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Cross-CNN: An Animation Cross-Frame Sketch Colorization Algorithm
Based on Hybrid Model with CNN and Transformer
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Abstract: Coloring long sequences of animated sketch frames is a challenging task in computer vision. On one hand,
the information contained in sketches is sparse, and coloring algorithms need to infer missing information. On the other
hand, the colors between consecutive frames need to be consistent to ensure visual quality throughout the video. Most exist-
ing coloring algorithms are designed for single images and only provide one open-ended, reasonable color result, which is
not suitable for coloring frame sequences. Other reference-based coloring algorithms do not have an organic connection be-
tween two frames, resulting in unsatisfactory coloring results. In the same shot sequence, the features of same object usually
do not change too much. Therefore, a model that can automatically color sketches based on a given reference frame can be
designed. This paper proposes a new model called Cross-CNN that combines convolutional neural networks (CNN) and
Transformer. Our Cross-CNN can find and match colors from the reference frame, thus ensuring temporal feature consisten-
cy. In this model, the reference frame and the sketch frame are superimposed in the channel dimension, and the pre-trained
Resnet50 network is used to extract locally fused features. The fused feature map is then passed to the Transformer structure

for encoding to extract global features. In the Transformer structure, a cross attention mechanism is designed to better match
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long-distance features. Finally, a convolutional decoder with skip connections is used to output the colored image. In terms

of the dataset, this paper extracted frames from eight movies and conducted strict screening to create a dataset containing

20 000 pairs of reference and sketch frames for experimental research. The SSIM (Structural SIMilarity) of Cross-CNN can
reach 0.932, which is higher than the SOTA algorithm by 0.014. The algorithm codes link for this paper: https://github.com/

silenye/Cross-CNN.
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107*, 248 3004~ epoch Z JG #5272 23980 1x107°.
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O PERAGE IR AL 448x448. W 4% H PyTorch TR FE 2% 2 HE
ZRRGEE , IFAE BAAS 3 080 Ti b X o 28 E 47 Y1 2k A3k
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4.3 ISR

(1)PSNR

AR SCAH F PSNR R IEAS Az B & F (9 T i . PSNR (91
R, Fe AR R B T B RS . PSNR R A SN

MAX?

MSE(y.y)
Horp, MAX] #7848 2 05 19 1T 8 fir KM ; MSE (Mean
Square Error) by B3 MG 5 W0 EIG 2Z [8] i 24 07 1R 2%
AR

MSE(58) = 3,0 3 5 S o(id) 3 ()]
Horp, y FOR W0 KIS 5 p TR B EMG s m, n Fom R
KN,

(2)SSIM (Structure SIMilarity index measure )

ARSCAH FH SSIM A DAk ] R (25 A A AL . SSIM 43
TN 2 5K G PR B B R L A 34 SRR
S i 2 K RS B AR R . SSIM BRU(E S Bl [0, 17, {1
K, Foom 2k B 2 a) Y AR AL B . SSTM 43 2
mr.

PSNR (y,5) =10xlog,, (6)

(2f‘y‘f‘y+cl)(2”y‘y+‘72)

SSIM(y.5) = (ﬂyg+ﬂ;+cl)(gy?+ay2+cz)

(8)
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AR SR A e k0 2 (UL EAT LU, FLR
BEHUT Ref ™' Stas™™!" \ Teve!™ Fl SGA LRI Al A 3
BERPEAT LU . BT AT % HO R At A SO 4R 1|
I

R LRI 25 A0 1 17 . Stas(Style transfer for
anime sketches ) 525 B PR RE B IR, P REJE K R A W 4
PR BE IS 452 1 e 2446 £, Ref (Reference-based
sketch image colorization) 535 fH T-H F IS BHE A, {1115
M DL IE AR A6 55 K A o, J9T A48 R AS 15, Teve (Tempo-
rally coherent video colorization) Hl SGA (Stop-Gradient
Attention ) 53 fy T H ™ A RO BRI [ A3 F AR AR T4 HH Y

®1 AREEENITLER

ER7S A PSNR SSIM
Stas Sketch+Reference 10.04 0.350
Ref Sketch+Reference 17.50 0.589
Teve Sketch+Reference 23.16 0.796
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ARSCE Sketch+Reference 26.29 0.932

9 R TS F BN E QSR b 55 117
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R R AL R, 530 F ] —i8 X &4k
B RARAR N, 5 1k TR A K B B
e . Ref VEh F M B BVE 6 1, R0 T 15 B8 458 K 11
AR BT 5, T 3R R B . Teve LM & @A
F e AR, 3 O 5K I R R T B S5 5 . SGA
FE A5 3B AE ARG 40 B 9] A5, FIF LA A8 BRIE IR T Cross-
CNN. Cross-CNNK; I AL R 0EAT 48R, ARA0E T (0381
— BOPE, 58 S R 7 0 g T e S N AR A,
S RAF AR AR R IO D 7 A R A R

Reference Sketch Stas Ref

Stas

Ref

Teve

SGA
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GT

FESEBRAE AT v AT BE 23 B BB o R AR
AUE, WAk e ARIRBE AR . T a0
U SEFRNE A, B R 4 P A B0k R B AR
B, A I 035 R T B €0 A A P SRR R RIS Y
XIS WA RE T . SRR A RN 2 7R, AR SR
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®2 SEMFEIEEHWK

ik NSl PSNR SSIM
Stas Sketch+Reference 10.79 0.434
Ref Sketch+Reference 1522 0.558
Teve Sketch+Reference 16.01 0.687
SGA Sketch+Reference 18.72 0.687
AR Sketch+Reference 22.69 0911

10 ATARAL TR RIS 6 T2 2 it R 2 21 B
AR, 5 — S LT EOAE R B BB i XK. o] L&
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Cross Attention Attention
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B BN A RO IR % TR 1E R Copy. AT DL A
B, 55 Copy #H It , Cross-CNN 7£ A 7] B 25 T BUAS 58 f- 1
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