
 

golda
Typewritten Text
Degree project inComputer ScienceSecond cycleStockholm, Sweden 2013

golda
Typewritten Text

golda
Typewritten Text

golda
Typewritten Text

golda
Typewritten Text

golda
Typewritten Text

golda
Typewritten Text

golda
Typewritten Text
Localization of flexible surgical instruments in endoscopic images using machine learning methods

golda
Typewritten Text

golda
Typewritten Text

golda
Typewritten Text

golda
Typewritten Text

golda
Typewritten Text
David Goyard

golda
Typewritten Text

golda
Typewritten Text

golda
Typewritten Text

golda
Typewritten Text

golda
Typewritten Text

golda
Typewritten Text



David GOYARD 

 

 

 

 

 

 

Master thesis 

 

Localization of flexible surgical instruments in 

endoscopic images using machine learning methods 

 

 

 

 

Place     ICUBE laboratory (Strasbourg, FRANCE) 

Local supervisor   Florent NAGEOTTE 

Supervisor    Mårten BJORKMAN 

Examiner    Stefan CARLSSON 

 

 

  

 

 

Kungliga Tekniska Högskolan  –  CSC department   –  Spring 2013



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

“A computer would deserve to be called intelligent if it could deceive a human into 

believing that it was human.” 

 

Alan Turing 

  



 

 

Abstract 

 

The work presented in this document deals with Machine learning algorithms used in 

surgical robotic problems, especially here in the Isis project. The aim of the project is 

to replace manual handles for endoscopic operations by a set of motors commanded 

via high-tech interface. The main aim of the thesis is to solve the problem of the 

estimation of the pose of flexible surgical instrument, using only the video flux from 

an endoscopic camera. 

After a short introduction about the system its environment and the definition of the 

pose problem, the work is divided in two chapters. Machine learning algorithms and 

learning systems are used in both parts. 

The first chapter deals with image processing and video tracking. Usage of colored 

markers and how the learning is made to perform the best segmentation is explained. 

It starts with simple linear classification to end with an Adaboost algorithm. The 

learning database construction and all the challenges it raises are explained too. 

Then the tracker used in the system is decomposed and its structure explained. The 

results of the whole tracking system are presented at the end of the chapter. 

The second chapter deals with function approximation: we build Radial Basis 

Function networks in order to approximate the final position of the instrument (or its 

mechanic parameters) from the data extracted by the tracking system. Learning 

algorithms are used too. The learning training set is built in a laboratory environment 

where the real position of the instrument can be measured. 

The last chapter is a collection of improvements that could be added to the system 

and opens on future perspectives about the project in general. 
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Glossary 

 

 

 

 ANN 

Artificial Neural Network 

 Background 

The vision system is performing a binary segmentation on the pictures provided by 

the camera. Every pixel is either classified as a “foreground” pixel (what we want to 

extract) or as a “background” pixel. 

 Binary image 

A binary image is a matrix whose element values are either zero or one. It is obtained 

after a binary segmentation. Pixel labeled as “one” are displayed in white, the others 

are black. 

 DOF 

Degree Of Freedom 

 Element-wise operation (matrix notion) 

An element-wise operation is an operation that takes each element of matrices one 

by one instead of the whole matrices. 

if A and B are matrices, the element-wise multiplication is  

C = A.*B. With                         

The matrix operation is diffetent: 

C = A*B. This time          ∑     
               

Note that in element-wise operations, matrices must be of the same size. 

 In-vivo image 

Image extracted from a real surgical operation inside a pig. 

 Interlacement 

In this case, a picture is in fact a interlacement of 2 images captured at 2 different 

times. If we assimilate a picture as a matrix of pixels, the lines with an even number 

are captured at time t = t1 and the other lines are captured at time t = t2.  

 IRCAD 

Research Institute against Cancer of the Digestive Apparel. Located in Strasbourg 

(France). 

 Laboratory image/environment 

Images that have been shot in a laboratory environment, with a very simple 

background (uniform color, no movements and no complicated shapes). 

 Marker 

Colored rings are formed by wrapping the instruments with tape. These rings are 

spotted by the tracker. Practically, they are yellow tape attached around the 

instrument.  

 NDI 

Northern Digital Incorporated©, (Aurora system manufacturer). 



 

 

 Neighbor (picture notion) 

Neighbor pixels are pixels directly connected. If the green pixel is the one we are 

looking at, the blue ones correspond to its neighbors. 

   

   

   

“4 neighbors” system 

   

   

   

“8 neighbors” system 

   

Plane in which the flexion occurs, we have      . 
 P (point) 

Point P is located at the instrument extremity. This is the position we will try to 

reconstruct using vision. Its coordinates are (Xp,Yp,Zp). 

 RBG 

Red Green Blue values, pixel components 

 Sensor 

One of the magnetic Aurora sensors. Each of them has a center and a principal 

direction that we will use to compute  ⃗, θ, Ω and xp,yp,zp for our learning database in 

part 2. 

  ⃗ 

Translation  ⃗ is a vector of 3 components that has a constant direction  ⃗⃗ (xr,yr,zr) 

thanks to the rigidity assumption and a dynamic norm.  ⃗  = ‖ ⃗ ‖.  ⃗⃗ with ‖  ⃗⃗‖ = 1. 

 θ 

Rotation θ is characterized by its axis (which is  ⃗⃗) and its angle value θ. 

 Ω 

Flexion Ω is characterized by its axis h and its value 
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1. Introduction 
 

1.1. Context, system development 

 

Since its very beginning in the 60’s, robotics has constantly increased the speed of its 

development and feed humans imaginations of wonders and horrors through science fiction 

movies and books. Automatons have first been used in factories to replace humans for 

simple repetitive tasks. Step by step they come closer to humans, they are now able to clean 

our house for us or help you park your car. 

 

1.1.1. Robotic and medicine 

 

One area where robotics could accomplish wonders is the medicine field, especially in 

prosthesis and surgery. I’ll let the reader find information about the amazing development 

accomplished among the prosthesis area these last years [a]. We are going to focus on 

surgery in this report. 

Robotic & surgery are bound since the very beginning of the 90’s. The first surgical operation 

on human involving a robotic assistance is performed in 1992 (ROBODOC® System). 

It becomes obvious that robots would allow minimally invasive surgery. ZEUS® system is 

designed to achieve this objective and performed its first surgical operation on human in 

1998. 

The Da Vinci® robot, which is the most used robotic system 

nowadays, made its first operation on a human being in 2001.  

Robot manufacturers always try to improve their system by 

adding more instruments, more liberty of movements and an 

even better accuracy.  

 

 

 

 

1.1.2. The Isis project 

 

The Isis project is launched in 2005 by Karl Storz in collaboration with the IRCAD*, it is 

intended to simplify operations with flexible endoscope. So far these operations require at 

least 2 surgeons: one is holding the whole system and direct the endoscope, the other one 

manipulates the surgical instruments and performs the operation.  

 

 

Figure 1-1 Da Vinci
®
 Robot 

(Intuitive Surgery) 
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Figure 1-2  Manual endoscope and instruments. 

 

 

Anubis® is an endoscopic system constructed by Karl 
Storz enterprise. It is very similar to the endoscope 
presented above except for the tip: it has jaws that 
allow the instruments to get out of its body without 
being parallel of the camera axis.  
 

 
Figure 1-3 System Anubis® (extremity) 

 

 

 

 

 

 

The aim of the project is to replace manual control by motors commanded by a single 

surgeon with a high tech command system.  

 

Endoscope tip and instruments 

extremity 

Instrument handles 

Video output 

Endoscope body 

Jaws 

Instrument 

Camera 

Camera axis 

 ⃗⃗ 
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Up: First scareless operations performed at 
IRCAD (manual flexible endoscope Anubis) 
Right: The Anubis project today, the 
operative part where surgeons are replaced 
by motors (white cylinders) and the 
command part where only one surgeon 
remains. 
The Anubis system is the black device in 
both right and middle images. 
 

 
 

 

 The endoscope has been built by Karl Storz enterprise. The endoscope itself has 2 

degrees of freedom (2 flexions) and each instrument has 3 degrees of freedom: one rotation 

around its main axis, a translation along this same axis and a flexion. We’ll come back on 

these movements all along this document. The instruments are moved by pulling cables that 

run inside them; this is the cause of high mechanical non-linearity. That’s why we need a way 

to control if the orders from the surgeon are correctly executed and make corrections if 

needed. So far, this control is made by the surgeon himself (see figure 1-6) 

 
Figure 1-6 Current control loop 

 

Figure 1-4 Manual flexible endoscope operation 

Figure 1-5 Robotic flexible endoscope 
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A study has been made last year with the objective to build the mechanical model of the 

cable-transmission system and use the motor position to compute the 3D pose estimation; 

the conclusion is that it cannot be done efficiently3. We cannot link the state of the cables 

(motors position) and the position of the instrument located at the other end of the system. 

 

In order to detect trajectory errors and make corrections without using the information from 

motors, we’ll use the video flux from the camera located inside the capsule at the extremity of 

the endoscope. Thus we can get rid of the mechanical modeling problems. 

 

Figure 1-7 New control loop 

 

 

1.2. Master thesis subject and specifications 

 

The global objective of the master thesis is to study a way to process efficiently the images 

from the camera and compute the instrument’s tip position (Xp,Yp,Zp) in a reference system 

attached to the camera and, if possible, find the three parameters (see figure 1.9 for a 

representation of these parameters): 

 θ rotation of the tool around its main axis 

 Ω flexion  

 t translation long the main axis 

The problem is split in two parts where we’ll use machine learning methods. The first task is 

to extract features from images that will be processed in the second part, where we’ll try to 

find θ, Ω and t from these features. Machine learning methods are expected to be used in 

both parts and the development is done with Matlab 7.0.5 (R2007b) installed on Linux.  

                                                 
3
 Study made last year, led by Florent le Bastard (Icube staff, Strasbourg). 
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Figure 1-9 Surgical instrument 

 

Note that there is no surgical instrument fixed at its end on these pictures. 

 

1.2.1. General assumptions  

 

 The images from the endoscope are sent to an acquisition system (developed by Karl 

Storz) before being sent to us. This “black box” can apply filters and perform numeric 

zoom on the video. We’ll always assume that we’re working on the raw video flux, 

without any treatment applied. 

 The jaws are assumed to be always completely open; sometimes the capsule is not 

widely open for operation in the colon. We have no information about its state: the 

camera doesn’t see enough of it to provide reliable information and the opening is 

operated manually by the surgeon. So far there is no sensor that can provide us this 

information, the learning is done with a widely-open capsule. 

 The instruments are moving “far” from the camera to allow us extract features from 

them. If we only see their extremity, we’ll not be able to estimate their complete 

position. 

 Leaving aside the flexible part, the instrument is perfectly rigid. This means that the 

direction of the translation is fixed (directly set by the opening of the capsule) and 

doesn’t change during a video sequence. 

 

r 

Instrument’s body: most of it 

is inside the endoscope and 

it’s supposed to be rigid 

once outside 

r is the main axis of the tool 

Instrument’s flexible part 

manipulated through a 

complex cable-vertebra 

system. 

Ω 

θ 

Figure 1-8 Inner structure of the flexible part 
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1.2.2. Main challenges 

 

This part has for objective to make the reader understand how difficult the problem could 

seem before any other investigations. 

 Determine instrument’s position in 3D space with only one camera: no stereoscopic 

reconstruction possible. 

 Affine camera approximation is not possible because we can encounter strong 

variation of positions along the camera axis. The assumption that the distance from 

the camera plane and the instrument much higher than the instrument’s dimensions 

is not fulfilled. 

 Do not use any mechanical model (approach already tried for the mechanical cable 

transmission and phD student is currently working on a model that could be used with 

vision4). 

 Background* can be very various inside the body, depending where the surgeon is 

performing the operation and it looks like we cannot build a general database. No 

matter if we rely on RGB values or shapes inside a picture, the background will be 

very various in any cases (examples displayed in figure 1-10). 

