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Abstract: The current face replacement technology faces problems such as insufficient detection accuracy and poor image
quality when processing high-resolution videos. A face replacement method for film and television videos, grounded in
improved multi-task Convolutional Neural Networks (CNN) and Generative Adversarial Networks (GANS), is proposed
to enhance face detection accuracy and the naturalness and realism of replacement images. An improved Multi-Task
Convolutional Neural Network (MTCNN) algorithm that incorporates depthwise separable convolution and a feature
pyramid structure is studied. A generator-discriminator structure based on an improved generative adversarial network is
designed, with residual blocks introduced to enhance performance. The research findings indicate that the raised generative
adversarial network achieves a Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) of 0.10, a peak signal-
to-noise ratio close to 25.0dB, a structural similarity index close to 1.0, and an emotion retention rate of 85%. Meanwhile,
its computing resource consumption is 19%, and its robustness is 90%, indicating excellent performance. The proposed
method for facial replacement in film and television dramas can raise the efficiency and quality of facial replacement,
providing technical support for post-production and video content creation, as well as new ideas and methods for related
technology research.
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1. Introduction

As digital technology advances rapidly, video processing for film and television dramas has gradually become a research
hotspot in the field of multimedia. Efficient and natural face replacement in videos has significant applications in video
content creation and digital entertainment. As deep learning technology rises, especially with the widespread application of
Generative Adversarial Networks (GANs), facial replacement technology has advanced significantly. However, current
technology still faces many challenges when processing high-resolution videos (Deuze and Beckett 2022; Rowe et al., 2022).
In face detection, the Multi-task Convolutional Neural Network (MTCNN) has achieved strong results, but its detection
speed and accuracy still need improvement for high-resolution videos. In addition, the core of face replacement technology
lies in generating realistic replacement images. Despite their strong image-generation capabilities, traditional GAN
architectures frequently struggle to balance image quality and naturalness of replacement when attempting complex face-
replacement tasks (Xia et al., 2022; Huang and Jafari, 2023).

GANSs have received widespread attention in image generation for their powerful generative capabilities. Sun et al. (2022)
proposed a new GAN for generating high-resolution 3D medical images. This method reduced memory requirements and
ensured anatomical consistency by using a hierarchical structure during training and by generating random sub-volumes of
low- and high-resolution images simultaneously. The findings showed that this method outperformed existing techniques
for generating medical images and had good potential for data augmentation and clinical feature extraction. Alkishri et al.
(2024) designed a method grounded on high-frequency Fourier mode analysis to address the challenge of detecting deepfake
images. This method analyzed differences in high-frequency features between real images and deep-network-generated
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images to reveal systematic deficiencies in the latter. The findings indicated that this method could significantly reduce the
detection rate of forged images, but the adversarial party could eliminate their feature fingerprints by modifying the GAN
component, thereby increasing detection difficulty. Shi et al. (2023) propose a new GAN method to restore spatially varying
bidirectional reflectance distribution functions from a single image when the lighting and geometry are unknown. This
method adopts a single adversarial framework and introduces attention modules to guide the network to focus on details,
while combining graph loss to avoid excessive attention to highlights. Experiments denoted that this method outperformed
existing techniques on both public and real datasets, providing a better solution for restoring the appearance of objects from
a single image. Shao et al. (2023) proposed a GAN-based method guided by dual thresholds for smart fault diagnosis in
rotating machinery under speed fluctuations and limited sample sizes. This method was employed to produce high-quality
infrared thermal imaging to facilitate fault diagnosis. This method uses a Loss Function (LF) that combines the Wasserstein
distance with a gradient penalty, and an attention mechanism to extract global thermal correlation features. The findings
denoted that this method was superior to other comparative methods in diagnosing rotating machinery faults with speed
fluctuations and limited samples.

