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ABSTRACT 

Industrial robots have been developed for several decades. Nowadays, robots equipped with 

3D vision system are being widely deployed in increasing numbers into variety industries, in-

cluding food, pharmaceutical, vehicle assembly, aerospace, etc. 3D vision system in industrial 

robots requires high levels of repeatability, modest in hardware, high accuracy and real-time 

performance. Toward this end, in this work, a 3D vision system using monocular camera and 

structured light is developed. The proposed 3D measurement sensor projects laser lines onto 

the target objects that are observed by the high-resolution camera.  The measurement is initiated 

when the operator brings the device closer to the surface until it is within operating range. 

During the process, the line features are digitized by using proposed approach, the desired cal-

culations are made, the non-conforming images are discarded, and the remaining images are 

used to perform the 3D measurement. The measurement system can deal with complex surface 

in noisy industrial environment and achieve higher specifications compared with current 3D 

measurement sensors. The usefulness of the proposed system has been demonstrated using real 

tests with accurate know-size patterns and a real inline vehicle assembly system in Korea. 
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Chapter 1  

INTRODUCTION 

 

1.1 Overview  

In recent years, 3D imaging sensors for the acquisition of three dimensional (3D) measure-

ments have created a considerable degree of interest for a number of applications. The minia-

turization and integration of the optical and electronic components used to build them have 

played a crucial role in the achievement of compactness, robustness and flexibility of the sen-

sors. First, laser reflection [1-2] and ultrasonic (or light) reflection [3-5] are popularly used in 

non-contact measurements. Laser emitters and receivers are needed in laser reflection-based 

approaches. Using laser technology has the advantage of speed; however, if the measured ob-

ject has poor reflectivity, the system will work poorly or not at all. The ultrasonic technique 

has virtually the same problem in measuring objects with poor reflectivity. Inadequate object 

reflectivity is the source of non-contact measurement errors and failure. Second, newer manu-

facturing measurement technique involves widely studied field of laser vision, which provides 

far better reproducibility of measurement values than conventional measurement systems. In 

laser-vision systems, the principle of laser triangulation is commonly used [6-7]. Third, mo-

nocular vision, stereo vision are also developed for accurate 3D points estimated [8-11]. In 

vision system, image processing software plays a key role in determining the overall system 

performance. In order to obtain geometrical information of the target objects, the feature points 

need to be extracted precisely and efficiently. Many feature points detection algorithms have 

been developed and are commonly used such as Scale Invariant Feature Transform (SIFT) [12], 

Speed Up Robust Features (SURF) [13], Histogram of Oriented Gradients (HoG) [14], Shape 

Context [15], Maximally Stable Extremal Region (MSER) [16], Geometric Blur [17], Pyramid 

Histogram Embedding of Other Features (PHOW) [18]. However, these methods require a 
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great deal of computational time, greatly limiting the system performance and rending them 

unsuitable for vehicle manufacturing systems in which the gross time of robot hand manipula-

tion and measurement time per measurement point should less than a few seconds. 

In this work, a high-speed accurate non-contact 3D measuring structure using a combination 

of CMOS camera and laser is studied. Both camera and laser generator have some noises in 

their outputs, and like any non-contact 3D measurement sensors, they depend strongly on the 

target object material, color, etc., and we found that the noise in laser lines and wrong estimates 

of system calibration affect strongly the final results, especially in heavy noise industrial envi-

ronment. This work proposes a fast, accurate, and robust 3D measurement method in industrial 

environments. The proposed method is carried out in three steps:  adaptive detection of the 

laser stripes; accurate measurement system calibration using rectangle and finally intelligent 

3D measurement. 

1.2 Research objectives 

 The 3D measurement procedure proposed in this work has three main goals which distin-

guish it from previous works: 

Accuracy: The proposed procedure is designed to be accurate. This is an indispensable re-

quirement for machine vision applications which need to take action based on the information 

inferred from the images, in this case, from the 3D reconstruction calculated from the laser 

stripe projection. 

Robustness: The proposed procedure is designed to be applied under heavy noise conditions 

where previous methods would not succeed. 

Speed: The proposed procedure is designed to be applied under real-time constraints at a 

high frame rate. This makes it possible to use the 3D reconstruction during the industrial man-

ufacturing. 
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Accuracy, robustness, and speed are requirements common to most applications, not only 

in industrial environments, which makes the proposed procedure applicable to many other 

types of applications. 

1.3 Dissertation outline 

The reminder of the thesis is organized as follows. Fundamental techniques in monocular 

structured light vision systems are introduced in Chapter 2. Chapter 3 presents circular object 

detection and tracking using dynamic fusion of color and shape. Slippage measurement using 

monocular structured-line light vision and its application in slip-margin feedback control grip-

per system is illustrated in Chapter 4. Gap and flush measurement using monocular structured 

multi-line light vision and its application in car manufacturing is provided in Chapter 5. In 

Chapter 6, Monocular structured light vision-based surface measurement is illustrated. Finally, 

the conclusions of the study and the recommendations discussed as future works are presented 

in Chapter 7. 
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Chapter 2  

FUNDAMENTAL TECHNIQUES IN MONOCULAR VISION 

SYSTEMS 
 

2.1 Introduction 

Recently, structured light based-vision mounted on mobile robots has become very common 

for large fields of robot navigation tasks [19-21]. They provide real time accurate measurements 

in various fields at a fixed height above the ground plane, and enable robots to perform more 

confidently a wide range of tasks by fusing image data from the camera and structured light 

mounted on robots [22-24]. In order to effectively use the data from the camera and structured 

light, it is crucial to know their relative position and orientation from each other and, their rela-

tionship is vital to creating metric depth estimates. The calibration can be decomposed into two 

types, internal calibration parameters and external calibration parameters. The internal parame-

ters calibration, for example the calibration intrinsic matrix of a camera [25-26], affects how the 

camera sensor samples the scene, the structured light calibration [27-29]. The external calibration 

parameters are orientation and position of the camera relative to the structured light coordinate 

system [30-34].  
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Fig. 2-1. Structured multi-line light based vision system. 

 

In this work, we propose a method for extrinsic calibration of a camera and structured line 
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light, identifying the transformation from the camera coordinate system to the structured light 

coordinate system. There are several types of structure light, such as point light, cross line light, 

parallel line light. The parallel line light is chosen in this work because of it larger field of pro-

jection and giving more information about the projected surface in comparing with other types. 

The extrinsic calibration method employs a planar calibration pattern which is visible by the 

camera and the structure light. For each different pose of the planar pattern, the method constrains 

the extrinsic parameters by registering the line light on the planar pattern with the estimated cal-

ibration plane from the camera image. It is important also to differentiate this work from the 

others that at first may appear similar. There has been a great deal of work on calibration for laser 

scanners, which make use of the visible position of the laser point or a laser stripe by using a 

checkerboard. In this work, we consider an extrinsic calibration of a camera with structured 

multi-line light where the projected light lines are visible to the camera, as can be seen in Fig.2-

1, by using only one rectangle. This calibration does not require complicated calibration patterns, 

so that we can use any known size rectangular feature for calibration. The simple calibration 

pattern has better influence in feature points extraction process than complex patterns. Moreover, 

the proposed method can be applied not only in extrinsic calibration of camera and structured 

single-line light but also structured multi-line light. The experiments show that the proposed cal-

ibration method can achieve high accurate calibration parameters at high frequency. The meas-

urement accuracy achieves at ~0.0908 mm. This calibration can be applied to a very common 

measurement sensor such as sensor for inspection, surface estimation sensor, 3D scanner, and etc. 

2.2 Camera calibration 

 

We describe a camera using pin-hole model which is a linear model. 
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Fig. 2-2. Camera pinhole model 

In the camera coordinate system, using the triangle similarity, we obtain 

 

Cam

s x

Cam Cam

S S

Cam
ys

Cam Cam

S S

X f

X Z

fY

Y Z

=

=

  (2-1) 

  

 

Fig. 2-3. Image plane 

In the image plane,  

 IP Cam IP Cam IPx
s s c S cCam

S

f
x X x X x

Z
= + = +   (2-2) 

 
yIP Cam IP Cam IP

s s c S cCam

S

f
y Y y Y y

Z
= + = +   (2-3) 

 

    0     

0         y

1 0     0     1

IP IP Cam

s x c S

IP IP Cam

s y c S

Cam

S

x f x X

w y f Y

Z

     
     

=     
     
     

  (2-4) 

Let us denote 

    0     

; ; 0         ;  ;  

10     0     1
1

Cam

IP S

sx x Cam

IP IP IP IP IP Cam S

x c y c Cam y y s Cam

S

X
xf c

Y
c x c y M f c s y S

Z

 
    
    

= = = = =    
          

 

We can rewrite equation (4) as follow 
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 1

3 3 3 1[ ,0 ]IP IP Cam

Cams w M S−

 =  (2-5) 

 Physical focal length F   

 x xf F s=    (2-6) 

 
y yf F s=    (2-7) 

with xs  and 
ys are pixel pitch, the number of pixels per unit distance in the x and y direc-

tion, respectively, the pixel pitch unit is usually dot per millimeter. 
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In principle, we can use any appropriately characterizes object as a calibration object, yet 

the practical choice is a regular pattern such as chessboard, circle, three-dimensional objects. 

In this report, we used a known size chessboard. 

 

Fig. 2-4. Sample calibration image 

The first task is to define and draw the chessboard corners by using Harris corner detector. 

The detected corners are shown in Fig.2-5 (we used only internal corners). 
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Fig. 2-5. Corners detection and drawing 

How many parameters are attempted to be solved in camera calibration? 

For intrinsic parameters, CCD camera intrinsic matrix which has four parameters: 

, , ,x y x yf f c c  (stay the same between views); CCD distortion parameters: Radial ( 1 2 3, ,k k k  ), 

tangential ( 1 2,p p ), and they are can be solved separately. In principle, three corners points in 

known pattern yielding six pieces of information are all that is needed to solve for our five 

distortion parameters. Thus, we need only one view of a chessboard to computer the distortion 

parameters (we can use much for robustness). For extrinsic parameters, we need to know where 

the chessboard. This will require three rotation parameters ( , , )    and three translation pa-

rameters ( , , )X Y ZT T T  which we need to solved for each view. 

Assuming that we have K images of the chessboard and N corners obtained in each image. 

K images of the chessboard provides 2NK constraints (we multiply by 2 because each point 

on the image has both an x and y coordinate). As mentioned above, we can use only one image 

for separate distortion calculation. We now have 4 intrinsic parameter and 6K extrinsic param-

eters. Then we have the following constraint 

 2 6 4NK K +  (2-9) 

Equivalently, ( 3) 2K N −  .  

Because 0K  , thus 3N  . And no matter how many corners are detected on a plane, there 

are only four corners’ worth of information per chessboard view, then, the equation can give 
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us only four corners of information, i.e. (4 3) 2K −   or 2K  , equivalently. This implies that 

2 images of a 3-by-3 chessboard (counting only internal corner) are the minimum that could 

solve calibration problem. Practically, for high-quality results, we used 10 images of 6-by-9 

chessboard. 

The physical transformation part between object coordinate (or world coordinate) and cam-

era coordinate is the sum of the effects of some rotation 
Cam

TgR R=  and some translation
Cam

TgT T=

. In homogeneous coordinates, we can combine these within a single matrix as follows 

 [  ]Cam Cam Cam

Tg Tg TgW R T=  (2-10) 

Writing this out, we have: 

 
3 3 3 1

1 3

 

0           1

Cam Cam

Tg TgCam

Tg

R T
W

 



 
=  
  

  (2-11) 

Then the relation between image plane and target object coordinate (or world coordinate) 

can be expressed as follows 

 
1

3 3 3 1[ ,0 ]IP IP Cam Tg

Cam Tgs w M W S−

 =  (2-12) 

We can choose the object plane so that 0Z =   

 
1 1

1 2 3 1 2[       T] [     T]
0

1
1

Tg
TgS

S
Tg

IP IP IP TgS
Cam Cam S

X
X

Y
s w M r r r w M r r Y− −

 
  
  = =   
  
   

 (2-13) 

Let denote 
1

1 2[     T]IP

CamH w M r r−= a homography matrix that maps a planar object’s 

points onto the imager. Obviously, H is now a 3 3  matrix. 

 IP Tgs H S=  (2-14) 

Reading off these equations, we obtain 

 

1 1

1 1 1 1

1 1

2 2 2 2

1 1

3 3

        or        

        or        

        or        

IP IP

Cam Cam

IP IP

Cam Cam

IP IP

Cam Cam

h w Mr r w M h

h w Mr r w M h

h w MT T w M h

− −

− −

− −

= =

= =

= =

 (2-15) 
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Rotation vector are orthogonal to each other by construction, thus 
1r  and 

2r are orthogonal. 

Since the scale is extracted it follows that 
1r  and

2r are orthonormal, i.e. the rotation vector dot 

product is 0 and the magnitudes are equal. We have the following constraints 

 
T

1 2 0r r =  (2-16) 

 
T T

1 2 1 1 2 2        or          r r r r r r= =  (2-17) 

Substituting (2-15) into (2-16) and (2-17), we have 

 
T -T 1

1 2 0IP IP

Cam Camh M M h− =  (2-18) 

 
T -T 1 T -T 1

1 1 2 2

IP IP IP IP

Cam Cam Cam Camh M M h h M M h− −=  (2-19) 

We set
-T 1IP IP

Cam CamB M M −= , writing this out, we have 

 

2 2

11 12 13

-T 1

12 22 23 2 2

13 23 33
22

2 2 2 2

1
        0             

         
1

         0                      

          

        1

x

x x

yIP IP

Cam Cam

y y

y yx x

x y x y

c

f f
B B B

c
B M M B B B

f f
B B B

c cc c

f f f f

−

 −
 
 

   
−  = = =

  
   

−−
+ +

 







 

Using the B-matrix, both constraints have the general form 
T

i jh Bh in them. Let’s multiply 

this out to see what the components are. Because B is symmetric, it can be written as one six-

dimensional vector dot product. Arranging the necessary elements of B into the new vector b, 

we have: 

 

T
T

1 1
11

1 2 2 1 12

2 2 22T T

133 1 1 3

233 2 2 3

333 3

i j

i j i j

i j

i j ij

i j i j

i j i j

i j

h h B

h h h h B

h h B
h Bh b

Bh h h h

Bh h h h

Bh h



   
   +   
   
 = =  
 +  
   +   
     

 (2-20) 

We can rewrite our two constraints as follows 

 

T

12

T

11 22

0
( )

b


 

 
= 

−  
 (2-21) 
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If we collect K images of chessboards together, then we can stack K of these equations 

together: 

 0Vb =  (2-22) 

where V is a 2K-by-6 matrix. when K ≥ 2 then this equation can be solved for our b. 