 The camera position is not optimal for us to determine the position of the instrument. 

Even if, in theory, the projection of the instrument in the camera plan is different for 

every possible instrument configuration, the differences are too small to be relevant in 

the real case. One of the problematic configurations of the instrument is detailed in 

chapter 2, section 2.4. 

 

   

Figure 1-10pictures from surgical operations (manual endoscope) 

Different background inside pigs: no assumptions can be done regarding shapes or 

colors for in-vivo images. First and third pictures have been shot at IRCAD between 

January and March 2013. 

 

1.2.3. Machine learning assets 

 

Inside a living body, there is no fix point that can be used to make a calibration of the camera 

or help performing a 3D reconstruction. Moreover, the camera is attached to the Endoscope 

and the whole system is moving during the operation.  

The segmentation problem is seen here as a classification problem in a 5 dimensional space 

                                                 
4
 See chapter 4 “future perspectives” 
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(each pixel is seen as a vector of 5 components, (x,y) for its position and (r,g,b) for its RGB 

values. Machine learning algorithms can be very powerful in classification problems 

(generalization and margins maximization). Moreover, there is a strong distortion that makes 

line and/or specific shape detection harder. With a classification based on x,y,r,g,b values 

there is no need to pay a great care about the distortion.  

In the second part, we have the opportunity to know the instrument’s position in a lab 

environment (we will see how later). This means that we can build a learning database and 

use learning algorithm to approximate the positioning parameters θ, Ω and t or the position of 

the instrument’s extremity (Xp,Yp,Zp) from the video. 

 

We are now going to focus exclusively on video processing algorithms. What information 

could be extracted from the video feedback and how this information can be extracted are 

the two main topics developed in next chapter.  
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2. Image processing 
 

2.1. Technical details 

 

 The acquisition frequency much faster than the time required to process one image. It 

is not a limitation for the work presented here. 

 The video is interlaced* 

 Each image is seen as a 570x760x3 matrix in Matlab. The resolution of each 

spectrum (red, green and blue) is 570x760 pixels. 

 The camera axis is close to r (main axis of the tool). This is far from the best point of 

view we could use to guess the instrument position. 

 

2.2. First approach 

 

Considering only laboratory images, the first approach has for objective to test different 

image processing algorithms and see what kind of features can be extracted from the 

pictures.  

2.2.1. Firsts algorithms and results on segmentation and features extraction 

2.2.1.1. Sobel filtering 

One simple way to perform an effective segmentation is to spot edges in the pictures. Then 

every closed edge can be extracted and processed separately. This seems to be a good idea 

since we only need to care about how the instrument looks like from the camera and find a 

way to determine its mechanical parameters θ, Ω and t.  

 

The theory behind Sobel filtering relies on the fact that variations in black and white values 

when an edge is reached are much higher than elsewhere in the picture. To detect these 

variations 2 filters are built: one for the vertical discrete derivation and one for the horizontal 

derivation. In order to avoid as much as possible noise, the filters apply a smooth filter on the 

dimension they’re not computing the derivative.  

 

SV =[
    
    
    

]   SH = [
   
   
      

] 

SV highlights vertical edges, SH the horizontal ones. 

 

 The image with reinforced vertical edges is RV = image * SV 

 The image with reinforced horizontal edges is RH = image * SH 

Note that the sign of the matrices element is irrelevant. Only the absolute value reflects the 

variations. 
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The result image is a sum of the two matrices. After threshold operation, Matlab returns a 

binary picture where only edges remain.  

Note: the gradient could be computed from RH and RV. G = √  
    

  (every operation is 

element-wise and not matrix). 

The principal drawback of this method is that derivative operation is equivalent to a high pass 

filtering and these frequencies are the ones the most subject to noise. 

Another problem is that the edges detected are rarely perfect: they do not close and further 

operations must be proceeded to close them.  

 

We can lower the threshold in order to get closing edges but the lower the threshold is, the 

more noise we get. That is why we need to clean the image before computing the derivative. 

2.2.1.2. Sharpening 

It is possible to enhance the variations inside a picture with what is called a sharpening 

operation. 

The idea is to subtract the “smooth” parts of the picture.  The first operation in a blur: the 

smooth parts will remain the same and the edges have a tendency to disappear. A 

convolution with a Gaussian filter is a good way to compute a blurred image. 

Subtract this new image from the original one and the result should be the original picture 

with its smoothest parts removed. 

 

Matlab code: 

 

SV = [[1,0,-1];[2,0,-2];[1,0,-1]]; 

SH = SV’; 

RV = conv2(SV,image) ; 

RH = conv2(SH,image) ; 

R = abs(RV) + abs(RH); 

Out = R > t; 

%t = threshold value 

 

Matlab code: 

 

[x,y] = meshgrid(-d/2:d/2,-d/2:d/2); 

filter = 1/(2*pi*s^2)*exp(-(x.^2+y.^2)/(2*s^2)); 

Sharp = image – a*conv2(image,filter); 

%d = filter size : has to be an even number. 

%s = smoothnedd factor of Gaussian blur 

%a = sum poderation 
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2.2.1.3. Morphological operations 

Morphological operations are applied after sharpening and derivative ones. The objective is 

to remove noise and close edges to have cleaner extraction. Morphological operations are 

performed on binary images*. There are two kinds of morphological operations used in this 

report; both will use the same structuring element S: 

S =[
   
   
   

], the origin of S is at its center (pixel of coordinates (2,2)). 

Erosion: for each pixel in the image, S is centered on it and if S is completely contained by 

the image, then the pixel’s value is set to 1, otherwise it is set to 0.  

This means that only pixels with all neighbors (8 neighbors system) at 1 will be preserved. 

Dilation: same procedure as erosion, S is superimposed to the image with its center set on 

the input pixel. If at least one image pixel has the same value as its corresponding element in 

S, the scanned pixel is set to 1. 

This means that every pixel with at least one white pixel as neighbor will be set to 1. 

 

These 2 operations have strong effects on binary images and cannot be used alone. Their 

combinations have powerful effect into removing noise.  

Opening: erosion followed by dilation (same structuring element). Big and smooth shapes 

remains untouched but small white blobs sharped white shapes are removed. This operation 

will be used to remove false positive samples. 

Closing: dilation followed by erosion (same structuring element). Big and smooth shapes 

remains untouched too. Small black blobs are removed and sharped black shapes are 

removed. This operation will be used to remove false negative samples and close the 

detected edges. 

 

Figure 2-1 shows the very first procedure built for segmentation. It clearly appears that edge 

detection is too noisy, even on laboratory pictures with a previous sharpening operation and 

followed by a closing (figure 2-2). The overexposure is too important and there are huge 

contrast variations inside the picture. 

 

 

 

 

 

 

 

Figure 2-1First edge detection process 

Gaussian blur 

operation 

Weighted 

sum 
Sobel filtering Closing 

Image  

(grayscale pre-processing) 

Blurred image 

Sharpened image 

Thresholding 

Binary image 
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Figure 2-2 edge detection results (laboratory environment) 

Results: original image on the left and its spotted edges on the right. Even if the global shape 

of the instrument is preserved, the detection doesn’t fulfill the expectations. 

 

The main problem in the previous edge detector is that it only processes a small part of the 

available information. It’s only working on how close a pixel is from its neighbor in the 

grayscale. The second process is based on RGB values and introduces for the first time a 

learning algorithm in. 

2.2.1.4. Machine learning method 

In this part, an image is seen as a collection of pixels. Each pixel is a vector of 3 components 

in the RGB space. The objective is to find the boundary between pixels from the instrument 

and background pixel in this 3D space. 

Single layer Artificial Neural Network (ANN) 

A single layer ANN performs linear classification. It processes the input data in 2 steps: 

1. Compute a weighted sum of inputs components 

2. Threshold the value computed in step 1 to make a classification 

 

 

 

Figure 2-3 Single-layer ANN structure 
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Learning database:  

Background and 
instrument pixels are 
manually picked to build 
the learning database. 
Instrument pixel are 
labeled 1 and background 
are labeled -1. 
 
Note that the image has 
been cropped to remove 
the dark areas in its 
periphery. 
  

Figure 2-4Learning database construction 

 
Perceptron algorithm [1]: 

One of the simplest classification algorithms is the Perceptron. It’s a linear classifier; it 

returns an hyperplane as boundary. In this case, the data are 3 dimensional vectors so the 

boundary will be a plane.  

This plane is defined by its normal vector     (

  

  

  

) and a point A.  

A is defined by A = λ  with λ scalar. If λ=0, the plane crosses the origin. 

The input vectors are classified depending on which side of the plane they are. 

For an input vector    (

  

  

  

), the classification is simply: 

                   (1) 

 

We can get rid of the subtraction by adding an extra value to X and W:  

   (

  
  
  
 

) 

    (

  

  

  

  

) with       

The classification becomes 

                (2) 

It becomes clear that the perceptron algorithm has for objective to find W. After a random 

initialization, the algorithm will update W values each time it makes a wrong classification. 

 

Update rule:  

                                   (3) 

 

α is  the step value (α≈0.001).For each misclassified sample, W is pushed to point in the 

opposite direction. 

Background pixels 

Instrument 

pixels 
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If the learning data are linearly separable, the perceptron algorithm will converge to a plane 

that makes the correct classification (if alpha is not too high). If not, the perceptron will never 

converge, that’s why “while” loops should be avoided. Matlab matrix multiplications allows to 

perform the classification of the whole database at a time, in the presented code the whole 

epoch is proceed M times. W is updated after having classified all the points in the epoch. 

 

 

Classification plane 

 
Figure 2-5 Perceptron boundary in RGB space 

 

 
 
 
 
 
Learning database in 
RGB space. Red points 
are instrument pixels, blue 
points are background 
pixels. The green plane is 
the result of the 
perceptron algorithm. 

 

 

Matlab code: 

% notations :  h  = alpha 

%  t   = target values (learning data’s label) 

w = randn(4,1);  %initialization 

hV = ones(size(data,1),1); %extra value 

data = [data,hV]; 

for i=1:M   %avoid while loop (set M = 10000) 

 

corr = -h*(sign(w'*data')-t')*data; %update value 

w = w+corr';     %updating W 

end   
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Application and results 

The application of this single-layer ANN on a picture in Matlab can be done in one line. We 

need to avoid as much as possible “for” loops to save computation time.  

 

 
Figure 2-6 Segmentation by learning : results 

From left to right: the original image, cropped image and the segmented image (only the 

instrument has been kept). 

 

2.2.2. Limitations 

 

It is obvious that edge detection cannot solve the segmentation problem alone. Results are 

not good enough on laboratory images to allow any hope for in-vivo images.  

RGB-based classification seems promising since we used only the simplest classification 

algorithm. 

 

At this point two main problems must be solved: 

1. The overexposure in the middle of the image has a huge impact on the RGB values and 

is the principal source of noise. 

2. We have to crop the image to avoid black areas in background. It works on these specific 

laboratory images but this will surely be not the case for in-vivo images. 

One way to deal with problem 2 would be to light up the scene but in this case, problem 1 

becomes more important. The instrument is black and there is no way to avoid black areas in 

Matlab code: 

 

mask = sign(double(image(:,:,1))/255*w(1) + double(image(:,:,2))/255*w(2) + double(image(:,:,3))/255*w(3) + w(4)); 
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in-vivo images. Moreover, organs, vessels, bones and any other entities in background can 

adopt a great variety of colors and shapes making feature detection a real challenge. 

Most of the research teams around the world have also come to this conclusion and the idea 

is now to detect few points along the instrument and perform a 3D reconstruction from them 

[2,3,4,5,6]. The good thing is, markers can be added to the instrument and the vision 

algorithms will no longer try to extract the instrument but only the markers’ positions. Another 

strong advantage is that we can choose markers that can be easily extracted from pictures. 

