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1. Introduction

Edge detection techniques aim to extract the edges of objects within an image. It has been applied in various fields,
including computer vision, machine learning, and medical imaging [1,2]. Solving the edge detection problem in a reliable
way has been of prime interest for several decades and has produced an enormous number of publications.

There has been a large amount of operator-based methods developed for edge detection. For example, gradient
operators include Sobel operator [3], Roberts operator [4], Prewitt operator [5], and second-order differential operators
include Canny operator [6], and LOG operator [7]. However, these methods may lead to the loss of some geometric features
and corruption of edges in the original image because of gradient discretization. To address this issue, some methods have
been proposed to improve the accuracy of detected edges, including fuzzy algorithms [8], adaptive splitting algorithm [9],
wavelets [10], G-lets [11], and anisotropic diffusions [12-14]. In [15], a comprehensive comparison of various edge
detection methods for various image processing applications is provided. It is worth noting that edge detection becomes
very challenging when the original image has no salient edges or it is corrupted by non-Gaussian noise or a mixture of
several types of noise.

Another popular category of edge detection methods is to solve a minimization model which describes noise-reduction
and edge-detection properly and explicitly. One representative work is the popular Mumford-Shah (MS) model [16]:

min{E(u,F):u/ |Vu|2dx+v/(u—1)2dx+|F|}, (1)
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where I is a given image on an open bounded domain £ C R2, the minimizer u is expected to be a “good”
piecewise smooth approximation of I, and |I"| is the total length of the union of the targeted edges I'. Here n and
v are positive tuning parameters. It is difficult to solve the model explicitly because of the third term about the edge
length. Instead, many methods have been proposed to solve an approximate model of (1) which is easier to obtain the
minimizer. In particular, Ambrosio and Tortorelli proposed a I'-convergence approximation via the uniformly elliptic
functionals [17,18]. To overcome the over-segmentation of steep gradients, Blake and Zisserman proposed a variational
model based on second-order derivatives [19]. Later, Zanetti et al. combined the above two models to enhance the
detection effectiveness [20]. To detect open curves accurately, Wang et al. proposed the modified Mumford-Shah (MMS)
model by integrating the MS model with the binary level-set method [21], which is only effective for the Gaussian type of
noise. Recently, Shi et al. replaced the L, fidelity term by the L, fidelity term to enhance robustness to other noise types,
e.g., impulse noise [22]. To overcome the ill-posedness of the MMS model [23,24], Shi et al. has recently improved the
MMS model by adding a L regularization term of the edge and proposed the following model [25]:

min {M/ (1 — ¥ | Vuldx + B/(u —D?dx 4+ TV(y) + rf ledx}. 2)
wye@ | Jo 2 Jo o
The minimizer u belongs to the space of functions defined on £2 with bounded variations, denoted by BV(£2), and u is
expected to be a piecewise smooth approximation of I. The tuning parameters wu, v, T are positive. The binary level set
function ¢ = 1 if x € Ry, while ¥ = 0 otherwise. The closed region R, is generated by a regular current and its parallel or
offset curve ry (refer to [25] for the concrete definition of Ry). Experimental results show that the model (2) can identify
clear edges for both open and closed edges. In this method, a pre-smoothing step is implemented to enhance the accuracy
of edge detection in noisy images, and fast numerical algorithms are proposed to solve the model through a binary labeling
process. Note that all of the aforementioned models that improve the MS model are based on the intensity information
of the given image.

However, using the image intensity information alone may lead to undesirable results when the image has low quality,
missing intensities or overlaps with complicated background. As a remedy, prior knowledge of shapes can be taken into
consideration in these situations [26-28]. Especially in real-world applications, the shapes of objects are known a priori
in an image.

Recently, shape-based segmentation approaches have drawn considerable attention (see e.g., [29]), especially for
medical images [30,31]. Tsai et al. proposed a parametric model to implicitly represent the segmentation curve [32], but
the method can only control uni-modal shape densities. On the other hand, nonparametric methods have been proposed
to handle multi-modal shape densities [33,34]. Furthermore, Gloger et al. [30] and [35] improved the existing technique
for prior shape level set segmentation to delineate the liver in tissue-specific liver probability maps. These methods
typically minimize an energy function containing regularization, data fidelity and shape terms. More recently, Guo et al.
proposed the Automatic Prior Shape Selection (APSS) method for image segmentation based on the sparse representation
of a dictionary containing prior shapes [36]:

2
min{]llu STE W N WA L
subject to As+ w = v(h).

+0 [Vwll1+¢ ||S||1+W(h)}, (3)

Here v is the edge strength function of the image with range [0, 1], w is discrepancy, A is a dictionary that contains all prior
shapes, s contains the weights of prior shapes, h is the transformation between the detected edge and the approximated
shape represented by the dictionary, W(h) is a regularization term with respect to h, and n, p, 8, ¢ are positive tuning
parameters. However, since the detected edges especially on the corners are sometimes thick (see Figs. 2(b) and 2(f)), one
more post-processing step, i.e., thresholding the edge strength function v, is required to get the desired thin edges (see
Figs. 2(c) and 2(g)).

