
Measuring and Visualizing 
Geometrical Differences Using a 
Consumer Grade Range Camera 

 

 

 

 

 

 

 

 

Gijs Ramaekers 

Supervisor: Jonny Gustafsson  



2 
 

Abstract 

Measuring geometrically complex parts is currently very labor and time intensive in most 

cases because it involves a significant amount of manual steps to perform a correct 

measurement. This project was done to find a more productive method of measuring these 

parts in a production environment. The method should be more productive in terms of speed 

and ease of use, by automation large parts of the process. The goal is to develop a solution 

that can measure and check parts automatically using a range camera. A range camera is 

selected because the data acquisition speed is significantly higher than that of a coordinate 

measuring machine (CMM). The only manual step in this process is the actual scanning, the 

remaining model making and comparison steps are fully automatic. A two-step method is 

presented that shows that it is possible to measure parts in a more productive manner, than 

conventional techniques used to measure object with a complex geometry. The developed 

method takes the depth images from the range camera and turns them into a point cloud 

model of the object that needs to be measured. The second step of the solution then 

automatically compares the point cloud against a CAD-model of the object. This second step 

is the key to improve measurement productivity.  

The end result of this is a proof of concept program that incorporates the two step method, 

that takes in range camera images and as output it gives the scanned object measured 

against a reference model. The labor time is reduced to the scanning time which is less than 

a minute. The total processing time to make the comparison takes roughly fifteen minutes 

depending on the amount of scanning data. The processing can be done in parallel to other 

production steps. Because a consumer grade range camera is used, only centimeter 

accuracy is reached. Using more advanced range cameras or similar techniques will lead to 

more accurate results as noise in the image, is the limiting factor for the algorithm developed 

here. 
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Introduction 
 

In contrary to most thesis works, this project was not conducted as an external project at a 

company or as part of existing research conducted at the Royal Institute of Technology 

(KTH). The idea for this thesis came from the author during an improvement project at a 

large truck manufacturer south of Stockholm. The brand new production line in question here 

was fully automated except for one station, the measurement station. I thought that there had 

to be a more efficient way to measure parts. At the same time a lot of consumer grade three-

dimensional (3D) scanners entered the market. The term 3D scanner is commonly used to 

describe a device that creates depth images. Various techniques can be used to create 

these images. All these devices were trying to ride along with the 3D printing hype, thus they 

were only used to scan people and then 3D print these models. While this might be fun once 

it is not a very durable business model. This gave the idea to combine these two things. The 

goal is to develop a solution that can measure produced parts using 3D scanning. To be 

more precise: A method is developed that makes a 3D model of an object using a consumer 

grade 3D scanner and this model is then automatically compared against a reference model. 

The reference model is in this case a computer aided design (CAD) model.  

The first three chapters of this report are a literature study on this subject. The first chapter of 

this report will explain the current state-of-the-art in 3D scanning and 3D model comparison. 

The second chapter will discuss the device used as well as two alternatives. The third 

chapter of this report explains all relevant theories used in this work. These theories mainly 

consist of algorithms needed to make a 3D model. The fourth and fifth chapter gives the 

experimental results. The fourth chapter shows all the steps needed to actually implement 

the methods mentioned in the first chapter. The fifth chapter explains the actual measuring 

step. It shows how the model obtained in the fourth chapter can be accurately compared 

against a reference model.  

During the duration of the project it has become clear that the program developed during the 

project has wider applications than it originally was designed for. The last chapter, chapter 

six, elaborates on a few major applications where this program can be used. Note, that the 

applications are not limited to those mentioned in the chapter. After this last chapter possible 

improvements are discussed and the report finishes with an overall conclusion of the whole 

project. 
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1 State of the art 
 

This report can be divided in two major steps. This chapter discusses the current state of the 

art of these two major steps individually. The first step is making a 3D-model from a set of 

depth images. The performance of this step is measured by how accurately the 3D-model 

represents reality. Secondary performance indicators are processing speed and number of 

depth images required to make the model. The second step is comparing a point cloud 

model against a CAD-model. Also for this step several performance indicator are identified. 

These most important is the ability to make a good best-fit comparison. Other indicators 

focused on are speed, ease of use and number of manual interactions required to make a 

comparison. 

There are various methods to find the alignment between a set of depth images for the first 

step. One method is to keep track of the exact location and orientation of the scanning 

device during the whole scanning process. This information can then be used to easily 

merge the various depth images into one 3D model [1]. The downside of this method is that it 

reduces flexibility in terms of the size of the object that can be measured and limits the 

maneuverability because in practice it means that the scanning devices has to be physically 

attached to a fixed point. Another method that can be used to find the alignment between 

depth images is the use of marker points. A number of marker points are placed on or near 

the object of interest [2]. These marker points will be visible in the depth images and the 

coordinates of the marker points are used to calculate the difference in orientation between 

two subsequent depth images. The disadvantage of using marker points is that these points 

need to be placed every time an object needs to be measured. For every object the 

placement will be different to ensure optimal use of the marker points. In other words, a 

different set-up is needed for every object. If a number of objects need to be measured in 

sequence this means that after every measurement the set-up needs adjustment. This 

increases the measurement time and it requires manual labor in order to place the marker 

points correctly. The last method, the one that is used in this project is based on the fact that 

the differences in translation and rotation between two subsequent frames are very small. An 

iterative method is used to find these differences. This method is called the iterative closest 

point algorithm and will be discussed in detail in chapter three. This algorithm does not need 

to know the exact location and orientation of the scanning device nor does it need marker 

points. The disadvantage of this method is that it is the most computational intensive method. 

The flexibility that this method offers over the others is the reason this last algorithm was 

chosen for this project. The method that is used for the first step is extensively covered in 

research [3][4][5] and available in commercial applications [6][7][8][9], that are capable of 

constructing a 3D-model from depth images in a couple of minutes, however the accuracy of 

these applications is unknown.  

In contrast to the first part, little has been written on what is done in the second step of this 

report, comparing a point cloud model against a CAD-model. It is this step that aims to raise 

the bar of the current state-of-the-art.  After an extensive search no other application has 

been found that is able to automatically compare a 3D-model created using a 3D scanning 

technique, such as the range image camera used in this project against a reference CAD-

model. A method developed by Hexagon metrology [10] comes close but it automatically 
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compares two point clouds, while the method developed here compares a point cloud 

against a CAD-model. 