 

2.3. The effective segmentation 

 

In this part, the current vision system is presented. The objective of the vision system is to 

extract markers’ position from a picture, in any situation and any possible background. 

2.3.1. Marker considerations 

 

The more information we extract from a picture, the better the 

learning in the second part will be but the place on instruments 

are very limited, markers has to be large enough to be 

efficiently detected by the vision algorithm and the camera 

position is far from optimal to see the instrument and its 

markers. 

 Three markers are added on each instrument. We can’t extract 

enough information with fewer markers and more markers 

leads more marker disappearance and this is something we’ll 

try to avoid as much as possible, moreover there is not a lot of 

available space along the instrument. 

The first marker is set right before the flexible part of the 

instrument, the third one right after this flexible part and the 

second one is positioned in the middle of it. 

The color of the markers is not really a problem. It can be 

adapted to the background if one has any knowledge before the 

operation. Since the learning in made offline, one can build a 

vision program for every color one want to use (see figure 2.8). In this report, the learning 

and every test will be done with yellow markers. Yellow and green seem to be the easiest 

colors to spot in in-vivo images.  

Figure 2-7 Instrument 
with markers 
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Figure 2-8Background and markers’ pixels in RGB space 

 
 
 
 
 

 

 

2.3.2. Data 

 

In order to build the most efficient vision algorithm and make relevant comparison between 

linear and non-linear vision programs the pictures used for learning and testing will be real in-

vivo images in this part.  

 

The learning database is done the same way as previously. Except now in-vivo images are 

used (see figure 2.9). 

 

Figure 2-9 Learning database construction (markers and in-vivo background) 

Green marker pixels 

Yellow marker pixels 

Red marker pixels 

Background pixels (in-vivo image) 

Red pixels are much closer 

to background pixels in the 

RGB space than the green 

and yellow ones 

Instrument 

pixels 

samples 

Background 

pixels samples 
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The images from figure 2-9 come from two different operations performed on pigs. The first 

idea was to produce a very large learning database that could handle any type of in-vivo 

environment. Unfortunately, the background is so much different from an operation to 

another that a unique learning dataset is not possible and make the segmentation less 

accurate.  

 

We are now building a learning dataset for each kind of operation. The interest is that it can 

be done once and be used several times. 

In order to fit even more the reality, the idea of building a learning dataset for each operation 

rises: the learning could be made once the operation has begun by using the first images. 

This would produce the tracker that fit the most the operation but it looks too risky so far 

(problem during the learning, how to select the marker pixel manually, learning time…). 

 

 

 

Figure 2-10 Learning database in RGB space 

Pixels value displayed in the RGB space: blue points are background pixels and red points 

are instrument’s pixels. The diagonals of the space are displayed in green. 

 

2.3.3. Linear classifiers (single layer ANN) and their restrictions 

 

2.3.3.1. Perceptron algorithm 

The perceptron algorithm is computed exactly the same way as presented above. The 

problem is that data are not linearly separable and the plane orientation could be very 

different from a learning session to another. Moreover there are a lot of false positive errors 

even on the learning database.  

This leads to important issues when it comes to test the ANN: important areas are spotted as 

markers and the feature extraction is unreliable. 
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Figure 2-11 In-vivo images: Perceptron results 

 

 

2.3.3.2. Delta rule algorithm 

The delta rule algorithm is very similar to the perceptron except it always converges to the 

average linear boundary in the training set even if the problem is not fully solvable by linear 

classifiers. It is based on the least mean square score E and a gradient descent [7]. 

   
 

 
 ∑         

 

   

  

The classification formula is the same (see equation 2). We have the same ANN 

architecture, the difference is in the weights update: 

 

Update rule:  

        
  

      (3) 

     
  

  
  ∑( 

 
     )

 

   

    

 

False positive 
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The delta-rule algorithm has been tested on the same in-vivo pictures as the perceptron, it 

quickly appears that the classification is still not good enough to extract reliable information 

(see figure 2.12). Even if most of the false positive samples are removed (better 

generalization), we know have false negative samples that can lead to marker 

disappearances.  

 
Figure 2-12 In-vivo images: Delta-rule results 

In the following picture, the boundaries from the perceptron algorithm (left) and from the 

Delta rule algorithm (right) are displayed in the RGB space with the learning dataset. We see 

that the orientation of the planes are very different, the orientation of the one from perceptron 

can be very different on the same data from a learning sequence to another (it stops only if 

there is no error left). The second plane always converges to this “average” position and we 

can see the false negative samples. 

 

Matlab code: 

% notations :  h  = alpha 

%  t   = target values (learning data’s label) 

w = randn(4,1);  %initialization 

hV = ones(size(data,1),1); %extra value 

data = [data,hV]; 

for i=1:M   %avoid while loop (set M = 10000) 

 

count = 0; 

corr = -h*(w'*data'-t')*data;  %update value 

w = w+corr';     %updating W 

end   

False negative 
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Figure 2-13 Boundaries in RGB space 

 

2.3.4. Strong classifier – Adaboost algorithm 

The Adaboost algorithm builds a strong and powerful classifier from a family of “weak” 

classifiers. The idea from Yoav Freund and Robert.E.Schapire [8,9,10] is that a good 

combination of weak (or bad) classifiers is a strong (or good) classifier.  

 

The input data are now weighted so that hard examples will have a stronger influence on the 

strong classifier than the easy ones. The weight vector will be called     

(

 
 

  
  
 
 

  )

 
 

. The 

strong classifier H is a linear combination of N weak classifiers; the learning database has M 

elements. If we set that        is the classification of one weak classifier for an input   , 
we have: 

 

           (
∑     

     
 
   

∑   
 
   

) (4) 

 

Boundaries from perceptron 

(green) and delta rule (grey): 

less error for the perceptron 

but worse generalization. 
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2.3.4.1. The algorithm5 

1. create the weak classifiers’ family 

2. initialize W so that every input data has the same weight 

3. compute the misclassification error for each weak classifier 

4. find the best weak classifier for this weighted distribution of inputs and add it to H. 

(  
      ) with its corresponding weight    

5. update the weight vector W so that remaining misclassified inputs have greater 

influence 

6. go back to step 3 until stop condition(s) fulfilled 

 

2.3.4.2. Weak classifier families 

Since the final strong classifier is a combination of weak classifiers, we have to avoid the 

case where a pair of input vectors         with         cannot be separated by any of the 

weak classifiers in the family. This condition leads to a mathematical issue that will be 

explained in the next part. To avoid the problem, one should build a family that divide the 

space very finely. 

In this report, two classifiers families are presented. Both of them are groups of linear 

classifiers (planes in 3D space). Each plane gives a very simple classification : every vector 

that lay in one side of it are classified as positive samples (+1) and every all the other points 

that, of course, are on the other side are classified as negative sample (-1). The first one is 

composed of 4 groups of linear classifiers regularly spaced along each diagonal of the RGB 

space-cube. 

                                                 
5
 The algorithm is the same as the one used in the course “Image bases recognition and classification” 

taught by Josephine Sullivan, KTH. 

The whole family is composed of K weak classifiers along each diagonal. 

 

Figure 2-14 Adaboost : RGB-space cube with few weak classifiers 
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The space is thus divided into regular 

octahedrons. Their edges measure    
√ 
 

 

since the space is normalized. And its 
volume is  

           
 

 
√     

   
 

 
√ (

√ 

 
)

 

 

  
 

    
 

 
 

 

The second family counts 3 groups of 
classifiers, this time the axis of the cube are 
regularly divided instead of the diagonal. 
The space is divided in cubes whose edges 

measure      
 

.  

 
 
We have then  

         
 

  
  

 

 
  
  
The second weak classifiers family can be much more powerful than the first one in our 

problem: the input space can be transformed in order to enhance contrasts [11]. Even if there 

is no possible assumptions about the background colors, a PCA* can still be applied on the 

input space with no dimension reduction. Thus our data are more easily classified with the 

second family. 

Moreover, the weak classifiers family can be adapted to the data we are facing: we can rise 

up the number of planes along the dimension where contrasts are the most important. 

We will only focus on the second weak classifiers family in the next parts. 

 

2.3.4.3. Missclassification error computation 

Now we have set up our weak classifiers, we have to select which ones are going to give us 

the best efficiency in the strong classifier. For every one of them, the misclassification error   

is computed. 

   ∑  
    

 
    

 

   

                           {
          

 

           
 

𝑙 

  

Figure 2-15 regular octaedron 

Figure 2-16 regular cube 
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And where    is the target value, the expected classification for a learning sample   . 

In the second family, we can divide weak classifiers in 3 groups, one for a dimension. It is 

obvious that for the first plane of a group, every sample will be seen as a positive one since 

the plane is located at the very beginning of the axis. Then, as we go through the regular 

spaced planes, the proportion of negative sample will increase until all samples are 

considered as negative ones for the last plane.  

Figures 2-14 show how the misclassified errors evolve while we are going through the planes 

in each group. 

 

Note that we have       , but we can restrain        by taking the opposite 

classification for every        (just flip the concerned plane) 

 

  
 Figure 2-17 Adaboost: error evolution along axis 

 
 

Proportion of misclassified sample: one curve reflects the proportion of misclassified samples 

for each weak classifier in this group. These curves come from the second family (3 groups). 

 

The first graph corresponds to the first path: all inputs have the same weight (much more 

background samples in the learning dataset). The first plane of each family classifies all 

inputs as background pixel, that’s why we have   
       

           
    , which is the 

proportion of background pixels in our learning database. The second graph has been taken 

lately, when weights have been updated several times. 

 

So now we are able to get the best weak classifier for a specific distribution of weights on the 

input data: we take the one that has a classification error the most far away from 0.5. 

 

2.3.4.4. Weak classifier addition and weights update 

Each new elected weak classifier is added to the strong one with the weight given by 

equation (6). Note that the relative affluence this weak classifier will have on the final 

classification is directly related to its performance on the training set. 
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    (

      

    
) (5) 

Note that      if         

One the classifier has been chosen and added to the strong classifier, the weight distribution 

on the input data are updated according to equation (6) 

 

  
      

  
        

     

  
 (6) 

 

Where    is the normalization factor so that 

 

   ∑  
 

 

   

   (7) 

Weights of bad classified sample are increased and weights of good classified samples are 

decreased and we have  

 
    ∑  

 

 

   

         
      (8) 

 

2.3.4.4. Mathematical background 

One important weakness of this algorithm is that it requires a good weak classifier family. 

Because of the computation of     (see equation 5), the case            has to be avoided 

because it  will  lead  to        and  no  weights  update.  If it exists an only pair of vectors 

        with       that cannot be separated by any of the weak classifiers, then       

            

   
   

    {
                     

            
 

 

It will immediately lead to 

   
   

           
   

      

And we will have no input weights update (equation 6), the algorithm will always add the 

same weak classifier with a null weight. 
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2.3.4.4.1. Error on the training set 

In this subpart, we will show that the amount of wrong classified samples for the 

strong algorithm over the training set decreases exponentially as more weak classifiers are 

added and that the margins are maximized by the algorithm. These 2 statements can be 

proved in one demonstration (just set that margin value is 0) but I find it clearer to separate 

the two cases despite the similarities. Both demonstrations are presented in appendix. 

It can be shown that it exists an upper bound for the proportion of misclassified samples.  

 

 

      
 
 

 ∑     

 

   

 (9) 

 

Where            {
          

 

           
. N = number of weak classifiers in the strong one. 

            

2.3.4.4.2. Margins optimization 

Another huge asset of the algorithm is that it maximizes the margins in the training set. This 

guarantees a good generalization if the training set reflects what will be encountered next.  

 
Figure 2-18 Adaboost: error evolution on training set (exponential decrease) 

2.3.4.5. Results 

 

The application of the Adaboost algorithm is a little bit more complicated than a single-layer 

ANN. Once the data are normalized, they are mapped into the new axis system provided by 

PCA for the second family, this makes the family even more suitable for the classification 

considering the planes positions. 