Significant progress has recently been made in deep learning-based image replacement methods. Liaoet al. (2023)
proposed a system based on facial muscle movement characteristics to address the challenge of identifying compressed
deepfake videos on social networks. This method extracted facial landmarks from consecutive frames, constructed facial
muscle motion features, and used evidence theory to fuse multiple forensic knowledge to output detection results. The
findings indicated that this method was superior to existing techniques for compressed video detection, and its performance
in real social network environments was comparable to that of uncompressed videos. To address inefficient feature extraction
and classification in facial recognition systems, Chaabane et al. (2022) proposed a facial recognition method based on
statistical features and the Support Vector Machine (SVM) algorithm. The results demonstrated that this method achieved
99.37% recognition accuracy on 400 test images and was faster than the traditional SVM algorithm and other existing
methods. This verifies the superiority of statistical features in the SVM algorithm for face recognition. In response to the
problems of insufficient accuracy and high resource consumption in current video face replacement technologies, Wu and
Wang (2025) proposed an automated face replacement method that integrates an improved MTCNN with a GAN. The
research results show that the average value of the similarity index of replacement under different frame numbers is as high
as 0.994, the mean peak signal-to-noise ratio is 35.65, and it performs optimally in the tests of structural similarity and state
error, proving its excellent application effect in improving the naturalness of replacement and maintaining facial features

In summary, despite significant progress in face detection and replacement technology, there are still many limitations
in high-resolution video processing, robustness in complex scenes, and optimization of computing resources. There is still
room for improvement in generating image quality and replacing naturalness using existing methods. Therefore, this study
proposes a method for replacing human faces in TV dramas and films based on the improved MTCNN and GAN, aiming to
solve the following three problems: (1) How to improve the detection accuracy and speed of multi-scale faces in high-
resolution TV videos. (2) How to maintain the structural similarity and original facial expression features of the generated
images during the replacement process. (3) How to reduce the computational resource consumption of the generation model
while ensuring the quality of the replacement.

The theoretical contributions of the research are as follows: The task decomposition strategy separates the detection and
generation processes into independent sub-problems that can be optimized separately, thereby reducing the complexity of
joint optimization, Deep separable convolution, feature pyramid, and residual blocks form a detection-generation
collaborative mechanism through U-Net skip connections, filling the information gap in end-to-end substitution; This
strategy is mapped into parallel processes, establishing the constraint relationship between detection accuracy and generation
quality for later scheduling, and connecting with engineering management theory.

The innovation points of this method are reflected in three aspects: in the detection stage, deep separable convolution is
used instead of standard convolution, reducing the parameter quantity by approximately 46% and increasing the detection
speed by 43%; in the generation stage, U-Net skip connections and residual blocks are used instead of the traditional encoder-
decoder structure, enabling the cross-level transfer of low-level textures and high-level semantics; the task decomposition
strategy separates face replacement from the overall process into two independent optimization sub-problems of detection
and generation, which is more flexible in the design of the loss function compared to end-to-end joint training.

2. Methods and Materials

The study proposes a face-replacement method for film and television drama videos based on an improved MTCNN and
GAN. The complex video face replacement process is decomposed into multiple ordered subtasks using a task decomposition
strategy, including video frame extraction, face detection and alignment, feature extraction, generation of replacement
images by the generator, and discriminator evaluation of image authenticity, to achieve efficient and natural face replacement
effects.

2.1. Face Detection in Film and Television Drama Videos Based on Task Decomposition Strategy and MTCNN

Film and television drama videos usually contain many frames, each of which may include multiple faces. To efficiently
process video data, it is necessary to decompose the video into a sequence of single-frame images. Using a video decoder, a
video can be decomposed into a series of frames, each with a two-dimensional image. The frame rate determines the number
of frames extracted per second (Lei et al. 2024; Li et al. 2025). The total frame rate can be calculated from the video's total
duration, as given in Eq. (1).
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In Eq. (1), N means the total frame rate of the video.f means the video's frame rate, the number of frames per second.T
represents the total duration of the video. After extracting video frames, the face detection task can be further decomposed
into two subtasks: face detection and face alignment. The goal of the former is to locate the facial region in each image frame,
while face alignment ensures that the detected face has a uniform orientation and scale within the image, facilitating
subsequent feature point localization and face replacement operations (AlAmir and AlGhamdi 2022). The task
decomposition strategy is shown in Fig. 1.
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Fig. 1. Process diagram of task decomposition strategy

