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014 1. Overview 068
015 069
016 In this supplemental material, we provide the back propagation of the deconvolution module in Section 2. Section 3 070
017 shows the effect of the proposed FCNN in non-blind deconvolution. We further train our network using estimated kernels by 071
018 state-of-the-art deblurring methods and show that our method can also work well on both ground truth kernels and estimated 072
019 kernels for non-blind deconvolution in Section 4. In Section 5, we show that our method can be applied to the non-blind 073
020 deconvolition where the blur is Gaussian. In the end, we show more visual results of deblurring synthetic and real blurry 074
021 images. 075
022 076
023 2. Back Propagation of Deconvolution Module 077
024 The forward propagation of deconvolution module is ore
025 079
026 e <wf<k>f<y> + i f(pnf(zl)) o "
027 = — — : 081
028 vF(k)F (k) + Zz:h,w F(p)F(pr) 082
029 The input of deconvolution module is output of the FCNN (i.e., z;) and the output is deconvoluted sharp image x. To derive 083
030 the gradient of (1) in the back propagation step, we use matrix-vector form to rewrite it by 084
031 085
032 x=AB+ Y ACyz, 2) 086
033 I=h,w 087
034 3 088
035 where A = Sdiag (vf(k)]:(k‘) + D b }'(pl)}'(pl)) , B is the vector form of vF (k)F (y) and C; = diag(F(p;))F. 089
036 diag(e) is an operator that transforms a vector into a diagonal matrix, F and S are the matrix multiplication forms of FFT 090
037 and IFFT, x and z; are the vector forms of x and z;, 091
038 Based on (2), the model of deconvolution module in the back propagation is 092
039 T.T 093
040 A =C, ATA, (3) 094
041 -1 095
02 =Fdiag (F(p)) diag | 1 FRF(k) + > Fo)F() | SA., 0%
043 faral 097
044 098
045 where A, and A, is the vector form of A,, and A, defined in the manuscript. The computation of (3) can be achieved by 099
046 FFTs 100
047 T NT—1 101
Fpi)F(Ag
048 A, =F ( ____ T (A) ) : (4) 102
049 '7]:(]6)]:(]{7) + Zl:h,w ]:(pl)]:(pl) 103
050 To compute the update of hyper-parameter ~y, we rewrite (1) as 104
051 105
052 c_gPD+E 5) 106

053 G +H’ 107



where D, H, E and G denote the vector forms of D, H, E and G, respectively, in which D = F(k)F(y), E =

Yimhaw FP)F(20), G = F(k)F(k)and H =3, _, . F(p)F (pr)-
So the update of ~ is
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3. Effect of FCNN in the Proposed Iterative Deconvolution

)Tf'%A07

In Section 4.1 of the manuscript, we compare the deconvolution outputs of different iterations. In this supplemental
material, we further discuss its effect of FCNN by quantitative results. Figure 1 shows some intermediate results generated
by FCNN, which demonstrates that the FCNN is able to remove noise and preserve fine details.

horiziontal gradients

(a) ground truth (c) 2nd iteration

(b) 1st iteration (d) 3rd iteration

vertical gradients

(e) ground truth (f) st iteration (g) 2nd iteration (h) 3rd iteration

Figure 1. FCNN gradient denoising from different iterations with 1% noise. With the iterations, the noise is removed and fine structures
are preserved, which demonstrates the effect of FCNN in the iterative non-blind deconvolution.

4. Training with Estimated Kernels

In the submitted paper, our network is trained with the ground truth kernels. However it cannot work well if kernels are
not accurately estimated such as [2, 10].
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216 To overcome this problem, we train the proposed network with estimated kernels in this section. We randomly crop 20000 270
217 patches from [1], half of the patches use the ground truth kernels and the rest patches use estimated kernels in the training. 2n
218 We use [2] to estimate kernels from blurred images with 1% noise. We test different non-blind deblurring methods with 1% 212
219 noise with ground truth kernels as well as kernels estimated from [5, 4, 9, 10]. 213
220 As shown in Table 1, our network (that is trained with estimated kernels) is comparable with [11] and performs better than 2ra
221 other methods when using the estimated kernels by [5, 4, 9, 10]. Figure 2 shows that our network is able to preserve structures 275
222 and remove noise. In addition, our network (that is trained with estimated kernels) is able to partially remove ringing artifacts 216
223 while the network trains with ground truth kernels cannot. 2rr
224 278
225 Table 1. Average PSNR and SSIM for 1% noise. The model that is trained with ground truth blur kernels and estimated blur kernels 279
226 outperforms the model which is trained using only ground truth blur kernels when testing with estimated kernels. “Ours with GT” means 280
227 that the model is trained with ground truth blur kernels. “Our with GT&E” means that the model is trained with ground truth blur kernels 281
228 and estimated blur kernels. The best performance is marked in red and the second best is marked in blue. 282
223 blur kernel ground truth | Pan dark channel [5] Pan robust [4] Xu LO [9] Zhong noise [10] z:z
231 HL [3] 31.57/0.87 29.81/0.85 29.94/0.84 29.35/0.84 26.56/0.78 285
239 EPLL [11] 33.00/0.89 30.48/0.87 30.61/0.87 29.96/0.86 26.44/0.79 286
233 MLP [7] 31.82/0.86 27.93/0.77 28.76/0.80 27.53/0.76 23.09/0.59 287
234 CSF [6] 31.93/0.87 30.04/0.86 30.22/0.86 29.56/0.85 26.79/0.79 288
235 Ours with GT 32.82/0.90 30.09/0.87 30.39/0.87 29.58/0.86 26.04/0.78 289
236 Our with GT&E 32.14/0.88 30.52/0.86 30.44/0.86 29.84/0.85 27.03/0.79 290
237 291
238 292
239 5. Gaussian Blur 203
2:3 In this section, we show that the proposed method is able to deal with non-blind deconvolution when the blur is Gaussian. 22:
045 We note that [7] provides MLP model trained from Gaussian blur with 4% noise. For fairness. we also compare different 206
. non-blind deblurring methods with ground truth kernels and 4% noise and the 80 clean sharp images are also from [8]. We 007
s synthesize blurred images with Gaussian kernel and add Gaussian noise. Different from [7], where the network is trained 208
oas with fixed Gaussian kernels, the standard deviations of Gaussian kernel are randomly sampled from 1 to 3.5 when training 209
. our network. 200
047 Table 2 shows that the proposed network outperforms other methods. 2301
248 Table 2. Average PSNR and SSIM for 4% noises with Gaussian blur. The standard deviation of the blur kernel is either 1.6 or 3. Our three 302
249 iterations network outperforms other methods in this scenario. 303
250 304
251 HL [3] EPLL [11] MLP [7] Ours 305
259 PSNR/SSIM | 26.67/0.70 | 27.54/0.73 | 27.54/0.71 | 27.74/0.74 306
253 307
254 308
255 309
256 310
257 311
258 312
259 313
260 314
261 315
262 316
263 317
264 318
265 319
266 320
267 321
268 322
269 323
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370 Figure 2. Comparison of different non-blind deblurring methods with kernels estimated from Zhong [10] under 1% noise. PSNR and SSIM 424
37 are shown in the figure. The results generated by our method have higher PSNR and SSIM values. Our network trained with ground truth 425
372 and estimated kernels is able to remove noise and preserve structures and outperforms the network that is trained only ground truth kernels. 426
373 “Ours with GT” means that the model is trained with ground truth blur kernels. “Our with GT&E” means that the model is trained with 427
374 ground truth blur kernels and estimated blur kernels. 428
375 429
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