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Abstract
We present an approach to low-level vision that combines two main ideas: the use of
convolutional networks as an image processing architecture and an unsupervised learning
procedure that synthesizes training samples from specific noise models. We demonstrate this
approach to the challenging problem of natural image denoising. Using a test set with a hundred
natural images, we find that convolutional networks provide comparable and in some cases
superior performance to state of the art wavelet and Markov random field (MRF) methods.
Moreover, we find that a convolutional network offers similar performance in the blind denoising
setting as compared to other techniques in the non-blind setting. We also show how
convolutional networks are mathematically related to MRF approaches by presenting a meanfield theory for an MRF specially designed for image denoising. Although these approaches are
related, convolutional networks avoid computational difficulties in MRF approaches that arise
from probabilistic learning and inference. This makes it possible to learn image processing
architectures that have a high degree of representational power (we train models with over
15,000 parameters), but whose computational expense is significantly less than that associated
with inference in MRF approaches with even hundreds of parameters.
Keywords: Image Denoising, Convolution Networks
1 Background
Low-level image processing tasks include edge detection, interpolation, and deconvolution.
These tasks are useful both in themselves and as a front-end for high-level visual tasks like object
recognition. This paper focuses on the task of denoising, defined as the recovery of an underlying
image from an observation that has been subjected to Gaussian noise.
One approach to image denoising is to transform an image from pixel intensities into another
representation where statistical regularities are more easily captured. For example, the Gaussian
scale mixture (GSM) model introduced by Portilla and colleagues is based on a multiscale
wavelet decomposition that provides an effective description of local image statistics [1, 2].
Another approach is to try and capture statistical regularities of pixel intensities directly using
Markov random fields (MRFs) to define a prior over the image space. Initial work used handdesigned settings of the parameters, but recently there has been increasing success in learning the
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parameters of such models from databases of natural images [3, 4, 5, 6, 7, 8]. Prior models can be
used for tasks such as image denoising by augmenting the prior with a noise model.
Alternatively, an MRF can be used to model the probability distribution of the clean image
conditioned on the noisy image. This conditional random field (CRF) approach is said to be
discriminative, in contrast to the generative MRF approach. Several researchers have shown that
the CRF approach can outperform generative learning on various image restoration and labelling
tasks [9, 10]. CRFs have recently been applied to the problem of image denoising as well [5].
The present work is most closely related to the CRF approach. Indeed, certain special cases of
convolutional networks can be seen as performing maximum likelihood inference on a CRF [11].
The advantage of the convolutional network approach is that it avoids a general difficulty with
applying MRF-based methods to image analysis: the computational expense associated with both
parameter estimation and inference in probabilistic models. For example, naive methods of
learning MRFbased models involve the calculation of the partition function, a normalization
factor that is generally intractable for realistic models and image dimensions. As a result, a great
deal of research has been devoted to approximate MRF learning and inference techniques that
meliorate computational difficulties, generally at the cost of either representational power or
theoretical guarantees [12, 13]. Convolutional networks largely avoid these difficulties by posing
the computational task within the statistical framework of regression rather than density
estimation. Regression is a more tractable computation and therefore permits models with greater
representational power than methods based on density estimation. This claim will be argued for
with empirical results on the denoising problem, as well as mathematical connections between
MRF and convolutional network approaches.
2 Convolutional Networks
Convolutional networks have been extensively applied to visual object recognition using
architectures that accept an image as input and, through alternating layers of convolution and
subsampling, produce one or more output values that are thresholded to yield binary predictions
regarding object identity [14, 15]. In contrast, we study networks that accept an image as input
and produce an entire image as output. Previous work has used such architectures to produce
images with binary targets in image restoration problems for specialized microscopy data [11,
16]. Here we show that similar architectures can also be used to produce images with the
analogue fluctuations found in the intensity distributions of natural images.
Network Dynamics and Architecture
A convolutional network is an alternating sequence of linear filtering and nonlinear
transformation operations. The input and output layers include one or more images, while
intermediate layers contain “hidden" units with images called feature maps that are the internal
computations of the algorithm. The activity of feature map a in layer k is given by
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We restrict our experiments to monochrome images and hence the networks contain a single
image in the input layer. It is straightforward to extend this approach to color images by
assuming an input layer with multiple images (e.g., RGB color channels). For numerical reasons,
it is preferable to use input and target values in the range of 0 to 1, and hence the 8-bit integer
intensity values of the dataset (values from 0 to 255) were normalized to lie between 0 and 1. We
also explicitly encode the border of the image by padding an area surrounding the image with
values of 1.
Learning to Denoise
Parameter learning can be performed with a modification of the back propagation algorithm for
feedforward neural networks that takes into account the weight-sharing structure of convolutional
networks [14]. However, several issues have to be addressed in order to learn architecture in
Figure 1 for the task of natural image denoising.
Firstly, the image denoising task must be formulated as a learning problem in order to train the
convolutional network. Since we assume access to a database of only clean, noiseless images, we
implicitly specify the desired image processing task by integrating a noise process into the
training procedure. In particular, we assume a noise process n(x) that operates on an image xi
drawn from a distribution of natural imagesX. If we consider the entire convolutional network to
be some function.