The camera intrinsic are then pulled directly out of our closed-form solution for the B-ma-

trix: 

 11/xf B=  (2-23) 

 
2

11 11 22 12/yf B B B B= −  (2-24) 

 2

13 /x xc B f = −  (2-25) 

 
2

12 13 11 23 11 22 12( ) / ( )yc B B B B B B B= − −  (2-26) 

 
2

33 13 12 13 11 23 11( ( )) /yB B c B B B B B = − + −  (2-27) 

The extrinsic parameters 

 

1

1 1

1

2 2

3 1 2

1

3

IP

Cam

IP

Cam

IP

Cam

r w M h

r w M h

r r r

T w M h

−

−

−

=

=

= 

=

 (2-28) 

2.3 Extrinsic calibration of camera and structured light by using a rectan-

gle 

 

This section provides how to solve the extrinsic camera and multi-line laser calibration prob-

lem by using a rectangle, as can be seen in Fig. 2-1. Suppose that the camera is perfectly cali-

brated by using approach in section 2.2. We first proposed a solution to estimate the relation 

between camera coordinate system and object coordinate system, followed by a solution to find 

the relative pose including position and orientation of the laser with respect to the object coor-

dinate system. Finally, the extrinsic calibration of camera and structured multi-line laser light 

parameters are refined.  

There are four coordinate systems in the model: camera, image, laser and the rectangle in 

one way, or object coordinate systems in another.  
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The camera coordinate system Cam  is a coordinate system permanently fixed to the camera 

with its origin CamO  at the camera origin and the CamZ -axis coincides with the camera optical 

axis, pointing to the light of sight, follows the standard way to decide camera coordinate system.  

 The image plane is perpendicular with the CamZ -axis. The image center is on the CamZ -axis 

and the distance between the image center and the camera origin CamO  is equal to focal length. 

In the image coordinate system IP , the image origin IPO  is at the top left of the image plane, 

x-axis and y-axis parallel to the image width and height direction, respectively as shown in 

Fig.1.  

The laser coordinate system Laser is defined with an origin Laser

LO at the center of the laser 

generator. The laser generates N  laser planes. Suppose that we place a virtual plane (P) perpen-

dicular with the LaserZ -axis and the distance between the origin Laser

LO and plane (P) is d , then 

we obtain N  equidistant, equal and parallel line segments on (P) . The line segments length is 

2 and the distance between two consecutive line segments is   . Fig. 2-1 shows an example 

of structured multi-line laser with 5N = . The generated center plane is assumed to lie on the 

laser laserZ X plane as can be seen in Fig. 2-1.  

The plane contains rectangle is placed randomly so that the rectangle is visible to both cam-

era and laser. The rectangle coordinate Tg origin is the top left of the rectangle and the  TgZ

axis is perpendicular to the rectangle plane, Tg X axis and TgY axis coincide with the rectangle 

edges as showed in Fig. 3. 

 

In real cases, the camera can show lens distortion modeled as a 5-vector parameter contain-

ing radian and tangent distortion coefficients. We assume that in the remainder of the paper the 

lens distortions are already eliminated in the images, or the camera has no significant lens 
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distortion so that we can neglect the distortion completely. The image center is the pixel at 

which optical axis penetrates the camera sensor. 

The physical transformation part between laser coordinate and camera coordinate is the sum 

of the effects of some rotation Cam

Laser R  and some translation Cam

LaserT .  

Our goal in this paper is to develop an approach to find the extrinsic parameters Cam

Laser R  and 

Cam

LaserT which define the relative position including position and orientation of the laser with re-

spect to the camera coordinate system. 

In front of the calibration system, a planar pattern consisting of the rectangle, a calibration 

plane, is placed. The calibration plane and rectangle are visible to both the camera and the laser. 

Without losing of generality, the calibration plane is 0TgZ = in the object coordinate system. 

With an arbitrary position and attitude of the calibration plane, two pictures are taken with and 

without laser lines alternately. Then we change the position and attitude and take two pictures 

again by the same way. This step is repeated cN times.  

2.3.1 Camera and rectangle object calibration 

In this section, the laser-turned-off-images are processed. The relative pose between camera 

and the rectangle is defined by some rotation 
Cam

Tg R  and some translation 
Cam

TgT which can be 

represented as following 

 1 2 3[  ] [       t]Cam Cam Cam

Tg Tg TgW R T r r r= =   (2-29) 

Writing this out, we have: 

 
3 3 3 1

1 3

 

0           1

Cam Cam

Tg TgCam

Tg

R T
W

 



 
=  
  

        (2-30) 

Then the relation between image plane and target object coordinate can be expressed as 

follows  
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1

3 3 3 1[ ,0 ]IP IP Cam Tg

Cam Tgs w M W S−

 =   (2-31) 

The calibration plane 0TgZ = , so we can rewrite equation (5) for the calibration plane 

 1 1

1 2 3 1 2[       t] [     t]
0

1
1

Tg
TgS

S
Tg

IP IP IP TgS
Cam Cam S

X
X

Y
s w M r r r w M r r Y− −

 
  
  = =   
  
   

(2-32) 

And the problem to be solved is to determine the relative position between camera coordi-

nate and target object coordinate, i.e. we need to find the rotation 
Cam

Tg R  and translation
Cam

TgT .  

In order to estimate the relative position between the calibration plane and the camera, firstly 

we need to find the image coordinate of the rectangle vertices IP

ip  with {1,2,3,4}i =  . Then 

the four vertices image coordinates are used to calculate the four vertices camera coordinates 

Cam

iP  which will be used for calculation of the relative between camera coordinate and target 

coordinate. In this paper, the Harris corner detector is used to estimate the rectangle four verti-

ces. 

The transformation from camera coordinate to target coordinate is defined as following 

 
1 2 3[  ] [       t]Tg Tg Tg Tg Tg Tg Tg

Cam Cam Cam Cam Cam Cam CamW R T r r r= =   (2-33) 

The relative pose between the target object and camera coordinate can be calculated by using 

Least Square method  

                                         
1

1 2, , ( )Tg Tg Tg Tg Cam Cam Cam

Cam Cam Camr r t   −  =      (2-34) 

 
3 1 2

Tg Tg Tg

Cam Cam Camr r r=         (2-35) 

2.3.2 Extrinsic calibration of the structured multi-line light laser and calibration plane 

In this section, the relative pose between the laser and calibration plane is considered. The 

laser points are extracted by subtracting two images captured in sequence that the laser is turned 

on in the first frame while the laser is turned off in the second frame. This image containing 

laser points is then converted from RGB format to Gray format. Then, thresholding method is 
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applied to obtain sets of laser points which have much higher intensities than the background. 

Finally, the laser lines are estimated using Least Square algorithm. 

In the laser coordinate, the laser plane ( )iLP  equation can be represented as following  

 ( )0 0

Laser

Laser

i i

Laser

X

n t Y

Z

 
 

= 
 
 

    (2-36) 

The laser line 
P

Laser

il   projected on the virtual plane (P) is the intersection of laser plane ( )iLP  

and the virtual plane (P)  

 
P ( ) (P)Laser

i il LP=                             (2-37) 

The relative pose between the laser and calibration plane is defined by some rotation 
Laser

Tg R  

and some translation 
Laser

TgT which can be represented as following 

 1 2 3[  ] [       t]Laser Laser Laser Laser Laser Laser Laser

Tg Tg Tg Tg Tg Tg TgW R T r r r= =   (2-38) 

Writing this out, we have: 

 
3 3 3 1

1 3

 

0           1

Laser Laser

Tg TgLaser

Tg

R T
W

 



 
=  
  

  (2-39) 

We set new coordinate system  , the origin is at the top left of the laser line image on ( ) , 

x-axis and y-axis parallel to the Laser X and LaserY direction, respectively. Suppose that there is a 

point LaserQ in laser coordinate system, and its projection on the virtual plane (P)  is q , we ob-

tain the following equation 

 P Laserq hM Q=   (2-40) 

With 

    0     

0        2

0     0     1

d

M d









 
 

=
 
  

  and h   is scale. 

If point Q lies on the calibration plane, we can rewrite (19) as following 
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  P

1 2[     ]

1

Tg

Q

Laser Laser Laser Tg

Tg Tg Tg Q

X

q hM r r t Y

 
 

=  
 
  

        (2-41) 

Let denote 1 2 3 1 2[     ] [     ]Laser Laser Laser

Tg Tg TghM r r t =    =  . Since the rotation vectors 1  Laser

Tg r  

and 2  Laser

Tg r  are orthonormal, we obtain two constraints 

   T

1 2 0  =                                (2-42) 

  T T

1 1 2 2  =                            (2-43) 

where 

2 2

2 2

2 2

2 2 2

1
0

1 -2
0

2 4
1

d d

d d

d d d

 

 

  





   

 −
 
 
 

 =  
 
 − − +
 +
  

 

Because   is symmetric, the two constraints can be rewritten as 

   12

11 22

0
( )



 





 
 = 

− 
                      (2-44) 

where 

1 1

1 2 2 1

2 2

3 1 1 3

3 2 2 3

3 3

i j

i j i j

i j

ij

i j i j

i j i j

i j



  
 
  +  
 
  

=  
  +   
   +  
 

   

 , 

11 12 22 13 23 33[ ] =        . 

If we collect cN  images of laser lines together, cN of equations can be stacked together 

 0 =                                 (2-45) 

where   is a 2 by 6cN − − matrix, usually we chose 3cN  then equation (2-21) can be solved. 

The extrinsic parameters of the multi-line laser light and the calibration plane can be calculated 

as following: 

  
1 1

1 2[     ]Laser Laser Laser

Tg Tg Tgr r t h M− −=             (2-46) 

  3 1 2

Laser Laser Laser

Tg Tg Tgr r r=                     (2-47) 
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2.3.3 Extrinsic calibration of the camera and structured multi-line laser light 

The extrinsic parameters of camera and the structured multi-line laser light are finally cal-

culated as follows 

  
Laser Laser Tg

Cam Tg CamW W W=
          (2-48) 

where [  ]Laser Laser Laser

Cam Cam CamW R T=  with Laser

CamT is translation vector, Laser

Cam R is the Euler rotation in se-

quence of Z X Y→ →  and the corresponding rotation angle is Yaw Pitch Roll→ →  in one 

way, or  → → in another way, then the rotation matrix Laser

Cam R will be 

cos( )        0           -sin( ) 1          0                  0

0                1                0 0       cos( )         sin( )

sin( )         0          cos( ) 0       -sin( )    

Laser

Cam R

 

 

  

 
 

=
 
  

cos( )             sin( )         0 

-sin( )            cos( )         0   

     cos( )      0                   0             1 

 

 



   
   
   
      

 

  (2-49) 

2.4 Experimental results 

In this section, we verify the accuracy of the proposed calibration system through computer 

simulations and real experiments using a camera and a five-line laser generator. The test plat-

form was implemented in C/C++.  

2.4.1 Computer simulations 

In the computer simulations, the placement of the camera relative to the laser is simulated 

by the camera position and orientation in laser coordinate. The camera resolution is set as

2590 1942 and the focal length is16mm . The calibration pattern plane is a checker board contain-

ing a pattern square 20 20mm mm . The position of the plane is chosen properly so that the pattern 

can appear entirely on the image plane. The image points are added Gaussian noise with mean 

0 and standard deviation 0.5 pixel. Uniform noise of 5mm  is added to into the laser points. We 

compare the estimated extrinsic parameters with the setup known parameters. The error for 

camera orientation is measured by computing the angle between the estimate and the true 
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orientation, and the error for camera position is measured by computing the distance between 

the estimate and the true camera position.  

 
 

Fig. 2-6. The camera translation error 

 

 
      Fig. 2-7. The camera orientation errors. 

  

 
 

Fig. 2-8. Translation error versus the number of calibration pattern poses using for estimation. 
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Fig. 2-9. Rotation error versus the number of calibration pattern poses using for estimation. 

 

Performance w.r.t the changing of checkerboard pose. This experiment is performed for 

different pose of the checkerboard to examine its influence in the proposed calibration perfor-

mance. In the experiment, we run 50 independent trials and then compare the average result 

with the known parameters. For each trial, 10 checkerboard poses are used. The checkerboard 

pose is generated as follows: The calibration pattern plane is initially parallel to the image plane; 

a rotation axis is randomly selected on the plane; the rotation angle  is chosen randomly from 

o10 to o80 ; the plane is rotated around the rotation axis with angle  ; the plane position is chosen 

properly so that the pattern can appear entirely on the image plane.   The camera orientation 

and position errors are shown in Fig.2-6 and Fig.2-7, respectively. According to the experiment 

results, the maximum error in the camera position is less than o1 and the maximum error in 

camera position is less than 3.25 mm when the calibration pattern pose is changed.  

Performance w.r.t the number of checkboard poses. This experiment evaluates the im-

pact of the number of checkerboard poses on the calibration performance. The number of poses 

is varied from 3 to 12. For each experiment, the checkerboard poses are independently con-

ducted with o60 = . The translation error and rotation error are shown in Fig.2-8 and Fig.2-9, 

respectively. The experiment result shows that the error of translation and rotation decreases 
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while increasing the number of pattern pose. The best result is obtained when 12 poses of cal-

ibration pattern as can be seen in Fig. 2-8 and Fig.2-9. 

