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Abstract

This paper introduces an improved model that filters feature maps by refining the BasicVSR model. While existing models learn
from adjacent frames, they exhibit a drawback in incorporating features that can negatively impact the learning process. To address
this, we enhance the existing model by integrating filtering modules, enabling the model to selectively choose suitable feature maps
for effective learning. To assess the filtering performance, a dataset of 2D animation video is employed. The BasicVSR model
with filtering is trained using the AVC-Train dataset and subsequently evaluated using the AVC-Test dataset. As a result of the
performance metric, it proves that filtering is effective in learning the video super-resolution model.
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Fig. 1. (a) is Structure of SEBlock, (b) is the BasicVSR with SEBlock(ours)
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Fig. 3. The difference between the feature map before and after applying SEBlock to Fig 2.a. The closer to black, the smaller
feature map difference. Differences in feature maps for frames 71, 72, 73, and 74 from top left

BasicVSR BasicVSR +
SEBlock (ours)

Proposed Model
Improvement BasicVSR BasicVSR +

SEBlock (ours)
Proposed Model
Improvement

Frame 72nd 72nd 72nd 73rd 73rd 73rd
PSNR 36.9472 37.1496 ( ) 0.2024(0.55%) 36.9311 37.0393 ( ) 0.1082(0.29%)
SSIM 0.9693 0.9704 ( ) 0.0011(0.11%) 0.9806 0.9809 ( ) 0.0003(0.03%)

1. 2.a PSNR, SSIM
Table 1. PSNR and SSIM results in frames when scene change occurs in Fig 2.a

Overlapped GT(72nd, 73rd) BasicVSR BasicVSR + SEBlock (ours)

(a)

Overlapped GT(73rd, 74th) BasicVSR BasicVSR + SEBlock (ours)

(b)

2.
Fig. 2. Video Super-Resolution results of existing and proposed models when scene change occur
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SSIM . 2 AVC-Test PNSR,

SSIM, LPIPS VMAF .

PNSR, SSIM, LPIPS VMAF

0.0378(0.11%)dB, 0.0002(0.02%), 0.000383(0.63%),

0.160407(0.20%) .

AVC-Test

BasicVSR BasicVSR +
SEBlock (ours)

Proposed Model
Improvement

PSNR 34.1057 34.1435 ( ) 0.0378(0.11%)

SSIM 0.9777 0.9779 ( ) 0.0002(0.02%)

LPIPS 0.061224 0.060841 ( ) 0.000383(0.63%)

VMAF 80.723477 80.883884 ( ) 0.160407(0.20%)

2. PSNR, SSIM, LPIPS, VMAF
Table 2. PSNR, SSIM, LPIPS and VMAF results of existing model,

proposed model
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PSNR, SSIM, LPIPS VMAF

0.0378(0.11%)dB, 0.0002(0.02%), 0.000383(0.63%),

0.160407(0.20%) ,
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