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Abstract 

 Most existing 3D virtual try-on systems put clothes designed in one environment 

on a human captured in another environment, which cause the mismatching color and 

brightness problem. And also typical 3D clothes modeling starts with manually 

designed 2D patterns, deforms them to fit on a human, and applies stitching to sew 

those patterns together. Such work usually relies on labor work. 

 In this thesis, we describe an approach to reconstruct clothes and human that both 

are from the same space. With multiple Kinects, it models the 3D clothes directly out 

of a dressed mannequin without the need of the predefined 2D clothes patterns, and fits 

them to a human user. Our approach has several advantages: (i) a simple hardware 

setting consisted of multiple Kinects to capture a human model; (ii) 3D clothes 

modeling directly out of captured human figure. To the best of our knowledge, our work 

is the first one which separates clothes out of captured human figure; (iii) resizing of 

clothes adapting to any sized human user; (iv) a novel idea of virtual try-on where 

clothes and human are captured in the same location. 
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Chapter 1. Introduction  

Online shopping is popular with customers and retailers nowadays. Among the 

products sold and bought online, clothes stand out for their characteristics: illumination, 

color, and size affect the customerôs decision. In off-line in person shopping, it is not 

convenient for customers to try on the clothes until they find something fitting to their 

size, style, and color. Virtual try-on for clothes is the technique that can visualize the 

human dressed in selected clothes virtually without need to undress and dress 

themselves physically. Basically, it consists of two objects: human and clothes. And the 

main objective is to fit the clothes to a humanôs body. 

Based on the data type of human and clothes, we define that virtual try-on system 

can be divided into 2D and 3D system. And we define 2D system to be 2D clothes and 

2D/3D human while 3D system to be 3D clothes and 2D/3D human. Substantial 

progress has been achieved in this area during last decades. 

Hauswiesner et al. [5]ôs system was through image-based rendering approach, 

which was considered as a 2D virtual try-on system. Ten cameras were used to record 

videos of one model-user wearing clothes, and they extracted those clothes from the 

recorded video frames to create the clothes database. It then transferred the appearance 

of the recorded clothes to the userôs body through matching userôs poses from input and 

recorded video frames. Finally, the dressing result was displayed in a TV mounted in 

the front wall. 

The EON Interactive Mirror [7] [8] was considered as a 3D virtual try-on system, 

which used one Kinect to capture depth data and track userôs skeleton, one High-
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Definition (HD) camera for VGA videos capturing of the user, and one vertical TV 

screen for displaying the virtual try-on result. Several professional artists used 3ds Max 

to model clothes based on actual catalogue images in the offline stage. While online, it 

detected one nearest person and tracked motion to merge 3D clothes with the HD videos 

of the user. Gesture-based interaction was deployed for customer to choose clothes or 

accessories. 

Zhang et al. [12]ôs system also adopted Kinect to capture data, which was also 

considered as a 3D virtual try-on system. One customized 3D static human model was 

generated from a template model based on the anthropometry method, which took 

measurements based on partial information extracted from Kinect, such as human body 

contour and skeleton joints as input. Animation of the 3D static human model was 

implemented based on the recorded customerôs motion data captured by Kinect. Several 

2D garment patterns were mapped onto the 3D human model to generated 3D clothes. 

Other systems such as Fitnect [9], and the demo video about Kinect for Windows 

Retail Clothes [10] described the similar idea as the EON Interactive Mirror. 

Those existing approaches for virtual try-on have several limitations. A large 

garment database was required to solve the mismatching problem (A missing pose in 

the database will cause the mismatch between garment and userôs poser.) in [5]. 3D 

clothes were resized uniformly based on the customerôs shoulder height in [7], which 

would cause problem when user is far from the standard portion. Specific format of 2D 

clothes patterns was required for the 3D clothes generation in [12]. 

Our work is inspired by the existing limitations in current virtual try-on systems, 



3 

 

such as the requirements of manually designed 2D clothes patterns. And we want to use 

the advance of 3D scanner, which can provide more accurate depth data and more types 

of data in low price to do the 3D clothes modeling without a designer and/or 2D patterns. 

In this thesis, a new idea of virtual try-on is introduced. A mannequin is nicely 

dressed and a customer wants to check the clothes on him/her but without actually 

putting on the clothes. We just utilize a 3D scanner to capture the customerôs body data 

(or the customerôs previously stored data can be used in the shop), and then we transfer 

the mannequinôs clothes to the customer virtually. It is important that clothes and human 

should be in the same space in reality, which can have the same illumination condition 

to achieve more realistic try-on result. While most existed 3D virtual try-on systems 

put clothes and human into different space, our system emphasizes on it by 

reconstructing clothes and human that both are from the same space. Although some 

illumination correction algorithms can be used to solve the mismatching brightness 

problem, capturing clothes and human that both are from the same place can produce 

far more realistic result. 

Our long term goal is to design a 3D virtual try-on system that can be divided into 

two steps: offline and online. Several rooms that have the same capturing environment 

are placed at different locations in different cities. We capture clothes and customersô 

data, model them into virtual 3D clothes and 3D human in the offline stage. 

Reconstructed results are uploaded into the online system. Customer can visualize 

themselves dressed in selected clothes by loading their 3D body model and selecting 

the concerned clothes. 
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Our current work is part of the whole system to focus on 3D clothes modeling and 

customization. 

1.1 Overview of the System 

 Our approach is based on multiple newly released Kinects, which has higher RGB 

sensor resolution and better depth sensor accuracy compared with the old Kinect, and 

it is cheaper compared with laser scanner like Cyberware [51] so that it can be used in 

practice. Four Kinects are used in the experiment to capture σφπЈ views of the dressed 

mannequin with a shirt and a trouser. No special background is used. Clothes are 

extracted from the dressed mannequin using Kinect Function and color segmentation 

method. Then four views of clothes point clouds are aligned based on 3D registration 

technique. Next, surface reconstruction method is used to generate the clothes mesh, 

and then through mesh post-processing and texture mapping, the well-reconstructed 

and textured clothes can be obtained. Clothes resizing is achieved by using the same 

transformation that deforms the naked mannequin to have the userôs body size and 

shape. 

The system can be divided into two parts mainly, which are shown below: 

 ̧ Data Acquisition 

 ̧ Data Processing 

Our 3D clothes modeling and customization pipeline is displayed in Figure 1.1. 

In the data acquisition part, first, we implement camera calibration and stereo 

camera calibration for the two built-in Kinect cameras. And then we use KinectFusion 
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to scan the naked mannequin and one user dressed in tight clothes to obtain their 

respective 3D models. Next, four views of the naked mannequin are captured before 

the mannequin put on clothes. Finally, four views of the dressed mannequin are 

captured. 

In the data processing part, we process the captured data to generate the 3D clothes 

and resize it to fit the userôs body size and shape. 

We use Kinect Body Tracking Function to extract mannequin from the background 

in front and back views, while using Depth Thresholding in right and left views. Then 

to extract clothes from the dressed mannequin and separate them into one shirt and one 

trouser (shirt and trouser are in different colors), color segmentation method is utilized. 

After that, region filling approach is used to fill in several data missing regions. Four 

views of shirt and trouser point clouds are generated using the extracted shirt and 

trouser images, depth data, intrinsic parameters, and extrinsic parameters. We map four 

views of the naked mannequin to the 3D mannequin model to obtain the transformation 

between each view. Then by using the same transformations, four viewsô point clouds 

of the clothes are aligned. To create clothes mesh from the aligned point clouds, surface 

reconstruction technique is used. While the reconstructed mesh in the experiment is 

watertight, mesh post-processing is used to process it to output a much more realistic 

model shape. And then we apply texture mapping to the mesh to obtain the textured 

clothes model. 

In the stage of resizing, we deform the naked mannequin model to have the userôs 

body size and shape based on mesh deformation approach. By using the same 
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deformation function, clothes are resized and fitted to the userôs body. Then surface 

correction is performed to solve the penetrating problem so that a more realistic try-on 

effect can be achieved. 
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Figure 1.1 The pipeline of our 3D clothes modeling and customization system. 
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1.2 Organization of the Thesis 

The thesis is organized as following: 

 ̧ Chapter 2 is for the literature review, which covers related research work about 

the existing virtual try-on systems, 3D clothes modeling, 3D clothes resizing, 

3D scanners, and related algorithms for processing 3D data are also introduced. 

 ̧ Chapter 3 is the methodology part. Detailed descriptions of implementations 

are included in this chapter. Capturing environment setting, camera calibration 

and stereo camera calibration, data processing parts such as color segmentation, 

3D registration, surface reconstruction, texture mapping, and resizing are 

introduced respectively. 

 ̧ Chapter 4 is the result and validation part. The final results and evaluation are 

presented to demonstrate the efficiency, benefits and limitations of our 

proposed approach.  

 ̧ Chapter 5 is the conclusion part. The main contributions of this thesis are 

described. Summary and potential future research work are also discussed. 
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Chapter 2. Literature Review 

 In this chapter, we introduce some related works to the virtual try-on system for 

clothes. And since our proposed 3D virtual try-on system is based on captured data, 

related works about data acquisition are also described. Then some common techniques 

for data processing such as color segmentation, calibration, 3D registration, surface 

reconstruction, texture mapping, and resizing are discussed later. 

2.1 Virtual Try -On 

 Virtual try-on system for clothes is the technique for visualizing a human dressed 

in selected clothes without need to dress them physically [1]. And it has the potential 

application in online clothes shopping system [2] [3]. 

 Human and clothes are two main concerned objects in the virtual try-on system. 

We define that virtual try-on system for clothes can be divided into two series: 2D and 

3D, based on the data type of clothes. 2D clothes and 2D or 3D human are considered 

as 2D system. While for 3D system, 3D clothes and 2D or 3D human are included. We 

discuss 2D virtual try-on system in section 2.1.1, and 3D virtual try-on system in section 

2.1.2. 

2.1.1 Virtual Try -On in 2D 

2D virtual try-on is the idea that represents clothes as the image frames or video 

frames, and to fit the clothes to human body. In the following, we discuss several latest 

works. 
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Araki et al. [4] proposed a 2D virtual try-on system that deformed clothes images 

to fit a userôs motion from a web camera. It could be divided into two stages. In the 

offline stage, clothes images were triangulated and prepared for the deformation. In the 

online stage, the system captured userôs video and recognized some markers. The 

clothes were resized and fitted to the human body based on the markers. 

Hauswiesner et al. [5] constructed a virtual try-on system through image-based 

rendering. They used ten cameras to record videos of one model-user dressed in clothes. 

Then the garment database was created by extracting clothes from the recorded videos. 

In the fitting stage, the system transferred the appearance of the recorded clothes onto 

the userôs body by matching the current userôs pose from the input video frames with 

the model-userôs pose from the recorded videos frames. The result was shown in a TV 

mounted in the front wall. A pipeline of this system is shown in Figure 2.1. 

 

Figure 2.1 Overview of the virtual try-on system through image-based rendering 

(reprinted from [5]) 

A real time virtual dressing room using one Kinect was proposed in [6]. It used one 

Kinect for tracking userôs skeleton. Then a 2D clothes was mapped onto the user for 

dressing. 

One of the advantages of 2D virtual try-on system is that its implementation is not 

very complicated and has the potential to visualize dressing human in real time. 
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Moreover, its requirements for hardware device is not low. However, one obvious 

disadvantage of the 2D virtual try-on system is original clothes can be seen even after 

dressing selected clothes.  

