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Abstract 

With great potential in online garment shopping and game animation, recent years 

research in garment virtual try-on becomes more and more popular. Garment 

virtual try-on can be divided into three parts, namely 3D garment mesh 

reconstruction, animation and texture transfer. Most of current research only 

focus on one of the sub-fields and are difficult to be combined. There is still no end-

to-end pipeline. In this report, we propose a network to reconstruct the 3D 

garment mesh that is easily to be combined with animation model and make 

contribution to the completeness of the end-to-end pipeline.  

Our network can properly predict 3D garment meshes according to various 

garment styles. Unlike some of the existing approaches that require complex 

inputs, our model works with 2D garment images or masks that are easily 

accessible. Unsupervised learning is implemented during training, making the 

data collection much easier as no labelling is required. We have successfully 

combined our model with existing 3D animation model. Now the network can 

directly work from 2D images instead of 3D garment information. 
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Chapter 1  

Introduction 

Recent years, 3D garment model reconstruction and animation become popular 

research fields due to great business potential in virtual try-on for online garments 

shopping, 3D content production, entertainment, video game industries, virtual 

reality, augmented reality and game animation. Garment virtual try-on applies 

deep learning techniques to wear garments in a virtual environment and then 

animates the human body together with the constructed 3D garments. The 

process mainly involves the sub-fields of garment mesh reconstruction [3, 8, 14, 

15, 17, 19, 21, 34, 50 - 61], wrinkle prediction [2, 7, 9, 10, 11, 42, 44 - 48] and 

texture transfer [1, 3 - 6, 12, 20, 35, 36, 62 - 88].  

Garment mesh reconstruction  Previously, experienced designers are 

required to design garment models manually which can be laborious and time-

consuming. So automatically generating garment models becomes an attractive 

research direction as it can improve the efficiency dramatically. However, 

automatically generating garment models faces many challenges. Due to the 

different topologies and various fashion apparels, it is difficult to design a unified 

generation pipeline. Moreover, the generated garment design is not easy to be re-

targeted onto another body shape which limits the customization of the models. 

Some works tried to solve these problems by providing fixed topologies for cloths, 

such as pants or T-shirts [17], or through user-assisted inputs [51]. 

Researchers have tried to reconstruct 3D garment mesh from various inputs, such 

as sewing pattern images, multi-view garment images, garment masks, or even 

single 2D garment images. Most of previous studies can be divided into three main 
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categories: reconstruction based on sketch, 3D re-shaping or reconstruction based 

on image, and depth-based reconstruction. 

In the past, it is one of the most popular ways to generate garment models with 

sketches. Various methods are explored in past few years, such as grid and 

geometric method [14, 17, 60], multi-view sketches method [61], front and back 

sketch images method [51] and so on. Plenty of efforts are paid to improve the 

reality of the generated garment model as well, for example, the context-aware 

method [15]. However, all those methods require domain knowledge on garment 

sketching, which is a critical limitation. 

 

Figure 1.1: Garment sketches used in creating garment models [17] 

 

Figure 1.2: Multi-view garment sketches as input [61] 

At the same time, garment reconstruction based on images are studied. Some of 

the works perform well but they may require complicated inputs, such as the 

multi-view garment images [19] and sewing pattern images [50], which are not 

easy to collect. Typically, such datasets need complicated setup, experts with 

relevant skills and high cost.  
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Figure 1.3: Acquisition setup for multi-view images [19] 

 

Figure 1.4: Garment sewing pattern samples [50]. 4 cases are shown in the image, 

namely dress, pant, shirt, and skirt 

Recently, researchers have made significant progress in image-based 3D 

reconstruction with the benefits from learning shape representation through deep 

neural networks [52, 53, 54, 55, 56]. However, due to the diverse topologies, open 

surfaces and complex geometric details of garments, reconstructing 3D garment 

models with a single image is still a difficult task. So some of the methods use 

parametric models to overcome this issue by providing shape priors of garments 

[34, 57, 58], while some other works try to reconstruct the garment mesh on top 

of the SMPL body mesh [58]. Depth information is also useful in garment 

reconstruction [21], but few works are implemented due to the difficulties in data 

collection.  
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Wrinkle prediction  Wrinkle prediction is to predict the wrinkles of 

garments based on different human body pose, shape and garment type. This is an 

important part for 3D garment animation. For clothed digital human animation 

including wrinkle prediction, physics-based simulation (PBS) [24-33, 49] is still 

the predominant approach. However, the classical PBS pipeline not only requires 

expert knowledge but also is very laborious and quite time consuming. To achieve 

desired results by PBS, it requires to edit the 2D garment shape with different 

patterns, place modified results on the digital character manually and finely tune 

the parameters. What is more, high quality PBS methods require tens of thousands 

or more vertices, which are expensive to compute, difficult to implement and 

control. And generally, it is not trivial to differentiate, which is fatal to recent deep 

learning techniques. In view of these difficulties, Pose Space Deformation (PSD) 

models [89, 90, 91, 92] and Linear Blend Skinning (LBS) [93, 94, 95] are explored 

to improve the efficiency and make it possible when high performance is required 

or computational resources are limited. But realism is highly compromised. In 

summary, there is a trade-off between realism and performance for classical 

computer graphics approaches. 

Recent years, the deep learning techniques provide alternative and efficient ways 

for animating 3D garments. Much research has been conducted through deep 

learning to learn and predict the garment deformation based on various factors. 

Based on the exploration, three factors can affect the clothing deformation, namely 

body shape, pose and garment style (or garment geometry).  Generally, they 

extract the features of these three factors from the input data and utilize deep 

learning techniques to train on one or more sets of these features to predict the 

displacement or deformation of the garment, for example, some methods [44, 42] 

predict deformations based on pose for a fixed shape, while some other methods 

[46, 47] predict deformations due to body pose and shape for a fixed garment style. 

However, most of the pioneer works do not model the deformations based on the 

overall effect of three factors jointly, even though some of them are intertwined. 

So some other works [45, 48, 47] try to improve the predictions by joint models of 

body shape and pose but they frequently generate results that cannot retain high 

frequency details even with a fixed garment style. 
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Therefore, some of the works focus on solving the over-smooth issue. The most 

impressive method is to decompose the deformations into high and low frequency 

components which are predicted separately and then joined together to give more 

details of the wrinkles [2]. 

 

Figure 1.5: Examples of output of TailorNet model [2]. It solves the over-smooth 

issue and can retain the details of wrinkles 

While the above methods focus on improving the reality of the predicted wrinkles, 

some other works focus on the generalization of the model for various garment 

styles, such as DeePSD [10] which describes the motion by utilizing the deep 

learning techniques to map the space of garment templates to the space of pose 

space deformation. 