The current way of aligning a 3D-model from depth camera images or any other scanning 

devices requires a significant amount of human input. First, irrelevant data needs to be 

removed from the 3D-model. This requires the manual identification of for example a plane 

on which the object of interest lies and background noise or objects. The second step is to 

identify at least six corresponding points on the 3D-model and the reference model. These 

points give the algorithm an approximated alignment between the 3D-model and the 

reference model and from there an algorithm makes an alignment between the two models 

[11]. By automating all the steps mentioned in this section the current state-of-the-art will be 

improved in terms of speed and ease of use and by reducing the number of manual steps 

required to do a successful measurement. 

To conclude, the method provided consists of two main steps. The first on is well 

documented in research and commercially available. In comparison, little has been written on 

the second step and current solutions require manual input to make a comparison between 

the 3D-model and the reference model. Fully automating this second step will contribute to 

the current state-of-the-art. 
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2 The Device 
 

Here, several consumer grade 3D scanning devices are discussed. The reason only 3D 

scanning devices are considered here is that these devices give a higher level of flexibility 

compared to other measurement devices, such as coordinate measurement machines 

(CMM). 3D scanning devices only need a rough estimate of the object in order to perform 

measurements. CMM’s in comparison need to know where objects features are located to 

measure the object. In the remainder of this chapter three consumer grade 3D scanning 

devices are discussed.  

The device used to acquire depth images in this work is the Microsoft Kinect [12]. The Kinect 

is a low cost consumer grade range camera and shown in Figure 1. It collects the depth 

information in the following way. The device emits a fixed infrared speckle pattern and the 

infrared sensor on the device captures the infrared light that is reflected by the objects in its 

field of view. The speckle pattern captured by the sensor is compared against a reference 

speckle pattern at a distance that is known. Triangulation is used to compare these 

differences and to collect a depth image from these differences [13]. An investigation of the 

geometrical quality of the sensor was conducted by Khoshelam and Elberink [14]. The 

conclusions of this investigation were that: the point cloud data does not contain large 

systematic errors compared to laser scanning data. The random error of the depth 

measurements increase quadratically with increasing depth, this random error can reach up 

to 4 cm at the maximum distance between Kinect and object. The last conclusion made in 

[14] is that with increasing distance to the sensor the density of the data points decreases. 

An influencing factor is the depth resolution, which is 1 cm at a distance of 2 m. The lateral 

resolution of the Kinect depends on the distance between the device and the object 

measured by the Kinect. At two meters the lateral resolution is 3.39mm in horizontal direction 

and 3.28mm in vertical direction. The reason that this device was chosen is that this was the 

only 3D scanning device that was available within the department.  

 

Figure 1: Microsoft Kinect 

Recently two more consumer grade 3D scanners were released. The first one is the new 

Kinect v2 sensor [15] which can be seen in Figure 2. This device is a new version of the 

scanner used for the scans made in this work. It uses time-of-flight technology to give more 

accurate depth images [16].  
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Figure 2: Microsoft Kinect v2 Sensor 

The second one is the Leap Motion device [17], shown in Figure 3, that was originally 

designed to measure hand gestures. These hand gestures are used as input commands for 

a computer. The leap motion was considered as 3D scanner in this project but it was not 

possible to retrieve raw images from the device using the device or by developing a work 

around. As of recently Leap Motion decided to release this raw image feed in their API [18], 

using the raw feed from the stereo images in the sensor it would be possible to use it for 3D 

scanning purposes. The new Kinect is more accurate than the device used here with an 

accuracy of 1mm [19]. For the Leap Motion only accuracy information with regards to 

measuring the position of fingers and hands was available. Given that the accuracy in this 

case is 0.01 mm suggests that it is likely that this device also gives more accurate depth 

images than the original Kinect version [17]. 

 

Figure 3: Leap Motion Sensor 
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3 Theory 

The theory part of the literature study will show and explain all relevant theories used. First, 

the two basic variations of the iterative closest point (ICP) algorithm will be explained in 

paragraph 3.1 and 3.2. Next, the random ball cover method, a search algorithm to find the 

nearest neighbor of a point is shown in paragraph 3.3. Finding the nearest neighbor of a 

point is necessary in order to make the ICP algorithm work. After this a few algorithms used 

to improve the accuracy are shown in the paragraphs 3.4-3.6. In 3.4 a filtering method is 

clarified. Paragraph 3.5 describes an algorithm to exclude the outliers, this to enhance the 

quality of the end product. The algorithm detailed in the final paragraph 3.6 is not used for 

the ICP algorithm but it is used to remove useless information from the end result.  
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3.1 Point-to-Point ICP Algorithm 

The point-to-point is the first variety of the ICP Algorithm and will be discussed in detail in this 

paragraph. The iterative closest point (ICP) algorithm is a state-of-the-art algorithm for the 

rigid alignment of 3D point clouds [20]. This algorithm iteratively finds the best rotation and 

translation between two sets of similar point clouds. In this case two frames will be taken into 

consideration. The latest frame captured is called the new frame. The frame that was 

captured before the latest one is called the old frame.  

The ICP algorithm was first introduced by Besl and Mckay [3]. The method they introduced is 

the so-called point-to-point ICP algorithm. This algorithm matches the two frames on a point 

to point base. This means that for every point in the new frame the closest point in the old 

frame needs to be found. This procedure will be explained in detail in paragraph 3.3. When 

these pairs are known the rotation and translation between the two frames can be 

determined. The ICP algorithm minimizes the following function: 

 𝐸 = ∑ [(𝑅𝑝𝑖 + 𝑡 − 𝑞𝑖)]2
𝑖              (3.1.1) 

In which 𝐸 is the total error, 𝑅 is the rotation between the new and the old frame, 𝑡 is the 

translation between the frames, 𝑝𝑖 and 𝑞𝑖 are a point pair in which 𝑝𝑖 is a point in the new 

frame and  𝑞𝑖 is a point in the old frame. Horn [21] published a method that gives the exact 

rotation and translation between two point clouds given that at least three points are known 

in both coordinate systems. The complete derivation of this method can be found in [21]. It 

will not be given since it is outside the scope of this work. Only the implementation of the 

algorithm will be presented here.  

