Learning to Push the Limits of Efficient FFT-based Image Deconvolution

— Supplemental Material —

Jakob Kruse! Carsten Rother! Uwe Schmidt?
1 TU Dresden 2 MPI of Molecular Cell Biology and Genetics, Dresden

1. Details about boundary adjustment comparison

Section 4.3 of the main paper compares our proposed boundary adjustment (BA) strategy (Our BA, cf. Eq. 17 and Fig. 2
of the main paper) to the traditional edgetapering method (ET once, cf. Eq. 11 of the main paper) and the BA approach (ET
each) of CSF [3]; these BA strategies are compared within our FDN model, the CSF model, and a standard Wiener filter [5].

Specifically, we use the publicly available code to train different variants of the CSF model on a dataset of the same size
as ours, and only adjust the BA strategy. Furthermore, we apply the Wiener filter as defined in Eq. 2 of the main paper, which
we can use iteratively with our BA approach by replacing y with ¢ (y, k, x*); we estimate the expected image spectrum n
from 3000 clean image patches.

While our BA comparison is depicted visually in Fig. 5 of the main paper, Table 1 also provides the numeric results and
additionally includes stages 6 — 10 of our FDN model. As compared to the BA approach of CSF (ET each), the results suggest
that CSF would also benefit from further stages if used with our BA strategy (cf. 6 column). Remarkably, the performance
of the Wiener filter is not even fully saturated after 50 iterations (Wiener°®) when applied with our BA approach (¢f. 3"
column, only every 5" step shown after iteration 10).

Fig. 1 shows an example where our proposed BA strategy yields a substantial improvement in image quality compared to
standard edgetapering (ET once).

Wiener CSE2,. 5 FDNZ°

Stage ETonce OurBA ETeach ETonce OurBA ETeach ETonce OurBA
1 31.75 31.75 32.87 32.87 32.87 32.72 32.71 32.71
2 31.93 33.77 33.78 33.89 33.92 33.94 33.99
3 32.06 34.02 33.98 34.13 34.24 34.22 34.40
4 32.16 34.06 34.04 34.26 34.11 34.29 34.54
5 32.25 34.06 34.09 34.32 34.22 34.32 34.64
6 32.32 33.92 34.33 34.73
7 32.38 34.09 34.37 34.79
8 32.43 34.11 34.37 34.86
9 32.48 34.13 34.39 34.87

10 32.52 34.24 34.43 34.98

15 32.68

20 32.79

25 32.87

30 32.93

35 32.98

40 33.02

45 33.05

50 33.08

Table 1. Comparison of BA methods for FDN, CSF, and Wiener filter. Shown are average PSNR (dB) on the dataset of Levin et al. [1].
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Figure 1. Qualitative comparison of our boundary adjustment strategy (Our BA) with common edgetapering (ET once) for three deconvo-
lution methods (Wiener filter, CSF, and our FDN) on an example image from the dataset of Levin et al. [1]. See text for details.



2. Detailed results and additional models

We provide here the results of our greedily trained model FDNé0 (for o € [1.0, 3.0]) after every of its ten stages, instead
of just the final result after stage 10 as shown in Table 1 of the main paper.

Furthermore, we evaluate additional models for different (ranges of) noise levels: Following the common practice of most
discriminative deconvolution methods, we train two noise-specialized models (for o = 1.5 and ¢ = 2.55) to be used for the
benchmarks of Levin et al. [1] and Sun et al. [4], respectively. Furthermore, we train a single model to be used for noise of
up to 5% strength, i.e. using a much wider range of noise levels during training with oy,i, = [0.1, 12.75], which should cover
most typical blurred photographs.

Detailed results of all our ten-stage models for both benchmarks are shown in Table 2. Fig. 2 additionally illustrates the
greedy stage-wise performance for each of the two datasets. As expected, the noise-specialized models are on par or slightly
better than our model from the main paper for o € [1.0,3.0]. However, the difference is typically quite small. The much
more versatile model for o € [0.1,12.75] has somewhat lower performance, but is still competitive with the state-of-the-art
methods EPLL [6] and RTF [2] on both datasets (cf. Table 1 of the main paper). Nevertheless, future work should investigate
how to increase the performance of noise-versatile models even further.

Otrain DS Model Stagel Stage2 Stage3 Stage4 Stageb Stage6 Stage7 Stage8 Stage9 Stage 10

FDNY  32.67 34.02 34.44 34.59 34.73 34.81 34.88 34.94 34.98 35.02

1.5 (1] FDN30 35.18
o 55 ] FDNI® 29.78  31.88 3231 3241 3254 3257 3262 32.63 32.63  32.62
: FDN;° 32.59
0] FDNL® 3271  33.99 3440 3454 3464 3473 3479  34.86 34.87  34.98
[1.0,3.0] FDN;° 35.09
(main paper) ] FDN!® 29.63  31.69 3222 3230 3243 3245 3254 3255 3260 32.62
FDN1? 32.67
0] FDN® 3259 3346  34.01 3424 3444 3455 3469 3475 3482  34.84
10
0.1,12.75] FDN} 34.86
4] FDNY® 2993 3159 3215 3220 32.36 3232 3230 3227 3231 32.23
FDN30 32.41

Table 2. Detailed results (PSNR in dB) for non-blind deblurring on the two benchmark datasets (DS) of Levin et al. [1] and Sun et al. [4].
FDNZ° with greedy training and FDN1° with subsequent finetuning. At test time, used o = 1.5 for Levin et al. and o = 2.55 for Sun et al.
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Figure 2. Greedy stage-wise performance (PSNR in dB) on two non-blind deblurring benchmarks for three models each (cf. Table 2).



3. Learned CNNs at different stages

Figure 6 (top row) of the main paper shows the output of the CNNs ¢¢™ for the first five stages of a learned model.

Intuitively, the CNN serves the purpose of modulating smoothness, which is sensitive to the location of edges in the sharp
image. Since this is challenging to accomplish based on the observed blurred image, the CNN is less important at the first
stage. However, the CNN can and will do a better job when the current estimate of the deblurred image improves after each
stage. Nevertheless, Fig. 6 of the paper shows that the output of the CNNs will be very similar after only a few stages.

4. Additional example results

Additional results for example images from the dataset of Sun et al. [4] are shown in Figs. 3 to 6.
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Figure 3. Deblurring example, comparing our FDN° model (0train



Ground truth - Observation o = 2.55

EPLL 39.48dB RTF 39.12dB

CSFZ, 5 39.07dB ; FDN1? 39.09dB

Figure 4. Deblurring example, comparing our FDN2° model (0train = [1.0, 3.0]) with EPLL [6], RTF [2], and CSF [3].
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Figure 5. Deblurring example, comparing our FDN° model (0train
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Figure 6. Deblurring example, comparing our FDN2° model (0train = [1.0, 3.0]) with EPLL [6], RTF [2], and CSF [3].