2.1.2 Virtual Try -On in 3D 

 With the advance of 3D sensing device, especially Kinect, the development of 3D 

virtual try-on system is unprecedented. Several 3D virtual try-on systems have been 

created over the past few years to focus on specific problems, such as customizing 

human model, fitting clothes to human body, and so forth. In the following, we discuss 

some latest works on 3D virtual try-on system. 

Giovanni et al. [7] proposed to use one Kinect and one High-Definition (HD) 

camera to construct a virtual try-on system. It was named as EON Interactive Mirror 

[8], the setting is displayed in Figure 2.2. The Kinect was used for detecting one nearest 

user in the scenario. Then the 3D clothes from garment database was transferred into 

the HD video capturing of the user, and the final visualization result was displayed on 

the TV in real time. The User Interface (UI) for clothes selection and displaying virtual 

try-on effect is shown in Figure 2.3. They used the first-generation Kinect, which was 

released by Microsoft in 2010. But since the resolution of the built-in RGB camera in 

the Kinect was low, they utilized one HD camera to capture HD video frames of user 

instead. The system was divided into two stages: offline and online. Calibration 

between Kinect and HD camera, and the construction of 3D garment database were 

implemented offline. While human tracking and fitting clothes to the human body were 
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achieved online and in real time. Customers could use the built-in gesture-based 

interaction in Kinect SDK to choose clothes. Some artists built the 3D clothes manually 

using 3DS Max based on some real catalogue images. One of the drawbacks is that 3D 

clothes is resized uniformly based on the customerôs shoulder height calculated from 

the tracked skeletal data. Most existing systems that use one Kinect to construct the 

virtual try-on system depicted the similar idea as the EON, such as the Fitnect [9], the 

demo video about Kinect for Windows Retail Clothes [10], and so forth. However, 

information of technical details about those systems is limited in public. 

 

Figure 2.2 EON Interactive Mirror (reprinted from [7]) which uses one Kinect and one HD 

camera for capturing. The screen shows the preprocessed clothes collection.  

 

 

Figure 2.3 UI for virtual try-on and UI for item selection for the EON Interactive Mirror 

(reprinted from [7]). 

 In [11], a virtual try-on system using one Kinect was designed and three scenarios 

were displayed in the result as shown in Figure 2.4: avatar with 3D clothes; 3D clothes 

on userôs image; 3D clothes on the avatar blended with the face image of user. They 
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used twelve measurements calculated from the Kinect captured data to customize the 

avatar. The avatar was scaled globally based on the height of the user. Then it was scaled 

locally based on other measurements, such as waist, knee heights etc. The avatarôs body 

skin color was changed based on the skin color from captured image of user. For the 

3D clothes modeling part, they utilized the available 3D clothes garment database, and 

technical details of 3D clothes modeling were not introduced. 

 

Figure 2.4 Three scenarios of virtual try-on system using one Kinect: (a) avatar with 3D 

clothes (b) 3D clothes on userôs image (c) 3D clothes blended with the face image of user 

(reprinted from [11]) 

 The system proposed by Zhang et al. [12] was also Kinect-based. The workflows 

of the system is displayed in Figure 2.5. They used one Kinect to capture images of user 

and track userôs skeletal data. 26 measurements calculated from the captured skeletal 

data were used to resize one template human model. Then the template model was 

refined based on the front and side contour images of the user. Several motion data of 

the user were also captured for animating the customized template model. For the 3D 

clothes generation, several predefined 2D patterns were created and prepositioned 

manually onto the model first. Then topological stitching was implemented to sew those 

patterns together to create the 3D clothes. An idea for automatic prepositioning was 
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proposed in the system, and it required special data format for the 2D clothes patterns, 

which consisted of geometrical, topological, and semantic information. 

 

Figure 2.5 Workflow of the virtual try-on using one Kinect to capture images of user and 

track userôs skeletal data (reprinted from [12]) 

2.2 Clothes Modeling for Virtual Try -On 

3D clothes modeling is one part of the 3D virtual try-on system. Basically, it can 

be classified as three types; manually modeling, automatically 2D patterns to 3D clothes 

modeling, and scanner-based modeling. However, other methods are also proposed for 

3D clothes modeling, such as [13], which is an automatic method to create 3D clothes 

based on 2D photo input where the body is created from three photo views and then 

clothes are extracted in 3D by color segmentation. However, as it was based on feature-
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based human cloning technique, accuracy was lower than 3D scanner based method. 

For the manually clothes modeling, it requires a user to use some kinds of 3D 

computer graphic software such as Blender [14], 3ds Max [15] or Maya [16] to generate 

the 3D clothes. Marvelous Designer [17] is a typical manually clothes modeling system. 

Several 2D clothes patterns are designed virtually. Then those patterns are sewed by 

using mouse to select corresponding points between two patterns. After that, 2D clothes 

patterns are deformed to fit a digital human model and textured to generate the 3D 

clothes. A lot of manual work is required to generate a high quality 3D clothes using 

this method. 

For the automatically 2D patterns to 3D clothes modeling, it is much similar as the 

manual modeling, while the main difference is that 2D clothes patterns are based on 

actual images and the it is automatically modeled into 3D clothes. In [12], they 

proposed the automatically 3D clothes modeling based on several predefined 2D 

patterns. Several information should be included in the 2D pattern, such as geometrical 

information, topological information, and semantic information. In the geometrical part, 

2D patterns were defined by 2D contours and triangulated into 2D mesh. In the 

topological part, linkages between the contours of patterns were specified by the seams. 

While in the semantic part, there were some tags for layer id, side id, etc. Several 

markers were used to specify with which skeleton of the template model the 2D patterns 

were linked, besides, initial 3D position placed on the template model for 2D patterns 

were recorded. The proposed method prevented manually pre-position 2D patterns onto 

customized human model, but it still required designers to position those patterns to the 
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template model. After the prepositioning step, 2D garments patterns were stitched 

together along the seams to generate the 3D clothes. 

For the scanner-based modeling, it uses 3D scanner to scan the real clothes for 3D 

clothes reconstruction, which can provide higher accuracy and more realistic shape. 

The scanner-based modeling method is popular for human modeling [18], hair 

modeling [19] or other familiar objects reconstruction. However, to the best of our 

knowledge, we havenôt seen any research about scanner-based 3D clothes modeling, 

which can be an area that we can have a contribution to. We break scanner-based 3D 

clothes modeling into two parts, which are data acquisition and data processing. 3D 

scanner is used to scan one dresses mannequin in the data acquisition step, the clothes 

are extracted, reconstructed and resized in the data processing step. 

2.3 Clothes Resizing for Virtual Try -On 

 Fitting a 3D clothes to a 3D human is a crucial part in virtual try-on system. The 

fitting step directly affects the visualization result. For the automatically 2D patterns to 

3D clothes, the clothes was sewed from several deformed 2D patterns. And information 

of the technical details about deforming 2D patterns to the 3D mannequin were not 

described in most papers, such as [11] [12]. 

 Li et al. [20] proposed a method for fitting a given 3D clothes model onto human 

models of various body shapes and poses. It is noted that the fitting is achieved by 

deforming the clothes mesh to match the shapes of the human models by using several 

combinations of following steps: skeleton-driven volumetric deformation, garment-
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human shape similarity matching and evaluation, the constraints of garment-human 

contact, and garment-human ease allowance [20]. The implementation of this approach 

was more complicated than the approach of using Radial Basis Function (RBF) for 

deformation. 

 Since fitting a 3D clothes to a human body is also the problem of resizing 3D model. 

We discuss it further in the section 2.5.6. 

2.4 Data Acquisition 

 To model 3D objects from captured data, the step of data acquisition is required 

and the data captured affects the reconstructed result. Basically, there are two methods 

for capturing depth data: image-based and 3D scanner-based. It is noted that image-

based method can provide high quality visualization result while 3D scanner-based 

responses with actual 3D depth data. In the following subsections, we discuss them in 

more details. 

2.4.1 Structured L ight 

 Structured light is the process of projecting a known pattern of pixels on to a scene 

for depth sensing. With the introduction of objects in the scene, those patterns captured 

from different views will show deformed projected patterns, which allow the vision 

system to calculate the range data and surface information of the objects [21]. Invisible 

structured light, such as infrared light and so forth, is used as the structured light, which 

avoids interfering with other computer visions tasks for which the projected patterns 
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will be confusing [21]. The structured light sensors usually consist of one or more 

cameras and one or more light sources [22]. A variety of techniques about structured 

light have been designed in the past few years. And a comparative survey on invisible 

structured light techniques can be found on [22], while the state of the art in structured 

light patterns for surface profilometry can be found on [23]. 

 Valkenburg et al. [24] proposed a structured light system consists of one camera 

and one projector for accurate 3D measurement. A coded stripe pattern was projected 

on the scene and the camera captured its image. Then a corresponding stripe number 

and image location could be found for each visible point in the world, which were used 

to compute the depth data of the scene. 

 Scharstein et al. [25] proposed to use the structured light for high accuracy stereo 

depth data acquisition. A pair of cameras and one or more light sources that projected 

structured light patterns onto the scene were deployed. The usage of the structured light 

was for making it easier to solve the correspondence problem in stereo vision. A survey 

discussed several progresses in applying coded structured light to the stereo vision can 

be found on [26]. 

2.4.2 Stereo Vision 

 Stereo vision is the estimation of 3D information from 2D nearby images. By 

comparing information about one scene from two different viewpoints, 3D information 

can be calculated by examination of the relative positions of objects in the two planes 

[27]. Some primary problems to be solved in stereo vision are calibration, 
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correspondence, and reconstruction [28]. Cameras need to be calibrated for determining 

camera systemôs internal geometry and external geometry. Then correspondence 

between two locations in each camera projected from the same point in space should 

be computed. The displacement of the projected points in each image forms a disparity 

map. Based on the known camera geometry, range data can be obtained from the 

disparity map. 

 Stereo vision can be divided into two types based on with/without usage of light, 

such as structured light or laser, to probe the scene: active stereo vision and passive 

stereo vision [29]. The problem of finding stereo correspondence becomes easier with 

the introduction of structured light. 

 A lot of techniques of using stereo vision for range data acquisition have been 

researched and developed for decades. A relatively detailed survey about stereo vision 

can be found in [28]. Chen et al. [29] deployed passive and active stereo vision to detect 

the smooth surface of metal plates. Stereolabs [30] released a stereo camera for depth 

sensing based on the passive stereo vision technique. 

2.4.3 Multi -view cameras 

 Multi -view camera vision is the technique that computes a 3D representation given 

several images of objects or scene [31]. The collection of images usually taken from 

known camera viewpoints [32]. Most existing approaches utilized the calibrated camera 

viewpoints system to calculate the transformation matrix between each viewpoint, and 

based on the photogrammetry measurement, objectsô 3D shape can be obtained. A lot 
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of multi-view reconstruction algorithms have been proposed, but due to lack of suitable 

datasets, direct comparisons between those algorithms are quite hard. Seitz et al. [32] 

collected several calibrated multi-view image sets and corresponding ground truth 3D 

mesh models. They used those data to evaluate several algorithms based on accuracy 

and completeness. 

 Gu et al. [33] proposed a 3D reconstruction system for human body modeling based 

on six views. And they used two cameras to capture human body images for each view. 