The first step is to calculate the relative position of the coordinates: 

𝑝𝑖
′ = 𝑝𝑖 − �̅�                (3.1.2) 

Where �̅� is the centroid for all points in point cloud 𝑝. The centroid is calculated by taking the 

average of all data points in 𝑝. 𝑝𝑖 is a point in point cloud 𝑝 and 𝑝𝑖
′ is a point in the point cloud 

that is adjusted for the centroid. This is done for the point in both the old and the new frame. 

The second step is to calculate the 3-by-3 matrix M. This matrix shown in equation (3.1.3) is 

made to make further calculations easier.  

     𝑀 = ∑ [

𝑝𝑥,𝑖

𝑝𝑦,𝑖

𝑝𝑧,𝑖

] [𝑞𝑥,𝑖 𝑞𝑦,𝑖 𝑞𝑧,𝑖]𝑖               (3.1.3) 

After this the matrix N can be computed: 

𝑁 = [

𝑀11 + 𝑀22 + 𝑀33 𝑀23 − 𝑀32 𝑀31 − 𝑀13                  𝑀12 − 𝑀21

𝑀23 − 𝑀32 𝑀11 − 𝑀22 − 𝑀33 𝑀12 + 𝑀21                  𝑀31 + 𝑀13

𝑀31 − 𝑀13

𝑀12 − 𝑀21

𝑀12 + 𝑀21

𝑀31 + 𝑀13

−𝑀11 + 𝑀22 − 𝑀33

𝑀23 + 𝑀32

𝑀23 + 𝑀32

−𝑀11 − 𝑀22 + 𝑀33

]     (3.1.4) 

It is shown in [21] that the unit quaternion that maximizes (3.1.5) is equal to the eigenvector 

that corresponds to the largest eigenvalue of N. A quaternion can be seen as a four 

component vector that consists of a regular vector and a scalar or as a complex number with 

three different imaginary parts [21].  A unit quaternion is a quaternion with its magnitude 
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equal to one. A summary of the mathematical rules for calculations with quaternions can be 

found in Horn’s paper.  

�̇�𝑁𝑞�̇�               (3.1.5) 

When the unit quaternion is known the rotation 𝑅 between the two point clouds can be 

calculated. 

𝑅 = [

(𝑞0
2 + 𝑞𝑥

2 − 𝑞𝑦
2 − 𝑞𝑧

2) 2(𝑞𝑥𝑞𝑦 − 𝑞0𝑞𝑧) 2(𝑞𝑥𝑞𝑧 + 𝑞0𝑞𝑦)

2(𝑞𝑦𝑞𝑥 + 𝑞0𝑞𝑧) (𝑞0
2 − 𝑞𝑥

2 + 𝑞𝑦
2 − 𝑞𝑧

2) 2(𝑞𝑦𝑞𝑧 − 𝑞0𝑞𝑥)

2(𝑞𝑧𝑞𝑥 − 𝑞0𝑞𝑦) 2(𝑞𝑧𝑞𝑦 + 𝑞0𝑞𝑥) (𝑞0
2 − 𝑞𝑥

2 − 𝑞𝑦
2 + 𝑞𝑧

2)

]           (3.1.6) 

After this the final step is calculating the translation 𝑡 between the two point clouds.  

𝑡 =  �̅� − 𝑅�̅�               (3.1.7) 

When the rotation and translation are known, the error in (3.1.1) can be calculated. If the 

error is within certain limits convergence is reached and the two point clouds are well 

aligned. If the error is outside of these limits the whole procedure described in this chapter is 

repeated with the transformed point cloud p until convergence is reached. 

3.2 Point-to-Plane ICP Algorithm 

A variant of the algorithm discussed in the previous paragraph is the point-to-plane ICP 

algorithm. The point-to-plane algorithm was developed by Chen and Medioni [4]. This 

algorithm also matches points from the new frame with the closest point in the old frame. But 

determining the transformation between the two frames is rather different. It also uses the 

normal vector in the points of the old frame. The rotation and translation between the frames 

is calculated by trying to position the points in the new frame on the surface normal of the 

matching points in the old frame. This has been illustrated in Figure 4. 

 

Figure 4: Visualization of the point to plane algorithm 
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This method is non-linear but because the transformations between two subsequent frames 

are very small it can be linearized in order to speed up the method significantly. The method 

used in this project is based on paper from Rusinkiewicz [22] and will now be explained in 

detail.  

The error that needs to be minimized in order to find the correct transformation can be written 

as: 

𝐸 = ∑ [(𝑅𝑝𝑖 + 𝑡 − 𝑞𝑖) ∙ �⃗⃗�𝑖]
2

𝑖               (3.2.1) 

In which 𝐸 is the total error, 𝑅 is the rotation between the new and the old frame, 𝑡 is the 

translation between the frames, 𝑝𝑖 and 𝑞𝑖 are a point pair in which 𝑝𝑖 is a point in the new 

frame and  𝑞𝑖 is a point in the old frame and finally �⃗⃗�𝑖 is the normal vector in point 𝑞𝑖. The 3x3 

rotation matrix contains non-linear components which makes this method non-linear. For 

rotation in the x direction the matrix looks as follow: 

𝑅𝑥,𝛼 =  (
1 0 0
0 cos 𝛼 − sin 𝛼
0 sin 𝛼 cos 𝛼

)              (3.2.2) 

Where 𝛼 is the rotation around the x axis. Since the scanning device used for this thesis 

records 30 frames per second and is manually operated the difference between subsequent 

frames is very small. This also means the changes in the rotation are very small and 

therefore (3.2.2) can be reduced to: 

𝑅𝑥,𝛼 =  (
1 0 0
0 1 −𝛼
0 𝛼 1

)                (3.2.3) 

This is done for the complete rotation matrix 𝑅 which gives the following rotation matrix: 

     𝑅 = (
1 −𝛾 𝛽
𝛾 1 −𝛼

−𝛽 𝛼 1
)               (3.2.4) 

In which 𝛽 and 𝛾 are the rotations around the y-axis and the z-axis, respectively. When 

introducing: 

𝑐𝑖 = 𝑝𝑖  × �⃗⃗�𝑖               (3.2.5) 

And: 

𝑟 = (

𝛼
𝛽
𝛾

)               (3.2.6) 

(3.2.1) can be rewritten as: 

 

𝐸 = ∑ [(𝑝𝑖 − 𝑞𝑖) ∙ �⃗⃗�𝑖 + 𝑡 ∙ 𝑛𝑖 + 𝑟𝑖 ∙ �⃗⃗�𝑖]
2

𝑖             (1.2.7) 
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Since the objective is to minimize the error 𝐸 the partial derivative to every variable is taken 

and set equal to zero. This set of equations is linear and can be rewritten as a system 𝐴𝑥 =

𝑏. Solve this system for x will give the most optimal rotation and translation parameters.  

