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Abstract

The preservation and restoration of old art films have certain practical value. Focusing on the color
restoration of old art films, this paper introduced the same mapping loss on the basis of a cycle-con-
sistent generative adversarial network, which enables the algorithm to capture more image details and
achieve better transfer results. The old art films Roman Holiday and Tracks in the Snowy Forest were
used as experimental data to verify the color restoration effect of the improved cycle-consistent gener-
ative adversarial network algorithm. It was found that compared with the generative adversarial net-
work and cycle-consistent generative adversarial network algorithms, the improved cycle-consistent
generative adversarial network algorithm was superior. It achieved a peak signal-to-noise ratio of
26.874, a structural similarity index measure of 0.665, a learned perceptual image patch similarity of
0.212, and a Frechet inception distance of 117.652 for Roman Holiday. Moreover, it achieved a peak
signal-to-noise ratio of 22.794, a structural similarity index measure of 0.585, a learned perceptual
image patch similarity of 0.247, and a Frechet inception distance of 119.265 for Tracks in the Snowy
Forest. It also achieved better results in comparison with existing image color restoration methods. The
results demonstrate the usability of the improved cycle-consistent generative adversarial network al-
gorithm in color restoration of old art films, which can be applied in practice.
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Introduction

Due to the continuous advancement and innovation of related technologies such as recording, storage, and playback,
the quality of films is getting higher and higher, and excellent works are emerging one after another [1]. At the same time,
the preservation and restoration of old art films have also attracted widespread attention. The preservation and restoration
of old art films, which carry the memories and characteristics of the time and provide inspiration and sentiment for new
films, are of great value [2]. Due to the limitations of technology at that time, many of the old art films that have survived
to this day have defects such as flickering and fading [3], which put a lot of pressure on artificial restoration. Digital
restoration technology, with the assistance of computers, can achieve better automated restoration results [4] and is now
widely used [5]. Sompoppokasest et al. [6] put forward a new type of generative adversarial network (GAN) model to
remove unwanted elements from images. Experiments found that this model had high resource efficiency and requires
less training time. Yuan et al. [7] designed a novel dual-U-net GAN for image restoration and found that the images
restored by the designed model had reasonable texture structures for different proportions of damage. Zheng et al. [8]
proposed a method for image restoration that combines smooth tucker decomposition and low-rank Hankel constraints
and found that this method could achieve better peak signal-to-noise ratio (PSNR) even in extreme cases where 99 % of
pixels were lost. Ning et al. [9] presented a two-stage model that fuses spatial textures and multi-stage structural features,
conducted experiments under three datasets and five mask ratios, and demonstrated the effe ctiveness of the model. An-
driyanov et al. [10] synthesized special modifications of nonlinear filters based on deep doubly stochastic Gaussian mod-
els. Through experiments, they found that with the help of the doubly stochastic model, the image can be restored using
only 50 % of the information. Sun et al. [11] introduced LlamaGen for scalable image generation, verified the effective-
ness of the LLM service framework in optimizing the inference speed of the image generation model, and found it
achieved an acceleration of 326 % — 414 %. This paper studied the color restoration of old art films by designing a method
with a generative adversarial network (GAN). It took the old art films Roman Holiday and Tracks in the Snowy Forest as
examples to verify the restoration effect of this method, providing some references for the digital restoration of old art
films, which is conducive to better preservation and inheritance of old art films.

1. Color restoration method

The fading of old art films poses a significant obstacle to their dissemination, and the dull images affect the viewer’s visual
experience. Image color restoration methods can be used to enhance the picture effect. Deep learning-based image processing
approaches have a strong ability in feature extraction [12] and have been widely used in image restoration [13], such as convo-
lutional neural networks [14] and Transformer [15]. Among them, the cycle-consistent generative adversarial network (Cy-
cleGAN) [16] algorithm has shown excellent performance in generating images that conform to human visual perception.
Therefore, based on the CycleGAN algorithm, this paper studied the image color restoration of old art films.
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The CycleGAN algorithm converts data through a generative network and a discriminative network. It mainly contains
two parts of loss.

