
 

 

ABSTRACT 

XIA, SIBEI. Predict 3D Body Measurements with 2D Images. (Under the direction of Dr. 

Cynthia L. Istook and Dr. Andre J. West). 

 

Body measurement has been used in the apparel industry in multiple ways. It helps 

apparel shoppers select the right size of clothing to purchase, and may assist them in customizing 

products and fitting digitally in the further. The demand for measuring body dimensions 

conveniently and cost-effectively has been growing. Traditional manual measurements and the 

three-dimensional (3D) whole-body scanning measurements are not suitable for this job due to 

low accuracy and high cost. The advancement of imaging techniques provides potentials to 

develop body measurements system using devices, such as the smartphone and smart pads. 

The purpose of this research is to build the foundation of a body measurement system 

that can measure users cost-effectively on a daily base. The system uses two-dimensional (2D) 

images and one-dimensional (1D) questionnaires as the source data and can calculate 3D body 

measurements, for example, the girth measurements. Four stages of data analysis were designed 

to solve four developed research questions. The existing SizeUSA 3D anthropometric dataset 

and a newly collected dataset with 1D, 2D, and 3D data of 78 subjects were used. Scikit-learn, 

Scikit-image, OpenCV-python, and TensorFlow application programming interface (APIs) were 

referred.  

Four representative measurements, namely bust girth, waist girth, hip girth, and inseam 

leg length, were analyzed in this research. The least absolute shrinkage and selection operator 

(LASSO) method with Akaike information criterion (AIC) for model selection was first applied 

on the SizeUSA data to narrow down the number of measurements needed to be extracted from 

2D images. Ten width, depth, and height measurements, plus weight were found to be essential 

to predict the representative measurements. The ten resulted measurements were extracted from 



 

 

2D images of the 78 recruited subjects using image processing algorithms developed in this 

research (2D measurements). The weight info was collected through a questionnaire filled by the 

subjects (1D demographic). The second round of LASSO models with AIC was trained using the 

2D measurements and 1D demographic as the dependent variables to estimate the representative 

measurements extracted from the collected 3D scans. The generated models work as the 

backbone for the designed body measurement system.   

Within the four generated prediction models for the four representative measurements, 

the hip girth model performed the best with the R2 value equaled to 0.926 for underwear 

prediction and 0.943 for apparatus prediction. The waist model performed the worst with the R2 

value equaled to 0.614 for underwear prediction and 0.589 for apparatus prediction. This was 

because the apparatus fitted closely at the hip level while it created extra space at the waist level. 

The result can be improved by revising the apparatus design and the image processing 

algorithms.  

In summary, the research proved that it is possible to predict 3D body measurements with 

2D images. The findings of this research can serve as the foundation for the designed body 

measurements system that measures users with their smart devices. Such a solution is cost-

effective and can quickly be adopted by consumers. An apparatus was designed as part of the 

system to serve as a measurement tool and to protect the user’s privacy at the same time. The 

developed system can measure hip circumference within the error range accepted by the apparel 

industry for size selection. Its performance can be improved by revising the apparatus design and 

train the model with more data.  
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CHAPTER 1. INTRODUCTION 

Body measurement data has been used in the apparel industry for multiple areas such as 

drafting patterns, generating sizing and grading rules, making decisions on manufacturing, 

customizing clothing, selecting sizes, and fitting digitally (Chun, 2007; Gill, 2015; Hsu, 2009; 

Istook, 2008; Joseph-Armstrong, 2009; Schofield & LaBat, 2005). Depending on the fields of 

application and types of design, different types of measurements are used, and the importance of 

each measurement varies (Gill, 2015). Primary and secondary measurement lists are published in 

standards to guide the measurement collecting process (ISO, 2008, 2010, 2017a, 2017c).  

Because body measurements are useful, developing and exploring body measuring 

technique has been a popular area. There are many ways to collect body measurements. 

Traditionally, body measurements are collected manually through tape measures, 

anthropometers, and calipers (Bye, Labat, & Delong, 2006; Kidwell & Christman, 1974; 

Roebuck, 1995). However, this process is time-consuming and has low consistency (Bond, 2008; 

Gill, 2015). A modern way of measuring bodies is through three-dimensional (3D) whole-body 

scanners. This method is faster and more accurate than the manual methods (Daanen & Ter Haar, 

2013; Gill, 2015; Istook, 2008). However, the cost of a 3D whole-body scanner is relatively high 

which makes it not applicable for daily use by apparel shoppers. There are also some complaints 

from customers regarding the privacy of the data and being captured in their underwear, because 

most 3D scanners don’t see through clothing and the less clothing worn by the consumer, the 

more accurate the result may be (Grogan et al., 2017; Loker, Cowie, Ashdown, & Lewis, 2004). 

With the increased scanning speed, handheld scanners can potentially be used to measure a body. 

However, no body measurement extraction program is currently shipped with any handheld 

scanners (Fuel 3D Technologies Limited, 2017; Occipital Inc., 2017).  
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Two-dimensional (2D) images have become a popular solution for capturing body 

information because (1) the capturing device has low cost, (2) the images can provide acceptable 

results, and (3) image analyzing application programming interfaces (APIs) has become more 

powerful and accessible (Daanen & Ter Haar, 2013; Lin & Wang, 2011, 2012; Saito, Kouchi, 

Mochimaru, & Aoki, 2012; Seo, Yeo, & Wohn, 2006). The 2D cameras can’t capture as much 

information as the 3D whole body scanner when only a few images are taken. But based on data 

collected through these 2D images, unknown body information can be derived using different 

methods such as parameterized 3D templates and statistical prediction models (Meunier & Yin, 

2000; Seo et al., 2006; WO 2013/175228 A1, 2013). However, 2D image body measuring 

techniques have not been commercialized yet. Most published research have high requirements 

for background colors to be able to segment bodies from backgrounds (Lin & Wang, 2011; Seo 

et al., 2006). Privacy is still a concern (Grogan et al., 2017). To help solve these problems, 

devices have been designed and tested (elasizer, 2017; US 2015/0081468 Al, 2015; US 

2002/0166254 Al, 2002). These devices can protect customer’s privacy and make it easier to 

identify body measurements. However, they may also influence body measurements.  

With the possibility of 2D images, the assistance of the apparatus, and the capability of 

data mining and image processing techniques, it is feasible to combine all the threads and 

develop a body measurement system that can be used by customers to monitor their body shapes 

on a daily base at home. Because body measurements are useful and no commercialized body 

measuring system for home use is currently available on the market, such a measuring system 

could be valuable.  
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1.1. Purpose of research 

Based on support statements from the background research, it is valuable and doable to 

develop a body measuring system that can be used by customers on a daily base at home to 

measure their bodies at the right measuring locations. Two-dimensional (2D) image techniques 

have potential and are qualified candidates for the development of a personal measurement 

system. The purpose of this research was to build the foundation of a body measurement system 

that used the 2D image technique. Such a system should work with an apparatus to solve 

customer’s privacy concern, to reduce the requirements for the background for body 

segmentation, and to simplify the process of finding a measurement location. The body 

information exported directly from the 2D images plus the information derived indirectly using 

prediction models built through this research have the potential to be generalized to all primary 

measurements and most secondary measurements needed to design clothing. Image processing 

techniques were used to analyze the 2D image data and data mining techniques were used to 

build the prediction models. 

 

1.2. Research questions 

To guide the study, the following research questions were developed. Can a novel body 

measurement system be developed that: 

(1) could be easily adopted by consumers; 

(2) provide data that is precise, valuable and appropriate for making better online clothing 

purchase decisions where determining size is an issue; 

(3) alleviate privacy concerns related to internet transmission of personal images; 

(4) increases in precision over time as it learns with artificial intelligence. 
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1.3. Rational of research 

The developed system is an efficient and cost-effective way to measure a body. Because 

most clothing shoppers have access to a smart device that can take pictures, it costs almost 

nothing for them to use the developed system. Most smart devices have internet access which 

offers further opportunities regarding utilizing the body information. Customers can access their 

current body measurements at any time and anywhere. The body measurements collected 

through the developed system can be used to select garment sizes, create online 3D avatars, 

customize clothing patterns, and track customer’s fitness. The new system solves issues related 

to existing systems such as the high cost of 3D whole-body scanners, measurement extraction 

dilemma of handheld scanners, and low-quality results from manual measuring techniques. 

Overall, the developed body measuring system is innovative and vital for but not limited to the 

apparel industry.   

 

1.4. Limitations  

Regarding the newly collected data, the data could not represent the whole population.  

Regarding the image processing step, images were taken in similar environment and 

background with some variances. It is not robust to other situations.  

Regarding the apparatus, the design was not contracted enough to the background and the 

arms were problematic for the side images.  

When comparing different ways of finding the waist level, all the records of the best 

method were selected by the researcher who may be biased.  
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CHAPTER 2. LITERATURE REVIEW 

2.1. Use of anthropometry in the apparel industry 

Anthropometry, meaning human measurement in Greek, refers to data about human 

physical characteristics that are collected scientifically (Gupta, 2014). Examples of 

anthropometric data are body dimensions, body volumes, masses of body segments, the center of 

gravity, and inertial properties. It is an objective way of evaluating and comparing morphology, 

which is fundamental to the study of human’s physiological functions (Lasker, 2005). 

Anthropometry has been used in solving many scientific and applied problems related to human 

biology. These problems include but are not limited to tracking anthropometric changes over 

time, designing clothing and equipment with the consideration of human factors, assisting 

forensic identifications, monitoring physical fitness or illnesses, and analyzing how human 

physique is influenced by relative genetic and environmental components (Lasker, 2005). From 

the aspect of product design, a good understanding of anthropometry helps designers appreciate 

the variability existing in body dimensions and therefore support them to design useful products 

that suit the users well (Pheasant, 2003).  

