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Double-sparse spatial error concealment with adaptive threshold
and a-ML Kkernel functions
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Abstract; In the decoder of live video streaming, compressed video often suffers from block loss during recovery.
The spatial error concealment utilizes the correlation between blocks in the current frame for the recovery of error
image, without requiring information from other frames. Among many spatial error concealment algorithms, sparse
representation mechanism further utilizes the sparsity of an image and achieve better recovery quality than pixel-wise
interpolation mechanism. The current sparse representation algorithms still face challenges such as inaccurate
selection of candidate subregions and parameter sensitivity of correlation model. Therefore, this paper studies the
dual space regularization framework according to sparse representation, and focuses on optimizing such two stages as
local region matching and local linear correlation modeling in this framework. We proposes a double-sparse spatial
error concealment algorithm with adaptive threshold and a-ML kernel function. During the stage of local region
maiching, the proposed algorithm designs a local region matching method with adaptive threshold, which can
flexibly adapt to the missing subregions with different characteristics, and provide more accurate observation space
and potential space for dictionary construction and local linear correlation modeling. During the stage of local linear
correlation modeling, the proposed algorithm utilizes a kernel ridge regression method with a-ML kernel function as
the local linear correlation model. Compared with the Gaussian kernel function, the a-ML kernel function has low
parameter sensitivity and good flexibility. Experimental results show that in typical block loss modes, the proposed
algorithm outperforms other existing spatial error concealment algorithms in terms of recovery quality.
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Fig.1 Lena image in regular interval loss
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Fig.2 Comparison of the number of latent subregions

corresponding to each missing subregion
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B, b NEW-MDI 875 5 1. 898 dB, b NSM &
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Tab.3 PSNR values for different algorithms in regular interval loss

ook PSNR/dB

Lena Leaves Hat Bike Flower Barbara Camera Average
AVC 28.001 21.526 29.227 22.598 26.883 27.418 26.152 25.972
KMMSE 30.945 25.056 31.883 24.819 28.051 30.737 26.902 28.342
DSR 31.821 24.832 33.751 25.956 28.347 30. 346 27.269 28.903
NSM 32.431 24.267 32.941 26.202 28.701 29.389 27.610 28.792
NEW-MDI 30.577 25.162 31.451 24.817 27.89%4 28.668 27.392 27.994
TKNM-MGD 26.217 20.359 27.267 22.094 24.402 25.670 23.119 24.161
AM-DS 33.141 26.063 34.149 25.596 28.473 31.054 28.317 29.542
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Tab.4 Runtime of different algorithms in regular interval loss

EREN FEmt/s

Lena Leaves Hat Bike Flower Barbara Camera Average
AVC 0.291 0.353 0.342 0.327 0.314 0.366 0.351 0.335
KMMSE 217.63 229.88 227.15 234.64 256.17 258.90 258.66 240.43
DSR 96.63 97.27 98.53 99.37 112.27 119.23 118.05 105.90
NSM 10.47 11.74 10. 15 12.72 10.70 11.38 10.61 11.11
NEW-MDI 2.04 2.12 1.99 2.02 2.01 2.00 2.00 2.03
TKNM-MGD 0.506 0.475 0.497 0.529 0.525 0.506 0.565 0.515
AM-DS 104. 84 109.47 109.41 106. 34 107.94 108.73 109.72 108. 06

®5 AEEEEMMNESLERTH PSNR &
Tab.5 PSNR values for different algorithms in regular continuous loss

EREN PSNR/dB

Lena Leaves Hat Bike Flower Barbara Camera Average
AVC 24.329 18. 147 26.131 19.802 24.116 24.369 22.717 22.802
KMMSE 26.783 22.041 28.179 21.589 24.967 27.073 24.027 24.951
DSR 28.221 22.342 30.351 23.003 25.421 27.234 24.371 25.849
NSM 28.402 22.007 29.701 23.079 25.597 27.051 23.338 25.596
NEW-MDI 27.691 22.330 28.108 21.902 25.237 25.414 24.308 24.999
TKNM-MGD 21.695 16.270 22.847 18.118 20. 446 21.114 17.690 19.740
AM-DS 29.181 22.667 31.292 23.128 25.654 27.789 24.133 26.263

F6 AEHEEEMMELSEEKTHER
Tab.6 Runtime of different algorithms in regular continuous loss

P FERT /s

Lena Leaves Hat Bike Flower Barbara Camera Average
AVC 0.50 1.06 0.69 0.67 0.66 0.65 0.64 0.70
KMMSE 439.12 421.65 448.19 450.90 431.73 433.88 441.36 438.12
DSR 165.34 159.34 169.30 171.27 164.47 165.83 168.62 166. 31
NSM 20.22 19.99 16.90 21.61 20.06 21.02 19.15 19.85
NEW-MDI 3.82 3.84 3.77 3.82 3.80 3.76 3.78 3.80
TKNM-MGD 0.474 0. 460 0.498 0.478 0.515 0.476 0.441 0.477
AM-DS 174.95 176.01 176.77 175. 66 178.98 178.23 179.72 177.19

B 10 ZEREALAT E R T B B as R, &9
B TAFEEAERENLAT XK F B PSNR, 3 10 4
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FRF T AM-DS B PSNR 4 L T HiAth
Bkl NEW-MDI 8595 5 1,709 dB, Hb NSM 53 %
/% 0.398 dB, kb DSR %% & 0. 238 dB, b KMMSE
Bk 1,171 dB, H AVC Bk 2,589 dB, M
TKNM-MGD Bk 4. 589 dB, 13 10 ] LIF
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KMMSE %%, 2 T AVC, NEW-MDI, NSM ., TKNM-
MGD, 55 DSR 540 Fumg A 34

