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Abstract: Computer assisted surgery navigation takes full 

advantage of progress in engineering disciplines. Developed 

models increase the accuracy of replacement technique, 

especially in hip surgery to reduce the risk of component mal-

positioning. This paper presents a 3D model reconstruction 

from contour extracted through a proposed multi-agent 

segmentation (MAS) approach. We first describe parallel 

agents’ behaviors for extracting the object of interest from MR 

Images. The proposed algorithm is formulated by combining 

region growing and contour detection ensuring an overall 

segmentation. The 3D CAD model is generated using MATLAB 

code implemented as per the MAS method and gives us good 

result of reconstruction in most of the cases. The comparison of 

the proposed method with the traditional approach is made in 

terms of run times segmentation and edge detection accuracy. 
 

Keywords: Virtual Surgery; Multi-agent Systems; Segmentation; 

3D reconstruction; CAD model; Human Femur. 

 

I. Introduction 

A virtual surgery simulation significantly increases the 

likelihood of obtaining satisfactory results. The simulation 

refers to replicating a model or a process in a computer [1]. 

Habitually the starting point is a set of 3D models generated 

from medical images, usually computed tomography (CT) 

image or Magnetic Resonance Images (MRI). The 

establishment of total prostheses assisted by computer is a 

new technique since the first implantation is dated in 1997 

[2]. the principle is to replace damaged joint by resurfacing 

the bone end of the thigh and hip bone, capping them with 

metal, to ensure support, flexibility and motion, without pain. 

The 3D models are used as reference in the virtual surgery to 

determine the patient-specific implant geometry [3]. These 

models have recently been applied to various applications 

[4]-[7]. The required models decrease the preoperative 

workup time and increase the accuracy of model preparation 

and subsequent surgery. This 3D models are reconstructed 

from MR Image that produce high image quality of human 

bone. 3D Image-based reconstruction techniques can be 

divised in three major parts, such as depth-map-based 

approaches, volume-based approaches, and surface-based 

approaches [8]. Following image acquisition, the 

preoperative traitements in the 3D reconstruction consist of: 

(i) Segmenting images into objects, (ii) assessment of 

objects of interest, (iii) set of cross-sectional objects of 

interest contours.  

Image segmentation refers to the technique that partitions 

a digital image into set of segments typically used to identify 

regions of interest (Regions of Interest, ROI) or other 

relevant information in digital images [9] based on criteria 

such as similarity and homogeneity. According to Cocquerez, 

[10], the choice of a technique is linked to the nature of the 

image and the treatments after this segmentation. The 

existing image segmentation algorithms can be classified 

into four categories [11]: (1) Local filtering approaches, (2) 

Snake and Balloon methods, (3) Region growing and 

merging techniques, and (4) Global optimization approaches 

based on energy functions or Bayesian and MDL (Minimum 

Description Length) criteria. Region growing method has 

been widely used for image segmentation [12], and in 

particular medical image applications. It is a region-based 

segmentation in which pixels are segmented by grouping 

similar neighboring pixels of seed points [13]. For example, 

if a similarity measure of the two adjacent pixels is greater 

than a threshold, these pixels are similar and thus are 

grouped together. The grouping of neighboring pixels 

continues until no similar pixels remain. However, two 

major problems plaguing the traditional region growing 

algorithms: first the difficulties to select the appropriate 

initial seed automatically, second, the noises and regions 

with holes form [14]. For the first problem, automatic 
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segmentation algorithm by integrating color-edge extraction 

and seeded region growing is done in [15]. The authors use 

an Edge detection algorithm conducted on the image to 

obtain the major geometric structures as an intermediate to 

select the initial seeds. Approximate center point of the 

lesion region is taken as the initial seed in the automatic seed 

point selection algorithm proposed in [16]. For the second 

problem, the usual practice is to remove the noise by 

Gaussian filtering [16], [17] or median filtering [18], [19] 

applied before segmentation. However, this tool often causes 

two problems: edge blur [20] and over segmentation [21]. 