Inspired by Shi et al. [25] and Guo et al. [36], we propose a new edge detection model whose energy functional has the
advantages of accurate boundaries and prior shape information. This paper makes the following four major contributions.
Firstly, we present a novel variational model that takes advantage of the prior shape information together with the
intensity information for edge detection. The proposed model characterizes the relation between the prior shapes and
the detected edges. In fact, this method allows the adaptive learning of shapes through the iterative algorithm. Secondly,
we provide theoretical convergence guarantees of the proposed algorithm. Note that the standard ADMM convergence
analysis is not applicable here since the objective function in (5) is not jointly convex with respect to all variables. Thirdly,
our approach is robust which can deal with translation, uniform scaling and rotation of prior shapes in the given dictionary,
and it also works for multi-shape images. Lastly, the proposed framework is able to generate the desired edges by directly
solving a minimization problem without any post-processing steps.

The rest of the paper is organized as follows. In Section 2, we propose our new edge detection model using prior
shapes. In Section 3, we describe in detail an efficient algorithm based on ADMM for solving the minimization problem (5).
Section 4 provides convergence analysis of the proposed algorithm. Section 5 shows a variety of numerical experiments
to demonstrate effectiveness and robustness of the proposed approach in edge detection. Concluding remarks and future
work are given in Section 6.
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2. The proposed model

Before presenting the edge detection model using prior shape that we proposed in this paper, we need to introduce
the following notations. For the convenience, we vectorize an image by column-wise stacking.
Let I € R™ be the vectorization of the reference image, u € R™ a piecewise smooth approximation of I, and

¥ e [0, 1]~'"~" := I’ an edge strength function, i.e., a convex relaxation of the binary edge indicator function. Assume
that A € R™! s a dictionary which consists of I prior shapes such that
As+w +e = y(h), (4)

where w is the discrepancy between v/(h) and the approximated edge using the dictionary, h is the geometric transfor-
mation and e is additive noise. That is, the discrete noise-free edge strength function v/ € R™ can be decomposed into a
sparse linear combination of prior shapes and a piecewise constant part after registration. If no geometric transformation
is involved, then ¥ (h) is simply .

Motivated by the models (2) and (3), we propose a new variational model using prior shapes for edge detection as
follows:

. v y
. up;néler{u 11 =)@ IDull3 + 2 =115+ 2 1Yl + 1D Iy + B IDwly + e lslly + 5 lAs + w — wn%}. (5)
Here D = [D!,DI]" e R2?MixMh js the discrete gradient operator with the symmetric boundary conditions, © is
componentwise multiplication of two vectors.

The first term in the above model (5) can be further written as

I(1 =) © 1Dulll3 = [ Dy Dyul’ + | Dy Do (6)

Here Dy, = E — diag(y), where E is the identity matrix and diag(-) is the diagonalization operator which turns a vector
into a diagonal matrix. The model is robust to noise since that there are three total variation terms in the proposed
model, where the first, fourth, fifth terms which allow us to smoothen homogeneous areas of the recovered image while
preserving sharp edges. The last two terms in the proposed model (5) can be considered as shape terms, which essentially
evaluate the shape difference among the prior shapes in the given dictionary. One can see that seeking the solution of (5)
corresponds to the learning of edges that best fit the given prior shapes. In other words, the minimizer is achieved when
the prior shapes have been fully learned through an iterative algorithm.

In this paper, we consider three basic types of geometric transformations: translation, uniform scaling and rotation.
As rigid transformations, translation and rotation do not change lengths and angle measures. The uniform scaling
transformation stretches or shrinks a given object and thereby changes lengths and angles. However, the shape of a
geometric object will not be changed. That is, planar curves including lines, circles and ellipsoids are not changed under
the aforementioned transformations. But the position and orientation of the object will be changed. It implies that these
three types of transformations can be easily controlled. Further, more general affine transformations will be considered
in our future work.

3. Proposed algorithm

We focus in this section on the numerical algorithm of a solution of problem (5). A lot of algorithms have been proposed
in the literature for solving a similar problem, such as the Fast Total Variation deconvolution (FTVd) algorithm [37],
fixed point algorithm [38,39], Algebraic Multigrid (AMG) algorithm [40], ADMM [41], dual algorithm [42], gradient
projection [43,44], domain decomposition [45,46]. Many algorithms attempt to solve the edge detection problem in a
generalized level set framework to obtain numerical results easily. With no intent of being exhaustive, interested readers
are referred to [20,25,47,48] and the references therein for a comprehensive study. Since ADMM can solve decomposable
minimization problems efficiently and even lead to parallelization for large-scale problems, we design an algorithm by
applying ADMM to solve the proposed model (5). The proposed algorithm decomposes the original sophisticated problem
into several simple subproblems, whose solutions can be easily obtained with relatively low computational cost.

Similar to the methods in [49,50], we decompose the original problem into several simpler subproblems and solve
them in an alternating fashion. More precisely, by introducing the new variables x = (x1, x2), ¥, Z, g, we can reformulate
(5) as

. Vv
min { e lxallz + e llxaliy + 5 lu= 15 + 7 llglly + Iyl + B 1zl + e« lIsly

X1,%2,¥,Z
14
+ §I|A5+w—1/f||§ 1, (7)
subject to DyDiu=x1, DyDu=x,, Dy =y, Dw=1z, ¢ =q.
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Then we define the augmented Lagrangian function

%
L=plxlls+mlxls+ 5 o llu— 113+ llally + Iyl + B lizll; + e lIsly

||AS+U)—1/’||2+*Z’DV/Dm”_xm"}_xm“z e ||Dw—y+9||§ (®)

m=1
+%||Dw—z+zn§+%||w—q+a||§.

