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distinguishes these features more accurately, and which comfortably deals with a variety
of data. Our observations, however, discovered that most edge-defining functionals
underperform and generate false edges under poor imaging conditions. Therefore, the
current research proposes a robust diffusion-driven edge detector for seriously degraded

Keywords: images. The method is iterative, and suppresses noise while simultaneously marking
Edge detector real edges and deemphasizing false edges. The anisotropic nature of the new functional
Perona-Malik helps to remove noise and to preserve semantic structures. Even more importantly, the
Object detection functional exhibits a forward-backward behavior that may sharpen and strengthen edges.
Image rgstoratiop Comparisons with some other classical approaches demonstrate superiority of the proposed

Information retrieval approach.
© 2015 Elsevier B.V. All rights reserved.
1. Introduction unwanted artifacts, thus prompting for robust and more
effective segmentation methods to extract meaningful fea-

Edges in an image are regions with rapidly changing tures.

intensity values. Extracting these critical features forms In this letter, we propose an alternative edge detec-
an important step in many computer vision applica- tion approach based on anisotropic diffusion processes. The
tions, such as industrial automation and control, and has new method is iterative, and includes a robust feature-
been an interesting and challenging research question for sensitive edge detector. In flat regions, the formulation fol-

years [1-4].

Humans are naturally equipped with senses to read,
understand, and distinguish regions in the image (edges,
contours, and flats). This is, however, a non-straightforward
task for machines. Most machine-steered classical edge de-
tectors underperform when input images are noisy, highly
textured, or contain weak edges [3,5-7]. We should note
that real-world scenes usually suffer from noise and other

lows isotropic diffusion that suppresses noise; and near
edges, the detector gradually declines smoothing and high-
lights semantic features. The process is iterative and auto-
matic, which helps the model to efficiently and robustly
capture true edges in worse imaging conditions. The in-
triguing property of the proposed edge detector, which
differentiates it from some other classical methods, is its
ability to treat severely degraded scenes and reject false
edges. The new algorithm is simple and contains repetitive
* Corresponding author. operators that can promote parallel computing in a real
E-mail address: barakamaiseli@yahoo.com (B.J. Maiseli). hardware.
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2. Proposed diffusion-driven edge detector

Detecting edges and contours is perhaps the most crit-
ical step in almost all computer vision tasks. Before in-
terpreting and analyzing real objects, machines need to
precisely locate and register details of important features.
To this end, several edge detectors have been proposed in
the literature, with the classical ones being Canny, Sobel,
Prewitt, and LoG (Laplacian of Gaussian). Despite their con-
vincing performance, we noted from experimental results
that the methods collapse for noisy input scenes.

In recent years, diffusion-based and total variation (TV)
approaches have been widely applied to locate poten-
tial image features. Perona and Malik proposed a feature-
dependent diffusivity (edge detector) [8], but scholars have
proved that the Perona-Malik (PM) model suffers for stair-
casing problems and its corresponding energy potential is
non-convex—thus prone to instabilities and multiple solu-
tions [9,10]. Charbonnier et al. proposed an edge detector
with a corresponding convex potential [11]. The weakness
of Charbonnier’s edge-defining functional is the unusual
artifacts it produces in the restored scenes [12]. Weickert
et al. established a nonlinear diffusion-driven edge detec-
tor, which is reliable and computationally inexpensive [13,
14]. The authors applied a semi-implicit scheme (Addi-
tive Operator Splitting or AOS) to implement their method.
For severely degraded images, however, Weickert’s method
fails to effectively capture potential features, thus limit-
ing its applications. Rudin et al. provided an approach that
uses total variation of an image to guide the diffusion pro-
cess with diffusivity that is simply the reciprocal of the
image gradient [15,16]. This diffusivity restores visually ap-
pealing edge maps (stronger and sharper). The weaknesses
of TV-based edge detectors are blocking and staircasing ar-
tifacts [17,18].