Over segmentation is the process by which the objects of 

interest are themselves segmented or fractured into regions. 

Based on the existing algorithms in optimization theory, 

there are two main approaches to attacking the problem [22]: 

using random operators and employing multi-individual 

(agents) based algorithms.  

The field of multi-agent systems (MAS) arose during the 

late 80s when several researchers started to work with 

mobile robots performing coordinated task [23]. So far, it is 

currently a very active field of research for many types of 

applications [24]-[27] and disciplines where the medical 

interest has increased considerably. The MASs are 

distributed applications consisting of relatively independent 

modules called agents, which sometimes employ artificial 

intelligence techniques to accomplish complex operations 

[28],[29]. The Multi-agent are used as a useful approach in 

medical practice, especially, in real-time applications. 

Various applications of MASs have been proposed in image 

segmentation where a distributed agent makes possible to 

apply more advanced algorithms and to perform demanding 

tasks quickly. Liu et al. [30] and Rodin et al. [31] present a 

parallel image processing system based on simple reactive 

agents. Agents act according to a perception–action model 

without problem solving or deliberation. Bovenkamp [32] 

elaborate a high-level knowledge-based control over low-

level image segmentation algorithms. The agents 

dynamically adapt segmentation algorithms based on 

knowledge about global constraints, contextual knowledge, 

local image information and personal beliefs. Settache et al. 

[33] use multi-agent system to share the result of a quad 

three algorithm used to identify regions primitive, and a 

Shen filter used to determine edges in the MRI brain part’s 

detection. Bellet et al. [34] present incremental processes of 

region growing and edge detection where the cooperation 

between two types of agent is dynamic and allows to 

transmit informations when it becomes necessary for a 

taking of decisions. This cooperative approach increases the 

segmentation’s quality by confronting the information 

provided from different algorithms. Yanai et al. [35] use a 

MAS to extract primitives information like lines, edges or 

regions using different types of algorithms. Each agent is 

located on the image and builds a set of coherent primitives. 

Then, the agents interact to negotiate their local primitives. 

In this paper, we develope a multi agent segmentation 

approach for 3D CAD model reconstruction of human femur 

from MR Images. We first present a parallel agents’ 

behaviors for extracting the object of interest by combining 

region growing and contour detection ensuring an overall 

segmentation (Fig1). This is similar to the convergence of 

individuals in multi-agent optimization algorithms [36]-[38], 

in which each agent starts from different initial seed but they 

are all supposed to converge to the best possible solution. 

We use two reactive agent equipped with ability to define 

pixels with the same primitive which discern regions and 

edges: ‘‘Region’’ agents to solve the particular difficulty of 

region growing algorithm and ‘‘Edge’’ agents for overall 

segmentation. Each agent is responsible for the detection of 

exactly one type of image object and can be communicate 

with each agent doing its image interpretation in parallel 

with others agents. The results of the segmentation step are 

used for the proposed 3D reconstruction of the bony 

elements. The 3D CAD model is generated using MATLAB 

code implemented as per the MAS method and gives us 

good result of reconstruction in most of cases. 

The paper is organized as follow: in the next section, the 

proposed method for 3D image recostruction is presented. 

Section III presents the results of a 3D CAD model of 

human femur. Finally, section IV is devoted for conclusion. 

II. Proposed 3D reconstruction 

The approch adopted in this paper has three steps. At first, 

the MR Images are exported from DICOM format(Digital 

Imaging in Medicine and Communications) to JPEG type 

with dimensions of 200×550 pixels.  The second step 

focuses on segmentation technique using multi-agent system 

to extract the edge of the femur and the process of 3D CAD 

model reconstruction is developed in third step.  
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Figure 1.  Operational MAS steps. (1) Thresholding operation produces 11 thresholds value for MR Image, (2) Controlller 

agent initiates the region growing algorithm with 10 agents, and (3) Edge detection after each end message where the last 

agent represent the image borders. 