In the apparel industry, anthropometry (mostly related to body measurements), has been 

combined with customers’ preference data to design apparel products. Body measurements are 

mainly used for drafting pattern pieces, generating grading and sizing rules, helping make 

manufacturing decisions, customizing clothing, and assisting in selecting a size to purchase 

(Gupta, 2014). Recent research reveals applications on how to use body measurements on virtual 

fitting (Gill, 2015). The development of three-dimensional (3D) body scanners makes it possible 

to collect 3D body data and allows for richer body measurements such as volumes, surface areas, 

and shapes when compared with one-dimensional data such as length and girth measurements. 
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The use of 3D body data can help understand the body shape, its proportions, its relationship to 

clothing better, and even detailed information related to body movements (Bye et al., 2006). It 

also creates possibilities of developing apparel products through new methods such as automatic 

pattern generation, motion capturing, and unique way of fit and ease evaluation (S. Kim & Park, 

2007; Loker, Ashdown, & Carnrite, 2008; Thomassey & Bruniaux, 2013; Zong & Lee, 2011). 

All applications implement body measurements in some degree to accommodate varied 

morphology in a population (Gill, 2015). 

While body measurements used for patterns, grading, sizing, and manufacturing can be 

collected by companies through anthropometric surveys, measurements for mass customization 

and size prediction are often managed by customers, in which case 3D body scanners may not be 

applicable.   

 

2.1.1. Draft patterns 

Body measurements are often used to draft two-dimensional (2D) basic apparel pattern 

pieces, which are what complicated patterns start with. The cardinal (key) points on a 2D pattern 

piece are directly related to landmarks placed on a body for measurement extraction. Cardinal 

points are points on a pattern where grade rules are applied, and landmarks are points on a body 

which served as endpoints for measurements (Schofield & LaBat, 2005; Shoben & Taylor, 

2004). The quality of the 2D patterns is determined by the effectiveness of collection and 

translation of anthropometric data (Gupta, 2014). Depending on the choice of pattern making 

methods, different body measurements are used (Aldrich, 2015; Bunka Fashion College, 2009; 

Joseph-Armstrong, 2009; MacDonald, 2009). Researchers have also explored on how to generate 

patterns automatically with information from scanned body data (Sayem, Kennon, & Clarke, 
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2012; Tao & Bruniaux, 2013; Y. Yang & Zhang, 2007). In addition to body measurements, it is 

also important to consider consumers’ perception of fit when making patterns (Gill, 2015). 

 

2.1.2. Grading and sizing 

Sizing is a process of creating a chart of key body measurements arranged in different 

groups that can serve different body types and grading is the process of making a pattern larger 

and smaller (Schofield & LaBat, 2005). Anthropometric data has been used in research to 

develop sizing systems (Beazley, 1999; Gupta & Gangadhar, 2004; Ibáñez et al., 2012; Laing, 

Holland, Wilson, & Niven, 1999; Tsai & Hsu, 2013; Xia & Istook, 2017). However, Schofield 

and LaBat (2005) found that grading and sizing systems used till 2000 had little basis in body 

measurements and inferred that this was one of the reasons why ready-to-wear couldn’t address 

the need for adequate fit for many women. To solve the problem, they suggested developing 

grade rules and size charts based on anthropometric data. After looking through the history of 

sizing and grading, Mullet (2015) summarized that the increase and decrease amounts used in 

grading should be developed from body measurements collected through anthropometric 

surveys. Statistical methods and data mining algorithms such as factor analysis, clustering, 

regression, and neural network analysis have been implemented in research to create new sizing 

system that better serve the target consumers (Susan P. Ashdown, 1998; Ibáñez et al., 2012; 

Mpampa, Azariadis, & Sapidis, 2010; Otieno, 2008; Shahrabi, Hadavandi, & Salehi Esfandarani, 

2013; Xia & Istook, 2017).  
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2.1.3. Make decisions on manufacturing 

Body measurement standards enable manufacturers to predict quantities of different 

sizes, resulting in optimized material control and product planning (Hsu, 2009). By 

implementing manufacture plans developed from body measurements, apparel manufacturers can 

increase the fit of their products, reduce fabric waste, decrease the ratio of unsellable products, 

minimize inventory cost, and gain customer’s loyalty. Hsu and Wang (2005) used a decision 

tree-based data mining technique on body measurement data and were able to provide 

manufacturers with reference points to facilitate production.  

 

2.1.4. Mass customization 

The implementation of grading and sizing systems simplifies the apparel supply chain, 

reduces cost, and, therefore, accelerates the development of mass production. However, fit 

involves both objective evaluation (body measurements coresponding to clothing dimensions) 

and subjective evaluation (customer’s perception of fit) (Istook, 2008). Because the available 

sizes provided by ready-to-wear are limited, sizes vary from brand to brand, and customer’s 

perception of fit is often not addressed, both academic research and media indicate that 

customers are not satisfied with the fit of mass-produced clothing (Alexander, Connell, & 

Presley, 2005; Bickle, Burnsed, & Edwards, 2015; Grogan, Gill, Brownbridge, Kilgariff, & 

Whalley, 2013; Murray, 2016). To overcome the disadvantages of ready-to-wear, the idea of 

mass customization has been explored by researchers (Chen, 2007; Cho & Fiorito, 2009; Istook, 

2002; Moon & Lee, 2014; Mpampa et al., 2010; Song & Ashdown, 2012; Wang, Lu, Chen, 

Geng, & Deng, 2011; J. Yang, Kincade, & Chen-Yu, 2015; Y. Yang, Zhang, & Shan, 2007).  
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Pine (1993) defined mass customization as a strategy to produce goods efficiently with 

maximum differentiation using information and manufacturing technology while maintaining 

low-cost production at the same time. In the apparel industry, mass customization is applied to 

design and size (J. Yang et al., 2015). Mass-customized sizing can be achieved by using 

computer-aided design (CAD) systems on the customer’s body measurement information (Cho 

& Fiorito, 2009; Loker, 2007). Customers’ body measurements can be collected manually, 

through high technologies such as a body scanner, or even based on their past shopping 

experience (Istook, 2002). With the measurement information, sizes/patterns can be developed or 

altered based on individual’s body measurements and fit preference, which is called made-to-

measure clothing (Istook, 2002; Song & Ashdown, 2012). Mpampa et al. (2010) proposed a 

method that develops a customized sizing system for target consumers from body scanning data. 

The developed customized sizing system can fit the target consumer better than standard sizing 

systems. Both customized sizing systems and made-to-measure are generated based on body 

measurements.  

Examples of online customized clothing stores are (1) Blank Label, which allows 

customers to input their body/clothing measurements for some clothing categories (Figure 1) and 

has option to set up an appointment with a clothier who has been trained and can take body 

measurements in a consistent way (Blank Label, n.d.); (2) Alton Lane, which provides 

customization on style and fit preference, but in terms of customized size, customers can only be 

measured by specialist in Alton Lane’s retail stores (Alton Lane, 2016); (3) and eShakti, which is 

a brand that does womenswear and allows for both size and style customization (Figure 2) 

(eShakti, 2017). Overall, more menswear brands were found than womenswear brands and one 
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reason is that the variation in menswear is less than womenswear. None of the listed examples 

involves three-dimensional body scanning process. 

 

  
Figure 1. Size customization from Blank Label (https://www.blanklabel.com/). 
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Figure 2. Womenswear customization from eShakti (http://www.eshakti.com/).  

 

 

2.1.5. Size selection 

Being able to identify the correct size to purchase is a critical factor for customers to find 

well-fitting clothing (Chun, 2007). To select a ready-to-wear clothing size, a customer first looks 

at the size label, which is how manufactures communicate key clothing dimensions (such as bust 

girth, hips girth, waist girth, and inseam length) to their customers (Chun, 2007). The customer 
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then compares the clothing dimensions with his/her body measurements or past shopping 

experience before deciding on whether to try the clothing on or to purchase if shopping online. 

Most customers are not trained on measuring themselves or others, their understanding of their 

body dimensions may not be accurate. Additionally, because most manufacturers have their own 

sizing system, even if the key body measurements for a size is shared between two brands, 

measurements at other locations can be different and may influence the fit of clothing (Delk & 

Cassill, 1989; Fellingham, 1991). Plus, some brands run large to fulfill the vanity of customers 

and create illusions that they wear a small size, which is a misleading experience when shopping 

from other brands (Brown & Rice, 2014). 

Diverse size labeling systems used by manufacturers and retailers have caused confusion 

among customers (Brown & Rice, 2014). To help make size selection easier, Powell-Smith 

(2012) developed a web application that takes bust, waist, and hips circumferences, and calculate 

the right clothing size for women in the UK and the US for more than 20 brands (Figure 3). 

Other examples of web platforms for size selection are Fit Analytics 

(https://www.fitanalytics.com/) and True Fit (https://www.truefit.com/Products/Confidence-

Engine). 
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Figure 3. Web app for size selection (https://anna.ps/blog/introducing-what-size-am-i). 

 

2.1.6. Virtual fitting 

Virtual fitting technologies have the potential for solving size and fit issues related to 

mass-produced ready-to-wear garments by communicating body dimension and fit preference 

information with customers in real time either through web-based applications or instore devices 

(Gill, 2015). Some research focuses on how garments look on a body (Figure 4) (Sekhavat, 

2017) while other researchers are interested in evaluating fit in a virtual world with different 

postures (Gültepe & Güdükbay, 2014; Zhang, Lin, Pan, & Xiang, 2015). Both directions use 

body measurements to some extent to simulate the shape or size of real persons.  
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Figure 4. The framework of the privacy-preserving virtual try-on system (Sekhavat, 2017). 