A cylindrical object with patterns was used during camera calibration. The 3D human 

was generated based on super quadrics model fitting, which was a time-consuming step. 

 Bradley et al. [34] proposed to deploy sixteen inexpensive High-Definition (HD) 

consumer cameras for marker-less garment capturing and reconstruction. The initial 

mesh calculated from sixteen views usually contained holes. Two steps were applied to 

generate the final result, which were consistent cross-parameterization, compatible re-

meshing and surface completion. 

 Infinite Reality [35] used 150 DSLR for data capturing. It took instant snapshots 

of the scenario to produce extremely accurate 3D model. Detailed technical descriptions 

are not available in public. 

 As the multi-view vision usually requires that several feature points can be detected 

on multiple images, in order to generate high quality result, more cameras are required, 

which will increase the cost of system. Moreover, without same lighting condition for 

each view, the color of concerned objects usually varies with the moving of viewpoint, 

which also makes the feature detection hard. 
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2.4.4 Laser Scanner 

3D scanner is the device that adopts some kind of measuring techniques to calculate 

depth data in order to generate 3D model or scenario. It is usually divided into two 

types: contact and non-contact. And for non-contact, it can be further divided into two 

main categories: active and passive [36].  

Laser scanner is the non-contact active 3D scanner. It emits laser to probe the object 

and detects the reflected laser for measuring the depth. The laser can be visible or 

invisible [37], such as infrared laser scanner, and so forth. Two main 3D laser scanner 

used in practice are the triangulation-based and the Time-of-Flight. 

For the triangulation-based 3D laser scanner, laser is emitted to touch the object 

first. Next, a Charge-Coupled Device (CCD) or Position Sensitive Device (PSD) sensor 

is used for tracking the laser dots. A triangular can be formed based on laser emitter, 

laser dot and camera, which can be used to estimate the depth value [38]. 

For the Time-of-Flight (ToF) 3D laser scanner, it calculates the depth based on the 

known speed of the light, measuring the Time-of-Flight of the signal between the ToF 

sensor and the object in the scene [39]. In order to detect the phase shifts between the 

illumination and the reflection, the light source is pulsed or modulated by a continuous-

wave source, typically a sinusoid or square wave [40]. The phase shirts between the 

illumination and the reflection are measured and translated into the distance between 

ToF sensor and the object. 

It is noted that triangulation-based 3D scanner can provide quite high accuracy 

result, but the depth range is limited. The ToF 3D scanner is opposite [36]. 
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2.4.5 Kinect 

 Kinect [41] is the 3D scanner released by Microsoft. So far, two versions have been 

released: Kinect V1 and Kinect V2. In the following subsections, we discuss their 

technical details respectively.  

2.4.5.1 Kinect V1 

 Kinect V1 was released in 2010. And it received much attention due to its rapid 

human pose recognition system developed on top of 3D measurement. Besides, due to 

its in-expensive cost, reliability and speed of the measurement, it becomes the primary 

3D measuring devices in indoor robotics, 3D scene reconstruction, and object 

recognition [42]. The architecture of Kinect V1 is displayed in Figure 2.6 and its 

specifications are listed in Table 1. 

 Kinect V1 has three major components: color sensor, Infrared (IR) emitter and IR 

depth sensor. The color sensor provides a 640 x 480 frame at the default frame rate. 

However, the resolution can be up to 1280 x 1024 at a lower frame rate. Kinect V1 uses 

structured light technique for estimating depth data. IR emitter projects the predefined 

pattern to probe the object, due to the introduction of the object, the pattern will be 

deformed, and then the Infrared Depth sensor captures the deformed pattern to compare 

it with the predefined reference pattern to calculate the depth value [44]. The depth 

frame is derived from the IR frame, and it is noted that a small offset existed in those 

two images. The offset is five pixels in the horizontal direction and four pixels in the 

vertical directions, respectively [42] [45]. 
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Figure 2.6 Kinect V1 (reprinted from [43]) 

 

Table 1 The specifications for Kinect V1 

Kinect V1 Specifications 

Color Camera Resolution & Frame Rate 640 x 480 @30fps 

Depth Camera Resolution & Frame Rate 640 x 480 @30fps 

Field of View τσЈ vertical by υχЈ horizontal 

Depth Space Range in Default Mode [0.8~4]meters 

Depth Space Range in Near Mode [0.5~3]meters 

Skeleton Joints  20  

Full Skeleton Tracked 2 

USB Standard 2.0 

Tilt Motor  Yes 

Vertical Tilt Range ςχЈ 

 In order to get a good 3D model, high quality depth data are required. The accuracy 

of Kinect depth sensor affects the final result. The properties of the depth sensor, 

systemôs setup, and the condition of the objectsô surface are among the elements that 

affect the accuracy of Kinect depth data [46]. 

2.4.5.2 Kinect V2 

 Kinect for Windows V2 [47] was released by Microsoft in July, 2014. And its 

structure is displayed in Figure 2.7. The specifications of Kinect V2 are listed in Table 

2. 

 Compared with Kinect V1, Kinect V2 is equipped with one much higher resolution 

RGB camera up to 1920 x 1080, and the resolution of depth sensing is 512 x 424. 
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Different from the two modes for depth range in Kinect V1, one mode is utilized in 

Kinect V2, which extends the reliable depth range to 4.5 meters. Kinect V2 uses ToF 

technology for depth sensing, and the principle of ToF has been discussed in section 

2.4.4. With higher depth fidelity and a significantly improved noise floor, the depth 

sensor has an improved 3D visualization, which is able to detect smaller objects and 

improve the stability of body tracking [47].  

 

Figure 2.7 Kinect V2 (reprinted from [48]) 

 

Table 2 The specifications for Kinect V2 

Kinect V2 Specifications 

Color Camera Resolution & Frame Rate 1920 x 1080 @30fps 

Depth Camera Resolution & Frame Rate 512 x 424 @30fps 

Field of View φπЈ vertical by χπЈ horizontal 

Depth Space Range [0.5~4.5]meters 

Skeleton Joints 25 

Full Skeleton Tracked 6 

USB Standard 3.0 

Tilt Motor  No 

  In the experiment for the thesis, we use Kinect V2 as the main capturing device 

since the accuracy of depth data is better, the resolution of RGB image and depth image 
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is higher, and the available SDK [49] also makes it easier to construct a system that can 

be operated in Windows operating system. Moreover, the cost for each Kinect V2 

sensor is much lower (hundred dollar) compared with other 3D scanners, for example 

the cost (tens of thousands dollar) of the Whole Body Color 3D Scanner from 

Cyberware. 

2.4.5.3 KinectFusion 

KinectFusion [53] is the technique developed by Microsoft for scanning real 

objects or environments to generate corresponding 3D model or scenario. It is included 

in the Kinect for Windows SDK [49]. And it only requires using one Kinect to scan the 

object. To generate the 3D model, it registers all valid depth frame into the global 

implicit surface model continuously using a coarse-to-fine interactive closest point 

algorithm. It is required to move the Kinect slowly to avoid data missing. 

A scene captured in the experiment using KinectFusion is shown in Figure 2.8. 

 

Figure 2.8 A scene captured using KinectFusion 

 Since KinectFusion captures depth data and incorporates it into the global model, 

the data quantity is usually around million or higher. The model displayed above has 

6,585,549 vertices and 2,195,183 faces. Although the point clouds is well-aligned and 
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the reconstructed 3D shape is detailed, the texture information of the mesh is usually 

incorrect for some regions, which causes the problem of color flaw: texture from 

different views under different illumination conditions are mapped onto the same region 

repeatedly. The color flaw is displayed in Figure 2.9. 

 
Figure 2.9 KinectFusion color flaw 

 In the experiment, we use KinectFusion to capture the aligned point clouds for the 

given object. And we use Poisson Surface Reconstruction algorithm to reconstruct 3D 

model out of it so that the data quantity can be decreased while ensures a relatively high 

quality model without texture. 

2.5 Data Processing 

The captured data from real world using 3D scanner usually contains noise or have 

some unconcerned components such as background objects etc. The raw data captured 

using Kinect usually consists of images and depth frames. And based on those data, 

point clouds can be obtained. The point clouds are the one of the representation forms 

of the 3D model, which consist of several organized or unorganized 3D points 
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represented by ὼȟώȟᾀ. Especially with the advent of the new low-cost 3D sensing 

device such as Kinect, many efforts in point clouds processing have been proposed and 

developed, and 3D perception gains more and more importance in robotics as well as 

other fields [54]. So based on the captured data, some data processing methods are 

required to get the concerned model. In this thesis, our intention is to generate 3D 

clothes and resize them, so some related and latest techniques about color segmentation, 

calibration, 3D registration, surface reconstruction, texture mapping and resizing are 

discussed in the following section. 

2.5.1 Color Segmentation 

In the captured data, either RGB images or depth data, environment objects, objects 

of interests and noise are all mixed. To extract concerned components out of the raw 

data, segmentation technique is required, which can be divided into 2D segmentation 

and 3D segmentation. As 2D segmentation (color segmentation) is far more mature and 

much easier to implement than 3D segmentation, we discuss the former in the following. 

Color segmentation, which also can be called image segmentation, is the process 

of partitioning a digital image into multiple segments so that every pixel in the same 

segment shares certain characteristics, such as color, intensity or texture [55]. A variety 

of approaches have been proposed over the past few years, and many surveys or study 

analysis are available, such as [56] [57] [58] [59]. 

 Lucchese et al. [56] divided those techniques for color segmentation into three 

categories: feature-space based, image-domain based, and physics based. Feature-space 
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based methods consider color as a constant property of the object, and then by mapping 

each pixel of the color image into a certain color space, different objects in the image 

can be represented as different clusters or clouds of points. Clustering and histogram 

thresholding methods were considered as feature-space based technique. Different than 

feature-based methods, image-domain based methods emphasize on spatial 

compactness. Split-and-merge, region growing, edge-based, and neural-network based 

classification were defined as image-domain based technique. For the physics based 

technique, it analyzed the light interaction with colored materials and introduced the 

model of physical interaction. 

 In the paper [57] [59] [60], color segmentation technique was divided into two 

broad groups: contour-based approaches and region-based approaches. Contour-based 

approaches usually starts with edge detection, followed by a linking process to exploit 

curvilinear continuity, while region-based approaches try to find partitions of the image 

pixels into different sets corresponding to coherent image properties such as brightness, 

color and texture [60]. A comprehensive survey for the contemporary trends in color 

segmentation technique can be found in [58]. 

 Belongie et al. [61] proposed to the color- and texture-based image segmentation 

using Expectation-Maximization (EM) algorithm for content-based image retrieval. 

They adopted a óblobworldô for image representation, which consists of dominant 

colors, mean textured descriptors, spatial centroid, and scatter matrix. Hue-Saturation-

Value color space was used for mapping to the Cartesian coordinate, from which the 

pixel gets its color descriptor. And EM algorithm was used to divide pixels into several 
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groups. 

 An unsupervised color segmentation based on color and texture region proposed 

by Deng et al. [62] was broadly used for image and video segmentation, which was 

named as JSEG. It consists of two steps: color quantization and spatial segmentation. 

In the former step, colors in the image are quantized to several classes, which can be 

used to differentiate regions in the image. Then in the latter step, region growing method 

is used to segment the image based on the multi-class image. A system implementing 

the proposed algorithm is available for research purpose and can be found in [63]. 