2.4.2 Real data 

 

 
 

  Fig. 2-10. Calibration pattern. 

 

  
(a) (b) 

Fig. 2-11. Real extrinsic calibration testbed. (a) Extrinsic calibration of camera and structured multi-

line laser using rectangle, (b) camera and structured multi-line laser system. 

 

  
(a) (b) 

Fig. 2-12. Extrinsic calibration of the camera and calibration plane images. (a) original image of 

rectangle object taken by the camera when laser is turn off, (b) rectangle corners detection. 
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(a) (b) 

Fig. 2-13. Extrinsic calibration of the structured multi-line light laser and calibration plane im-

ages. (a) original image of laser lines projected on the calibration plane taken by the camera, (b) la-

ser lines detection. 

 

 

 

Fig. 2-14. Real 3D reconstruction and gap/flush measurement system using estimated Laser

CamT and Laser

Cam R . 

  

 

Fig. 2-15. Original image of flat panels captured by the camera. 

 

Fig. 2-16. Laser lines detection. 
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Fig. 2-17. Gap/flush measurement points. 

 

The proposed method is tested on the real camera-laser module consisting of a focus lens, 

filter, a GigE camera with a CMOS image sensor and a 5-line laser. The real calibration pattern 

and the camera-laser module are shown in Fig. 2-10 and Fig. 2-11., respectively. First, we run 

proposed method to estimate the extrinsic parameter Tg

CamT and Tg

Cam R by using a rectangle, as can 

be seen in Fig.2-12. Fig. 2-12 (a) shows the image of the rectangle pattern captured by the 

camera. Detected rectangle vertices are shown in Fig.2-12 (b) and marked by blue crosses. 

Second, the extrinsic parameter Laser

TgT and Laser

Tg R are estimated as shown in Fig.2-13. In Fig.2-

13(b), the detected laser lines are marked in blue color. Finally, Laser

CamT and Laser

Cam R are calculated by 

using equation (30). The estimated Laser

CamT and Laser

Cam R are used to reconstruct and measure gap/ flush 

between known-size flat panels. Fig.2-15 shows the original image of flat panels captured by 

camera. In Fig.2-16 and Fig.2-17, the detected laser lines and gap/flush measurement points 

are marked in blue color lines and crosses, respectively. The average gap/flush measurement 

error is around 0.0908 mm. 

2.5 Chapter summary 

In this section, we present the extrinsic calibration of camera and structured light by using 

a plane containing a rectangle. The proposed calibration method requires only one known-size 

rectangle on the calibration plane and a few poses of planar pattern which is visible for both 

the camera and the structured light range, and then a geometric constraint on the extrinsic 
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camera parameters is imposed. In order to obtain the extrinsic calibration parameters of camera 

and multi-line structure light, first, a solution to estimate the relation between camera coordi-

nate and object coordinate is proposed. Second, a solution to find the relative poses including 

position and orientation of the laser with respect to the object coordinate system. Finally, the 

extrinsic calibration of camera and structured multi-line laser light parameters are refined.  

In next sections, industrial systems applied monocular camera calibration and monocular 

camera and structured light calibration to measure object position and attitude will be presented. 
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Chapter 3  

CIRCULAR OBJECT DETECTION AND TRACKING USING 

DYNAMIC FUSION OF COLOR AND SHAPE 
 

3.1 Introduction 

Circle detection is fundamental to many computer vision applications such as eye detection 

and tracking [34-37] automatic product inspection in industrial vision applications [38], circu-

lar traffic sign recognition [39-41] and ball detection in games [42-43]. The common main 

challenges of circle detection are changes in viewpoint, perspective, and noise, and time con-

straints in particular. This problem has received considerable attention, mainly in an attempt to 

improve the detection accuracy and reduce the amount of time consumed. Hough transform 

(HT)-based [44], approaches are commonly used. This approach is simple, yet it has massive 

computation and memory requirements, requires a great deal of time and is sensitive to noise. 

In an effort to address these problems, many more complicated methods based on HT were 

proposed. One efficient approach is randomized Hough transform (RHT) [45], which improves 

time efficiency and reduces the storage requirements of the original HT by avoiding the imple-

mentation of a computationally expensive voting process for all edge image pixels, which in-

cludes exploiting their geometric properties. The direction information of the edge points was 

used in adaptive HT (AHT) [46] and modified HT [47] and HT was also combined with hy-

pothesis filtering [48] to detect circles. A novel approach based on the RHT, the iterative ran-

domized Hough trans-form (IRHT), was proposed [49]. In particular, it achieves better results 

with complex images and noisy environments. Nonconventional HT principle-based ap-

proaches were also proposed, including genetic algorithm (GA)-based approaches [50-52] or 

circle detection using learning automata (LA) [53]. These methods detect circles quite accu-

rately; however, although they can detect a circle in a multiple-circle case, they generally re-

quire a lot of time and are too computationally expensive. The com-putational complexity of 
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these algorithms is derived from their attempts to deal with edge detected image pixels whose 

numbers increase significantly in nature and complicated environments. Visual tracking is an 

active and developing field, and many trackers have been developed. Elaborate methods such 

as tracking using Eigen space matching techniques [54], convolving images with feature de-

tectors [55] or the recent method based on sparse coding [56-58] in which static images and 

obtained images are represented by sparse coding and the target is tracked by the sparse coding 

comparison are too computationally complex and therefore far too expensive for a real-time 

system. Our goal in this paper is to find a simple, fast tracker for real-time systems that runs 

with inexpensive cameras and does not require calibrated lenses. The main contributions of 

this work include the proposal of a new method for robust circular object tracking based on 

feature fusion, which can be performed at a frame rate of 30 Hz. 

3.2 Circular object detection and tracking 

The proposed tracking strategy includes three main steps to perform the object chasing. First, 

the features are extracted from input frames. Then, in each feature space, the estimator will find 

the predicted position of a target. Finally, the dynamic fusing of information from different 

feature spaces will validate the target position 

3.2.1 Feature Space 

3.2.1.1 Color Space 

Theo Gevers and W.M. Smeulders presented a comparison between different color models 

for color-based object recognition. The choice of color model depends on their robustness 

against varying illumination and changes in object surface orientation. In this work, we need 

to use a color model that is robust to a viewpoint change. The HSV (Hue, Saturation, Value) 

color space is most appropriate because the HSV color model has two of its own strong prin-

cipal advantages. Firstly, the H and S components are related to the way in which a human 
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perceives color; therefore, the colors in this model can be clearly defined by human perception. 

Secondly, the H component (color information) is disassociated from the V component (the 

brightness of color) and S component (how concentrated the color is). Thus, the tracker can 

trust the H component for any purpose of object detection and recognition. In this paper, we 

use the hue image from the H channel in the HSV space for future histogram calculation.   

   

   

Fig. 3-1 Example of color illumination changes over time. 

 

3.2.1.2 Shape Feature Space 

To achieve real-time performance, a fast circle detector that has high detection rates and 

produces accurate results was proposed. The method makes use of the conterminous set of edge 

points, or contour segments, instead of the huge edge points as traditional detectors do. First, 

the detector is based on isoperimetric inequality to ex-tract complete circles, which shows a 

significant property of the circle compared with other curves, by considering the set of detected 

contours in the image as a complete circle candidate set. The isoperimetric quotient of each 

candidate indicates whether or not it is presented on the image. The proposed algorithm then 

computes the con-tour in a given image, which is then converted into contour segments at high 

curvature points. By calculating the reinforcement of each virtual circle generated from three 

selected points on the contour segment, we can define which circles are really represented in 

the image. 
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Fig. 3-2 Example of shape change. 

3.2.2 Feature Estimator 

3.2.2.1 Color Space Estimator 

The HSV color space separates hue (color) from saturation and brightness. In this paper we 

take the 1D histogram from the H (hue) channel in the HSV space.  Initially, the model H 

histogram, Md , of the target object is sampled inside the tracking window. During operation, 

Md  is used as a model, or, in other words, a look-up table, to convert incoming image pixels 

into a corresponding probability for the model image. Let 
,x yb  denote the probability of pixel 

( , )x y  after the histogram back-projection. 

For all pixels inside the tracking window 

i. Compute the zero moment 

 
00 ,x y

x y

M b=    (3-1) 

ii. Find the first moment for x and y 

 
10 ,x y

x y

M xb=    (3-2) 

 
01 ,x y

x y

M yb=    (3-3) 

iii. The possible object localization is determined as follows 

 10 01

00 00

;c c

M M
x y

M M
= =   (3-4) 
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Record ( , )c cx y   and 
00M  for the potential tracking window in the next frame, where the 

window size is set to 

Window width: 

 002*
256

M
s =   (3-5) 

Window length:  

 1.2*l s=   (3-6) 

3.2.2.2 Shape Space Estimator 

 

    

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

Fig. 3-3 (a) A sample image ( 906 918 ). (b) Contour detection. Each color represents a different 

contour. A total of 16 contours are extracted in 4 ms. (c) The remaining contours in vectorT after 

complete circle detection. (d) A total of 60 contour segments are approximated. 

In circle detection, the expectation is to find triplets of ( ), ,c cx y R   which completely de-

scribe a circle’s center x-axis coordinate, y-axis coordinate and radius, respectively. To over-

come the complex computations and time-consuming aspect of circle detection in DTS, a 

method based on the contour CCDA is proposed. The general idea is to detect the contours of 

an image, extract the complete circles and convert the remaining into a set of circle candidates, 

generate virtual circles based on the candidates and then validate the circles that are presented 

in the image. A general outline of the proposed algorithm is presented in Algorithm 1 and each 

step will be described in detail in the following sections.  

Algorithm 1. Steps of CCDA. 

1) Detect contours and extract complete circle by using isoperimetric inequality. 

2) Convert the remaining contours into contour segments and make circle candidates. 
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3) Join the circle candidates to detect remaining circles. 

4) Output the valid circles. 

Complete Circle Detection 

The first step of the CCDA is to detect contours in the image. Each contour, 
ict , is stored in 

a contour vector, 
11 2{ , ,..., }NCT ct ct ct= , then complete circles are extracted from CT  to gen-

erate two contour vectors, 
111 2{ , ,..., }NC c c c= , which contains complete circle contours, and 

121 2{ , ,..., }NT t t t= , which contains the remaining contours. 
1N , 

11N , and 
12N represent the 

number of original detected contours, complete circular contours, and remaining contours, re-

spectively, where 
1 11 12N N N= + . To achieve this, a well-known contour detection algorithm 

derived from [24] is first employed. Complete circles are then detected in the contour image 

according to the isoperimetric inequality in Algorithm 2. 

Algorithm 2. Steps for complete circle detection based on isoperimetric inequality. 

1) Utilize the result of reference paper [29] to calculate the square of each contour area in 

the contour vector, CT .  

Let 
in , 

iS , and 
iP  denote the number of edge points in the boundary, 

ict , the square of the 

region inside the boundary, 
ict , and the perimeter of the boundary, 

ict , respectively and let 

( , )j jx y  denote the coordinates of point jpt . 

For all edge points, jpt ( [0, 1]ij n − ), on a boundary,
ict :  

 1 1

1

1

2

in

i j j j j

j

S x y x y− −

=

= −   (3-7) 

2) Compute the perimeter of each boundary. 

For all edge points, jpt ( [0, 1]ij n − ), on the boundary, 
ict : 
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 2 2

1 1

1

( ) ( )
in

i j j j j

j

P x x y y− −

=

= − + −   (3-8) 

where 
npt  is an additional point to close the polygon, 

0npt pt= . 

3) Compute the ratio between the candidate area and perimeter. 

It is well known that, in Euclidean geometry, the isoperimetric inequality show the privi-

leged roles of the Euclidean circles. The isoperimetric inequality states, for the length P  of a 

closed curve and the area S  of the planar region that it encloses, that  

24 S P   

and that equality holds if and only if the curve is a circle. However, in image plane, the 

isoperimetric inequality changes according to the circle definition. In this paper, according to 

our experimental results, we pre-set a threshold isi to distinguish complete circles from other 

closed curves. 

If a closed curve has 2/S P isi , it is determined as a complete circle (usually the threshold 

is set to 0.073). 

4) Find the target position. 

 
1 1

1 1
;

i i

i i

n n

c j c j

j ji i

x x y y
n n= =

= =    (3-9) 

 
2 i

i

i

S
R

P


=   (3-10) 

where ( , ), 
i ic c ix y R  are the circular contour, complete circle, center and radius, respectively. 

Store all complete circles in the contour vector, 
111 2{ , ,..., }NC c c c= , and the remaining con-

tours in vector 
121 2{ , ,..., }NT t t t= . 

Contour Segments Detection 

Having obtained a contour vector
121 2{ , ,..., }NT t t t= , the second step is to validate the circle 

candidates. Unlike traditional circle detectors [15-19] which work on a set of potential edge 
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pixels to generate candidate circles, the CCDA follows a proactive approach and works by first 

identifying contour corners and then removing all the detected corners to generate a new con-

tour set, in other words, a candidate circle set. Contour corners are defined by the proposed 

algorithm [31]. Starting with a contour, the algorithm operates by first picking two external 

points and connecting them with a line; it then searches to find the farthest point from the drawn 

line and adds this point to the approximation. The process is repeated, adding the next most 

distant point to the accumulated approximation until all of the points are less than the indicated 

distance. Satisfied point coordinates are stored in a corner vector,
121 2{ , ,..., }NV v v v= , with

1 2{ , ,..., }
ii i i inv v v v=  being a corner vector of contour 

it  and 
in  being the number of corners on 

the contour, 
it .  

The contour extraction process is implemented as follows. Given a list of corner points,

1 2{ , ,..., }
ii i i inv v v v= , on each contour, 

it , walk over the contours, 
it , and detach the sub-contours 

from the contour at the corner points. Finally, the new contour segment set is generated from 

T  and stored in a contour vector,
121 2{ , ,..., }NST st st st= , with 1 2{ , ,..., }

ii i i inst st st st=  being 

the contour segment vector of contour 
it  (as shown in Fig. 3-3d). 