 

Virtual fitting is a relatively new concept for customers. Many brands tried to implement 

virtual fitting platforms on their websites but ended up taking them down. This statement is 

supported by the fact that one can find a brand listed as a client for a virtual fit platform but can 

no longer find the platform on the brand’s website anymore (Rakuten, Inc., 2017; Virtusize, 

n.d.).  

Examples of commercial virtual fitting applications that are still available are Model My 

Outfit and Tri Mirror. Model My Outfit allows the user to alter an avatar based on height, 

weight, body shape, bust size, bust cup size, and size of dress (Figure 5). Based on the size of the 

avatar, the website then suggests sizes for some selected styles and provides links for shopping 

the garments (Model My Outfit, 2015). Tri Mirror follows similar procedures but offers more 

parameters (including basic, lower body, upper body, and arms measurements) for setting up the 

avatar (Figure 6). More styles are available on Tri Mirror, and the avatar and clothing are in a 

three-dimensional format which can be rotated (Figure 6) (TriMirror, 2017). Some applications 

are also available on mobile devices, such as smartphones and touchpads, to provide easy access 

and fast adoption into users’ lifestyle (Adstuck, 2014; McCormick et al., 2014).  
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Figure 5. Personalize avatar on Model My Outfit (Model My Outfit, 2015). 

 

 
Figure 6. Personalize avatar and virtual fitting room on Tri Mirror (TriMirror, 2017). 

 

 

There are also virtual fit programs developed for apparel companies to save prototyping 

time and cost for product development (Gill, 2015). Examples of such programs include EFI 

Optitex, Lectra 3D, vStitcher, Tuka3D, Marvelous Designer, 3D-a-Porter (Figure 7). 
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Figure 7. Virtual fitting program for apparel product development (EFI Optitex, 2017). 

 

2.1.7. Unique use of 3D body data 

Access to three-dimensional (3D) data collected with 3D body scanners offers new 

possibilities to study the morphology of a body when compared with one-dimensional (1D) data 

such as length and width measurements that are collected in an old fashion (Gill, 2015). Instead 

of simply viewing 3D body data as a source for extracting 1D measurements, it is suggested to 

evolve shape analysis and study the body in a 3D environment (Brownridge & Twigg, 2014; 

Cottle, Ulrich, & Teel, 2014; Istook, 2008). Some researchers explore methods on flattening 

apparel pattern from 3D to 2D (Fang & Tien, 2013; S. Kim & Park, 2007; Y. Yang & Zhang, 

2007). Zong and Lee (2011) integrated motion capture systems and 3D body scanning 

technology to obtain body measurements in a non-standard posture and to simulate dynamic 

postures of a particular body model (Figure 8). Other researchers have evaluated fit and ease in 

3D scan models (Bye & McKinney, 2010; Petrova & Ashdown, 2008; Song & Ashdown, 2010, 

2012; Thomassey & Bruniaux, 2013). Figure 9 illustrates the methodology used by Thomassey 
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and Bruniaux (2013) on how to evaluate ease in cross sections from 3D scans. In summary, 3D 

body data is changing the way researchers and customers interact with clothing (Gill, 2015).  

 

 
Figure 8. 3D body scan image in standing and walking postures (Zong & Lee, 2011). 

 

 
Figure 9. Methodology to interpolate obtained 3D figures for ease determination (Thomassey & 

Bruniaux, 2013). 
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2.2. Primary and secondary body measurements 

The primary measurements are dimensions used to “designate the size of a garment for 

the consumer”, while the secondary measurements are the ones that can “additionally be used to 

designate the size of a garment for the consumer” (ISO, 2017c, p. 1). Both primary 

measurements and secondary measurements are body measurements that provide the basis for 

clothing size designation. Therefore, they are dependent with garment types. Measurements are 

often defined according to anthropometric landmarks which are made before measuring 

manually or using 3D body scanners (ISO, 2017a). There are national and international standards 

that define body measurements and landmarks. Standards that are covered in this section are 

listed in Table 1. Most standards are designed for manual measuring methods, and only the ISO 

20685 (ISO, 2010) and the ISO 7250-1 (ISO, 2017a) consider the 3D body scanning technology.  

ISO standards are international standards developed by the International Organization for 

Standardization. In the time the dissertation was in process, ISO has published 21,838 

international standards (https://www.iso.org/standards.html). Many national standards refer to 

ISO standards. ASTM stands for American Society for Testing and Materials. ASTM standards 

are developed by ASTM international, branded as a globally recognized leader in the 

development and delivery of voluntary consensus standards and it has more than 12,000 

standards (https://www.astm.org/ABOUT/full_overview.html). The ASTM standards are widely 

adopted in the United States.  

Different companies use different sets of primary measurements to develop their sizing 

systems. Researchers sometimes seek help from domain experts to help them make decisions on 

the selection of measurements (Gill, 2015; Hsu, Lin, & Wang, 2007). Shahrabi et al. (2013) 

selected ten measurements (namely coat height, armhole girth, sleeves height, waist 
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circumference, chest circumference, stomach circumference, thigh circumference, hip 

circumference, knee girth, trouser height) for suit sizing system development. Ibáñez et al. 

(2012) selected five measurements (namely bust circumference, chest circumference, neck to 

ground length, waist circumference, and hip circumference) for apparel sizing development.  

The measurements used by researchers vary from case to case (Susan P. Ashdown, 1998; 

Gupta & Gangadhar, 2004; Hsu et al., 2007; Laing et al., 1999; Mpampa et al., 2010; Otieno, 

2008; Tsai & Hsu, 2013). Some measurements are not even defined in the standards, for 

example, the nape to the front hairline length defined by Beazley (1999). To better understand 

primary and secondary measurement, the following sub-sections focus on measurements defined 

in both the standards and scanning software for automatic measurement extraction.  

 

Table 1. Standards considered for primary and secondary measurement lists. 

Standard Title Scope 

ISO 8559-1:2017 Size designation of clothes -- Part 1: Anthropometric 

definitions for body measurement (ISO, 2017b) 
Clothing 

ISO 8559-2:2017 Size designation of clothes -- Part 2: Primary and 

secondary dimension indicators (ISO, 2017c) 
Clothing 

ASTM D5219:2015 Standard terminology relating to body dimensions 

for apparel sizing (ASTM International, 2015) 
Clothing 

ISO 7250-1:2017 Basic human body measurements for technological 

design -- Part 1: Body measurement definitions and landmarks (ISO, 

2017a) 

Anthropometric 

Survey  

ISO 7250-1:2008 Basic human body measurements for technological 

design -- Part 1: Body measurement definitions and landmarks (ISO, 

2008) 

Anthropometric 

Survey 

ISO 20685:2010 3-D scanning methodologies for internationally 

compatible anthropometric databases (ISO, 2010) 
3D scan 
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2.2.1. Measurements and landmarks based on standards 

ISO 8559-1 (ISO, 2017b), ISO 8559-2 (ISO, 2017c), and ASTM D5219 (ASTM 

International, 2015) were designed specifically for the clothing industry, while ISO 7250-1 (ISO, 

2017a) was designed for anthropometric surveys. ISO 8559-1 (ISO, 2017b) and ASTM D5219 

(ASTM International, 2015) define basic body measurements and landmarks based on manual 

measuring methods, while ISO 8559-2 (ISO, 2017c) indicates primary and secondary 

measurements for size designation of different garment types. Most measurements mentioned in 

ISO 8559-1 (ISO, 2017b) and ASTM D5219 (ASTM International, 2015)  refer back to ISO 

7250-1 (ISO, 2017a).  

Primary and secondary measurements listed in Table 3 along with their definitions from 

ISO 8559-1 (ISO, 2017b) and ASTM D5219 (ASTM International, 2015). Names of some 

measurements are different between ISO 8559-1 (ISO, 2017b) and ASTM D5219 (ASTM 

International, 2015), but their definitions are similar to each other. Landmarks used in primary 

and secondary measurements are defined in Table 2 based on ISO 8559-1 (ISO, 2017b). 

Illustrations of where measurements and landmarks are located are shown in Figure 10 and 

Figure 11. 
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Table 2. Definitions for landmarks used by primary and secondary measurements based on 

ISO 8559-1 (ISO, 2017b). 

# Landmark Definition in ISO 8559-1 

1 Bust point most anterior point of the bust when wearing bra 

2 Hip level  level of the greatest projection at the back of the body (buttocks) 

3 Under bust level level directly below breast when wearing a bra 

4 Waist level 
midway between the lowest rib point and the highest point of the hip bone at the side of 

the body 

5 
Center point of 

brow ridge 
most anterior point of the forehead between the brow ridges in the mid-sagittal plane 

6 Inside leg level 
level of highest visible point at the junction between the right and left thighs observed 

from the back of subject 

7 Outer ankle point most lateral point of the outer ankle bone (lateral malleolus) 

8 
'Adam's apple' 

point 
most anterior point of the thyroid cartilage 

9 
Armpit front fold 

point 

front fold point of the armpit on arm scye line determined using a scale placed under 

arm 

10 Wrist point 
most prominent point of the bulge of the head of ulna (prominent bone at the little finger 

side of the wrist) 

11 Shoulder point 
most lateral point of the lateral edge of the spine (acromial process) of the scapula, 

projected vertically to the surface of the skin 

12 Elbow point most prominent point of the olecranon of ulna 

13 Back neck point 

tip of the prominent bone at the base of the back of the neck (spinous process of the 

seventh cervical vertebra) in the mid-sagittal plane, and projected posteriorly to the 

surface of the skin 

14 Midsagittal plane antero-posterior (front to back) median plane of the body 
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Table 3. Primary and secondary measurements for women’s clothing based on ISO 8559-2 (ISO, 2017c). 

