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A Network Architectures

We apply a U-Net [1] architecture to the generator G, and Table 1 shows the
detailed configuration. The first five layers correspond to the encoder followed by
four residual blocks, and the last five layers are the decoder. The residual block
consists of two consecutive convolutions as well as a skip connection across the
block. Besides, the latent vector from the camera encoder E is concatenated
with the output of the 29 residual block.

Table 2 shows the architecture of the discriminator D, which is similar to
PatchGAN [2]. The outp, and outp are used for the feature matching loss Lypm
and adversarial loss Laqy, respectively. Note that D determines the score of
realness at the scale of 46 x 46 according to the receptive field.

Finally, the architecture of the camera encoder E is shown in Table 3. To
make latent vectors irrelevant to the spatial domain, we perform a global average
pooling at the last layer. The latent vector is then concatenated with the middle
features of G by expanding the spatial dimension.

B Control of Noise Levels

Recall that the noise level of the final synthetic noise n can be controlled by
adjusting the parameters of Poisson-Gaussian noise model for the initial syn-
thetic noise nj,;;. For the same camera, these parameters are proportional to
the digital gain, which is highly correlated to the ISO. Therefore, different noise
levels should be observed in different ISOs. Fig. 1 shows the examples of noise
and noisy image pairs from various noise models in a wide range of ISOs. We can
find that as the ISO ascends, our noise samples become much noisier obviously.
Moreover, our noise model always outperforms the compared methods in terms
of Kullaback-Leibler divergence measurement.

C More Qualitative Results

More synthesized noise samples as well as the corresponding noisy images are
shown in Figs. 2-5. More qualitative results of real image denoising are shown
in Figs. 6-9.
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Table 1. Architecture of the Generator. The notation [, -] represents concatena-
tion and C, RES, T respectively denote convolution, residual block, and transposed
convolution. The SN-IN indicates a Spectral Normalization [3] followed by an Instance
Normalization [4] and LReLU is the Leaky ReLU [5]

Kernel Channels Output
Input Output  Size In  Out Stride Norm. Activ. Size
C ing cl 4x4 8 64 2 - LReLU Zx%
C cl 2 4x4 64 128 2  SN-IN LReLU 2x2
C 2 c3 4x4 128 256 2 SN-IN LReLU £ x ¥
C c3 ¢4 4x4 256 512 2  SN-IN LReLU 2 x &
C c4 5  4x4 512 512 2 SN-IN LReLU 45 x 2
RES c5 resl  3x3 512 512 1 - - Lx2
RES resl res2 3x3 512 512 1 - - £ x 2
RES | [res2, outp] res3 3 x3 1024 1024 1 - - £ x 2
RES res3 resd  3x3 1024 1024 1 - - = X =
T resd t1 4x4 1024 512 1/2 SN-IN LReLU J x
T [t1, 4] t2  4x4 1024 256 1/2 SN-IN LReLU 2 x %
T [t2, 3] t3 4x4 512 128 1/2 SN-IN LReLU 2% x 2
T [t3, c2] t4 4x4 256 64 1/2 SN-IN LReLU Zx%
T [t4, c1] outa 4x4 128 4 1/2  SN-IN Tanh hxw
Table 2. Architecture of the Discriminator
Kernel Channels Output
Input Output Size In Out Stride Norm. Activ. Size

C| inp dl 4x4 8 64 2 - LReLU Zx%

C| di d2  4x4 64 128 2  SN-IN LReLU %2 x %

C| d2  outp, 4x4 128 256 2  SN-IN LReLU £Zx ¥

Cloutp, outp 4x4 256 1 1 SN-IN - Aoxz

Table 3. Architecture of the Camera Encoder. Note that POOL represents global
average pooling

Kernel Channels Output
Input Output Size In Out Stride Norm. Activ. Size
C ing el 7TxT 4 64 1 - LReLU hxw
C el e2  4x4 64 128 2 SN-IN LReLU % x %
C €2 e3  4x4 128 256 2 SN-IN LReLU %2 x %
C e3 e4  4x4 256 512 2 SN-IN LReLU 2x v
POOL ed outg - 512 512 - - - 1x1
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Gaussian Poisson-Gauss. Noise Flow Real Noise
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Fig. 1. Different noise levels in different ISOs. Each column represents a noise
modeling method, and each two consecutive rows correspond to a pair of noise and
noisy image in a specific ISO (from 100-N to 1600-N)
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Fig. 2. More Qualitative Results of Noise Modeling (1)
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Fig. 3. More Qualitative Results of Noise Modeling (2)
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Fig. 4. More Qualitative Results of Noise Modeling (3)
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Fig. 5. More Qualitative Results of Noise Modeling (4)
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Fig. 6. More Qualitative Results of Denoising (1)
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Fig. 7. More Qualitative Results of Denoising (2)
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Fig. 8. More Qualitative Results of Denoising (3)

405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449



ECCV-20 submission ID 4617

Real Noisy Gaussian Poisson-Gauss. Real Only

PSNR = 44.90 PSN PSNR = 45.84

Noise Flow Ours Ours + Real Ground Truth

PSNR = 49.99 PSNR = 50.43 PSNR = 52.49 .

Real Noisy Gaussian Poisson-Gauss. Real Only

F i e g
PSNR ='35.50 P

Noise Flow Ours Ours + Real Ground Truth

s — —
PSNR = 48.62 PSNR = 49.92 PSNR = 51.10

Poisson-Gauss.

Real Noisy Gausian _ Real Only

PSNR = 37.12 PSNR = 48.30 PSNR = 48.96

Noise Flow Ours Ours + Real Ground Truth

PSNR = 50.78 PSNR = 52.04 PSNR = 52.95 -

Fig. 9. More Qualitative Results of Denoising (4)
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