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Abstract This paper proposes a multi-scale discrete wavelet transform framework designed to
enhance the detail quality of super-resolution (SR) methods based on latent diffusion models. Existing

SR approaches that utilize latent diffusion models

have struggled to preserve fine details, such as

subtle contours and textures, during the super-resolution process of low-resolution images. In this
study, both the super-resolved images generated by the model and the corresponding high-resolution

images are augmented across various scales. The errors between them are then extracted in the

high-frequency domain using discrete wavelet transform. This approach enables the model to retain
detailed information more accurately. Experimental results on benchmark datasets demonstrate that the

proposed framework outperforms previous methods, effectively improving the detail quality of

super-resolved images.

Keywords: computer vision, super resolution, diffusion model, latent diffusion model, multi scale,

discrete wavelet transform
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Fig. 1 Input image (left) and result from LDM (right)
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Fig. 2 Overview of the proposed framework
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Algorithm 1 An algorithm to compute total loss function

Algorithm 1 Computing Multi-Scale LPIPS Loss

1: Input: z,, a;,, S, W;

2: Output: L,

3: [Initialize Z,,,; to zero.

4: for i=1 to 4 do

5: Resize z;, z; to scale S,.

6 Get LH, HL, HH with DWT from z,.
7 Get LH, HL, HH with DWT from z,.
8
9

High Frequency Map HF <« LH+ HL+ HH
High Frequency Map HF « LH+ HL+ HH

10: Error Map F « |HF71ﬁ7|
11: T, «— Eeux

12: T, «— Eoz

13: Compute Ly ppg with z;, ;.
13: Lia < Liga + (W; = Lypps)
14: end for

15: Output: The summation of L, from each scale.
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Table 1 Performance comparison on three benchmark datasets
ImageNet-Test RealSR Realset65
Methods Architectures CLIPIQA MUSIQ CLIPIQA MUSIQ CLIPIQA MUSIQ
SwinIR [14] Transformer 0.564 53.790 0.465 59.636 0.578 63.822
RealESRGAN [15] GAN 0.523 52.538 0.489 59.678 0.599 63.220
DASR [16] CNN 0.536 48.337 0.362 45.825 0.496 55.708
LDM [6] LDM 0.572 50.895 0.383 49.317 0.427 47.488
ResShift [8] LDM 0.603 53.897 0.595 59.873 0.653 61.330
SinSR [7] LDM 0.611 53.357 0.688 61.582 0.715 62.169
Ours LDM 0.648 54.212 0.695 61.465 0.718 63.216
< HE¥orm 53] CLIPIQAC thall B tlo]eAleA % WHRl Canny Edged 7 Z=AIYolA F7leto
7 & s Bk U}”P RealSet65 Bl o]E}Alo Ags HYsiArt. sld APelA CLIPIQAE 0.35,
Al MUSIQ7F o4 w& A5S HAth ol Aljksle MUSIQE 1.127¢] 3ttt Aol "HoAle EgS
ol BT LDMS] A5l B A W W WAL, ol B4 SElH FEE i Aol Fu
otk F FEAA DWTE B8l 48 153 48 435 3t
B oEpddt AHR 1 AR FES S8 AL WA Redl Aie 3% Aus 8 % 9
DWTE 283 ZdYIE Agstdth. AL 71Ee e s vehdth
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Fol F5Ye BolZTL wF DWTS Mg spgos o ImageNet-Testel wigh 2= 719 x3ke] A vla
2s1d0] 97 AnS A2 1:—] Qe T —Zr 5 gug Table 3 Pe'rformance comparison on. ImageNet-Test
o using a reference-based metric
FE8 F A U HFS fdE o] &
ImageNet-Test
Methods PSNR SSIM LPIPS
¥ 2 1ZT B 22 g m2 A% v SwinIR [11] 23.99 0.667 0.238
Table 2 Performance comparison of high—frequency RealESRGAN [12] 24.04 0.665 0.254
component extraction methods DASR [13] 24.75 0.675 0.250
Methods CLIPIQA MUSIQ LDM [6] 24.49 0.651 0.248
DWT 0.648 54.212 ResShift [14] 24.90 0.673 0.228
FFT 0.618 53.584 SinSR  [8] 24.56 0.657 0.221
DWT + Edge 0.613 53.085 Ours 24.13 0.641 0.224
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Fig. 3 Qualitative comparison between SinSR (b) and the proposed framework (c) for the input image (a)
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