# Measurement Garment type 
Measurement 

type 

Measurement definition 

in ISO 8559-1 (ISO, 2017b) 

Measurement definition 

In ASTM 5219 (ASTM 

International, 2015) 

Related 

landmark in  

8559-1 (ISO, 

2017b) 

1 Bust girth Jackets, SuitsT, SuitsS, Overcoats, 

Dresses, Knits, Shirts/blouses, Full 

bodies, Undervest, Nightwear, 

Swimwear, Bras, Corsetry upper and 

full body 

Primary Horizontal girth measured at 

bust point level 

The horizontal circumference 

around the torso, taken under the 

arms and across the fullest part of 

the chest/bust apex including the 

lower portion of the shoulder 

blades 

Bust point 

2 Hip girth SuitsT, SuitsS, Trousers/shorts, 

Skirts, Underpants, Trunk, 

Leggings, Longjohns, Corsetry 

lower body, Pantyhose 

Primary Horizontal girth of the body 

measured at the hip level 

The maximum horizontal 

circumference around the torso 

taken at the greatest protrusion of 

the buttocks as seen from the side 

Hip level 

Jackets, Overcoats, Dresses, Full 

bodies, Undervest, Nightwear, 

Swimwear (without cups), Corsetry 

upper and full body, Panty girdle 

Secondary 

3 Under bust girth Swimwear (with cups), Bras, 

Corsetry upper and full body (with 

cups) 

Primary Horizontal girth of the body at 

the under bust level 

The horizontal circumference 

around the torso under the arms 

and bust. 

Under bust 

level 

4 Waist girth Corsetry lower body, Panty girdle Primary Horizontal girth of the body 

measured at the waist level 

The horizontal circumference 

around the torso taken at the waist 

Waist level 

Jackets, SuitsT, SuitsS, Overcoats, 

Trousers/shorts, Skirts, Dresses, Full 

bodies, Underpants, Trunk, 

Nightwear, Corsetry upper and full 

body 

Secondary 

5 Height (Stature) Pantyhose Primary Vertical distance from the 

highest point of the head in 

the median line to the ground 

The vertical distance from the 

crown of the head to the floor, 

taken with subject standing and 

without shoes 

- 

Jackets, SuitsT, SuitsS, Overcoats, 

Trousers/shorts, Skirts, Dresses, 

Knits, Shirts/blouses, Full bodies, 

Undervest, Underpants, Trunk, 

Leggings, Longjohns, Nightwear, 

Swimwear (without cups), Corsetry 

upper and full body, Corsetry lower 

body, 

Secondary 
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Table 3. Primary and secondary measurements for women’s clothing based on ISO 8559-2 (ISO, 2017c) continued. 

# Measurement Garment type 
Measurement 

type 

Measurement definition 

in ISO 8559-1 (ISO, 2017b) 

Measurement definition 

In ASTM 5219 (ASTM 

International, 2015) 

Related 

landmark in  

8559-1 (ISO, 

2017b) 

6 Foot length Stockings, knee-highs, Socks Primary Distance from rear of the heel 

to the tip of the longest (first 

or second) toe, measured 

parallel 

to the longitudinal axis of the 

foot 

The straight distance from the 

prominence of the back of the heel 

to the prominence of the longest 

toe, taken with the foot on a flat 

surface without shoes (use stable, 

flat ruler) 

- 

7 Hand girth Gloves Primary Maximum girth over the 

knuckles 

The maximum circumference of 

the hand around the knuckles 

excluding the thumb, taken with 

the fingers together 

- 

8 Head girth Headwear Primary Maximum, approximately 

horizontal, girth of head 

measured above center point 

of brow ridge and crossing the 

rearmost point of the head. 

Hair shall be included in the 

measurement 

The maximum horizontal 

circumference of the head above 

the ears 

Center point of 

brow ridge 

9 Inside leg length SuitsT, Trousers/shorts, Leggings, 

Longjohns, 

Secondary Vertical distance between the 

inside leg level and outer 

ankle point 

(Crotch height) The vertical 

distance from the midpoint of the 

crotch to the floor, taken with the 

subject standing and without 

shoes 

inside leg level, 

outer ankle 

point 

10 Neck girth Shirts/blouses, Secondary Girth of the neck at a point 

just below the bulge at the 

thyroid cartilage (Adam's 

apple) and measured 

perpendicular to the 

longitudinal axis of the neck 

(Mid-neck girth) The horizontal 

circumference of the neck, taken 

approximately 25 mm (1 inch) 

above the neck base level 

'Adam's apple' 

point 

11 Under arm length Shirts/blouses, Secondary Distance between the armpit 

front fold point and palm side 

of the wrist at a level of the 

wrist point 

The distance from the mid-

underarm point of the armscye to 

the inner wrist bone, taken with 

the arm down 

armpit front 

fold point, wrist 

point 
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Table 3. Primary and secondary measurements for women’s clothing based on ISO 8559-2 (ISO, 2017c) continued. 

# Measurement Garment type 
Measurement 

type 

Measurement definition 

in ISO 8559-1 (ISO, 2017b) 

Measurement definition 

In ASTM 5219 (ASTM 

International, 2015) 

Related 

landmark in  

8559-1 (ISO, 

2017b) 

12 Arm length (outer 

arm length) 

Shirts/blouses, Secondary Distance from shoulder point 

to wrist point. 

The distance from the top of the 

shoulder joint along the outside of 

the arm over the elbow to the 

prominent wrist bone, taken with 

the arm bent (1.57 rad or 90°) and 

the hand placed on the hip 

Shoulder point, 

wrist point, 

elbow point 

13 Back neck to wrist 

length 

Shirts/blouses, Secondary Distance across the shoulder 

and down the arm from the 

back neck point over the 

shoulder point and the elbow 

point to the wrist point 

(Cervicale to wrist length) The 

distance from the cervicale over 

the top of the shoulder joint, along 

the outside of the arm, over the 

elbow to the prominent wrist 

bone, taken with the arm bent 1.57 

rad (90°) and the hand placed on 

the hip 

back neck 

point, shoulder 

point, elbow 

point, wrist 

point 

14 Weight Pantyhose Secondary Total mass of the body - - 

15 Calf girth Socks Secondary Maximum horizontal girth of 

the calf 

The maximum horizontal 

circumference of the lower leg, 

taken between the knee and the 

ankle 

- 

16 Ankle girth Socks Secondary Horizontal girth of the leg 

measured at the level of the 

outer ankle point 

The maximum horizontal 

circumference of the ankle, taken 

over the greatest prominence of 

the anklebones 

Outer ankle 

point 

17 Hand length Gloves Secondary Di stance from the tip of the 

middle finger to the most 

distal wrist crease 

The straight distance from the 

prominence of the longest finger 

to the inner wrist bone, taken 

across the palm of the hand with 

fingers together and palm flat (use 

a stable, flat ruler) 

- 

Note. SuitsT: set of jacket and trouser together; SuitsS: set of jacket and skirt together; Knits: cardigans, sweaters, T-shirts; Full bodies: Overalls, surfsuits, 

wetsuits, Bicycling gear, Full swimwear, skiwear, brace and bibs 
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Figure 10. Image illustration for primary and secondary measurements based on ISO 8559-1 (ISO, 2017b). 
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Figure 11. Landmarks for primary and secondary measurements based on ISO 8559-1 (ISO, 2017b). 
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ISO 20685 (ISO, 2010) is the only ISO standard designed specifically for conducting an 

anthropometric survey using 3D scanning technology. No similar standard was found in the 

ASTM repository. ISO 20685 (ISO, 2010) refers to ISO 7250-1 (ISO, 2008). However, not all 

measurements in 7250-1 (ISO, 2008) can be extracted accurately from 3D scanned images. 

Based on ISO 20685 (ISO, 2010),  

Table 4 lists measurements, along with their definitions from 7250-1 (ISO, 2008), that are 

most likely to produce good results using 3D body scanners. The measurements are measured in 

four different postures (Figure 12), only measurements measured in standing postures are 

included in  

Table 4. Primary and secondary measurements from Table 3 are highlighted in  

Table 4. Some primary measurements are listed as extractable through 3D whole-body 

scanners, but some are not. One reason is that the resolution of the 3D whole body scanner can’t 

meet the requirements of measuring small measurements such as foot length, hand girth, head 

girth and, hand length. The other reason is that the 7250-1 (ISO, 2008) is not designed for the 

apparel industry, it is missing some definitions for some primary and secondary measurements 

such as hip girth, underbust girth, under arm length, arm length, back neck to wrist length, and 

ankle girth.  

Even though waist girth is listed as an extractable measurement through 3D whole-body 

scanners in ISO 20685 (ISO, 2010), the implementation process is questionable because trying to 

find the lowest ribs and the upper iliac crest in 3D point clouds is a challenge. More details are 

discussed in the following sections.   
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Table 4. ISO 7250-1 (ISO, 2008) measurements considered in the 3D whole-body scanner 

(ISO, 2010). 