 

Figure 1.6: Qualitative samples of DeePSD [10] 

Prior work [7] also tries to predict the garment wrinkles in 2D space instead of 3D 

space, which recasts the 3D cloth deformation information as an 2D RGB image, 

where the color of the RGB image represents displacement of the garment vertices. 

Then it learns cloth deformations in image space through CNNs.  
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Figure 1.7: Data representation method for cloth deformation [7]. Left: with 

vertices’ UV coordinates, garment mesh is represented in texture space. Middle: 

add displacement values to vertices. Right: the displacement is visualized by 

converting displacement values into RGB values at each vertex. 

Texture transfer Texture transfer is to transfer the texture from 2D garment 

images onto 2D or 3D human or garment models. It is extremely helpful for 

realistic photo rendering of clothed humans, which is important in the various 

applications mentioned above. However, even with multi-view images, texture 

generation is still challenging. Although many techniques have been developed for 

combining the partial textures, such as blending [62, 63, 64], mosaicking 

[65,66,67], graph cuts [42], flow-based registration [3, 68, 69, 70, 71, 72], it is still 

difficult to reduce ghosting and stitching artifacts in synthesizing the partial 

textures generated from multi-views.  

Current works can be divided into the following categories: image-based re-

posing [68, 73, 74, 75, 76, 77, 78, 79], image-based virtual try-on [80, 81, 82, 83, 

84, 85, 86], exemplar-based image translation [96, 97], fitting 3D SMPL human 

models to images [ 34, 35, 36] or mapping texture to 3D meshes of 3D scanning 

people or 3D garment templates [ 1, 4, 20, 87, 88]. 

Image-based person re-posing typically utilizes the deep learning techniques to 

learn the global human body structure and appearance details from images and 

then tries to produce novel poses of the same person with texture by synthesizing 

image pixels. Some of the methods use unsupervised settings while some of others 

use autoregressive models with ground truth. In the autoregressive models, the 

product of conditional distributions of pixels is computed in a pixel-by-pixel 
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manner to generate the joint distribution of pixels. The most popular network 

used for autoregressive models are the generative adversarial networks (GANs). 

It learns a generator and a discriminator at the same time. Samples are generated 

by the generator which will be discriminated from the real ones by the 

discriminator. With the adversarial loss instead of L1 loss, generally GANs can 

generate sharp images. 

 

Figure 1.8: Examples for image-based re-posing method [74]. Left column is input, 

middle column is the ground truth and the right column is the output with texture 

for different poses 

Image-based virtual try-on aims to modify the image of a garment item and then 

drape the modified one on a target person or directly transfer the garment 

textures of one person onto another person with various pose and shape in image 

space. Before extracting the features of the garments, it will estimate the human 

shape and pose from images. Then based on the predicted human pose and shape, 

it disentangles the clothing features from the body. It also needs to infer the 

surface appearance to recover the missing parts of the original image which are 

visible in the target image. With all these ready, the models start to transfer the 

clothing to a target person. 
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Figure 1.9: Examples for image-based virtual try-on [81]. For each row, first two 

images are the input while the last two images are the output, garment texture of 

which have been exchanged 

With an exemplar image, the exemplar-based image translation methods [96, 97] 

can synthesize realistic images from the input in the form of segmentation mask, 

edge map or pose key-points. Typically, they will learn the alignment of 

semantically corresponding objects or features between input images and 

exemplar images first. Then, with the learned alignment, the network synthesizes 

images based on the exemplar images. The output has consistent style, liking the 

color and texture, with the semantically corresponding objects in the exemplar.  

In view of the issue of local style ‘wash away’ in the ultimate image, the Cross-

domain Correspondence Network [96] is proposed to address the problem. It can 

transform the images from different domains to an intermediate feature domain 

to establish reliable dense correspondence. Another Feature Transport Network 

[97] is designed to overcome the many-to-one matching issue by introducing 

optimal transport to match two sets of features as a whole.  
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Figure 1.10: Exemplar-based image synthesis [96]. The 1st row is the exemplar 

images and the second row is the synthesized images from the network 

The above methods are all in image space which cannot be used for 3D garment 

or human models. As clothed human animation is performed in 3D space, so more 

and more research started to explore texture transfer in 3D space. The most 

popular methods are fitting 3D SMPL human models to images to extract texture 

or mapping texture to 3D meshes of 3D scanning people. For fitting 3D SMPL 

human models to images, it is difficult to deal with complex poses which can lead 

to bad texture quality easily. Even mapping texture to 3D meshes of 3D scanning 

people gives a better result, the 3D scanning is quite laborious, expensive and time 

consuming which limits the variety and availability of clothing textures. To break 

the barrier of lacking 3D scanning data, mapping from images of clothing to the 

surface of a 3D parametric garment template is proposed by pix2surf [1]. 

Even some works did well in one of the sub-fields, but there is still no paper 

proposing a full pipeline from end to end to animate clothed human with both 

human and garment textures from a single image input. And some of the works 

have a bad efficiency for training or testing which may take several days to train, 

while some of other works require complicated inputs which are not easily 

collected. 

In this report, we mainly study in two aspects, namely, how to improve the 

completeness of the pipeline and how to improve the efficiency for both training 

and testing. 
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1.1 Research Objectives 

For virtual garment try-on, most of current works are still focusing on separate 

sub-fields only, following are the challenges we try to address: 

In view of current incomplete pipeline, in this report we will try to contribute to 

the completeness of the pipeline. And we will try to use data which are easily 

available to allow easy collection of datasets and give a highly efficient training 

process. This report will be based on the work of TailorNet [2], which provides a 

method to predict the garment wrinkles depending on various body shape, pose 

and garment type. It can only predict the wrinkles when the 3D garment models 

are given. It cannot start from the garment images through constructing the 3D 

garment models. So, we will focus on completing the pipeline by adapting the 

model with ours to enable the model to start from garment images instead of 3D 

garment models. 