 In our experiment, we use JSEG which is region-based color segmentation method 

for extracting concerned objects from the images, since some properties such as color, 

texture and brightness are considered as the key elements. 

2.5.2 Camera Calibration  

 Our initial representation of the 3D objects utilizes point clouds, which consists of 

three axis values. Depth value is originated from 3D scanner, while horizontal and 

vertical values are calculated based on the pin-hole camera model. In order to generate 

the point clouds and register point clouds with color information, calibration is required. 

 Calibration is the technique to find the transformation between different spaces. 

We use multiple Kinect cameras in our project. The Kinect has stereo cameras, where 

one camera is for images and the other depth camera for 3D points. Thus, for Kinect, 

we require two steps calibration, one focusing on intrinsic parameters calibration (so 

called as camera calibration) and the other focusing on extrinsic parameters calibration 
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(so called as stereo camera calibration). Camera calibration emphasizes on calibration 

for one camera, and from which parameters are calculated to link 2D space with 3D 

space. While for stereo camera calibration, extrinsic parameters are computed to find 

the transformation between different cameras. 

 Zhangôs technique [86] is the widely used camera calibration method, which uses 

one special pattern consists of several detectable feature points to calculate the 

transformation between 2D and 3D space. 

 Stereo camera calibration is based on the triangulation principle. Several 

synchronized images from two cameras are used to calculate the transformation 

between two different spaces. 

 As calibration is usually a necessary step for 3D reconstruction, several open 

source libraries are available, such as OpenCV [89], and so forth. 

 Point clouds with color information can be acquired after implementing cameral 

calibration and stereo camera calibration. 

2.5.3 3D Registration 

Multiple 3D scanners can be used to capture whole views of the object. But since 

each view is with respect to the different coordinate space, alignment from multiple-

view point clouds is a necessary and crucial step for a high quality 3D model generation. 

3D registration is the technique that aligns multiple point clouds, which are with 

respect to different coordinate systems, to be one point clouds. Iterative Closest Point 

(ICP) is the widely used algorithm for 3D registration. And two variants have been 



31 

 

proposed, which are point-to-point and point-to-plane. Chen et al. [64]ôs ICP algorithm 

is based on the point-to-point matching type, while Bergevin et al. [65] is based on the 

point-to-plane matching type. It is noted that the point-to-plane matching type usually 

performs better in practice compared with the point-to-point type [66] [67]. Iterative 

Closest Point (ICP) proposed by Besl et al. [68] algorithm is the point-to-plane type and 

widely used for aligning multiple views, which calculating the transformation matrix 

by finding the closest point in a target point clouds correspond to the point in source 

point clouds iteratively. The iteration is terminated when the change in mean-square 

error falls below a preset threshold that specifies the desired precision of the registration. 

The algorithm [68] is described in the following: 

1. Finding the corresponding closest point in the target point clouds given one 

point in the source point clouds. 

2. Calculating the transformation matrix, which consists of rotation and 

translation matrix, using the mean-square error function based on the source 

point and the best matching closest target point. 

3. Applying the transformation matrix to the source point. 

4. Iterating step 1-3 until the termination criterion is met. 

Zhang [69] proposed a modified Kd-Tree algorithm for calculating closest points 

efficiently. 

2.5.4 Surface Reconstruction 

After the 3D registration, an aligned point clouds set is generated. Since point 
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clouds are scattered points, which are sampled points of the real object, surface 

reconstruction from scattered points is needed. Surface reconstruction is the technique 

that reconstructs the digital surface, which can be called mesh, based on the scanned 

and computed point clouds that contain a variety of defects, such as noise, outliers, data 

missing and misaligned data. A lot of surface reconstruction approaches have been 

created for emphasizing on different characteristics, such as the ability to deal with the 

point clouds defects, input data requirements, surface smoothness and reconstruction 

output type. Among them, Marching Cubes (MC) [70] is probably the most popular 

iso-surfacing algorithms [71]. 

The MC algorithm was first proposed by Lorensen and Cline [70], which is a fast 

and reasonably efficient approach for rendering constant density iso-surfaces that was 

originally meant for volumetric data. This algorithm proceeds through the scalar field, 

and takes eight neighbor locations at a time to form an imaginary cube. Then it 

determines the polygon needed to represent the part of the iso-surface which passes 

through this cube. Finally the individual polygons are fused into the desired surface. 

One drawback of the MC algorithm is that it suffers from artifacts at sharp angles, which 

can cause inconsistence and poor quality in the result [72]. Another disadvantage is that 

the method is not mathematically proven in terms of preserving the mathematical 

properties including topological properties of the original object [73]. A variety of 

algorithms built on the original marching cubes method have been designed, and a quite 

comprehensive survey about those techniques is introduced in [74]. 

Based on the surface smoothness classification method introduced in [75], surface 
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reconstruction methods can be divided into three types: local smoothness priors, global 

smoothness priors, and piece-wise smoothness priors. The characteristics of local 

smoothness priors method lies in it ensures the smoothness of the area where point 

clouds existed, while for the data missing area, it is poorly reconstructed. Moving Least 

Squares (MLS) methods, Multi -level Partition of Unity (MPU) methods and 

Parameterization-free Projection methods are all the examples of this type. In the 

contrast to the local smoothness priors methods, the global smoothness priors methods 

ensure the smoothness of entirety, which are more suitable for reconstructing watertight 

surface from the point clouds with data missing. Radial Basis Function (RBF) methods, 

Indication Function methods and Volumetric Segmentation methods are among this 

type. The piece-wise smoothness methods focus on explicitly recovering sharp features 

or boundary components, while ensuring smoothness away from these features, where 

smoothness may be prescribed locally or globally [75]. After the evaluation of the 

available surface reconstruction algorithms and the characteristics of the point clouds 

generated in the experiment, we use global smoothness priors methods for surface 

reconstruction. In the following, we discuss two surface reconstruction methods: Radial 

Basis Function and Poisson surface reconstruction. Both of them are global smoothness 

priors methods. 

2.5.4.1 RBF for Surface Reconstruction 

Radial Basis Function is a real-value function whose value depends on the distance 

from the origin, or alternatively on the distance from some other point called center. It 



34 

 

has the form 

ίὼ ὴὼ В ύᶮȿὼ ὼȿ      (2.9) 

 The reconstruction output of RBF is in the implicit filed. A RBF-based surface 

reconstruction is introduced in J. C. Carr et al. [76]ôs work. Let ὼȟώȟᾀ  

represent the scattered point clouds, using RBF for surface reconstruction lies in solving 

following equation 

Ὢὼȟώȟᾀ π       (2.10) 

 In which the surface is implicitly represented by the function. A signed-distance 

function is constructed in order to avoid the trivial solution. Off-surface points are 

generated towards two sides by projecting original points along the surface normals 

such that 

Ὢὼȟώȟᾀ πȟὭ ρȟȣȟὲ(On-surface points)   (2.11) 

Ὢὼȟώȟᾀ Ὠ πȟὭ ὲ ρȟȣȟὔ(Off-surface points, outside)  (2.12) 

Ὢὼȟώȟᾀ Ὠ πȟὭ ὔ ρȟȣȟςὔ ὲ(Off-surface points, inside)  (2.13) 

 And then the problem lies in finding a function ίὼ to approximate the signed-

distance function Ὢὼ. RBF is used to get all the coefficients inside the equation (2.9). 

A simple greedy algorithm for reducing RBFs centers can be divided into four steps 

[76], which are described in the following: 

1. Choosing a subset from the interpolation points ὼȟώȟᾀ  and fitting a RBF 

to them. 

2. Evaluating the residual ‐ Ὢ ί ὼȟώȟᾀ , at all points. 

3. If max ȿ‐ȿ  fitting accuracy then stop. Otherwise, appending new centers 
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where ‐ is large. 

4. Re-fit ting RBF and goto 2. 

2.5.4.2 Poisson Surface Reconstruction 

Poisson Surface Reconstruction [77] is widely used for surface reconstruction, 

which belongs to the global smoothness priors method and uses the Indicator Function. 

It considers all the points at once so that it is highly resilient to data noise. A 3D 

indicator function ὢ (defined at 1 at points inside the model, and 0 at points outside) 

is computed from the oriented points. And the reconstructed surface is generated by 

extracting an appropriate iso-surface. 

 Let ὠᴆ be the vector field defined by the oriented points sampled from the surface 

of a model, so there is a relationship between ὢ and ὠᴆ, which is 

Ўὢ Ȣɳɳὢ Ȣɳὠᴆ         (2.14) 

 It is the standard Poisson problem. A reconstructed surface can be obtained by 

finding the best least-squares approximate solution to the equation (2.14). 

 It is noted that the reconstructed model using Poisson surface reconstruction 

algorithm is watertight, and the global smoothness is adjustable. 

2.5.5 Texture Mapping 

After the surface reconstruction, the result is usually the mesh without any texture 

information, which is not vivid and realistic. Texture mapping is the technique that 

applies texture to the 3D model. A texture map is used to contain all the texture 
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information, which can be represented by u and v coordinates. Thus, mapping texture 

onto mesh is the procedure of finding the corresponding u and v coordinates given one 

vertex of the 3D model. In the following, we discuss one of the texture mapping 

techniques. 

TextureMontage proposed by Zhou et al. [78] is the texture mapping technique that 

is able to achieve the seamless texture mapping. Mesh and images are automatically 

partitioned by finding the corresponding feature regions. Then most charts will be 

parameterized over their corresponding image planes through the minimization of a 

distortion metric based on both geometric distortion and texture mismatch across patch 

boundaries and images. Finally, it used a surface texture inpainting technique to fill in 

the surface without corresponding texture patches. 

2.5.6 Resizing 

To fit the reconstructed 3D clothes to any humanôs body size and shape, the step of 

resizing is necessary. Resizing deals with the problem of deforming a model. A variety 

of techniques have been proposed for deforming the mesh over the past few years. 

Igarashi et al. [79] proposed the as-rigid-as-possible shape manipulation. The 

method enables user to move and deform a 2D shape without manually establishing a 

skeleton or FFD domain beforehand. The 2D shape is represented by a triangle mesh 

and several vertices of the mesh can be chosen as the constrained handles by the user. 

By minimizing the distortion of each triangle, the system calculates the new positions 

of the remaining free vertices [79]. 
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Li and Lu [80] proposed a method for customizing the 3D garment based on 

volumetric deformation. The proposed approach can transfer the clothes initially 

dressed on one reference human model onto a target human model. Three steps were 

implemented in order to achieve this goal: (i) a spatial mapping between the two human 

models is established by using Laplacian deformation method with cross-sections as 

shape constrains; (ii) the space around the clothes reference human model is 

tetrahedralized into five tetrahedral meshes; (iii) using constrained volumetric graph 

Laplacian deformation to fit the reference human model onto the target human model. 

The updated clothes models can be decoded from the deformed tetrahedral meshes and 

fitted onto the target human model finally [80]. 

In the following, we generally describe two main deformation techniques: Free-

Form Deformation (FFD) and Radial Basis Function (RBF). Both are control-points 

based and widely used in the shape deformation. And we use RBF for resizing since it 

is able to deform a much more detailed 3D model compared with FFD. 

2.5.6.1 Free Form Deformation 

Free-form deformation (FFD) [81] for deformation is by warping the surrounding 

space. A source model is encapsulated in a cubic controllable box called lattice, which 

consists of 3D grid of control points. Moving the control points will deform the lattice, 

which also deforms the model inside the cubic. 

