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DynaKPM: Dynamic kernel prior modulation network for robust blind

super-resolution reconstruction

Wu Yunjia'®  Cao Ying'” Deng Zeyu'> Wang Lihui'”
(1. Key Laboratory of Advanced Medical Imaging and Intelligent Computing of Guizhou Provinc, Guiyang 550025, China;
2. School of Computer Science and Technology, Guizhou University , Guiyang 550025, China)

Abstract: This study proposes a new paradigm of dynamic prior modulation based on degradation kernel decoupling
evaluation to address the key challenges of kernel estimation bias and non blind method prior mismatch in blind super
resolution reconstruction. By establishing a decoupling evaluation mechanism for degraded kernel window width
amplitude, it is revealed that the estimation error of kernel window width has a decisive impact on the generalization
performance of non blind reconstruction networks. Based on this, this work innovatively constructs a two-stage
optimization framework: introducing a loss function relaxation constraint strategy in the kernel estimation stage,
enhancing the compatibility between the estimation kernel and non blind priors by avoiding excessive loss functions
affecting the accurate estimation of kernel window width; simultaneously design a dynamic kernel prior modulation
network, adopting a dual path feature collaborative optimization mechanism. The sharpening feature module extracts
image sharpening prior through high-frequency gradient enhancement, while the fuzzy attenuation feature module
suppresses noise interference through mean filtering and extracts fuzzy attenuation prior features with regional
degradation differences. The two generate degradation modulation vectors through prior modulation layers to achieve
dynamic calibration of the kernel feature space. Experimental verification shows that dynamic kernel prior modulation
network improves PSNR by 1. 92 dB in Set5 dataset with 22X Gaussian blur scenes and 0. 61 dB in BSD100 dataset with
4 X strong noise scenes, significantly better than existing optimal methods. This method effectively solves the problem
of kernel prior mismatch in complex degraded scenarios, providing an innovative solution for blind super-resolution
reconstruction in actual complex degraded scenarios.

Keywords: blind super-resolution reconstruction;degradation prior;blur kernel estimation;feature collaborative optimization
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Fig. 2 Decoupling analysis of blur kernel signal window width and amplitude
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15U %
7 R " PSNR SSIM LIPIPS PSNR SSIM LIPIPS PSNR SSIM LIPIPS PSNR SSIM LIPIPS

Flow-DIP(2X) 26.55 0.8153 0.2933 24.09 0.696 2 0.381 4 24.48 0.6728 0.4823 21.30 0.648 1 0.398 4