1.2 Research Scope 

In view of the issue stated in previous part, we will focus on the contribution of 

the completeness of the pipeline by developing a network to generate 3D garment 

models from garment images to enable the pipeline to start from real images 

instead of 3D information. Existing 3D garment reconstruction models typically 

require complicated inputs and is difficult to be combined with 3D garment 

animation models. So most of the models of 3D garment animation or wrinkle 

prediction start from the 3D garment models instead of 2D real images. With the 

help of our model, they will be able to start with widely available 2D images. So, 

we mainly study how to generate 3D garment model parameters with garment 

images through various machine learning algorithms and make the predicted 3D 

garment parameters easily available to animation models. 
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1.3 Contributions 

In this work, we propose a fast and effective model to generate 3D garment model 

parameters which can be easily fed to other animation models. The main 

contributions are summarized as below: 

• We greatly simplify the input requirements for generating 3D garment 

models. Instead of complicated inputs, our model only needs normal 

garment images to generate the 3D garment model parameters 

• Unsupervised techniques are applied which allow us to have various 

choices for data collection and no data labels are required 

• The generated 3D garment model parameters are easily utilized by 

garment animation models. It helps to improve the completeness of the 

pipeline and make it able to start from images instead of 3D garment 

models 
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Chapter 2  

Literature Review 

In this chapter, we discuss the background information of the related works for 

3D garment mesh reconstruction (Sec 2.1), garment wrinkles’ prediction (Sec 2.2) 

and garment texture transfer (Sec 2.3). 

2.1 Garment Mesh Reconstruction 

Garment mesh reconstruction refers to reconstruct the 3D garment mesh from 

various inputs. Before machine learning became popular, many efforts have been 

put into developing software for 3D garment designs. But most of them take 2D 

sewing patterns as input for creating 3D garment models, such as Mavelous 

Designer and Optitex. The high modelling cost limits its application in real life. So, 

much research started to explore methods that can automatically generate 3D 

garment models. With the help of machine learning, automatically generating 3D 

garment models has been greatly promoted through various ways. The previous 

works can be divided into three main categories: reconstruction based on sketch, 

3D re-shaping or reconstruction based on image, and depth-based reconstruction. 

Geometric approaches generally have roots from the CAD community. Prior work 

[13] tries to fit the 3D features of clothing templates onto various body shapes to 

automatically process the Made-to-Measure, while some other works takes 2D 

patterns as input, for example, 2D sketches are utilized to generate garment 

models through grid and geometric methods [14, 17, 60]. Virtual-Garments [14] 

sketches the contours and seamlines around a virtual mannequin. Then it fits 

garment panels to sketches followed by approximating these panels with 

developable surfaces for manufacturing garment. A data-driven approach [17] is 
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proposed, which takes the users’ sketches with desired fold patterns as input to 

estimate the parameters of body shape and garment, which is achieved through a 

shared shape space. Users can specify the desired characteristics with the shared 

shape space for multimodal input without seams. Running garment simulation is 

not required at design time. With a front or back outline of the garment, the overall 

shape of the cloth can be inferred [60]. The methodology of the inference is that it 

utilizes the distance between the 2D sketch silhouette and the human model to 

predict the distance between the 3D garment and human model. With the 

predicted distance information together with the border lines and silhouette of 

the sketch, it generates the garment surface.  

 

Figure 2.1: Examples of sketch and generated garment pairs [60]. For each pair, 

left side is the sketch while the right side is the generated garment model. 

To improve the reality of the generated garment model, a context-aware method 

[15] is proposed based on observing the key factors which may relate to the shape 

of garments. Other work [61] takes multi-view sketch as input. Other than the 

borders, seamlines and silhouettes, it allows user to draw the contours of internal 

folds as well. The silhouette edges can be identified and tied to silhouette strokes 

on the sketch which represents the discontinuous sets of non-planar curves on the 

3D model. With front and back sketches of garment, realistic 3D garment models 

can be automatically generated [51]. Several feature points from the silhouette are 

selected to show the distribution characteristics which are used to classify the 

garment types. A critical limitation for these methods is that professional 

knowledge is required for garment sketching.  
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Figure 2.2: Multi-view sketches are utilized to generate 3D garment models [61] 

For 3D reconstruction approaches based on images, 3D models are generated 

directly from garment images or videos. A multi-view stereo algorithm [19] is 

proposed to generate 3D garment models from multi-view garment images. The 

setup and data collection are quite time-consuming and expensive. Other work [50] 

utilizes sewing pattern images to predict 3D garment models. A universal method 

is proposed [50] with generative network. It is capable to handle different 

garment topologies as well as various fabric materials and sewing patterns. A set 

of colour markers are used [18] on the surface of cloth to recover dynamic 3D cloth 

mesh with consistent connectivity. A model [20] is created to extract clothing from 

a clothed person. With multi-view 3D scans as input, it can automatically segment 

each part of clothing and estimate the body pose and shape under the garment. 

Even some of the works give a nice performance, those approaches require 

specialized hardware or domain skills and they do not work with existing garment 

photos. The data collection process is time-consuming, tedious and expensive 

which make the research difficult through these approaches.  

 

Figure 2.3: Capture 3D garment models from multi-view input images [19] 
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Figure 2.4: Segmentation results from 3D scans [20] 

Recently, researchers have made significant progress in image-based 3D 

reconstruction with the benefits from learning shape representation through deep 

neural networks [52, 53, 54, 55, 56]. But due to complex geometric details, open 

surfaces and diverse topologies, it is still challenging to recover garment models 

in 3D space from a single image. So, some of the methods use parametric models 

to overcome this issue by providing shape priors of garments [34, 57, 58], while 

some other works try to reconstruct the garment mesh on top of the SMPL body 

mesh [58]. 

Image-based template reshaping is implemented by utilizing parametric human 

and garment models and estimating the shape parameters. The input of [22] is a 

single image of clothed human. With the input images, it estimates human shape 

and pose first. Then, A raw 3D mesh for the garment is created by a semi-automatic 

approach followed by recovering the details by using shape-from-shading. In this 

method, it requires user to input the outline labeling of garment and estimated 

pose parameters. Image pairs of clothed and unclothed mannequin from the same 

viewpoint are taken as input [23]. Then the drafted patterns are fitted to the input 

image by analyzing the outlines.  

Depth information is also useful in garment reconstruction. With RGBD sequence 

of a garment, a network is proposed [21] to construct garment models based on 

garment RGBD sequence. It uses Kinect to scan the garment to get raw RGBD 

sequences based on which it builds a rough shape with KinectFusion. Then the 
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garment design attributes and components will be identified by the detectors and 

classifiers from the RGB images. After that, it stitches the chosen templates based 

on the components and designs. The stitched templates are fitted to the raw 

garment shape generated by KinectFusion. 