There are eight variables to be determined in (8), which lead to the following eight subproblems with respect to u, v,
q, s, w, Xm, y, Z, respectively:

e u-subproblem: For the fixed v, x,,;, and x,,,, we solve

muin{fﬁ(u) —||u—1||2+fZIIDmeu xm+><mllz} ®)

m=1

Yr-subproblem: For the fixed u, q, G, S, w, X, X, ¥ and y, we solve

2
. P - P 2, P 2 Y
rr‘l/,m{S(l//) ::?1 > Dy Duntt — xin + F |3 + ?2 Dy —y+9]; + 5“ v —a+d|; + = s 4w — wu;}.

m=1
(10)

e g-subproblem: For the fixed ¢ and g, we solve

min gl + 2 v —a+ ;. (an
e s-subproblem: For the fixed w and ¥, we solve

mina sl + 2 1As +w =y} (12)
e w-subproblem: For the fixed s, z, Z and ¥, we solve

n}jn—”As—i—w—l/sz—}-—||Dw—z+z||2 (13)
e Xy,-subproblem: For the fixed v, u and x,, with m = 1, 2, we solve

mmullxmllz—l——Z”Dv,D u—xm—i-xm”2 (14)

m=1

e y-subproblem: For the fixed ¥ and y, we solve

min Iyl + 2 [0y —y+3;.- (15)
e z-subproblem: For the fixed w and z, we solve

m1r1;3||z||1+— |Dw -z +z|. (16)

Despite the number of subproblems, each subproblem can be efficiently solved and some subproblems have the similar
solutions. Specifically, the closed-form solutions of (11), (15), (16)-subproblems can be expressed using the shrinkage
operator:

Q=Sgn(1ﬁ+(~1)®max{|1/f+(~1|—i,0}- (17)

y = sgn(Dyr +S')®max{|Dw +)~I|—;,O}. (18)
2

z=sgn(Dw+i)©maX{|Dw+i|—5,0}. (19)
3

Here sgn(-) is the signum function which returns the componentwise sign of the input vector. Once u™*!, x’fn“, Y oyt
w™ ! and z"*! are available, the Lagrangian multipliers X,,, y, Z and g can be updated via the following formulas:

Xl = &0+ (Dyne1 D™ = x0F1), m=1,2, (20)

m
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i’n+l — 911 + (Dwn+1 _ yn+1)’ (21)
in+l — in + (le’H—l _ Zn+1)’ (22)
an+l — an + (WH_H _ qn+1). (23)

The detailed process can be referred to [25,51,52]. Moreover, the s-subproblem (12) is a Lasso type of problem which
can be directly solved [41,53]. Below we elaborate on how to solve these four subproblems about (9), (10), (13) and
(14). Here we apply the fixed-point iteration method to solve the u-subproblem. ADMM is applied again to solve the
Y-subproblem and the w-subproblem. For the convenience of description, the image is written in matrix form in order
to solve these subsequent subproblems. In what follows, we present the respective method in detail for solving the u-,
Y-, w- and x,,-subproblems. To impose boundary conditions, especially non-periodic ones, we resort to the PDE based
methods by deriving an Euler-Lagrange equation in matrix form corresponding to the specific minimization problem.

3.1. Fixed-point iteration method for solving u

Due to the convexity of the objective function with respect to u, the problem (9) admits a unique minimizer. By
considering an image as a BV function defined on a rectangular region £2 C R?, we can get the following corresponding
Euler-Lagrange equation with the Neumann boundary condition:

— pdiv((1 = ¥’ Vu) + prdiv((1 — ¥)X) + v(u —1)=0, in £,

du (24)
- =0, on 2,

onlaye

where X = (x; — X1, X, — X3) = (X1, X») and n is the unit outer normal vector to the boundary 952.

As a measure of edge strength, the function ¥ takes small values in the homogeneous region, i.e., 1 — ¥ ~ 1. Hence,
inspired by the ideas in [14,54], we use a fixed-point iteration method [39] based on the relaxation technique to solve the
above elliptic equation. First we discretize the rectangular domain §2 by generating a uniform grid over 2. By the finite
difference scheme, we get the following discrete approximation of (24):

vitij = p1[(1 = ¥)F o (ijer — i) + (1= ¥ )7y (uijo1 — uiy)
+ (1- W),-zq,j(ui—l,j —u) +(1— W),-z+1,;(ui+1,j — ugy)]
— p1[(1 = ¥Ry — (1 = ¥)icaj(Ra)izn
+ (1= ¥)ij(Ra)ij — (1= ¥)ijorRaijor | + vliy, (25)
where u;; = u(i, j) is the approximate solution of (24) at the (i, j)th grid point. After applying the Gauss-Seidel method
to the system of equations (25), we get
(p1(Ce + Cw + Cy + Cs) + v)u;] uf ' = piC’ — piF + vl (26)
where
G=0-v", Gw=0-v",
v=0-y",;, G=0- w"xﬂj,
(= CEulj+1 + CWulj 1T CNuz 1,j + C5u1+1j’
F=[(1—¢ )1](X1)z] (1—1ﬁ Jim1j X])iij
+ (1 - Wk)u(;(g)u (1 - 1// )i,jfl(ig)ijfl]-
To speed up the iteration (26), we can use the relaxation technique. Let

k41 k k+1
Ui =up— ot (27)

where w; > 0 is the relaxation factor, and r"Jrl denotes the residue obtained by subtracting the right-hand side from the
left-hand side in (26), which approaches zero in the relaxed scheme. Combining with (27), we get the following updating
scheme:

u!‘j + o1(vl;j + piC' — piF)

uktt = : ) (28)
J 1+ wi[p1(Ce + Cw + Cy + Cs) +v]