The FFD method suffers from high computational cost, which is resulted from the 

computation of new point position, aliasing artifacts and imposing constraint on the 
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shape of lattice. Besides, FFD is not suitable for detailed 3D model deformation. Other 

variants of FFD are designed to improve the FFD, such as the Extended Free-Form 

Deformation [82], and Dirichlet Free Form Deformation [83]. 

2.5.6.2 RBF for Deformation 

The RBF deformation is based on two data sets, which are control points and target 

points. Control points are usually selected from the surface of the concerned model, 

while the target points are on the target model. Any displacement of the control points 

can be used for RBF network training and calculating the weight. Then all the points of 

the concerned model are under the transformation of the same RBF so that a deformed 

model can be obtained. The technical details of RBF has been discussed in section 

2.5.4.1. 

The choice of control points and corresponding target points affects the final result. 

A bad selection of control points or incorrect selection for the target points can produce 

an unexpected and wrong deformed result. More features points should be included in 

the control points in order to generate a better result. 

Two of the advantages of RBF for deformation are: (1) ensuring global smoothness 

(2) low memory consumption which only requires control points, Radial Basis Function 

and weight to represent the model. 

RBF is widely used for deformation, such as for face deformation [84] or other 

complex models [85]. 
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Chapter 3. Methodology 

In this chapter, the proposed approach for 3D clothes modeling and customization 

is introduced in detail. 

Two scans of a mannequin are processed, one naked and the other with clothes, and 

a tight-clothes user is also scanned. Clothes are extracted using color segmentation and 

the difference between naked mannequin and a user is used to calculate for extracting 

resizing parameters. Then the clothes from mannequin is transformed and resized to fit 

to the user.  

We used KinectFusion, which is the technique that uses one Kinect to scan the real 

world to get the 3D model or scenario, to scan the naked mannequin and a user dressed 

in tight clothes to get their respective well-aligned point clouds. Then we applied 

Poisson surface reconstruction to the two point clouds to obtain their 3D models, 

respectively. Next, four Kinects were used to capture σφπЈ views of the naked 

mannequin to generate four viewsô point clouds. Then Iterative Closest Point (ICP) was 

utilized to align four viewsô point clouds with the well-aligned point clouds of the naked 

mannequin. Based on the four-time usages of ICP, the space relation between every two 

Kinects could be known, which could be used to align multiple views of the clothes. 

Four Kinects were also utilized to capture four viewsô point clouds of the dressed 

mannequin. Clothes were extracted from the mannequin, then itsô point clouds were 

aligned based on the relation calculated previously. Poisson surface reconstruction was 

used to reconstruct the initial 3D clothes mesh from the aligned point clouds. And then 

we applied the proposed mesh modification method and texture mapping technique to 



40 

 

it to obtain the well-reconstructed and textured 3D clothes. Next, Radial Basis Function 

(RBF) was implemented to deform the 3D model of the naked mannequin to have the 

userôs body shape. Based on the same RBF, 3D clothes were resized and fitted the userôs 

body. Finally, we applied the proposed surface correction approach to the resized 

clothes to pull several penetrated triangular faces out of the body. 

3.1  Hardware Setting and Calibration 

 Our intention is to design a 3D virtual try-on system that is based on real captured 

data and also 3D scanner-based. This thesis is part of the whole system, which focuses 

on the 3D clothes modeling from real captured clothes data and its customization. We 

used one actual male mannequin to put on selected clothes for capturing clothes data. 

It had some benefits compared with capturing real dressed human, such as that 

mannequin could stand still while data capturing so that better data could be captured, 

fewer people involved in the data acquisition stage etc. 

 We used the newly released Kinect for Windows V2 as the capturing device since 

it has several advantages, such as low-cost price up to $199.00 [50], acceptable 

accuracy of depth data, available High Definition (HD) RGB sensor and powerful 

Software Development Kit (SDK) etc. Other 3D scanners like Whole Body Color 3D 

Scanner from Cyberware has better accuracy of depth data but the price is much higher 

up to $240,000 [52]. 

The Kinect for Windows V2 has three main components, which are RGB sensor, 

Time-of-Flight (ToF) depth sensor and microphone arrays. The horizontal field of view 



41 

 

(FOV) of depth sensor is χπЈ degrees, while the vertical FOV is φπЈ. To capture σφπЈ 

views of the clothes, multiple Kinects could be used. 

 The KinectFusion [53] is the technique that uses one Kinect to scan the real world 

for the 3D model or scenario generation. The original model generated using 

KinectFusion usually has several drawbacks, such as huge data quantity, much noise 

and mis-registered color information etc. However, since it is able to register observed 

valid depth frame to the global model continuously and the distance between Kinect 

and object can be close, the well-aligned point clouds and quite detailed shape can be 

acquired. 

   We proposed to use four Kinects to capture four viewsô data of clothes. Since each 

Kinect got only one snapshot of the scenario, the data quantity was much smaller. And 

only four viewsô texture information would be mapped onto the 3D model of clothes, 

which made it easier for implementing texture mapping. The noise was also much less 

and easier to remove. 

 The comparison between using KinectFusion and Four Kinects for 3D model 

generation is listed in Table 3. 

 Combining the advantages of using KinectFusion with using Four Kinects for 3D 

model generation, we used the KinectFusion to capture aligned point clouds of the 

naked mannequin and the aligned point clouds of the user. And for clothes data 

capturing, four Kinects were used. Besides, to achieve a high 3D registration result from 

multiple point clouds of clothes, we used four Kinects to capture four views of the 

naked mannequin and aligned each view with the well-aligned point clouds of the naked 
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mannequin generated using KinectFusion to calculate the relation between every two 

Kinects. 

 The capturing environment setting and the calibration for each Kinect sensor are 

introduced in the following sections. 

Table 3 Comparison between KinectFusion and Four Kinects for 3D model generation 

Method Texture 

Information  

Noise Point 

Data 

Quantity 

Detailed 

Model 

KinectFusion Bad, not easy to do 

texture mapping 

Too much noise inside 

model, not easy to 

remove 

Million or 

higher 

Much 

detailed 

Four Kinects Good, much easier 

to do texture 

mapping 

Little noise, easy to 

remove 

Around 

ten to 

hundred 

thousand 

Smoother, 

not quite 

detailed 

3.1.1 Multiple Kinects Setup 

The depth range of Kinect for Windows V2 that ensures high quality operation is 

within [0.5~4.5] meters. The male mannequin has a height of 1.85 meters, chest of 1.01 

meters, waist of 0.81 meters and hips of 0.91 meters. And it was supported by a chrome 

based. In order to capture whole body data of the mannequin, the distance between each 

Kinect and the mannequin was set to 2.10 meters. Besides, each Kinect was supported 

by the tripod, and the height of Kinect was set to 1.25 meters. 

The size of the room we used for data capturing is 6m x 5m. The mannequin was 

placed at the center of the room, and kept still during data capturing. No special 

background was used. Two extra filament lightbulbs were added to illuminate the 

environment. The placement of four Kinects and capturing objects are displayed in 

Figure 3.1(Since it is difficult to take a normal image to display the capturing 
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environment due to the limitation of space, a panorama image is used instead). 

 

Figure 3.1 Capturing environment setting. The four Kinects are right angle to each other even 

though the panoramic picture does not show it due to the deformed space of panoramic views. 

3.1.2 Camera Calibration 

Kinect has two sensors: RGB sensor and depth sensor. From them, three kinds of 

images can be generated: RGB image, depth image and Infrared image. Depth image 

and Infrared image are generated from the same sensor. Each pixel value of a depth 

image is equal to depth data. In order to relate the 2D image with 3D world, we need to 

do camera calibration for each sensor. 

In the camera calibration filed, Zhangôs [86] method is used widely. It requires a 

simple pattern which has several feature points to be detected to calculate the intrinsic 

parameters. And it is easy to implement. A checkerboard consists of 12 x 20 squares 

was used as the pattern to do camera calibration in the experiment. The size of each 

square is 28mm x 28 mm. 

By placing the checkerboard at the different position and orientation that should be 

visible to both sensors, 25 checkerboard images were captured, respectively. Since it 

was difficult to use the checkerboardôs depth image to do camera calibration, we used 

the Infrared image instead. And in order to register point clouds with the color 

Kinect 3 Kinect 4 

2.10 meters 

1.25 meters 

Kinect 2 

Kinect 1 
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information, stereo calibration between RGB sensor and depth sensor was implemented. 

Capturing of the RGB image and Infrared image were synchronized. 

The resolution of color image is 1920 x 1080, while the Infrared image is 512 x 

424. The captured RGB image and Infrared image are displayed in Figure 3.2. 

  

     (a)                            (b) 

Figure 3.2 Captured checkerboard images of two Kinect built-in cameras (a) RGB camera 

image (b) Infrared camera image. The checkerboard image is used for calibration. 

Camera calibration was implemented to calculate the intrinsic parameters, which 

consists of horizontal focal length, vertical focal length, horizontal principal point and 

vertical principal point. We used the Function calibrateCamera inside the OpenCV [88] 

to calculate the intrinsic parameters. The obtained intrinsic parameters for each Kinect 

sensor are listed in Table 4 and Table 5, respectively. 

Table 4 Intrinsic Parameters of Kinect RGB Sensor 

Intrinsic Parameters of RGB Sensor in pixels 

Sensor 
RGBxf _  RGByf _  RGBxO _  RGByO _  

Kinect 1 1073.42712 1068.65364 940.55748 531.24323 

Kinect 2 1060.82164 1058.11634 1015.60097 534.45790 

Kinect 3 1080.00537 1076.44882 928.65347 548.47715 

Kinect 4 1123.59558 1118.93570 913.59859 540.25560 

 

Table 5 Intrinsic Parameters of Kinect Infrared Sensor 

Intrinsic Parameters of Infrared Sensor in pixels 

Sensor 
IRxf _  IRyf _  IRxO _  IRyO _  

Kinect 1 371.21951 369.969945 246.14200 199.23853 

Kinect 2 365.39024 364.14578 268.24005 211.22079 
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Kinect 3 374.46472 373.23883 250.24772 198.72218 

Kinect 4 386.51720 385.42395 248.92427 198.33406 

3.1.3 Stereo Calibration 

OpenCV [89] function stereoCalibrate was implemented to do the stereo 

calibration, from which the depth sensor space can be linked to the RGB sensor space 

by the homogeneous transformation matrix, which consisted of a normalized 3 x 3 

rotation matrix and a 3 x 1 translation matrix. 

Registering a point out of point clouds with color information lies in three steps, 

which are: (1) projecting one pixel in the 2D depth image into a 3D point in the 3D 

depth space using the intrinsic parameters of the depth sensor; (2) projecting the 3D 

point with respect to the 3D depth space to a 3D point with respect to the 3D RGB space 

using the extrinsic parameters between the depth sensor and the RGB sensor; (3) 

projecting the 3D point with respect to the 3D RGB space to a pixel in the 2D color 

image using the intrinsic parameters of the RGB sensor. 

Let ὼ and ώ represents the pixel coordinate of color and depth image. And the 

depth value for a given pixel is represented by ὨὩὴὸὬὼȟώ, then from the intrinsic 

parameters of the Infrared sensor, we have [87] 

ὢ ͺ ȟ

ͺ
          (3.1) 

ὣ
ͺ ȟ

ͺ
       (3.2) 

ὤ ὨὩὴὸὬὼȟώ       (3.3) 

 From (3.1)-(3.3), a depth image is projected to 3D space. The coordinates are 

represented by ὢ ȟὣȟὤ . 
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 From stereo calibration, one rotation matrix ╡ and one translation matrix ╣ can 

be obtained, which are used to link Infrared sensor space ὖ ὢ ȟὣȟὤ  with the 

RGB sensor space ὖ ὢ ȟὣ ȟὤ . 