 

Figure 2.5: With RGBD sequence as input, the network [21] detects and assembles 

the suitable components to produce a high-quality 3D garment model  

2.2 Garment Wrinkles’ Prediction 

A main part of animating digital humans in clothing is the garment wrinkles’ 

prediction. Physics-based simulation (PBS) and data-driven models are the main 

approaches used for clothing animation. For data driven models, they are 

generally learned from PBS generated data or real captures. The predominant 

approach for animating clothed digital humans is still the PBS. However, the 

classical PBS pipeline not only requires expert knowledge but also is very 

laborious and quite time consuming. To achieve desired results by PBS, it requires 

to edit the 2D garment shape with different patterns, place modified results on the 

digital character manually and finely tune the parameters. And high-quality 

animations are very computationally expensive and require simulating millions of 

triangles [24, 25, 26, 49]. So many works try to improve the efficiency by using 

low-resolution simulations to predict wrinkles [27, 28, 29, 30], or utilizing simpler 

models, such as mass-spring [33] and dynamics based on position [31, 32]. They 

sacrifice accuracy and physical correctness for higher speed.  
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Figure 2.6: Examples of physics-based simulation output [49] 

In order to make animation easier, many efforts are put on works of learning 

efficient models from PBS generated data or real data. To achieve reality, many 

works try to extract real garments on human body from images [34, 3, 35, 36, 37], 

dynamic scans [20, 38] or RGBD [39, 40] and drape them to new body shapes. But 

this only re-animates a new body shape with same motion. Some other works try 

to learn models depending on poses from real captures [41, 42, 43]. But data 

collection for these models still is a challenging part which is quite time-

consuming and high cost. Insufficient data always limits the quality of the model 

output. A good solution to this problem is to use the generated data by PBS. Some 

old models use the linear regression and nearest neighbour search to predict 

clothing deformation based on pose [44, 29, 30], or shape and pose [45].  

Most of recent research try to utilize deep learning to learn how to animate the 

garment models by related factors or data representation. Based on the 

exploration, typically three factors can influence the cloth deformations, namely 

body shape, pose and garment style. A simple two-component model is proposed 

[41] to analyse the statistics of the garment layer. The model regresses any 

semantic parameter to the layer parameterization space. It reduces the layer 

information by PCA technique and use neural network to regress the generic 

parameters. A recurrent neural network [46] is used to train a learning-based 

model to regress garment wrinkles based on body shape and dynamics. For a 

given 3D body, Graph-NNs [47] is utilized to adjust the 3D garment template 

according to the body. By deep network technique, the features of garment are 
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extracted at different detail levels, such as point, patch and global features. These 

features are then fused to model the body-cloth interactions. Some other methods 

[44, 42] predict pose effect on garment deformation for a fixed shape. DeePSD [10] 

focuses on the generalization of the model for various of garment styles. It utilizes 

graph convolutional network and MPL by unsupervised learning to propose a 

methodology which is capable to work with cloth of multiple layers, various 

topologies and complexity. The method can generalize to completely unseen 

garments with complicated details as well. What is more, the model achieves real 

time performance and can be deployed on portable devices efficiently. 

 

Figure 2.7: Output of DeePSD [10] with diverse topologies and multiple layers 

TailorNet [2] utilizes deep learning techniques to predict wrinkles of clothing in 

3D depending on body shape, pose and garment style. In the heart part of 

TailorNet, the deformation is decomposed into high and low frequency 

components, which are predicted separately. An MLP is used to estimate the low-

frequency component based on the three factors, while the high frequency 

component is estimated based on shape-style models with specific pose. This 

strategy solves the over-smooth issue faced by previous works. It not only can 

retain the detailed deformations but also is much faster than the PBS method.  

Instead of directly handling the animation in 3D space, the 3D task is converted to 

2D task [7] by representing 3D garment deformation as 2D RGB images. Then the 

animation of a 3D cloth can be implemented through a sequence of the RGB images. 

With the RGB images, it learns the garment deformations by CNNs in image space.  
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Figure 2.8: Output predicted in 2D space comparing with ground truth [7] 

Deepcloth [8] can describe garments with various topologies and shapes by 

representing geometry of garment with the “UV-position map with mask”. With 

the garment features learned from the UV space, it can edit and transit garment 

shape. PBNS [11] proposes an unsupervised method to learn realistic cloth 

deformations in pose space for clothed humans by using deep learning. With 

unsupervised methodology, it overcomes the issue of lacking data. It shows 

consistent animation results for garments and meaningful wrinkles and folds 

depending on poses, but the training efficiency is not high. 

2.3 Garment Texture Transfer 

In order for the generated garments to be more realistic, texture transfer is an 

important part. Texture transfer aims to transfer the texture from 2D garment 

images to 2D or 3D garment models. It is still a challenging task even there are 

many techniques are developed to assist the process. The most difficult parts lie 

in synthesizing the partial textures generated from multiple views and learn the 

correspondence between textures and garment models.  

There are mainly five research lines for the past works, namely image-based 

person re-posing [68, 73, 74, 75, 76, 77, 78, 79], image-based virtual try-on [80, 

81, 82, 83, 84, 85, 86], exemplar-based image translation [96, 97], fitting 3D SMPL 

human models to images [34, 35, 36] or mapping texture to 3D meshes of 3D 

scanning people or 3D garment templates [1, 4, 20, 87, 88]. 
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Image-based person re-posing tries to learn human body structure and 

appearance details and then produce novel poses of the same person with texture 

by synthesizing image pixels. With the new Soft-Gated Warping Generative 

Adversarial Network, several challenging problems are resolved [68], such as 

different viewpoints, occlusions and significant changes in appearance, by 

introducing the spatial displacements and geometric variability. VariGANs [73] 

predicts the overall appearance of object by variational inference. Instead of a 

single pass, it generates the target image from coarse to fine. The coarse-to-fine 

strategy is implemented in other methods [74, 82] as well. The pose, foreground 

and background factors of the input image can be manipulated by learning a 

disentangled representation of these factors and samples new embedding 

features to generate textured human images, which provides more control in the 

process of generation [75]. 