3.2. ADMM algorithm for solving yr

The minimization problem (10) is a typical variational model which uses the total variation as the regularization term
and the L, fidelity term. Now we denote y = (y1, y2) and ¥ = (J1, y»). Then we can get the following equivalent iterative
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scheme

(ym 1y, yZ“)

—alrgmln—X:||D1,,Dmu—Xm—i-Xm“2 H 1 — Y1+}’1||2
V.y1.y2
+f”mw v+ 732 + Hw—q+ﬂb+§MM+wu—wM‘ (29)
and
yrl1+1 _ }7111 + (Dllﬁmq yq+1), (30)
P =35+ Doy — it GU

If we fix y; and y», the discrete Euler-Lagrange equation of (29) for v/ can be written as

2

2 2
1Y (Dt (Dptt)yr — p1 Y (D) (D) + p1 Y _(Ditt)* (X — i) (32)
m=1 m=1

= = m=1
— P2 AV + pa(¥ — q+ ) — p2DT(v1 — F1) — p2D5(y2 — ¥5) — y(As +w — ) = 0.

Following the same idea as the u-subproblem, we can apply the relaxation technique and get the following updating
scheme for ¥:

wk + @2 [Fk + '02(1//1+1] + wlkﬁlj + wzkfll + I'b-lijl )]

k1 _
vij = 5 k1 ’ (33)
T+w | py (Z(Dmu)*(Dmu)> +4p2+psty
m=1 ij
where w; > 0 is the relaxation factor and
2
Fi=p1y (Duu)(Dut) + palq — @) + p2D5(1 — 71) + p2D5(v> — 75)
m=1
2
+ y(As+w) = p1 Y _(Dptt)*(Xm — Xn). (34)
m=1
Similar to [48], to further enforce i € [0, 1], we define the truncation function
1, ¥v>1;
Tri(y)=1 ¢, 0y =1 (35)
0, ¥ <0,

which satisfies that ¥ € [0, 1].

3.3. ADMM algorithm for solving w

Similar to the y-subproblem, we can apply ADMM to get the solution w. We let z = (z1,2) and Z = (Z;, ;) and
use the same parameters ps, y as before. Here we skip the derivation but show the Euler-Lagrange equation for w as
follows:

— p3Aw — p3Di(z1 — Z}) — paD3(z2 — Z3) + y(As + w — ¥) = 0, (36)
Thus, the solution w of (36) is given by
+ 103(w,+1] + w4+ wk+11 + w; ]+1)

w1 i—1j
= N 37
g 4p3 +y G7)

where

F = psDi(z1 — 2}) + p3D3(z2 — 23) — y(As — ¥). (38)

Notice that there is no need to relax the w-subproblem, since the coefficient matrix of the linear system is positive
definite.
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3.4. Fixed-point iteration method for solving x,
Following the same idea as the u-subproblem, we can get the following Euler-Lagrange equation with respect to x;
and x;:
2uxm — p1 [(1 = YDl — Xy + X | =0, m=1,2. (39)
Then we have the following updating scheme for x,;, with m = 1, 2:
pr [(1 = i YOmu) " + Glis]

2u+p1
In summary, the proposed algorithm to solve the minimization problem (8) is described in the Algorithm 1.

k+1
(Xm )i,j =

(40)

Algorithm 1 Image edge detection with automatic prior shape selection

Inputs: reference image u°, parameters Uy v T, /3 o, y 1, ,02, p3, and pg.
Initialization: setl/rO—O $9=0,u’=0, yl y2 J’] y2_0 Xm=0,Xx,=0,3°=0,
Forn=0,1,

(a) Compute u"“ by solving (28);

b) Compute ¥"*! by solving (33), then set ¥"*! = Tr(y"*1);
c) Compute w™! by solving (37);

d) Compute s"*! by solving the Lasso problem;
e) Compute y™*! by the shrinkage formula (18);
(f) Update y"*' by (21);

(g) Compute z"+! by the shrinkage formula (19);
(h) Update z"*! by (22);

(i) Compute ¢"*! by the shrinkage formula (17);
(j) Update g"*' by (23);

(k) Compute x™"! by solving (40);

(1) Update X! by (20).

(
(
(
(

Exit when the stopping criteria are met.

4. Convergence analysis

In this section, we discuss the convergence of the proposed Algorithm 1. Since the entire algorithm has “inner” and
“outer” iterations, we first prove the convergence of the generated sequence to the solution of each subproblem. Then
we show the convergence of the proposed algorithm to the minimizer of the problem (5). Note that the convergence
rate of the Lasso problem has been discussed in [55]. Therefore, we can focus on the u-subproblem, ir-subproblem and
w-subproblem and show the convergence of each iterative scheme. The detailed proofs can be found in Appendix A.

