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1 Implementation details

In this work, we adopted several representative models to compare the perfor-
mance of different models. The hyperparameters used in training are shown in
Table 1 and Table 2. The initial learning rate is set to 0.0002 for all models.
MSRResNet is trained for 1,000k iterations, and the learning rate decreases as
the number of iterations increases, resetting every 250k iterations. EDSR and
RCAN are trained for 300k iterations and the learning rate is halved at 200k.
SwinlR is trained for 500k iterations and the learning rate is halved at 250k,
400k, 450k, and 475k. HAT is trained for 800k iterations and the learning rate is
halved at 300k, 500k, 650k, 700k, and 750k. We used the MultiStepLR scheduler
and the CosineAnnealingRestartLR scheduler to manage the learning rates of
different models. The MultiStepLR scheduler specifies the points at which the
learning rate decreases through the milestones parameter and determines the
factor by which it decreases through the gamma parameter. On the other hand,
the CosineAnnealingRestart LR scheduler specifies the period of the learning rate
through the periods parameter and adjusts the learning rate at the end of each

Table 1: List of hyperparameter values for each training model.

Parameter ‘ MSRResNet [11] RCAN [12] EDSR [7] SwinIR [6] HAT [2]
Batch size 16 16 16 32 32
Iterations 1,000k 300k 300k 500k 800k
Optimizer Adam Adam Adam Adam Adam
Loss function L1 loss L1 loss L1 loss L1 loss L1 loss
Learning rate 0.0002 0.0002 0.0002 0.0002 0.0002
Scheduler CosineAnnealingRestart LR MultiStepLR MultiStepL.R. MultiStepLR MultiStepLR
Milestones - [200K] [200k]  [250k, 400k, 450k, 475k] [300k, 500k, 650k, 700k, 750K]
Gamma - 0.5 0.5 0.5 0.5
Periods [250k, 250k, 250k, 250k] - - -
Restart weights [1,1,1,1]
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Table 2: List of patch size of ground truth at different scales in the training model.

Parameter‘Scale‘MSRResNet [11] RCAN [12] EDSR [7] SwinIR [6] HAT [2]

X2 - - 96 128 128
Patch size| x3 - - - 192 192
x4 128 192 192 256 256

Table 3: Fair comparison of DiverSeg and DF2K with comparable numbers of pixels.

Scale|Training Data Set14 Urban100 Mangal09
PSNR SSIM |PSNR SSIM |PSNR SSIM
X2 DF2K 34.86 0.9274 | 34.45 0.9466 | 40.26 0.9809
x2 | DiverSeg-I S[35.14 0.9283| 34.94 0.9498 |40.73 0.9819
x2 |DiverSeg-P_ S| 35.13 0.9275|35.07 0.9502| 40.34 0.9807
%3 DF2K 31.08 0.8555(30.23 0.8896 | 35.53 0.9552
x3 | DiverSeg-I S|31.34 0.8561|30.59 0.8942|35.73 0.9563
x3 |DiverSeg-P_S|31.46 0.8566|30.76 0.8963| 35.67 0.9559
x4 DF2K 29.23 0.7973|27.97 0.8368 | 32.48 0.9292
x4 | DiverSeg-I S|29.34 0.7988|28.15 0.8418|32.71 0.9311
x4 |DiverSeg-P_S|29.38 0.7990|28.27 0.8447| 32.68 0.9310

period. The Restart weights represent the weights for adjusting the learning rate.
The mini-batch size is set to 16 for MSRResNet, EDSR and RCAN, and 32 for
SwinIR and HAT. The size of LR patches is set to 32x32 for MSRResNet, 48x48
for EDSR and RCAN, and 64x64 for SwinlR and HAT, in the x4 SR setting.
For EDSR, we use a pre-trained scale x2 model. The HR-LR image pairs are
created by the bicubic method of the MATLAB function. Data augmentation is
applied to the training dataset, involving random rotations of 90, 180, and 270
degrees, as well as horizontal flipping.

2 Additional Experiments

Fair comparison with DF2K. To fairly compare with DF2K, we used image
subsets which are randomly selected from DiverSeg-I and DiverSeg-P, matched
to the pixel count of DF2K, and defined them as DiverSeg-I S and DiverSeg-
P _S. Experiments with HAT in the Table 3 show that these subsets outperform
DF2K. These results suggest that diversity enhances SR performance.
Comparison with SOTA. Table 4 demonstrates that DiverSeg achieves state-
of-the-art performance at x2 and x3 scales, similar to its performance at the
x4 scale. This confirms the effectiveness of our filtering approach across various
scales.

Blockiness distribution. Figure 1 shows the blockiness distributions px 1.0
for DiverSeg-I, DiverSeg-P, and DiverSeg-IP and the basis distributions pz , for
LSDIR [5].
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Table 4: Quantitative comparison with state-of-the-art methods on five benchmark
datasets. We applied our dataset to two Transformer-based models. Checkmarks for
HR, LR indicate the use of high-resolution and low-resolution datasets, respectively.