Figure 1: Architecture of the convolutional network used for denoising. The network has 4
hidden layers and 24 feature maps in each hidden layer. In layers 2, 3, and 4, each feature map is

46 W.Mesiya Stalin, S.Mirdula| www.techpublic.in

International Journal of Global Engineering (IJGE) E- ISSN: 2456-3099
VOL 2 ISSUE 2 (2017) PAGES 44 - 51
Received: 1/12/2017. Published: 26/12/2017

connected to 8 randomly chosen feature maps in the previous layer. Each arrow represents a
single convolution associated with a 5 X 5 filter, and hence this network has 15,697 free
parameters and requires 624 convolutions to process its forward pass.

Secondly, it is inefficient to use batch learning in this context. The training sets used in the
experiments have millions of pixels, and it is not practical to perform both a forward and
backward pass on the entire training set when gradient learning requires many tens of thousands
of updates to converge to a reasonable solution. Stochastic online gradient learning is a more
efficient learning procedure that can be adapted to this problem. Typically, this procedure selects
a small number of independent examples from the training set and averages together their
gradients to perform a single update. We compute a gradient update from 6 6 patches randomly
sampled from six different images in the training set. Using a localized image patch violates the
independence assumption in stochastic online learning, but combining the gradient from six
separate images yields a 6 6 6 cube that in practice is a sufficient approximation of the gradient
to be effective. Larger patches (we tried 88 and 1010) reduce correlations in the training sample
but do not improve accuracy. This scheme is especially efficient because most of the
computation for a local patch is shared. We found that training time is minimized and
generalization accuracy is maximized by incrementally learning each layer of weights. Greedy,
layer-wise training strategies have recently been explored in the context of unsupervised
initialization of multi-layer networks, which are usually fine-tuned for some discriminative task
with a different cost function [17, 18, 19]. We maintain the same cost function throughout. This
procedure starts by training a network with a single hidden layer. After thirty epochs, the weights
from the first hidden layer are copied to a new network with two hidden layers; the weights
connecting the hidden layer to the output layer are discarded. The two hidden layer network is
optimized for another thirty epochs, and the procedure is repeated for N layers. Finally, when
learning networks with two or more hidden layers it was important to use a very small learning
rate for the final layer (0:001) and a larger learning rate (0:1) in all other layers.
Implementation
Convolutional network inference and learning can be implemented in just a few lines of
MATLAB code using multi-dimensional convolution and cross-correlation routines. This also
makes the approach especially easy to optimize using parallel computing or GPU computing
strategies.
3 Experiments
We derive training and test sets for our experiments from natural images in the Berkeley
segmentation database, which has been previously used to study denoising [20, 4]. We restrict
our experiments to the case of monochrome images; color images in the Berkeley dataset are
converted to grayscale by averaging the color channels. The test set consists of 100 images, 77
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with dimensions 321X481 and 23 with dimensions 481 X 321. Quantitative comparisons are
performed using the Peak Signal

Figure 2: Denoising results as measured by peak signal to noise ratio (PSNR) for 3 different
noise levels. In each case, results are the average denoised PSNR of the hundred images in the
test set. CN1 and CNBlind are learned using the same forty image training set as the Field of
Experts model (FoE). CN2 is learned using a training set with an additional sixty images. BLSGSM1 and BLS-GSM2 are two different parameter settings of the algorithm in [1]. All methods
except CNBlind assume a known noise distribution.

4 Relationship between MRF and Convolutional Network Approaches
In the introduction, we claim that convolutional networks have similar or even greater
representational power compared to MRFs. To support this claim, we will show that special
cases of convolutional networks correspond to mean-field inference for an MRF. This does not
rigorously prove that convolutional networks have representational power greater than or equal
to MRFs since mean-field inference is an approximation. However, it is plausible that this is the
case.
Previous work has pointed out that the Field of Experts MRF can be interpreted as a
convolutional network (see [21]) and that MRFs with an Ising-like prior can be related to
convolutional networks (see [11]). Here, we analyze a different MRF that is specially designed
for image denoising and show that it is closely related to the convolutional network in Figure 1.
In particular, we consider an MRF that defines a distribution over analog “visible” variables v
and binary “hidden” variables h:
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Figure 4: Filters learned for the first 2 hidden layers of network CNBlind. The second hidden
layer has 192 filters (24 feature maps X 8 filters per map). The first layer has recognizable
structure in the filters, including both derivative filters as well as high frequency filters similar to
those learned by the FoE model [4, 6].
5 Conclusion
Prior versus learned structure Before learning, the convolutional network has little structure
specialized to natural images. In contrast, the GSM model uses a multi-scale wavelet
representation that is known for its suitability into non-linear diffusion methods, which have been
previously used for natural image processing without learning. The architecture of the FoE MRF
is so well chosen that even random settings of the free parameters can provide impressive
performance [21].
Random parameter settings of the convolutional networks do not produce any clearly useful
computation. If the parameters of CN2 are randomized in just the last layer, denoising
performance for the image in Fig. 3 drops from PSNR=24:25 to 14:87. Random parameters in all
layers yields even worse results. This is consistent with the idea that nothing in CN2’s
representation is specialized to natural images before training, other than the localized receptive
field structure of convolutions. Our approach instead relies on a gradient learning algorithm to
tune thousands of parameters using examples of natural images. One might assume this approach
would require vastly more training data than other methods with more prior structure. However,
we obtain good generalization performance using the same training set as that used to learn the
Field of Experts model, which has many fewer degrees of freedom. The disadvantage of this
approach is that it produces an architecture whose performance is more difficult to understand
due to its numerous free parameters. The advantage of this approach is that it may lead to more
accurate performance, and can be applied to novel forms of imagery that have very different
statistics than natural images or any previously studied dataset (an example of this is the
specialized image restoration problem studied in [11].
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