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Abstract— In this paper image segmentation problems are 

solved by using the level set methods. Level Set Methods are 

involves to optimize the contour space and cost functional is 

minimized. Gradient descent methods are often used to solve this 

optimization problem since they are very easy to implement and 

applicable to general no convex functional. They are, however, 

sensitive to local minima and often display slow convergence. 

Traditionally, cost functional has been modified to avoid these 

problems. In this paper, I propose level set based image 

segmentation using momentum and resilient propagation. The 

proposed methods are very simple modifications of the basic 

method, and are directly compatible with any type of level set 

implementation. This approach consists of using the algorithmic 

core for processing images to detect parameter sensitivity is 

investigated. 

Index Terms—Active contour, gradient methods, image 

segmentation, level set method, optimization. 

I. INTRODUCTION 

One of the most important operations in Computer Vision 

is segmentation [1]. Segmentation is the task of recognizing 

objects in an image. The rest of the image is background. The 

aim of image segmentation is the domain independent 

partition of the image into a set of regions which are visually 

distinct and uniform with respect to low level information, 

such as gray level, texture or colour. The output of this is used 

as input in high level processing such as object recognition, 

scene analysis etc. Generally segmentation methods are 

based on two basic properties of the pixels in relation to their 

local neighborhood: discontinuity and similarity. Methods 

based on some discontinuity property of the pixels are called 

boundary based methods, whereas methods based on some 

similarity property are called region-based methods. 

Unfortunately, both techniques often fail to produce accurate 

segmentation [2]. Image segmentation is used in various 

applications. For all the applications, a single method cannot 

produce the produce desired results. It is all due to the image 

have different property and some ther factors also like noise, 

brightness etc. image segmentation simplifies and changes 

the representation of an image, i.e., the image is transferred 

into something that is more meaningful and easier to analyze. 

A very popular and powerful approach by level set method 

for solving image segmentation problems is through the 

calculus of variations. In this setting the solution is 

represented by a contour, which parameterizes an energy 
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functional depending on various image based quantities such 

as intensities or gradients. In general, the set of possible 

contours constitutes the solution space, where the goal is to 

find the contour which extremizes the energy in this space. 

As an optimization problem, there are many possible 

strategies to find this solution. One approach is to use the 

method of graph cuts to find a global optimum. However, this 

can only be applied to a small class of energy functional. 

Along the same direction, this paper presents an alternative 

search strategy for the optimization solver .Where a simple, 

but effective, modification to gradient descent was proposed. 

The idea is to add momentum to the motion in solution space, 

allowing the search to avoid local optima and accelerate in 

favorable directions, and updating the step-sizes that gives 

acceptable convergence performance.  

In this paper, we apply this to image segmentation in a 

variational framework using level set methods. The results 

show faster convergence and less sensitivity to local optima. 

The paper will proceed as follows. In section 2, we describe 

the idea of general level set method, section 3 presents Active 

contour. In Section 4, we describe the idea of gradient 

descent with momentum and resilient propagation in a 

general setting. Then, Section 5 presents how this idea can be 

used to solve segmentation problems in a level set 

framework. This is exemplified in Section 4 and Section 6 

where we give implementation details and compute 

segmentations given a common energy functional. Finally, 

section 7 discussion Section 8 concludes the paper and 

presents ideas for future work. 

I. LEVEL SET METHOD  

The Level set method is a numerical technique for 

tracking interface & shapes, the advantages of the level set 

method is that one can perform numerical computations 

involving curves and surfaces on a fixed Cartesian grid 

without having to parameterize these objects(also called the 

Eulerian Approach) Level set methods make it very easy to 

follow shapes that change topology. This method is a great 

tool for modeling time varying objects, like inflations of a air 

bag or a group of oil floating in water. 

={(x,y)|(x,y)=0}---(1) 

The two dimensions that level set method amounts to 

representing a closed curve’’ using an auxiliary function  

called the level set function  is represented as the zero level 

set of   by eq(1). If  value is +ve region delimited by the 

curve, if value is  -ve outside the curve. 

 
t




=v||        --- (2) 

If the curve  moes in the normal direction with a speed 

‘v’then the level set function  satisfies the level set eq(2). 

