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1. Closed-form Solution for I

In our algorithm, the blind deconvolution section in-
volves estimating the nonlinear RFT(I). This is done by
using a linear operator F , such that FI = RFT(I). The
computation of F is done using gradient descent with Adam
optimizer.

Given F, we can solve for I from:

min
I

||TkI − B||22 + γ||∇I − g||22 + β||FI − h||22 (1)

where Tk is a Toeplitz matrix of k, which is multiplied
with vectors using FFT B, g and u are denoted in their vec-
tor forms, respectively.

The solution for Equation (1) is computed as follows:

L = min
I

||TkI − B||22 + γ||∇I − g||22 + β||FI − h||22

= (TkI − B)T (TkI − B) + γ(∇I − g)T (∇I − g)+

β(FI − h)T (FI − h)

= IT TT
k TkI − IT TT

k B − BTT
k I + BT B + γIT∇T∇I−

γIT∇T g − γgT∇I + γgT g + βIT FT FI − βIT FT h−
βhT FI + βhT h

(2)
Here, ∇ = (∇x,∇y) represents the matrix for comput-

ing axiswise gradients. Differentiating Equation (2) with
respect to I , we get:

dL

dI
= 2TT

k TkI − TT
k B − TT

k B + 0 + 2γ∇T∇I − γ∇T g−

γ∇T g + 0 + 2βFT FI − βFT h − βFT h

= 2TT
k TkI − 2TT

k B + 2γ∇T∇I − 2γ∇T g + 2βFT FI

− 2βFT h
(3)

In the case of convergence, dL
dI = 0. Therefore,

I =
TT
k B + γ∇T g + βFT h

TT
k Tk + γ∇T∇+ βFT F

= F−1(
F(K)F(B) + γF(∇)F(g) + βF(F)F(h)
F(K)F(K) + γF(∇)F(∇) + βF(F)F(F)

)

(4)
This is the closed-form solution presented in our paper.

2. Parameter Sensitivity
As mentioned in the text, for the variable λ, we exper-

imented with some other values to find the optimum, with
respect to kernel similarity (defined as SSIM between the
estimated kernel and ground-truth kernel).
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Figure 1. Finding Optimum Value of λ

In Fig. 1, we can see that for ranges in 10−3, the kernel
similarity is lower. In ranges 10−4 and 10−5, the levels of
kernel similarity are similar. However, in our experiments,
using values around 10−5 increased the runtime of our al-
gorithm. Therefore, we chose 3 × 10−4 since it provided
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the best results. For µ, we conducted similar experiments
and found the optimum value.
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Figure 2. Finding Optimum Value of µ

We can see from the experiment results in Fig. 2 that the
highest levels of kernel similarity are achieved in the ranges
of 10−3, and we set the value of µ to 0.004.

3. More Experimental Results
In this section, we show more results of our algorithm on

input blurry images. We present them as input and output
image pairs, and the estimated blur kernel from our algo-
rithm is embedded into the top right corner of the output
image. The images are obtained from datasets provide by
Lai et al. [1] and Levin et al. [2].

Figure 3. Results of our blind image deblurring algorithm, presented with the corresponding estimated blur kernel. For each pair, the input
image is on the left, and the output of our algorithm is on the right.

2



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323

WACV
#2648

WACV
#2648

WACV 2025 Submission #2648. Algorithms Track. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Figure 4. More results of our blind image deblurring algorithm, presented with the corresponding estimated blur kernel. For each pair, the
input image is on the left, and the output of our algorithm is on the right for each pair.
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