Theorem 1. The sequence {u*}>o (resp. {¥*}k=0 or {w*}i=0) generated by the inner iterative scheme (28) (resp. (33) or (37))
converges to the solution u* (resp. ¥* or w*) of the problem (9) (resp. (10) or (13)).

Following the argument for the convergence analysis in [49,50], we can show the convergence of the full ADMM-based
algorithm. Notice that we can derive the first order optimality condition of (29) for the variables u, ¥, y, respectively:
p1D*((1 _ 1)[I*)ZDUTH»I) + un+1 _ 0
2
— 02D 49D (Dt (Dt )Y — 1) 49" — oD (y" —§") = 0,

m=1
pn+l + pz(yrH»l _ Dl/fn+1 _ 911) — 0’
yn+1 — 9n + (D¢n+1 _ yn+1)'

(41)

where
2

fd * (4% o* v 2
B = —pa(1=97) Y D6, — )+ 05 ™! = T1);

m=1

2y.
15);

2
- . P 2
I = py § ;(Dmu*)*(x; — %)+ S - g G+ g | As* + o — 1

Pl e 8|y”“|
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(a) (b) () (d)

Fig. 1. The sample shapes in the dictionary A.

Theorem 2. Let (u*, ¥*) be the pair of minimizers of the subproblems (9)-(10). Given w1, w; > 0 in (28) and (33), we have

lim S(y¥™")=S*), lim R@u")=Ru*), (42)
n—-+4o00 n—-+4oo
where S and R are the objective functions of the u- and yr-subproblems, respectively. Moreover, if the pair of minimizers
(u*, ¥*) is unique, we get

lim [|y" —¢*|| =0, lim [[u" —u*|| =0. (43)
n—o00 n—oo
We provide the detailed proof in Appendix B.

5. Numerical experiments

In this section, we provide a variety of numerical results to show the performance of the proposed model and algorithm.
All experiments are implemented using Matlab (R2016a) on a laptop with Intel(R) Core(TM) i5-8250U @1.60 GHz, 8.0 GB
RAM, Windows 10.

Edge detection can be considered as a process of learning fitting shapes from the prior shapes dictionary, which also
corresponds to the iterative process of solving the minimization problem (5). The images containing prior shapes in the
given dictionary are called the training images. Then the images that we want to detect edges are called the test images. A
test image usually contains one or multiple test shapes. For example, Fig. 2(a) has one test shape and Fig. 4(h) has three
test shapes. Every training image contains one prior shape (see Fig. 1). In order to describe the difference between the
test image (resp. test shape) and the training image (resp. prior shape), here we consider three basic types of geometric
transformations: translation, scaling and rotation. Especially, the scaling cases include two types. For the sake of discussion
simplicity, we consider the following four cases for various test and training images:

S1. The size of the test image is the same as that of the training images. For example, the size of Fig. 1(a) is the same
as that of Fig. 2(a).

S2. The size of the test shape in the test image is the same as that of the prior shapes in the training images. For
example, the size of the star in Fig. 2(a) is the same as that of the star in Fig. 1(a).

T. The center of the shape in the test image lies in the same position as that of the prior shape in the training images.
For example, the center of the star in Fig. 2(a) matches that of the star in Fig. 1(a).

R. The shape does not rotate an angle comparing with the prior shape in the training images (see the star in Fig. 4(a)
and the star in Fig. 1(a)).

In the following examples, we set the stopping criteria by using the iteration numbers I;,, I, and the relative error

”un+1 —u" ”1

<, (44)
Jurt])

where 1 > 0, I;, is the number of inner iterations, I, is the number of outer iterations. The iteration process is terminated
when the prior shapes specified have been learned well. To show the robustness of our algorithm, we set n = 1074, & = 1,
v=10271=10"1,8=10%a=5x 10",y =10%, 0; =5 x 1074, wy = 1, p; = 10%, p, = 1, p3 = 10%, ps = 10?,
Iin = 10, I,y = 11 in the all experiments. Since there are only few shapes in a test image, the dictionary A can be reduced
in this experiment as long as the edge of the target object is detected. Our dictionary consists of 26 training images with
different types of shapes, such as star and tortoise. All of the training images have the same size (356 x 320). Some of
them are shown in Fig. 1.

5.1. Experiment 1
To begin with, we consider the simplest case when the test image and the training images satisfy S1, S2, T, R.

As mentioned above, the proposed model (5) is closely related to the APSS [36]. So we first test two images from [36]
to compare the results by our method and APSS. One image has a star partially occluded by the background rectangles,
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Fig. 2. Column 1: the input images; Column 2: the output edges strength function v by APSS (3); Column 3: the extracted edges being post-processed
with APSS (3); Column 4: our detect edges 1 — v for the convenience of performance comparison.
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Fig. 3. Row 1: the contaminated images. Row 2: the detected edges .

and the other image has a star with missing parts and contaminated by the Gaussian noise with zero mean and standard
deviation § = 0.8.