A. MR Image multi-agent segmentation 

One of the major problems encountered in medical image 

segmentation is to separate the regions and edges 

corresponding to object of interest, from the regions that 

correspond to the background. The proposed MAS is 

constituted by the agents and their environment which 

contains the images. Each pixel of image is characterized by 

a gray level and boolean value which defines if the pixel has 

already been explored by an agent. We use three types of 

agents initialized automatically: 

 Agent named “controller” contains all information 

required to initialize and operate others agents. 

 Agents named “region” responsible to segment 

homogeneous regions. 

 Agents named “edge”, represent region’s boundaries. 

Each agent is further responsible for one processing task 

and cooperates with other agents to come to a consistent 

overall image segmentation. JADE (Java Agent Development 

Framework) created by TILAB laboratory and described by 

Bellifemine et al. [39] is used to build the system. In the 

following sub-sections, we define each agent as well as their 

interactions. 

1) controller agent: 

 In the first operational step, “controller” agent is responsible 

for initializing each “region” agent. For instance, if there are n 

class region in the image, n “region” agents should be created. 

In this step, unique “region” agent is defined for each class. In 

order to obtain a completely automatic segmentation, seed 

pixels that initiate region growing algorithm, are determined 

the first step using thresholding operation in histogram 

processing [40].  

After each end message from “region” agents, “controller” 

agent activates the “edge” agent to create the boundaries of 

the last region.  

2) Region agent: 

 The “region” agent receives a seed pixel and moves to its 

neighbors and iteratively merges pixels into sets, according to 

homogeneity criteria (Fig.2). 

 

Figure 2.  Region growing algorithm: (a) represent seed 

pixel in red (b) (c) region growing process by adding 

homogenious neighbors pixel and (d) represent segmented 

region. 

Homogeneity is defined according to the local statistics of 

the window formed for each image pixel [41]. To determine 

whether the pixel neighbors should be added to the region, 

homogeneity is calculated using two parameters: standard 

deviation and discontinuities (gradient norm). The standard 

deviation describes the brightnesse within a region with n 

pixels (n=9 in our case), and the discontinuity indicates an 

abrupt change in gray level of pixel neighbors. If a similarity 

measure |H(P)-H(Pn)|  of the two adjacent pixels P and Pn is 

less than a pre-defined threshold ε, these pixels are similar 

and thus are grouped together. The grouping of neighboring 

pixels continues until no similar pixels remain. 

We consider Iij the intensity of the pixel Pij at the position 

(i,j) in image SMN where (M, N) is the image dimensions, 

0<i<M and 0<j<N. The local mean of gray level mij of the 
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pixel Pij is calculated over a window of size d×d centred at Pij 

using the following equation (1): 
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The standard deviation (variance) eij  of the pixel Pij  is 

calculated using equation (2): 
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The discontinuity vij is calculated using Sobel operator: 
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Where Gx
2and Gy

2are the components of gradient gij in x and y 

direction. 

Homogeneity  Hijof pixel  Pijis calculated using this 

equation: 

 )(1 ijijij EVH   (4) 

Where  Eij  and  Vij  are respectively the normalized standard 

deviation and the normalized measure of discontinuity.  

The following algorithm shows the incrementing procedure 

of the region: 

Algorithm 1: Region Growing 

 Step 1: For each pixel "P" in the image "[S]"  

If the pixel "P" is not associated with an agent region, then 

compute H(P). 

 Step 2: Create a new region "[R]" and Add "P" in the region 

"[R]" 

 Step 3: Create the list "[N]" of neighboring pixels of "P". 

 Step 4: For each pixel "Pn" in the "[N]" 

If |H(P)-H(Pn)|< ε  

Then the window of pixel Pn is homogeneous. Add pixel 

"Pn" in the region "[R]" and Add neighboring pixels of "Pn" 

in "[N]" 

Otherwise, the window of pixel Pn is not homogeneous.  