Remaining circle detection 

The CCDA detects the remaining circle based on the following ideas. A circle candidate set 

is first created from the contour segments, ST , and then the circles actually represented in the 

image are defined. For a set of contour segments ST , to be a potential candidate, it must have 

redundant contours; therefore, certain criteria should be released. For the purposes of our cur-

rent implementation, we do not consider very short contours that are canceled as they may 

represent noise. Using these criteria, M  satisfied contour segments are extracted to make circle 

candidates, and they are stored in a vector, 
1 2{ , ,..., }MRC r r r= , with 

ir  and M being the ith cir-

cle candidate and the number of circle candidates of the contour,  
ir , respectively, where 



32 

 

12M N . Following the technique in [19], for each extracted contour segment, i, we select 

three edge points,
1 1 1( , )kp x y ,

2 2 2( , )kp x y , and 
3 3 3( , )kp x y , and generate a virtual circle, 

ir , that 

passes through the selected points. The virtual circle,
ir , is defined by the three parameters, 

ix , 

iy , and 
iR , where ( , )i ix y  is the center coordinate and 

iR is its radius. The virtual circle can 

be modeled as follows: 

 
2 2 2( ) ( )i i ix x y y R− + − =

,  (3-11) 

where 
ix  and 

iy can be calculated by the following equations 

 
2 1 3 1 3 1 2 1

det( )

4(( )( ) ( )( ))
i

A
x

x x y y x x y y
=

− − − − −
  (3-12) 

 
2 1 3 1 3 1 2 1

det( )

4(( )( ) ( )( ))
i

B
y

x x y y x x y y
=

− − − − −
  (3-13) 

where 

 
2 2 2 2

2 2 1 1 2 1

2 2 2 2

3 3 1 1 3 1

( ) 2( )

( ) 2( )

x y x y y y
A

x y x y y y

 + − + −
=  

+ − + − 

  (3-14) 

                        

 
2 2 2 2

2 1 2 2 1 1

2 2 2 2

3 1 3 3 1 1

2( ) ( )

2( ) ( )

x x x y x y
B

x x x y x y

 − + − +
=  

− + − + 

  (3-15) 

The radius is calculated using 

 2 2( ) ( )i i d i dR x x y y= − + −   (3-16) 

with
1 2 3( , ) { , , }d d dp x y p p p . 

After the virtual circles are generated, the next step is to validate whether the circles really 

exist in the image. First, the midpoint circle algorithm (MCA) is used to determine the required 

points for drawing circles on the image. The MCA input arguments are the center coordinate,

( , )i ix y , and the radius, 
iR . It starts drawing a curve at point ( ,0)iR  and proceeds upwards 

and left by using integer additions and subtractions. It is important to ensure that it does not 
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consider points lying outside the image plane. Assuming that the number of required points 

representing virtual circle 
ir  in the image is

ciN , the reinforcement, ( )ir , implies the matching 

error between the pixels on the virtual circle, 
ir , and the pixels that actually exist in the image. 

Let ( , )j jE x y  denote a function that verifies the pixel existence at ( , )j jx y . 

 
1     if ( , ) is an edge point 

( , )
0    otherwise

j j

j j

x y
E x y


= 


  (3-17) 

Then ( )ir  can be calculated as follows 

 1

( , )

( )

ciN

j j

j

i

ci

E x y

r
N


=

=


  (3-18) 

A value close to ( )ir  implies a better candidate. There are two ways to obtain the optimal 

solution: either one virtual circle (circle candidate) generates a matching reinforcement (.)  

under the pre-established limit (typically 0.1 as has been suggested [19], or it takes the highest 

probability action at the end of the process. 

3.2.3 Fusion of color and shape for irregular moving object detection and tracking 

The possible target positions calculated by different estimators are combined to validate the 

final target position by assigning higher priority to the model’s more likely features. The sim-

ilarity of each statistical distribution with the model is evaluated using the Bhattacharyya co-

efficients. Due to the fact that the Bhattacharyya coefficients are closely related to Bayes error 

and their properties have been previously illustrated [2], the Bhattacharyya coefficients repre-

sent a near optimal solution. Let  
1...u u m

q q
=

=  denote the model histogram, which is deter-

mined in the tracking initialization step. At frame k, the candidate histogram is 

( )  
1...

( )u u m
p k p k

=
= . The distance between two m-bin histograms is defined as 

 ( ) ( , ( )) 1 ( )d k d q p k k= = −   (3-19) 
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The Bhattacharyya coefficient ( )x    is given by 

 
1

( ) ( , ( )) ( )
m

u u

u

k q p k p k q 
=

= =   (3-20) 

The higher Bhattacharyya coefficient reflects the higher contribution to the target position 

decision. Let us denote possible positions found in the color space and shape feature space as 

( , )c cx y    and ( , )s sx y  , respectively, and the corresponding Bhattacharyya coefficients as
c ,

s

. The final target position is determined as follows: 

 
c s

c s

c s c s

x x x
 

   
= +

+ +
  (3-21) 

 
c s

c s

c s c s

y y y
 

   
= +

+ +
  (3-22) 

The possible window size in any feature space that provides the largest Bhattacharyya co-

efficient is chosen as the adaptive window. In addition, the statistical representations of the 

model determined at the tracking initialization stage needs to be updated since the target and/or 

the camera are moving over time. Moreover, in the case of complete occlusion or image losses, 

the calculation becomes irrelevant. In such situations, it is better to rely on the evolution model. 

To decide when the model needs to be adaptively updated in a certain feature space, the proper 

thresholds 
hT  and 

lT   (
h lT T  ) were empirically validated. In particular, this occurred every 

30 frames when computing the Bhattacharyya coefficients, and comparing their values to the 

thresholds. In any feature space, the model needs to be updated if its Bhattacharyya coefficient 

belongs to the closed interval
lT ,

hT . The object is declared to be lost when any Bhattacharyya 

coefficient is below a given threshold
lT . 

3.3 Experimental Results 

This section presents the experiments conducted in the object detection and tracking system. 

The system sends the images from its PTZ camera to the station (PC). The data is processed 

on the station and the desired orientations are sent back to control the PTZ camera. The test 
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platform was implemented in C, operating with an AMD XP processor running at 2.80 GHz. 

The overall visual detection, tracking, and control system runs with a frame rate of 30 Hz. 

3.3.1 Installation and reinstallation after occlusion confirmation 

   

(a) (b) (c) 

   

(d) (e) (f) 

 

Fig. 3-4 Example of installation and reinstallation after occlusion. 

 

Fig. 3-5 Trajectory of the center of an object in the image 

The first experiment is performed while the camera is static; the frame sequence is about 

1000 frames, and the target is a yellow circular object. The experiment is performed to examine 

the proposed system installation and reinstallation after occlusion. 

First, the system is in DTS, or in other words, whole image processing, and when the target 

appears in the camera view, it is detected automatically by CCDA (as seen in Fig. 3-4a, 3-4b), 

where the detected circle is marked in the red overlay. The system decides the detected circle 

is the target object, learns the target histogram model, and switches to TKS mode, or in other 

words, interest region processing. When a loss is detected, the system goes back to DTS mode, 

as shown in Fig. 3-4c. The system successfully reinitializes in Fig. 3-4d, and DTS succeeds in 
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finding the target after loss detection. TKS then continues to follow the target object. In the 

experiment, there are 4 total occlusions, 1 time fail in tracking, and 5 successful recoveries 

from the loss. The target moving trajectory is shown in Fig. 3-5. 

3.3.2 Performance of chasing a moving target 

This experiment evaluates the proposed system performance in chasing a moving target. In 

this experiment, we describe a longer sequence of about 10,000 frames, in which the target is 

moving, and the system follows the target to keep it in the CCV. 

  
Fig. 3-6 Chasing a moving target. 

Fig. 3-6 shows an example of chasing target objects. In these cases, the system detects the 

object successfully, marks it in the light red overlay, and the camera continues following the 

target object to keep it in the CCV. In the experiment, we assume that the target object moves 

at slow speeds, less than the maximum speed of the camera. 

3.3.3 Performance of object detection 

The third experiment is conducted to evaluate object detection performance of the proposed 

system. The test is performed in object detection and measurement of bin picking system. In 

this test, we compare the results between the proposed approach and approaches using color or 

shape information. 

   

(a) (b) (c) 

Fig. 3-7 Chasing Comparison between object detection and measurement approaches. (a) using 

proposed feature fusion; (b) using color information; (c) using shape information 

While the three methods have comparable performances, the proposed method using feature 

fusion has the best performance as can be seen in Fig. 3-7. 
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3.3.4 Performance w.r.t the changing of illumination 

This experiment is performed while changing illumination through video sequence. The pro-

posed system detects and tracks a target object. 

 

(a)  

  

(b) (c) 

Fig. 3-8Video sequence contains drastic illumination changes. (a) Initialize model; (b) Tracking 

using proposed online feature fusion; (c) Tracking using color information alone fails due to illumina-

tion changes. 

The video sequence contains the target, a yellow ball, shown in Fig. 3-8(a). The tracking 

result shows that using color cue alone is not enough to provide good result, and that the tracker 

fails to track the target object when the illumination changes drastically as shown in Fig. 3-

8(c). The shape feature still preserver well the structure of the target object in this case, and the 

tracker that employs both shape and color features maintains good performance as shown in 

Fig. 3-8(b). 

3.3.5 Performance w.r.t the changing of view point 

This experiment is conducted while changing view point through video sequence. The view 

point changes cause flattening effects which make circular objects appear elliptic. The experi-

ment results show that the proposed approach can detect and track a target object successfully 

while changing view point. 
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(a)  

  

(b) (c) 

Fig. 3-9Video sequence contains view point changes. (a) Initialize model; (b) Tracking using online 

feature fusion; (c) Tracking using shape information alone fails due to view point changes.  

The video sequence presents challenges in viewpoint changes, shown in Fig. 3-9, in which 

the target objects are the two circles. Using shape feature only is not enough to track the target 

accurately as can be seen in Fig. 3-9(c). However, the fusion of features still tracks the target 

success-fully as shown in Fig. 3-9(b).  

Overall, the online fusion of color and shape feature provides a robust approach for object 

tracking. Color information compensate for shape changes due to viewpoint changes, partial 

occlusion, while shape information compensates for color variance in illumination changes 

condition. 

3.4 Chapter summary 

In this chapter, we proposed a robust object position detection and tracking using dynamic 

fusion of color and shape. The statistical model of the object is built and updated in different 

feature spaces, and by fusing possible target positions in the feature spaces, the final target 

position is validated. The experiment results demonstrate robust object detection and tracking 

performance under various scenarios, including perspective changes, drastic illumination 

changes, and occlusions. In next sections, object position and attitude measurement in 3D co-

ordinate system approaches will be presented.  
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Chapter 4  

SLIPPAGE MEASUREMENT USING MONOCULAR 

STRUCTURED LINE LIGHT VISION 
 

4.1 Introduction 

4.1.1 Related works 

Tactile receptors distributed on the human skin allow human to sense grasped objects slip-

page so that human can easily control their hand contact force to prevent the objects from 

sliding. Imitating skilled human behaviors, many types of tactile sensor have been developed 

by using electrical resistive, capacitive, electromagnetic or ultra-sonic component, piezoelec-

tric, optical component, strain gauges, etc. [66-68]. These sensors structure are complex, they 

require numerous sensing elements and complicated wiring. Apart from that, vision-based sen-

sors or optical sensors are also developed for tactile sensing [69-71]. In order to dealing with 

solid objects, the vision-based tactile sensor usually consists of a CCD camera, source light 

emitter, a trans-parent acrylic plate, and touchpad [72-74]. These sensors obtain slippage based 

on the movements of dots printed on the surface of the touchpad captured by the CCD camera. 

In [75], an approach estimating slippage of grasped flexible object, an elastic object, is pro-

posed. A feature point is drawn on the apex of the elastic sphere and the authors used defor-

mation of the contact area measured by a camera through a transparent plate when an elastic 

object slides on a rigid plate.   

These above contacted sensors can obtain a variety of tactile information such as contact 

region, slippage, and contact force accurately, but many crucial issues remain unresolved. 

Firstly, these sensors are very expensive, and their structures are used to be complex, require 

many sensing elements and complicated manufacturing. Secondly, these sensors still meet dif-

ficulty in obtaining various types of information simultaneously for example determining the 

grasped object position, orientation in 3-dimentional space. Thirdly, the sensor surface of these 
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sensors can easily be damaged especially the apex contacted with grasped objects, leading to 

inaccuracy measurement. 

4.1.2 Proposed system overview 

 

  

   

Fig. 4-1 Video Examples of objects with rectangular features 

 

 
Fig. 4-2 The non-contact slippage measurement system using monocular structure line light vision. 
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Fig. 4-3 The configuration of the monocular-structured light vision-based slippage estimation ap-

paratus. 

 

Currently, contact and tactile sensors are commonly used to measure the slippage of an ob-

ject. There are many drawbacks of contact and tactile sensors, including that they are complex, 

expensive, easily damaged, and often fail in determining the object pose. Non-contact vision 

sensors using laser or ultrasonic technology have also been recently studied. However, these 

sensors cannot obtain the object pose and depend strongly on the reflectivity of the object. In 

order to solve these remaining problems herein, a slippage measurement system consisting of 

a structured light source and a camera is proposed, as can be seen in Fig.4-2. The proposed 

approach explores both light reflection information and object feature information. Rectangular 

features are very common in objects that are mechanically grasped and manipulated, and are 

used as grasping objects in this study, as shown in Fig.4-1. Therefore, the capability to perform 

object pose estimation by recognizing rectangular features is of great significance. In fact, due 

to the huge size of the target object, and due to limitations in the monocular camera field of 

view (FOV) and grasping gripper, the monocular vision–based system usually cannot capture 

the entire rectangular feature on the target object. Only a partial rectangular feature appears in 

the captured images. Thus, in this paper, a 3D object pose reconstruction approach using partial 

object features is proposed. Then, the slippage is calculated by estimating the object pose 
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change through an image frame sequence. The configuration of the vision-based slippage esti-

mation procedure is illustrated in Fig.3. The light line forms a line on the target object. This 

line and the object parts are then captured by the camera to determine the target object pose. 