Measurement Definition in ISO 7250-1 (ISO, 2008) Position* 

Stature Vertical distance from the floor to the highest point of the head (vertex) B 

Eye height Vertical distance from the floor to the outer corner of the eye B 

Shoulder height Vertical distance from the floor to the acromion B 

Elbow height Vertical distance from the floor to the lowest bony point of the bent elbow C 

Iliac spine height, 

standing 

Vertical distance from the floor to the anterosuperior iliac spine (the most 

downward-directed point of the iliac crest) 
B 

Crotch height 
Vertical distance from the floor to the distal part of the inferior ramus of 

the pubic bone 
B 

Tibial height Vertical distance from the floor to the tibiale B 

Chest depth, standing Depth of the torso measured in the midsagittal plane at mesosternal level A, B 

Body depth, standing Maximum depth of the body A, B 

Chest breadth, standing Breadth of the torso measured at mesosternal level A 

Hip breadth, standing Maximum horizontal distance across the hips A 

Shoulder-elbow length 
Vertical distance from acromion to the bottom of the elbow bent at a right 

angle with the forearm horizontal 
C 

Elbow-wrist length Horizontal distance from wall to wrist (ulnar styloid process) C 

Shoulder (biacromial) 

breadth 
Distance along a straight line from acromion to acromion A, B 

Shoulder (bideltoid) 

breadth 

Distance across the maximum lateral protrusions of the right and left 

deltoid muscles 
A, B 

Thorax depth at the 

nipple 
Maximum depth of the thorax at the level of the nipple B 

Forearm-fingertip 

length 

Horizontal distance from the back of the upper arm (at the elbow) to the 

fingertips, with the elbow bent at right angles 
C 

Neck circumference 
Circumference of neck at a point just below the bulge at the thyroid 

cartilage 
A, B 

Chest circumference Circumference of the torso measured at nipple level A 

Waist circumference 
Circumference of trunk at a level midway between the lowest ribs and the 

upper iliac crest 
A 

Wrist circumference 
Circumference of wrist at the level of the styloid processes of the radius 

and ulna, with the hand outstretched 
A 

Thigh circumference Maximum circumference of the thigh A 

Calf circumference Maximum circumference of the calf A 

Note. The position ID is related to the images in Figure 12.  
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Figure 12. Standing and sitting positions from ISO 20685 (ISO, 2010). 

 

2.2.2. Measurements and landmarks based measurement extraction software 

The information provided by ISO and ASTM standards on landmarks and measurement 

determination on 3D body data is not sufficient (Gill, 2015). Some companies have been 

referring to ISO 7250 and ISO 8559 (Human Solutions GmbH, 2017a; Size Stream, 2017). It is 

common to see some variations on extracted measurements between different measuring 

programs developed by different body scanning companies. This section focuses on primary and 

secondary measurement definitions (Table 5) used in automatic measurements extraction 

programs developed by Size Stream and [TC]2 because they are easily accessible.  

Both programs offer more measurements than those listed in ISO 20685 (ISO, 2010). The 

[TC]2 program allows the user to set parameters for some measurements such as waist, hips, and 

bust so that more variation can be made based on user’s preference. The Size Stream program 

only allows parameter editing to the waist measurements but allows the user to define new 

measurements based on built-in landmarks. For most primary and secondary measurements, it is 

possible to find Size Stream and [TC]2 measurements that are corresponding to the ISO 
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standards. The most troublesome measurement is the waist girth. This is because the program 

can’t find the waist level based on the protocol described in the standards. Depending on the 

parameter that is being set, waist girth will be extracted at different height level. Another fact is 

that all hands related measurements are not applicable in either program because the default scan 

posture (standing position A in Figure 12) is not suitable for hand investigation.    

 

Table 5. Measurement definitions in Size Stream and [TC]2 programs. 

# Measurement SS definition [TC]2 definitions 

1 Bust girth 

Horizontal circumference 

measured across the bust points, 

under the arm pits and around the 

back. 

Taken along the surface of the body and bridges over 

the hollows between the busts. 

2 Hip girth 

(Hip circumference) Maximum 

girth between the Back Waist 

Point and Crotch levels. 

(Seat circumference) Horizontal 

circumference at the most 

prominent rear point between the 

waist and crotch. 

(Hips full) A horizontal slice usually measured at the 

height where the circumference is the greatest between 

the crotch and the waist, but the placement of the hips 

may be changed with the parameters. 

(Seat) Taken at the height where the buttocks protrude 

most to the rear. 

3 
Under bust 

girth 

Horizontal circumference taken 

below the bust. 

One option is to measure on a horizontal plane pass the 

underbust points.  

4 Waist girth 

(Horizontal waist) Horizontal 

circumference between small of 

back level and 4cm above it. 

(Narrow waist) Horizontal 

circumference taken at the 

narrowest torso point between the 

chest and hips when viewed from 

the front. 

The shortest circumference around the torso within the 

limits set by the user defined parameters. 

5 
Height 

(Stature) 

(Subject height) Height from floor 

to top of subject (hair is seen as a 

“surface” and is included). 

- 

6 Foot length Length from the back of the heel 

to the farthest toe tip. 

The distance along the center line from the back of the 

heel to the tip of the toe sticking out farthest to the 

front. The line does not run to the toe farthest to the 

front but the toe is projected onto the line and the length 

is the distance from this point to the back of the heel. 

7 Hand girth - - 

8 Head girth Circumference above the eyes. This is measured in a plane that goes through a point 

10mm above the eyebrows in the front and a point in 

the back that is farthest from the point in the front. 

9 Inside leg 

length 

(Inseam) Length from the crotch 

point down the leg to the floor. 

(Crotch height) Vertical distance 

from the floor to the Crotch point. 

(Straight down) Can also be used to measure crotch 

height. 

(To inside of foot) Follows the inside of the leg like a 

tape measure would. 
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Table 5.Measurement definitions in Size Stream and [TC]2 programs continued. 

# Measurement SS definition [TC]2 definitions 

10 Neck girth 

(Collar circumference) Neck column 

circumference taken approximately at 

the larynx. 

(Shirt collar) The measurement for a 

dress shirt collar. 

11 Under arm length 
Straight distance from the armpit point 

to the wrist. 
Coat sleeve set to “armpit to wrist”. 

12 
Arm length (outer 

arm length) 

Straight distance from the shoulder 

point to the wrist. 

Coat sleeve set to “shoulder point to 

wrist”. 

13 
Back neck to wrist 

length 

(Sleeve length) Distance from back 

neck point over the shoulder point to 

the wrist. 

Shirt sleeve set to “Back of neck – over 

should to wrist”. 

14 Weight - - 

15 Calf girth 
Maximum leg girth above the ankle 

and below the knee. 

The largest circumference between the 

knee and the smallest part of the leg 

above the ankle. 

16 Ankle girth 

(Actual ankle circumference) 

Circumferences of the left and right 

ankle bones. 

(Ankle circumference) Circumference 

taken at the averaged height of both 

ankle bones 

The horizontal tape measurement taken 

at the average of the inside height and 

the outside height. 

17 Hand length - - 

 

2.2.3. Waist height level 

The waist girth is important to pants, skirts, and dresses. However, the waist level is not 

easy to define in digital data if trying to follow definitions in the standards because it is hard to 

find the rib point (upper limit) and the highest point of the hip bone (lower limit) without 

touching the body. It becomes even harder to try to find waist level for plus size people or others 

who do not have a well define waistline. To overcome this, measurement extraction programs 

have been seeking alternative ways of finding the waist level. Instead of referring to the contact 

method, automated measurement programs determine the waist relative to surface geometry, in 

which case, smallest-of-back is often used as a reference point (Gill, Parker, Hayes, Wren, & 

Panchenko, 2014). Some alternative waist level definitions can be found in Table 6. Gill et al. 

(2014) compared 16 waist levels defined in [TC]2 with waist level defined by ISO 7250 (ISO, 
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2008) and found that the center waist region defined by the standard can be mimicked by the 

range between the level of the narrowest point on the torso and the level of a proportional length.   

 

Table 6. Alternative waist level definitions. 

Waist level definition Source 
Small of back: the point where the spine had the largest indent when viewed 

from the side. 

Han, Nam, & 

Hwang Shin (2010) 

Small of back: identified by the curvature of the spine, which creates a point 

on the lower posterior torso closest to the anterior of the body. 
Gill (2011) 

Geometric mean of waist: mean ratio of waist height to stature. 
(H. Han et al., 

2010)) 

Geometric mean of waist: mean ratio of waist-crotch distance to back neck-

crotch distance. 

Han, Nam, & 

Hwang Shin (2010) 

Proportion waist: the center of the central waist region with a proportional 

length (such as small of back height minus 4 cm) being the lower limit and 

the narrowest front point on the torso being the upper limit.  

Gill et al. (2014) 

 

 

2.3. Methods to measure a body 

Measurements used in the apparel industry are required to meet specified requirements 

when compared with other industries (Gill, 2015). Depending on how bodies are transcribed, 

Bye et al. (2006) categorized methods used to measure a body for apparel into three categories, 

namely linear methods, multiple probe methods, and body form methods. Linear methods refer 

to ways of measuring the distance between two points using tools such as tape measures, 

anthropometers, and calipers. The linear method is the traditional way of measuring a body, and 

it was used to collect body measurements for the first anthropometric survey of women 

conducted in the U.S. (O’brien & Shelton, 1941).  Multiple probe methods refer to a combination 

of linear methods with tools that can describe relationships between lines from the linear method. 

Most examples of multiple probe methods given by Bye et al. (2006) include tools and processes 

designed to capture a body’s contour and silhouette. Examples of such tools include the complex 
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arthrometer described by Roebuck (1995), and photographs used by Gazzuolo, DeLong, Lohr, 

LaBat, and Bye (1992), and Nagamachi (2002). However, most multiple probe methods remain 

in the stage of research, and no such method was documented to be used in large-scale 

anthropometric surveys. Body form methods focus more on information about the surface, shape, 

and volume of the body. Examples of such method are draping, casting, and body scanning. 

Body scanning technology was used in large-scale anthropometric surveys such as the Civilian 

American and European Surface Anthropometry Resource (CAESAR), Size UK, Size USA and 

National Institute of Occupational Safety and Health (NIOSH) (Bye et al., 2006; Gupta, 2014).  

The following sections focus on manual methods (examples of the linear method), 

measuring with two-dimensional (2D) images (examples of the multiple probe method), and 

three-dimensional (3D) body scanning methods (examples of the body form method). Their 

advantages and disadvantages are discussed. History of the manual method, research on the 2D 

image method, and state of the art of the 3D body scanning method are addressed. Because most 

3D body scanners used in the apparel industry are for measurement extraction, software 

developed for automatically extracting body measurements is also covered. More recent 

technology is four-dimensional (4D) scanning by adding time as the fourth feature. Example of 

such commercial 4D scanners is introduced at the end.  