ZEA AL R £ FRNESE F K FELR & %
JRNBENLAT R T IS AL, nT A5 an R 458 3L TIK

R BEAD LAY TKNM-MGD v 75 HU He 2
BT, PSNR P31 B A1 H A 2 Sl 120300
T4 T3 S AR A HLH B9 NEW-MDI,AVC 53k 5 2%
R, KB /0 B PSNR -2 18t B A T Hofs
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A B EFERE, AM-DS EEERER AT
HSR 5.3 Fl KMMSE 5.3, 5 DSR A LA W& A 3
I AE— AT N, 255 IR R T R R R
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Fig.9 Recovery results in random burst loss Fig. 10 Recovery results in random row loss
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Tab.7 PSNR values for different algorithms in random burst loss

ook PSNR/dB

Lena Leaves Hat Bike Flower Barbara Camera Average
AVC 23.151 18.130 26.407 19.767 23.321 22.912 21.071 22.108
KMMSE 25.901 21.017 27.571 21.124 24.219 25.501 21.694 23.861
DSR 27.328 20.396 27.738 22.661 23.129 24.862 21.270 23.912
NSM 27.701 20.134 28.235 21.234 23.021 24.348 21.871 23.792
NEW-MDI 25.128 19. 602 26.220 20. 661 23.796 23.259 22.072 22.963
TKNM-MGD 22.635 17.229 24.530 18. 844 20.718 21.791 18.175 20.560
AM-DS 28.001 21.653 28.987 23.078 24.511 25.515 22.284 24.861

®8 ARIEEEMNREEZKRTHFM
Tab.8 Runtime of different algorithms in random burst loss

p_— FEmT/s

Lena Leaves Hat Bike Flower Barbara Camera Average
AVC 0.59 0.62 0.58 0.61 0.77 0.59 0.64 0.63
KMMSE 397.34 399.23 403.57 411.62 395.14 389.25 400.27 399.49
DSR 152.69 166. 44 168.49 167.62 153.12 151.75 154.03 159.16
NSM 21.32 19.44 22.77 21.74 23.42 22.45 24.12 22.18
NEW-MDI 3.59 3.54 3.48 3.67 3.52 3.58 3.55 3.56
TKNM-MGD 0.505 0.465 0.544 0.534 0.515 0.536 0.432 0.504

AM-DS 163.47 169. 88 176.04 173.02 172.9 173.14 173.53 171.71
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Tab.9 PSNR values for different algorithms in random row loss

EREN PSNR/dB

Lena Leaves Hat Bike Flower Barbara Camera Average
AVC 23.061 17.752 24.648 18.507 23.351 23.097 21.762 21.740
KMMSE 25.516 20.397 25.372 19.271 22.975 25.233 23.341 23.158
DSR 27.518 20.588 27.549 21.061 23.138 25.248 23.538 24.091
NSM 27.527 20.471 27.378 20.723 22.938 25.024 23.456 23.931
NEW-MDI 25.161 20.429 25.233 18.938 22.291 23.708 22.554 22.616
TKNM-MGD 21.695 16.270 22.847 18.118 20. 446 21.114 17.690 19.740
AM-DS 28.501 21.087 26.643 21.194 23.489 26. 064 23.322 24.329

®10 FEEEERIITERTHREN
Tab. 10 Runtime of different algorithms in random row loss

(RS FEIT/s

Lena Leaves Hat Bike Flower Barbara Camera Average
AVC 0.58 0.54 0.61 0.57 0.61 0.68 0.64 0.60
KMMSE 402.7 405.1 426.5 421.8 424.9 423.5 421.1 417.94
DSR 164.71 165.42 167.83 166.31 168.45 167.32 166.24 166.59
NSM 18.51 21.30 15.93 20.34 21.22 22.33 17.64 19.61
NEW-MDI 3.68 4.08 3.83 3.70 3.67 3.68 3.66 3.76
TKNM-MGD 0.513 0.449 0.494 0.484 0.473 0.508 0.463 0.483
AM-DS 171.60 172.67 176.44 173.50 174.49 174.093 176.67 174.21
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BT Y ET Y DSR Bk, FEFERT U7 iH , L — 8
R B R 2t AM-DS B33 10 45 SR 0 s
2% Baseline BSR4 R (HAH 2458/ JAE—
AMEZEHEN

Tl BE—YHEEMREAYAEZIAEZSELAEXTHE
4 PSNR &

Tab. 11 Average PSNR values of a single improved algorithm and
a final improved algorithm in each loss mode
e PSNR/dB

LI

Baseline Modulel Module2 AM-DS
JLI] ] ol 2% 2 28.903 29.406 29.352  29.542
T e 28 TR 25.849 26.189 26.212  26.263
BEALAT 2k 24.091 24.201 24.101  24.329
BEBLIR K 2k 23.912 24.506 24.653  24.861

X2 B-HHAEENRLNHEFERELAEATHE
HFER
Tab. 12 Average runtime of a single improved algorithm and a

final improved algorithm in each loss mode

T pisk FERT/s

Baseline  Modulel Module2 ~ AM-DS
N EI SRS 105.96 107.42 111.34 108. 06
HUMELE TR 166.31 198.29 201.16  177.19
BEALAT 2 166. 59 201. 80 221.12 174.21
REAILEE K 2R 159.16 178.49 198.52  171.71
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