1). Adversarial loss

Adversarial loss is utilized to optimize GAN networks. For generator G: X—Y, the loss function of discriminator Dy
can be written as:

Lean(6, Dy, X,Y) = Ey_paatacy)In Dy ()] + Ex—pdataco [In (1= Dy (6(0) ). Q)

where Dy(y) is the probability that image y belongs to domain Y, E;,_py.(y) is the expectation that y takes from ¥, and
E.\pdata(y) 18 the expectation that x takes from X.
For generator F: Y—.X, the loss function of discriminator Dy is:

Lean(F, Dy, ¥, X) = Eyx_paata(o[In Dx (O] + Ey_paaracy) [In (1 Dx (FO))) . @

where Dy(x) is the probability that image x belongs to domain X.
2). Cyclic consistency loss
The CycleGAN algorithm simultaneously performs G and F mapping. The cyclic consistency loss is:

LCycle(G: F) = Ex~Pdata(x) [”F(G(x)) - x”l] + Ey~Pdata(y) [”G(F(Y)) - 3’”1], (3)

where E,_pguq[-] indicates that image x in domain X generates G (x) under the action of generator G and G (x) gener-
ates I’ [ G(k) ) that is similar to image x under the action of generator F. E,_pya()[] is similar to E,_pygay)-
Ultimately, the target loss of the CycleGAN algorithm is:

L(G,F,Dyx,Dy) = Lgan(G,Dy,X,Y) + Lean(F, Dx, Y, X) + BLcycre (G, F), 4)

where B is the weighting factor that controls the relative importance degree of different losses.

The CycleGAN algorithm is applied to the color restoration of old art films. To add consideration for style loss during
restoration, an improvement is made based on CycleGAN. The original CycleGAN algorithm uses a cycle consistency
loss that lacks consideration of the loss between the generated images and the real images. In this case, if the style loss
between the generated images and the real images is significant, the subsequent image generation effect may be poor.
Eventually, the generated results may appear unnatural in color or deviate in style. Therefore, to solve this problem, the
same mapping loss is added based on the loss of the cycle consistency:

LCycle(G: F) = Ex~Pdata(x) [(1 - Bl)”F(G(x)) - x”1 + Bl”G(x) - y”l] + Ey~Pdata(y) [(1 -
~BING(F)) =yl + B2NIF ) = xll . ®)
where B, is the loss weight of the x—G (x =y process, (I-Bl) is the loss weight of the F (G (x) )—»x process, B, is the loss

weight of the y—F (y )=x process, and (1-[32) is the loss weight of the G(F () )—y process.
Based on this, the process of the CycleGAN algorithm to restore the color of old art films is shown in Figure 1.
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Fig. 1. Color restoration of old art films with the improved CycleGAN algorithml
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According to Figure 1, the CycleGAN algorithm follows specific steps outlined below.

3). Generate repaired image frames G (x) and G ﬂV o) ) based on the generative network.

4). Generate unrepaired image frames F'(y) and F' [ G(k) ) based on the generative network.

5). Set the gradient of the generative network to 0, calculate the same mapping loss L¢y.(G, F) by equation (5), and
perform backpropagation.

6). Update the weight parameters of generative networks G and F.

7). Use the root mean square error to calculate the gradient of discriminators Dy and Dy and update the weight pa-
rameters.

8). Repeat the above steps until the optimal model is obtained and output color-restored image frames.

2. Experiments and analyses
2.1. Experimental setup

The experiment was conducted in a Windows 10 operating system environment. The algorithm was built using
PyTorch 1.8.1. Python 3.8 was used as the programming language. After repeated experiments, the learning rate of the
improved CycleGAN algorithm was set to 0.0002. The number of epochs was 100, the batch size was 8, and the initial
values of B, and B3, were 0.2. The experimental data were derived from the old art films Roman Holiday (1953) and Tracks
in the Snowy Forest (1960), both of which had manually restored versions. Ten video sequences were selected from both
the unrestored and restored films for the experiment, each containing 100 frames of images. The training set and test set
were divided in an 8:2 ratio.

2.2. Evaluation indicators

The following four indicators were used to evaluate the color restoration effect of old art films.
1). Peak signal-to-noise ratio (PSRN) [17]
PSNR can be used to measure the quality of restored images with the following formula:

- 552
PSNR=10log, ﬁ/, 6)
where MSE is the mean square error of the two images before and after restoration.

2). Structural similarity index measure (SSIM) [18]

SSIM is employed to measure the similarity between images, and its formula is:

(2upnptC1)(20AB+Co)
(WA +HE+C1) (oA +oR+C2)’

SSIM(A,B)=

Q)

where C; and C, are constants, «, and y, are the pixel mean of the images 4 and B, and o5 is the covariance of images
A and B.

3). Learned perceptual image patch similarity (LPIPS) [19]

LIPIPS measures the similarity between images based on human perception, and its formula is:

1 2
LPIPS(AB)= X1 i-Tn [WIO (FAthw)-Fihw) ) || ®)

where F;(h, w) and Fi3(h, w) are the /-th layer feature of images 4 and B in the pre-training network, ¥, is the trainable
weight parameter with temperature scaled by channel count.

