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Abstract - Edge detection algorithms have traditionally
utilized the Gaussian Linear Filter (GLF) for image smoothing.
Although GLF has very good properties in removing noise and
unwanted artifacts from an image, it is also known to remove
many valid edges. To cope with this problem, edge preserving
smoothing filters have been proposed and they have recently
attracted increased attention. In this paper, we quantitatively
compare three prominent edge preserving smoothing filters;
namely, Bilateral Filter (BLF), Anisotropic Diffusion (AD) and
Weighted Least Squares (WLS) with each other and with GLF
in terms of their effects on the final detected edges using the
precision/recall framework of the famous Berkeley
Segmentation Dataset (BSDS 300). We conclude that edge
preserving smoothing filters indeed improve the performance of
the edge detectors, and of the filters compared, WLS yields the
best performance with AD also outperforming the GLF.

Index Terms— Edge detection, Canny, Edge Drawing
(ED), edge preserving smoothing, bilateral filter, anisotropic
diffusion, weighted least squares (WLS).
I. INTRODUCTION
Edge detection is one of the fundamental tools of image
processing and computer vision. It is usually performed as
the first step of a processing pipeline and is especially used
in feature detection and extraction. The importance of this
problem have led the researchers to develop many edge
detection algorithms in the literature [1, 2, 3, 4].
The first step of any edge detection algorithm is to
remove noise and reduce the amount of detail and unwanted
artifacts in the image. The easiest and the most widely used
filter for this purpose is the Gaussian Linear Filter (GLF)
[1]. This filter smooths out every pixel of the input image
using the same Gaussian function and thus removes
potential edges along with the unwanted image artifacts,
which inversely affects the edge detection performance.
To overcome this problem, edge preserving smoothing
filters have been proposed in the literature. The main goal of
these filters is to remove unwanted artifacts from the image
as in GLF while preserving valid edge crossings. These
filters can be analyzed in two different categories: (1) Those
that work locally and compute the output value for each
pixel as some sort of an average of the local neighborhood,
(2) Those that formulate a global optimization problem

using the image pixel intensity values and smoothing
coefficients, and solve this problem to obtain the final filter
output.
The most important method in the first category is the
Anisotropic Diffusion (AD) proposed by Perona and Malik
[5]. In this method, the filter coefficients are variable as
opposed to Gaussian Linear Filer (GLF) and changes
depending on the structure of the input image. Shortly
stated, using an anisotropic diffusion based equation, the
smoothing rate is adjusted based on the gradient value at
each pixel. While smoothing rate is reduced at the edge
crossings, it is increased over the continuous, smooth
regions of the image. Although this method works well in
practice, it does not perform well especially on noisy
images. Konishi proposes making use of different statistical
methods in the determination of edge crossings instead of
using a gradient operator [6]. In this method, the image is
modelled as a random field and the relationships between
the pixels are analyzed. In addition to the original AD
proposed by Perona and Malik, many different AD variants
have been proposed in the literature [7, 8, 9, 10, 11].
Another important and popular edge preserving smoothing
filter from the first category is the Bileteral Filter (BLF)
proposed by Tomasi and Manduchi [12]. This filter makes
use the spatial and range differences around the center pixel
to produce a weighted average around the neighborhood.
The fact that the filter kernel size is not linear creates
computational problems. For this reason, several methods
have been proposed to speed up the filter and make it
available for applications that require fast computation [13,
14, 15].
An important method from the second category is the
Weighted Least Squares (WLS) [16, 17]. The idea with this
method is to formulate image smoothing as a global
optimization problem and solve a system of linear equations
to obtain the output image.
II. IMAGE SMOOTHING FILTERS
In this study, four popular image smoothing filters have
quantitatively been compared. Here is a brief description of
the filters to be compared.

A. Gaussian Linear Filter (GLF)
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Given an input image f, and a Gaussian smoothing filter
function g, the smoothed output image h is calculated at
each pixel (x, y) by the following convolution equation:

h ( x, y ) = f ( x , y ) g ( x, y ) ,
Since this filter is based on the Gaussian function, the
weights of the pixels closer to the center pixel would be
higher than the weights of the pixels far from the center as
follows:
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Contrary to GLF, where the weights of the filter
coefficients are the same for each pixel of the input image,
the bilateral filter adjusts the weights of the filter
coefficients based on the intensity values of the current
pixel region, thus trying to preserve boundary crossings. If
the difference between the intensity of the center pixel and
the intensity of the pixels in the neighborhood is high, then
the weights filter coefficients are reduced. Thus after
filtering, the intensity of the center pixel is prevented from
big changes. In other words, in BLF, the intensity values of
the pixels located on edge crossings are mainly determined
by the pixels in the same class. The BLF equation is given
as:
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where k is the edge magnitude parameter.
(1) Gradient magnitude is used to identify the edge areas or
intensity discontinuities. At pixels where |∇|>> k, the value
of c(|∇|) becomes 0. At pixels where |∇|<< k, the value of
c(|∇|) becomes 1.
The equation (4) can be written in discrete form as:
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where I st represents the discretized image, s is the location
of the pixel, ∇t is the step size, η s is the spatial

B. Bilateral Filter (BLF)

BLF ( I ) p =

2
c ( x ) = exp  − ( x / k )  ,
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where σ s is the standard deviation in the spatial domain,
and σ r is the standard deviation in the spectral domain. W is
used for normalization.

