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OVERVIEW

We propose an interpretable shallow convolutional neural network that gen-
eralizes the popular DCT image denoising algorithm [1]:

NET MIXED WITH DCT TO REDUCE ARTIFACTS

DCT

> We show that a DCT denoiser [1] can be seen as a shallow CNN whose

weights correspond to the underlying linear transform. Fine-tuning the weights O,
improves considerably the denoising performance.
> The resulting CNN (DCT2net) is able to handle a wide range of noise levels > - fast y
effectively with a single network thanks to a o-dependent activation function. mdfm[,zg,gc,](t)
> Displaying the learned transform gives a direct visual intuition of what the ju:)nf}l(ldf?;els Nt = !
network has learned. 4 s oisy O] Denoised
> To deal with remaining artifacts induced by DCT2net, an original hybrid so- ) Hardshrink [ >Conv1x1 ) Conv 5 x 5
lution between DCT and DCT2net is proposed. et ) DCT2net = 4
Fig. 1: Architecture of DCT2net for a2patch sizen =5 x 5. Note that the number m): Canny Edge Detector + dilation
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. ) ) . weights in {0, 1} for the aggregation step.
A DCT denoiser [1] projects each noisy overlapping patch y € R™ to the 2D-

DCT basis, and reconstructs the denoised signal with the transform coefficients
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Formally, it amounts to estimating every overlapping patch x € R" by: RN llll.“"'"' (N N N
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where ©5(t) = t - Lg\[_x(t) is a hard shrinkage function and the columns of EEEEREEREN EEEEEEEEE EEENEENEE N el ol
P € R™ ™ are the basis vectors for the 2D-DCT. The n estimates of a same pixel SEEHESREN IEDNlEEEEE SNEEEEEEE V5 lhoait i e ¥ |
are finally aggregated through a weighted average, with respective weight: EEEEEEEEE BHEEEEEEEE EEEEEEEEE Fig. 3: Denoising results on Castle corrupted with white Gaussian noise and o = 25.
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Fig. 2: Different bases of projection for patches of size n = 9 x 9. AN 770 R N 0 € 1
—
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All operations in DCT algorithm [1] can be interpreted in terms of convolutions Table 3: The average PSNR (dB) results on BSD68 corrupted with Gaussian noise.
with a hard shrinkage function as o-dependent activation function (See Fig. 1). _,

The weights of two first convolutions are to be found in matrices P and P~! while
the last ones are composed of 0 and 1 for the aggregation step.

[ Image size | BM3D[2] [ PEWA[3] [ DnCNN[4] [ LKSVD;g256[5] | DCT2net | References

H H H 256x256 1.73 38.85 0.87 / 0.010 1.15 / 0.020 0.39 / 0.005 [1] G. Yu and G. Sapiro, “DCT image denoising: a simple and effective image denoising algorithm,” in Image
To improve the underlying transform, we train our DCT2net on an external 512x512 6.65 100.82 | 3.47/0.037 | 5780082 | 1.56 / 0.027 Processing On Line, vol. 1, pp. 202-296, 2011.
dataset Composed of N pairs of noise-free and noisy images (xiayi)ie{l .,N} cor- 1.024x1.024 26.90 R03.76 18.35 / 0.145 25.78 ] 0.332 5.88 / 0.112 [2] K. Dabov, A. Foi, V. Katkovnik, and K. Egiazarian, “Image denoising by sparse 3D transform-domain
. . . . . 2 .. . T : : collaborative filtering,” in IEEE Transactions on Image Processing, vol. 16, no. 8, pp. 2080-2095, 2007.
rupted with white Gaussian noise of variance o;. Training solves: [3] C. Kervrann, “PEWA : Patch-based ex ! : : ; i
. H H H H H . , : - ponentially weighted aggregation for image denoising,” in Neural
Table 1: Running time in seconds on CPU (left) and GPU (right) when possible. Information Processing Systems, Montreal, Canada, 2014, pp. 2150-2158.
N [4] K. Zhang, W. Zuo, Y. Chen, D. Meng, and L. Zhang, “Beyond a gaussian denoiser: residual learning of deep
p* — 8 “F ( ; ) _ ”2 CNN for image denoising,” in IEEE Transactions on Image Processing, vol. 26, no. 7, pp. 3142-3155, 2017.
= arg min P\Yi; 05 Zi|lg Methods DnCNNJ[4] | LKSVD; g 256[5] | DCT2net 5] M. Scetbon, M. Elad, and P. Milanfar, “Deep K-SVD Denoising,” in IEEE Transactions on Image Processing,
P .8,
=il vol. 30, pp. 5944 - 5955, 2021.
Numbe; of layers 17 2 2 [6] J. Canny, “A computational approach to edge detection,” in IEEE Transactions on Pattern Analysis and
where Fp denotes DCT2net. Number of parameters | 556,096 35,138 28,561 Machine Intelligence, vol. 8, no. 6, pp. 679-698, 1986.

Table 2: Model complexities comparison of DCT2net with two popular networks.