 
Fig. 4-4 A flowchart of slippage estimation using monocular structured line vision. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 4-5 The extracted target object lines and structured line detection. (a) Original image; (b) 

curve detection; (c) detection of high curvature points; (d) object lines and structured line detection. 

 

The object slippage estimation flowchart is shown in Fig.4-4. First, the image sequence 

passes through a Gaussian filter. Secondly, a thresholding method is applied to convert the 

RGB image into a binary image. Small regions are then eliminated, as they may represent noise. 

After that, edges in the image are detected using the Canny edge detection algorithm, as can be 
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seen in Fig.4-5(b). Due to noise, illumination change, perspective, etc., the rectangular feature 

will not always appear as a rectangle, and the rectangle is divided into two regions by the 

structured line light. In the obtained edge image, a high curvature points detection algorithm is 

used to detect curve vertices, which are marked by a red color in Fig. 4-5(c). Due to the target 

model and system construction, there are 3 object lines and 1 structured light line. These lines 

are extracted by taking middle lines using a line fitting algorithm. Fig. 5(d) shows detected 

object lines (marked with the color red) and the structured line (marked in the color green). Let 

us denote 3 object lines 
1l , 

2l , 
4l , and a structured line 

5l , and suppose that the hidden line is 
3l ; 

further assume that 
3l  is imaginary. The equations of the lines are of the form 

 
 Subject to 1,2,3,4,5

0j j jx

j

A B y C+ +

=

=
  (4-1) 

In the homogeneous coordinate, these lines are represented by homogeneous vectors 

, ,
T

j j jA B C  
. These lines will be used for the calculation of the object pose.  

Finally, slippage is estimated by calculating the difference between the object pose in con-

secutive frames. 

4.2 Slippage measurement 

There are two main steps in the proposed non-contact slippage measurement approach: tar-

get object pose determination and slippage measurement. The non-cooperative target object 

pose is determined based on the information of the structured light line and the partial rectangle 

feature. Then, the slippage is measured by calculating the difference in object pose through a 

frame sequence. 
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4.2.1 Target object pose estimation 

 

 

Fig. 4-6 The vision sensor model of the monocular structured light slippage measurement. 

The model of the monocular structured light slippage measurement is shown in Fig.4-7. 

There are four coordinate systems in this model: the camera, image, laser, and object coordinate 

systems. The CCD camera coordinate system Cam  is a right-hand coordinate system perma-

nently fixed to the camera with its origin CamO  at the camera origin and the Cam Z - axis coin-

ciding with the optical axis of the camera, pointing to the line of sight, following the standard 

parameterization of the camera coordinate system.  The camera is described by a pin-hole 

model. Let IP  denote the image plane coordinate system, whose coordinate are 

[ , ,1]IP IP IP Tp x y= , where the x-axis and y-axis are along the top and left side of the image 

plane, respectively. The origin IP O  of IP  is at the top left vertex of the image plane and the 

center of the image plane is [ , ,1]IP IP IP T

c cc x y= . The laser system Laser  is a right-hand coor-

dinate system in which the laser line is assumed to lie on the XZ Laser  plane and the origin is 

at the laser origin. Tg  is the target object coordinate system, whose coordinate are 

T[ , , ,1]Tg Tg Tg TgP X Y Z= . The origin Tg O  of Tg  is at the top left vertex of the target object. 
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Suppose that there is a point [ , , ]Cam Cam Cam Cam T

S S SS X Y Z=  in the camera coordinate system, 

and its image in the image plane is [ , ,1]IP IP IP T

s ss x y= . In the camera coordinate system, using 

triangle similarity, we obtain 

 
1 ,Cam IP IP

CamS w M s−=   (4-2) 

where 
IP

Cam M  is the camera intrinsic matrix and 
IP

Cam M  can be exactly obtained in the CCD 

camera calibration process. 

The physical transformation between the object coordinates and camera coordinates is the 

sum of the effects of some rotation R and some translation t. In homogeneous coordinates, we 

can combine these within a single matrix, as follows 

 [  t]Cam Cam Cam

Tg Tg TgW R=   (4-3) 

Writing this out, we have: 

 
3 3 3 1

1 3

 

0           1

Cam Cam

Tg TgCam

Tg

R t
W

 



 
=  
  

  (4-4) 

Then, the relation between the image plane and target object coordinates (or world coordi-

nates) can be expressed as follows. 

 
1

3 3 3 1[ ,0 ]IP IP Cam Tg

Cam Tgs w M W S−

 =   (4-5) 

We can choose the object planes as shown in Fig. 5, such that 0Tg Z =  as follows. 
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1 1

1 2 3 1 2[       t] [     t]
0

1
1

Tg
TgS

S
Tg

IP IP IP TgS
Cam Cam S

X
X

Y
s w M r r r w M r r Y− −

 
  
  = =   
  
   

  (4-6) 

The remaining problem to be solved is to determine the relative position between camera 

coordinates and target object coordinates, i.e. we need to find the rotation 
Cam

Tg R  and translation 

Cam

Tg t . 

The non-cooperative target object size is unknown; and only a partial target object appears 

in the image plane. In order to estimate the object pose in the camera coordinate system, we 

need to reconstruct the target object. 

Suppose that the target width and height are rh and h, respectively, and its vertices in the 

target object coordinate system are given by 

 

T

1

T

2

T

3

T

4

[0,0,1]

[0, ,1]

[ ,0,1]

[ , ,1]

Tg

Tg

Tg

Tg

P

P rh

P h

P h rh

 =


=


=
 =

  (4-7) 

where 3

Tg P  and 4

Tg P  are virtual points. The image coordinates and camera coordinates of 

these four points are respectively represented as follows. 

 

T[ , ,1]
         subject to {1,2,3,4}

[ , , ]

i i

i i i

IP IP IP

i p p

Cam Cam Cam Cam T

i P P P

p x y
i

P X Y Z

 =
=

=

  (4-8) 

where the image coordinates of the target object vertices 
IP

ip  are the vector product (or 

cross product) of the two lines [15], which is represented by homogeneous vectors, as described 

in Section 2.  
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1 1 4

2 1 2

3 4 3

4 3 2

IP

IP

IP

IP

p l l

p l l

p l l

p l l

 = 


= 


= 
 = 

  (4-9) 

Because P1, P2, P3 are not on a same line, the matrix 
1 2 3, ,Tg Tg TgP P P    is non-singular, so we 

have: 

 
1

4 4 1 2 3 1 2 3 1 2 3 4, , ( , , ) , ,IP IP IP IP Tg Tg Tg Tgw p p p p diag w w w P P P P
−

   =    
  (4-10) 

Substituting (7) into (10) we obtained: 

  

  
1

1

4 1 2 3 1 2 3 4, , , ,
T IP IP IP IPw w w w p p p p

−
−  − =  

  (4-11) 

The physical transformation between the laser projector coordinate system and camera co-

ordinate system is the sum of the effects of some rotation 
Cam

Laser R   and some translation 
Cam

LaserT  , 

which were exactly calculated in the camera and laser calibration process [16]. In the homoge-

neous coordinates, we can combine these within a single matrix as the following. 

 
1 2 3, [       T]Cam Cam Cam Cam Cam Cam Cam

Laser Laser Laser Laser Laser Laser LaserW R T r r r = =    (4-12) 

Suppose that the image 5

IP p  of P5 is the intersection of lines l5 and l4 and the image 6

IP p  of 

P6 is the intersection of lines l5 and l2. The camera coordinates of P5 and P6 can be calculated 

as follows 

  ( )
1

T T 11,0,0Cam Cam IP IP

j Laser Cam jP T M p
−

−=      (4-13) 

where 1

1 3, ,         subject to {5,6}IP IP Cam Cam

Cam j Laser LaserM p r r j−  = − − =    
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In the camera coordinate system, the target object plane is determined as follows: 

  
T

, , , , 1Cam Cam Camm n p X Y Z  = 
  (4-14) 

Hence, the normal vector of the target object plane is: 

    
1

1 2 3, , 1,1,1 , ,Cam Cam Camm n p P P P
−

 =  
  (4-15) 

We also have: 

 1

1 2 3 1 2 3 1 2 3, , , , ( , , )Cam Cam Cam IP IP IP IP

CamP P P M p p p diag w w w−   =      (4-16) 

Combining (14), (15), (16) we have the constraint 

 ( )
1 T

1 2 3 1 2 3[1,1,1] , , ( , , ) , , 1IP IP IP IP Cam Cam Cam

Camp p p diag w w w M X Y Z
−

    =      (4-17) 

By using fusion of the rectangular constraints in (11) and the constraint in (17), we obtain 

  ( )  ( )
1 1

T T

4 1 2 3 11 21 311,1,1 , , ( , , ) 1,0,0
IPIP IP IP Cam IP

Laser jw p p p diag b b b T p
− −

 =       (4-18) 

where 
1

T

11 21 23 1 2 3 4[ , , ] , ,IP IP IP IPb b b p p p p
−

 − =  
  

Since we can choose 4

IP p  which lies on l2, the camera coordinate system of the virtual point 

4

Cam P  can be calculated. The couple directions ( )4 3 4 6,Cam Cam Cam CamP P P P  

( )3 5 3 4and ,Cam Cam Cam CamP P P P  are couple conjugate points with respect to the absolute conic 

which represented by the 3×3 symmetric 
  [15]. By fusing these above constraints with the 

constraint that 3

CamP  lies on the line passing through 5

CamP , whose direction is 
4 6

Cam CamP P ,  

the 3

CamP  coordinate can be obtained and w1, w2 can be calculated. The camera coordinates of 
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these vertices 1

CamP  and 2

CamP  can be calculated by using (2). The target object now can be re-

constructed in the camera coordinate system with the information of the vertices 1

CamP , 2

CamP , 

3

CamP , and 4.
CamP  

4.2.2 Slippage measurement 

Because the length of a line is constant in different coordinate systems, we can calculate the 

target object size in the camera coordinate system. The real size of the triangular components 

are: 

 
1 2

Cam Camrh P P=   (4-19) 

 
1 3

Cam Camh P P=   (4-20) 

The relative position between the target object and camera coordinate can be calculated by 

using the least squares method 

 

( )

T

1 2 1 2 1 2

1
T

1 2 1 2

, , , ,.., , ,..,

, ,.., , ,..,

Cam Cam Cam Cam Cam Cam Tg Tg Tg

Tg Tg Tg n n

Tg Tg Tg Tg Tg Tg

n n

r r t P P P P P P

P P P P P P
−

     =     

      

  (4-21) 

 3 1 2

Cam Cam Cam

Tg Tg Tgr r r=    (4-22) 

We can calculate the center of target object in consecutive frames in the camera coordinate 

system as follows 

 
4 4 4

1 1 1

1
, ,

4 i i i

Cam Cam Cam Cam

c P P P

i i i

P X Y Z
= = =

 
=  

 
     (4-23) 

The slippage between the initial position and kth position is finally obtained as: 
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,0 ,

Cam Cam Cam

c c kSlip P P=   (4-24) 

4.3 Experimental results 

In this section, we verify the accuracy of the proposed system through an experiment using 

a CCD camera and a line laser sensor. The test platform was implemented in C/C++. The target 

object is a cylinder which has a rectangular feature on its top. The monocular vision system is 

applied in the range of 300mm ~1000mm which is a sufficient FOV to capture the image. 

 

  

Fig. 4-7The real testbed system. 

We apply the proposed approach into the slip-margin feedback control gripper system. The 

three-degree-of-freedom (DoF) gripper system consisting of a CCD camera, structured light, 

and force sensor, grasps a target object. The incipient slippage, which occurs on the contact 

surface between the grip fingers and grasping object when the object is pressed and slid, is 

calculated by estimating the differences of the object moving distance and the increment dis-

tance between the current object position and the initial position between two consecutive 

frames. Then, the grip force is immediately controlled by a direct feedback of the estimated 

slip margin. The experiment testbed system is shown in Fig. 4-8. 
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(a) 

 

(b) 

Fig. 4-8 Slippage measurement and measurement error. (a) Slippage estimation; (b) measurement 

error. 

 

 

Fig. 4-9 Slippage measurement with gripper force 
dF = 47.092[N] and  M = 2.3[kg]  

4.3.1 Target object increment distance measurement 

In this experiment, the target object is pressed by a slight force so that a known slippage 

occurs. The proposed system measures the slippage and Fig. 4-9(a) shows the distance incre-

ment between the current object position and the initial position, with corresponding measure-

ment errors shown in Fig. 4-9(b). When the difference of the object moving distance between 

two consecutive frames, or the slippage is greater than a pre-set threshold (0.5 mm is selected 
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in our experiment), then the system will increase the grip force to prevent the object from slid-

ing.  

As can be seen in Fig. 4-9, the proposed system can measure different slippages in real time 

and the measurement error is less than 0.2 mm. 

4.3.2 Slippage estimation with different target objects 

In the second experiment, we applied different object sizes and different forces for measur-

ing slippage. When slippage occurs, the vision system automatically estimates object move-

ment and sends a signal to the gripper controller via a COM port. The signal information con-

tains the object movement distance between 2 consecutive frames. Fig. 4-10,4- 11, and 4-12 

show the measured object moving distance of the target object applied to different objects with 

different gripper forces. The physical transformation between the target initial position and 

position at the kth time increment, in some translation Tk , and the rotations around TgX, TgY, TgZ 

are denoted by α, β, φ, respectively.  

