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Abstract

With the increasing demand for high-quality video, video compression technologies have been widely used in various
applications that require transmission and storage. However, most video compression techniques introduce various compression
artifacts, causing discomfort to the Human Visual System (HVS). In addition, to minimize the amount of video data, scenarios
manipulating resolution and frame rates must be considered. Therefore, it is necessary to adopt not only compression artifact
removal techniques, but also super-resolution algorithms and frame interpolation algorithms in video playback devices. In this
paper, we analyzed the latest research trends and demonstrated the relative superiority of the techniques for maritime videos as one
of application examples. Furthermore, we evaluated the suitability of each technique and cherry-picked the best for a high-quality
mode in terms of restoration accuracy and a real-time mode considering network complexity.
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Input videos

Video enhancement system

Output videos

Denoising * Super-resolution >

Frame
interpolation

Low quality video

(Low frame rate & Low resolution) (Low frame rate & Low resolution)

T 1. g3 M 7lE, ZoidE 7|

High quality video

(Low frame rate & High resolution) (High frame rate & High resolution)

& Te) 87t 7le2 PAE QA KM AlAHle] B2 Clojof 1

Fig. 1. A block diagram of video enhancement system consisting of denoising, super-resolution, and frame interpolation techniques
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Table 1. Configuration of transmission and storage system devices

for establishing the experimental environment

Components Products
CPU Intel® CoreT™ i9-10980XE Gold @ 3.00GHz
Memory Samsung DDR4 25600 32GB (x8)
Storage Samsung SSD 980PRO 2TB (x3)
GPU Nvidia RTX 3090 (x4)
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Table 2. Reconstruction accuracy and network complexity of denoising model for maritime dataset

. PSNR Inference time Usage memory
Video resolution Model SSIM Params (K]
(dB) (sff) (GB) ®
WRCAN 385 0.93 1.75 3,06 156974
PSTQE 379 0.89 0.04 1.81 2174
é%%iﬁw) InvDN 380 0.89 0.03 172 2641
ps Stripformer 37.0 091 0.03 2.58 19708
Uformer 36.5 0.90 0.51 421 50880
WRCAN 39.6 0.96 471 3.82 156974
PSTQE 383 0.93 0.09 1.81 2174
ég%f(g“g) InvDN 382 0.93 0.07 1.92 2641
P Stripformer 37.1 0.92 0.04 5.69 19708
Uformer 372 0.92 1.12 8.95 50880
WRCAN 39.8 0.97 4.77 3.82 156974
PSTQE 387 0.94 0.09 1.81 2174
gg%ig“g) InvDN 389 0.95 0.07 1.92 2641
P Stripformer 379 0.94 0.04 5.69 19708
Uformer 37.6 0.94 1.12 8.95 50880
E 3. ZojMS 29 o ol S i =2 HaM 3 YEY3 28 21 AT
Table 3. Reconstruction accuracy and network complexity of super-resolution model for maritime dataset
" PSNR Inference time Usage memory
Video resolution Model SSIM Params (K|
(dB) (s (GB) ®
SwinlR 36.1 0.91 0.880 11.6 11752
480x270 LESRCNN 37.1 0.89 0.004 6.4 774
(200kbps) iSecBetter 36.9 0.89 0.009 21.6 11900
P OverNet 36.4 0.89 0.067 4.8 1078
FENet 36.6 0.89 0.015 3.7 675
SwinIR 37.3 0.93 3.610 153 11752
960%540 LESRCNN 37.2 0.91 0.004 8.1 626
(300kbps) iSeeBetter 373 0.92 0.009 233 12438
S OverNet 37.1 0.91 0.334 92 1078
FENet 372 0.92 0.126 8.2 675
SwinIR 38.8 0.95 3.620 153 11752
960%540 LESRCNN 374 0.90 0.004 8.1 626
(500kbps) iSeeBetter 37.6 0.94 0.009 233 12438
S OverNet 385 0.94 0.334 92 1078
FENet 383 0.95 0.126 8.2 675
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Table 4. Reconstruction accuracy and network complexity of frame interpolation model for maritime dataset

Model I(SIdB[[){ SSIM Inference time (s/f) | Usage memory (GB) Parans (K)
RIFE 304 0.83 0.018 55 3038
M2M_PWC 39.1 0.96 0.023 3.0 7611
XVFI 38.8 091 0.382 19.4 5661
IFRNet 344 0.94 0.105 5.2 4960
ABME 41.0 0.94 1.439 16.4 995
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Fig 2. Perceptual Assessment on denoising result of each model about maritime videos of 200kbps: (a) input frame, (b) cropped
input frame, (c) WRCAN, (d) PSTQE, (e) InvDN, (f) Stripformer, (g) Uformer, (h) cropped original frame
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Fig 3. Super-resolution result of each model about maritime videos of 200kbps: (a) input frame, (b) cropped input frame, SwinIR,
(d) LESRCNN, (e) iSeeBetter, (f) OverNet, (g) FENet, (h) cropped original frame
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Fig 4. Frame interpolation result of each model about maritime videos of 200kbps: (a) overlapped two input frames, (b) cropped
input frames, (c) RIFE, (d) M2M PWC, (e) XVFI, (f) IFRNet, (g) ABME, (h) cropped original frame
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Table 5. Video enhancement technique for real-time mode
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Table 6. Video enhancement technique for high-quality mode
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