3.3 Random Ball Cover Method 

The method used to acquire the depth images in this report cannot guarantee that the point 

in one frame is exactly the same as in the other frame. Since the device constantly moves in 

space. Therefore a method to find the nearest neighbor is necessary to find the closest point. 

For a point in the new frame the algorithm will find the point in the old frame that is closest to 

this point. The nearest neighbor search is a well-established research field. The method used 

here is the Random Ball Cover (RBC) method developed by Cayton [23][24]. This is a state-

of-the-art method to find the nearest neighbor and makes use of the parallel architecture of 

graphical processing units (GPU).  

This method works in the following way. First randomly sampled points from the old frame 

are selected, the red circles in Figure 5. The number of randomly sampled points is equal to 

the square root the total number of points in the point cloud, to optimize the performance of 

the algorithm. After this all remaining points in the old frame are assigned to three sampled 

points. Three sampled points are chosen to create a balance between speed and accuracy. 

In Figure 5 this is visualized by the blue circles. Everything within the circle belongs to a 

sampled point. The point in the new frame needs to be linked to points in the old frame now. 

So a point from the new frame is taken, point q in Figure 5 and a brute force a calculation is 

done to see which one of the sampled points is closed. That is the closed point to which the 

arrow points. After the sampled point is found the second step can be performed. The 

sampled point that was found in the previous step has a number of regular points linked to it. 

These points lie within the colored blue circle. Another brute force analysis is conducted to 

find the closest neighbor in this subset. When this is done the closest neighbor is found. 

First finding the nearest neighbor in a sampled set and then finding the closest point in a 

subset significantly speeds up the search algorithm from 𝑂(𝑛) to 𝑂(√𝑛). 
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Figure 5: Visualization of the Random Ball Cover Method 

When the nearest neighbors are found the rotation and translation between the two point 

clouds can be calculated. Since the nearest neighbors aren’t exactly in the same places in 

the real world the latest frame will be updated using found translation and rotation. The whole 

algorithm is repeated until a convergence criterion is achieved.  

3.4 Guided Image Filtering 

The guided image filter takes the average of a pixel and its eight neighbors and assigns this 

new depth value to the pixel. The filter used in this project is based on a paper by He et al. 

[25]. The guided image filtering approach presented in this paper is one of the faster guided 

image filtering methods at the moment. In this method a special case of the algorithm is used 

because the guiding image is the same as the image in need of filtering. This algorithm 

works as follow: 

𝑞𝑖 = 𝑎𝑘𝐼𝑖 + 𝑏𝑘  ∈ ωk               (3.4.1) 

For every pixel 𝑖 the filtered output 𝑞𝑖 is calculated from guidance image 𝐼. 𝑎𝑘 and 𝑏𝑘 are 

linear constants that are constant over an area 𝜔𝑘.  

𝑞𝑖 = 𝑝𝑖 − 𝑛𝑖               (3.4.2) 

The output 𝑞𝑖 consists of the real image 𝑝𝑖 and 𝑛𝑖 represents the noise in the image. By 

combining 3.4.1 and 3.4.2 a function for the noise can be created. Minimizing function 3.4.3 

gives the constants 𝑎𝑘 and 𝑏𝑘. 
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𝐸(𝑎𝑘 , 𝑏𝑘) = ∑ ((𝑎𝑘𝐼𝑖 + 𝑏𝑘 − 𝑝𝑖)2 + 𝜖𝑎𝑘
2)𝑖∈𝜔𝑘

                        (3.4.3) 

𝜖 is a regularization parameter which penalizes for a large 𝑎𝑘. This parameter has been set 

to 0.01. 

Solve equation 3.4.3 give the following functions for 𝑎𝑘 and 𝑏𝑘: 

𝑎𝑘 =

1

|𝜔|
∑ 𝐼𝑖𝑝𝑖−𝜇�̅�𝑘𝑖∈𝜔𝑘

𝜎𝑘
2+𝜖

              (3.4.4) 

𝑏𝑘 = �̅�𝑘 − 𝑎𝑘𝜇𝑘              (3.4.5) 

Implementing the solution of 3.4.3 into the first function 3.4.1 gives the solution for the output 

𝑞𝑖. 

𝑞𝑖 =
1

|𝜔|
∑ (𝑎𝑘𝐼𝑖 + 𝑏𝑘)𝑘|𝑖∈𝜔𝑘

             (3.4.6) 

Finally, 3.4.6 can be rewritten in 3.4.7. If this algorithm is done for every pixel 𝑖 a fully filtered 

image 𝑞 is obtained. 

𝑞𝑖 = �̅�𝑖𝐼𝑖 + �̅�𝑘               (3.4.7) 

3.5 Outlier Removal 

The third and last step in enhancing the image quality is the removal of outliers. These 

outliers in the images are most likely caused by light coming from reflecting surfaces. It is 

necessary to remove these points because they might cause bad alignments in the 

registration process and cloud the final image of the object. When removing outliers the brute 

force search explained in detail in section 3.3 is used. The search is used to select the k 

nearest neighbors of a point. In this case k was heuristically set to 10. For each point in the 

point cloud the distance to these k closest points is summed up. A specified percentage of 

points that is furthest away from all other points are removed. 

3.6 RANSAC Method 

The random sampling consensus (RANSAC) method is a method to find primary shapes in 

point clouds and in this project it is used to find planes. The method used here is loosely 

based on Schnabel et al. [26]. The RANSAC method to find the largest plane in a point cloud 

works as follow: n sets of three points are selected. Three points are selected because this is 

the minimum number of points needed to define a plane. From every set of points the plane 

equation is extracted. For every plane the number of points in the point cloud that are within 

this plane are counted. The plane that has the most points within it resembles the largest 

plane. 
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Experimental Results 
 

The fourth and fifth chapter of this master thesis will show the obtained results. The fourth 

chapter will explain and show how a 3D model is made from a set of depth images which 

have been acquired using a consumer grade 3D scanner. The chapter is split up into various 

paragraphs and each paragraph will explain one step in the process of making a 3D scan. 