As stated, the use of agent overcome the problem of 

traditional region growing Algorithm. When the fronts 

converge to an edge, there is no guarantee that this is a real 

edge. To increase the probability to find a real edge, the 

value of ε should be close to 0. 

3) Edge agent: 

After applying the region growing algorithm, “edge” agents is 

initiated to determine the region boundaries using the 

following algorithm: 

Algorithm 2: Edge Detection 

 Step 1: For each pixel "P" in the "[R]":  

Create list "[N]" of neighbor’s pixels of "P" 

 Step 2: For each pixel "Pn" in the list "[N]": 

if "Pn" is not in "[R]" then add pixel "Pn" in the edge "[C]"  

During this final step, all pixels located at the boundaries of 

the obtained regions are identified by “edge” agents (Fig.3). 

Extracted edge provides a concise, closed and accurate 

representation of regions boundaries in the image. 

 

Figure 3.  Edge detection result of “edge” agent: red color in 

(b) represent the obtained edge for the cyan region in (a). 

4) Agent communication: 

An agent can communicate with others agents to establish 

relations, and exchange interests, capabilities, and image 

interpretations. In the present system, the communication 

agent language used is the FIPA ACL [42] that provides the 

types of required message. The communication between 

agents is summarized in the following Fig.4: 

 

Figure 4.  The communication process between agents. 

B. 3D CAD reconstruction prosses 

In this work, we use MATLAB package containing algebraic 

iterative methods for 3D reconstruction. The whole set of 16 

images is concatenated one on top of the other into a matrix 

of size 200×550×16. The 3D matrix is then converted into a 

surface or set of surfaces using isosurface techniques. The 

surface is defined by the z-coordinates of points above a 

rectangular grid in the x and y plans. The surface is formed by 

joining adjacent points with straight lines.  

A surface function S(d) is defined as the summation of the 

square distance between two corresponding points Ui,j  and 

Ui+1,j in the edges Ci and Ci+1respectively. For the two sets of 

the uniformly distributed points, {Ui,j}i=0,…,m and 

{Ui+1,j}j=0,…,n , the penalty function S(d) is defined as follows: 
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The basic code incorporated in this program can be found 

as an example for 3D reconstruction in the Help option of 

MATLAB 6 [43]. 

III. Results and discussion 

We have developed and tested the application which is 

written in JAVA and use MATLAB package. We present 

some results of the MAS human femur segmentation 

compared to the traditional approach. Experiments were done 

on a core duo (2.2 GHz, 2 GB), using the Windows XP. We 

have used a single square window 3 × 3  which is kept 

constant through all the experiments. The major technical 

challenge is to extract some typical 3D geometry parameters 

with respect to the patient’s 3D bone anatomy.  

A user interface is presented in Fig.5 and contains four 

buttons which initiate separate functions of the program and a 

panel to show results. 

 

Figure 5.  The user interface of our application. 

The first button allows uploading images, the whole set of 

images will be displayed as an MR Images film. Then the 

images will be segmented by clicking on the second button. If 

the images demand filtering, this process can be initiated by 

the click on the third button or this step can be skipped. The 

filtration function is programmed for smoothing (low pass) 

filters that reduce noise. 

The segmentation approach described in Section II.A is 

applied on MR Images in sagittal view. The set of 16 images 

are used in transversal plan (Fig.6). The whole set of images 

will be displayed as a MRI film. We present the results about 

one patient and similar behaviors are observed with other 

patients MR Images. 

 

Figure 6.  MR Images of human femur in sagittal view. 

The filtered images are segmented using ‘‘region’’ and 

‘‘edge’’ agents. Fig.7 chows a result of edges end regions 

detection in a single image where 158 ‘‘region’’ agents are 

created for 158 thresholds obtained using histogram analysis 

with  ε = 0,3.  