A fully unsupervised strategy [76] is proposed by using generative adversarial 

learning to render the same human with new pose. It can not only synthesize the 

parts visible in the input image for novel views but also hallucinate those that are 

invisible. A Generative Adversarial Network [77] is proposed with deformable 

skip connections in its generator. The network can resolve the problem of pixel 

misalignment due to the differences among poses. Instead of common L1 and L2 

losses, it utilizes the nearest-neighbour loss to improve the matching of details 

between the output and target images. An image is first split into body part and 

background layers [78]. Then the body appearance is adjusted according to new 

pose and the hole of the background layers is filled, followed by synthesizing the 

new appearance with the filled background to generate new image with target 

pose. A generative network [79] is built which consists of three parts, an 

appearance encoder, a semantic map encoder and an appearance generator. The 

appearance of image is extracted by the appearance encoder while the semantic 

map is generated through the semantic map encoder. Under the guide of the 

reference image and semantic map predicted, it synthesizes texture for the output 

images. 
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Source Image               Target Pose     Synthesized Image 

Figure 2.9: Example for image-based person re-posing [78]. It takes source image 

and target pose in 2D skeleton to generate human image with texture for new pose 

Image-based virtual try-on is to transfer garment texture from one person to 

another in image space. Swapnet [80] splits the process into two processes: 

separating the clothing features from the human body in the input image and 

synthesizing the clothing texture onto a novel human body. The training pairs are 

generated from single image through data augmentation by utilizing a weakly 

supervised approach. The appearance can be automatically transferred from 

person-to-person based on explicit representations of 3D parametric human 

model and synthesis of photographic image through deep translation network 

[81]. With a pair of source and target images as input, the texture of source image 

is transferred onto the target image without changing clothing segmentation 

layout and target shape [81]. Similar to [73, 74], Viton [82] also takes the coarse 

to fine strategy. It first synthesizes a coarse image of the target garment item and 

wears it on the human. Then it uses a refinement network to refine the initial 

blurry areas. Instead of computing the correspondences of interest points, the 

clothes are transformed to human body by a thin-plate spline transformation 

learned through a Geometric Matching Module [83]. The boundary artifacts are 

alleviated by a Try-On Module for warped clothes and the output looks more 

realistic through a composition mask which integrates the rendered image and 

warped clothes [83]. For a given person with desired pose, Vtnfp [84] first 

transforms the target garment to warped form which is compatible for the 

preferred pose. Then, it delineates clothing and body parts by a segmentation map, 

after which, it synthesizes the image by fusing the person image, warped clothing 

and segmentation map. It can better retain the features of clothing and body. With 
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a person image as input, a new image can be produced by synthesizing desired 

clothes with the input image [85]. The image can be adjusted according to 

preferred human poses [85]. From the target image, a human parsing map is 

synthesized which is utilized to fit the target pose and shape of clothes. The clothes 

appearance is then warped into the parsing map. The texture details of clothes are 

recovered by a refinement render and it uses the masks of multi-pose composition 

to remove some artifacts. 

 

Figure 2.10: Examples for image-based virtual try-on [85]: with a reference human, 

target cloth and pose, it transfers the garment texture to the human under the 

desired pose 

The exemplar-based image translation methods [96, 97] focus on synthesizing 

realistic images from the input in a distinct domain with an exemplar image. The 

output has consistent style, liking the color and texture, with the semantically 

corresponding objects in the exemplar.  

Although much research has been conducted in image space, recently more and 

more research start to focus on texture transfer in 3D space. Most of the works try 

to fit the 3D SMPL human models to images or mapping texture to 3D meshes of 

3D scanning people or 3D garment templates. Multi-garment [34] takes a few 

frames of a video as input to predict the clothing draped over the SMPL model. It 

can reconstruct the garments individually and transfer the geometry and texture 
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of the predicted garments to a novel human model. Octopus [35] improves the 

alignment between the input and output images by allowing the information to 

flow both forward and backward with bottom-up and top-down streams.  

 

                       Source Images                Target                Re-dressed Target 

Figure 2.11: Examples for fitting 3D SMPL human models to images [34]. With 

target body shape and pose, it transfers the texture from source image onto the 

target human model 

The geometry and texture can be inferred by image-to-image translation in UV 

space [41]. With segmentation layout maps and partial textures from input image, 

the method can predict the complete segmentation, texture and a displacement 

map. The multi-mesh representation is introduced by Clothcap [20] to fit 

sequences of 3D scans for predicting high quality capture and segmentation. With 

the segmented cloth pieces, it renders them to produce plausible clothing layered 

appearance. It requires 4D scanned point cloud with texture as input. Double 

depth maps are employed in the non-parametric approach [88]. The first depth 

map is visible while the other one is “hidden”. With the 2D maps, higher resolution 

output can be generated with much lower dimension. An obvious disadvantage for 

these methods is that they require 3D scanning dataset, collection of which is very 

time-consuming. To solve the issue of lacking 3D scanning dataset, pix2surf [1] 

suggests building a dense mapping from garment images to the surface of 3D 

garment. The clothing images can be easily collected. It takes pairs of front and 

back garment images as input to train the model by aligning a parametric 3D 

garment model to these clothing images non-rigidly.  
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Figure 2.12: The model in pix2surf [1] learns the mapping between the images and 

the 3D parametric garment model. Given a garment image, it can transfer the 

texture onto the garment. 
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Chapter 3 

Unsupervised Garment Mesh 

Reconstruction 

3.1 Introduction  

Most of recent research only focus on one part of the garment virtual try-on. Even 

some works have done a good job, but it is difficult to combine them together to 

create an end-to-end pipeline which starts from normal 2D garment images and 

ends with animating the 3D garment models according to different human pose 

and shape in virtual environment. In view of this, we try to improve the TailorNet 

model [2] by adding our garment mesh reconstruction network.  

TailorNet proposes a pipeline to animate 3D garment models by predicting the 

wrinkles depending on different garment style, human pose and shape. The 

deformation is decomposed into high and low frequency components to improve 

the over-smooth issue. A MLP is used to predict the low-frequency component 

based on the three factors while the shape-style models of specific pose are 

utilized to predict the high-frequency component. K prototype shape-style pairs 

of high frequency deformation are computed separately and an RBF kernel is used 

to mix the K prototype pairs to generate the final deformations for high frequency. 

Then the predicted high and low frequency components are synthesized to 

generate the unposed garment output. After that, the standard skinning is used to 

pose the output to desired pose. The 3D garment models reserve the wrinkle 

details from PBS while it runs much faster than PBS. TailorNet generates more 

realistic wrinkles than prior works. 
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Figure 3.1: Overview of the TailorNet. With the input of garment style γ, body pose 

θ and human shape β, high and low frequency components of the garment 

deformations are predicted separately.  

Even the network gives a nice result on predicting the wrinkles of garments, it is 

not fitted to real images. It can only be applied for 3D garment models. So users 

need to input the 3D garment style parameters before running the network. This 

may give troubles if the users are not familiar with 3D garment models. And the 

style parameters are difficult to be estimated directly by users. Therefore, we 

propose our network to solve this issue and mix it with TailorNet to create a new 

network which can automatically generate the 3D garment model style 

parameters from real images and enable the network to start from real images.  

Most of the prior works for 3D garment model reconstruction require either 

ground truth or complex input data. The lack of dataset will be a big problem. Even 

the data can be collected by the researchers, such as the 3D scans and simulations, 

it generally takes a quite long time and the cost is quite high. To avoid the 

inconvenience faced by previous works, unsupervised learning has been 

implemented in our network. It is able to utilize the widely available online 

garment images to train the model.  