Inspired by the weaknesses of the mentioned tradi-
tional approaches, we propose an alternative diffusion
method that incorporates an edge-sensitive detector. In
particular, the new edge detector is
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where K > 0 is a tuning constant; ¢ divides the image do-
main, 2, into two sub-domains: 1, flat regions (|Vu| — 0,
¢ — 1); and 2, edges (|Vu| — oo, ¢ — 0). Plugging (1)
into the general diffusion equation, we get the evolution
equation
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where A is a regularization parameter that establishes a
trade-off between denoising and original images; u, is
the original image. To comprehensively understand the
mechanics of (2) in the aspect of preserving image de-
tails, we further decompose it into tangential and nor-
mal components to the isophote lines, respectively de-
noted by urr and uyy. Note that urr propagates along the
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Fig. 1. Explicit numerical scheme.

contours and, thus, is responsible to protect edges. Our
desire is to achieve a proper balance between urr and
uny. Now, consider an arbitrary point (x,y) in the im-
age, and orthogonal vectors, T(x,y) = (uy,uy)/|Vu| and
N(x,y) = (—uy,uy)/|Vu| (inner product between T and
N is zero or < T,N >=0). Defining u;r = T'VZuT and
uny = N’V2uN, equation (2) can compactly be written
as

u_ (143 14258 - ()
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In (3), homogeneous regions (|Vu| — 0) receive linear
isotropic diffusion (d;u = urr + uny + A(u — u,)) that ef-
ficiently removes noise; and near boundaries (|Vu| — o0)
unn is weaker because its coefficient diminishes faster, and
urr dominates—a necessary condition to preserve edges.
Our model has another important property that it may in-
troduce backward diffusion, which sharpens edges [10,19],
in locations where

UNN

&K“'ﬂwi. (4)

3. Numerical implementation

We used a four-point neighborhood explicit scheme
(Fig. 1) to implement our model. Unlike implicit schemes
like adaptive operator splitting, which include relatively
harder implementation strategies, explicit schemes are
simpler, computationally efficient, and stable under
Courant-Friedrichs-Lewy criterion (0 < T <0.25; t is the
iteration step) [20].

Now, let us define gradients in the four directions of
the scheme—North, South, East, and West—respectively as
AN =t — Ui j, A =Ujjo1 = Ui jy A ;= Uipr,j— Ui j,
and A,V‘; =1U;_1,j — U; j, and corresponding conduction co-
efficients as
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Fig. 2. Flow diagram of the proposed method.
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The discretized divergence term is thus
. N S E w
leLj = CN,"inJ + CSi,]'Ai,j + CEiJAi’j + CWi’inJ,

and steepest descent implementation that iteratively mini-
mizes our objective function is

u"™Y =ul 4+ 7(divi” — 2@ — W) ) (5)
And edge maps are built up in every iteration as
] Ivu"|
B0 =)+ —E— ©
- (50)

Fig. 2 depicts the implementation diagram of the new
model.

A critical and challenging task in iterative methods, like
ours, is to establish a stopping mechanism. In this let-
ter, we have developed a new strategy to stop iterations
that uses peak-signal-to-noise-ratio (PSNR) [21] or mean-
structural-similarity (MSSIM) [22]. We discovered that as
an image evolves the curves for PSNR and MSSIM become
concave, and the maximum point of either curve signals
an optimal image and can, therefore, help to designate
an exit condition (Fig. 3). Assuming PSNR is used as a
stopping condition: let L' be the maximum PSNR, and
L™ and L"2 be the PSNR in the neighborhood of L%:1;
optimal conditions are achieved when (L1 — ["=2) x
(L™ — ™21y < 0. Note that this technique works well in
a simulation environment where the original image is

known.
4. Results
Visual results show that when images are heavily cor-

rupted by noise, most old edge detectors—particularly
Canny, LoG, TV, and PM—generate false and/or weaker
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Fig. 3. Stopping mechanism.

edges. Our method, however, produces well-defined and
stronger edges and efficiently suppresses unwanted arti-
facts (Figs. 4-6). These observations can be objectively
quantified in Tables 1 and 2, where our method yields
higher quality values.