 ὖ ὢ ȟὣ ȟὤ ╡ ὖ ╣    (3.4) 

ὼ ͺ ὕͺ      (3.5) 

ώ
ͺ

ὕͺ      (3.6) 

From equations (3.5) and (3.6), a 3D point with respect to the 3D RGB space is 

projected to the 2D image, from which the point get its corresponding color information. 

The extrinsic parameters for each Kinect sensor are listed in Table 6. 

Table 6 Extrinsic Parameters of pairs of Kinect RGB and Infrared Sensor 

3.2 Clothes Extraction 

After the capturing environment setting and calibration for each Kinect, we 

Extrinsic Parameters of pair of RGB and Infrared Sensor 

Pairs Rotation Matrix R Translation Matrix T (mm) 

1 

ù
ù
ù

ú

ø

é
é
é

ê

è

1.0000    0.0026,    0.0021,    

0.0026,-   1.0000,    0.0016,    

0.0021,-   0.0016,-   1.0000,    

 

ù
ù
ù

ú

ø

é
é
é

ê

è

2.3366-   

0.0343,    

51.2367,   

 

2 

ù
ù
ù

ú

ø

é
é
é

ê

è

1.0000    0.0018,    0.0074,    

0.0018,-   1.0000,    0.0035,-   

0.0074,-   0.0035,    1.0000,    

 

ù
ù
ù

ú

ø

é
é
é

ê

è

2.8473    

0.3825,-   

50.4508,   

 

3 

ù
ù
ù

ú

ø

é
é
é

ê

è

1.0000    0.0020,    0.0070,-   

0.0020,-   1.0000,    0.0008,    

0.0070,    0.0007,-   1.0000,    

 

ù
ù
ù

ú

ø

é
é
é

ê

è

2.2158-   

0.8662,    

51.5690,   

 

4 

ù
ù
ù

ú

ø

é
é
é

ê

è

1.0000    0.0041,-   0.0075,-   

0.0041,    1.0000,    0.0013,-   

0.0075,    0.0012,    1.0000,    

 

ù
ù
ù

ú

ø

é
é
é

ê

è

0.7606-   

0.0520,    

51.0942,   
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captured four viewsô data of the dressed mannequin using four Kinects. For each view, 

the original data consists of one color image and one depth image. Instead of dressing 

the mannequin with a single piece of clothing at a time, we dress the mannequin with 

one shirt and one trouser that have different color to save the data capturing time. To 

model 3D clothes from the captured data, extracting clothes out of the dressed 

mannequin is required. And since no special background was used in the experiment, it 

was not suitable to use background subtraction to extract clothes out of the dressed 

mannequin. Instead, in order to reduce the complexity of the clothes extraction, two 

steps are proposed: (1) extracting dressed mannequin out of the common background; 

(2) extracting clothes out of the dressed mannequin and separating into one shirt and 

one trouser. 

 

(a) 

  

(b)                                (c) 
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(d)                                 (e) 

Figure 3.3 (a) The Kinect skeleton of the mannequin in front view by using Kinect Body 

Tracking Function. (b) RGB image output of the front view Kinect. (c) The dressed 

mannequin extracted from the front view output by using Kinect Body Tracking Function. (d) 

RGB image output of the back view Kinect. (e) The dressed mannequin extracted from the 

back view output by using Kinect Body Tracking Function. 

Kinect for Windows SDK provides function for body tracking, which is based on 

the tracked skeleton. The function was used to extract dressed mannequin out of the 

background in front and back view since it was able to track full skeleton of the 

mannequin in those two views. A full Kinect for Windows V2 skeleton consists of 25 

joints. A Kinect skeleton captured from front view of the dressed mannequin is 

displayed in Figure 3.3 (a). The front and back view after using Kinect Body Tracking 

are displayed in Figure 3.3 (b) and (c), respectively. 

 However, for left and right view, the Kinect Body Tracking is usually not working 

since full skeleton of the mannequin cannot be obtained. But since the mannequin is 

the foreground object, which has smaller depth value than the background object, depth 

thresholding can be used to extract the dressed mannequin out of the background 

roughly. We utilized depth thresholding to extract the dressed mannequin out of the 

background in left and right view. The result is displayed in Figure 3.4. 
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(a)                                 (b) 

  
(c)                                  (d) 

Figure 3.4 Dressed mannequin extraction in left and right view: (a) RGB image output of the 

left view Kinect. (b) The dressed mannequin extracted from the left view output by using 

depth thresholding. (c) RGB image output of the right view Kinect. (d) The dressed 

mannequin extracted from the right view output by using depth thresholding. 

3.2.1 Color Segmentation 

After extracting the dressed mannequin out of the background, we needed to extract 

clothes out of the dressed mannequin and separate it into one shirt and one trouser. We 

used color segmentation technique to solve this problem since it is much easier to do 

2D segmentation compared with 3D segmentation. Color segmentation is the technique 

to partition one digital image into several homogeneous regions. Several methods of 

color segmentation have been designed over the past few years. We used one of them 

called JSEG [62] since the system [63] is available for research purpose and its 

performance is good. We used the default setting for some parameters, such as color 

quantization threshold, number of scales and region merge threshold etc. The 

segmented result is displayed in Figure 3.5. 
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After segmentation, every region is linked with a label, and every pixel has the 

same label fall into the same region. By finding the corresponding label value belongs 

to the shirt and the trouser, one shirt label set and one trouser label set can be obtained. 

Using the two sets, one shirt image and one trouser image were generated. The result is 

displayed in Figure 3.6 and Figure 3.7. 

As you can see in Figure 3.8, the segmented result contains some noise. We 

manually select those regions and removed them. The new result is displayed in Figure 

3.9 and Figure 3.10. 

 

(a) 

 

(b) 
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(c) 

  

(d) 

Figure 3.5 Four views of the dressed mannequin after applying the JSEG algorithm: (a) front 

view (b) left view (c) back view (d) right view 

 

    

Figure 3.6 Four views of the extracted shirt after applying the JSEG algorithm: front view - 

left view - back view - right view (from left to right). 

 

Figure 3.7 Four views of the extracted trouser after applying the JSEG algorithm: front view - 

left view - back view - right view (from left to right). 

  

Figure 3.8 Front view of the extracted shirt and zoom of it. It shows some artifacts near the 

armpit area. 
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Figure 3.9 Four views of the extracted shirt after manually removing several artifacts: front 

view - left view - back view - right view (from left to right). 

             
Figure 3.10 Four views of the extracted trouser after manually removing several artifacts: 

front view - left view - back view - right view (from left to right). 

3.2.2 Region Filling 

Due the block of left and right hands, a blank region (data missing region) was 

generated in left and right view. We used our proposed region filling technique based 

on neighborhood value to fill in the area. A 31 x 31 neighborhood that has a quite 

smooth transition of color value was manually selected first. Then, we manually 

selected the data missing region. For every pixel of the data missing area, it obtained 

the color value from the selected neighborhood randomly. The result is shown in Figure 

3.11 and Figure 3.12. 

        
(a)         (b) 

Figure 3.11 (a) Left view of the extracted shirt before and after region filling  (b) Right view 

of the extracted shirt before and after region filling. 
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(a)               (b) 

Figure 3.12 (a) Left view of the extracted trouser before and after region filling (b) Right view 

of the extracted trouser before and after region filling. 

3.3 3D Registration of Kinect Depth Data 

We have five 3D data, four from four views of Kinect (four views of clothes data 

and four views of a naked mannequin) and one from Kinect Fusion (a naked mannequin) 

and we need to register them in one space. 

Based on the four types of data: (1) four segmented images of clothes (2) four viewsô 

depth data (3) intrinsic parameters of each Kinect RGB sensor and depth sensor (4) 

extrinsic parameters between RGB sensor and depth sensor, we could generate four 

views point clouds registered with color information. But since the four views point 

clouds were with respect to different coordinate systems, we used 3D registration 

technique ICP [68] to align them to create the σφπЈ point clouds. The performance of 

ICP is related to the overlapping scale between two point clouds. Since the four views 

point clouds had small overlapping regions, we proposed a new approach to align 

multiple views of clothes, which was KinectFusion-based. 

KinectFusion [53] is the technique that uses only one Kinect to scan real world to 

get the 3D model or scenario. And it utilizes ICP to continuously register valid depth 
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frame to the global model, which will generate a quite high quality well-aligned point 

clouds. 

Our proposed approach to do 3D registration for clothes lied in four steps: (1) using 

KinectFusion to scan the naked mannequin to get the well-aligned point clouds (2) 

using four Kinects to capture four views of the naked mannequin (3) aligning each view 

of the naked mannequin with the KinectFusion clouds to obtain the relation between 

every two Kinects (4) aligning four view point clouds of clothes using the relation 

calculated in (3). 

 One 3D model of the naked mannequin is displayed in Figure 3.13 (a). And the 

alignment result from four views of the naked mannequin is displayed in Figure 3.13 

(b). 

  

(a)       (b) 

Figure 3.13 (a) The 3D model of the naked mannequin by using KinectFusion (b) A result of 

alignments of four sets of point clouds of the naked mannequin from four view Kinects. 

Then the transformation matrix for aligning each view to the naked mannequin 

model is listed in Table 7. The transformation matrix consists of one rotation matrix 
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and one translation matrix. 

 Based on the same transformation matrix, we aligned four views point clouds of 

shirt and trouser. Then we manually removed much noise in the aligned point clouds 

using one open source 3D model processing software named MeshLab [90]. The result 

is displayed in Figure 3.14. 
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Table 7 Transformation Matrix between one view Kinect to a KinectFusion data which is 

eventually used for aligning four viewsô point clouds.  

External Parameters 

Kinect Transformation Matrix to KinectFusion data 

1 

ù
ù
ù
ù

ú

ø

é
é
é
é

ê

è

 1 0, 0, 0,

 0.933585    0.813452,-    0.223084,    0.537149,-

 0.263295    0.096545,-    0.962498,-   0.25353,-  

 0.986309    0.573563,-    0.154376,-   0.804483,  

 

2 

ù
ù
ù
ù

ú

ø

é
é
é
é

ê

è

 1 0, 0, 0,

 0.192963 0.594561,- 0.131854, 0.793165,

 0.662729 0.235284,- 0.971814,- 0.0148175,-

 2.03587- 0.768855, 0.195429,- 0.608826,
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ù
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ø

é
é
é
é

ê

è

 1 0, 0, 0,

 2.75818- 0.844317, 0.0873479, 0.528677,

 0.219684 0.0369131,- 0.974799,- 0.220008,

 1.6118- 0.534572, 0.205271,- 0.819815,-

 

4 

ù
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ø

é
é
é
é

ê

è

 1 0, 0, 0,

 2.21439- 0.473073, 0.150405, 0.86809,-

 0.365104- 0.219335, 0.974403,- 0.0492965,-

 1.48973 0.853284,- 0.167082,- 0.493953,-

 

 

  
                         (a)                            (b) 

Figure 3.14 (a) The point clouds of the shirt before and after manually removing some outliers 

(b) The point clouds of the trouser before and after manually removing some outliers. 
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3.4 Surface Reconstruction of Clothes 

3.4.1 Poisson Surface Reconstruction 

Based on the aligned point clouds of clothes, we used surface reconstruction 

technique to create 3D mesh out of them. The aligned shirt and trouser point clouds had 

several defects, such as several outliers and data missing etc. The data missing regions 

are displayed in Figure 3.15. 