Segmentation should stop when the region of interest (ROI)in 

the application have been isolated.  
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Due this property of problem dependence autonomous 

segmentation is one of the most difficult tasks in image 

analysis. Noise and mixed pixels caused by the poor 

resolution of sensor image make the segmentation problem 

even more difficult. 

II. ACTIVE CONTOUR 

 Early variational methods, such as Snakes and Geodesic 

Active Contours [1]–[4], often have boundary based terms 

such as an edge map. A parameterized curve, the active 

contour, is evolved according to the minimization of the cost 

functional until it converges to an equilibrium state 

representing the resulting segmentation. Later variational 

methods often include terms which are more region-based, 

allowing segmentation of objects without distinctive edges. 

These methods are often based on the Mumford-Shah 

segmentation model [5] where the image is partitioned into 

piecewise smooth regions with short boundaries. Chan-Vese 

used this model together with implicit contours represented by 

level sets [6]–[9]. This made the optimization problem easier 

and it naturally handles segmentation topology changes. In 

order to solve the optimization problem in level set 

segmentation methods, the gradient descent method is very 

often used. It deforms an initial contour in the steepest 

(gradient) descent of the energy. The equations of motion for 

the contour, and the corresponding energy gradients, are 

derived using the Euler-Lagrange equation [10] and the 

condition that the first variation of the energy functional 

should vanish at a (local) optimum. Then, the contour is 

evolved to convergence using these equations. The use of a 

gradient descent search commonly leads to problems with 

convergence to local optima and slow convergence in general. 

The problems are accentuated with noisy data or with a 

non-stationary imaging process, which may lead to varying 

contrasts for example. The problems may also be induced by 

bad initial conditions for certain applications. Traditionally, 

the energy functional have been modified to avoid these 

problems by, for example, adding regularizing terms to handle 

noise, rather than to analyze the performance of the applied 

optimization method. This is however discussed in [11], [12], 

where the metric defining the notion of steepest descent 

(gradient) has been studied. By changing the metric in the 

solution space, local optima due to noise are avoided in the 

search path. 

III. GRADIENT DESCENT WITH MOMENTUM AND 

RPROP 

Gradient descent is a very common optimization method 

which appeal lies in the combination of its generality and 

simplicity. It can be applied to all cost functions and the 

intuitive approach of the method makes it easy to implement. 

The method always moves in the negative direction of the 

gradient, locally minimizing the cost function. The steps of 

gradient descent are also easy to calculate since they only 

involve the first order derivatives of the cost function. 

Unfortunately, as discussed in Section I, gradient descent 

exhibits slow convergence and is sensitive to local optima. 

Other, more advanced, methods have been invented to deal 

with the weaknesses of gradient descent, e.g. the methods of 

conjugate gradient, Newton, Quasi-Newton etc, see for 

instance [31] for a review of continuous numerical 

optimization methods. To improve the convergence rate and 

the robustness against local optima for the gradient descent 

search, while avoiding the complexity of more sophisticated 

optimization algorithms, methods like gradient descent with 

Momentum [26] and Rprop [27] were proposed. The starting 

point of our derivation of the proposed methods is the 

following description of a standard line search optimization 

method:  

                                        xk+1=xk+ sk      ----(3) 

 

                                   sk= αk pˆk              -----(4) 

where xk is the current solution, skis the next step consisting 

of length αk and direction. To guarantee convergence, it is 

often required that pˆk is a descent direction while αk ≥ 0 

gives a sufficient decrease in the cost function. A simple 

realization of this is gradient descent which moves in the 

steepest descent direction according to pˆk= − 


 fk, where f 

is the cost function, while αk satisfies the Wolfe conditions 

[31]. 

A. Momentum Method 

Turning to gradient descent with Momentum, we will adopt 

some terminology from the machine learning community and 

choose a search vector according to: 

                             sk= −η(1 − ω)∇ fk+ ωsk−1  ------(5) 

where η is the learning rate and ω ∈ [0, 1] is the momentum. 

Note that ω=0 gives standard gradient descent sk=−η∇ fk, 

while ω = 1 gives “infinite momentum” sk= sk−1. The 

intuition behind this strategy is that the current solution xk 

has a momentum, which prohibits sudden changes in the 

velocity. This will effectively filter out high frequency 

changes in the cost function and allow for larger steps in 

favorable directions. Using appropriate parameters, the rate 

of convergence is increased while local optima may be 

overstepped. 