In Fig. 4-10, when the gripper force is Fd=47.092[N] and the target object has a weight of 

M=2.3[kg], there are two times at which slippage occurs. In the first slippage event, the target 

object slides 0.2mm from the initial position, with an average of T (0,0,0.2mm)= , 

0 degree = , 0 degree =  , 1 degree = . At the instant of the second event, the target object 

slides 0.4mm, and the slippage compared with the initial position is recorded as 0.6mm, with 

an average T (0,0,0.6mm)= , 0 degree = , 0 degree = , 2 degree = . 
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Fig. 4-10 Slippage measurement with a gripper force of Fd= 46.36[N] and M=2.1[kg] 

 

Fig. 4-11 Slippage measurement with a gripper force of Fd= 46.16[N] and M=1.7[kg]. 

When the gripper force is Fd= 46.36[N] and the target object weight is M=2.1[kg], and when 

Fd= 46.16[N] and the target object weight is M=1.7[kg], there are four times at which slippage 

is recorded during an 18 second period, as can be seen respectively in Fig. 11 and Fig. 12. The 

slippage measurement system can recognize the slippage with an error of less than 0.2 mm, as 

confirmed through experiments. 

4.4 Chapter summary 

In this chapter we proposed a system consisting of a structured light and a camera to estimate 

the object POSE and grasp slippage. In order to estimate the object pose and slippage through 

an image frame sequence, a method to detect laser stripes as well as object feature points is 

proposed. Based on the detected laser stripe and object feature points, the object pose is recon-

structed with respect to the 3D coordinate system. Then, slippage is calculated by estimating 

the object pose change through the image frame sequence. 
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To verify the proposed non-contact slippage estimation sensor, experiments have been per-

formed. The experimental results confirmed that the sensor can be successfully applied on the 

slip-margin feedback control gripper system in real-time at 30Hz with a slippage measurement 

error of less than 0.2 mm. 

In a real environment, due to the huge size of the target object, the limitations of the camera 

FOV, the grasping gripper, etc., the camera cannot capture the entire object. In such cases, the 

proposed non-contact sensor can measure the object pose and slippage simultaneously using 

only partially visible object features. Furthermore, no tactile sensing elements are required in 

the proposed system. The system is light, simple in structure, and cheap, all characteristics 

which make it suitable for a compact industrial robot. In many robot systems, a camera is al-

ready equipped for object grasping and other applications. The proposed slippage estimation 

system can be easily implemented in such cases by adding a single inexpensive laser. 
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Chapter 5  

GAP AND FLUSH MEASUREMENT USING MONOCULAR 

STRUCTURED MULTI-LINE LIGHT VISION AND ITS 

APPLICATION IN VIHECLE ASEMBLY 
 

5.1 Introduction 

In automotive manufacturing plants, gap and flush measurement solutions are used to con-

tain, correct and control the fit and finish of exterior body panels. The gap and flush of parts 

most visible to the automobile consumer such as gaps between front and rear doors, etc. are 

automatically measured, recorded and displayed. The gap and flush are crucial aesthetic aspects 

for any automobile manufacturer, because gaps and flushes of car bodies contribute a great 

deal to the positive perception of a car. Especially for premium producers, accurate gap and 

flush measurements are a key criterion for quality. Currently, vehicles are designed with flow-

ing contours, angled panels, edges with large radii and closure seals in the gaps. Mechanical 

devices often struggle to deal with such complex surfaces. The measurement methodology 

must be consistent with design criteria and the repeatability of measurements must be very 

highly accurate. Currently evolving requirements in vehicle assembly usually necessitate an 

accuracy of measurement of and a repeating accuracy of and still on development. To satisfy 

these demanding requirements, considerably diverse approaches are being studied and devel-

oped.  

In this paper, a high-speed accurate non-contact measuring structure using the fusion of a 

complementary CMOS camera and multi-line laser is studied. The camera and laser vision 

system commonly explores the strong difference in intensity of the laser beam reflection and 

image background to extract the laser point locations. However, this method cannot typically 

be applied in the assembly of vehicle parts that are poorly reflective, e.g. black car body, espe-

cially in a high noise industrial environment. Therefore, we propose a multi-line laser-vision-
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based gap and flush measurement system developed to solve these issues and achieve high 

performance measurements. In this system, a GigE high speed CMOS camera with double rate 

technology is employed to capture the laser stripes generated from low-power generator reflex 

mirrors from the object surface to ensure real-time measurements. We also contribute new im-

age processing algorithms for adaptive laser stripe extraction and classification by automati-

cally selecting a laser profile region and enhancing the intensity difference between the laser 

region and background. Then, the laser stripes are mapped into the 3D world coordinate for 

gap and flush estimation, using our proposed gap and flush measurement approach. The pro-

posed gap and flush measurement system can deal with complex surface with high accuracy, 

satisfying the demanding gap and flush measurement requirements in vehicle assembly.  

The main contributions of this work are as follows: 

• New image processing algorithms for adaptive laser stripe extraction and classification 

by automatically selecting a laser profile region and enhancing the intensity difference between 

the laser region and background is proposed. 

• Propose circle feature detection method to deal with complex surface gap and flush 

measurement. 

• Propose gap and flush measurement method for simple objects as well as complex ob-

jects, especially gap and flush measurement method used in vehicle assembly. 

• The measurement system and measurement method are simplified so that the measure-

ment system can work real-time and be suitable for industrial applications. 
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5.2 Gap and flush measurement system 

  
(a) (b) 

Fig. 5-1 Gap and flush measurement in vehicle assembly. (a) Portable gap and flush measurement 

system [78]; (b) Inline gap and flush measurement robot system [79]. 

 
Fig. 5-2 The external and internal view of a gap and flush measurement performed by the camera-

laser module. 

 

   
(a) (b) (c) 

Fig. 5-3 An example of acquired images of laser reflection on car body parts with different gain val-

ues [26]. (a) gain value 0; (b) gain value 10; (c) gain value 40 

Gap and flush measurement instruments, especially handheld devices, are currently popular 

in automobile manufacture. These devices consist of cameras and a laser generator, usually a 

line laser, e.g., the LaserGauge in [80] uses a one-line laser for measurement while CALIPRI 
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in [81] makes use of a three-line laser. The measurement is performed by moving the devices 

by hand to the measured objects, carried out on a non-contact basis within the measurement 

distance and angle range throughout the measurement process, as shown in Fig.5-1(a). For 

inline robot measurements [81], laser-camera modules are attached to robot hands, and each 

module contains a laser projector and a camera, as shown in Fig.5-1 (b). These systems provide 

a high accuracy of measurement values, with a highest accuracy of ±100μm and precision of 

±100 μm with a 0.01 mm resolution. 

According to the authors’ knowledge, there are no domestic, robotic, inline gap and flush 

measurement robot systems in use. Hence, in this work, we develop camera-laser modules, 

each consisting of a CMOS camera and multi-line laser, which will be attached to an inline 

robot for gap and flush measurement in vehicle assembly. During the measurement process, 

the multi-line laser of each module projects laser stripes onto the surface of the measured ob-

ject, the car body parts, and the camera captures the stripes produced by the intersections of the 

laser planes with the target surface. The acquired image is then transferred to the computer 

through a LAN card. An image processing module of the gap and flush measurement software 

installed on the computer analyses the deformation of laser stripes to measure the gap and flush. 

Finally, the gap and flush measurement values are displayed on the GUI of the measurement 

software. 

There are three main coordinate systems in each proposed camera-laser module: the camera, 

image, and laser coordinate systems. Following the standard way to decide camera coordinate 

system, the camera coordinate system Cam  is a right-hand coordinate system permanently 

fixed to the camera with its origin CamO  at the camera origin. The Cam Z axis  coincides with 

the camera optical axis, pointing along the light of sight. The camera coordinate of a point P is 

represented by [ , , ] .Cam Cam Cam Cam T

p p pP X Y Z= Denote image plane coordinate system IP , 

where coordinate is represented by [ , ,1]IP IP IP Tp x y= . The x-axis and y-axis are respectively 
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along the top and left side of the image plane. The origin IP O of IP  is at the top left vertex of 

the image plane and the center of the image plane is T[ , ,1]IP IP IP

c cc x y= . The laser system 

Laser  is defined according to the right-hand coordinate system with the laser line assumed 

to lie on the Laser XZ  plane with the origin the laser origin and the laser coordinate of a point P 

is [ , , ]Laser Laser Laser Laser T

p p pP X Y Z= . The system overview is shown in Fig.5-2. 

5.3 Image Processing Module 

Image processing plays a crucial role in the gap and flush measurement system for car man-

ufacturing. In this work, we contribute an image processing module that performs region of 

interest (ROI) selection, laser profile extraction, classification, and extraction of feature points. 

5.3.1 Selection of the ROI 

 

Fig. 5-4 Acquired image of laser stripes on a real vehicle. 

 

Fig. 5-5 The selected ROI (small rectangle) within the acquired image. 
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In order to extract the laser stripes region, the threshold method is commonly used. Let 

I( , )i ix y  indicates the intensity of point ( , )i ix y  and ρ the pre-set threshold. The point ( , )i ix y

belongs to the laser stripe if and only if it satisfies the threshold condition I( , )i ix y  . How-

ever, if the object is poorly reflective, e.g. a black car body, or a high noise industrial environ-

ment, etc. then the difference between the laser stripe and the background is not clear, as can 

be seen in Fig. 5-3a. Thus, a pre-set threshold is inefficient in such cases. We propose an auto-

matic method to extract the laser profile region in one way and ROI in another. The automatic 

selection of the ROI is an important procedure for reducing the computation load of the meas-

urement process. This procedure selects a ROI that contains an image of laser stripes. Initially, 

the camera gain value is sufficiently increased such that the obtained laser stripes are defini-

tively clear, a procedure that can be performed during the calibration process. Obviously, when 

the gain is increased, the noise is also increased, as can be seen in Fig.5-3. Hence, the ROI 

selection algorithm should extract the region of main laser stripes and ignore redundant regions 

that might represent noise. First, the acquired image is converted from an RGB image into a 

binary image. Second, a search window of dimensions m×n is set at a certain position, such as 

the center of the image. Then, moving the search window to the densest high intensity region. 

For all pixels ( , )x y  inside the search window, the search window center position ( , )sw swx y  is 

calculated as follows 

 

( , )

( , )

x y

sw

x y

xI x y

x
I x y

=




  (5-1) 

            

( , )

( , )

x y

sw

x y

yI x y

y
I x y

=




  (5-2) 

Repeat moving the search window until convergence. 
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Fig.5-4 and Fig.5-5 describe the selection of ROI on the real image captured from car as-

sembly in industrial environment. 

5.3.2 Laser stripe detection and classification 

The proposed extraction of laser stripes is most often carried out in two steps. First, the laser 

peaks are detected, normally by considering each row or column of the image as independent 

signals. Then, a laser peak linking process is applied, followed by a smoothing process. Con-

sidering only each row of the image, or column of the image to detect the laser [28] has a 

notable drawback. The laser profile of each of row or column signal corresponds to a Gaussian 

profile; thus, the obtained point with maximum luminance of the signal should correspond to 

the center of the laser line. However, the process can fail in the presence of noise, since the 

maximum luminance could correspond to spurious points. The proposed ROI selection in sub-

section 3.1 that acquires only the part of the image containing main laser stripes greatly reduces 

noise, but does not eliminate it completely. To reduce computational time while achieving 

highly accurate of laser stripe detection, we developed an efficient method to extract the laser 

stripes in the obtained image of the ROI. First, the image of the ROI is enhanced from the 

intensity difference between the laser region and background, using the following steps: 

- Step1: Convert the two-dimensional image intensity matrix into a one-dimensional array 

- Step 2: Arrange this array in descending order 

- Step 3: Choose a threshold in accordance with initial conditions (satisfying that 5%-10% 

of intensity values that are maxima in the image are greater than the threshold) 

- Step 4: Threshold the ROI image using selected threshold. 
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Fig. 5-6. Contour point detection image of the ROI after noise elimination. 

Secondly, the contour detection algorithm is applied to detect contours of the image con-

tained in the ROI. Then, all small regions are eliminated, as they could represent noise, using 

the following function:   

 
( )    I( ,y )=1

( )    I( ,y )=0

j jk jk

j jk jk

C x

C x





 

 

  (5-3) 

where ( ) •  is a contour area calculation function, 
jC  is the thj  contour, I( , )jk jkx y  indicates 

the intensity of point ( , )k kx y of the contour 
jC , and  is a threshhold value. Fig.5-6 shows 

image of detected contours after noise elimination. After the small regions are eliminated, the 

remaining contours are used to estimate the laser curves. For each contour, a laser basic curve 

is estimated by taking the center points of the contour in every image column. Then, the basic 

curve formed from sub-pixelled points is approximated to a higher polynominal to get a smooth 

curve function. 

After laser curves detection, we must classify these laser curves. Usually, a multi-line laser 

generator uses a color-coded system with multiple lasers of different color to classify the laser 

lines. However, this method is complex, computationally time consuming, and cannot be ap-

plied in this work using the mono color multi-line laser. Therefore, we propose an approach to 

classify the laser stripes by segmenting the image into different parts at which the laser lines 

deformed by the gap and flush on the object surface. First, we cluster the detected curves into 

Ns sets deformed by the gap and flush. Each set contains δ curves, where δ equals to Nc, and 
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Nc is the number of lines generated by the multi-laser lines generator. Then, the curves are 

scanned in ascending order in y, and the ith laser curve is assigned to the ith laser stripe.  

5.3.3 Feature circle extraction 

  

(a) (b) 

Fig. 5-7. Laser stripes on flat measured object. a) No gap and flush; b) Deformation of laser stripes in 

the presence of a gap and flush. 

 

Fig. 5-8 Internal view of a gap and flush on a flat measurement object in the image plane. 

 

Fig. 5-9 Sliding circle. 