  
(a)      (b) 

Figure 3.15 Multiple Kinect point clouds got registered in one space. (a) Missing points 

shown in the shirt point clouds (b) Missing points shown in the trouser point clouds. 

Poisson surface reconstruction [77] was used in the experiment for surface 

reconstruction out of point clouds, since its performances for dealing with data missing 

and outliers are good. Besides, the implementation of the algorithm is not hard. Four 

kinds of parameters are used to determine the reconstruct model: Octree Depth, Solver 

Divide, Samples per Node and Surface offsetting. We set last three parameters as default 

values, which are 6 for Solver Divide, 1 for Samples per Node and 1 for Surface 

offsetting. The Octree Depth value has an impact on the smoothness of surface. A too 
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small value usually leads to the too smooth model. We set the Octree Depth Value to be 

8 to reconstruct a high quality 3D mesh. The result is displayed in Figure 3.16. 

  

(a) 

  

(b) 

Figure 3.16 Surface meshes created from point clouds using Poisson Surface Reconstruction. 

It produces the watertight surface, which requires post-processing. (a) Reconstructed shirt 

mesh (b) Reconstructed trouser mesh. 

3.4.2 Mesh Post-processing 

The model reconstructed using Poisson surface reconstruction is watertight, which 

makes the reconstructed shirt and trouser quite different from the real clothes. As shown 
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in Figure 3.17, in the captured images of clothes, regions (A, B, C, D, E, F, and G) are 

all open, but the corresponding regions (a, b, c, d, e, f, and g) in the reconstructed mesh 

are all closed. 

 

(a) 

 

(b) 

Figure 3.17 Comparison between the captured clothes images and the reconstructed clothes 

model from Poisson Surface Reconstruction: (a) Shirt (b) Trouser. 

Several steps are required to process the watertight 3D model of clothes to match 

the clothes region in the image. Our proposed approach was divided into six steps: 

1. Using Kd-Tree to do rough texture mapping for the clothes. 

A a 

B 
b 

C 
c 

D d 

E e 

F 
f 

G 

g 
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2. Selecting several points on the mesh manually and the point selections are in 

order. 

3. Deleting triangular faces along the paths formed from the selected points. 

4. Removing other unconcerned components. 

5. Finding the boundary edges of the mesh left. 

6. Creating several triangular faces to link boundary edges and the selected points. 

 It is quite difficult to accurately remove regions not belong to clothes if the model 

is without any texture information. Poisson Surface Reconstruction method is not able 

to transfer the color information of the aligned point clouds to the reconstructed model. 

And the relation between the reconstructed model and each view was lost. Since Kd-

Tree is the structure that can be used for multi-dimensional searching, we used it to 

calculate the relation between the reconstructed model and four views point clouds. 

And based on the calculated relation, we applied color information from the point 

clouds to the reconstructed model. The method is introduced in the following and the 

result is displayed in Figure 3.18:  

1. For current vertex in the reconstructed model, using Kd-Tree to find its nearest 

point from the four views point clouds and calculating the nearest distance. 

2. Comparing the nearest distance with a preset threshold. If it is less, then 

applying the color information from the corresponding view to the vertex. 

Otherwise, none of color information will mapped on the vertex  

3. Repeating step 1 and 2 until all vertices of the reconstructed model are 

processed. 
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 Based on the rough texture mapping for the model of clothes, we manually selected 

several points to define the region that would be deleted. 247 points and 162 points 

were selected on the shirt model and trouser model, respectively. And the result is 

displayed in Figure 3.19. The selected points for shirt model and trouser model were 

put into four sets and three sets, respectively. 

  

(a)      (b) 

Figure 3.18 Applying roughly texture mapping to the clothes mesh based on Kd-Tree: (a) 

Shirt mesh with texture information. (b) Trouser mesh with texture information 

 

   

(a)        (b) 

Figure 3.19 (a) Selecting four sets of points on the shirt mesh to define four boundaries of the 

shirt (b) Selecting three sets of points on the trouser mesh to define three boundaries of the 

trouser. 

 Our proposed approach for deleting triangular faces along the paths formed from 
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the selected points can be divided into three steps and the result is displayed in Figure 

3.20:  

1. For every triangular face of the clothes model, calculating its centroid. 

2. For each selected points set, creating several lines to link every two neighbor 

points so that one boundary defined by this set is formed. And for every line, 

calculating its center point. 

3. For every centroid, calculating its distance to all center points. If it is less than 

a preset threshold, then deleting this triangular face. 

  
(a)       (b) 

Figure 3.20 (a) Removing several shirt triangular faces based on the selected four sets of 

points (b) Removing several trouser triangular faces based on the selected three sets of points. 

 After deleting several triangular faces along the paths formed from the selected 

points, the shirt mesh was divided into five separated components and the trouser mesh 

was divided into four separated components. For each component, it was connected 

inside. We used MeshLab to delete those unconcerned components. Besides, in order 

to have the much smooth boundary edges, we manually deleted several triangular faces 

that were constructed from three edge vertices. And the result is displayed in Figure 

3.21. 
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 Then we searched the boundary edges of the mesh left so that the repair could be 

possible. The difference between one edge vertex and inside vertex is displayed in 

Figure 3.22. 

  

(a)      (b) 

Figure 3.21 (a) Removing some components not belong to the shirt mesh (b) Removing some 

components not belong to the trouser mesh. 

  

 

 (a)       (b) 

Figure 3.22 Comparison between the edge vertex and the inside vertex: (a) Edge vertex 

shown in blue color is surrounded by several triangular faces that cannot form a closed path 

(b) Inside vertex shown in blue color is surrounded by several triangular faces that can form a 

closed path. 

 As you can see from Figure 3.22 (a), for the blue edge vertex, three triangular faces 

are constructed from it. And they cannot from a closed path. However, for the inside 

vertex, all triangular faces constructed from it can form a closed path. Our approach for 
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finding boundary edge was based on this idea and it can be divided into three steps and 

the boundary edges are displayed in Figure 3.23:  

1. For current vertex, finding all triangular faces constructed from it  

2. Based on the connectivity of the found faces, determining if current vertex is 

edge vertex or inside vertex  

3.  Repeating step 1 and 2 until all vertices are processed. 

  
           (a)        (b) 

Figure 3.23 (a) Four boundaries of the shirt mesh shown in green color (b) Three boundaries 

of the trouser mesh shown in green color. 

 The boundary vertices for shirt and trouser were put into four and three sets, 

respectively. Then a proposed sorting algorithm was applied to each set so that the 

boundary vertices in each set were in order. The proposed approach can be divided into 

four steps: 

1. Choosing a starting edge vertex. 

2. For current chosen vertex, finding all triangular faces constructed from it, and 

finding two other edge vertices from those faces. 

3. Determining if the other two edge vertices have been sorted or not. Three cases 
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occur: first case, two vertices have not been sorted, then choosing one of them 

as the next sorting one; second case, only one vertex have not been sorted, then 

choosing it to the next sorting one; third case, two vertices have been sorted, 

then sorting for the set is done. 

4. Repeating step 2 and 3. 

 The selected points and boundary edges are displayed in Figure 3.24 and Figure 

3.25 with respect to shirt and trouser. 

 
Figure 3.24 The selected four sets of points (in blue) and the four boundaries (in green) of the 

shirt mesh. 

 

 

Figure 3.25 The selected three sets of points (in blue) and the three boundaries (in green) of 

the trouser mesh. 

After sorting each set, several triangular faces that linked boundary edged with 
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selected points were created and attached to the mesh left. The proposed approach for 

adding new triangular faces is introduced in the following: Let ! ὥȟὥȟȣȟὥ  

represents the one set of the selected points, and " ὦȟὦȟȣȟὦ  represents the 

corresponding set of the boundary edges, usually Î Í.  

1. For ὥ, finding one nearest boundary point from " and applying its value 

to Ὡ , a new triangular face formed by ὥ, Ὡ and ὥ  is created. 

2. Repeating step 1 until É Í. 

3. For Ὡ and Ὡ , finding their index in ", letôs say Ὡ ὦȟὩ ὦ. Several 

new triangular faces are formed by  ὦȟ ὦ  ὥὲὨ ὥ  (Ó ρȟȣȟË ρ. 

4. Repeating step 3 until É Í. 

 The result is shown in Figure 3.26.  

  

(a)                   (b) 

Figure 3.26 (a) The shirt mesh after mesh post-processing (b) The trouser mesh after mesh 

post-processing. 

3.5 Texture Mapping of Clothes 

After the surface reconstruction and mesh modification, we obtained the mesh 

without texture information. We should apply texture mapping technique to get the 

more realistic shirt and trouser. In order to remove the effect of different illumination 
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condition for each view, we used Adobe Photoshop to adjust the exposure difference 

and color balance between those images. Then we integrate 4 views of images into one 

image to be the texture map, which is shown in Figure 3.27. 

 

(a)        (b) 

Figure 3.27 (a) The shirt texture map (b) The trouser texture map. 

We segmented the mesh into four parts with respect to each view. Several points 

were manually selected on the mesh to define the intersection between every two views. 

243 points were selected on the shirt mesh and 271 points were selected on the trouser 

mesh. Then we applied the algorithm used for deleting triangular faces along selected 

points to the clothes mesh. The algorithm has been introduced in section 3.4.2. The 

result is displayed in Figure 3.28, Figure 3.29, Figure 3.30 and Figure 3.31. 

Shirt and trouser were segmented into four parts. Then for every part, we projected 

it from 3D space to 2D space to get its corresponding texture information. The idea has 

been introduced in section 3.1.3. The result is displayed in Figure 3.32 and Figure 3.33. 

   

    (a)     (b)      (c) 

Figure 3.28 Shirt segmentation: (a) Selecting eight sets of points on the shirt mesh (b) Several 

parts after applying the 3D segmentation method (c) Eight strips formed from the eight sets of 

points. 
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      (a)           (b)            (c)            (d) 

Figure 3.29 Four main parts of shirt mesh after integrating eight strips to the corresponding 

views: (a) front part (b) left part (c) back part (d) right part. 

 

   

    (a)                 (b)                  (c) 

Figure 3.30 Trouser segmentation: (a) Selecting five sets of points on the trouser mesh (b) 

Several parts after applying the 3D segmentation method (c) Five strips formed from the five 

sets of points. 

 

    

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

Figure 3.31 Four main parts of the trouser mesh after integrating five strips to the 

corresponding views: (a) front part (b) left part (c) back part (d) right part 
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Figure 3.32 The 3D textured model of the shirt. 

 

    
Figure 3.33 The 3D textured model of the trouser. 

3.6 Resizing of Clothes 

We uses KinectFusion to scan one user dressed in tight clothes to obtain the point 

clouds. Then applying Poisson surface reconstruction to the userôs point clouds to create 

one 3D model without any texture information. The male user dressed in tight trouser 

and his corresponding 3D model from KinectFusion are displayed in Figure 3.34. 