B. Rprop Method 

In standard implementations of steepest descent search, 

αk=α is a constant not adapting to the shape of the 

cost-surface. Therefore if we set it too small, the number of 

iterations needed to converge to a local optimum may be 

prohibitive .On the other hand, a too large value of α may 

lead to oscillations causing the search to fail. The optimal α 

does not only depend on the problem at hand, but varies along 

the cost-surface.  In shallow regions of the surface a large α 

may be needed to obtain an acceptable convergence rate, but 

the same value may lead to disastrous oscillations in 

neighboring regions with larger gradients or in the presence 

of noise. In regions with very different behaviors along 

different dimensions it may be hard to find an α that gives 

acceptable convergence performance. The Resilient 

Propagation (Rprop) algorithm [27] was developed to 

overcome these inherent disadvantages of standard gradient 

descent using adaptive step-sizes k called update-values. 

There is one update-value per dimension in x, i.e. dim(k)= 

dim(xk). However, the defining feature of Rprop is that the 

size of the gradient is never used. Only the signs of the partial 

derivatives are considered in the update rule. Another 

advantage of Rprop, very important in practical use, is the 

robustness of its parameters; Rprop will work out-of-the-box 

in many applications using only the standard values of its 

parameters [32].We will now describe the Rprop algorithm 

briefly, but for implementation details 

of Rprop we refer to [28]. 
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 For Rprop, we choose a search vector   sk according to: 

sk = −sign (∇ fk)∗ k   --------(6) 

where k is a vector containing the current update-values, 

a.k.a. learning rates, * denotes elementwise multiplication 

and sign(·) the elementwise sign function. The individual 

update value 
i

k
 for dimension i is calculated according to 

the rule: 

1

1

1

1 max

1 min

1

min( , , ) . 0

max( , , ) . 0

, . 0

k k

k k

k k

i i i

k f f

i i i i

k k f f

i i i

k f f

 

Where 
i

k
 denotes the partial derivative i in the gradient. 

Note that this is Rprop without backtracking as described in 

[28]. The update rule will accelerate the update-value with a 

factor η+ when consecutive partial derivatives have the same 

sign, decelerate with the factor η if not. This will allow for 

larger steps in favorable directions, causing the rate of 

convergence to be increased while decreasing the risk of 

convergence to local optima. The convergence rate behavior 

of Rprop is illustrated in Fig. 2 when run on the examples in 

Fig. 1 as before. In both examples the Rprop method 

succeeds in reaching the global minimum neighborhood 

within ten  terations. It passes the area with small gradients 

quickly since it only uses the signs of the gradient 

components, not the magnitude. In areas with smooth 

gradients it will in addition accelerate the step lengths. This 

adaptively makes it less sensitive to the initial step length 

which can also be seen in the example.  

II. ENERGY OPTIMIZATION FOR SEGMENTATION 

The calculus of variations where an energy functional is 

defined representing the objective of the problem. The 

extreme to the functional are found using the Euler-Lagrange 

equation [10] which is used to derive equations of motion, 

and the corresponding energy gradients, for the contour [33]. 

Using these gradients, a gradient descent search in contour 

space is performed to find a solution to the segmentation 

problem. Consider, for instance, the derivation of the 

weighted region (see [33]) described by the following 

functional: 

f (C ) =  ----(8) 

where C is a 1D curve embedded in a 2D space, C is the 

region inside of C, and g(x, y) is a scalar function.  This 

functional is used to maximize some quantity given by g(x, y) 

inside C. If g(x , y) = 1 for instance, the area will be 

maximized. Calculating the first variation of Eq.3 yields the 

evolution equation  

                   -------- (9) 

 where n is the curve normal. Using g(x, y) =1 gives the 

commonly known “balloon force,” which is a constant flow 

in the (negative) normal direction. The contour is often 

implicitly represented by the zero level of a time dependent 

signed distance function, known as the level set function.The 

level set method was introduced by Osher and Sethian [6] and 

includes the advantages of being parameter free, implicit and 

topologically adaptive. Formally, a contour C is described by  

             C = {x : φ(x, t) = 0}.   