5. Discussions

We quantified our results using an edge-similarity-
metric (ESIM) in [23,24], which addresses potential weak-
nesses of traditional quality metrics (which is that they fail
to measure the strength and quality of edges). The ESIM is
defined by

ESIM = PSNR(EM(u), EM(u,)), (7)

where EM(u) and EM(u,) are, respectively, the edge maps
of u (processed image) and u, (original image), and

P Q | max(uo) — min(u,)|*

P/_S\l\-ﬁ{=1010g10 ”u u ”2
— U5

is as defined in [24]; P and Q are horizontal and vertical
runs of either u or u,, respectively. An image with several
false edges possesses lower value of ESIM. Also, stronger
and well-distinguished edges raise the value of ESIM.
Tables 1 and 2 demonstrate that the proposed edge
detector is superior as it provides higher values of ESIM.
The ability of our edge detector to robustly identify and
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Fig. 4. Gradient-driven edge detectors versus our method (noise is additive of standard deviation 20).
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Fig. 5. Gradient-driven edge detectors versus our method (noise is additive of standard deviation 20).

highlight edges of noisy images is caused by nonlin-
ear properties of the well-crafted diffusion coefficient
in (1)—uniform smoothing in flat regions, which removes
noise; and anisotropic smoothing near edges, which pre-
serves edges. Furthermore, the new method extracts nat-
ural edges, then sharpens and strengthens them as it
possesses a backward-diffusion behavior, as equation (4)
depicts.

Additionally, the iterative process of the proposed
method converges faster and is stable because of its well-
behaved convexity property. To prove this, the energy func-
tional, p(s), from (2) is first derived. Thus, we solve the
problem

_[a —|—s)scl

p(s) = T2 4% (8)

Q
where s = J%L, and get p(s) = %ln(l +5%) + s — arctan(s).
For K > ﬁi p(s) is strictly convex because p”(s) =

142552
(L1552 > 0.

The major limitation of our method is that the param-
eter K, which controls smoothness and clarity of edges,
is manually chosen. The method may generate undesirable
results if K is inappropriate. In the future, we intend to ad-
dress the issue by developing an automatic mechanism to
select K.

6. Conclusion

This paper has proposed a diffusion-driven iterative
method to extract edges from noisy images. Both qualita-
tive and quantitative results demonstrate the effectiveness
of the method to generate stronger and clearer edges. As
the new approach is robust against noise, it can benefit
most computer vision tasks for real world scenes.

The next phase of the research is to use the proposed
diffusion equation in (2) as a regularizer to address the
ill-posedness of some inverse problems. In particular, we
shall start with the super-resolution image reconstruction
problem [25]; that is, solving the minimization problem
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Fig. 6. Diffusion-driven edge detectors versus our method (noise is additive of standard deviation 20).

Table 1
Edge similarity strength (ESIM) measurements of gradient-driven edge de-

Table 2
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Edge-similarity-strength (ESIM) measurements of diffusion-driven edge

tectors. detectors.

Image ESIM Image ESIM
Canny Sobel Prewitt LoG Ours TV PM Weickert Guo Ours
Synthetic  6.41 16.62 16.62 12.20 20.73 Contours 5.22 11.33 13.98 12.20 18.01
Natural 8.57 11.54 11.55 9.71 12.70 Peppers 4.73 5.51 6.50 8.09 16.33
Journey 6.42 5.70 5.13 10.12 16.84
Lena 4.20 417 4.15 9.93 15.89
House 4.01 4.01 4.00 8.11 1034
Cameraman 7.12 11.07 12.10 11.95 17.23

M
1 )
min mkzluyk—TkuuLz(Q)+||p(|Vu|)||p(g) SC)

where: T, degradation (transformation) matrix; and M,
number of degraded frames.
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