Margins optimization Classification learning 
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Figure 2-19 In-vivo images: Adaboost results 

Previous problems of false positive and false negative no longer appear. The overexposure 

problem cannot be solved since the pixel’s values in the middle of the marker are 

[255 255 255].Now we are able to make an effective segmentation, we need to extract 

information from it. We will extract from the segmentation the positions of the markers and 

track them during a sequence. 

 

2.3.5. The tracker and its performances 

As the vision algorithm, the tracker has been built in several steps, starting from the simplest 

to the most efficient one. 

2.3.5.1. One loop tracker 

The very first tracker to be computed was made of a single for loop. 

  

Figure 2-20 First tracker structure 

The output of the classifier is a binary image (called Mask) that needs to be cleaned from 

noises in order to extract the markers’ positions.  

Binary image (mask) 

𝑛  𝑛𝑚𝑎𝑥 

Image n 

𝑛    

Initialization:  

Extract markers’ positions 

Cleaning 

𝑛  𝑛     

Segmentation 

(apply classifier) 
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The cleaning starts with an opening operation: isolated false positive are erased. Then the 

bwlabel6 Matlab function is applied and connected pixels are spotted and labeled. Finally, we 

threshold the blobs, keep the ones larger than a boundary value. If their number is higher 

than 3, it reflects an overexposure effect (only the edges of the marker have been spotted 

and they are generally not connected), in this case we mix the closest blobs. 

 
Figure 2-21 Overexposure effect on marker detection 

 

 
 
 
 
 
 
 
 
Third marker made of 2 distinct 
areas (largest dots circled in 
blue). 
 Center positions are in pink.7 
 

This first tracker is very efficient as long as its main assumption is fulfilled: the markers’ 

dots are bigger than the noise. Unfortunately, in some positions this assumption does not 

stand and we lose one marker or we detect wrong blobs.  

In addition, we cannot easily predict in which order the blobs are detected and labeled. It 

means that we cannot be sure that if marker 1 is spotted first in image n, it will be spotted 

first in image n+1 … no individual tracking is possible and a lot of information is lost here. 

The threshold has a very important role in this loop:  

The lower the threshold, the more the detection is affected by noise and a too high threshold 

leads to a lot of marker disappearance and we’ll see that there is no way to approximate the 

position of the instrument with precision if we have less than 3 positions detected. 

 

2.3.5.2. 2 loops tracker 

We will now use the part of the information that is not processed by the segmentation 

algorithm: the coordinates (x,y) of pixels will play an important role in the loop we will add in 

this part. The tracker is now allowed to use the positions of the markers in image n-1 to find 

them in image n. 

Assumption: positions of markers in image n are close to the positions they had in image n-1. 

The frame rate is sufficient to avoid large motions in the image. 

                                                 
6
 See appendix 1 

7
 In the picture, the principal dots have been circles in blue. We merged the closest dots before the 

centers ‘computation (mean points). 
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The second loop starts with the mask from the segmentation and the previous positions of 

the markers. For each pixel detected as a “marker pixel”, we compute the Euclidian distance 

to the markers’ positions in the previous step (the closest marker wins it). This can be seen 

as a Voronoi diagram with 3 cells, the pixels are then labeled as the closest marker.  

Once all “marker pixels” are distributed, the new markers ‘positions are computed. 

If one marker has not won any pixel, it is considered lost       and go back to the first loop 

until     again.  

 

 
Figure 2-22 Second tracker structure 

A second loop has been added to avoid marker disappearance.  

 

The second loop addition is a great improvement in the tracking process. The first loop 

initiates the tracking with very severe rules of cleaning: the threshold value discussed in the 

previous part is relatively high and the opening operation is stronger (2 erosions followed by 

2 dilations). The important point here is that we got very reliable positions at the end of the 

phase which stops when all three markers have been spotted. Once the initialization is 

done, the cleaning can be relaxed. 

The overexposure effect is no longer a problem: even if a marker appears in 2 parts, both of 

them will be closer to the same center.  

If the third marker gets smaller, it will still be followed by its center, of course it will be more 

Loop 2 Loop 1 
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affected by the remaining noise but the segmentation is powerful enough for him not to be 

very impacted it (small isolated dots are removed by an opening operation). 

 

 
 
Mask from segmentation of image n, purple 
crosses are centers from image n-1. Dashed 
lines have been added manually to mark the 
boundaries between Voronoi cells 

 
 

Instrument equipped with Aurora sensors8, 
purple crosses mark the spotted markers 
(positions updated). 
 

 

 

This tracker is very effective as soon as a good initialization is possible. If not, the second 

loop won’t be used and there is no need to call this new tracker. 

 

 

 

 

 

Problems and drawbacks: 

The first drawback is not difficult to find: the duration of the second loop. Three distances 

have to be computed for each white pixel from the mask, if they are processed one by one, 

the computation time blows up. Hopefully, Matlab element-wise multiplication can speed up 

these computations very efficiently. 

                                                 
8
 See next chapter, « The Aurora system » 

Figure 2-23 Culsters on Adaboost mask (1) Figure 2-24 updated markers (1) 
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The second problem is that lines don’t really reflect the real boundaries between cells. For 

some configurations of the instrument, due to the camera position, the markers look like 

circle arcs and they can be split by one of the boundaries. This is something we want to 

avoid. Moreover, if the instrument is far from the camera and stretched (Ω = 0), the projected 

position of the third marker is not well defined and it is very close to the second one. Even a 

slight variation in its position has a strong effect on the boundary. 

 

Matlab code: 

 

[line col] = meshgrid(1:size(mask,2), 1:size(mask,1)); 

%'line' and 'col' are coordinate matrices 

 

D = cell(1,size(temp,1)); %temp contains the markers ‘positions for the previous image 

for i = 1:size(temp,1) 

D{i} = (line-temp(i,1)).^2 + (col-temp(i,2)).^2;  

% no need of sqrt (incresing function on positive numbers) 

% D{i}(n,m) is the Euclidian distance between point (n,m) and center i. 

end 

 

%we suppose we have 3 markers  

A  = (D{1}  - D{3}) .* image; 

B  = (D{1}  - D{2}) .* image; 

C  = (D{2}  - D{3}) .* image; 

 

%clusters filling 

C1 = A<0; 

buff = B<0; 

C1 = C1 .* buff; 

 

[…] 

 

[a b] = find(C1>0); 

% if C1(i,j) is positive, then distance from pixel (i,j) and c1 is the shortest and C1(i,j) = 0 for 

background pixels. 
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Cell n°2 doesn’t contain the whole dot from 
the second marker. This leads (see image 
on the right) to a shift of the second center. 
The effect will be even more important for 
the next image and so on … 

 
 
Updated center and boundaries for the next 
image. 

 

The last important issue with this tracking system affects the maker disappearance. In most 

of the cases, the last marker is lost in stretched configurations (like the one in figure 2.25). 

Then the first loop is called to re-initialize the positions of centers but this can take a very 

long time before the severe filtering conditions are fulfilled. Moreover, each time it goes 

through the first loop, it cancels individual tracking. 

 

2.3.5.3. Collaborative loops + circle (second introduction of a model) + 

individual tracking (assumption here)  

The last and most efficient tracker created tends to improve the shapes of the boundaries 

and the re-initialization process in order to keep individual tracking even if it loses a marker. 

The clustering process has been slightly modified and the structure of the tracker itself has 

been improved. 

2.3.5.3.1. Circles computation 

As you see in figures 2.25 and 2.26, lines are not very adapted to split the different clusters; 

it seems that circles would be much more efficient. Moreover circles are more suited to follow 

the motions of the tool in a video sequence. 

In the K-means loop, we no longer compute distances from white pixels to the previous 

positions of the markers but to circles which are carefully created. The boundaries switch 

from lines to circles. 

 

2 

1 

3 

2 

1 

3 

Figure 2-25 Culsters on Adaboost mask (2) Figure 2-26 Updated centers (2) 
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The circles share the same center   
 and have different radius    

 . 

            (  
        )           ,   

    is the last known position of the 

first marker 

     is a constant value, empirically chosen to provide the best   ,      is different 

depending on which instrument is tracked (right or left instrument). 

  
   ‖  

       ‖ 

Observe that the circles are computed to cross the last known position of the markers. 

 

 
Figure 2-27 K-means: New clusters shapes 

 
 
 
 
 
 
Debug tracking image 

 Green circles defined by 

(     
   

 Pink crosses are updated 
centers (K-means) 

 
Manually added information 

 Red point  =      

 Pink circles = boundaries 

 

Matlab code: 

 

%distance matrices computation for k-means clustering 

for i = 1:size(temp,1) 

    switch arg        %compute   
 

        case 'left' 

            center = [020, 352] + 0.75*(temp(1,:) - [020, 352]);  %from     left instrument 

        case 'right' 

            center = [750, 384] + 0.75*(temp(1,:) - [750, 384]);  %from     right instrument 

    end  

     

    radius = norm(temp(i,:)-center,2);     %compute   
 

 

    D{i} = abs( sqrt( (line-center(1)).^2 + (col-center(2)).^2 ) - radius );%compute distance matrices 

end 
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2.3.5.3.2. Linear approximation 

If the tracker we are currently building loses only one point, it tries to reconstruct its position 

from what is known. We assume that  

   
    

   (  
     

 )      
    

 
 (10) 

 

         are indices of positions,         ⟦    ⟧,  

(m = missing, c = close, f = far) 

   
  is the position of the missing marker in image n 

   
  is the position of the closest marker (from the missing one) in image n 

   
  is the position of the farther missing marker (from the missing one) in image n 

 

Equation 10 gives us the linear approximation of the missing marker’s position. 

 

 
 
 
 
 
 
Debug tracking image 

 Circles computed from previous 
position of centers 

 Pink crosses are updated centers 
(K-means) 

 Blue cross reflects the linear 
approximation of the missing 
marker (empty cluster and no 
efficient re-initialization) 

The linear approximation is the simplest reconstruction than can be done, more elaborated 

reconstruction are currently studied9. 

If it loses 2 markers (and the no re-initialization is possible), it uses the last known positions 

as reference for the next image.  

 

Note that the linear approximation presented above does not work if the missing marker is 

the second one. 

If the third marker is lost in a stretched position, the tracker will continue to look for it with the 

second loop using its last known position or its linear reconstruction. Thus the recovery is 

much faster than a re-initialization. 

                                                 
9
 See « Future perspectives » part. 

Figure 2-28 "Hard" tracking situation 
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2.3.5.3.3. Verification vector 

With this new architecture, the tracker will always return 3 positions once the initialization is 

done (except if it loses every markers, in this case there must be a problem with the camera 

or the instrument has been pulled out from the Anubis and the operation is over). 

Nevertheless, it is still important to detect the losses. This is why a new vector of flags ‘v’ is 

created. 

   (

  
  
  

) 

        {

                                      
                                      
                        
                          

 

 

2.3.5.3.4. Architecture 

The new structure is not very different from the one presented in figure 2-22. Once the flag is 

set to one (initialization done), it never gets back to zero and the system will always returns 3 

markers and the corresponding verification vector.  

 
Figure 2-29 Third tracker structure 

 

Once the first initialization is done, it will always output 3 positions. Vector v reflects how 

positions have been computed. 
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2.4. Features extracted 

 

So far the vision system focused only on the centers of the spotted markers. The output of 

the vision part is an input for the learning algorithms we will introduce in the second part. The 

more information we can extract, the better.  

Two important questions have to be answered before second part consideration: 

 Are the current features extracted sufficient to solve the pose problem? 

 Is it worth the trouble to extract more information from the pictures? 

 

The mandatory condition: 

As presented in part 1.2, the tool position is completely defined by three parameters; its 

translation  , its rotation    and its flexion  . 