In Fig. 2, one can see that our method and APSS can supplement the insufficiency of input data by learning a shape
from the dictionary. However, our method yields results different from APSS in several aspects. Firstly, our result has
clearer edges especially for the corners. Secondly, the edges of APSS need to be post-processed by hard thresholding but
the proposed method can directly get thin edges without post-processing. To compare with APSS, we also visualize the
detected edges by setting the image intensities as 1 — ¢ in Fig. 2. Note that ¢ is one on edges and zero otherwise in (5).

5.2. Experiment 2

In the second experiment, the test images and the training images still satisfy $1, S2, T, but fail to meet R. To show the
robustness of our model, the test images are created by adding different kinds of degradations to the original image (see
Fig. 3). Fig. 3(a) is a star degraded by many lines. The center of star in Fig. 3(b) is partly covered by a black area. Fig. 3(c)
is surrounded and overlapped by some little stars which are not in the given dictionary. Fig. 3(d) is a tortoise, which is
contaminated by some stars.
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(e) (f) (8) (h)

Fig. 4. Row 1: the contaminated images. Row 2: the detected edges .

In Fig. 3(e), we can clearly find the missing part of the image in Fig. 3(a). The contaminated part (see Fig. 3(f)) is visible.
For the images with complicated background (see Figs. 3(c) and 3(d)), our model can also extract the desired edges (see
Figs. 3(g) and 3(h)).

5.3. Experiment 3

In practice, a test image may not have the same size as the training images in the dictionary. Therefore, we consider
the test image and the training images do not meet S2-T (see Figs. 4(a), 4(c)). In Fig. 4(a), the test image is of 712 x 640
which is larger than the training images in the given dictionary, where each training image is of 356 x 320. Fig. 4(b) is a
star with rotation and contaminated by many lines. In Fig. 4(c), one angle is missing and the star is translated and rotated.
Then we also test a multi-shape image with a complicated background, where the two different stars and one tortoise are
included in the dictionary (see Fig. 4(d)). It implies that multi-shape image edge detection can be done by solely solving
a minimization problem if the detected shapes are stored in the given dictionary in advance.

Fig. 4 shows that our model can get clear and complete edges from the training images with translation, scaling and
rotation. Moreover, the edge of each shape can be detected with high accuracy in a multi-shape image as illustrated in
Fig. 4(d).

5.4. Experiment 4

Fig. 5 shows the results of the four test images degraded by different noises. Figs. 5(a) and 5(b) are both contaminated
by the Gaussian noise with zero mean and standard deviation § = 0.1. In Fig. 5(a), the test image is translated and contains
a large region of missing intensities. Fig. 5(b) is contaminated by many lines without translation. Fig. 5(c) is degraded by
the mixed noises which combines the Salt & pepper noise with density 0.3 and the Gaussian noise with zero mean and
standard deviation § = 0.3. In Fig. 5(d), the test image containing three prior shapes is contaminated by the Salt & pepper
noise with density 0.02 and the Gaussian noise with zero mean and standard deviation § = 0.01.

From Fig. 5, we can clearly observe that the edges are detected accurately with all noise suppressed. It shows that our
model can deal with different types of noise, even excessive or mixed noises (see Fig. 5(c)). Since there is serious noise,
some parameters are modified as © =90, v =103, 7 =0.19, « = 107%, y =80, w; = 6 x 1074, B = 104, p, = 1072
and p; = 10, and the others are the same as above.

5.5. Experiment 5

Fig. 7 shows the edge detection results of gray images with more gray levels. Fig. 7(a) is the original ‘mushroom’
image of size 356 x 320 that is downloaded from the Berkeley image segmentation dataset (see the website: http:
//imageprocessingplace.com/root_files_ V3/image_ databases.htm). The intensities of the ‘mushroom’ image range from 0
to 255. The top left of the ‘mushroom’ images in Figs. 7(c) and 7(d) are partly covered by a gray area. Figs. 7(b) and 7(d)
are polluted by the mixed noises which are Salt & Pepper noise with density 0.02 and Gaussian noise with zero mean
and standard deviation § = 0.08. From the detected edges (see the second row in Fig. 7), one can clearly observe that all
noises have been removed and the edges are detected significantly and completely.

To evaluate the performance of the proposed algorithm, we also show the standard edge images from the dataset in
Fig. 6. We can see that more detailed edges are detected.


http://imageprocessingplace.com
http://imageprocessingplace.com
http://imageprocessingplace.com
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(b) © (d)

(e) (f) (8) (h)

Fig. 5. Row 1: the contaminated images. Row 2: the detected edges .

(a) (b) (c) (d)

Fig. 6. The detected edges v/ in Berkeley image segmentation dataset.

(b)

(e) (f) (2) (h)

Fig. 7. Row 1: (a) the original image; (b) noisy image; (c) partly covered image; (d) partly covered image polluted by mixed noises. Row 2: the
detected edges V.

5.6. Experiment 6
In the sixth experiment, the test images are the binary image (Fig. 8(a)) and the real ‘bird’ image (Fig. 8(e)) of size

356 x 320 that is also downloaded from the Berkeley image segmentation dataset. The intensities of the ‘bird’ image
range from 0 to 255. Figs. 8(b) and 8(f) are the detected edges by our model when the dictionary contains the prior shape
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(a)

(e) () (2) (h)

Fig. 8. Column 1: the original images; Column 2: detected edges by the proposed method with prior shape of the target in the library; Column 3:
detected edges by the proposed method without prior shape of the target in the library; Column 4: detected edges by the proposed method without
any prior in the library.