, - Setb Set14 BSD100 Urban100 Mangal09

Method |Scale| Training Data ‘HR LR‘PSNR SSIM ‘PSNR SSIM ‘PSNR SSIM |PSNR SSIM |PSNR_SSIM
SANDl | <2 DIV2K 7 [35.31 0.9620 3407 0.9213 | 3242 0.0028|33.10 0.9370 | 39.32 09792
IGNN [13] | x2 DIV2K v |38.24 09613 |34.07 0.9217|32.41 09025 |33.23 0.9383|39.35 09786
HAN [10] X2 DIV2K v 38.27 0.9614 | 34.16 0.9217 | 32.41 0.9027 | 33.35 0.9385 | 39.46 0.9785
NISN [9] | x2 DIV2K v |38.34 09618 |34.08 0.9231|32.43 09027 |33.42 0.939439.59 09789
RCAN-it [5]| x2 DF2K v |3837 0.9620 3449 09250 | 32.48 0.9034 |33.62 0.9410|39.88 0.9799
EDT [ | x2 DF2K v |38.45 09624 |3457 0.9258 | 32.52 0.9041|33.80 0.9425|39.93 09800
HAT-S [2] | x2 DF2K v |38.58 0.9628 |34.70 0.9261|32.59 0.9050 3431 0.9459 |40.14 0.9805
IPT[1] | x2|  ImageNet v|3837 - |3443 - |3248 - (3376 - | - -

SwinlR [6] | x2 DF2K v [38.42 0.9623|34.46 0.9250 | 32.53 0.9041|33.81 0.9427(39.92 09797
SwinlR [6] | x2 | DiverSeg-1 (Ours) | v |38.50 0.9628|34.78 0.9268|32.63 0.9052|34.35 0.9460|40.40 0.9812
HAT [2] | x2 DF2K v [38.63 0.9630|34.86 0.9274]32.62 0.9053|34.45 0.9466 | 40.26 09809
HAT [2] | x2 | ImageNet—DF2K | v v |38.73 0.9637|35.13 09282 |32.60 0.9060 |34.81 0.9430|40.71 0.9819
HAT [2] x2 | DiverSeg-I (Ours) v [38.75 0.9636 |35.18 0.9284|32.74 0.9065| 35.06 0.9502 |40.78 0.9821
HAT [2] %2 |DiverSeg-IP (Ours) v [ 38.72 0.9634 [35.18 0.9283 | 32.73 0.9064 |35.10 0.9504| 40.70 0.9819
SAN[l | <3 DIV2K 7 [34.75 0.9300[30.59 0.5476]29.33 081122893 0.8671 | 34.30 09494
IGNN [13] | x3 DIV2K v |3472 0.9298 3066 0.8484|29.31 0.8105|29.03 0.8696|34.39 0.9496
HAN [10] | x3 DIV2K v |3475 09299 |30.67 0.8483|29.32 0.811029.10 0.8705 | 3448 09500
NISN [9] | x3 DIV2K v | 3485 0.9306|30.70 0.8485|29.31 0.8117 |29.25 0.8726 | 3457 09508
RCAN-it [8]| x3 DF2K v | 3486 0.9308 |30.76 0.8505|29.39 0.8125|29.38 0.8755|34.92 09520
EDT [4] | x3 DF2K v |3497 09316 |30.89 0.8527|20.44 081422072 0.881435.13 09534
HATS [2] | x3 DF2K v |35.01 093253105 0.8550|29.50 0.8158 |30.15 0.8879|35.40 09547
PT[1] | x3|  TmageNet v|3as1 - |3085 - 2038 - [2949 - | - -

SwinlR [6] X3 DF2K v 34.97 0.9318|30.93 0.8534 | 29.46 0.8145(29.75 0.8826 | 35.12 0.9537
SwinlR [6] x3 | DiverSeg-I (Ours) v/ [35.00 0.9321|31.11 0.8544|29.50 0.8160|30.11 0.8868|35.40 0.9548
HAT [2] x3 DF2K v 35.07 0.9329 | 31.08 0.8555 | 29.54 0.8167 [ 30.23 0.8896 | 35.53 0.9552
HAT [2] | 3 | ImageNet—»DF2K | v v |35.16 0.9335| 31.33 0.8576 | 20.50 0.8177 | 30.70 0.8949 |35.84 0.9567
HAT [2] | 3 | DiverSeg 1 (Ours) | v |35.14 0.9334|31.42 0.857729.60 0.8187 | 30.83 0.8965|35.80 0.9566
HAT (2] x3 |DiverSeg-IP (Ours) v [ 35.10 0.9333 [31.49 0.8574 (29.60 0.8188|30.94 0.8982|35.84 0.9567

3 More Discussions

Discussion of distortions. We experimented with rescaled, blurred, and noisy
images to investigate robustness and applicability across various image distor-
tions. We used DF2K, a dataset with minimal degradation, as the training
dataset for adding distortions. Table 5 shows that blockiness values tend to
remain unchanged, but the number of segments decreases when images are dis-
torted. Note that the blockiness values slightly increased with s = 8, likely due
to JPEG compression being performed in 8 x8 blocks. This indicates that quality
estimation primarily detects JPEG noise and that distorted images are mostly,
but not entirely, filtered out by object-based filtering.
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Fig.1: (a) Blockiness distributions px,1.0 for X = DiverSeg-I, DiverSeg-P
and DiverSeg-IP. (b) Basis distributions pz, for Z = LSDIR and ¢ =

0.5,0.75,0.85,0.95, 1.0.

Table 5: Comparison of the robustness of our filtering method against various image
distortions.

Distortions ‘ Parameter ‘ Blockiness (median) ‘ #Segments (average)

- | -] 0.47 | 103
s=38 12.21 98

Rescaling' | s =12 0.32 84
s=16 1.34 73

op =4 0.33 100

Blurring® | o, =6 0.31 89
op =8 0.32 83

on =20 0.34 98

Noises® | o, = 30 0.32 95
on = 40 0.32 91

! Bicubic interpolation: downscale and upscale by a scale factor s.

2 Gaussian blur: set the kernel size to (21, 21) and control the blur intensity with the
standard deviation of the Gaussian distribution op.

3 Color Gaussian noise: control the noise intensity with the standard deviation of the
Gaussian distribution o,.
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