For two different positions of the instrument, we define: 

                                  

     (
  
  
  

)    (
  
  
  

) 

Thanks to the tracker, we are able to extract the coordinates of the 3 marker centers on the 

camera plane for these two positions (  
  is the x coordinate of the center of marker i with 

the tool in position n): 

     (

  
   

  

  
   

 

  
   

 

)                (

  
   

 

  
   

 

  
   

 

) 

Then the matrices   have to fulfill the following condition: 

 

         

 

There are 2 difficult cases:  

Combination of flexion and translation in a way they compensate each other. The figures 

below show the situation. From figure 1 to figure 2 we have 
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Flexible part in blue 

 
 
 

Camera plane 
 
 
 
 

Camera center 
 
 
 
 
 

 

Figure 2-30 Projection problem 

These two configurations of the instrument have almost the same projection. Only the 

projection of the first marker is different (its projection only depends on the translation t).  

 

The second situation is not solved by the system so far.  

If                    , the projection will be exactly the same. The instrument is 

simply turning around its main axis. This means that we won’t be able to guess the 

orientation of the instrument (hook, grasper, blade…) fixed at the extremity of the instrument. 

We can assume that the mandatory condition is fulfilled. There is no way to solve the 

singularity expressed in the second situation with the vision system. 

A very important information is the orientation the markers, it could be a very powerful asset 

to solve the pose problem. In order to find these orientations, a Harry’s corners detection on 

the masks has been computed.  

Unfortunately, even if we could get a perfect segmentation, the position of the camera and 

the overexposure effect prevent us from getting any interesting data on the corner of the 

markers. In some position, the third marker itself is barely detected, whereas sometimes we 

have much more than 4 corner in one marker with the overexposure… 

The image processing part of the master thesis is done. The third and last tracker presented 

will be the one used to provide any information from picture from this point. For each image, 

we are now able to extract the position of 3 markers and the corresponding verification 

vector. 

     (

  
   

 

  
   

 

  
   

 
)      (

  
 

  
 

  
 
) 

 

1 2 
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2.5. Results 

 

Criterions are defined to evaluate the tracker performance: 

Test dataset Set of images (at least 1500). The instrument sweeps the workspace 
in different ways. The trajectory is divided in N positions; a picture is 
captured at each position. 

Perfect guess 
 

Marker centers are correctly set (no difference from a manual pick) 
 
See figure 2.27 

Missing marker A marker is lost (linear approximation, bad initialization, previous 
positions used) 
 
See figure 2.28 

Misplaced marker Marker on noise, 2 centers on the same marker … 

 

Note that misplaced marker is a situation that has to be avoided at all cost: the update 

function implies that a misplaced marker tends to stay misplaced. 

Missing marker is not a tremendous problem since we can detect a disappearance and it 

often appears in stretched position where the linear approximation is quite efficient to guess 

its position. 

The data acquisition tends to be in opposition with the movement continuity approximation 

made in this chapter. We made sure that the positions from image n to image n+1 are not 

very different. 

 Laboratory environment In-vivo environment 

Perfect guess 95% 70-75% 

Missing marker 5% 
25-30% 

Missplaced marker 0% 

 

In-vivo test are not very consistent since we didn’t have time to use marked instruments very 

often, and never in real conditions. The figures have been computed from very short 

sequences (the whole dataset has only few hundreds images) and each sequence requires 

its own learning database and the video flux we get was most of the time pre-processed 

(cropped, zoomed …). 

This part marks the end of the second chapter. We are now able to extract 6 features (3 pairs 

of coordinates) from every image provided by the camera. This will be called the X matrix in 

the next chapter. It is clearly a very small piece of information regarding the whole image but 

the camera position and the lighting conditions make every other feature extraction much 

less reliable. 
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3. 3D pose estimation of the instrument 
 

Now we have the X matrix as output from the vision system, the objective here is to 

reconstruct the mechanic parameters (     ) and/or the position of the tip of the instrument 

          from X. It means that we have to approximate 3 (or 6) of the following functions: 

Definitions: 

              
                 

 

             
                  

 

     
           

                
 

                       

                  
 

                       

                   
 

              
                 

 
 

With      in this chapter, if the vision system provides more information in the future or if 

we use the verification vector, we will have    . 

There are several ways to perform function approximation and some of them are presented 

in this chapter.  

First, a learning database has to be built. This means that we need to know the configuration 

of the instrument (    
 
   )            

       corresponding to the image n from which    

has been extracted. 

3.1. Database construction 

 

We cannot find (    
 
   )            

       with the information from the motors’ position. 

We need to use an external device to measure these values. 

Constraints: 

 The device must not interfere with the vision system: the markers ‘positions must not 

be affected by the device (P not affected by the measurements). 

 The instrument must be able to perform the same movements with and without the 

device, (no workspace reduction). 

                       are related to the instrument’s movements only. We need 

to get rid of the endoscope movements. 
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3.1.1. The Aurora magnetic device 

 

The Aurora magnetic device has been developed by Northern Digital Incorporated© to track 

surgical instruments and instruments. The system is divided in three parts: a magnetic field 

generator, the magnetic sensors (which are attached to what you want to track) and a control 

unit that returns positions and orientations of the magnetic sensors. 

 

 
Figure 3-1 Aurora system 

 
Control unit 

 
 
 
 

Magnetic field generator 
 
 
 
 

magnetic sensor 

 

The control unit returns a vector Q for each sensor (m is the sensor index): 

  
     

    
    

    
    

    
    

   

          is the position of sensor   in the reference system   . 

   
    

    
    

  is the orientation of the sensor in the reference system    

(quaternion form). 

   is the number of the measure in the sequence (measure   is synchronized with 

image  ) 

    is the absolute reference system attached to the magnetic field generator. 

There are two kinds of sensors available in the laboratory: 5-DOF sensors and 6-DOF 

sensors. 

It is possible to build a complete new reference system attached to the 6-DOF magnetic 

sensors with   
 .  

5-DOF magnetic sensors don’t provide enough information to build a complete reference 

system: the rotation around its main axis can’t be determined and the control unit sets its 

value automatically so that   
      

 

We want to use as less sensors as possible to compute (     )                 
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3.1.2. Sensors position and parameters computation 

 

In order to respect the third constraint, a 5-DOF sensor is fixed at the extremity of the 

endoscope, its main axis parallel to the camera axis. This will provide a new reference 

system in which  (     )               can be computed. 

A second 5-DOF sensor is fixed along the instrument, right before the flexible part, its main 

axis collinear to r (and t) (cf glossary).  

At last, a 6-DOF sensor (which will be seen as a 5-DOF one) is fixed at the extremity of the 

instrument, where the surgical instrument should be, its main axis orthogonal to the flexion 

plane  . 

 

 
 

 
Figure 3-3 Magnetic sensor 

 

 

 

 

 
Figure 3-4 Anubis system equipped with magnetic sensors and colored markers 

Magnetic sensor  

Main axis 

Generator 

Figure 3-2 Aurora magnetic field 

Point from which 

the position is 

returned 

Magnetic sensors 1 & 2 

(in blue and white) 

Third sensor’s support 
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3.1.2.1. Base construction 

Each sensor will give us a new reference system. We define  

  
   (

  
 

  
 

  
 
) 

Now we compute the 4 terms in our equation from the quaternion m: 

   
 

 is the easier to compute, we set the origin of our reference system at the position 

of the sensor. This position is directly returned in the quaternion (see previous part). 

   
   is main axis of sensor   with ‖  

 ‖   (see figure 3.3) 
With Aurora, the main axis of sensor   is the first column of the rotation matrix 

computed from the quaternion   
 . 

Since the reference systems are orthonormal, 

  
    

    
  

 
Reference system 1 (camera reference system) 

  
   is computed so that: 

  
    

    (orthogonality) 

‖  
 ‖    (normalization) 

  
        

this last condition is mandatory to define our axis.    is the X axis of the magnetic device 

reference system    (the one used to compute the quaternions, see figure 3.2). 

Reference system 2 

  
  

  
    

 

‖  
    

 ‖
 

Note that      
    

    because   
     and   

    . Plane   has been defined 

as the plane in which the flexion occurs.  

 

Reference system 3 

  
  

   
    

      
 

‖   
    

      
 ‖

 

Note that       
    

      
    because    

    
       and   
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On this picture, we have no rotation (θ = 0):, 

  is parallel to the plane defined by        . 
 

  is orthogonal to the projected view and 
can’t be displayed 
Note that only the left part of the Anubis 
extremity has been drawn. 

 

Trouble in measurements 

The first magnetic sensor (the one on top of the camera) and the third one (at the end of the 

instrument) are well fixed on the system and their position & orientation are very reliable. 

This is not the case of the second marker: its position and its orientation are both affected by 

the rotation of the instrument whereas they shouldn’t. 

 

 

 
Figure 3-6 Localization of sensor 2 during an acquisition sequence 

Here the rotation effect on 
sensor 2’s localization is 
highlighted: for 3 different 
translations, we performed 
a 180° rotation (flexion 
doesn’t impact the 
measurements). 
 

 

Figure 3-5 New reference systems from Aurora 
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This effect has an influence on the measurements we made on the system and corrupt the 

database. 

The position problem is easily avoided by shifting the position returned by the Aurora system. 

We can virtually put the sensor in the middle of the fiber with the following transformation: 

                       
       

          

  
    

is the position based on the second sensor localization. 

With          according to the Anubis mechanic specifications. 

The orientation problem comes from the fact that sensors are attached to the control unit and 

the wire is not perfectly flexible. The tape used to attach the sensor on the instrument is not 

strong enough to keep a stable orientation. In order to get a constant orientation during a 

sequence, the following method was computed: 

A PCA* is performed on the positions of sensor 2 (point cloud displayed in figure 3-5); the 

main direction is the one we are looking for (translation direction   displayed in red).  

Note that this operation must not be performed on the data if there is no sufficient translation 

in the sequence. Thus we get a constant direction for sensor 2 avoid a lot of disturbance. 

Moreover,   
   

 can be computed even more accurately by projecting, for each acquisition, 

  
    

 on the line directed by r and crossing mean value (over n) of   
    

. 

The second method is much more robust than a simple shifting. Now the second center is 

stuck on the translation axis and is less sensible to mechanic disturbances and we have 

smoother variations. 

  
 

Matlab code (first reference system): 

 

R = quatToMat(Q(1,:));  %find the rotation matrix corresponding to the quaternion 

 

X1 = R(:,3); 

X1 = X1/norm(X1,2);  %extract and normalize X1 

 

if X1(2) ~= 0   %compute Y1 

r = X1(3)/X1(2); 

y2 = sqrt((1/(1+r*r))); 

Y1 = [0;-r*y2 ; y2]; 

else 

Y1 = [0; 1; 0]; 

end 

 

Z1 = cross(X1,Y1);  %compute Z1 

Z1 = Z1/norm(Z1,2); 
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3.1.2.2. Parameters extraction 

From this point, on every vector, point, projection and other geometrical 

considerations use the first reference system as absolute reference system. The 

indice n still represent the acquisition n. An acquisition is composed by a video frame 

and a set of quaternions.  

 

This means:  

     
       (

 
 
 
) 

     
       (

 
 
 
) 

     
       (

 
 
 
) 

Moreover, the position of the second sensor   
 

 has been shifted as explained above 

for every geometric computation.  

Once the bases are built, position parameters can be extracted with simple geometric 

considerations.  

The translation can thus be written as  

    |      
     

 | 

The flexion can thus be written as 

      
   

 
       (

   
     

     
 

   
     

     
 
) 

The rotation can thus be written as 

    
   

 
       (

  
    

  
    

) 
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We are now one step away from the end of the process, we have all input data we need for 

the learning algorithm. The tracker provides the visual input data: 6 coordinates of the 

centers of the markers and we use the magnetic device to build different reference systems 

and extract the 3D coordinates of the tool’s tip and/or the parameters (t,  ,  ). 

3.1.3. Restrictions and limits 

3.1.3.1. Magnetic disturbance 

Once the reference measurements are made thanks to the magnetic device, before doing 

the measurements we have to ensure that there is no disturbance in the magnetic field when 

they are done.  