 

2.3.1. Manual measuring techniques (1D methods) 

Tape measures, anthropometers, and calipers have been used to measure human bodies 

manually since the nineteenth century (Bye et al., 2006). The tape measure was first available in 

1820 with standardized scale marks that could consistently measure things (Kidwell & 

Christman, 1974). It originated from stripe used by tailors to record length with notches. Tape 
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measures are used to measure lengths either along a straight or a curved surface. An 

anthropometer is made up of rods with scales to measure heights while calipers are curved arms 

with a pivoting point to measure width (Roebuck, 1995). It is still easy to find these manual 

measuring tools today.  

Because it is cheap and body measurements commonly measured are either length or 

circumference values, the tape measure is one of the most cost-effective ways for customers to 

measure themselves at home. Even digital tape measures have been developed to help read and 

record measurements electronically (D’Apuzzo, 2007). However, existing manual methods tend 

to focus on one-dimensional data and have trouble capturing complex body information (Gill, 

2015). The time cost to manually measure a body is relatively long and to measure accurately 

requires a high degree of skill (Bond, 2008). There exist garments developed to help to take 

manual measurements in a more efficient way (US 2002/0166254 Al, 2002). Most manual 

measuring process in anthropometric surveys has been replaced by three-dimensional body 

scanning.  

 

2.3.2. 3D scanners 

Compared to the tape measure, the three-dimensional (3D) scanner has a relatively short 

history. The 3D scanning technology has been used in the apparel industry since the 1990s to 

capture body information. It creates a digital 3D representation of the surface of the body and 

makes it possible to derive more measurement data than the manual methods (Bye et al., 2006; 

Gill, 2015; Loker et al., 2008; Werghi, 2007). Most 3D scanners used in the apparel field 

nowadays are embedded with the active 3D imaging technique, which introduces artificial 

illumination to project lines, spots, stripes, or patterns onto a scene to capture a digital 
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representation of the scene by implementing the triangulation principle (Drouin & Beraldin, 

2012). Examples of such scanners are [TC]2’s TC2-19B infrared whole-body scanner ([TC]2, 

2017a) and Human Solutions’ Vitus laser whole-body scanner (Human Solutions GmbH, 

2017b). An alternative approach of active imaging implements the time-of-flight principle, 

which measures distance by calculating the traveling time delays between outgoing and reflected 

wave (Koch, Pears, & Liu, 2012). An example of such a sensor is the Microsoft Kinect 2.0 

sensor (Lau, 2013). Besides from the active 3D imaging technique, the other type of 3D imaging 

techniques is called passive 3D imaging, which forms 3D shapes based on images of the 

ambient-lit scene along, without the help of projection of light patterns onto the scene (Koch et 

al., 2012). Examples of apps use this technology include TRNIO (TRNIO, n.d.) and SCANN3D 

(Smart Mobile Vision, n.d.). Both apps are designed for static object and scene scanning and 

have not yet been used in the apparel industry to scan people.  

Depending on the light source, a three-dimensional (3D) active imaging scanner can be 

categorized into the white light scanner, the infrared light scanner, the laser light scanner, and the 

millimeter wave light scanner (Daanen & Ter Haar, 2013; Istook & Hwang, 2001). Depending 

on the patterns of the projected light, a 3D active imaging scanner can be categorized as a spot 

scanner, a stripe scanner, and a structured light scanner (Drouin & Beraldin, 2012). Depending 

on the number of projector-sensor sets used in the system, a scanner can be categorized into 

either the multiple-view system (which has multiple projector-sensor sets capturing the scene 

simultaneously or in sequence) or a single moving system (which has a single moving project-

sensor set that goes around the scene and captures at different times) (Drouin & Beraldin, 2012; 

Se & Pears, 2012). Multiple-view scanning systems are usually set in the format of scanning 

booths so that both scanned subjects and scanning devices remain static when the body 



 

36 

 

information is being captured. There are also some portable 3D body scanners that have multiple 

projector-sensor sets but require the subject to rotate to capture 360 degrees. The single moving 

system is usually used in handheld scanners, in which case either the scanned subject or the 

scanning device moves when capturing the body information. Multiple-view 3D whole-body 

scanners (including some portable scanners using multiple projector-sensor sets) used in the 

apparel industry and moving 3D scanners (referred to as handheld 3D scanners) that can 

potentially be used to scan a human body are discussed in the subsections.  

In addition to examples of 3D scanners, software designed to extract body measurements 

is also covered automatically. This is important because even through 3D body data is available, 

for most cases, it is converted into one-dimensional (1D) measurements before being used in the 

apparel industry. However, this may change in the future.  

 

2.3.2.1. Multiple-view 3D whole-body scanners 

Multiple-view 3D whole-body scanners (commonly called as 3D whole-body scanners) 

refer to active scanners with multiple projector-sensor sets that capture the whole-body 

information when the subject remains in a static posture. The 3D whole body scanning technique 

has been adopted by the apparel industry to collect body measurements which have been used in 

multiple ways as summarized in the previous sections (Gill, 2015). It has also changed the way 

apparel product is developed, such as with designing in 3D (Browzwear Solutions Pte Ltd., 

2016; EFI Optitex, 2017), and potentially influences how clothing can interact with customers, 

such as with online virtual try-on interfaces (TRNIO, n.d.; Virtusize, n.d.). The first generation 

of commercial 3D whole-body scanners that emerged into the market in the 1990s were rather 

bulky, expensive, and had low resolution (Daanen & Ter Haar, 2013). Since then, the technology 
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has been improved a lot, and some body scanner companies from that age have even faded away 

(Daanen & Ter Haar, 2013; Daanen & van de Water, 1998). Examples of 3D whole-body 

scanner companies that are currently active in the market are 3dMD, Cyberware, Human 

Solutions GmbH, Size Stream, and [TC]2. Because scanning speed has been increasing, one can 

now find portable scanners that have fewer projector-sensor sets and capture the subject from a 

different angle in series on the market. They are branded as portable scanners but share the same 

principle and technology as the Multiple-view 3D whole-body scanners. Examples of such 

scanners are TC2’s mobile scanner and Styku’s scanner (https://www.styku.com/). The 

increasing scanning speed and quality also make four-dimensional (4D) scanning possible with 

the fourth feature being time. The 4D data can be used to evaluate the relationship between 

clothing and body while moving. An example of such scanner is the 3dMDbody.u System 

developed by 3dMD. Table 7 gives an overview of identified Multiple-view 3D whole-body 

scanners. Images of some scanners can be found in Figure 13, and some output examples can be 

found in Figure 14.  

Most 3D body scanners offer color mapping function which makes it possible to do 3D 

printing with color. For some scanners, for example, the Size Stream scanner, the color function 

can be turned on and off to protect the subject’s privacy. The majority of the scanners listed in 

Table 7 use active 3D imaging technique with light sources such as eye-safe laser lights, infrared 

lights, and white lights. Because it is optics based technology, materials with high reflectiveness, 

such as metal accessories and glasses, are not suitable to wear while being scanned. The time it 

takes to capture data is usually less than 10 seconds for scanning booths and 30 – 40 seconds for 

portable body scanners such as the Styku (https://www.styku.com/) Scanner and the TC2-19R 
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Mobile Scanner. Their error ranges are usually less than 5 mm. The footprint needed for most 

scanners falls within the range of 1 – 5 m2.  

 

 
Figure 13. Examples of 3D whole-body scanners. 
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Figure 14. Examples of data exported from 3D whole-body scanners. 

 

One advantage of the multiple-view 3D whole-body scanners is that the 3D data collected 

through the scanners offer novel and revolutionized ways of analyzing and understanding the 

body and its relationship to clothing which can’t be achieved by the manual methods (Ballester 

et al., 2014; D’Apuzzo, 2007; Gill, 2015; Istook, 2008; Song & Ashdown, 2012). The 3D whole-

body scanners can provide comparable measurements to the manual method but at a way faster 

speed (Bougourd, Dekker, Ross, & Ward, 2000).  

However, the 3D whole-body scanner is not perfect. Because it is a non-contact 

technique, the touching method used to find measurements, such as waist height and shoulder 

tip, is not possible, influencing measurement accuracy to some extent (Istook, 2008). The whole-

body scanners are more expensive and take more space than tools used for manual methods 

which make them not applicable for daily use by customers (Gill, 2015). Research also found 

that some subjects are not comfortable with seeing images of their scans (Grogan et al., 2017; 



 

40 

 

Loker et al., 2004). In addition, because most 3D whole-body scanners don’t see through 

clothing, subjects are asked to take off their outerwear when being scanned. This brings up 

privacy concerns of both the scanning process and use of the data (Grogan et al., 2017; Loker et 

al., 2004). A scanning apparatus could potentially be added to solve the privacy issue by 

covering the body. However, the involvement of the scanning apparatus could change the 

measurements and makes it difficult to maintain consistency between different studies and 

surveys (D. Kim, LaBat, Bye, Sohn, & Ryan, 2015) 
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Table 7. List of Multiple-view whole body scanners available on the market. 

Product Company Type Technology  Speed Accuracy Footprint 

3dMDbody System  

(3dMD, 2016a) 
3dMD 3D color 

Optics based 

technology 
0.0015 sec < 0.5 mm - 

3dMDbody.u System  

(3dMD, 2016b) 
3dMD 4D color 

Optics based 

technology 

0.17 sec per 

3D frames 
0.7 mm - 

IIIDBody Scan  

(4D Dynamics, 2015) 
4D Dynamics 3D color - 4 secs - 1.7 m * 1.7 m 

Artec Shapify Booth 

(Artec Europe, 2017c) 
Artec Europe 3D color - 12 secs - - 

Whole Body Color 3D Scanner 

(Model WBX) 

(Cyberware, n.d.) 