BSRDM(2X) 24.91 0.779 8 0.328 8 23.42 0.6655 0.440 6 23.83 0.639 2 0.5411 20.74 0.610 4 0.471 2
MLMC(2X)  26.99 0.796 8 0.3205 24.27 0.6959 0.396 1 24.78 0.674 8 0.494 0 21.37 0.640 8 0.430 6
o0y, DynakPM(2X) 28.91 0.8356 0.2288 25.59 0.7114 0.3646 25.54 0.6785 0.469 0 22.32 0.6755 0.360 5
Flow-DIP(4X) 23.02 0.620 6 0.481 4 22.66 0.604 4 0.5145 23.40 0.582 1 0.620 2 19.92 0.529 3 0.570 3
BSRDM(4>)  21.89 0.626 9 0.443 2 21.31 0.5652 0.547 0 22.02 0.543 2 0.6557 18.90 0.482 0 0.605 8
MLMC(4X)  24.07 0.6720 0.423 6 22.97 0.608 7 0.520 6 23.63 0.586 7 0.622 6 20.04 0.528 3 0.578 7
DynaKPM(4X) 24.69 0.699 5 0.388 6 23.74 0.6248 0.4625 23.99 0.594 0 0.5753 20.50 0.5523 0.498 4
FlowDIP(2X) 17.51 0.320 6 0.674 6 17.11 0.257 3 0.750 2 19.44 0.318 1 0.7420 15.39 0.253 8 0.779 3
BSRDM(2X)  24.80 0.746 4 0.326 7 23.31 0.651 8 0.4453 23.69 0.6217 0.5527 20.73 0.595 2 0.478 4
MLMC(2X)  26.34 0.7672 0.3295 21.75 0.426 6 0.561 1 22.14 0.4172 0.6525 19.28 0.3953 0.617 0
5 gy DyRKPM(2XO 2619 0.7667 0.3038 24.62 0.6716 0.4135 24.41 0.6299 0.530 4 21.28 0.6110 0.4439
Flow-DIP(4X) 22.57 0.5721 0.500 2 21.61 0.490 3 0.618 6 22.58 0.493 1 0.697 4 19.29 0.437 7 0.679 6
BSRDM(4X)  21.43 0.608 1 0.459 0 21.16 0.535 1 0.5745 21.92 0.520 9 0.676 6 18.86 0.467 6 0.607 8
MLMC(4X)  23.27 0.644 3 0.4693 21.68 0.487 9 0.6417 22.60 0.4890 0.716 5 17.86 0.432 1 0.538 9
DynaKPM(4X) 23.73 0.6738 0.419 0 22.07 0.549 0 0.5483 22.90 0.5383 0.648 6 19.60 0.490 2 0.586 0
Flow-DIP(2X) 18.20 0.278 1 0.717 4 18.29 0.264 2 0.718 2 19.72 0.301 8 0.748 2 16.43 0.257 2 0.770 4
BSRDM(2X)  24.26 0.706 0 0.3414 23.18 0.6297 0.474 0 23.53 0.598 3 0.587 2 20.56 0.567 0 0.516 6
MLMC(2X)  25.22 0.697 4 0.3297 20.63 0.349 0 0.6224 20.95 0.337 9 0.7107 18.43 0.329 5 0.685 4
7 gy DymaKPM(2>) 24.81 0.7146 0.3404 23.40 0.6267 0.4456 23.80 0.5975 0.5339 20.64 0.5650 0.478 0
Flow-DIP(4X) 21.44 0.4913 0.5615 20.65 0.397 7 0.686 1 21.71 0.416 2 0.7556 18.78 0.383 9 0.725 5
BSRDM(4X) 21.58 0.580 1 0.466 7 20.92 0.503 6 0.578 7 21.82 0.5025 0.6727 18.70 0.446 1 0.619 7
MLMC(4X)  22.76 0.6150 0.447 8 20.41 0.3754 0.7342 21.54 0.3957 0.789 5 18.71 0.3734 0.752 4
DynaKPM(4 <) 22.82 0.6350 0.439 6 21.54 0.5190 0.549 6 22.43 0.5151 0.6585 19.24 0.460 3 0.607 9

WM 1 i, T Flow-DIP #t = W @i HL4 . IF B BRI A 7E 2 X 1Y Setld 1 PSNR 3 /N T 1.12 dB,
TERL R AZ Ak TF 1 AN FE w5 300 49 A 25 (R SR AR L 5 B0OME DL IS BSRDM 4% 52 25 T M /5 G4, 76 3. 9 %0 LA K 7. 8 % 1) I 7=

+ 181 »



949 B 2 F o

T # K

AT Flow-DIP, A1 A Ak okl M 7 g 485 55 A0 A% Al 1 AH
B2y, 785 A2 R A0 TR W] B JC ¥ X A S0 AR A2 1E AT RS 1 A
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Se 36 AT BEXE LA R AR AR 0 Rk

L ZF . DynaKPM 7€ £ Fi &2 4 1B fb 4 18 T 35 B
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Visualization of reconstruction results obtained by different methods in Gaussian blurred scene

Fig. 5

2) 3z Bl R K die 4 1) B R T A R
K 2 R T AR T TR BEALIE SR 2% A T B 2 <

SRR 50T, DynaKPM % T BSRDM 7£ Set14 i 4
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DynaKPM [F#f 3 L ge . & 5 it s il ik o0 i %
W, 75 25 TS SO AE S %, DynaKPM A 3 109 18 16 4% B ok 7™
s A v T 43 A o {F A% B 5 9 422 3 BL S (ground truth,
GT)., X —FM 5 USRNet e 2K m G EL, 30 0E T
RO A% B - 38 A R SR W 19 7 80 . b . DynaKPM 1)
HATIT 45 R THM I ES GT VL EEE &, KR
Ak 58 B R AR 4l B AL AL ML) 0 2 3 T T AR T B

L
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Table 2 Quantitative comparison of different methods under blur degradation scenario with different noise levels

