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Abstract

This paper introduces a novel stochastic approach
to image denoising using an adaptive Monte Carlo
scheme. Random samples are generated from the im-
age field using a spatially-adaptive importance sam-
pling approach. Samples are then represented using
Gaussian probability distributions and a sample rejec-
tion scheme is performed based on a χ2 statistical hy-
pothesis test. The remaining samples are then aggre-
gated based on Pearson Type VII statistics to create a
non-linear estimate of the denoised image. The pro-
posed method exploits global information redundancy
to suppress noise in an image. Experimental results
show that the proposed method provides superior noise
suppression performance both quantitatively and qual-
itatively when compared to the state-of-the-art image
denoising methods.

1 Introduction

A fundamental problem faced in the field of image
processing is that of image denoising, where the goal is
to obtain an estimate of the original image from an im-
age that has been contaminated by noise. Image denois-
ing is very important for numerous applications ranging
from photo enhancement and edge detection to object
recognition and tracking. While many image denois-
ing algorithms have been proposed over the years, good
noise suppression remains an open challenge, particu-
larly in situations characterized by low signal-to-noise
ratios.

Image denoising algorithms can be divided into two
main groups: i) transform domain denoising, and ii)
spatial domain denoising. In transform domain denois-
ing methods, the image is transformed into an alternate
domain (e.g., frequency domain) and the domain coef-
ficients are modified to suppress noise. These methods
include global transform denoising approaches such as
Wiener filtering [10] and local transform denoising ap-

proaches such as wavelet thresholding [4] and the Gaus-
sian scale mixture (GSM) denoising method [7]. In
spatial domain denoising methods, pixel intensities are
modified directly in the spatial domain by exploiting in-
formation redundancy in images. A majority of spatial
domain denoising methods rely on local image redun-
dancy to suppress image noise. These methods will
be referred to as local spatial domain denoising meth-
ods and include traditional approaches such as box fil-
tering and Gaussian filtering, as well as newer detail-
preserving approaches such as anisotropic filtering [3]
and bilateral filtering [9, 2]. While computationally
efficient, local spatial domain denoising methods typ-
ically perform poorly in situations characterized by low
signal-to-noise ratios as the local statistics would be
insufficient for providing a good estimate of the de-
noised image. To address this issue, more recent ap-
proaches take advantage of global information redun-
dancy to suppress noise [5, 1]. These methods will be
referred to as global spatial domain denoising methods.
The main drawback to global spatial domain denois-
ing methods is that they are computationally expensive
given the amount of information processing involved to
obtain estimates for the denoised image, even after var-
ious performance optimizations [5].

In this paper, we propose a novel approach to image
denoising using an adaptive Monte Carlo scheme. The
proposed method takes a radical departure from most
existing denoising techniques in that it is stochastic in
nature. As such, the denoised image estimate will vary
with each run. The proposed method utilizes global
information redundancy in an efficient manner and is
highly robust to images characterized by low signal-to-
noise ratios. Furthermore, the proposed method pro-
vides effective noise suppression while preserving im-
age detail. This paper is organized as follows. The
mathematical background behind the proposed method
is presented in Section 2. Experimental results are pre-
sented and discussed in Section 3. Finally, conclusions
are drawn in Section 4.
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Figure 1. Denoising using different denoising methods (from left to right): a) Noisy image
(σ=26), b) BF c) GSM, d) NLM, e) AMC
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