     

                     (a)                                   (b) 

Figure 3.34 (a) One user dressed in the tight clothes (b) his 3D model from KinectFusion. 
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We used Radial Basis Function (RBF) for clothes customization. And the approach 

to resize the 3D clothes to fit userôs body size can be divided into two steps: (1) 

deforming the naked mannequin to have the similar body shape of user using RBF (2) 

resizing the 3D clothes to fit the userôs body size using the same RBF. 

Using RBF for resizing requires two data groups: control points and target points. 

Several control points should be selected on the naked mannequinôs body, and 

corresponding target points should be selected on the userôs body. 

Both 3D model of naked mannequin and user were reconstructed under two steps: 

(1) using KinectFusion to scan the body to get corresponding point clouds (2) using 

Poisson surface reconstruction to create mesh out of the point clouds. Then we 

manually removed head, neck, hands, feet of the naked mannequin and user since those 

parts were not related to the clothes customization. The result is displayed in Figure 

3.35. 

We aligned the naked mannequin with the userôs model using ICP so that they were 

in the same space. The aligned result is displayed in Figure 3.36. 

Then we used mouse to manually select control points on the naked mannequin 

and corresponding target points on the userôs 3D model. 200 points were selected on 

the two models, respectively. Our selections of control points and target points are 

displayed in Figure 3.37 and Figure 3.38. 

Usually, the selection of control points or target points should be feature points. 

But since it is difficult to find feature points on the body, our selection of points were 

to cover most parts of the body. 
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 After selecting control points and target points, the naked mannequin can be 

deformed to have the similar shape of userôs body. The result is displayed in Figure 

3.39. 

Then based on the same deformation functions, shirt and trouser can be resized to 

fit the userôs body size. The result is displayed in Figure 3.40 (b). 

   

(a)  

   

(b) 

Figure 3.35 (a) Left to Right: The raw 3D model of the naked mannequin using KinectFusion; 

Applying Poisson Surface Reconstruction algorithm to the point clouds of the naked 

mannequin from KinectFusion; Removing several parts of the 3D model of the naked 

mannequin, such as head, neck, hands, and feet.(b) Left to Right: The userôs raw 3D model 

using KinectFusion; Applying Poisson Surface Reconstruction algorithm to the userôs point 

clouds from KinectFusion; Removing several parts of the userôs 3D model, such as head, 

neck, hands, and feet. 
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Figure 3.36 The alignment result of two 3D human models using ICP. One is the naked 

mannequin, and the other is the user. 

 As shown in Figure 3.40 (b), some vertices penetrating into the body, our approach 

to surface correction that pulls points outside of the body is described in the following. 

1. For every body face, calculating its centroid. 

2. For ever vertex in clothes, using Kd-Tree to find its nearest centroid, and 

computing the corresponding face normal (all face normals of the body are 

pointing outside). Then creating a vector pointing from the centroid to the 

vertex. Calculating the dot product between the vector and the normal. If the 

result is less than 0, current vertex is defined as the penetrated vertex, we 

projected it along the vector and set a distance value to the body so the new 

vertex coordinate was generated. 

The result is displayed in Figure 3.40 (c). 
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Figure 3.37 Selecting two hundred points on the naked mannequin as the control points for 

applying RBF for deformation. 

 

 
Figure 3.38 Selecting two hundred points on the user as the target points for applying RBF for 

deformation. 
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(a) 

 

(b) 

 

(c) 

Figure 3.39 Deforming the naked mannequin to have the userôs body size and shape ( all 

models are displayed without head, neck, hands, and feet): (a) The un-deformed 3D model of 

the naked mannequin (b) The userôs 3D model (c) The deformed 3D model of the naked 

mannequin.  
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(a) 

 

(b) 

 

(c) 

Figure 3.40 Resizing the clothes to fit userôs body size and shape: (a) the reconstructed 3D 

model of the naked mannequin with the 3D textured model of the clothes (b) the userôs 3D 

model with the resized 3D textured model of the clothes before applying Surface Correction 

(c) the userôs 3D model with the resized 3D textured model of the clothes after applying 

Surface Correction. 
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Chapter 4. Result and Validation 

The chapter demonstrates the experiment result at first, and the validation is done 

to verify the feasibility, efficiency and stability of the proposed approach. Evaluation 

and discussion are introduced to describe the characteristics, advantage and limitation 

of the system. 

4.1 Experiment Result 

Our system is based on multiple views, in the following, we present the result with 

respect to front, back, left, and right view. And in the experiment, three types of shirts, 

three type of trousers and one skirt were used: 

 ̧ Shirt 1: short sleeves blue shirt, which has several complicated patterns in the front 

surface such as stars, characters, and so on. 

 ̧ Shirt 2: short sleeves dark green shirt, which also has complex patterns in the front 

surface. 

 ̧ Shirt 3: long sleeves dark green shirt, which has two white and parallel lines in the 

front surface. 

 ̧ Trouser 1: long black trouser. 

 ̧ Trouser 2: short grey pants. 

 ̧ Trouser 3: long dark blue jeans. 

 ̧ Skirt: dark blue skirt. 

 Four groups are created based on the shirts, trousers, and skirt: 

 ̧ Group 1: Shirt 1 and Trouser 1. 
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 ̧ Group 2: Shirt 2 and Trouser 2. 

 ̧ Group 3: Shirt 3 and Trouser 3. 

 ̧ Group 4: Shirt 1 and Skirt. 

 One actual male mannequin put on each group of clothes during data acquisition. 

So four groups of clothes were acquired and reconstructed in the experiment. 

Figure 4.1, Figure 4.2, Figure 4.3 and Figure 4.4 demonstrate the procedure of 

extracting the dressed mannequin from the background, extracting clothes from the 

dressed mannequin and separating them into one shirt and one trouser, and region filling 

to the data missing area. 

Figure 4.5 demonstrates the procedure to align four viewsô point clouds of the 

naked mannequin to the model of the naked mannequin captured using KinectFusion. 

Figure 4.6 demonstrates the procedure to align four viewsô point clouds of the shirt 

and the trouser, and to apply Poisson Surface Reconstruction to create the watertight 

mesh. 

Figure 4.7 demonstrates the procedure to apply Mesh Post-processing to the 

watertight mesh to create the more realistic clothes mesh. 

Figure 4.8 demonstrates the procedure to apply texture mapping for the shirt mesh 

and the trouser mesh. 

Figure 4.9 demonstrates the procedure to deform the naked mannequin to have the 

userôs body size and shape using RBF. 

Figure 4.10, Figure 4.11, Figure 4.12 and Figure 4.13 demonstrate the procedure 

to resize the four combinations of clothes to fit to the user. 
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 Original RGB Image 

 

(a) 

Extracted Dressed Mannequin Image 

  

(b)  

Figure 4.1 Front view clothes extraction: (a) color image from RGB sensor (b) extracted 

dressed mannequin image using Kinect Body Tracking (c) extracted shirt image using JSEG 

(d) extracted trouser image using JSEG (e) shirt image after manually removing some 

artifacts (f) trouser image after manually removing some artifacts. 

Kinect Body Tracking Function 

Color Segmentation 

Manually removing some artifacts 

Front View 

Extracted Trouser Image 

 

(f) 

Extracted Shirt Image 

 

(e) 

Extracted Shirt Image 

 

(c) 

Extracted Trouser Image 

 

(d) 
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 Original RGB Image 

 

(a) 

Extracted Body Image 

 

(b) 

Extracted Shirt Image 

 

(c) 

Extracted Trouser Image 

 

(d) 

Figure 4.2 Back view clothes extraction: (a) color image from RGB sensor (b) extracted 

dressed mannequin image using Kinect Body Tracking (c) extracted shirt image using JSEG 

(d) extracted trouser image using JSEG (e) shirt image after manually removing some 

artifacts (f) trouser image after manually removing some artifacts 

Extracted Shirt Image 

 

(e) 

 

Extracted Trouser Image 

 

(f) 

 

Back View 

Kinect Body Tracking Function 

Color Segmentation 

Manually removing some artifacts 
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 Original RGB Image 

 

(a) 

Extracted Body Image 

 

(b) 

Extracted Shirt Image 

 

(c) 

Extracted Trouser Image 

 

(d) 

Extracted Shirt Image 

 

(e) 

Extracted Trouser Image 

 

(f) 

 

Shirt Image after Region 

Filling  

 

(g) 

Trouser Image after Region 

Filling  

 

(h) 

Left View 

Depth Thresholding 

Color Segmentation 

Manually removing some artifacts 

Region Filling 

Figure 4.3 Left view clothes extraction: (a) color image from RGB sensor (b) extracted 

dressed mannequin image using Depth Thresholding (c) extracted shirt image using JSEG 

(d) extracted trouser image using JSEG (e) shirt image after manually removing some 

artifacts (f) trouser image after manually removing some artifacts (g) shirt image after 

region filling (h) trouser image after region filling. 
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Figure 4.4 Right view clothes extraction: (a) color image from RGB sensor (b) extracted 

dressed mannequin image using Depth Thresholding (c) extracted shirt image using JSEG 

(d) extracted trouser image using JSEG (e) shirt image after manually removing some 

artifacts (f) trouser image after manually removing some artifacts (g) shirt image after 

region filling (h) trouser image after region filling 

 

Original RGB Image 

 

(a) 

 

Extracted Body Image 

 

(b) 

Extracted Shirt Image 

 

(c) 

Extracted Shirt Image 

 

(e)  

Shirt Image after Region Filling 

 

(g) 

Extracted Trouser Image 

 

(d) 

Extracted Trouser Image 

 

(f) 

Trouser Image after Region Filling 

 

(h) 

Right View 

Depth Thresholding 

Color Segmentation 

Manually removing some artifacts 

Region Filling 
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Four viewsô point clouds of the naked mannequin 

3D model of the naked 

mannequin captured using 

KinectFusion 

3D Registration 

Figure 4.5 Four views of naked mannequin alignment (a) Four views point clouds of the 

naked mannequin (b) 3D model from KinectFusion (c) Aligned point clouds 

Alignment Parameters Calculation 

 

 

 

Four viewsô 

alignment 

parameters 
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3D Registration (Four viewsô alignment parameters) 

 

 

Manually removing some outliers 

Poisson Surface Reconstruction 

Figure 4.6 From four views point clouds to mesh: Shirt (a) four views of shirt (c) aligned 

point clouds (e) aligned point clouds after manually removing some outliers (g) after Poisson 

surface reconstruction. Trouser (b) four views of trouser (d) aligned point clouds (f) aligned 

point clouds after manually removing some outliers (h) after Poisson surface reconstruction 

 

(g) 

 

(h) 

 

(e) 

 

(f) 

 

(c) 

 

(d) 

 

(a) 

 

(b) 

Four views of shirt Four views of trouser 
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Rough Texture Mapping 

 

Manually selecting points on the 

mesh 

Deleting faces along the path 

formed from the selected points 

To right top side 

Removing other unconcerned 

components 

Adding several new triangular 

faces 

Figure 4.7 Mesh Post-processing: (a) original shirt and trouser mesh (b) rough texture 

mapping based on Kd-Tree (c) manually selecting several points on shirt and trouser mesh 

(d) deleting triangular faces along the path formed from selected points (e) removing other 

unconcerned components (f) adding new faces based on the selected points and boundary 

edges 

  

(f) 

  

(e) 

  

(d) 
  

(a) 

  

(c) 

  

(b) 

Watertight mesh of shirt and trouser 
































