4). Frechet inception distance (FID) [20]

FID measures the distance between the generated image and the real image, and its formula is:

FID(A,B)=[5,-05*+Tr(¢,+9,)-2(0, *0L?), )

where 6, is the feature mean of the generated image, J5 is the feature mean of the real image, ¢, and ¢ are the covari-
ance matrix of the generated and real images, and 77 is the trace of the matrix.

2.3. Analysis of restoration results

The proposed method was compared with the GAN and CycleGAN algorithms to verify its effectiveness.

According to Table 1, the improved CycleGAN algorithm showed better performance in color restoration of old art
films compared with the GAN and CycleGAN algorithms. In the case of Roman Holiday, the improved CycleGAN algo-
rithm achieved the highest PSNR at 26.874, which was 4.306 higher than that of the GAN algorithm and 2.249 higher
than that of the CycleGAN algorithm. Its SSIM was 0.665, which was 0.058 higher than the GAN algorithm and 0.029
higher than the CycleGAN algorithm. Its LPIPS was 0.212, which was 0.086 lower than the GAN algorithm and 0.055
lower than the CycleGAN algorithm. Its FID was 117.652, which was 94.604 lower than the GAN algorithm and 58.976
lower than the CycleGAN algorithm. These results indicated that the image frames restored by the improved CycleGAN
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algorithm had good quality and gave a better experience in human visual perception, demonstrating the effectiveness of

the improvement made to the CycleGAN algorithm for reconstructing the colors of old art films.

Then, the CycleGAN algorithm was compared with the other two existing color restoration methods to verify its superiority.

Table 1. Comparison of restoration effects

GAN CycleGAN Improved CycleGAN
Roman Holiday PSNR 22.568 24.625 26.874
SSIM 0.607 0.636 0.665
LPIPS 0.298 0.267 0.212
FID 212.256 176.628 117.652
Tracks in the Snowy Forest PSNR 19.853 21.367 22.794
SSIM 0.512 0.543 0.585
LPIPS 0.284 0.251 0.247
FID 186.325 157.821 119.265
Table 2. Comparison with existing methods1
The Wasserstein generative The perceptual loss Improved CycleGAN
adversarial network function-trained feed-forward
in reference [21] network in reference [22]
Roman Holiday | PSNR 24.365 25.625 26.874
SSIM 0.456 0.652 0.665
LPIPS 0.287 0.274 0.212
FID 215.256 210.632 117.652
Tracks in the PSNR 20.785 21.336 22.794
Snowy Forest SSIM 0.447 0.515 0.585
LPIPS 0.312 0.285 0.247
FID 210.528 214.853 119.265

According to Table 2, the improved CycleGAN algorithm outperformed the Wasserstein generative adversarial net-
work and the perceptual loss function-trained feed-forward network in terms of all evaluation indicators. In the case of
Tracks in the Snowy Forest, the PSNR obtained by the improved CycleGAN algorithm was 22.794, significantly higher,
and the SSIM was 0.585, also significantly higher than the other two methods, indicating that the restored image frames
had better quality. The LPIPS of the improved CycleGAN algorithm was 0.247 and the FID was 119.265, significantly
lower than the other two algorithms, suggesting that the image frames restored by the improved CycleGAN algorithm
had better visual effects. These findings further demonstrated the reliability of the improved CycleGAN algorithm in
color restoration of old art films.

Figures 2 — 5 shows examples of color restoration effects of the improved CycleGAN algorithm for a frame in Roman

Holiday and Tracks in the Snowy Forest.

Fig. 2. Roman Holiday before restoration

Fig. 4. Tracks in the Snowy Forest before restoration

Fig. 5. Tracks in the Snowy Forest after restoration
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According to Figs. 2 — 5, it can be found that after the improved CycleGAN algorithm was used to perform color restoration
on the video image frames of the two works, the colors of the original black-and-white movie have been reconstructed with
high quality, and the overall visual effect was good, further verifying the reliability of the method in color restoration.

3. Conclusion

In this paper, the CycleGAN algorithm was improved to achieve color restoration of video image frames in old art
films, and the performance of the proposed algorithm was verified by taking Roman Holiday and Tracks in the Snowy
Forest as examples. Experiments revealed that the improved CycleGAN algorithm showed good results in color restora-
tion of old art films. Compared with other methods compared, it achieved higher PSNR and SSIM values and lower
LPIPS and FID values. It suggested good color restoration effects for old art films and achieved good visual effect; thus
it can be further promoted and applied in practice.
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