In our network, it first uses multiple levels of convolutional layers and maxpooling 

layers to deal with the input garment images and followed by a MLP network. We 

have conducted extensive experiments to test the network on various types of 

garment images. The results show that the network is capable to predict the 3D 
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garment style parameters properly under various circumstances, such as long or 

short sleeve, long or short vertical length, wide or narrow horizontal width and so 

on. It also can work properly when the garment appears in different positions in 

the image. 

3.2 Methodology 

3.2.1 Problem Formulation 

As our purpose is to improve the completeness for an end-to-end garment mesh 

animation from image inputs, we need to build a network to link the input image 

and the TailorNet model as well as modify the TailorNet model to assist the 

training process of the new network.  

In order to link the input image to the TailorNet model, a garment mesh 

reconstruction network is proposed which takes garment 2D images or masks as 

input to infer the 3D garment model. Here we take only the front-view of the 

garment images which is easy to collect from various sources, such as online 

shopping websites, existing garment image datasets and so on. The output will be 

garment style parameters that can be directly fed to TailorNet model for 

animation purpose.  

3.2.2 Overall Pipeline 

Based on the analysis in problem formulation, the following overall pipeline is 

proposed. In our approach, it includes two parts. The first part converts input real 

garment images to 3D garment mesh style parameters, which can be directly 

utilized in animating of 3D garment models. In this part, unsupervised learning is 

implemented, which allows to train the model simply by the widely available 

online garment images. It is also able to give stable output when the location of 

garment is shifted in the image. The second part is to animate the 3D garment 

mesh based on body pose, shape and the garment style parameters predicted in 

the first part. The first part is newly added and the second part mainly is inherited 
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from the TailorNet model. With these two parts of networks, the model allows to 

animate the garment model in 3D space from 2D real images. More technical 

details will be further explained in the following sections. 

 

Figure 3.2: Overview of the network architecture. The network can be divided into 

two main parts. Part 1 (Newly designed) mainly focuses on predicting the garment 

style parameters from input garment images while part 2 (Inherited from 

TailorNet) focuses on animating the 3D garment model based on human pose, 

shape and the garment style predicted from part 1. 

3.2.3 Details of Model Architecture 

Part 1 focuses on predicting the style parameter of the 3D garment model from 2D 

image input. It is an unsupervised optimization network without referencing any 

3D information of the input images by matching the silhouette between the 

garment image/mask and the projection of the generated 3D garment model. The 

working theory is shown in the following diagram: 
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Figure 3.3: Illustration of working theory for part 1 of the network. It takes 

garment image or mask as input and the network is optimized by calculating the 

matching loss between the input image and projection of the generated 3D 

garment model 

In order to achieve the above process, deep learning architecture is implemented. 

The core architecture of part 1 of the network starts with three convolution and 

maxpooling layers. This part is to do some initial treatment of the input images 

and reshape the input images to desired dimensions. It is followed by a MLP 

network to predict the 3D garment style parameters based on the output of the 

convolution and maxpooling layers. Then the predicted garment style parameters 

are fed to the garment mesh generator to generate the 3D garment mesh. With the 

generated 3D garment mesh, we project the vertices onto 2D images. Then the 

projected 2D vertices are compared with the input image to optimize the network 

until the network is stable. In this part, the input can either be 2D real garment 

images or their masks. 
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Figure 3.4: Overview of the core architecture of part 1 of the network 

The architecture of the second part of the network is modified based on TailorNet 

model with minor changes to adapt to the whole network. The details of the 

network have been elaborated in part 3.1. The main difference is that the garment 

style parameters now is predicted instead of being given by users. Choosing this 

model as the second part is because it has the following outstanding performances: 

First, it predicts garment wrinkles based on three factors, namely body shape, 

body pose, garment styles, which is more reasonable compared with other models 

based on one or two of the three factors. Second, it can retain the garment wrinkles’ 

details. It solves the over-smooth issue by decomposing the deformations into low 

and high frequency components and predicting the high and low frequency 

components separately. Lastly, both training and prediction efficiency are very 

high. Unlike other models, which may take several days for training, TailorNet only 

takes a reasonable time of several hours for training with excellent training results.   

3.2.4 Loss and Training 

From the architecture above, we know that the part 1 of network does not require 

any ground truth during training. Unsupervised learning is utilized in this step by 

calculating the matching loss between the input image/mask with the projected 

garment mesh vertices. Before we calculate the matching loss, we must align the 

position of the garment or its mask in the input image with the projected mesh 

vertices. Otherwise, the training process will be wrongly guided. After alignment 

of the position, the training loss will be the MSE matching loss of the pixel values 
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between the input garment or its mask image and the projected mesh vertices 

image pixel-wisely: 

𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝐿𝑜𝑠𝑠 =  
∑ (𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑒𝑑_𝑚𝑒𝑠ℎ_𝑣𝑒𝑟𝑡𝑖𝑐𝑒𝑠[𝑖] − 𝑖𝑛𝑝𝑢𝑡_𝑖𝑚𝑎𝑔𝑒/𝑚𝑎𝑠𝑘[𝑖])2𝑛

𝑖=1

𝑛
 

The projected mesh vertices are in black colour which has a pixel value of 0 and 

its background colour is white which has a pixel value of 255. Similarly, the 

background colour of input images is also white. In the above equation, we 

compare each pixel pair of input image and the image of projected mesh vertices. 

The training loss is calculated by summing up the square of the differences first 

and then divided by the total number of pixels to get the mean square error (MSE). 

As illustrated in Figure 3.5, If the area of projected mesh vertices is much smaller 

than that of the garment or mask, many background white pixels from the 

projected mesh vertices image will be compared with the coloured pixels from 

garment image or black pixels from the mask image, which will make the training 

loss very large. So it will enlarge the generated mesh to reduce the loss. Similarly, 

if the area of projected mesh vertices is much larger than that of the garment or 

mask, many black vertices from the output image will be compared with the white 

background pixels from garment or mask image, which will make the training loss 

very large as well. So it will reduce the garment mesh size to decrease the training 

loss. Thus, the generated 3D garment mesh will be gradually fitted to the input 

garment image or mask during training. 