 

 

Fig. 5-10 Gap and flush measurement using feature circles. 
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The gap and flush are measured using feature points on the extracted laser stripes. These 

feature points contain geometrical information of the target object. For the flat and/or simple 

measured objects, the common way to select feature points is to select the beginning points and 

ending points of laser stripes. This method is illustrated in Fig. 5-7 anf Fig.5-8. For every laser 

stripe, suppose that the detected ending point of the laser stripe on the left panel is M and the 

detected beginning point of the laser stripe on the right panel is N, as shown in Fig. 5-8. M and 

N are selected as feature points for the gap and flush measurement. However, current vehicles 

are designed with flowing contours, angled panels, edges and complex surfaces, such that the 

above method for a flat measurement object usually cannot be applied. In this paper, in order 

to guarantee a fast and effective gap and flush measurement, instead of finding feature points, 

we proposed a new sliding circle method to find feature circle as shown in Fig.5-9. The known-

radius sliding circle slides on the detected laser curves. Then, the position at which a circle 

factor calculation function is maximized is selected as feature circle. The circle factor is calcu-

lated as follows: 

 1

( )

( )

sN

h

h
i

s

E s

C
N

 ==


  (5-4) 

where  is the circle factor calculation function, iC  is the circle at sliding position i on the laser 

stripe curve, and sN  is the total number of pixel points on the sliding circle.  

 

1   if the test pixel  is an edge point

( )  on the laser stripe contour

0   otherwise

h

h

s

E s




= 



   

The gap and flush are measured by estimating the deformation of laser lines in the image 

plane using the detected feature circle, as shown in Fig.5-10. 
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5.4 Proposed gap and flush measurement method 
 

Since the vision system is calibrated and the relative position between camera and laser is 

fixed, we can measure the gap and flush by estimating the deformation of laser lines in the 

image plane using the detected feature circle, as shown in Fig.5-10. 

  

(a) (b) 

Fig. 5-11 A real camera-laser module setup. 
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Figure 5-12 Camera and structured multi-line light calibration using rectangle model. 

The extrinsic camera and multi-line laser is calibrated by using approach presented in Chap-

ter 2. The calibration uses a rectangle, as can be seen in Fig. 5-11 and Fig.5-12. Suppose that 

the camera is perfectly calibrated as presented in section 2.2. We first estimate the relation 

between camera coordinate system and object coordinate system, followed by finding the rel-

ative pose including position and orientation of the laser with respect to the object coordinate 

system. Finally, the extrinsic calibration of camera and structured multi-line laser light param-

eters are refined.  
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Our next step is mapping the feature circle center in one way, feature point in another, into 

3D coordinate system, which is laser coordinate system. Using the information in the calibra-

tion step, we can express the estimated curves function in the laser coordinate system. The 

physical transformation between the laser projector coordinate system and camera coordinate 

system is the sum of the effects of a rotation 
Cam

Laser R  and a translation 
Cam

Laser T , which were exactly 

calculated in camera and laser calibration process. In homogeneous coordinates, we can com-

bine these within single matrix as follows: 

 
1 2 3, [       T]Cam Cam Cam Cam Cam Cam Cam

Laser Laser Laser Laser Laser Laser LaserW R T r r r = =    (5-5) 

The relationship between camera coordinate system and laser coordinate system can be il-

lustrated by 

 
Cam Cam Laser

LaserP W P=   (5-6) 

Suppose that the detected laser point IP p  is the image of a real laser point Laser P , and 
IP

Cam M  

is the camera intrinsic matrix; then, using camera pinhole model we have the following equa-

tion 

 
1IP IP Cam

Camw M p P− =   (5-7) 

In laser coordinate system, each image plane is represented as follows: 

 
2 2

0 0 0

subject to 0

and  0,.., 1

Laser

j j

j j

c

n q P

n q

j N

  = 

+ 

= −

  (5-8) 

By solving equations (5), (6) and (7), the laser coordinate of laser point Laser P  can be calcualted 

as follows: 
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 ( )
1T T( )

0

Cam

Laser LaserTP j
−  

=      
 

  (5-9) 

where 

0 1 0 0

0 0 1 0

0 0 0 1

 
 

 =
 
  

, and 

1

1 2 3

0 0

IP IP Cam Cam Cam

Cam Laser Laser Laser

j

j j

M p r r r

n q

− − − −
 =  

  
  

Initialize j=0 ; 

for (j=0;j<Nc;j++) 

{ 

//Searching feature circle position 

Initialize circle factor β= β(C0), i=pos(j)=0; 

while (i<size(laser_stripe)) 

{ 

     if (β(Ci)> β) 

     { 

        β= β(Ci) 

        pos(j)=i; 

     } 

     i++; 

} 

//Mapping to 3D coordinate 

( ) _IP

px pos j x=  ;//x coordinate of feature cir-

cle center 

( ) _IP

py pos j y=  ;// y coordinate of feature cir-

cle center 

( )
1T T( )

0

Cam

Laser LaserTP j
−  

=      
 

; 

} 

Fig. 5-13 Pseudo code of the feature circle position 3D mapping algorithm for a gap and flush meas-

urement 

The pseudo code of the feature circle position 3D mapping algorithm for a gap and flush 

measurement is illustrated in Fig.5-13. 

Then, the gap(j) and flush(j) of each laser stripe are measured by calculating the differences 

in the 3D positions between the two feature circles on the right side and left side of the laser 

stripe, as illustrated in Fig.5-10. 

Finally, the total gap G  and flush F  are measured using the following equations: 
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  (5-10) 
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  (5-11) 

5.5 Experimental results 

Table 5-1 Current traditional gap and flush measurement sensors specifications and proposed gap 

and flush measurement sensor requirements. 

Number Content 

Traditional 

measurement 

sensor 

Proposed meas-

urement sensor 

1 Gap measurement error 100μm  50μm  

2 
Flush measurement er-

ror 
100μm  50μm  

3 
Repeated measurement 

error 
200μm  100μm  

4 Working distance 220 48(mm)  220 48(mm)  

5 
Gross measurement time 

per measurement point 
4 (seconds) 1 (second) 

   

Table 5-2  Camera-laser module performance confirmation 

S1 S2 S3 

Accuracy confirmation 

Ground truth values in mm 

10.164G =  0.94F =  10.172G =  2.13F =  10.188G =  5.21F =  

Mean of measurement error in mm 

0.015aG =  0.006aF =  0.017aG =  0.0089aF =  0.0201aG =  0.0089aF =  

Maximum of measurement error in mm 

0.0476aG =  0.0127aF =  0.042aG =  0.0199aF =  0.05aG =  0.0238aF =  

Precision confirmation 

Mean of measured values in mm 

10.16G =  0.935F =  10.173G =  2.126F =  10.192G =  5.213F =  

Mean of measurement error in mm 

0.0146pG =  0.0036pF =  0.0172pG =  0.0079pF =  0.0199pG =  0.0081pF =  

Maximum of measurement error in mm 

0.0459pG =  0.0111pF =  0.0459pG =  0.0157pF =  0.051pG =  0.0209pF =  
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In this section, we first verify the accuracy of the proposed gap and flush measurement 

procedure and apparatus through experiments. Then, three laser-camera modules are imple-

mented in a realistic vehicle assembling experiment, where each module includes a high-reso-

lution camera module and a five-line laser generator. The camera module includes a focus lens, 

filter, and a GigE camera with a CMOS image sensor. The camera resolution is set as 

2590×1942 and the focal length of 16 mm. The GigE camera transfers images at a speed of 10 

frames per second through a LAN cable with a length of up to 100 m. 

5.5.1 Camera-laser module performance confirmation 

 

Fig. 5-14 Camera-laser module performance confirmation test. 

As mentioned in section 2, we summarize the current gap and flush measurement sensor 

specification in Table 5-1. Requirements for the proposed gap and flush measurement system 

also indicated in Table 5-2. The real experiment setup is described in Fig 5-14. The ending 

points of laser stripes on the left panel and the beginning points of laser stripes on the right 

panel are selected as feature points. 
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5.6.1.1 Camera-laser module performance w.r.t changing of measurement position at the same 

working distance 

This experiment is performed for different gap and flush values to examine the proposed 

camera-laser module measurement performance. The measurement working distance is kept at 

around 220 mm.  

 

Fig. 5-15 Sample pattern 

 

A known-size sample pattern, where the sample drawing is presented in Fig.5-15, is place 

at various positions. The sample contains five flat planes F1, F2, F3, F4 and F5. Let denote the 

position at which we measure the gap and flush between F1 and F2, F2 and F3, F3 and F4 are 

S1, S2, S3, respectively. The proposed camera-laser module projects the laser lines on the 

measurement positions and measure the gap G  and flush F . In order to examine the proposed 

camera-laser module measurement accuracy and precision, at each position, the gap and flush 

measurement test is performed independently 30 times. 
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(a) 

 

(b) 

 

(c) 

Fig. 5-16 Camera-laser module accuracy confirmation w.r.t changing of measurement position at 

the same working distance. (a) S1 measurement error; (b) S2 measurement error; (c) S3 measurement 

error. 
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(a) 

 

(b) 

 

(c) 

Fig. 5-17 Camera-laser module precision confirmation w.r.t changing of measurement position at 

the same working distance. (a) S1 measurement error; (b) S2 measurement error; (c) S3 measurement 

error. 
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First, the measured gap G  and flush F are compared with the ground truth values gap G

and flush F to examine the proposed camera-laser module measurement accuracy. The ground 

truth values of gap and flush at position S1, S2, S3 are shown in Table 5-2. The measurement 

error of gap aG and flush aF are computed by 

 
aG G G= −   (5-12) 

 
aF F F= −   (5-13) 

The measurement error of gap aG and flush aF are shown in Fig. 5-16. The measurement 

error varies from 0.006mm to 0.05mm. The maximum of measurement error is 0.05mm with 

the maximum of mean of measurement error is 0.0201mm, as can be seen in Table 5-2. The 

measurement error satisfies the requirement that the measurement error be less than or equal 

to 0.05mm. The maximum between two repeated measurement values is 0.09536 mm. The 

repeated measurement error satisfies the requirements shown in Table 5-1 that the repeated 

measurement error be less than 0.1mm. 

Second, the measured gap G  and flush F are compared with the means of measurement 

values G and flush F to examine the proposed camera-laser module measurement precision. 

The measurement error of gap pG and flush pF are computed by 

 
pG G G= −                              (5-14) 

   
pF F F= −                   (5-15) 

The measurement error of gap pG and flush pF are shown in Fig. 5-17. Fig. 5-17 shows that 

the measurement error ranges from 0.0036mm to around 0.05mm. The maximum of measure-

ment error is 0.05mm with the maximum of mean of measurement error is 0.0199mm, as can 

be seen in Table 5-2. The measurement error satisfies the requirement in Table 5-1 that the 

measurement error be less than 0.05mm. The maximum between two repeated measurement 

values is  0.09537 mm. The repeated measurement error satisfies the requirement that the re-

peated measurement error be less than 0.1mm 
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According to the above experimental results, the proposed measurement system achieves 

improved specifications with a higher accuracy and precision than current specifications for 

commercial gap and flush measurement systems shown in Table 5-1. 

5.6.1.2. Camera-laser module performance w.r.t changing of measurement working dis-

tance 

 

Fig. 5-18 Camera-laser module accuracy confirmation w.r.t changing of the measurement working 

distance. 

 

Fig. 5-19 Camera-laser module precision confirmation w.r.t changing of the measurement working 

distance. 

This experiment evaluates the proposed camera-laser module performance at different 

working distance. The working distance is varied in the range of 220±48mm. The gap and flush 

are kept unchanged during the test. The gap and flush ground truth value are 10.166mm and 
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0.86mm, respectively. The measured gap and flush are compared with the ground truth values, 

mean of measured values to examine the measurement accuracy and precision, respectively. 

The measurement accuracy and precision are shown in Fig. 5-18 and Fig. 5-19, respectively. 

The proposed gap and flush measurement system achieves the lowest error at the working dis-

tance around 220mm.  The measurement error is less than 0.05mm and the difference between 

any two measurement values is less than 0.07mm. According to the experimental results, the 

proposed measurement system satisfies requirements shown in Table 5-1. 

The experimental results confirm that measurement time at any working distance is con-

firmed less than 0.22 second through the experiment results. 

According to the above experimental results, the proposed measurement system achieves 

improved specifications in comparison with the current commercial gap and flush measurement 

systems specifications shown in Table 5-1. 

5.5.2 Gap and flush measurement in real vehicle assembly 

 

Fig. 5-20 Three proposed calibrated camera-laser modules attached to the end-effector of the ro-

bot arm in a vehicle assembly application. 

In this section, we applied our measurement system in a real vehicle assembly application. 

The poorest reflectivity car body, car body in black color, is selected. Three calibrated camera-

laser modules are attached to the end-effector of the robot arm, as can be seen in Fig.5-20. The 

three calibrated camera-laser modules are moved to the top, left, and right, respectively. The 

vehicle is designed with flowing contours complex surfaces, so we used feature circles for gap 

and flush measurement.  
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Fig. 5-21 Gap and flush measurement using proposed system in real vehicle assembly. 

 

Fig. 5-22 The gap and flush measurement software GUI. 

During the measurement process, at each module, the multi-line laser projects laser stripes 

onto the surface of the target object, and the camera captures the laser stripes produced by the 

intersections of the laser planes with the surface of the car body parts. The acquired image is 

then transferred to the computer through a LAN card. The image processing module of the gap 

and flush measurement software installed on the computer analyses the deformation of laser 

stripes to measure the gap and flush, as can be seen in Fig.5-21. Fig.5-22 shows the measure-

ment software GUI. The top left, bottom left and bottom right panels show the image captured 

by the measurement modules at the top, left, and right position, respectively. We can measure 

three positions of the car body at the same time by clicking “Measure” in the bottom of the top 

right panel. The output data is shown in the measurement data box. In the experiment, the 

feature points are detected accurately. Section 5.1 also proved that the proposed gap and flush 

measurement between feature points operates well given high accurate and precise 
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measurement data. Thus, we do not have ground truth of the gap and flush between vehicle 

panels, but the measurement results are quite reasonable. 