 The contour C is evolved in time using a set of partial 

differential equations (PDEs). A motion equation for a 

parameterize curve eq(1)and eq(2). .  

Using Momentum and Rprop for Minimizing Level Set Flows 

We have noted that evolving the contour according to the 

Euler-Lagrange equation yields a gradient descent search. 

Recall that each contour can be represented as a point inthe 

solution space. Thus, we can approximate the direction of 

the gradient by computing the vector between two 

subsequent 

points. In the level set framework we achieve this by taking 

the difference between two subsequent time instances of the 

level set function, representing the entire level set function as 

one vector,      φ(tn): ∇ f (tn) ≈  φ(tn) − φ(tn−1)         

                             t         ------(10)              

where φ(t) is the level set function corresponding to the 

image, t = tn− tn−1 and ∇ f is the gradient of a cost function f 

with respect to φ. We can now present the update procedures 

for the Momentum and Rprop methods. Note that the 

required modifications to the standard gradient search 

algorithm are very simple and are directly compatible with 

any type of level set implementation. This makes it very easy 

to test and evaluate the proposals in your current 

implementation. 

1) Level Set Updates: For the Momentum method, we 

follow the ideas from Section II-A and incorporate a 

momentum term in the update of the level set function: 

 

 

               -------- (11) 

 

                                                              ------ (12) 

 

For the Rprop method, we can just use Eq. 13 instead of Eq. 

11. In Eq. 13 we use the update values estimated by Rprop as 

described in Section II-B 

 

                                                                                           

----(13) 

 

where *, as before, denotes elementwise multiplication and 

sign(·) the elementwise sign function.  

 

The complete procedure works as follows: 

 

1) Given the level set function φ(tn−1), compute the next 

(intermediate) time step   

φ(tn). This is performed by evolving φ according to a PDE 

(such as Eq. 9) using standard techniques (e.g. Euler 

integration). 

2)  Compute the approximate gradient by Eq. 10. 

3)  Compute a step s(tn) according to Eq. 11 or Eq. 13 for 

the Momentum and Rprop method respectively. 

4) Compute the next time step φ(tn) by Eq. 12. Note that 

this replaces the intermediate level set function 

computes step1 .  

IV. METHOD 

We will now evaluate the methods by solving four example 

segmentation tasks. We use both synthetic and real datasets 

in 2D and 3D. They will hereafter be referred to as MRI 

scanned images of brain, hand, leg, and VascuSynth.  
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The data sets have ground truth segmentations which are used 

to evaluate the performance of the methods.  

sk = −η∇fk + σe−τ kξk (14) 

where σ and τ are the noise level and time decay parameter 

respectively. ξk is a standard multivariate Gaussian noise 

term. Note that σ = 0 gives the standard gradient descent. The 

purpose of the time decaying noise in SGD is to avoid early 

local minima. Eq. 14 is also called Langevin updating and is 

effectively a simulation of an annealed diffusion process 

[35].  

A. Weighted Region Based Flow 

In order to test and evaluate our methods, we have used a 

simple energy functional to control the segmentation. It is 

based on a weighted region term (Eq. 7) combined with a 

penalty on curve length for regularization. The goal is to 

maximize: 

            ( ) ( , )
c c

f c g x y dxdy ds


= −  ----- (15) 

where α is a regularization parameter controlling the penalty 

of the curve length. The target function g(x, y) can be based 

on intensity values alone, e.g. g(x, y) = I (x, y) − T where I (x, 

y) is the image intensity and T is a constant threshold 

intensity for the segmented objects. This choice will result in 

a regularized thresholding for α > 0. However, objects in 

many real images are not robustly segmented by one 

threshold parameter, so our experiments use a function g(x, y) 

which is based on filtering methods. These filters (hereafter 

denoted as the target filters) detect and output positive values 

on the inside of line structures, negative values on the 

outside, and zero on the edges. We refer the reader to [36] for 

more information on the filter parameters and [37] for details 

on how to generate the filters. 

