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Figure 1: Temporally consistent restoration in video ATM is challenging. State-of-the-art methods
like DATUM (2) (CVPR’24) and TMT (3)(TCI’23), designed for video ATM, fail to maintain
temporal consistency in real-world atmospheric turbulence. For instance, they produce flickering
artifacts on a static pole.
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| [ Video-based ATM [ Image-based ATM ] No Base Method |  Other Restoration Method
Twblype: | P Metrics | “IMT  +ConVRT  Gain | DATUM +ConVRT  Gain | TubNet +ConVRT  Gain | Or  +ConVRT Gain | VRT +ConVRT  Gain
Euwarp 4 24.21 19.78 443 | 2243 17.77 466 41.48 17.36 24.12 24.33 16.19 814 | 25.77 16.19 9.58
PSNR,_; 1 18.45 18.60 +0.15 19.41 19.60 +0.19 18.40 19.33 +0.93 23.86 24.18 +0.32 23.84 24.18 +0.34
HeatChamber(63) Flow,, | 5695.27 2786.99 -2908.28 | 5794.12  2509.21 328491 | 17030.68 2383.29 14647.39 | 9471.83  2154.55 -7317.28 | 9314.95 2154.55 -7160.40
RS PSNR 7 18.41 18.59 +0.18 19.25 19.46 +0.21 18.27 18.98 +0.71 19.79 19.96 +0.17 19.69 19.96 +0.27
SSIM 1 0.67 0.68 +0.01 0.69 0.70 +0.01 0.63 0.68 +0.05 0.67 0.68 +0.01 0.68 0.68 +0.01
Real OTIS(63) Slicey,, | 1365.77 387.40 97837 | 1237.91 365.09 872.82 3124.37 638.03 2486.34 | 1344.28 294.93 -1049.35 | 1579.10 313.47 1265.63
Flow,,, | 7334.87 963.53 -6371.34 | 6742.56 871.26 -5871.30 | 11454.92 811.78 -10643.15 | 7827.12 670.35 7156.77 | 8985.64 662.76 -8322.87
CLEAR (64) Slicety | 115.34 109.71 -5.63 129.34 113.92 15.42 377.62 210.78 166.84 172.82 104.76 68.06 186.76 105.31 -81.45
Flowy,, | 3916.67 960.54 2956.13 | 4023.44 933.97 -3089.47 | 11827.17 995.37 -10831.80 | 8333.30 845.42 -7487.88 | 9120.35 852.03 -8268.32
TSRWGAN(4) Slicey, | 129.22 135.70 +6.48 123.32 124.93 +1.61 52347 311.07 -212.40 151.65 115.07 36.58 168.90 118.22 -50.68
Flow,,, | 2176.51 419.36 1757.15 | 2279.42 411.80 -1867.61 | 6038.92 474.29 5564.63 | 3460.89 394.22 -3066.67 | 3700.43 393.54 3306.89
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