                    

Figure 3.5: An illustration of the training process. To minimise the loss, the 

network will drive the outputted garment style parameters to generate garment 

mesh which overlaps with the input image/mask as much as possible. 
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3.3 Experiments 

3.3.1 Datasets 

Front-view is the only requirement for the images. As no other specific 

requirements for the input garment images, so the dataset can be sourced from 

anywhere and it does not need any 3D information about the images. We have 

collected 1150 RGB T-shirt images from various sources, such as online stores 

Zalando, Jack and Jones, open-source dataset Fashion Usage and so on.  Some of 

the photos are downloaded from the websites while some of them are directly 

selected from existing open garment datasets. To train the model properly, we 

have collected T-shirt images with various styles, such as long/short sleeves, small 

and large sizes, wide or slim styles and so on. Out of the 1150 RGB images, 80% of 

them are used for training while 20% of them are used for testing. The dataset is 

split randomly. 

 

Figure 3.6: 2D garment image dataset collected from various sources  

Generally, due to actual garment images are taken from actual garments, they are 

lacking extreme cases, such as extreme long sleeves. To test the model with 

extreme cases, I have generated some 2D garment masks, some of which have 

extreme long sleeves, extreme short sleeves, extreme short vertical length and 

extreme long vertical length. There are totally 850 mask images generated, 
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varying evenly from short to long vertical length, short to long sleeve length and 

slim to fat. Similarly, the dataset is split into training and testing dataset randomly, 

where 80% of them are used for training and 20% of them are used for testing. 

 

Figure 3.7: 2D garment masks generated with various and extreme garment styles 

3.3.2 Implementation Details 

As described above, our model is consisting of three layers of convolutional and 

maxpooling layers followed by an MLP with two hidden layers. Unsupervised 

learning is implemented in the training process. First the input images are 

relocated to the centre and followed by being reshaped to 256 x 256. Other 

reshaping sizes also can be applied depending on your own decision and 

requirement of training efficiency. The pairs of the setting of input and output 

channels of the three convolutional layers are (3,6), (6,12) and (12,12) with kernel 

size of 3. The size of maxpooling layer is (2,2). The input size of the MLP layers is 

12288 and those of the two hidden layers are 1200 and 100. The output size is 4. 

The input images are shuffled before feeding to the model to smooth the training 

process. The optimizer used is the Adam with standard settings except the 

learning rate. During training, the learning rate is gradually reduced every two 

epochs to make the training process easily converge.  
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3.3.3 Experimental Results 

In this section, we will show the testing results with various inputs, including the 

normal 3D garment RGB images as well as the garment masks with extreme 

garment styles. Then, we combine the part 1 3D garment mesh reconstruction and 

part 2 3D garment animation to show the overall output.  

Test with 2D RGB garment images Some testing results are shown in 

Figure 3.8 with RGB garment images as input. From Figure 3.8, we can see that the 

network can work properly with different styles of garments. The vertical length 

of the generated 3D garment mesh is adjusted properly according to the input 

image. We can see obvious increase in vertical length of the generated 3D garment 

meshes with increasing of the vertical length in input images. Similarly, the output 

varies its width properly according to the width of input image as well. But for real 

2D garment images, it is difficult to find some extreme examples, such as very long 

or short sleeves, very short vertical lengths and so on. So we have generated some 

garment masks with extreme designs as well as normal designs to test the model’s 

adaptation ability which will be shown in the next subsection. 

 

Figure 3.8: Overview of the test outputs of the network. The upper row is the input 

2D RGB garment images which are split out from the dataset before training. The 

lower row is the corresponding projected 3D garment mesh vertices from the 

generated 3D garment meshes during testing. 
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In addition to the qualitative results, we have collected the quantitative results as 

well by measuring the different parts of the projected 3D garment mesh vertices 

from the generated 3D garment meshes as well as those parts of the input images 

to do comparison. The measurements are collected in pixel length. Three parts are 

measured, namely the sleeve length, vertical length and mid-width. The 

measurement method is shown in the following illustration: 

 

Figure 3.9: Illustration of the measurement method for garment 

 Sleeve Length Mid-width Vertical Length 
Variance 0.07% 0.22% 0.06% 

Standard Deviation 2.72% 4.72% 2.41% 
Average 4.76% 6.44% 4.20% 
Median 4.49% 5.53% 4.07% 

75th Percentile 6.52% 7.95% 5.88% 
25th Percentile 2.44% 3.01% 2.26% 

Table 3.1: Difference in percentage of the measurements of sleeve length, mid-

width, and vertical length between input garment RGB images and the projected 

3D garment mesh vertices of the outputs.  

We have measured all 230 pairs of testing results. First, we measure the sleeve 

length, mid-width and vertical length for both testing input and output images 

separately. Then, we calculate the difference between them and convert the 

difference into percentage. After that, statistical quantities are calculated for 

analysis. The statistical data is summarized in the table above. From the data, it 

shows the average difference for sleeve length is 4.76%, while the median is 4.49%, 

which is close to the average. The 75th and 25th percentile are 6.52% and 2.44% 

respectively. The standard deviation is 2.72%, which shows that the variation is 
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not much. The data of vertical length is similar to those of sleeve length. The 

average difference of mid-width is slightly worse comparing to the other two, but 

it is still not bad with a value of 6.44%. The standard deviation also is slightly 

larger. 

Test with generated 2D garment masks  Examples of testing results with 

the generated garment masks as input are shown in Figure 3.10. From Figure 3.10, 

we can clearly see that the generated 3D garment meshes are quite well fitted to 

the input garment masks, even some of the garments have extreme designs. 

Example 1 provides a super long sleeve and short vertical length and example 3 

has a super long sleeves and wide width. With these extreme cases, the network 

still can properly adjust the outputs to produce similar 3D garment models. The 

sleeves of the generated 3D garment models for example 1 and 3 is much longer 

than the rest. And from the slimmest example 4 to the widest example 3, the 

generated 3D garment models give an obvious increase in the width. With the 

increasing of vertical length from example 4 to example 6, the vertical length of 

the generated 3D garment models is significantly extended. From these results, it 

shows that our model is capable of dealing with various styles of garments as well 

as able to take garment RGB image or mask image as input. 

 

Figure 3.10: Overview of the test outputs of the network for the inputs of garment 

masks. For each pair, the left side is the input garment mask, and the right side is 

the corresponding test output of projected 3D garment mesh vertices from the 

generated 3D garment mesh. 
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 Sleeve Length Mid-width Vertical Length 
Variance 0.15% 0.08% 0.03% 

Standard Deviation 3.86% 2.89% 1.72% 
Average 6.41% 4.61% 2.08% 
Median 6.17% 4.44% 1.53% 

75th Percentile 7.94% 6.71% 2.98% 
25th Percentile 3.79% 2.11% 0.65% 

Table 3.2: Difference in percentage of the measurements of sleeve length, mid-

width, and vertical length between input garment mask images and the projected 

3D garment mesh vertices of the outputs. 