%] 5 g . Set5 Setl4 BSD100 Urban100

7 i B " PSNR SSIM LIPIPS PSNR SSIM LIPIPS PSNR SSIM LIPIPS PSNR SSIM  LIPIPS
Flow-DIP(2X) 21.41 0.6195 0.2149 20.58 0.5182 0.2862 20.17 0.4854 0.3494 17.87 0.4857 0.276 2
BSRDM(2X)  23.22 0.7227 0.2558 22.39 0.6290 0.3514 22.83 0.6150 0.4467 19.36 0.5573 0.3785
MLMC(2X) 2469 0.7392 0.2752 21.66 0.5848 0.2819 22.45 0.5920 0.3519 19.26 0.5425 0.282 1

0. 0% DynaKPM(2X) 27.06 0.8129 0.2042 25.08 0.7196 0.3131 25.20 0.698 4 0.3927 21.54 0.659 1 0.300 8
Flow-DIP(4X) 20.72 0.5753 0.3708 20.25 0.550 9 0.4254 21.37 0.5402 0.504 6 17.96 0.469 3 0.451 5
BSRDM(4X)  19.17 0.566 3 0.357 8 19.61 0.5368 0.4507 20.61 0.526 6 0.517 7 17.33 0.449 6 0.466 9
MLMC(4X)  20.83 0.5846 0.3821 20.35 0.5559 0.4163 21.43 0.5456 0.4941 17.99 0.4773 0.4352
DynaKPM(4X) 20.78 0.5842 0.3507 20.28 0.546 4 0.4157 21.27 0.5298 0.5105 17.77 0.4549 0.429 8
FlowDIP(2X) 20.47 0.534 3 0.4049 19.46 0.3629 0.4709 20.01 0.367 5 0.5242 17.61 0.3599 0.457 1
BSRDM(2X) 22.99 0.7051 0.2687 22.33 0.6175 0.3929 22.80 0.6048 0.4792 19.44 0.5559 0.407 4
MLMC(2X)  24.73 0.7359 0.286 0 20.79 0.4289 0.4380 21.40 0.4285 0.5133 18.69 0.4040 0.448 4

2 0% DynaKPM(2X) 25.44 0.7505 0.277 2 24.13 0.6744 0.3421 24.31 0.6536 0.4335 20.72 0.6024 0.3559
Flow-DIP(4X) 20.00 0.4490 0.453 9 20.13 0.526 2 0.4637 21.14 0.4965 0.5851 17.89 0.4424 0.512 6
BSRDM(41>)  19.01 0.5439 0.3732 19.56 0.5208 0.477 0 20.52 0.5057 0.567 6 17.26 0.4354 0.490 7
MLMC®4X)  20.71 0.5731 0.3934 20.17 0.5186 0.4870 21.05 0.4730 0.6337 17.86 0.4321 0.5389
DynaKPM(4X) 20.99 0.5733 0.3850 20.30 0.5395 0.4412 21.37 0.5204 0.5484 18.01 0.4539 0.4751
Flow-DIP(2X) 20.31 0.4331 0.5023 19.10 0.3313 0.5470 19.80 0.3165 0.6141 17.71 0.3250 0.542 1
BSRDM(2X) 23.15 0.6857 0.3050 22.36 0.6020 0.4324 22.78 0.5896 0.5243 19.54 0.5450 0.4539
MLMC(2X)  24.61 0.7073 0.2877 19.76 0.359 1 0.5228 20.40 0.3454 0.6055 17.99 0.337 9 0.547 9

7 8% DynaKPM(2X) 24.61 0.7104 0.3058 23.30 0.6324 0.3434 23.68 0.6181 0.4456 20.25 0.5633 0.398 8
Flow-DIP(4>X) 19.69 0.427 7 0.508 9 19.83 0.4796 0.530 6 20.49 0.4114 0.6858 17.66 0.390 1 0.594 8
BSRDM(4>)  18.95 0.5148 0.417 3 19.55 0.5030 0.5057 20.48 0.4854 0.606 6 17.25 0.416 3 0.527 2
MLMC(4X)  20.45 0.5475 0.397 1 19.74 0.4626 0.5711 20.20 0.3776 0.7387 17.49 0.367 8 0.6410
DynaKPM(4X) 20.40 0.5487 0.3937 20.22 0.5252 0.4566 21.15 0.5028 0.5577 18.06 0.4455 0.500 6
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Fig. 6 Visualization of reconstruction results obtained by different methods in motion blurred scenes
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Table 3 Performance evaluation of different methods

in real degradation scenarios

i 5 J7 ¥ PSNR SSIM LIPIPS
2% Flow-DIP 25.59 0.8155  0.157 8
2% BSRDM 26. 44 0.8241  0.1513
2% MLMC 25. 74 0.8122  0.154 7
2% DynaKPM  26.58 0.8409  0.173 0