Not only will the paragraphs explain what is done it will also show the results of a specific 

step in the process. The fifth chapter deals with the specifics on how to compare a 3D scan 

made against a CAD model, using the steps described in the fourth chapter. The first part of 

the fifth chapter focuses on how to keep the relevant information in the 3D scan while 

removing all unnecessary information. Unnecessary information are all the data points that 

do not describe the object of interest. In this case, these points belong to either the ground 

surface or to background objects. The latter part of this chapter deals with matching the 3D 

model with the CAD model. It also details how the 3D scan is matched against the 3D model 

and shows the results of this comparison. 
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4 Creating a 3D Model 
 

The 3D scanner used in this project outputs a number of depth frames. These frames are 

used to create a 3D model of the scanned object. Figure 6 shows the flowchart that is 

necessary to convert these frames into a model.  

 

Figure 6: Flowchart to make a 3D model 

The flow chart shown in Figure 6 to make a 3D model from a set of depth images can also be 

represented as pseudo code which can be used to re-create the program made during this 

project. This pseudo code can be seen in Algorithm 1. 
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Algorithm 1: Pseudo code to make a 3D model from a set of depth frames 

 

In the remainder of this chapter all the individual steps shown in the flowchart and algorithm 

above will be discussed in detail.  

4.1 Cropping the Image 

The first filter that is used crops the range image made by the Kinect depth sensor. This 

means that the edges of the image are cut off. In Figure 7 the raw input image is shown. 

This is the output of the Kinect depth sensor. The grey scale is to indicate the distance from 

the sensor. The darker the color the closer it is to the sensor. The areas that are black mean 

that the sensor was unable to obtain a depth position at these places. The main reason for 

using a cropping operation is to get rid of the black area in the left of the image. Another 

reason to crop the image is that the largest disturbances occur near the edge of the image 

and therefore this edge is cut off. These disturbances are caused by the Guided Image 

Filtering. Near the edges the filter is not capable of giving a reliable result. Cropping the 

edges ensures that these faulty results will not corrupt the overall point cloud. 
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Figure 7: Uncropped raw input image from the Kinect 

Figure 8 Shows the image after the cropping operation. The disturbances mentioned before 

are now taken out of the image making the registration process described in the second 

chapter much easier and more accurate.  

   

 

Figure 8: The cropped raw input image from the Kinect 
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4.2 Guided Image Filtering 

The second step is to apply a guided image filter. This filter is basically an averaging filter. 

This filter has been explained in section 3.4. The results are not visible in the images but 

tests show that this filtering step is absolutely essential in reaching convergence in the 

registration process.  

4.3 Sample Frame 

Each frame made by the 3D scanner used in this project gives just over 300.000 data points. 

This number is too high for any high end desktop computer to process in an effective 

manner. Therefore, in order to make the transition from depth frames to 3D model, sampling 

the depth frames is necessary. This is done by randomly selecting a set number of data 

points in every frame and using these points match the different frames together. This 

number has been heuristically been set to 5000. Different methods to sample the data points 

in a frame have been tried. For example, A Canny edge detector [27] was used to select the 

edges of the objects in a frame. The idea behind this was that by selectively sampling, it 

would be easier to match two subsequent frames. This however was not the case, therefore 

random sampling was applied in this project. 

4.4 Nearest Neighbor Search 

The most computational heavy step in the process shown in Figure 6 is the nearest neighbor 

search. This is done using the random ball cover method. This method, explained in section 

4.3 finds point pairs that are close to each other in two subsequent frames. Where paragraph 

4.3 gives a detailed explanation of the method, only the implementation of this method will be 

discussed here. A flow chart of the implementation is shown in Figure 9. The pseudo code of 

the implementation of this algorithm is shown in Algorithm 2. 

Algorithm 2: Pseudo code for the implementation of the RBC Method 
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Figure 9: Flow chart implementation nearest neighbor search 

Roughly 90% of the processing time needed to make a 3D model from the incoming frame is 

spend on the nearest neighbor search. In order to get a practical product it is crucial to make 

sure that the nearest neighbor search is done very efficiently. To illustrate the effort put into 

this during this project, at the start it took up to three minutes to match two frame using the 

flow shown in Figure 6. Currently it takes six seconds at most, with an average of two 

seconds. 

The majority of this improvement in time was realized by changing the implementation of the 

nearest neighbor algorithm. The largest improvement was realized by moving the 

calculations from the Central Processing Unit (CPU) to the Graphical Processing Unit (GPU). 

The CPU is a great choice when a few difficult calculations need to be done. The GPU in 

comparison is slower in doing calculations than the CPU but is able to do a high number of 

calculations in parallel. This makes the GPU ideal for the nearest neighbor search. The 

individual calculations performed during the search are relative easy but the amount of 

calculations is very high. Doing these calculations in parallel on the GPU reduced the time 

spend on the nearest neighbor search by 90-95%. With the exception of selecting the 

reference points all calculations in Algorithm 2 are performed on the GPU. 
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The remainder of the reductions were achieved by tailor fitting the algorithm to the 

programming language used. In this case the algorithm was made using Matlab. Combining 

these improvements gave the time reduction mentioned before. 

4.5 Calculate Transformation 

Now, using Horn’s algorithm from paragraph 3.1 and the point pairs found in the previous 

step, the transformation to align the two subsequent frames is calculated. The output from 

this step is the rotation matrix and the translation vector that gives the optimal least-square 

transformation between the two frames.  

4.6 Transform Point Cloud 

Using the rotation matrix and the translation vector the latest frame is transformed. This 

improves the alignment between the two frames that are being matched together.  

4.7 Convergence 

The last step in the alignment process between the two different frames is to determine 

whether they are well aligned or not. When the nearest neighbor pairs are found in 

paragraph 4.4, the distance between the points in a pair is calculated for all point pairs. If the 

percentile changes between two subsequent frames is less than 0.1% the frames are 

considered converged. The result of the alignment process can be seen in Figure 10 and 

Figure 11.  

 

Figure 10: initial alignment of the two frames [mm] 
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Figure 11: Final alignment of the two frames [mm] 

 

The former shows the initial alignment between two frames, this is the alignment before any 

transformations are made to the frames. The red and blue both represent a frame. The 

procedure in this chapter is designed to rigidly transform the red frame so it aligns with blue 

frame. The latter figure shows the end result after a successful alignment process.  