neighborhood of s, ηs is the number of pixels in the filter
window. We finally obtain:
∇I st , p = I pt − I st , ∀p ∈ηs .
D. Weighted Least Squares (WLS)
Given an input image f, the goal is to obtain the output
image u by minimizing the energy function given in (9)
using the Weighted Least Squares (WLS) method [17],
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J ( u ) = ∑  ( u p − f p ) + λ ∑ wp, q ( f ) ( u p − uq ) , (9)
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where N(p) represents pixel p’s neighbors and λ is a
balancing factor. The weight equation wp,q is the similarity
between pixels p ve q. When J(u) is set to 0, the minimized
u is obtained by solving a system of linear equations
represented by a sparse matrix:

( I + λ A) u = f ,

C. Anisotropic Diffusion (AD)
Anisotropic Diffusion (AD) works by the application of
the heat diffusion equation over the image as follows [5]:
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where I0 is the input image, ∇ is the gradient operator, div is
the divergence operator,  is the magnitude operator, and
c(x) is the diffusion coefficient function and can be taken as
one of the following:
1
c ( x) =
,
(5)
2
1+ ( x / k )

(10)

In [16], the authors has expressed the output image, u, as a
gradient equation as follows:
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where ℓ is the log-luminance channel of the input image, α
is the gradient sensitivity, ε is a constant to prevent division
by zero at places where f is constant.
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Fig. 1. Image 119082 of BSDS. Top to bottom: Smoothed image, Canny edge map having the maximum F-score, ED edge
map having the maximum F-score, smoothed by a) GLF b) BLF c) AD d) WLS filters.
IV. EXPERIMENTAL RESULTS
In this section we quantitatively compare three
prominent edge preserving smoothing filters; namely, AD,
BLF and WLS with each other and with GLF in terms of
their effects on the final detected edges. To achieve this
goal, we make use of the precision/recall framework of the
famous Berkeley Segmentation Dataset (BSDS) [18]. This
dataset contains 200 training and 100 test images and is very
popular in quantitatively comparing different boundary
detection methods [19, 20]. Images in the dataset are of
481×321 or 321×481 pixel resolution and each image has
between 5 to 10 human marked segmentations, which are
used as the ground truth data. The edge (boundary, contour)
detection results from an algorithm is automatically
compared with the ground truth data using the
precision/recall framework and an overall F-measure score
is produced by the BSDS testbed to rate the performance an
algorithm. This enables objective comparison of different
edge detection algorithms.
To compare the effects of different image smoothing
methods, an input image is first passed through the
smoothing filter. The output of the filter is then processed
by two different edge detectors: The famous Canny edge
detector [1] and the recently proposed real-time edge
segment detector, Edge Drawing (ED) [2]. Both of these
detectors take a smoothed image as input and produce a
binary edge map as output, which is then used in the BSDS
evaluation testbed to compute an F-score for an image. The

higher the F-score, the better the edge map. The edge
detection algorithms are run with the same parameters for
each input image. Thus, the smoothing filter that maximizes
the F-measure score can be said to be the best.
Fig. 1 shows a sample image from the BSDS dataset
along with the smoothed images with different smoothing
filters. The edge maps having the maximum F-score for
each smoothed image obtained by Canny and ED are also
presented in Fig. 1. Finally, the precision/recall/F-score
values corresponding to each edge map are presented in
Table 1.
Fig. 2 shows the precision/recall curves of maximum Fscore using the 100 test images in the BSDS dataset for each
of the smoothing filters obtained by Canny and ED
respectively, and Table 2 gives a summary of the results.
Clearly, WLS yields the best performance with AD also
outperforming GLF, while BLF shows mixed performance
and does not live up to the expectations.
Finally, Table 3 shows the running time for each filter
averaged over the 100 test images in the BSDS testbed.
Clearly, GLF is two orders of magnitude faster than the
other filters, which explains its wide adaption especially in
applications that require real-time performance.
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Fig. 2. a) Canny edge detection performance b) ED edge detection performance
Table 1. Detection performance for image 119082 of the BSDS dataset
Canny
ED
Precision
Recall
F-score
Precision
Recall
0.688
0.766
0.725
0.675
0.743
0.662
0.828
0.735
0. 637
0. 788
0.699
0.782
0.738
0.656
0.757
0.649
0.831
0.729
0.688
0.805

GLF
BLF
AD
WLS

Table 2. Maximum F-score obtained for each smoothing
filter by Canny and ED for the BSDS 300 dataset.

GLF
BLF
AD
WLS

Maximum
Canny F-score
0.571
0.567
0.578
0.585

Maximum
ED F-score
0.574
0.570
0.580
0.590

Table 3. Average running time of each smoothing filter for
the images in the BSDS 300 dataset.
GLF
BLF
AD
WLS

Time (ms)
1
534
395
764

V. CONCLUSIONS
Edge preserving smoothing filters try to remove
noise and unwanted artifacts from an image while
preserving important edge/boundary crossings. In this
paper, we quantitatively compared three edge preserving

F-score
0.708
0.705
0.703
0.742

smoothing filters with each other and with the widely used
Gaussian Linear Filter. While BLF did not live up to the
expectations, both WLS and AD were observed to produce
better results compared to GLF. We conclude that edge
preserving filters indeed improve the performance of the
edge detectors, and further research needs to be performed
to improve the existing filters or to develop new ones. Also,
their running times need to be improved to make them
suitable for real-time computer vision applications.
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