In Fig. 1, the task decomposition strategy breaks facial replacement into ordered subtasks: frame extraction, improved
MTCNN-based detection and alignment, feature extraction, GAN-based generation and discrimination, and final integration
back into video frames. To achieve accurate and efficient facial recognition, an optimized XYZ model is used as the main
recognition technique in the study. The XYZ model is a hierarchical neural network structure that contains three sequentially
executed phases: the primary recognition phase, the detail optimization phase, and the final output phase. Each stage assumes
specific responsibilities to collaboratively achieve facial recognition and feature point determination (Zhou et al. 2022;
Buragadda et al. 2022). The primary recognition stage is the first stage of MTCNN and is responsible for rapidly generating
candidate face frames. Given an input image, the primary recognition stage generates a series of candidate frames using a
sliding window, each containing positional information and a confidence level. The position information represents the
coordinates of the upper left corner, width and height of the candidate box, while the confidence level denotes the probability
that the candidate box contains a face. The output of the primary recognition stage is shown in Eq. (2).
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In Eq. (2), B; indicates the ith frame in the face frame set obtained after the primary recognition stage processing. The
X;, ¥i» W;, and h; respectively represent the top left and top right coordinates, width, and height of the face frame. Thep;
represents the confidence level of the face frame. The detail optimization stage is the second stage of MTCNN and is
responsible for further screening and precise positioning of the candidate frames generated by the primary recognition stage.
The detail optimization stage receives the candidate frames output from the primary recognition stage and performs
classification and regression to remove misdetected candidate frames and adjust their positions. The output of the detail
optimization phase is a set of more accurate candidate boxes, each containing updated position information and a confidence
level. The output of the detail optimization phase is shown in Eq. (3).
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In Eq. (3), B, denotes the rth frame in the set of face frames obtained after processing; x,, y,., w,., and h,. denote the
coordinates of the upper-left and upper-right corners of the face frames, as well as the width and height of the frames; and
p, indicates the credibility score of the frame. The final output stage is the third stage of MTCNN and is responsible for
precise positioning and feature point detection of the candidate frames produced by the detail optimization stage. The final
output stage receives the candidate frames from the detail optimization stage and further adjusts their position and size while
detecting the positions of key facial points, such as the eyes, nose and mouth. The final output stage produces a set of final
face frames, each containing the final position information, confidence level and coordinates of key points. The final output
is given in Eq. (4).
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In Eq. (4), B, represents the [th frame in the face frame set obtained after final output stage processing; x;’, v, w/’, h’
represent the top left and top right coordinates, width, and height of the face frame, respectively; p;’ represents the confidence
level of the face frame; {P, 1, P, 5, ..., P, 5} represents the coordinates of key points in the face frame.

To improve MTCNN's performance in video face detection for film and television dramas, the study optimizes its
network architecture. Depth separable convolution (DSC) replaces the regular convolution operation, effectively reducing
the number of operations and the parameter scale. DSC splits the regular convolution into two parts: depth convolution and
point-by-point convolution (PPC). Deep convolution processes each input channel separately, and then PPC uses a 1-by-1
convolution kernel to integrate the outputs across channels. This decomposition dramatically increases the detection speed
while maintaining the detection accuracy (Zeng et al. 2022; Wang et al. 2024). The DSC’s structure is denoted in Fig. 2.
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Fig. 2. Diagram of DSC structure

In Fig. 2, the hierarchical convolution technique splits the conventional convolution process into two simplified steps:
deep convolution and PPC. In the deep convolution process, each input channel operates independently with its
corresponding convolution kernel, avoiding redundant computation across channels and significantly reducing the parameter
scale and computational burden. This architecture effectively minimizes the total number of parameters and the model's
computational complexity, making the network structure more compact and efficient. PPC significantly improves the
computational efficiency while maintaining the network performance. In addition, the study introduces a feature pyramid
structure to better handle multi-scale face detection. The feature pyramid can effectively represent the multi-scale features
of an image by extracting features at different scales, thereby reducing computational resource consumption (Fung et al.
2023; Zhang et al. 2022). The feature pyramid structure is denoted in Fig. 3.
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Fig. 3. Feature pyramid structure diagram