& 7 AT Ho 4 8 B 7R . DynaKPM 5 28 % B 1 4 405 K
SRR E, (SRR DynaKPM A= B A% B R ™
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Fig. 7 Reconstruction visualization for real scene data
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Yt BB S 0z AL RE X 15 25 TR L9 R )2 DE
BB T, MR DE JZ B A Sbe . A SCFE 4 X 4 ik I
T T Set5 B4 45 I o R T8 mil SC 56, 43500 1 % = B Ao 5
iE AR L S AT X He i . INER 4 TR, TE R
5000 M R R R OK T (1 0T AR Mk 35 Stk R T DE 2 9
A58 F] DE J2HIT . 10 7E [R5 7K SF- 119 32 s AR 3 5t
H, %&bk DE 253 PSNR #45 FF 0. 21 5 0. 22 dB,
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Table 4 Ablation results of DE layer

RS MiMIE% ¥k PSNR SSIM  LIPIPS
5

o 307 DE  24.69 0.6995 0.3886

0.0% Eir T DE 2472 0.6995 0.3866

i 3] DE  20.78 0.5842 0.3507

izg)  JDE 20.57 0.5731 0.3450

[ DE  22.82 0.6350 0.4396

7. 8% BT EDE 22.82 0.6338 0.4379

iz 8f) DE  20.40 0.5487 0.3937

iz3 JXDE 20.18 0.5439 0.3981

P 8 1 B T B2 5420 R R 1T DE J2 £ 1
BT A5 -0 BT 711 DE J20E 8 3 0 35 2036 R, i
VT DE AL IR 8 2 9038000 L B 10 2 B 7 0
THT BEAH YR B IR 0 R A

01%
0.125
0.100
0.075
0.050

0.025
0.000

(a) BEWIRL U
(a) Kernel ground
truth layer

K8 DE JZ I fl A8 1L 4% Al v T Bk

(b) EDER
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(c) ¥R IMDEJZ
(c) With DE
layer

Fig. 8 Visualization of degradation kernels estimated with

different DE layer ablations
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Table S Ablation results for SP and BAP layers

S 5% ik PSNR  SSIM  LIPIPS
[iyis

2X  No Prior 28.32 0.8247 0.2514

2% FOR 28.80 0.8324 0.2332

2X  F4y 28,45 0.8273 0.2471

0. 0% 2X FOB+7y 28.91 0.8356 0.2288

4> No Prior 24.71 0.6984 0.3846

4 X F@B 24.47 0.6885 0.4009

4X  F4y 2444 0.6894 0.3994

4X FOB+7y 24.69 0.6995 0.3886

2X  No Prior 25.80 0.7538 0.3325

2% FOR 26.05 0.764 9 0.3111

2X  F4y 2590 0.7577 0.3240

2 0% 2X FOB+7y 26.19 0.7667 0.303 8

4 X No Prior 23.49 0.6610 0.4369

4% FOR 23.36 0.661 2 0.4323

4X  F4+y 2358 0.6660 0.4303

4X FOBR+7 23.73 0.6738 0.4190
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Table 6 Comparison with the results obtained by the kernel

estimation aided with real degradation residual

B 5% ik PSNR SSIM LIPIPS
2% TD  28.91 0.8356  0.2288

N 2% DR  28.76 0.8324  0.2358
Fisi 41X TD  24.69  0.6995  0.3886
41X DR 24.69 0.6982  0.3915

2X TD  27.06 0.8129  0.204 2

- 2X DR 27.70  0.8238  0.2026
4 TD  20.78 0.5842  0.3507

41X DR  20.53 0.5752  0.3336

FURRAIE B9 AN A A o DN 8 08 I 30 3 A 0 AR A 2 AR A
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X1 A SCR AR MEACBR R B RS Dise (o ) T A
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AR AE BN B 52 PERR I . HAAHR o AL R TR B 2808

Dist(x.y) = [ D) (x, —y)*/V, (16)
i=1
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Fig. 9 Heat map showing the variations of kernel feature

similimarty with epochs obtained with different degradation priors
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