If no convergence can be reached within 30 iterations, the frame that is being transformed is 

deleted. Normally, if a red frame in Figure 11 is successfully aligned with a blue frame, it 

becomes the blue frame for the next alignment step. If the procedure is unsuccessful the red 

frame is deleted and the blue frame will be used again in the next procedure.  

 

4.8 Write Point Cloud to File 

When a frame is successfully aligned to a previous frame, it will be written to a file in a 

standard file format so it can be used for the comparison against a model. Usually, 3D point 

clouds are converted into meshes. This is not done in this case because there are no 

benefits to be gained from this operation. The complete 3D point cloud generated using the 

ICP algorithm can be seen in Figure 12. 
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Figure 12: The complete 3D model 
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4.9 Estimation of the repeatability of the 3D model making algorithm 

To determine the performance of the algorithm implemented in this chapter an uncertainty 

analysis is conducted. This analysis is done by running the algorithm 44 times. Every run 

uses the same set of depth images. After each run the average distance between point cloud 

points and the origin is calculated. The position of the origin in the space is specified in the 

first frame and is therefore the same for every single run. The results are shown in  

Figure 13. The average distance for all runs combined is 1394 mm and the standard 

deviation is equal to 10 mm.  

 

Figure 13: Uncertainty analysis of the model making algorithm [mm] 

To see whether the uncertainty comes from the algorithm itself or if it is caused by the 

sampling of the depth images a second analysis has been run. In this second analysis a 

fixed set of sampled depth frames is taken. This set is then used 122 times to make the 3D 

model. The results of this analysis shows that the average distance between the point cloud 

and the origin is always the same if the same input is used. From this there may be 

concluded that the uncertainty seen in figure 13 is solely caused by sampling the depth 

images.  

Even though the algorithm always produces reproducible results, the accuracy can always 

be increased to ensure the point cloud model represent reality as good as possible. A 

number of measures could be taken to improve the accuracy of the model made using the 

model making algorithm presented in this chapter. First of all, as specified before in chapter 

two the resolution of the depth images is low. Improving the resolution of the depth images 

would enable the algorithm to make a more accurate match between the various depth 

images. An exact figure for of the impact of noise in the input depth images on the model 

cannot be given but using more accurate input images will definitely improve the overall 

model. Second, only a subset of the information in a depth frame is used to make the model, 
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this to reduce computation time. One could choose to use more information and accept the 

increase in computation time of in favor of more accurate results. Next to improving the input 

data as suggested in the first two suggestions it is also possible to set stricter requirements 

in the algorithm itself. A stricter convergence limit can be set to improve the accuracy. Setting 

a stricter limit would also increase the computation time, but the accuracy might increase. 

One should be careful though to not make this limit too strict. If it is too strict the algorithm 

will not converge and no model can be made.  
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5 Matching CAD Model and Point Cloud 
 

The CAD-model and the point cloud are matched using a best-fit method. In a real-life 

production environment the object often has reference surfaces. In that case the point cloud 

needs to be matched against these reference surfaces.  

The first step in comparing the CAD model and the point cloud is to make a rough alignment 

between the two. In this step the assumption is made that the ground plane in real life is also 

the ground plane in the CAD-model. In other words, it is assumed that the ground plane of 

the chair legs are in the XZ-plane and the chair is modelled in the positive Y direction. A 

rendering of the CAD-model is shown in Figure 14. A complete overview of the process to 

match a CAD model and a point cloud model is shown in Figure 15. 

 

Figure 14: Rendering of the CAD-model 
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Figure 15: Flowchart to match a 3D scan with a model 

 

 

Figure 16: Point Cloud with ground plane 
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5.1 Aligning the Model and Point Cloud Ground Plane 

The first step in matching the model and the point cloud is matching the ground planes. The 

point cloud can be seen in Figure 16. The first step in this is to find the ground plane in the 

point cloud. The method used for this is a random sampling consensus (RANSAC) method 

and is loosely based on [24]. The method is relatively straight forward and explained in 

paragraph 1.6. Using a Kinect sensor one can assume that the largest plane in the image is 

the ground plane. So in order to find the ground plane the largest plane needs to be found.  

Now two things will be done, first the points representing the ground plane are removed 

since they are irrelevant to the comparison step. The implementation of the algorithm in 

pseudo code is shown in Algorithm 3. The result, the point cloud without the ground plane 

can be seen in Figure 17.  

Algorithm 3: Pseudo code of the RANSAC algorithm to find the largest plane in the point cloud 
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Figure 17: Point Cloud without the ground plane 

Second, the transformation that is needed to match the ground planes in the model and point 

cloud is calculated. This is done by calculating the angle between the normal vector of the 

ground plane and a vector in the positive Y-direction. With the angle known the rotation 

matrix in eq. (3.1.2) can be can calculated and is used to line up the ground planes of the 

model and the point cloud.  

5.2 Aligning the Model and the Object of Interest in the Point Cloud 

After the ground planes are aligned the next step is to align the centroids of the model and 

the object of interest in the point cloud. First the object of interest in the point cloud needs to 

be selected. Every given depth frame consist of three things: object of interest, ground plane 

and background objects. The last two things need to be removed to find the object of 

interest. First, the ground plane can be removed using the RANSAC method described in the 

previous paragraph. Second, the objects in the background need to be removed. This is 

done by removing all point cloud points that are behind a certain threshold. After this only the 

object of interest is left in the point cloud.  

The centroids of the point cloud and the model are calculated. The centroids are calculated 

by taking the average of all data points in the point cloud or the model. The difference 

between them gives the translation necessary to align the model and objects of interest. After 

this only the rotation around vertical Y-axis remains unknown. The result of this can be seen 

in Figure 18. 
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Figure 18: The model and object of interest aligned 

In the first section of the paragraph the centroid of the object of interest was found. This point 

will now be used to find all points of interest. The centroid was found only using the first 

frame. The volume that is interesting in the point cloud can be determined by calculating the 

bounding box size of the model. The bounding box is a volume that contains all interesting 

points. The center of gravity is also the center of this bounding box. Only points in the point 

cloud that are within this box are kept.  

The final rotation around the vertical Y-axis is now found using the point-to-point ICP 

algorithm between the model and point cloud. This algorithm is explained in detail in chapter 

3.1. The final result is shown in Figure 19. The points shown in the figure are the points in the 

point cloud representing the object of interest and the model is represented as a wire frame 

model. Just like the other steps in this chapter this step is done fully automatically and the 

algorithm used to do this is shown in Algorithm 4. 

