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Abstract: Traditional 2D animation is a distinct visual style with a production process and image characteristics that
differ significantly from real-life scenes. It usually requires drawing pictures frame by frame and saving them as
bitmaps. During the storage, transmission, and playback process, 2D animation may encounter problems such as
picture quality degradation, insufficient resolution, and discontinuous timing. With the development of deep learning
technology, it has been widely used in the field of animation restoration. This paper provides a comprehensive
summary of 2D animation restoration based on deep learning. Firstly, exploring existing animation datasets can help
identify the available data support and the bottleneck.in establishing animation datasets. Secondly, investigating and
testing deep learning-based algorithms for animation image quality restoration and ‘animation interpolation can help
identify key points and challenges .in animation restoration. Additionally, introducing methods designed to ensure
consistency between animation frames can provide insights for.future animation video restoration. Analyzing the
effectiveness of existing image quality assessment (IQA) methods for animation images can help identify practical
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IQA methods to guide restoration results. Finally, based on the above analysis, this paper clarifies the challenges in
animation restoration tasks and presents future development directions of deep learning in animation restoration

field.
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Table 1 Comparison of restoration results between no denoise models and denoise models

2 T7 % FER P A

W ]

JR4 1K A 45+ JUEIRE

Bicubic

Waifu2x_7Conv( JC [ i )

Waifu2x_7Conv ([ i )

Waifu2x_CUNet( I M i )

Waifu2x_CUNet( [ i )

Waifu2x_Swin( IG5 I i )

Waifu2x_Swin (M i)

Real-CUGAN ( JC [ 1 Jit )

Real-CUGAN ([ M il )
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Table 2 Comparison of restoration results for details of animation characters
BRI AR R0y BRI T T #4442

Bicubic

Anime4k

Real-CUGAN ( JCF# M i )

Real-CUGAN ([ M i )

Real-ESRGAN
43 Aymifl S0P i gk oL
Table 3  Special cases in animation restoration
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Table 4 Average score of image quality assessment-methods for low-quality data restoration results

G5 PN 6 A Bicubic Waifu2x, CUNet( FEME: i ) Real-CUGAN (JGR& M fii) Real-ESRGAN
NIQE | CRFFE) 6.933 3(1) 8.4068(4) 7.592 4(3) 7.419 3(2)
BRISQUE | (A& 56.420 3(2) 63:429 5(4) 42.752.7(1) 59.761 2(3)
NRQM t (AFFA) 6.517 8(4) 7.633 6(1) 7.3754(2) 7.336 7(3)
PLI (ANFEE) 6.601 3(3) 7.214 3(4) 5.727 2(1) 5.824 9(2)
KNN-GIQA t (ARFF4) 0.005.391(4) 0.005 440(1) 0.005 420(2) 0.005 397(3)
GMM-GIQA t (REFFH) -5833.31(4) -5555.17(3) -5531.35(2) -5 483.46(1)
HyperlQA t (£54) 48.389 4(4) 56.606 3(3) 70.013 7(2) 71.396 4(1)
MANIQA t (74 0.608 1(4) 0.641 6(3) 0.671 6(2) 0.705 4(1)
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Table 5 Score of single image after restoration evaluated by image quality assessment methods
BRI 1645 Bicubic Waifu2x_CUNet( [ M ) Real-CUGAN (G4 iR ) Real-ESRGAN
GMM-GIQA t (AFF5) -3742.62(2) —4870.67(4) 3 553.50() e
HyperlQA T (A FF5) 43.17(4) 49.31(3) 78.35(2) 79.67(1)
MANIQA t (AFF45) 0.415 3(3) 0.297 9(4) 0.617 0(1) 0595 702
GMM-GIQA t (RFF&) -4 627.28(1) -5 126.67(4) -5114.93(2) 5 116.44(3)
HyperlQA T (A FF4) 46.26(4) 72.33(2) 69.71(3) 72.17(1)
MANIQA 1 (ff4) 0.622 8(4) 0.683 0(3) 0.720 7(2) 0.747 3(1)
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JE, T B B 4 ] R W A AR B8 Y )
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25 bk, B AL geii o i g S 2 vk
ANTE T Sl G AR 2 > R 2% i axX = b
PEM T H5 , B GMM-GIQA HyperIQA F1 MANIQA, %i
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Table 6 Average score of image quality assessment methods for significant compression and.noise data