Cyberware 3D color 
Optics based 

technology 
< 20 secs - 2.61 m * 2.35 m 

LPW-2000 

(Hamano Engineering Co., Ltd., 

2016) 

Hamano Engineering 

Co., Ltd. 
3D - 5 secs 1 mm 0.85 m * 0.6 m 

VITUSbodyscan 

(Human Solutions GmbH, 2017b) 

Human Solutions 

GmbH and 

VITRONIC 

3D color 
Laser technology, 

safe for the eyes 
6 – 10 secs < 1mm 5 m2 

SS20 

(Size Stream, 2017) 
Size Stream 3D color 

Infrared Depth 

Sensor 
< 4 secs 5 mm 1.4 m * 1.1 m 

SCUVEG 4 

(Spacevision Inc., 2017) 
SPACEVISION INC. 3D - 0.5 sec < 2mm 2.4 m * 2.4 m 

Styku Scanner 

(Styku, 2016) 
Styku 3D portable 

Microsoft Kinect 

V2 
30 – 40 secs 2.5 – 5 mm 2.57 m * 1.68 m 

TC2-19B 

([TC]2, 2017a) 
[TC]2 

3D 

capable of 4D 

Infrared Depth 

Sensor 
1 sec 1 mm - 

TC2-19R Mobile Scanner 

([TC]2, 2017c) 
[TC]2 3D portable 

Infrared Depth 

Sensor 
30 secs 2 mm 1.77 m * 1.02 m 

TC2-105 

([TC]2, 2017b) 
[TC]2 3D color White Light 3 secs - - 

SYMCAD III 

(TELMAT Industrie, 2017) 
Telmat Industrie 3D 

In-depth sensor 

technology 
1 – 1.5 secs 0.15% – 1.5%  - 
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2.3.2.2. Handheld 3D scanners 

The handheld 3D scanner is usually embedded with a single 3D imaging system, either 

active or passive. It forms 3D models by stitching scanned images (either in 3D or 2D formats) 

from different angles at different times together. It is controlled by the hand of the user or robotic 

arms to go around the scanned target for data collection. The handheld scanner is portable and is 

mostly designed to capture scenes and objects. This is because it takes time to go around the 

target to obtain information from different angles. Scanning a static target gives a better result 

than scanning a live subject due to error involved with movements.  

Some examples of commercial handheld scanners available on the market are listed in 

Table 8. Figure 15 shows applications for some scanners and Figure 16 shows images of some of 

handheld scanners. Depending on the technology and accuracy, the prices of different products 

vary a lot. Some handheld scanners are even more expensive than low-cost 3D whole-body 

scanners. Because the focus of this research is on home use body measuring solutions, the 

following discussion is mainly about handheld scanners less than $1,000. 

The introduction of the Kinect sensor a decade ago has inspired many researchers to 

explore scanning people with this device, thanks to its cost-effectiveness and open source 

characteristic (Cui & Stricker, 2011; Tong, Zhou, Liu, Pan, & Yan, 2012; Weiss, Hirshberg, & 

Black, 2011). However, because of the low resolution (640 by 480 pixels) offered by the Kinect, 

the scanned results of a single Kinect is not satisfactory (Cui & Stricker, 2011). To get better 

results, Tong et al. (2012) used more than one Kinect camera, which shares a similar idea of 

multiple-view scanning systems. Microsoft has upgraded Kinect to Kinect2 which uses time of 

flight instead of structured light which is used in Kinect. Kinect2 is designed to have higher 
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resolution and wider view angle than Kinect (http://zugara.com/how-does-the-kinect-2-compare-

to-the-kinect-1).  

The next group of handheld scanners that are more expensive than the Kinect sensor, but 

still in an affordable price range for home use includes the SenseTM scanner and the Occipital 

Structure Sensor. The Structure Sensor is designed to be an accessory for phones and touchpad in 

IOS and Android systems. Similar to the Kinect sensor, the Structure sensor comes with a 

Structure software development kit (SDK) with high-level application programming interfaces 

(APIs) that developers can design and build their own applications with. However, the Structure 

sensor is most suitable for scanning objects and scenes if only one sensor is used.  

SCANIFY is a handheld scanner branded to be great for the 3D capture of continuous 

surfaces with smooth curvature and varying color or textures such as human form, fabrics, stone, 

wood, plants, flowers and other organic objects (Fuel 3D Technologies Limited, 2017). 

However, some objects may not be suitable for scanning with SCANIFY such as objects with 

cavities or protrusions, very dark objects, mono-color objects, reflective or shiny objects, 

transparent objects, and objects with sharp edges and corners. Figure 17 lists situations in which 

SCANIFY is suitable and not suitable. One can find that the scanner is not suitable for scanning 

either the human body or animals.  

Depending on the speed of the scanner and size of the scanned target, the time used to 

scan varies. Generally, it takes several minutes to capture a human size object with a handheld 

scanner, while it takes only seconds using a multiple-view 3D whole body scanner. The handheld 

scanner is better at capturing occluded areas, such as armpit and crotch areas on the human body, 

compared to the static multiple-view 3D body scanners, because it can be moved around the 

body at arbitrary angles. However, scanning cavities is still an issue for 3D scanners based on the 
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triangulation imaging method. Most handheld scanners can capture colors, and 3D printing is 

listed as a benefit for most handheld scanners. Some programs allow users to define and measure 

parameters manually. However, none of the handheld scanner found on the market has related 

software to automatically extract body measurements from the scans, even though it is possible 

to import scans into software developed for 3D whole-body scanners.  

 

 
Figure 15. Examples of applications of handheld scanners. 
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Figure 16. Examples of handheld scanners. 
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Table 8. List of handheld scanners/sensors available on the market. 

Product Company Technology Speed Accuracy* Price 

SenseTM 

(3D Systems Inc., 2017) 
3D Systems Inc. - 30 fps 1 mm $399 

Artec Leo 

(Artec Europe, 2017b) 
Artec Europe VCSEL 80 fps 0.1 mm $25,800  

Artec Eva 

(Artec Europe, 2017a) 
Artec Europe 

Flash bulb 

(no laser) 
16 fps 0.1 mm $19,800  

Artec Space Spider 

(Artec Europe, 2017d) 
Artec Europe Blue LED 7.5 fps 0.05 mm $24,800  

Go!SCAN 3D 

(CREAFORM, 2017a) 
CREAFORM 

White light 

(LED) 
- 0.1 mm $30,000  

HandySCAN 3D 

(CREAFORM, 2017b) 
CREAFORM Laser  - 

0.03 mm – 0.04 

mm 

$50,000 - 

$100,000 

MetraSCAN 3D 

(CREAFORM, 2017a) 
CREAFORM Laser - 0.03 mm $50,000  

SCANIFY 

(Fuel 3D Technologies 

Limited, 2017) 

Fuel 3D 

Technologies 

Limited 

Optics based 

technology 
- - $799.99  

Kinect V2 

(Microsoft, 2017) 
Microsoft Infrared 30 fps - $99  

Occipital Structure 

Sensor 

(Occipital Inc., 2017) 

Occipital Inc. 
Optics based 

technology 
- - $379  

FastSCAN II 

(Polhemus, 2017) 
Polhemus Laser - 0.18 mm - 

EinScan-Pro+ 

(SHINING 3D, 2016) 
SHINING 3D 

White light 

LED 
- 

0.05 mm – 0.3 

mm 
$4,999  

SpectraTM 3D 

(Vorum Research Corp., 

2017) 

Vorum Research 

Corp. 
Blue light - 0.1 mm $799.99  

Note: the accuracy is measured based on a test of static objects.  
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Figure 17. Yes’s and No’s for the SCANIFY scanner (Fuel 3D Technologies Limited, 2017). 

 

2.3.2.3. Measurement extraction programs for 3D body scanners 

Most 3D whole-body scanners come with programs that can extract body measurements 

automatically. For example, the Size Stream scanner comes with the Size Stream Studio to 

measure body automatically and also provide an option for manual measuring. Examples of body 

measurement extraction software are listed in Table 9. The common flow of automatic body 

measurement extraction from 3D data is to first locate landmarks and then measure lengths, 

widths, and girths based on the landmarks. Measurement standards are referenced when defining 

how to locate the automated landmarks (Leong, Fang, & Tsai, 2013). However, because 

palpation is not applicable to 3D data, there exists a difference between the computerized 

landmark locations and locations used in manual methods of measurement (Kouchi & 

Mochimaru, 2011). The algorithm behind automatic body measurement extraction is often 

viewed as the intellectual property of the scanner company and there exists little literature on 

how these landmarks are located commercially (Gill, 2015). There is academic research on how 
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to locate landmarks using a computer, most of which involves a process of segmenting a body 

into regions (H. Han & Nam, 2011; Jo et al., 2014). 

 

Table 9. Automatic body measurement extraction software. 