Depthwise separable convolution is integrated into each convolutional layer across the three stages of MTCNN, replacing
the standard 3x3 convolution with a series of depthwise and pointwise convolutions. In this combination, the depthwise
convolution performs spatial filtering on each channel, while the pointwise convolution performs channel fusion using 1x1
kernels. This replacement only affects the internal convolution operation and does not change the input and output
dimensions and the number of feature maps of each stage. The feature pyramid structure is appended after the third stage of
MTCNN. It takes the three intermediate feature maps of different scales (with scales of 1/8, 1/16, and 1/32 of the input image)
from the third stage, uniformly reduces the number of channels through 1x1 convolution, and then performs 2x upsampling
and element-wise addition fusion from top to bottom. The fused feature maps at each scale are independently fed into the
final detection branch to predict large, medium, and small-scale faces, respectively.

The generator U-Net consists of three encoders and three decoders. The encoders consist of convolution, batch
normalization, and ReLU, and the downsampling halves the size layer by layer; the decoders consist of transposed
convolution, batch normalization, and ReLU, and receive features of the same scale from the corresponding encoder layers
through skip connections. The discriminator is a stack of four convolutional layers, with the first two layers downsampling
with a stride of 2 and the last two with a stride of 1. The output is a 1x1 convolution followed by a Sigmoid, producing an
NxNx1 confidence map that emphasizes local discrimination. Compared with SimSwap, FaceShifter and DeepFaceLab, the
proposed GAN differs in the following ways: the generator of SimSwap lacks multi-scale feature fusion; FaceShifter uses a
global discriminator; the generator of DeepFaceLab lacks skip connections. The generator in this study is based on U-Net
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and includes skip connections and residual blocks; the discriminator is a PatchGAN (with a 70x70 receptive field), which
differs from the global discriminator.

2.2. Facial Replacement in Films and Television Videos Based on Improved GAN

After face recognition in movie and drama videos is complete, the next step is to perform efficient, realistic face replacement.
The goal of face replacement is to replace the features of the original face image with those of another face while preserving
the image's naturalness and realism. To achieve this purpose, an optimized adversarial network-based technique is used, and
the structures of the generative and evaluation models are adjusted to meet the requirements of complex face replacement in
film and drama videos. An adversarial network is an efficient image generation model that comprises two parts: a generator
and an evaluator. The generative model aims to create real images, while the evaluation model is used to distinguish the
generated images from real images (Wang et al. 2023; Preethi and Mamatha 2023). To improve image generation quality
and the effectiveness of face replacement, the standard adversarial network architecture is enhanced, particularly in the
structures of the generation and evaluation models. The improved GAN framework is shown in Fig. 4.

Improved GAN Framework
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LAl (Residual Blocks) LT
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Fig. 4. Diagram of the improved GAN framework

The entire network adopts an end-to-end joint training method, in which the generator and the discriminator are optimized
simultaneously, without a separate pre-training stage. The generator loss consists of three components: adversarial loss
(LSGAN), L1 pixel reconstruction loss, and SSIM structural similarity loss, with weights set to 1, 100, and 5, respectively;
the discriminator loss is a binary cross-entropy loss used to distinguish real from generated images. The total loss is the
weighted sum of the two components' losses and is updated synchronously by backpropagation to update the parameters of
both components. The LF of the generator and discriminator is shown in Eq. (5).

{LA = —Ey-qallog ] (KW)] + HEy_qullly = K(MO)II4]
L = —Ey~q(y) [log] ()] - IEu~q(u) [log(1—](K(w)))]n

In Eq. (5), L4 denotes the LF of the generative model; L, denotes the LF of the discriminative model.K (1) denotes the
image generated by the generative model.J(y) denotes the discriminative model's judgment on the real image./ (K (w))
denotes the judgment of the discriminative model on the generative image.u denotes the weight parameter.M (y) denotes the
encoding of the real image by the encoder, and ||y — K(M (y))||; denotes the distance between the generative image and the
real image. The RB addresses the issues of gradient vanishing and exploding in deep networks by introducing "skip
connections" to directly add input to output. Fig. 5 shows the enhanced RB structure.