5.6 Chapter summary 

In this chapter, we propose a vision-based non-contact gap and flush measurement system 

for a vehicle assembling system. The proposed approach makes use of the fusion of a multi-

line laser generator and a high-resolution camera. In order to measure gap and flush, the multi-

line laser of the camera-laser module projects laser stripes onto the surface of the measured 

object and the camera captures the stripes produced by the intersections of the laser planes with 

the target surface. The acquired image is then transferred to the computer through a LAN card. 

The image processing module of the gap and flush measurement software installed on the com-

puter analyses the deformation of laser stripes to measure the gap and flush and displays the 

results on the GUI of the measurement software. 

By using proposed image processing algorithms for adaptive laser stripe extraction and clas-

sification, circle feature detection, the gap and flush measurement system can deal with poor 

reflective objects with complex surface. The experimental results showed that the proposed 

gap and flush measurement system is an improvement over current gap and flush measurement 

sensors, achieving an improved higher specification. Moreover, the proposed system produces 

accurate measurements in a short time, 0.22 seconds, and satisfies vehicle assembly system 

requirements. The proposed measurement system can be applied for both portable and inline 

robot gap and flush measurement system. In many industrial robots, a camera is already 

equipped for measurement and other applications. The proposed gap and flush measurement 

module can be easily implemented in such cases by adding a single inexpensive multi-line laser. 

The usefulness of the proposed system is also demonstrated using real tests in the inline vehicle 

assembly system in Korea. 
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Chapter 6    

MONOCULAR STRUCTURED LIGHT VISION-BASED 

SURFACE MEASUREMENT AND ITS APPLICATION IN 

UAV LANDING SURFACE DETERMINATION 
 

6.1 Introduction 

Landing on an unknown surface is an important problem for UAVs [87]. Real-time com-

puter vision systems have been successfully implemented for UAVs landing [88-91]. There are 

two main challenging cases to be considered in this paper. Consider the first case of UAV 

landing on a sloping surface. Imagine a flying quadrotor equipped with an expensive payload 

in mission is forced to execute an emergency landing on unknown surface. The payload damage 

may be avoided if the quadrotor has been able to measure the ground surface geometry infor-

mation so that it could design and execute a safe landing trajectory. The second case is that a 

quadrotor must execute 3D unknown surface reconstruction in missions, e.g. lunar mission. In 

both hypothetical scenarios, there is a desire to implementing UAV without prior knowledge 

of the surface’s information by using onboard sensing. We contribute image processing algo-

rithms for adaptive laser stripe extraction and classification by automatically selecting laser 

profile region and enhancing the intensity difference between the laser region and background. 

This approach is ideally suited for indoors or shade areas. The extracted laser stripes are then 

mapping onto 3D world coordinate to estimate the surface geometry information by using pro-

posed 3D mapping approach. The proposed vision system has several advantages compared 

with current similar function systems. In vision-based system relying on feature detection, the 

main drawbacks are computationally expensive, difficult to implement in real-time and known 

pattern must be presented at the target surface, e.g. the landing site in UAV landing application. 

These problems are free in the proposed system since the image processing computational cost 

is minimized to permit real-time execution and no external patterns or features are required at 
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the surface; the only requirement is that the laser projections on the surface are detectable. The 

proposed system is also different from other laser-camera-based vision systems using laser 

beams which may look similar at the first sight. The laser-beam-based systems usually use laser 

dots and simple brightness detection to find laser projection on the surface. Thus, the common 

light dots, e.g. sunlight dots, can easily be a big problem for these systems. This problem is 

avoided in the proposed system by using automatic laser region extraction and laser profile 

classification. Additionally, the modest hardware is designed in the proposed system; there are 

only single camera and laser generator.  

6.2 Laser profile extraction 

Laser stripes extraction is commonly carried out in two steps. First, the laser peaks are de-

tected, normally by considering each row or column of the image as independent signals. Then, 

a laser peaks linking process is applied following by smoothing process. However, carrying 

out by considering each row of the image, or column, to detect laser [8] has a big drawback. 

The laser profile of each of row, or column signal corresponds to a Gaussian profile, thus, the 

obtained point with maximum luminance of the signal should correspond to the laser center. 

However, the process can be fail by noise since the maximum luminance could correspond to 

spurious points. To save time consumption, the contour detection algorithm is applied to de-

tecting contours. Then, all the small regions are eliminated as they may represent noise by 

using the following function: 

 
( )    I( ,y )=1

( )    I( ,y )=0

j jk jk

j jk jk

C x

C x





 

 

  (6-1) 

Where (.)  is contour area calculation function, jC is the thj  contour, I( , )jk jkx y indicates 

intensity of point ( , )k kx y of contour jC and   a threshold value. 
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After laser curve detection, we must classify these laser curves. Usually, in multi-line laser 

generator, they use color-coded to classify the laser lines. However, this method is complex, 

computational time consuming and cannot be applied in this work at which the mono color 

multi-line laser used. Hence, we proposed an approach to classify the laser stripes by segment-

ing the image into different parts at which the laser lines deformed by the gap and flush on the 

object surface in industrial environment. Firstly, we cluster the detected curves into 2 sets de-

formed by the gap and flush. Each set contains  curves, where   equals to 
cN ,  and

cN  is 

the number of lines generated by the multi-laser lines generator. Then, scanning them in y  

ascending order, due to the system configuration, the thi  laser curve is decided to belong to the 

thi laser stripe.  

6.3 Proposed ground surface estimation 

The objective of this section is to reconstruct the surface based on obtained 3D coordinate 

points.  

First, laser points are mapped into 3D coordinate which is chosen as laser coordinate. By 

using the information in the calibration step, we can express the estimated curves function in 

the laser coordinate, which is chosen as world coordinate. The physical transformation part 

between laser projector coordinate and camera coordinate is the sum of the effects of some 

rotation 
Cam

Laser R  and some translation
Cam

LaserT , which were exactly calculated in camera and laser 

calibration process. In homogeneous coordinate, we can combine these within single matrix as 

following 

1 2 3, [       T]Cam Cam Cam Cam Cam Cam Cam

Laser Laser Laser Laser Laser Laser LaserW R T r r r = =    (6-2) 

The relationship between camera coordinate and laser coordinate can be illustrated by equa-

tion 
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Cam Cam Laser

LaserP W P=   (6-3) 

Suppose that the detected laser point IP p is the image of real laser point LaserP , 
IP

Cam M is cam-

era intrinsic matrix, using camera pinhole model we have the following equation 

 
1IP IP Cam

Camw M p P− =   (6-4) 

In laser coordinate, each laser plane is represented as follows: 

 
2 2

0 0 0

subject to 0

and  0,.., 1

Laser

j j

j j

c

n q P

n q

j N

  = 

+ 

= −

  (6-5) 

Let us denote 

1

1 2 3

0 0

IP IP Cam Cam Cam

Cam Laser Laser Laser

j

j j

M p r r r

n q

− − − −
 =  

  
  

By solving equation (5), (6) and (7), the laser coordinate of laser point LaserP can be calcu-

lated as following 

 ( )
1T T( )

0

Cam

Laser LaserTP j
−  

=      
 

  (6-6) 

with 

0 1 0 0

0 0 1 0

0 0 0 1

 
 

 =
 
  

  

Second, the surface is reconstructed using approach proposed in [19]. The interpolation 

problem is express as a linear algebra problem 

 p x y =   (6-7) 
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where the vector x  has ·nx ny  length with nx  is the number of points in the x direction, and ny  

is the number of grid nodes in the y   direction. Thus p  has np rows, corresponding to each 

data point supplied by the user, and ·nx ny  columns. 

At every point of the surface, interpolation algorithm will try to make the partial derivatives 

of the surface in neighboring cells to be equal. As the result, we obtain the linear equation 

 0p x =   (6-8) 

where the derivatives are approximated using finite differences of the surface at neighboring 

points. 

Finally, we obtain an optimization problem: find x  to minimize 

 
2 2

p px y x  − +   (6-9) 

where   is a parameter that we can choose in order to control the relative grid stiffness. 

6.4 Experiment Results 

In this section, we verify the accuracy of the proposed vision system through real experi-

ments using a camera and a five-line laser generator. The test platform was implemented in 

C/C++. The camera resolution is 2590 1942 and the focal length is16mm . The working dis-

tance is less than 1000mm. 
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(a) (b) 

Figure 6-1 The plane surface angle measurement setup; (a) Experiment testbed, (b) monocular 

structured laser vision module. 

 

Figure 6-2 Real 3D reconstruction testbed. 

 

Figure 6-3 The complex surface captured by the camera. 
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Figure 6-4 3D surface reconstruction. 

Table 6-1 Angle between the flat surface and horizontal estimation 

Ground truth angle ( ) in degrees 

o0.50 =  
o30.55 =  

o60.05 =  

Estimated angles ( ) and estimation error ( ) in degrees 

            

0.457 0.043 30.474 0.076 59.919 0.131 

0.546 0.046 30.471 0.079 60.104 0.054 

0.550 0.050 30.633 0.083 60.117 0.067 

0.457 0.043 30.636 0.086 60.171 0.121 

0.450 0.050 30.640 0.090 59.965 0.085 

0.561 0.061 30.643 0.093 59.952 0.098 

0.564 0.064 30.463 0.087 59.888 0.162 

0.567 0.067 30.471 0.079 59.954 0.096 

0.550 0.050 30.624 0.074 59.951 0.099 

0.563 0.063 30.627 0.077 60.088 0.038 

Mean angle measurement error in degrees 

0.0537 =   0.0824 =   0.0951 =   

Total mean estimation error in degrees: 0.077 =   

 

5.1 Performance w.r.t the changing of surface angle 

This experiment is performed for different angle measurement to examine the proposed vi-

sion system angle estimation performance. In this experiment, the proposed vision system is 
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applied to measure the angle between a flat plane surface and the horizontal. The measurement 

results are compared with the ground truth angle obtained from inclinometer. The experiment 

setup is described in Fig. 6-1.  

The flat plane surface is placed at various positions with different angles w.r.t. the horizontal. 

The proposed system projects the laser lines on the flat plane surface and estimates the angle 

between the plane and the horizontal   . The estimated angle  is then compared with the 

ground truth angle   . The estimation error   is computed by 

   = −   (6-10) 

Three different angles between the plane and the horizontal are measured and shown in 

Table 6-1. Each position is performed 10 measurements. As can be seen from Table 6-1, the 

proposed vision system gives a high accuracy. The total angle estimation error is 0.077 =  

where the maximum estimation error is 0.162 =  . 

5.2 Performance w.r.t the changing of distance from surface to proposed vision system 

This experiment evaluates the proposed vision system performance in distance measurement. 

In this experiment, a known-size complex surface with different height flat planes is recon-

structed by using proposed vision system. The experiment setup is shown in Fig.6-2.  Fig.6-3 

and Fig.6-4 illustrate the image of the laser projected on the surface and surface 3D reconstruc-

tion, respectively. The average distance from the surface to the vision system measurement 

error is around 0.05 mm. 

5.2 Performance w.r.t the changing of ground surface height 

This experiment is performed for different gap and flush values on the surface. The meas-

urement working distance is kept at around 220 mm. A known-size sample pattern, where the 
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sample drawing is presented in Fig.6-5, is place at various positions. The sample contains five 

flat planes F1, F2, F3, F4 and F5. Let denote the position at which we measure the gap and 

flush between F1 and F2, F2 and F3, F3 and F4 are S1, S2, S3, respectively. The proposed 

camera-laser module projects the laser lines on the measurement positions and measure the gap 

G  and flush F . In order to examine the proposed camera-laser module measurement accu-

racy and precision, at each position, the gap and flush measurement test is performed inde-

pendently 30 times. 

The measurement results are compare with the ground truth values. The measurement error 

varies from 0.006mm to 0.05mm. The maximum of measurement error is 0.05mm with the 

maximum of mean of measurement error is 0.0201mm as can be seen in Fig.6-6 

 

 

Figure 6-5 Sample pattern. 
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(a) 

 

(b) 

 

(c) 

Figure 6-6 3D surface reconstruction measurement. (a) S1 measurement error; (b) S2 measure-

ment error; (c) S3 measurement error. 
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6.5 Chapter summary 

Inexpensive laser generator and a monocular camera vision system are proposed to estimate 

the orientation of and distance to static ground surface. We contribute image processing algo-

rithms and 3D reconstruction for ground surface geometry estimation. Experiment results show 

that the proposed system can estimate the ground surface geometry with high accuracy. In 

many UAVs, a camera is already equipped for SLAM and other applications. The proposed 

surface geometry information estimation can be easily implemented in such cases by adding a 

single inexpensive multi-line laser.  
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Chapter 7  

CONCLUSION 

This thesis we contribute 3D measurement using monocular structured light vision.  The 3D 

measurement system is calibrated by using a plane containing a rectangle. The proposed ex-

trinsic calibration of camera and structured light can get reasonable calibration results which 

have been suitable robotic monocular structured light vision systems.  

In 2D coordinate system, the monocular vision measures the target object position by dy-

namic fusion of color and shape. We build and update the statistical model of the object in 

different feature spaces. Then by fusing possible target positions in the feature spaces the final 

target position is validated. The experiment results demonstrate robust object position meas-

urement performance under various scenarios, including perspective changes, drastic illumina-

tion changes, and occlusions. 

The 3D measurement sensor using CMOS camera with double rate technology to capture 

the laser stripes generated from low-power generator reflex mirrors from the object surface to 

ensure real-time measurements. The laser stripes are digitized and map in to 3D coordinate 

system to perform 3D object measurement. The experimental results demonstrated that the 

measurement system can deal with complex surface with high accuracy, satisfying the demand-

ing 3D measurement requirements in industrial applications.  

The 3D measurement system is light, simple in structure, and cheap, all characteristics 

which make it suitable for a compact industrial robot. In many robot systems, a camera is al-

ready equipped for object grasping and other applications. The proposed 3D measurement sys-

tem can be easily implemented in such cases by adding a single inexpensive source light. 

. 
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