Similarly, we have measured all 170 pairs of testing results for the sleeve length, 

mid-width and vertical length for both testing input and output images separately. 

The difference between them is converted into percentage and the statistical 

quantities are summarized in Table 3.2. The average difference of sleeve length is 

higher than the other two, which may be due to the extreme long and short cases. 

But it is still reasonable with a value of 6.41%. And the 75th percentile is 7.94% 

that is not much different from the average. Data of mid-width shows better 

results comparing with the previous RGB images. Especially the vertical length 

gives the best result across all the testing results with an average difference of only 

2.08%. The 75th percentile is only 2.98% that shows most of the cases with a 

difference under 3%, which is accurate.  

Test with input images without aligning positions As mentioned above, we 

must align the position of the garment or its mask in the input image with the 

projected mesh vertices to avoid abnormality. Now let us explore what will 

happen without alignment and the same sets of garment and mask images in 

previous two sections are used for easy comparison. 

The results are shown in Figure 3.11 and 3.12. Figure 3.11 is for RGB input images 

and Figure 3.12 is for mask input images. From the images we can see that the 

position of the garments and masks in input images have not been aligned with 

that of the projected mesh vertices. The position of some garments and masks are 

shifted to the right side, left side, upper part or lower part comparing to the 

position of the projected mesh vertices.  
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From the output, we can find that most of the projected mesh vertices images are 

abnormal. For example, the second input garment is smaller than the first one, but 

the output of second pair is larger than that of the first pair. Similarly, the outputs 

of the 3rd, 4th, 6th, 7th and 8th pairs become much smaller comparing with the results 

from the previous section. While the outputs of the 5th, 10th and 11th pairs become 

much larger than before. This is because the misalignment between the input 

garment or mask images and the projected mesh vertices misleads the comparison 

between the input images and the output image as well as the calculation of the 

loss.  

Based on the analysis of the experiment results, it clearly indicates that we must 

align the positions first before both training and testing in order to get proper 

outputs from the network.  

 

Figure 3.11: Overview of the outputs from the network for the RGB garment input 

images without alignment. The first row is the input RGB images and the second 

row is the outputs from network.  
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Figure 3.12: Overview of the outputs from the network for the mask input images 

without alignment. There are totally 6 pairs and for each pair, left side is the input 

mask images and the right side is the corresponding output from network 

Overall output of the whole network Now let us combine the part 1 and part 

2 of the network to take a look at the overall results. In Figure 3.13, we have 

selected some outputs as examples. Two real images and two generated garment 

masks are chosen. The selected garment images and masks have various styles: 

short vertical and long vertical length, short and long sleeves, slim and fat. For the 

first two real images, the second one has a larger size. The generated 3D garment 

mesh is larger as expected. When the generated 3D garment meshes are worn on 

3D human models, it is also obvious that the second one is longer and looser than 

the first one. The fourth image has a much longer sleeve than others. Comparing 

the outputs of the fourth one with others, it clearly shows a longer sleeve than 

others for both the generated 3D garment mesh and the garment mesh worn on 

human body. What is more, the fourth one is the fattest. From the results of 

garment meshes draping on human body, they also properly show this difference. 

From the observations, the overall output of the whole network is good and as 

expected.  
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Figure 3.13: Overall test results of the whole network including 3D garment mesh 

generation and animation for some specific poses. The input of first two rows are 

real garment images while that of last two rows are generated garment masks. The 

first column is the input of the network, and the second column is the projected 

3D garment mesh vertices. Column 3 to 7 are the animation results. 

In Figure 3.14, we show a sequence of frames of animation results for selected 

examples. The first one selected is from actual images and the second one is from 

generated mask images. The first image has a longer vertical length than the 

second one while it has shorter sleeves. And the width of the first image is slimmer 

than the second one. From the animation results, we can clearly see these 

differences. The T-shirt mesh completely covers the hip for the first example while 

part of the hip is exposed for the second example. And the second example are 

obviously looser than the first one which is consistent with a larger width. The 

wrinkles predicted in the sequence of frames are quite realistic compared with the 

real ones in our daily life. The whole animation videos are available in the link 

Example 1 and Example 2 respectively. 

https://drive.google.com/file/d/1k99DGZ5Ijv4GNlqDCdYydAccOUBphR-m/view?usp=sharing
https://drive.google.com/file/d/1EVBbpWvFMxA6g-d8FP8BQZE380eOdY8H/view?usp=sharing
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Figure 3.14: Sequences of frames of animation results 
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Chapter 4  

Conclusion and Future Work 

4.1 Conclusion 

This work has addressed two problems, namely unsupervised learning and 3D 

garment mesh generation. The output of the network is acceptable by garment 

animation models. The network allows any front-view garment image as input. It 

greatly contributes to the availability of datasets. The generated 3D garment 

meshes are properly adjusted according to different garment styles even the 

garment styles are extreme cases. They can be easily utilized by the garment 

animation network to be animated in 3D space. The training efficiency is high and 

it can finish the training in several hours with excellent training results. This work 

provides a significant step forward for the application of 3D garment animation 

which allows the network to start from real 2D garment images instead of 3D 

garment meshes. It makes the model easier to be used by people who do not have 

any knowledge about 3D modelling and users can simply run the model by 

providing a garment image as input. 

4.2 Future Work 

Two further works can be considered in the future: 

Garment texture transfer In our work, we mainly focus on the 3D garment 

meshes’ generation. Another important part is the garment texture transfer. It is a 

process that extracts texture from 2D images and then maps the extracted texture 

onto the 3D meshes. In the future, we can continue to work on mapping the 

garment texture onto the 3D garment meshes. Together with the wrinkles 



 

 43  
 

predicted by the animation network, it will make the animated 3D garment models 

look more realistic.  

 

Figure 4.1: Possible network for the future work. Add two new parts 3 and 4. Part 

3 is for predicting human pose and shape while part 4 is for texture transfer from 

image to 3D mesh. 

Human pose and shape prediction In order to make the network be 

completely automatic, we can add the human pose and shape prediction part in 

the future. This will enable the network to predict the human pose and shape 

parameters directly from an image of human body. In the figure above, we have 

proposed a possible network with all of these parts which can be working on in 

the future. With all these parts, the network will be able to automatically predict 

all the necessary information for 3D garment animation from 2D input images. The 

output will be a clothed human with the garment texture and style same as the 

input garment image and the wrinkles predicted based on garment style, human 

pose and shape. This will be extremely useful in online shopping of clothes. It can 

immediately give consumers an overview of the dress simply with a photo of the 

garment and a selfie. 
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