We’ve made some measures with and without the robotic system into the magnetic field and 

found that there were no significant differences [12]. 

3.1.3.2. Accuracy 

According to the Aurora documentation10, The position of sensors located into a 2mm  radius 

sphere and their orientation determined close to 1°. Note that we take the lower bounds of 

the precision because we may have magnetic disturbance in the laboratory while we use the 

system and the precision measurements have been made “in an environment free of 

electromagnetic disturbances”11. Moreover, the position of a sensor returned by the Aurora is 

“at the sensor coil’s center” 12, which is not visible on the device. We performed a calibration 

to find it.  

3.1.3.3. Synchronization 

This is the main problem in data acquisition: images from which the visual data are extracted 

have to be captured at the same time a magnetic measurement of the instrument’s position 

                                                 
10

 Furnished with the system. Unfortunately it seems not available on internet 
11

 Aurora’s documentation extract 
 

Matlab code: 

 

a = A(2,1).rotations;     % R2 in R1 to extract X2 

t = abs(b*a(:,1)/norm(a(:,1),2)); 

 

a = A(2,1).rotations; % X2 or Y2 

% we compute g/2 here, that's why have a factor 2 (360 instead of 

180) , o = omega 

o = 360/pi*atan2(-translation23*a(:,2)/norm(a(:,2),2),-translation23*a(:,1)/norm(a(:,1),2)); 

 

a = A(3,1).rotations;     %X3 

b = eye(3);      %Z1 & Y1 

th = 180/pi*atan2(a(3,1),a(2,1)); 

if th < 0     %avoid discontinuities in plot, th = theta 

    th = 360+th; 

end 
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is done. Unfortunately, the Aurora control unit is a black box that cannot be removed nor 

replaced. 

In the documentation, NDI* states a measurement rate of 40 Hz for less than 6 sensors in 

the magnetic field. We use three and 40Hz is more than enough to track the instrument’s 

movements. The problem comes from the latency which is “not strictly defined, because 

there are too many variables. It is typically 75 ms, (three frames) but can be higher.” 12 

This means that there is no way to be sure that we have synchronized measurements and 

the latency can change during an acquisition sequence. The following scheme shows how 

we try to avoid this latency problem: 

 

 
Figure 3-7 Aurora data acquisition process 

The instrument workspace is discretized and measurements are made in regular-spaced 

positions, once the instrument is at rest. 

 

3.2. Learning algorithm 

 

The last part of the master thesis work presented in this report is to provide an efficient way 

to build            and/or             

We have a 6-dimensionnal space as input and a large amount of points to set up our 

functions (between 500 and 1000 points are measured in a sequence). As there is no 

specific condition on how to set up the function approximation, the same considerations as in 

the previous chapter will be used: from the simplest to the most complex algorithm. 

In the following parts, the following writing conventions are adopted: 
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 )

 
 
 
 

       ̅̅ ̅̅   
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Instrument stopped in 
position 

Make several 
magnetic 

measurements & 
capture a video frame 

Average over all 
magnetic 

measurements 
go to the next position 



Chapter 3 - 3D pose estimation of the instrument 

47 
 

 

    (

  
 

  
 

  
 
)   (

  
 

  
 

  
 

)     (
  

  

  
) 

                                                            

                                                                 

      
       (

   
 

   
 

   
 
)                             

      
       (

   
 

   
 

   
 
)                           

There are several ways to build efficient function approximation (Support Vector Machine, 

multi-layer ANN, Lagrange interpolation, RBF networks Gaussian process …). Each of these 

methods has its advantages and drawbacks. The following sections present deal with some 

of these methods and explain how the approximation is done is our case. 

3.2.1. Linear regression 

 

A single-layer ANN provides a good linear function approximation. We use the same 

algorithm as in the previous chapter (Delta rule). 

We have 

     
   ∑   

    
       

 

 

   

 

        ̅̅ ̅̅  

The formula looks very simple and one may think that the approximation will be insufficient. It 

appears that the approximations are not very far away from the real functions on the training 

set. The space dimension we have as input (d = 6) makes the linear approximation quite 

efficient. Even if local fluctuations are not fitted, it catches the global variation. 

 

3.2.2. Lagrange interpolation 

 

The Lagrange interpolation can handle linear and non-linear functions and can be used in 

multi-dimensional space for approximation [13]. 
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The advantage of the Lagrange interpolation is that it provides a polynomial approximation P. 

Polynomial functions have nice properties (regularity, continuity …) and are one of the 

simplest functions to compute. 

Unfortunately, the Lagrange interpolation has strong drawbacks too: 

 Fit the noise: the points used for the computation are perfectly matched by the 

polynomial. If they are noisy points, the output will be affected. 

 Oscillation (Runge’s phenomenon) and edge effects: the more you add data in the 

coefficient computation, the higher the degree of the polynomial will be. And a high 

degree polynomial should present artifacts that don’t fit the data. 

It can be shown that   

   
    

          

if the degree n of the polynomial is higher than 0. As soon as there is no data to pull 

back the polynomial, it goes to infinity so fast that it affects the approximation. 

 Only the interpolation points (called node) are used in the process. All other 

information is lost. 

Figure 3-8 highlights the Runge’s phenomenon in a 1-D input space (dataset arbitrary 

chosen) 

 

  
Figure 3-8 Lagrange interpolations 

The results are acceptable with 10 nodes but as soon as we add mode nodes, oscillations 

are too violent to be ignored. 

A lot of improvements have been made on the Lagrange interpolation. Oscillations can be 

reduced if you chose a correct set of input points (Chebyshev nodes) and the data can be 

pre-processed (clustering, averaging …) in order to get a better approximation. 

The problem is here we’ll have thousands of input points and functions that may be 

approximated by polynomials with a “small degree (n 20)”. The figure 3-8 shows that 

Runge’s effect jeopardize the approximation since n>15. 
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Since we don’t know how many degrees will be needed to provide a good approximation, the 

Lagrange interpolation doesn’t appear to be the best choice. We will briefly come back to the 

Lagrange interpolation in the next chapter. 

 

3.2.3. The RBF network 

 

RBF networks are very efficient to fit local variations without affecting the rest of the 

approximation: we’ll use Gaussian kernels here (see equation 10).  It is obvious to see that if 

an input is located far away from a Gaussian kernel, it won’t be affected by it. In other words, 

RBF networks are efficient to improve an approximation and they have a great synergy with 

linear approximation. 

The reconstruction set up by a Radial Basis Function network is a sum of kernel functions 

wisely chosen. The estimated functions are: 

   
   ∑  

  𝜑 
 

 

   

(  
)     

  

 

 

 

   𝜑 
         

   
 
 
  (( 

    )
 
   

   (     )) 
 

(10) 

 

An RBF network is built in two steps, the network can be seen as a two layers ANN. First the 

Gaussian kernels 𝜑 
 
 are computed through unsupervised learning (first layer), and then we 

find the best linear combination (  
           of these kernels through supervised learning to 

approximate the function.  

 

3.2.3.1. Unsupervised learning, kernels computation 

A Gaussian kernel 𝜑 
 
 will be defind by 3 parameters: its center   , its variance  𝛴  and its 

maximum value   
  [14,15,16]. 

The better our kernels will fit the data, the better the approximation will be. It would be nice if 

the centers are located where the density of data is the highest in the input space. Thus the 

approximation will more reflect our measurements. 
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In order to find the best spot for our centers, we proceed to a K-means algorithm on the 

normalized input space. Here K = H (we’ll compute H kernels). The centers converge to the 

highest density areas. 

The problem with K-means algorithm is that it requires a good initialization. A random 

initialization, bounded by the data extreme values is often a good way to start. The problem 

here is that we can still have trouble in our measurements (the vision system, as good as it 

is, can fail in the marker detection and return impossible positions) and a few points always 

land far away from the workspace. It makes the random initialization very bad (see figure 3-

9). 

 
Figure 3-9 Bad random initialization 

 
 
 
 
 
 
 
Slice of the input space (x1,y1 only). 
 
The initialization is very affected by the 
points located at (175,19). Most of the 
centers (red points) will be erased (empty 
cell) and the RBF network won’t be very 
efficient. 

 

 

We could have built an algorithm that removes the wrong points. But they are not that easy 

to spot in most of the cases and it’s much simpler to change the initialization. The initial 

positions of centers are chosen among input data (random pick). 

Wrong measurement 

Useless centers 

Matlab code: 

 

index = randperm(size(X,2)); 

C = X(:,index(1:H)); 

 

% X : input data (size = 6xN) 

%C : centers initial positions : 6 randomly picked samples. 
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The new initialization solves the problem without adding a lot of complication to the code. We 

keep the random characteristic of the initialization.  

 

 
Figure 3-10 Good “random” initialization 

 
 
 
 
 
 
 
Slice of the input space (x1,y1) only. 
 
All centers are preserved and the RBF 
network is much more efficient. 

 

 

Once the centers are set, input data are split among the newly formed clusters          . 

We compute the other parameters [15]: 

 

  
   

∑         
  

   

∑      
 
   

 

           {
         

          
 

 

𝛴     𝔼 [(𝕏   𝔼[𝕏 ])
 
]  

                                     

Wrong measurement 
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          𝕏   {    
 
      } 

𝜑 
  is the jth kernel function attached the variable     (a mechanical parameters or a 

coordinate of point P). 

We can thus define the vector   
  

  ̅̅ ̅̅
   

(

 
 
 

 𝜑 
     

 𝜑 
     
 
 

 𝜑 
     

 )

 
 
 

 

 

3.2.3.2. Supervised learning 

Now that we’ve computed the kernels, the weighting factors wj can be computed by 

supervised learning. The delta-rule algorithm is used again. This time the inputs are 

𝜑 
             for each     

 

 

Matlab code: 

 

for i = 1:size(X,2) 

     in = [in,estimator(X(i),C,Ymoy,sigs)];  %compute the first layer output 

end 

 

w = randn(n+1,1);     %weight init 

 

for  i=1:N 

     

     out = w'*in;  

     corr = -h/M^2*(w'*in-target)*in';  

     w = w+corr';  

end 
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Figure 3-11 RBF Network: structure (1) 

First layer computed through unsupervised learning, second layer computed as a single layer 

ANN. 

It is much easier to see how the network works and how it can be tuned and improved with 1 

or 2 dimensional inputs (the outputs are always 1 dimensional).  

The following figure shows the approximation of a noisy square function (black points). The 

kernels are displayed in thin lines; the final approximation is displayed in thick green line. The 

red points have for coordinates (      ). Since we have a one dimensional input, we can 

visualize the RBF network and how it is created. 

 
Figure 3-12 RBF network: results (1) 

Function approximation with RBF network, H = 12.Strong edge effects 
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The function approximation is efficient as long as we have enough points to follow the 

function variations. The main problem is that we have strong edge effects: the reconstructed 

function drops to zero as soon as there is no more points to support it [17]. We can try to 

balance this effect by adding more kernels but the functions will become less and less 

smooth and oscillations can become very important. 

 

As partial conclusion we can say that the linear approximation is efficient to fit slow 

and general variations and RBF networks are efficient to fit local variations. 

 

Let’s combine the two approximations. A linear approximation is built first and an RBF 

network in added from it to adapt the linear reconstruction to the desired function. 

 

We define  

          

   become our new values to reach with the RBF once the linear approximation has been 

processed. 

 

The only modification in the RBF network is on   
   

  
   

∑         
  

   

∑      
 
   

 

 

We re-compute the weights with the new target values    and sum the two approximations 

to get something very close to the original function 
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Figure 3-13 RBF Network: structure (2) 

RBF network architecture with linear approximation. Note that   
 

is computed from the new 

  
  formula and thus has to be computed after the linear approximation. 
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        ̅̅ ̅̅
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(11) 

   

Equation 11 is the RBF function approximation that can be found in the literature [3]. This 

approximation method has 3 powerful pros: 

 Can be tuned a lot to fit the data 

 Smooth factor (α) 

 Number of kernels (H) 

 No oscillations, even if we approximate a function with high variations (compared to 

the Lagrange interpolation method) 

 Noise resistivity: the Gaussian shape is useful to avoid overfitting and be affected by 

noise. 

