturalness of face-swapped images
by enhancing the model’s ability to capture both details and global information. AdaIN+
effectively transfers style features by dynamically adjusting feature parameters, retaining
the identity features of the source image while incorporating the style features of the target
image. The AmazingSeg module excels in handling facial occlusions and detail restoration,
ensuring consistency and authenticity in generated images even in complex scenarios. The
multi-scale strategies capture and fuse features at different scales, enhancing the model’s
adaptability and stability when processing images with varying resolutions and detail
levels.

The experimental results showed that while the use of a single strategy offered some
improvement, the effects were limited. For instance, using STAM, AdaIN+, AmazingSeg, or
the multi-scale strategy alone resulted in certain improvements in SSIM and ID, but not to
the optimal level. Significant performance enhancement was only achieved when multiple
strategies were combined. For example, the group that combined STAM, AdaIN+, and the
multi-scale strategy performed well, but not as well as Group 9, which utilized all strategies.
These results indicate that the comprehensive application of STAM, AdaIN+, AmazingSeg,
and multi-scale strategies maximizes the overall performance of face-swapping models.
This not only significantly enhances structural similarity, identity preservation, and shape
fidelity, but also improves the naturalness and consistency of the generated images. By
deeply understanding and applying these advanced feature processing and adjustment
strategies, we can achieve better results in facial feature generation, alignment, and recon-
struction, resulting in more natural and realistic face-swapped images.
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5.3.5. Analyzing the Role of AmazingSeg

As shown in Figure 10, the comparison results of face-swapping technology with
and without AmazingSeg demonstrate its effectiveness in segmenting the face area more
accurately and handling occlusions such as hair, glasses, and microphones. AmazingSeg
focuses on learning the segmentation of the face area, making the face-swapping effect more
natural and realistic. In the first row of comparison results, without AmazingSeg, there is a
noticeable color difference and contour inconsistency between the target face and the source
face, especially at the edges of the face and hair area, making the face-swapping effect look
unnatural. After using AmazingSeg, the fusion effect of the face significantly improves,
with more natural skin tone transitions and more harmonious contours, particularly with
finer handling of the edges between the face and hair. The second row shows similar
improvements. Without AmazingSeg, the integration of the target face’s eyeglasses and
facial features is inconsistent, leading to distortions in the source face’s features and an
unrealistic overall effect. After using AmazingSeg, the fusion of the glasses and face
appears more natural, and the features of the source face are better preserved, making the
face-swapping effect more realistic and natural. The third and fourth rows further illustrate
the advantages of AmazingSeg. Without AmazingSeg, there are noticeable traces at the
edges of the fusion between the source face and the target face. After using AmazingSeg,
the edge transitions are more natural, and the overall effect looks more harmonious. The
comparison results in the last row also significantly demonstrate the role of AmazingSeg
in improving the face-swapping effect. Without AmazingSeg, the features of the source
face are distorted during the face-swapping process, especially in the facial contours and
makeup, making the face-swapping effect appear unrealistic. After using AmazingSeg, the
features of the source face are well preserved, with natural integration of facial contours
and makeup, resulting in a more realistic overall effect.

Target Source No AmazingSeg AmazingSeg

Figure 10. Comparison Experiment of Face-Swapping with and without AmazingSeg.
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5.3.6. Analyzing the Role of GAN

In Figure 11, a comparative analysis of face-swapping effects with and without the
use of Generative Adversarial Networks (GAN) is presented. GAN, an advanced deep
learning technology, utilizes two neural networks—a generator and a discriminator—that
work antagonistically to produce highly realistic images. This technique significantly
enhances realism and detail retention in face-swapping tasks. Results without GAN exhibit
unnatural facial textures and lighting, along with poor integration. Faces with glasses
show poorly fused eyes and facial features, appearing very unnatural. Faces with beards
display poor integration of the beard with facial features, and the overall appearance looks
mismatched and unrealistic. In contrast, using GAN markedly improves integration, with
more harmonious lighting and better fusion of glasses and facial features, resulting in
more natural textures overall. GAN-enhanced results show well-aligned facial features
and present a more realistic effect even in complex scenarios involving glasses and beards.
This experimental comparison demonstrates that GAN methods provide better facial
feature fidelity and adaptability in face-swapping tasks. In AmazingFS, employing a GAN
framework for face-swapping achieves higher quality and more natural effects.

Target Source No Gan Gan

Figure 11. Comparison Experiment of Face-Swapping with and without GAN.

5.4. Discussion and Prospects

We propose the AmazingFS method, which integrates STAM, AdalN+, AmazingSeg,
and multi-scale strategies to achieve significant performance improvements. AmazingFS
offers several key advantages. It excels in image quality, with the combination of the
STAM module and multi-scale strategies ensuring that the generated face-swapped images
capture both fine details and global information, thereby enhancing the overall naturalness
of the images. The AdalN+ module dynamically adjusts feature parameters, effectively
transferring identity features from the source image while incorporating style features from
the target image, significantly improving the identity preservation and style consistency of
the face-swapped images. Additionally, the AmazingSeg module demonstrates exceptional
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performance in handling facial occlusions and detail restoration, ensuring consistency and
authenticity in generated images even in complex scenarios, and enhancing the model’s
adaptability and stability when dealing with complex facial features. As shown in Figure 12,
AmazingFS effectively manages occlusions and meticulously integrates fine details such as
the eyes and mouth, demonstrating the method’s robustness and precision. This detailed
comparison further validates the superior capability of AmazingFS in maintaining realistic
and consistent facial features.

Target Source AmazingFS

Figure 12. AmazingFS Detail Display.
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Despite the superior performance of AmazingFS in generating realistic and consistent
images, its high computational complexity currently limits real-time face-swapping. Pro-
ducing face-swapping videos requires several preprocessing and post-processing steps,
including face alignment, face detection, face cropping, face blending, and sharpening.
These steps are computationally intensive and time-consuming. In the preprocessing phase,
face alignment and detection require precise localization and correction of facial features to
ensure consistent key points between the source and target images, while face cropping
requires accurately extracting the facial region from the image. In the post-processing
phase, face blending ensures the seamless integration of the face-swapped image with the
background, and sharpening enhances the clarity and detail of the final image. The substan-
tial computational load of these processes limits the feasibility of real-time face-swapping.
Therefore, future research should focus on optimizing computational efficiency to achieve
faster and real-time face-swapping capabilities.

6. Conclusions

We propose AmazingFS, a novel and efficient face-swapping framework designed
for high-fidelity video face-swapping with occlusion resistance. Our proposed STAM
attention mechanism effectively focuses on key features by integrating spatial and channel
attention mechanisms, enhancing the realism and consistency of the face-swapping effect.
To effectively adjust the style attributes of the target face feature map, we improved the
AdalN module, enabling the generated face-swapping results to better retain the identity
features of the source face. Additionally, we designed AmazingSeg for face segmentation
and created the occluded face dataset AST to address occlusion issues in various scenarios
during video face-swapping. Extensive experiments show that our method produces
higher fidelity results both quantitatively and qualitatively compared to previous SOTA
face-swapping methods, demonstrating strong competitiveness. AmazingFS can produce
movie-level face-swapping effects, but AmazingFS has room for improvement in real-
time applications. Future research will focus on optimizing the framework to enhance its
performance in scenarios that require real-time face-swapping effects.
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