®)

In Fig. 5, the RB structure adds the input features and the features processed by the convolutional layer to form skip
connections. The output of the RB is specifically shown in Eq. (6).

z=gu)+u (6)

In Eq. (6), z means the RB’s output; g(u) refers to the convolution operation in the RB; u denotes the input of the RB.
The overall process of face replacement in film and television dramas includes video frame extraction, face detection, face
alignment, feature extraction, generator-generated replacement image generation, and discriminator evaluation of image
authenticity. The specific process is denoted in Fig. 6.
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Fig. 6. General flowchart of video face replacement

In Fig. 6, individual frames are first extracted from film and television drama videos to form an image sequence. Secondly,
the improved MTCNN algorithm is used to detect faces in these image frames and identify facial regions. Then, it aligns the
detected facial regions to unify the face's direction and scale. Then, it extracts features from the aligned facial images.
Afterward, the features of the source and target face images are fed into an improved generator to produce a replaced face
image. Finally, a discriminator is used to evaluate the authenticity of the generated image and to provide feedback that
optimizes the generator.

3. Results

A comprehensive evaluation of the raised method's effect was conducted, and the performance of the improved GAN on
face-replacement tasks was verified through experiments. The face replacement effect of the improved GAN was analyzed
to demonstrate the method's practical application in replacing faces in film and television drama videos.

3.1. The Algorithm Performance Evaluation of Improved GAN

The experimental parameter configuration follows the common practice for training generative adversarial networks. The
Adam optimizer is adopted for its adaptive learning rate and momentum mechanisms, which are well-suited to non-stationary
targets and high-dimensional parameter spaces. The learning rate is set at 0.0003, a relatively conservative value that helps
stabilize the adversarial training dynamics between the generator and the discriminator. The batch size is set to 32 to strike
a balance between gradient estimation accuracy and memory constraints, ensuring stable convergence under 128 GB of
memory. The total number of training iterations is set to 2000, which is sufficient to make the loss curves flatten on both
datasets. Data preprocessing includes histogram equalization to enhance contrast and median filtering to reduce noise, both
of which are helpful for extracting more robust features in the subsequent detection and generation stages. The selection of
datasets included the publicly available facial detection dataset Wide Face and the facial recognition dataset VGGFace.
During training, the Wide Face dataset contains approximately 32,000 images, and the VGGFace dataset contains
approximately 260,000 images. Both datasets were divided into training and validation sets in a 70% to 30% ratio, resulting
in a training set of approximately 22,400 images and a validation set of approximately 9,600 images for Wide Face, and a
training set of approximately 182,000 images and a validation set of approximately 78,000 images for VGGFace. To enhance
the model's generalization ability, data augmentation was applied to the training data, including random rotation (+15°),
random scaling (0.8 to 1.2x), and color jitter (brightness, contrast, and saturation, each £10%). The settings for the
experiment parameters are denoted in Table 1.
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Table 1. Experimental parameter settings table

Parameter name Parameter value
Processor model Intel(R) Core(TM) i8-8900X CPU@3.50GHz
Graphics card model NVIDIA GeForce GTX 2080
Memory size 128G
Training times 2000
Batch sample quantity 32
Optimizer Adam
Learning rate 0.0003
Data preprocessing Histogram equalization, median filtering smoothing

In Table 1, data preprocessing used histogram equalization to enhance image contrast and median filtering to denoise the
image. The processor was Intel (R) Core (TM) i8-8900X CPU@3.50GHz, the graphics card was NVIDIA GeForce GTX
2080, and the memory was 128GB. To evaluate the effect of the enhanced MTCNN on face detection tasks, it was compared
with traditional Haar feature cascade classifiers, Single Shot MultiBox Detector (SSD), and YOLOv5. The comparison
findings are denoted in Table 2.

Table 2. Performance comparison of MTCNN with other detection algorithms

Detection algorithm P R px:;?oivfﬁ;) Detectif(r):ntligle (ms/
Haar cascade 0.75 0.60 0.65 150
SSD 0.85 0.75 0.80 50
YOLOv5S 0.88 0.80 0.84 30
MTCNN 0.90 0.85 0.88 40
Improved MTCNN 0.93 0.90 0.92 35

In Table 2, the improved MTCNN achieved a detection accuracy of 0.93, a recall rate of 0.90, an mAP of 0.92, and a
detection time of 35ms/frame. The improved MTCNN achieved higher accuracy and efficiency for face detection in high-
resolution videos and better met the needs of face replacement in film and television drama videos. The improved GAN was
compared and analyzed with the original GAN, Conditional GAN (CGAN), and Deep Convolutional GAN (DCGAN). The
precision (P), recall (R), and F1 values of several algorithms are denoted in Fig. 7.