Waifu2x_7Conv  Waifu2x_7Conv

P& BT 45 A

Waifu2x_CUNet

Waifu2x_CUNet Real-CUGAN Real-CUGAN

(TG R M i) (3 M i) (JCREMERT) (P3N R (TN R (P3N RT)
NIQE | CAFFE) 57550 7.687 4 6.058 2 8.0630 7.2551 71717
BRISQUE | (RFF4) 50.578 3 55.640 1 50.593 4 59.521 7 40.653 4 47.017 2
NRQM t CRFFH) 4539 2 4.546 1 45375 4,300 4 6.1327 6.210 9
PLL (ARFFG 5.607 9 6.570 6 5.7603 6.8813 5.561 1 5.480 3
KNN-GIQA t (RFF4) 0.005 332 0.005 446 0.005 335 0.005 479 0.005 469 0.005 477
GMM-GIQA t (KEFF &) -5936.18 -5511.66 =5 941.97 -5474.68 -5496.61 -5404.25
HyperlQA t (£F&) 48.495 6 56.532 0 48.296 8 56.425 4 71.043 3 71.687 9
MANIQA t CRFFE) 0.4357 0.405 4 0.443 4 0.4005 0.561 1 0.5703
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Table 7 Score of single compressed image after restoration evaluated by image quality assessment methods
. Waifu2x_7Conv  Waifu2x_7Conv  Waifu2x_CUNet Waifu2x CUNet Real-CUGAN Real-CUGAN

KR i ETE T8 bR — — — _

B R R Gr i CRREWED (WD CEMEED (WMD) CERMMED (R
GMM-GIQA t (KEFFH) -4 956.13 -3 865.02 -5002.84 -3768.61 -3938.04 -4 166.11
HyperIQA t (£#4) 50.59 60.70 51.55 63.29 70.77 71.41
MANIQA t (RFFH) 04781 0.420 7 0.508 9 0.444 4 0.650 9 0.6239

8 FugkmRs P 08 5 A5 YA 5 B BRI R R bR T 13 0
Table 8 Score of single noise image after restoration evaluated by image quality assessment methods

T ST S 47 Waifu2x_7Conv  Waifu2x_7Conv Waifu2x_CUNet Waifu2x_CUNet Real-CUGAN Real-CUGAN

ST (T R fit ) (e M i) (T e W i) (e M i) (T R A ) ([ M4 i)
GMM-GIQA t (REFE) -9 288.59 -8057.73 -9357.14 -8 069.28 -8 701.52 -8553.18
HyperIQA t (£#4) 60.64 62.71 59.45 64.11 66.41 67.46
MANIQA t (FfF5) 0.317 7 0.326 8 0.3327 0.368 3 0.448 2 0.491 6

29 MBS R RS DLAE A R U PR B b T 1

Table 9 Score of special image case after restoration evaluated by image quality assessment methods

B MLE Real-CUGAN(B£M: it ) Real-ESRGAN | Abs#J5 " AEZnHiE i+ Real-CUGAN(F#M:fi) Real-ESRGAN
GMM-GIQA t (RFF4H) -4299.03 -4191.14 GMM-GIQA t (#54) -5831.83 -6213.98
HyperlQA t (ANFF4) 74.83 75.72 HyperlQA t (AFF4) 76:35 78.01
MANIQA t (RFF4) 0.6136 0.624 6 MANIQA t (RFF4) 0.480 8 0.5288
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Table 10 Comparison of effectiveness of single image
animation restoration algorithms

Y SRR WA BRIk Pty
T 24 R N S .
10 BHEHL0 10 i1l /s

Waifu2x_7Conv ~ 0.5525 354049  3.86269 0.032726
Waifu2x_CUNet 1.2846  47.1972 9.97026 0.042718
Waifu2x_Swin ~ 3.758 3 43197 126492 0.099 735
Real-ESRGAN ~ 4.4678 3742787 38.90217 0.164 037
Real-CUGAN 12846  63.1045 13.29770 0.052398
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Table 11  Restoration results of pig_13 sequence
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Table 12 Average score of image quality assessment methods for restoration results of animation video algorithm
4 AnimeVideo-v3 AnimeSR
GMM-GIQA HyperlQA MANIQA GMM-GIQA HyperlQA MANIQA
Anime_dance_level_0 -5119.31 (1) 68.71 0.5337 -5231.06 70.16 (1) 0.5427 (1)
daria -5613.20 70.65 0.5117 -5593.60 (1) 73.04 (1) 0.532 4 (1)
digimon -8332.36 67.53 0.542 9 (1) -8190.67 (1) 67.93 (1) 0.5299
Little_carp -6 311.58 (1) 73.73 0.368 8 -6 432.67 74.99 (1) 0.3856 (1)
pokemon -5890.85 72.61 0.5209 -5633.29 (1) 74.67 (1) 0.557 2 (1)
The_monkey_king -6 304.64 (1) 73.00 0.4530 -6 354.99 73.73 (1) 0.462 9 (1)
Timon_pumbaa -8567.88 72.80 (1) 0.5712 -8334.70 (1) 72.73 0.576 5 (1)
Tom_and_jerry -4 405.63 74.38 0.508 4 (1) -4 277.52 (1) 75.24 (1) 0.488 1
pig_13 -4 646.91 (1) 69.87 0.3731 (1) -4 .929.52 71.18 (1) 0.3720
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Table 13  Average score of ATD-12KTest
after interpolation

Tl PSNR 1 SSIM t LPIPS |
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Table 14 Animation interpolation restoration results
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