 
Figure 7.  Edges end regions detection in a single image. (a) 

origin image and (b) segmented image where the colors are 

chosen arbitrary for regions and black for edges. 

These regions are enveloped using 158 ‘‘edge’’ agents. 

The number of agent is depended on  ε  which, with a close 

value to 0, increases the number of agents and consequently 

the chances of finding a global segmentation. In order to 

analyze the segmentation accuracy, which depends on the 

number of initialized agents, we take experiments for human 

femur series segmentation using different value of  ε.  

Table 1 shows for varied values of  ε, the number of agent 

created for a single image in Fig7. Fig.8 shows the result of 

all 16 MR Images used in this work and used for the 

comparison step.  
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Values 

of  ε. 

Multi-agent approach  Classical approach 
 

Number of 

‘‘region’’ agents 

 

Run times  (s) 
 

Number of classes 
 

Run times  (s) 

2 3 11,05 3 25,6 

1,5 8 11,05 8 28,05 

0,9 55 10,26 55 35,11 

0,7 104 7,33 104 49,72 

0,5 125 6,05 125 50,88 

0,3 158 6,02 158 51,29 

Table1. comparison of the proposed method with the traditional aproach in run time process with varied 

values of ε. 

 
Figure 8.  Result of detection for 16 used MR Images 

 

Figure 9.  Exemple of selected edge agent in a single layer for two values of  ε where in (1) ε=2 and in (2) ε=0,3. 

(a) object of interest selection, (b) to (c) choosing the edge of interest. 
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Depending on the selection of  ε, the traditional approach 

is capable of finding the classes within the image. Hence, the 

smaller value of  ε, the longer the convergence time and the 

higher the probability to find more details that exist in the 

image. Moreover, even by using a multi-agent system, there 

are some cases where the procedure cannot segment 

accurately (Fig.9 (1)). The probability of finding the best 

segmentation can be improved by increasing the number of 

agents (Fig.9 (2)). As can be observed in Table.1, the run 

time process decrease when the smaller value of  ε  is chosen 

due to parallel treatment of agents.  

To accurately evaluate the performance of the method 

adopted in this work, the results performance are quantified 

in terms of good detection (SNR) and good localization (GL) 

[44]. In the discrete case, the SNR can be approximated by: 
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Where Nr is the number of pixels detected correctly as an 

edge pixels and Nf  denotes the number of pixels detected 

incorrectly as an edge pixels, respectively, Ne  and Nne  are 

the number of real edge pixels and non-edge pixels 

respectively. The GL [45], [46] is defined as: 
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Where N and Nd = Nr  + Nf are real and detected edge pixels 

respectively, di
  is the Euclidean distance between the ith 

detected edge pixel and the nearest real contour pixel, and e 

is a constant typically set to 1/9 [44]. GL ranges between 0 

and 1. 

Table.2 shows the performance criterion using these 

metric with a single threshold for the whole set of 16 MR 

Images compared with others segmented manually. The 

results of SNR  and GL  are superior to the others in the 

classical method and the total time segmentation was 

approximately 2X to 8X faster. 

N° 

image 

Multi-agent approach  Classical approach 

𝑆𝑁𝑅 𝐺𝐿 Time 

(s) 
𝑆𝑁𝑅 𝐺𝐿 Time 

(s) 

1 83 0.988 6 42 0.825 51 

2 104 0.985 6 40 0.828 51 

3 147 0.988 6 55 0.835 51 

4 169 0.98 6 104 0.849 51 

5 178 0.985 6 125 0.85 51 

6 158 0.988 6 129 0.851 51 

7 158 0.975 6 117 0.834 51 

8 163 0.975 6 112 0.843 51 

9 158 0.97 6 137 0.832 51 

10 147 0.978 6 125 0.83 51 

11 130 0.975 6 129 0.812 51 

12 158 0.981 6 116 0.832 51 

13 152 0.985 6 120 0.812 51 

14 104 0.979 6 104 0.843 51 

15 84 0.985 6 35 0.858 51 

16 93 0.98 6 41 0.834 51 

Table2. comparaison of the proposed method with the 

traditional aproach in terms of good detection SNR and good 

localisation GL. 