Table 1

Test times for different images.
Image  Fig. 3(b)  Fig. 4(c) Fig. 5(h)  Fig. 6(a)  Fig. 6(b)  Fig. 6(c) Fig. 6(d) Fig. 7(a)  Fig. 7(h)
Time 20.65 s 19.15 s 1389 s 1430 s 20.76 s 2049 s 18.98 s 16.27 s 16.30 s

of the target image. Figs. 8(c) and 8(g) are the detected edges when the dictionary does not contain any prior shape, that
means the dictionary is empty. Figs. 8(d) and 8(h) show the detected edges when the dictionary does not contain the
prior shape of the target image. It means that there is no shape in the dictionary to match the image, then s should be
0. Our algorithm is still able to detect all of the edges of the original image, not limited to the edge of the target (see the
last columns of Fig. 8). Shapes that are not included in the dictionary could be removed as noise.

For the above six experiments, we compare computational times in Table 1. On the one hand, one can observe that it
takes a little longer when we dealt with large coverage areas, rotations and mixed noises such as shown in Figs. 3(f), 4(g),
7(f) and 7(h). On the other hand, the whole experimental process is done using Matlab(R2016a) on a laptop with Intel(R)
Core(TM) i5-8250U @1.60 GHz, 8.0 GB RAM, Windows 10. Due to the separable subproblems of the proposed algorithm,
the computational time can be significantly reduced by using the parallel computing capability of GPUs, which is part of
our future work.

Finally, we show that our approach is robust to the selection of parameters and tested a large amount of parameters.
A basic selection guide for these parameters can be found in [25]. Larger u or smaller v, i.e., more weights on the
regularization term, results in a smoother restored image and fewer edges in i, so we keep the optimal value of x/v
in all experiments. The parameter 7 is set to be less than 0.5 especially for noisy images. Larger 8 produces smoother
restored image, so we typically set 8 to be larger than 10. If g8 is too small, then some edges may not be detected well
such as the missing left-upper angle in Fig. 5(a). The smaller o implies sharper edges, so « is set to be less than 5 x 1074,
The relaxation parameters wq, w, usually are set to be smaller than 1. To sum up, various experiments have shown that
the proposed approach is robust and can effectively generate edges with satisfactory visual qualities.

6. Conclusions

In this paper, we propose a novel variational model to detect edges in an image based on the prior shapes that are
stored in a shape dictionary. Due to the complexity of the proposed model, we derive an efficient numerical algorithm
based on ADMM. Each subproblem can either be converted to solving a Euler-Lagrange equation or be solved by the
shrinkage operator. The detailed convergence analysis of the proposed algorithm is provided. A variety of numerical
experiments show that the proposed method is able to extract edges from a given image with the guidance of prior
shapes regardless of noise types and geometric transformations. It also performs well for the edge detection of an image
with multiple objects. Furthermore, this framework can be extended for object recognition and various related real-world
applications in the future.
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Appendix A. Proof of Theorem 1

The proof is motivated by the idea in [50]. Here only the convergence analysis for the u-subproblem is provided, as
the other two subproblems can be discussed similarly. We begin the discussion by rewriting the iterative scheme (28) as

[1+ (,01(CE+CW-i-CN-i-Cs)-i-V)]Uk+1 —p1w1CWu,] 1 ,01w1CNU:<+111

2
= Uﬁj + P1w1CsU;‘+1J + plwlcfuﬁjﬂ + (o1 ZDwD*m(Xm — &m))ﬁj + vaorliy, (42)
m=1
where
G=0-9 Gw=0-v%_,,
v=(1—v" 1 G=0-v"%;
Thus it can be rewritten in a matrix form
(L+D+ 0" =(E+D+ U)W +G+1. (46)

Here E is the identity matrix, U* is obtained by stacking entries of y" column-wise. Similarly, the vectors G,f are also
obtained by stacking the corresponding matrix entries. The matrices U, U, D and D are lower or upper triangular matrices
with the respective nonzero off-diagonal entries [25]. The matrix L is a diagonal matrix with diagonal entries

Lij =14 w101(Cc + Cw + Cy + Cs) + wqv. (47)
Suppose that X is an eigenvalue of the iteration matrix
A=(L+D+UyYE+D+U)=(a;)). (48)
According to the Hadamard theorem, there exists one integer k such that
|awi| < |A] Z || + Z |ai. (49)
Jj=k+1
Thus, we have A < 1.
That implies klim u¥ = u*. The convergence discussions about the sequences {y*} and {w*} follow the same argument
— 00
as above.