 



34 
 

 

Figure 19: The model matched with the point cloud 

Algorithm 4: Pseudo code that shows how to remove useless data points and to make the final alignment 

 

5.3 Calculating the Deviations of the Point Cloud from the Model 

The last step in comparing the point cloud with the model is to calculate the distance from 

every point in the relevant point cloud to the model. This distance is calculated on a point-to-

plane base. The approach here is the same one as explained in detail in chapter 3.2. First, 

every point in the point cloud is matched to its nearest neighbor in the model. Every point in 

the model is connected to a plane which is being described by the point and its normal 

vector. Second, the distances between the point cloud points and their matching planes in 
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the model are calculated. Third and last, based on these distances a RGB color value is 

assigned to each point in the point cloud.  

Assigning these values can be done in two different manners. The first one is to find the point 

closest to the model and the point furthest away from the model and having a linear scale 

between these two values. The result can be seen in Figure 20. The presence of a few 

extreme outliers makes the result seem more positive than it is in reality. Because a large 

linear scale with only a few data points on the outer limit will give a larger portion of data 

points a favorable color, suggesting that the specs are met in this points while this might not 

be the case. A nearest neighbor algorithm could be implemented to find and remove these 

points. So the result would give a more realistic view. One thing one has to take into account 

when removing outliers is to be careful not to remove data points that give valuable 

information about the object. 

The other option to visualize the differences is a threshold-based coloring algorithm. If a point 

further away than a specific predefined value, in other words if it is outside the tolerance limit, 

the point is given a specific color. This color is in this instance red. If the point is closer than 

the threshold value in this case 10mm it will be given a different color, in this case green. 

This can be seen in Figure 21.  
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Figure 20: The model compared with the point cloud, coloring using Linear Scale 

 

Figure 21: The model compared with the point cloud, coloring using a threshold 
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5.4 Estimation of the repeatability of the match making algorithm 

 

In the last paragraph of this chapter an uncertainty analysis has been performed to 

determine how the method that was developed in this chapter performs. In order to 

determine the deviations in the matching algorithm discussed in the former part of this 

chapter the algorithm was ran 122 times. Every time the matching algorithm ran, the 

distances between all the remaining points in the point cloud and the CAD-model were 

calculated. The averages of these distances in each run are shown in blue in figure 22. 

 

Figure 22: Uncertainty analysis of the comparison algorithm [mm] 

The mean distance for all runs combined is 9.35 mm and the standard deviation is equal to 

0.142 mm. The mean distance of 9.35 mm might seem relatively high but considering the 

uncertainties in the 3D model it is believed that this is a reasonable value. Besides these 

uncertainties there is also an actual different between the real life model which was scanned 

and the CAD-model, this also adds to the average mean distance. Doing this analysis with a 

more accurate 3D model will not only reduce mean distance between the point cloud and the 

CAD-model, it will also decrease the standard deviation since the method is able to make a 

more precise comparison.  
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6 Implementations 
 

In the previous chapters of this report only the case in which a 3D scan is compared with a 

CAD model is shown. The application shown in the previous chapters solely focuses on 

verifying the geometrical dimensions of a produced product. This is done by comparing the 

actual size of the object, which is measured using 3D scanning techniques, against the CAD 

model that was used to manufacture the object in the first place. This however is only one of 

the many applications of the program developed for this project. 

The program is effectively an application that visualizes the difference between two 3D 

model. Whether these 3D models are CAD models or scanning data is irrelevant. This opens 

up a large number of implementation possibilities. Some of these applications are mentioned 

in this chapter but the application possibilities for this are program definitely not limited to the 

ones mentioned. 

6.1 Maintenance 

One field that could benefit from the program created in this project is the maintenance 

industry. Paragraph 5.3 shows that it is possible to use a certain threshold value to conclude 

whether a part is within specifications or not. This would give maintenance engineers a clear 

visualization on whether a part needs to be replaced, during routine inspections.  

Another part within the maintenance industry that could use this is the field that focuses on 

condition based maintenance. Even though the majority of condition monitoring is done using 

ultrasound techniques, a small part of the industry could benefit. An example can be found in 

nuclear power plants. The cooling pipes in these installations are subject to corrosion. The 

3D scans can be compared against the CAD model to monitor the corrosion. Since, the 

program is also able to compare two 3D scans, the speed of the corrosion can be monitored 

and an estimation on when to replace certain parts can be made using this information.  

 

Figure 23: Chair with worn seating area 



39 
 

An example of comparing two 3D scans is given using the chair, that has been used in the 

previously. Figure 23 shows the chair from Figure 14 but the difference between the two 

models is that the former has circle cut out in the seating area. This circle is a 1 millimeter 

cut-out that resembles wear to the seating area from extensive use. 3D point clouds were 

simulated by sampling both the CAD-models. These point clouds are then compared to each 

other to visualize when the difference and thus the wear is present. This visualization can be 

seen in Figure 24. 

 

Figure 24: Visualizing wear in the chair 

The figure above clearly shows in red where the wear is present. This wear is consistent with 

the wear applied on the model shown in Figure 23. This is visualized by the red dots. Using 

more advanced measuring systems than the Kinect sensor make it possible to detect 

deviations that are much smaller (~25𝜇𝑚) [28] than the 1 mm used for the example in Figure 

24. This would significantly increase the number of applications. An application that would 

open up is the measurement of propellers for ships. These objects are subjected to corrosion 

due to cavitation. The geometry of these objects however, make them hard to measure using 

conventional techniques. 
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Figure 25: Sensitivity Analysis 

If this application will be applied in practice it is important to know how the result will vary with 

different levels of noise. In Figure 25 the results of a sensitivity study are presented. A top 

view of the chair from Figure 23 is shown after comparison with the chair from Figure 14 with 

varying levels of noise. The cut out in Figure 23 is 1 mm deep. The noise added in the 

sensitivity study is normally distributed. The standard deviation 𝜎 runs from 0.1 mm up to 0.9 

mm. Even in the figure with the most noise the cut out is vaguely recognizable. But up to 0.6 

mm the cut-out is clearly visible. So a good rule of thumb is that the smallest detectable 

difference is equal to two times the standard deviation.  