In Fig. 7(a), the accuracy of the enhanced GAN approached 0.9 after about 100 iterations; the accuracy of DCGAN
reached about 0.85 after about 150 iterations; the accuracy of CGAN reached about 0.8 after about 200 iterations; and the
accuracy of GAN was about 0.75 after about 300 iterations. In Fig. 7(b), the recall rate of the improved GAN rapidly
increased to nearly 1.95 after about 50 iterations. The recall rate of DCGAN was about 0.9 after about 100 iterations, the
recall rate of CGAN was about 0.85 after about 150 iterations, and the recall rate of GAN was about 0.8 after about 300
iterations. In Fig. 7(c), the improved GAN achieved an F1 value of approximately 0.85 after about 50 iterations and
maintained stable growth to 0.9 after 400 iterations. This indicated that the improved GAN achieved faster convergence and
higher overall performance on face replacement tasks, demonstrating its superiority and practicality. The Mean Absolute
Error (MAE) and Root Mean Square Error (RMSE) of several algorithms are shown in Fig. 8.

In Fig. 8(a), the improved GAN maintained the lowest MAE value throughout the entire process, decreasing from
approximately 0.11 to around 0.09, demonstrating its superiority in generating image quality. In Fig. 8(b), the improved
GAN also demonstrated optimal performance, with RMSE values decreasing from 0.11 to around 0.10, DCGAN decreasing
from 0.12 to around 0.11, CGAN decreasing from 0.14 to around 0.11, and GAN decreasing from 0.13 to around 0.11. These
results further confirmed the effectiveness of the improved GAN in reducing errors and improving the quality of the image
generated. The LFs of several algorithms are shown in Fig. 9.

Fig. 9(a) shows the variation in LF values across iteration numbers for four GAN algorithms on the Wide Face dataset.
The LF value of the improved GAN decreased the fastest, from approximately 10”2 to around 10"-4, demonstrating its high
efficiency and superior performance during training. Fig. 9(b) showcases the variation of LF values with iteration times for
four algorithms on the VGGGFace dataset. The improved GAN also demonstrated the fastest convergence speed, with the
LF value decreasing from approximately 10 to around 10-6. The improved GAN could quickly reduce the LF value on
different data sets, demonstrating its stability and effectiveness during the training process.
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To verify the effectiveness of each improvement module, ablation experiments were set up. The depth separable
convolution, feature pyramid structure, and residual block were sequentially removed, and the detection accuracy and PSNR
of the generated images were compared on the Wide Face and VGGFace datasets. After removing the depth-separable
convolution, the detection time increased from 35ms/frame to 62ms/frame, and the mAP decreased from 0.92 to 0.87,
indicating that this module primarily improves detection efficiency while maintaining accuracy. After removing the feature
pyramid structure, the recall rate for small-scale faces (less than 32x32 pixels) decreased from 0.88 to 0.76, and the mAP
decreased to 0.84, indicating that this module has a significant contribution to multi-scale face detection. After removing the
residual block, the PSNR of the generated images decreased from 25.0dB to 23.6dB, and the SSIM decreased from 0.98 to
0.94, indicating that the residual block has a prominent role in improving the quality of the generated images. When all three
modules were removed simultaneously, the mAP decreased to 0.79, and the PSNR decreased to 22.8dB, further
demonstrating that the collaborative effect of each module is crucial for overall performance.
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3.2. Analysis of Face Replacement Effect Based on Improved GAN

To evaluate the effect of the raised face replacement method, multiple publicly available facial datasets from film and
television drama videos were selected for experimentation. These datasets contained diverse facial samples across races,
ages, genders, and expressions to ensure the broad applicability of the experimental results. The Peak Signal-to-Noise Ratio
(PSNR) and Structural Similarity Index (SSIM) of several algorithms are denoted in Fig. 10.
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Fig. 10. PSNR and SSIM of several algorithms