The fourth button initiates the 3D reconstruction using 

predefined functions in MATLAB software. The wall images 

are concatenated one above the other, forming a 3D matrix 

(Fig.10).  

 

Figure 10.  Viewing 3D slices. 

After having the 3D model, an STL file format is generated 

(Fig.11). It can be used by all CAD software and gives 

possibility to identify the cylinder axis which represents the 

bone and the sphere center representing femoral head. This 

tool allows the surgeon to make quickly the necessary 

decisions regarding the selection and positioning of the 

implants in 3D and reduce the risk of a mal-aligned 

component. The Accuracy of the final implant is important to 

surgeons, and the capabilities of the proposed system to 

choose object of interest affect the outcome of implant 

accuracy. 

 

Figure 11.  STL file format of human fumer. 

Table 3 shows that the model computed from results of 

segmentation in Fig.9, is in good agreement compared with 

our works in [47] that use the Active Contour Models [48]. 

We compare the computed model volume with the standard 

model volume of human femur generated from manual 

segmentation. The proposed approach has a lower error 

calculated according to [49].  

 Maximum Errors 

tests Our approach Model generated in 
[47] 

1 0.694 1.573 

2 0.713 1.573 

3 0.708 1.573 

4 0.691 1.573 

5 0.71 1.573 

6 0.698 1.573 

7 0.712 1.573 

8 0.705 1.573 

9 0.696 1.573 

10 0.692 1.573 
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Table3. Maximum Errors compared with the standard model 
of human femur. 

These values depend on the selected agents contours, and 

the best value is 0.691. The reasons for the superior results 

given by this approach are: First, it follows that each agent 

region is always surrounded by edge agent. Secondly, 

increasing the number of agents decreas the run time and 

gives the best segmentation. 

I. CONCLUSION 

Computer assisted placement technique is an accurate and 

reproducible technique for hip surgery. The purpose of this 

study is to quantify the accuracy of automated segmentation 

methods using a multi-agent system.  

As a distributed system, the MAS contain a set of agents 

working together and can generate an overall segmentation. 

This system is applied to human femur MR Images which are 

segmented. The parallel agents’ behaviors is used for 

extracting the object of interest by combining region growing 

and contour detection ensuring an overall segmentation. In 

addition, the proposed approach is very amenable to manual 

selection of the object of interest by choosing interest agents. 

The results of the segmentation step are used for the 

proposed 3D reconstruction. 

The reconstructed 3D CAD model is used to extract 

parameters like anatomical femoral axis, femoral head center 

and radius, femoral neck isthmus, femoral neck shaft angle…, 

which influence the accuracy of the resulting patient-specific 

implant geometry. This parameters allow the surgeon to make 

quickly the necessary decisions regarding the selection of the 

implants in 3D and reduce the risk of misaligned component. 

Thanks to our proposed method, we obtained more 

information in the combined region and edge detection while 

preserving the edges to the same degree as the regions using 

the multi agent system. Although we obtained good results, 

there remain situations in practice, where some user-

interaction is desirabl. To integrate user-interaction 

effectively, we are working on the implementation of a user-

agent to allow the user to act as an additional agent in the 

system. This agent will be used to determine the prior 

knowledge function of the objects present in the image to be 

interpreted, depending on their location in the image, and 

depending on the treatment they have to achieve to reach 

their goals. 

Based on our experiments in MR Image, situated and 

cooperative agents appear as an interesting framework to 

implement treatment required for tissue interpretation. As 

shown with the case of human femur contour, structure 

identification should be performed to improve tissue 

identification. For this purpose, anatomical knowledge 

should be introduced using, possibilistic logic [3]. This can 

be elegantly performed into our framework via the insertion 

of new maps, new models and new agents to manage them 
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