The following pictures present some approximation results of the RBF network in one and 

two dimensional input spaces. 
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Figure 3-14 RBF network: results (2) 

RBF network approximation (green curve) on 1D input data. Edge effects are reduced a lot 

(left figure). Local and global variations are nicely matched. 

 

Figure 3-15 RBF network: results (3) 

RBF network computed from a 2D input space after linear approximation (left figure, the 

linear approximation is represented by the “average” green plane from which the kernels 

rise). Function to approximate displayed in points. Final result in green (right figure). 

Network construction 

Even if most of the network is built by the learning algorithm, there are still 2 parameters that 

must be set: the smooth factor and the number of kernels. 

The smooth factor affects the shape of the kernels (kernel shapes in appendix). The higher 

the factor is, the flatter the kernels will be and there won’t be a good approximation of local 

variations (almost no difference between linear and RBF reconstructions) and a too low 

factor leads to oscillations and in most of the case, a worst generalization. 

The number of kernels has an even more importance on the approximation. One can think 

that data are better fitted with a lot of kernels, which is in true in most of the cases but the 

approximation calls the inverse of the covariance matrix (equation 11). It means that we must 
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have a full-rank covariance matrix in each cluster for a 6-D input space. In our case, 40 

kernels seems to give the best results for nearly 1000 input data. 

3.3. Results on Anubis system and analysis 

 

It’s much harder to see how the RBF network works on data provided by the vision system: it 

is fed with a 6-dimensional input space and this can’t be displayed.   

 

Moreover, we’ll see that we don’t extract enough information from the pictures to be able to 

guess the mechanical parameters. The following example shows why: 

Considering two positions of the instrument P1 and P2.  

    (
    

  
  

) 

    (
       

     
      

) 

 

The instrument is stretched and the translation is the same in both positions. Only the 

rotation parameter is different: The instrument has rotated along its main axis. 

Since its position is the same in the 3D-space, we’ll have the same projection on the camera 

plane and thus the same input for our RBF network for two different outputs. This kind of 

“functions” cannot be approximated efficiently by common approximation techniques. 

The problem doesn’t occur if we use the position of the tool’s tip P = (x,y,z). We’ll use this 

second representation from now to avoid the problem12.  

 

As first results, the 3-D reconstructions on learning datasets are performed. This is a good 

way to see how the learning performs on its own data. It highlights overfitting phenomenon 

and it’s a good way to compare the algorithms and the effects of their parameters. 

In order to improve our estimator, we compute the error value for each image and sum them: 

     ‖     ̂‖  (12) 

 

Where    is the reference position of the extremity of the instrument (measured by Aurora) 

and   ̂ is the reconstructed position from vision. 

Note that the input space is not abscises of the curves. The input space cannot be 

displayed (6 dimensional). The representation only allows the reader to imagine what 

kinds of movements have been performed (figures 3-17 and 3-18).  

                                                 
12

 There is another way to avoid the problem (introducing models) it is discussed in « future 
perspective » 



Chapter 3 - 3D pose estimation of the instrument 

58 
 

3.3.1. Evaluation on simulator datasets 

 

Learning and test sets are constructed from a virtual simulator.  We have “perfect” points, 

the workspace is swept with perfect regularity, there is no distortion and other vision troubles 

in visual data. It is much more easy and fast to get data from the simulator and we can 

investigate how the RBF parameters affect the reconstruction without any disturbance from 

the vision system (6D-input space is computed in the simulator).  

The learning datasets are computed with points regularly spaced in the workspace (nearly 

1000 points are computed). 

 

The error curves have been computed this way:   

 Learning on the training dataset: 3 networks built, one for each function (xp,yp and 

zp) to approximate 

 For each input of test dataset, compute the approximations ( ̂p,  ̂p,  ̂p) 

 Compute the reconstruction error (equation 12) 

 

Here are the datasets from which the tests have been made: 

Dataset 1:  

             
           
           

Dataset 2: 

               
           
           

 

Dataset 1 is the closest to reality. The aim of this part is to achieve the most accurate 

reconstruction on this dataset.  

Dataset 2 is a little bit larger than dataset1. Note that we have not inputs from dataset1 

included on dataset 2. The point distribution over the 6-dimensional input space is different in 

both dataset.  

 

As displayed in figure 3-20 (red curve), the reconstruction error doesn’t exceed 6mm for 

more than 90% of the inputs with 50 kernels in our RBF networks. After investigation, is 

appears that the positions where the error is high are all gathered in 2 areas:  

                           

       

          

 

These areas are located at edges of the 6D-input dataset which suggests that the edge 

affects are still affecting our reconstruction. 
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The method called “Not-a-Knot” [18] is designed to improve the RBF approximation near 

input space boundaries. The idea is to shift kernel centers out of the input boundaries to 

prevent the approximation from collapsing. We used another protocol here but the idea 

remains the same. 

 

We made a new learning: the dataset we used was computed from a larger workspace 

(larger variations of the mechanical parameters). If we apply the new network on the 

previous dataset, edge effect was reduced (blue curve, figure 3-20). 

 

 

Figure 3-16 error on reconstruction (simulation values) 

Red curve; learning and test on dataset1: strong edge effects 

Blue curve: learning on dataset2, test on dataset1: edge effects reduced 

Since we test the network on its learning dataset for the red curve, results are slightly better 

for dataset1 than dataset2.  

Please note that the x-axis has no real signification. We have nearly 1120 different position 

approximated and we have computed the reconstruction error for each of them. The errors 

have then been sorted (ascendant) to give the reader a better view on the algorithm 

performance. 

 

3.3.2. Evaluation on real datasets 

 

The results presented in this part have been obtained with the following parameters: 

 Laboratory environment 

 Dataset 1 and 2 are constructed from a general sequence.  

The instrument sweeps the whole workspace; sequence scheme is given in 

appendix. The sequence provided 763 pictures and their corresponding positions of 
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the instrument (thanks to the Aurora system). Data are then randomly split to create 

the two dataset (80-90% for the learning dataset and the remaining for the test 

dataset). 

  

In order to understand the results provided on real datasets, 3 sequences are performed: 

 

1. Linear and RBF pose estimation compared. Both learning and test are performed on 

dataset 1. This protocol highlights how different the algorithms process the data. 

Comparative results are presented in figures 3-17 and 3-18. 

 

 

 
Figure 3-17 Reconstruction curve: Y coordinate 
(Aurora measurements, linear and RBF 
reconstructions from vision) on learning dataset 1. 

 

 
The Aurora measurements are displayed in 
black (reference values). The red curve is 
the result of a linear combination of the 6-D 
input space. We see that the reconstruction 
along the Y axis (left-right axis) is very good. 
RBF network (blue curve) doesn’t bring a 
great improvement 

 
Figure 3-18 Reconstruction curve: Depth 
coordinate (Aurora measurements, linear and RBF 
reconstructions from vision) on learning dataset 1. 

 
 
As before, the Aurora measurements are in 
black. The red curve is the linear 
reconstruction along the depth axis (which 
is, of course, the hardest coordinate to 
reconstruct. It is obvious that a linear 
reconstruction is unable to fit the data. RBF 
network is very helpful here. 
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2. Comparison between simulator and real data: this is a very important step for the 

validation. The networks should have the same behavior on simulated and real data. 

Otherwise there is a problem in the simulator and/or in the networks (and the simulator 

seems to work well).  

 

 
Figure Figure 3 19 Comparative histogram (RBF-linear approximation. Real & simulated data) 

 

3. Once the RBF networks have passed the two previous steps, we can test them on “real-

conditions” test dataset. The learning is made on dataset1 and applied on dataset2. 
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Figure 3-20 error curve on learning dataset 

 

 
 
Error values can be much higher here 
than on simulated data (see figure 3-16). 
The maximum error is around 17 mm 
(average after 10 iterations). 
 

- Tracker doesn’t return perfectly 
the centers of each marker in the 
image. 

- Aurora’s magnetic measurements 
can be very inaccurate. 

- Edge effects. 

 

 

Figure 3-21 Error curve on test dataset 

It appears that some points of the test dataset are very badly reconstructed (several 

centimeters of error). The rest of the curve looks normal for the RBF network: most of the 

points are well approximated (less than 5mm error) and the exponential increase. 

The points where the error is the highest are in fact out of the learning boundaries: we can 

define the 6 dimensional learning subspace  : 

  {                    } 

        [   
 

  
     

 
  
 ]                          
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And there are some points in dataset 2 that are not in  . The learning has not been 

designed to handle these points and it returns absurd values. The reader can imagine the 

following problem in 1 dimension: we want to approximate a function y = f(x) and we made 

measurements for         . All test samples in this interval will be correctly approximated 

but things will quickly get hard if we want to approximate the output of  

x = -6, x = 7 … 

As conclusion, it appears that this reconstruction is much more effective than the one based 

on mechanical model with motors positions as input information. It is obvious that it is far 

from sufficient to reach 5 mm position error on the pose problem, especially in surgery. 

Nevertheless, there are many ways to improve these results. Today they can be seen as a 

confirmation that the vision coupled with learning algorithms is efficient to set up an 

automatic control.  
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4. Future Perspectives 
 

4.1. Possible improvements 

 

4.1.1. New kernels & Cascade architecture 

 

It will be useful to complete the study on RBF networks, Gaussian functions are not the only 

radial basis functions that can be used here. Moreover there are several other methods to 

approximate multi-dimensional functions: multi-layer perceptron uses other kernels like  

  
 

       
 . Support Vector Machine could be used here too with their own bunch of kernels. 

Another idea is to build a cascade architecture of the network: so far the target values have 

first been roughly approached by a linear approximation, then the Gaussian networks is 

added to improve the approximation. Why should we stop here? It is possible to build several 

other networks (with or without the same kernel shapes) that will be added after the first two 

approximations to get even closer to the target values. If the overfitting phenomenon is not 

that important, the accuracy will be improved. 

4.1.2. Gaussian process 

 

The RBF network provides great function approximations but we are still dependent of the 

Gaussian shape that cannot match every possible situation. It has great generalization 

properties but its limits seem to be reached in our case:  

 We can’t compute as many kernels as we want; we need to have enough input 

samples in each cluster in order to compute full ranked covariance matrices. 

 Edge effects 

 Sensitive to initialization 

It would be difficult to get a better approximation if we stick to this process. 

The Gaussian process is an even more generalized concept whose RBF networks are just a 

subpart. It deals with second order statistics and manipulates functions instead of data. “One 

can think of a Gaussian process as defining a distribution over functions, and inference 

taking place directly in the space of functions” (Rasmussen & Williams, 2006) 

The idea is to find a distribution over functions to build the approximation. 

David MACKAY describes the Bayesian point of view of the RBF networks as it has been 

described in this document [19]. It corresponds to the inference of the estimator given the 

data. We can follow his demonstration to show that our RBF network is a Gaussian process. 

 

The inference is described by the following posterior probability distribution (the formulas 

have been adapted to fit the writings conventions): 
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  |   

       
    

  |    
           

  

 (   
 |  )

  

We have  

                 
       ̅̅ ̅̅

  

Our prior distribution of w is assumed to be Gaussian distributed 

                

Then    is Gaussian distributed too (linear function of W) 

Then he defines the covariance matrix of    : 

   〈      
 
〉 

    〈      
 〉           [

    
  ̅̅ ̅̅

   ̅̅ ̅̅
    ̅̅ ̅̅

 

    
] 

Then  

                   

This relation is true for any input points:    has a Gaussian distribution. This is the defining 

property of a Gaussian process.  