For 3D datasets, the surface and line integrals in Eq. 15 are 

translated to volume and surface integrals over a 2D surface 

embedded in a 3D space. Irrespective of dimensionality, a 

level set PDE can be derived from Eq. 15 (see [33]):                     

                  
( )g x k

t


  


= −  + 



--------- (16) 

 

where κ is the curvature of the curve in 2D, and the mean 

curvature of the surface in 3D. 

B. Implementation Details 

We have implemented Rprop in Matlab as described in [28]. 

The level set algorithm has also been implemented in Matlab 

based on [9], [38]. Some notable implementation details are: 

1) Any explicit or implicit time integration scheme can be 

used in Step 1. Due to its simplicity, we have used explicit 

Euler integration which might require several inner iterations 

in Step 1 to advance the level set function by _t time units. 2) 

In practice we want to apply the momentum and Rprop on the 

gradient of the shape of the contour, rather than on the level 

set gradient. The latter is in general not related to the shape, 

since the contour is merely represented as the zero level set. 

However, if the level set function is confined to a signed 

distance function, there is a mapping between the contour and 

the level set function, making the connection between the 

shape gradient and level set gradient more clear. To enforce 

this mapping, we reinitialize φ after Step 1 and Step 4, using 

standard methods such as fast marching [39] or fast sweeping 

[40]. 3) The parameters η+ and η− of Rprop have been fixed 

to their default values (η+ = 1.2 and η− = 0.5 respectively) 

during all experiments. 

C. Experiments 

The parameters for all four experiments are given in Table I. 

The narrow band parameter N controls the size of the region 

close to the zero level set where calculations are performed 

[38]. This is a computational optimization which is valuable 

especially in 3D. In theory, this parameter should not affect 

the result of the propagation. In practice however, the narrow 

band might provide a “barrier” for the contour, especially for 

large learning rates, which effectively stops very large steps. 

This motivates including the narrow band parameter in the 

experiments. The “curvature weight” parameter, α in Eq. 16, 

controls the cost of having long contours. It is the balance 

between the target function g() gain and the curvature cost 

that creates the local optima, see Eq. 16. The last parameter 

specifies the convergence criterion, i.e. the segmentation has 

converged when the infinity norm of ∇ f in Eq. 10 is less  

IV. EXPERIMENTAL RESULTS 
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The following above images are experimental  

1)  Original images 

2)  Momentum method 

3)  Resilient Propagation 

By using the following parameters the shown in box 

        

images 

paramet
ers 

Brain Tree Hand Leg Sign 

Iteration 250/300 100/150 150/200 200/25

0 

100/11

0 

 0.2-0.8 0.2-0.9 0.1-0.5 0.2-0.7 0.3-0.8 

t 10 5 10 5 5 

 1,2,4,8,1

6 

1,2,3,4,5,6 0.5,1,1.5,2

.3 

0.5,1,1.

5,2 

0.5,1,1.

5,2,2.5 

But the enhanced method solved this problem better. On the 

similar computing proposal, under a 3.0GHz Pentium iv PC 

with 1 GB RAM on board, the average processing time of 

improved method was 9.6s, and that was 30.3s with Li's 

method. The evolution time was greatly reduced 

V. DISCUSSION 

This paper to compare different optimization methods 

given a certain inputs, the quality and accuracy of the 

resulting segmentation may not be comparable to the 

reference segmentations. The point of these experimental 

segmentation is to highlight the advantages of momentum 

and Rprop methods in contrast to the ordinary gradient. 

VI. CONCLUSION 

Image segmentation using the level set method involves 

optimization in contour space. In this context, gradient 

descent is the standard optimization method. We have 

discussed the weaknesses of this method and proposed using 

the Momentum and Rprop methods, very simple 

modifications of gradient descent, commonly used in the 

machine learning community. The modifications are directly 

compatible to any type of level set implementation, and 

downloadable reference code with examples is available 

online. In addition, we have shown in a series of experiments 

how the solutions are improved by these methods. Using 

Momentum and Rprop, the optimization gets less sensitive to 

local optima and the convergence rate is improved. Rprop in 

particular is also shown to be very insensitive to parameter 

settings and to different gradient behaviors. This is very 

important in practical use since Rprop will work out-of 

the-box in many applications using only the standard values 

of its parameters. In contrast to much of the previous work, 

we have improved the solutions by changing the method of 

solving the optimization problem rather than modifying the 

energy functional 
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