In Fig. 10(a), the improved GAN performed best in terms of PSNR, approaching 25.0dB, followed by CGAN with a
PSNR of about 24.8dB. The PSNR value of DCGAN was lower than that of CGAN, about 24.7dB, while the PSNR value
of GAN was 24.3dB. This indicated that the improved GAN had a significant advantage in generating PSNR images and
could produce higher PSNR images that more closely resemble real images. In Fig. 10(b), the improved GAN also achieved
the highest SSIM values, approaching 1.0, indicating that its generated image structure was most similar to the real image.
The improved GAN also had significant advantages in maintaining SSIM in generated images and better preserving the
structural information of the original image. The actual application results of several algorithms for face replacement in film
and television dramas are shown in Table 3.

In Table 3, the improved GAN performed the best in terms of user satisfaction, visual quality, and emotional retention,
with values of 4.65 dB, 38 dB, and 85%, respectively, indicating that its generated facial images were more appreciated by
users and could better preserve the original emotions during the replacement process. Although the improved GAN had a
slightly longer generation time of 120 milliseconds, it performed well in terms of resource consumption at only 15% and
showed the best robustness at 90%, indicating that it could operate stably under different conditions. In terms of diversity,
the improved GAN also scored the highest, at 8, indicating it generated a wider variety of facial images. Both GAN and
DCGAN with improved resolution could reach 2048x2048, meeting high-resolution requirements. The quantitative
comparison of the facial replacement effects using different methods is shown in Fig. 11.

In Fig. 11, the three indicators of the Improved GAN are all the best. The Precision is approximately 0.91, the Recall is
approximately 0.95, and the Fl-score is approximately 0.92. These values are significantly higher than those of other
methods. This indicates that the improved GAN achieves significantly higher classification accuracy, recall, and overall
performance in the face replacement task than the traditional GAN model, thereby verifying its effectiveness.
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Table 3. Practical application effects of several algorithms in face replacement in film and television drama videos

Indicator Improved GAN GAN CGAN DCGAN
User satisfaction 4.65 4.2 4.4 43
Generation time (milliseconds) 120 150 100 80
Replacement accuracy 94.5% 92.0% 93.5% 91.0%
Visual quality (dB) 38 36 37 35
Emotional retention 85% 80% 82% 78%
Computing resource consumption (%) 15 20 18 25
Robustness 90% 70% 75% 60%
Diversity 8 7 8 6
Resolution (pixels) 2048x2048 1024x1024 2048x2048 1080p
1.00 I Precision
Recall
0.95 Fl-score
i;’ 0.90
g
0.85
0.80
0.75 —— —— ——
Improved GAN GAN CGAN DCGAN
Methods

Fig. 11. Quantitative comparison of facial replacement effects using different methods

To verify the generalization ability of the proposed method in cross-dataset scenarios, the Flickr-Faces-HQ (FFHQ)
dataset (approximately 70,000 images) and real TV drama video clips (containing continuous frame sequences under
different lighting, posture, and occlusion conditions) were selected for testing. On the FFHQ dataset, the mAP of the
improved face detection method was 0.90, and the PSNR of the generated images was 24.6 dB. Compared with the results
on the Wide Face dataset, it decreased by 0.02 dB and 0.4 dB, respectively, indicating good cross-domain generalization
performance. In the real video clip test, three sets of conditions were set: normal lighting (illuminance > 300 lux), low
lighting (illuminance < 50 lux), and local occlusion (mask occlusion area > 30%). The detection accuracy under normal
lighting was 0.92, decreased to 0.85 under low lighting, and was 0.81 under occlusion conditions; the SSIM of the generated
images under the three conditions was 0.97, 0.93, and 0.90, respectively, and the emotion retention rates were 84%, 78%,
and 72%, respectively. The detection times under the three conditions were 38ms/frame, 42ms/frame, and 45ms/frame,
respectively, and the resource consumption was 16%, 19%, and 22%, respectively. The overall performance degradation
was controllable, indicating that this method is robust in complex real-world scenarios.