A Gaussian process is completely specified by its mean and covariance functions 

(Rasmussen & Williams, 2006) [20]. One of the covariance functions is called square 

exponential: 

   (            )              
( 

 
 
‖      ‖

 
)
 

And can be obtained by our linear combination of Gaussian kernels if     

In other terms, we can try to improve the function approximation by using directly the more 

general way of Gaussian processes and find a better covariance function to fit our data. 

4.1.3. Vision system – feature extraction 

 

It may be interesting to extract more features from our pictures. We have quite good 

approximations methods that can handle multi-dimensional inputs and we know that the 

higher the input space dimension is, the better the approximation will be (of course, the extra 

dimension has to bring some kind of information). 

H+1 rows 
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If we manage to deal with the overexposure effects and detect the whole “markers ‘areas” 

(no false negative), we can use their size as an extra input. One can try to guess the joints 

‘orientation between markers, this would be the most useful information and may allow a 

whole 3D reconstruction of the instrument. 

4.1.4. Camera position and overexposure 

 

The camera position is from far the most important problem we have. It affects the project at 

every level: marker disappearance, very close projected position for different configuration, 

no affine camera approximation allowed, movements along its axis… 

The position is so bad that research teams are working on more complicated mechanic 

systems to provide a way better point of view of the scene and carry a second camera to 

allow stereoscopic reconstruction [21].  

So far there is no flexible endoscope equipped with two cameras. The structure of the 

system itself is already very complex (because of its flexibility expectation) and there is no 

place for an extra device. 

Overexposure is the second most painful problem. We try to use different tape, different color 

and we even use paint on the instrument to reduce the overexposure effect: nothing worked. 

Nevertheless, the instruments are not designed for visual tracking and it should exist some 

materials that have the same properties as the one currently used with a lower sensitivity to 

overexposure. 

4.1.5. Active markers 

 

A way to solve both overexposure and feature extraction problems is to use active marker 

instead of simple, passive, colored ones.  

What if the markers become small light that regularly flicker during an operation? If the 

frequency is high enough to prevent any discomfort for the surgeon, it is very simple to spot 

the new marker with a perfect precision.  

Then we may be able to use different colors for the markers and have extra information. 

4.1.6. Cable problems 

 

The main reason of every mechanical problem encountered so far comes from the cables 

used to move the instruments and/or the endoscope.   

Cables become slack, they break during operation and they introduce non-linearity and 

delays in the command chain. They are the biggest weakness of the system. Moreover, we 

have a null-zone in our workspace because of the mechanic conception. So far there is no 

difference (for the system) between the two following position P1 and P2: 

              

                          

If                    
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Unfortunately, cables seem to be the only way to move the instrument and the endoscope 

efficiently while inside a body. I believe research in micro-mechanic will find a more reliable 

system to replace the human hand during a surgical operation without losing force, accuracy 

and reliability. 

4.1.7. Back on the Lagrange interpolation 

 

It appears that the linear approximation is not that bad to approximate the 

coordinates/mechanical parameters functions. Knowing this, it may be interesting to use 

Lagrange interpolation with a small degree      on each input dimension in order to 

compute an efficient approximation.   

It shouldn’t provide a better approximation than a Gaussian process, which seems to be 

more general. But it would be useful to have explicit expressions of our functions with 

polynomials. 

4.2. Ongoing research 

 

4.2.1. Hidden Markov Model 

 

Image segmentation, tracking algorithms and function approximation are not the only 

machine learning tools used in surgery. The Blue DRAGON project [22] is a powerful system 

to help surgeons practicing and evaluating their performance. It uses a discrete Markov 

Model to decompose a whole surgical operation in small steps. The learning is done by 

monitoring the same operation performed by several expert surgeons and the evaluation is 

done on a novice surgeon by looking how far he is from the model. 

The same system could be used in the Isis project: It can help the surgeon during repetitive 

tasks (suturing by example) by force feedback on the interface. With the tracker, we have 

seen that we use the last known position to help it find the current one. Why shouldn’t we use 

the last 10 positions, or the last 100? With the help of the Markov Model, we may be able to 

“guess” what should be the current position and guide the surgeon 

4.2.2. Several instruments and external material 

 

The reader must have noted that the surgeons uses two instruments during an operation and 

all the work presented above has been made for one instrument only. Things don’t get much 

more complicated with a second instrument as soon as there is no interaction between them. 

Unfortunately, instruments can cross each other, a marker can hide behind another one … 

this complicates a lot the tracking task. 

Nevertheless, using a second marked instrument can help define both position: we could 

imagine a system that use relative position of markers (distance between markers of different 

instruments) to determine the position of one instrument from the position of the other one (in 

case of marker disappearance for example). 
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Moreover, it is very common that the Anubis system is not the only artificial device inside the 

patient. It may be interesting to locate the other entities (such as screw, ankle, plate, spring 

…) and use their dimension to help locate our flexible instrument. A 3D reconstruction of the 

scene is possible if have some extra information about it (dimensions and/or positions of 

objects viewed) [23,24,25]. 

4.2.3. Motor information & model introduction 

 

The master thesis concerns only data from the video flux but it must be useful to collect more 

data from other sources to improve to pose estimations. We know that motors position is not 

reliable to solve the pose problem because of the high complexity of the cable-transmission 

system but that information could be used as discriminative factor in our program. 

Moreover, it could be useful to introduce a model the flexible instrument (and its projection) in 

the tracking system and during the approximation phase. Even a simple model can help us 

improve the program.  

A model library from which models (corresponding to a precise situation) are picked can be 

helpful in our quest of accuracy. 

A PhD student13 is currently working on this topic. The idea is to collect all available data 

(video, motor position…) and find a way to combine it efficiently to solve the pose problem. 

 

  

                                                 
13

 Paolo CABRAS (ICube), cabras@unistra.fr 
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Appendices 

 

1. The “bwlabel” function and its integration 

 

2. Exponential decrease of misclassified samples 

(Adaboost algorithm) 

 

3. Margins optimization(Adaboost algorithm) 

 

4. Adaboost algorithm, Matlab code (main loop only) 

 

5. Gaussian kernels 

 

6. Learning sequence scheme (real system) 
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The bwlabel function (extract from Matlab documentation). 

Label the connected foreground pixels with the same value. See example from Matlab 

documentation (color added) 

BW = logical ([1     1     1     0     0     0     0     0 

               1     1     1     0     1     1     0     0 

               1     1     1     0     1     1     0     0 

               1     1     1     0     0     0     1     0 

               1     1     1     0     0     0     1     0 

               1     1     1     0     0     0     1     0 

               1     1     1     0     0     1     1     0 

               1     1     1     0     0     0     0     0]); 

 

L = bwlabel(BW,4) 

 

L = 

 

     1     1     1     0     0     0     0     0 

     1     1     1     0     2     2     0     0 

     1     1     1     0     2     2     0     0 

     1     1     1     0     0     0     3     0 

     1     1     1     0     0     0     3     0 

     1     1     1     0     0     0     3     0 

     1     1     1     0     0     3     3     0 

     1     1     1     0     0     0     0     0 

 

 

  

Matlab code: 

 

pic = bwlabel(SegMask,4); 

 

temp = []; 

[col line] = meshgrid(1:size(pic,2), 1:size(pic,1));  %this is our matrices of coordinates 

 

for i = 1:max(max(pic))    %browse all dots 

mask = pic == i;    %build a mask with one dot 

     buff_line = line.*mask; 

     buff_col = col.*mask; 

     N = sum(sum(mask)); 

     temp = [temp;[N,[sum(sum(buff_col))/N,sum(sum(buff_line))/N]]]; 

   %’temp’ contains the center of dots and their size (number of pixels) 

end 
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Exponential decrease of misclassified samples (Adaboost 

algorithm) 

Derivating equation (6) several times: 
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For a misclassified   , we have 

               (10) 

 

If we replace H by its expression (equation 5) and remove the sign function. 
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Equation (10) stands for all Xi, not only misclassified ones. 

Using equation (9) in (10): 
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Sum over all input data: 
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And thanks to equation (7) we can remove the sum on the left side of the equation: 
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 (11) 

 

The right part of the equation is the proportion of misclassified samples. And it can be shown 

that ∏   
 
    decrease exponentially. 

 

Equation 7 gives the expression of Zk: 
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Find the expression of    that minimizes Zk 
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If    is replaced by its expression (equation 5) 
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Back to the expression of     

   ∑   
 

 

       
 
(  )

       ∑   
 

 

       
 
    

      

                    
    

    
   

 
 
     (

   
  
 

 
  
 

)

               
  
 
     (

   
  
 

 
  
 

)

 



Appendices 

76 
 

    
  √

     
 

   
 

 

              √
   

 

     
 
 

 
    √            

 

    (12) 

 

We know that         , it immediately leads to      

 Let’s denote 

      
        

                           

We have (equation 11): 
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This reflects the exponential decrease of the error on the training set as we increase N, 

number of weak classifiers in the Adaboost Algorithm. 
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 Margin optimization (Adaboost algorithm) 

Once the “perfect” classification is reached (no misclassified sample on the training set), we 

can continue to add weak classifiers in order to increase the margins. 

If we denote d as the minimum margin we want to reach, a point that lay inside this margin is 

characterized by    
∑     
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We have (equation 10, sign function removed): 
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because                        {
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Sum over all inputs and normalize with 
 
 

, the proportion of points inside the margin appears 

on the right side of the equation: 
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Calling equation (9) 
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Calling equation (5) 

No classification error Point inside the margin 
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Calling equation (12) 
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If the weak classifiers family is efficient, we have  
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We have a new upper bound in equation (14) 
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And it can be shown that if     14,  
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From here we follow exactly the same path as for the previous demonstration to prove that: 

 

 
 ∑       

 

   

           

We have just shown that the amount of points that lay inside the margin of size d decreases 

exponentially too. 

Note that if d = 0 (null margins), equation 14 is exactly the same as equation 12 and there is 

no need to introduce   . 

 

                                                 
14

 The demonstration is not very interesting and won’t be presented in this report. 
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Matlab code (main loop only, second classifiers family): 

 

for i = 1:M 

     %find the best weak classifier 

     buff = []; 

      

     for j = 1:n %for each value (test planes 3 by 3 : same value but different axis) 

          out = t'-sign(data(:,1)-val(j))'; 

          out = [out;t'-sign(data(:,2)-val(j))']; 

          out = [out;t'-sign(data(:,3)-val(j))']; 

         

          err = 0.5*abs(out)*w; 

          buff = [buff,err]; 

     end 

     %the best weak classifier is the one whose error is the most far away from 0.5 

         [val2 index] = max(abs(buff-0.5)); 

         [m index2] = max(val2); 

         

         err = buff(index(index2),index2); 

 if err < 0.5 

          axis_temp = index(index2); 

     else %take the opposite classifier to have 0<err<0.5 

          axis_temp = -index(index2); 

     end 

         value_temp = val(index2); 

         

%now we have our best weak classifier for this distribution of weights 

     axs = [axs;axis_temp]; 

     values = [values;value_temp]; 

     %computing the weights update 

     out_best = t'-sign(axis_temp)*sign(data(:,abs(axis_temp))-value_temp)'; 

     

     if abs(err-0.5) < 0.01 

          disp('Houston ? we''ve got problems !') 

          axs(i) = []; 

          values(i) = []; 

          break; 

     else 

          if err < 0.5 

              alpha = 0.5*log((1-err)/err); 

          else 

              alpha = 0.5*log(err/(1-err)); 

          end 

         w = w.*exp(alpha*(abs(out_best')-1)); 

         w = w/sum(w); 

         wB = [wB;alpha]; 

     end 

end 
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Gaussian kernels 

The following picture has been created to provide the reader of better “view” of what a 

Gaussian kernel looks like, here in one dimension and for several values of   we have kept 

the same center c. 

We have  

𝜑     
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Learning sequence scheme (real system) 

 

 

The acquisition is done according to figure 3-7. 
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