6.2 Measure the Influence of External Forces 

A third application next to measuring new parts and monitoring the condition of existing parts 

is measuring the influence of external forces on existing parts. Take for example how an 

airplane wing bends under working conditions. Or how much a bridge bends under the load 

of traffic. In these two examples, the goal is to determine whether the objects respond to 

force in a way that was expected. Using 3D scanning method in combination with the 

program written for this project, large amounts of information can be collected and visualized 

to give a clear and detailed overview of how objects respond to different forces. 

6.3 Determine Material Parameters Using 3D Scans 

The last application is in practice very similar to the one mentioned above in which the 

program is used to collect and visualize information on how a known object responds to a 

specific force. The last application is used to determine the material parameters of an object. 

Two 3D scans need to be made, a scan is made of the object without a force applied to it 



41 
 

and a second scan of the object while a known force is applied. So called inverse finite 

element methods can then be used to calculate the material parameters of the object. An 

example of an inverse finite element method is the virtual fields method by Grédiac [29]. 

While most inverse methods are iterative, this method directly finds the material parameters 

of the object. The author of this work wrote a detailed report on how this method works for 

his bachelor thesis [30].  

To conclude, the applications of the program made for this project are endless. It is capable 

of making a 3D model from a set of over-lapping depth images. It can compare any model or 

3D scan and visualize the differences between both input models. It is up to the user’s 

imagination how these geometrical differences are made.  
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Discussion 
 

Every production engineer knows that there is always room for improvement and that is also 

valid for this project. It consists of two major components. The first is a method to make a 3D 

model from scanning data. The second compares the 3D model against a reference model. 

Both were successfully developed and implemented during the course of this project. Both 

components have potential for improvements.  

First of all, the 3D model obtained, is rather noisy. Increasing the quality of the 3D model 

would be the first thing that needs improvement if work on this project is continued. Several 

things can be done to increase the quality. The scanner used can be replaced by a scanner 

of higher quality. The original Kinect sensor used during this project can be replaced by the 

next generation Kinect sensor. This new version was released one month before the end of 

this project and therefore not used. A second improvement possibility lies within the filtering 

method. In this case a simple guided image filter was used. Tests could be done to see how 

exactly the images are distorted in the scanner and an appropriate filter can be implemented 

to undo this distortion and improve the quality of the scans. To use this program in an 

industrial environment it is essential to reduce the uncertainty in the image acquisition phase 

and the subsequent processing of these images. It will be necessary to obtain an uncertainty 

that is 0.01mm or less. This is significantly smaller than the standard deviation of the model 

making algorithm (standard deviation ~10.5mm) and the comparison algorithm (standard 

deviation (~0.14mm). Nevertheless, it proves the concept is viable and it is a starting point for 

future improvements to get the uncertainty down to the required number. 

The second major component, the comparison model works relatively well. One thing that 

might need to be improved is the robustness of the algorithm. The algorithm has not been 

tested by using a large number of different models to see if it has the robustness needed to 

be considered usable for random objects. At the moment it has only been tested for the 

example given in this report and for that example it works well.  

The last thing that can be improved is the implementation of the application possibilities 

mentioned in the sixth chapter. All mentioned possibilities can be performed with the program 

as it is today. It would be more convenient, when more parameters can be taken into 

account. For example if the program is used to check the displacement when a certain force 

is applied it would be nice that the specific force is shown somewhere in the end result. For 

this example it would also be good to be able to compare multiple models. This is to get a 

clear visualization of how the object reacts to various forces.  
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Conclusion 

As mentioned before in the introduction, the main goal of this project was to create a 

program that can measure an object using a range camera and compare it against a 

reference model in order to verify the geometrical dimensions of the object. Besides the 

acquisition of the depth images this whole process is fully automatic. It can be concluded 

here that this goal has been achieved.  

The first chapter discussed the current state of art in this field and the second chapter 

discussed the device used in this report and comparable alternatives. In the third chapter the 

necessary methods are explained in detail. These methods mainly apply to the process of 

making a 3D model from the output of the 3D scanner. This process has been detailed in the 

fourth chapter. Every step needed in the process of making a 3D model is shown there. The 

result of this process is a 3D model generated from depth images made by the 3D scanner. 

The fifth chapter shows a method developed during this project to automatically compare the 

3D model made in the fourth chapter against a reference model. It shows how to filter out all 

relevant information and how to match both models using a best-fit approach. The results of 

this method are shown in the final paragraph of the fifth chapter. 

The result of this is a software program that can take a set of depth images acquired using a 

Kinect range camera and with one push of the button automatically turns these images into a 

3D-model and compares this model against a reference CAD-model in roughly 15 minutes 

depending on the number of images taken. Completely automating this process adds to the 

current state-of-the-art in terms of speed, ease of use and number of manual operations 

required. 

During the project, it became clear that the possibilities of the program developed during the 

project are not limited to matching a 3D model made by scanning against a computer 

generated model. The sixth and final chapter of this report outlines some of the possible uses 

for this program. The possibilities mentioned in these chapters are divided over three 

different areas. The program is however not limited to these options. The program is capable 

of visualizing the differences between two different 3D models. How these differences are 

made is only limited by the user’s creativity.  

As with every project there is always room for improvement. The discussion part of this 

report outlines and details these improvements. If work on this program is continued these 

tasks would be on the top of the to-do list. The main suggestions for improvement are 

increasing the quality of the 3D model made from scanning images, test and if necessary 

increase the robustness of the comparison module and, implement the applications 

mentioned in the sixth chapter. These improvements are essential to be able to use this 

program in an industrial environment. It will be necessary to obtain an uncertainty that is 

0.01mm or less. This is significantly smaller than the standard deviation of the model making 

algorithm (standard deviation ~10.5mm) and the comparison algorithm (standard deviation 

(~0.14mm) 

To conclude this project: a method has been developed to create a 3D model from a set of 

depth images acquired using a 3D scanner. Next to this, a method was created that can 

automatically compare two 3D models on a best-fit bases and visualize the differences 

between the two models. These methods reduce the time and manual effort needed to 
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measure geometrically complex products. By automation these processes the number of 

measurement errors made by an operator will also reduce. All of these benefits combined will 

result in lower measurement costs and reduced labor time. For use in a production 

environment it is required to reduce the uncertainty in the algorithms developed here but the 

method presented here proves that it is possible to automatically turn a set of depth images 

into a 3D-model and compare this against a reference CAD-model and can serve as a 

starting point for further improvements in this area. 
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