Appendix B. Proof of Theorem 2

Let ¢* be the exact solution of the problem (10). Considering the first order optimality condition, y/* satisfies
2
*\ % * * 1% * - 7 %

pr Y (DY (D)) (0" = D+ 0 (S 1D —y +§1) + 7" =0, (50)

m=1
for the fixed u* and
2
"= o YOt (i = Xp) + 0 (B — a4 215 + T ias” + 0" - 7 13). (51)
m=1

Similarly, let u* be an arbitrary exact solution of (9). By the first order optimality condition, u* satisfies
piD* (¥ = 1’Du) + & = 0, (52)
with the fixed ¥* and

i = —pi(1— ¥ ZD* n =)0 (S0 —113). (53)
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Therefore, we have that (u*, ¢*,y*, p*) must satisfy

piD* (1 = y*PDu*) + " = 0,
2
— AV + py (Z(w* - 1)(Dmu*)*(nmu*)> + " — D'y —§°) =0,
m=1
P* + o2y — DY —y) =0,
=y +Dy*—-y).
The above Egs. (54) show that (u*, ¢*,y*, p*)is a fixed point of (41). Denote the errors by
ug :un_u*’ w;’l :,(//n_,(//*’
=i g = -
p=p"—-p. ¥, =V -V".
Y. =Yy -y
Subtracting the second equation of (41) from the second equation of (54), we obtain
2

—02 AT+ pry (Dt (Dptt*) (W™ = 1) — (¥* — 1)) +90 ! — poD*(yi —§2) = 0.

m=1

By taking the inner product of both sides of the above equation with 1//6'“’1, we get

2
P2V + ol P Y (Dt (D) + (P2 )

— (0D (s = ¥2). ¥ty =0.
Applying the same technique to the third equation of (41) and the third equation of (54), we obtain
n+1

®5 V) + oallye TP = ooyt DY 40 =
Summing up (56) and (57), we get

p2IDY 2 + pr et Z(Dmu (Dmt*) + (et ™) + (02, o)

m=1
+ o2llVe 1P = o2 (DY YT 0 + pa (DY — it ¥ =0

Furthermore, by subtracting the fourth equation of (41) from the fourth equation of (54), we obtain
yn+1 — y + D‘/[n+1 n+1
e e 9
which leads to
1925112 = 192117 + 1Dy —ye 12 + 295, Dyt —yi ).
That is,
¥, Dy -yt = (||~”+l|| — I¥211%) - ||D1/f"“ /[

Substituting (61) into (58), we have

(”ye”Z 192117

= p2 DY + prllyd P ZDm Dott®) + (P41, i)

+(pr, yot!

)+ pallye P — (pleﬁ”“, vy - = IIDI/f”+l /i G
Then, by summing up the above inequalities from O to N, we obtam

P2, ~ ~

5 CIS2I% = 19"1%)

—mZZ Dtt* (Dt 97+ |2 +Z I et

n=0 m=1 n=0

1657

(54)

(55)

(56)
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N
P2 P2
+Hel ¥+ S (Z 1D = vl + ||y5“||2> - S Ivel®. (63)

n=0

Noting that all terms involved in (63) are nonnegative, and the facts 0 < ¥* < 1, |-| and | - ||* are convex, we derive that

(||ye||2+||ye|| >p1ZZ(Dmu (Dpu* ||w"“||2+2 RN

n=0 m=1 n=0

+ (Bl i) + ( > IDyIt -y + 5 ||y”“||>. (64)

n=0
Firstly, (64) leads to

Z Z Dott*)* (Dt < 00, (65)

n=0 m=1

which, together with Theorem 1, implies

2
lim > (Dpt" Y (D)™ — 3> = 0. (66)
n—oo
m=1
Denote the first term in (5) by
F) = pllIpu"l © (¥ = DIS. (67)
By the nonnegativity of the Bregman distance, we have lim Bl;‘”(w", v*)=0,ie,
n—oo
Tim (7" = F) = (D" © (v = 1), 9" = ¥ ) = 0. (68)
Secondly, (64) leads to
N
> el i) < +oo, so lim (pf. yit') = 0. (69)
n—oo
n=0

Associating it with the nonnegativity of the Bregman distance (see [49,56]), we obtain
lim (ly"| — ly*| — (y" —y", p))=0. (70)
n—oo
N

Thirdly, (64) leads also to Z DY — |12 < oo, which means
n=0

lim [|Dy ! — y2|2 = 0. (71)

n—oo
By Dy* = y*, we have

lim [Dy""" —y"|| = 0. (72)

n—oo
Moreover, by the continuous property of |-|, we obtain

lim (|Dy"| = IDY*| — (Dy" = Dy, p")) =0. (73)
Similarly, we have

Jim (Hy (") = Hy (") = (0" = 9™, 97)) = 0. (74)
Combining (68), (73), (74) and (50), we have

lim (F(y") + 1DY"| + Hy(¥") = F(¥*) + DY | + Hy (). (75)
This gives the first equation in (42). In the similar way as above, by denoting the first term in (9) be G(u), we have

lim (") + Hy(u")) = Gu") + Hu(u"), (76)

where we have used the formula (52). This gives the second equation in (42).
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Next, we prove the second equation in (43) by assuming that (9) has a unique solution. We prove that by contradiction.
Assume that the second equation in (43) does not hold, which implies that there exists a subsequence u" such that
lu™ — u*|| > € for some € > 0 and for all i. Let ¢ = tu* 4+ (1 — t)u™ with t € (0, 1). By the convexity of iR and u* is the
unique minimizer of N(u), we have

Ru™) > tRW*) + (1 — ORW™) > R(c) > min{R(u) : ||[u — u*| = €}. (77)
Denote
u=arg muin{SR(u) Clu—ut| =€l (78)

By applying the second equation in (43), we have
R(u*) = lim R(u") > R(u) > Ru*), (79)
1—00

which is a contradiction.
The first equation in (43) follows the same arguments as above.
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