On the Wide Face (approximately 32,000 images) and VGGFace (approximately 260,000 images) benchmark datasets,
the mAP values are 0.92 and 0.90, respectively, and the PSNR values are 25.0 dB and 24.7 dB, respectively. The difference
between the two is less than 3%. For proprietary film and television data (approximately 120 minutes, approximately 180,000
frames), the mAP is 0.89, and the PSNR is 24.2 dB, with the decline kept within 5%. On FFHQ (70,000 images), the mAP
is 0.90, and the PSNR is 24.6 dB. The scale range for the four sets of data spans 32,000 to 260,000 images, and the resolutions
vary by specification. The fluctuation range of the detection accuracy and generation quality indicators does not exceed 5%,
indicating that this method has stable performance across different data set scales and sources and good generalizability.

3.3.Engineering Management

At the production management level, this method has reduced the post-production time for single-camera face replacement
from an average of 4.5 hours per person to approximately 18 minutes. The number of manual intervention points has been
reduced from 12 to 3, and the processing throughput has reached approximately 3,200 frames per hour, which is about 15
times higher than the traditional frame-by-frame manual replacement process. This significantly reduces the manpower and
time costs in film and television post-production.

At the deployment and integration level, this system is recommended for deployment on servers equipped with NVIDIA
Tesla V100 GPUs (32GB of video memory) and 128GB of memory. The software environment is Ubuntu 18.04, CUDA
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11.0 and PyTorch 1.8. It can interface with the standardized frame-sequence import interfaces of mainstream editing software
(Adobe Premiere Pro, DaVinci Resolve). Operators need to have basic Python programming skills and an understanding of
deep learning inference processes. There is no need for model re-training or parameter tuning.

In the post-production scheduling, a 15% GPU resource occupancy rate enables a single server to manage 6 replacement
tasks. The 3200 frames-per-hour throughput capacity enables completion of approximately 40 standard shots (calculated at
90 seconds per shot) of replacement work within a single day. This transformation shifts the compositing process from a
sequential waiting state after editing to a pre-intervention parallel process. This efficiency enables the production team to
simultaneously initiate facial replacement during the pre-editing stage, reducing the overall post-production cycle by
approximately 35%. It provides a quantitative basis for scheduling optimization and resource allocation.

Theoretically, the positive correlation between detection accuracy (mAP = 0.92) and generation quality (PSNR = 25.0
dB) supports the effectiveness of the task decoupling strategy: independently optimizing the detection and generation sub-
problems can reduce the difficulty of joint optimization. Improved detection accuracy directly enhances the quality of the
input features during the generation stage. In practice, the time for single-lens replacement has been reduced to 18 minutes,
and the rework rate has dropped below 4%, transforming facial replacement from a sequential step after editing into a parallel
process that can be intervened in advance, thereby directly aligning with resource scheduling decisions in production
management.

4. Conclusion

The research aimed to address the problems of insufficient detection accuracy, poor image quality, and high computational
resource consumption in face replacement in film and television dramas. A method based on improved MTCNN and GAN
was proposed to achieve efficient, natural, and realistic video face replacement effects. The research results showed that the
improved MTCNN algorithm performed well in the face detection stage, with a detection accuracy of 0.93 and a detection
time of 35ms/frame, improving the efficiency and quality of face detection. In the face-replacement stage, the improved
GAN architecture outperformed existing technologies across multiple key performance indicators. Its PSNR reached 25.0dB,
and SSIM approached 1.0, demonstrating extremely high image quality and SSIM. In addition, the user satisfaction score
was 4.65, and the emotional retention rate was 85%, indicating that this method has significant merit in maintaining original
emotions and visual quality. Although the generation time was slightly longer at 120 milliseconds, computational resource
consumption was only 15%, demonstrating efficient resource utilization and robustness. The proposed method, based on an
improved MTCNN and GAN, can enhance face detection accuracy and improve image quality while reducing computational
resource consumption. However, this method still has three limitations. First, robustness to extreme lighting and complex
backgrounds needs further verification; second, training relies on a large amount of labeled face data, and the model's
transferability in low-resource scenarios is limited. Third, the current architecture is designed for single-camera, single-
person replacement. When extending to simultaneous replacement of multiple people or real-time streaming scenarios, the
computational load and memory usage increase linearly, and the scalability needs to be optimized. Future research will focus
on optimizing algorithm efficiency, further reducing generation time, and exploring potential applications in more complex
scenarios.
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