Product Company Website 

3dMDvultus 

Software 
3dMD http://www.3dmd.com/3dmd-systems/#vultus 

DigiSize Cyberware http://cyberware.com/products/software/digisize.html 

Anthroscan 
Human Solutions 

GmbH 

http://www.human-

solutions.com/fashion/front_content.php?idcat=141&lang=7 

Size Stream Studio Size Stream http://www.sizestream.com/ 

Styku app Styku http://www.styku.com/bodyscanner 

[TC]2 Scanning 

software 
[TC]2 https://www.tc2.com/tc2-19b-3d-body-scanner.html 

 

 

2.3.3. Measure through 2D images 

Two-dimensional (2D) imaging techniques have been explored as an alternative for body 

measuring and deriving body measurements in both academic research and commercial 

applications (Daanen & Ter Haar, 2013). The 2D images used here refers to images taken with 

2D cameras with no depth information. Front and side images are most commonly captured. One 

way of using these images is to form three-dimensional (3D) models based on silhouette 

information. Saito et al. (2012) used a parameterized model for constructing the 3D shapes 

(Figure 18). Seo, Yeo, and Wohn (2006) developed a method to map 2D images to a 

parameterized deformable model developed from 40 3D body scans. Watson and Evans (WO 

2013/175228 A1, 2013) partitions the 2D images into segmentations and produce probability 

maps representing the subject. It then finds the closest 3D body model from a database based on 

the probability map and extracts body measurements from the 3D body model (Figure 19). Some 

research focuses on finding key points (Figure 20) from and measuring (Figure 21) in the front 

and side image (Lin & Wang, 2011, 2012). The extracted measurements further are used to 
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predict non-measurable measurements such as the circumference measurements using simple 

linear models (Gazzuolo et al., 1992; Meunier & Yin, 2000; WO 2012/066555 A2, 2012). To 

help figure out the real scale in an image, reference objects such as CDs (WO 2012/066555 A2, 

2012) are included in the image.  

Measuring a body with 2D images is a relatively cheap solution when compared with 3D 

whole-body scanners. The accuracy of the resulting measurements is acceptable (Meunier & Yin, 

2000). However, most of the image analyzing research has been conducted on images with the a 

very clean background so that the body silhouette can be extracted correctly. A black 

background was used in Lin, and Wang's (2011) study and green background were used in Seo et 

al.'s (2006) study. This, however, is hard to replicate in the user’s daily life. Also, to get 

measurements that are close to the body, images need to be taken when subjects are wearing 

their underwear. This brings up customer’s concerns on privacy issues (Grogan et al., 2017; 

Loker et al., 2004).  

 

 
Figure 18. The framework of a simple system for 3D torso shaping (Saito et al., 2012, p1). 
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Figure 19. Poikos mobile app (Poikos, 2016). 

 

 
Figure 20. Feature points detected from front and side images (Lin & Wang, 2011). 
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Figure 21. Body measurement extraction from 2D images (Lin & Wang, 2012). 

 

 

2.3.4. Measuring apparatus 

Many customers are not comfortable with being measured wearing their underwear, 

especially through a smartphone (Grogan et al., 2017; Loker et al., 2004). Measuring apparatuses 

have been developed to solve customer’s privacy concerns and to assist the measuring process. 

Some measuring apparatuses have been designed to help locate the measurements, for example, 

the bodysuit (Figure 22) invented by Liebermann (US 2002/0166254 Al, 2002). Some measuring 

apparatuses have been developed to extract garment measurements, for example, the measuring 

shirt (Figure 23) invented by Fenimore (US 2015/0081468 Al, 2015).  Some measuring 

apparatuses have been designed to work with imaging technologies, for example, the elastic 

measuring suit (Figure 24) developed by (elasizer, 2017). Other measuring apparatuses have 

been embedded with circuits to capture measurements based on signal change, for example, the 

self-measuring garment (Figure 25) invented by Like A Glove Ltd. (Cooper & Slobodkin, 2015). 
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Depending on its characteristics, the apparatus may or may not influence the shape of the body. 

The apparatus can also be designed fashionably to include both functional and branding features 

(elasizer, 2017).  

Examples of commercialized 2D image solutions are the ZOZO system 

(https://zozo.com/us/en) (Figure 26) and the ELASIZER system (http://www.elasizer.com/). The 

ZOZO system requires 12 images to be taken from the subject wearing the designed two-piece 

garment that has dots located all-round the body. By stitching the images together, the ZOZO 

system is able to generate 3D models of the scanned users. 

 

 

 

Figure 22. The stretch bodysuit developed for preparing custom-fitted clothing (US 

2002/0166254 Al, 2002). 

 

 



 

53 

 

 
Figure 23. Measuring shirt for conveying measurements (US 2015/0081468 Al, 2015). 

 

 

 
Figure 24. The elastic measuring suit from elasizer (elasizer, 2017). 
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Figure 25. The self-measuring garment using circuits (Cooper & Slobodkin, 2015). 

 

 

 

Figure 26. The ZOZO body measurement system (https://zozo.com/us/en). 

 

 

2.4. Data mining techniques 

Witten, Frank, Hall, and Pal (2017) define data mining as an automatic or semiautomatic 

process of discovering patterns in data. As illustrated in Figure 27, the process of data mining 



 

55 

 

includes (1) an understanding of business (investigating business objective and requirements); 

(2) understanding data (exploring data to see if it is suitable for further processing); (3) data 

preparation (processing raw data to meet the requirement of modeling algorithms); (4) modeling 

(figure out hidden relationships); (5) evaluation (estimating performance of the model); and (6) 

deployment (using the model) (Witten et al., 2017). The data preparation and modeling steps are 

usually iterative.  

Data mining is an interdisciplinary area and has incorporated many techniques from other 

domains (Figure 28), within which statistics and machine learning have been adopted mostly for 

the process of data preparation, modeling and evaluation (J. Han, Kamber, & Pei, 2012). 

“Statistics studies the collection, analysis, interpretation or explanation, and presentation of data” 

(J. Han et al., 2012, p. 24). A statistical model is a set of mathematical functions built from 

random variables and their associated probability distributions. It can be used to describe a 

collection of data, mine patterns and understand the underlying mechanisms, draw the inference, 

and verify the data mining results (J. Han et al., 2012). However, scaling up a statically method 

over a large data set is often challenging. That is why machine learning has become popular. 

Mitchell (1997, p. 2) defines machine learning algorithms as a computer program that can “learn 

from experience E with respect to some class of tasks T and performance measure P, if its 

performance at tasks in T, as measured by P, improves with experience E”. Depending on the 

nature of the feedback (output) to learn from, Russell and Norvig (2010) categorized learning 

into three groups, namely supervised learning, unsupervised learning, and reinforcement 

learning. Unsupervised learning learns patterns from the input with no explicit feedback (output). 

An example of such a learning method is clustering. Unsupervised learning learns patterns from 

input-output pairs, and such patterns can map from input to output. An example of such a 
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learning method is classification. Reinforcement learning learns patterns from a series of rewards 

or punishments. An example of such a learning method is the Markov decision process. Witten et 

al. (2017) suggested that one should not put too much effort in trying to draw a dividing line 

between statistical learning and machine learning because there is a continuum of data analysis 

techniques.  

The focus of this section is to explore techniques used for data preparation, modeling, and 

evaluation processes of data mining. Both statistical models and machine learning algorithms are 

discussed. Based on the purpose of this study, specified topics under each process have been 

selected for discussion. The data preparation section focuses mainly on understanding the data to 

prepare it for modeling. The modeling section focuses mainly on regression from supervised 

learning. The evaluation section focuses on sampling methods and performance measures. At the 

end of this section, some popular python data mining APIs are introduced. 

  

 

Figure 27. The life cycle of a data mining project (Witten et al., 2017, p. 29). 
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Figure 28. Data mining adopts techniques from many domains (J. Han et al., 2012, p. 23). 

 

 

2.4.1. Data preparation 

In the data preparation process, researchers first explore the data to get a general 

understand ingof the data and then preprocess the data so that it is ready to be used. To 

understand the data, one needs first to study the attribute types, apply statistical descriptions to 

the data, visualize the attribute distribution, and compute data proximity (J. Han et al., 2012). 

The data-preprocessing step is included to help improve the quality of the data and the efficiency 

of the mining process. It involves data cleaning, data integration, data reduction, and data 

transformation (J. Han et al., 2012).  

 

2.4.1.1. Data exploration 

J. Han et al. (2012) defines an attribute as a data field that represents a characteristic or 

feature of an instance/data object/data point/example/sample. They divide attributes into nominal 

attributes (categories with no meaningful order), binary attributes (a nominal attribute with only 

two categories), ordinal attributes (values with the meaningful order but unknown magnitude), 
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and numeric attributes (measurable quantity represented in integer or real values). The numeric 

attributes can be further divided into interval-scaled (measured on a scale of equal-size units, 

such as temperature in Celsius) and ratio scaled (with an inherent zero-point, such as height) 

attributes. Another way of organizing attributes is to divide them into discrete attributes and 

continuous attributes, which is used to determine whether regression or classification algorithms 

are used for modeling. Data can also be represented in other formats, such as graphs, which are 

not the focus of this study. 

Statistical descriptions are used to get an overall picture of the data, to identify the 

properties of the data, and to highlight potential noise and outliers (J. Han et al., 2012). To 

measure the central location of data distribution, measures such as mean, median, mode, and 

midrange can be used. To measure the dispersion of the data, measures such as range, quartiles, 

interquartile range, boxplots, variance, and standard deviation can be used. To inspect the data 

visually, plots such as quantile plots, quantile-quantile plots, histograms, and scatter plots can be 

used. 

Data visualizations are graphical representations aiming to communicate data clearly and 

effectively. Some approaches of data visualization are pixel-oriented techniques (Figure 29), 

geometric projection techniques (Figure 30), icon-based techniques (Figure 31), and hierarchical 

and graph-based techniques (Figure 32) (J. Han et al., 2012). 

Measures of data proximity are important for outlier detection and machine learning 

models such as clustering and classification. Proximity measures can be computed for either each 

attribute type or a combination of attribute types. Depending on the attribute types, different 

methods should be used. For example, the Jaccard coefficient should be used for asymmetric 
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binary attributes, while Euclidean, Manhattan, Minkowski, and supremum distances are designed 

for numeric attributes (J. Han et al., 2012). 

 

 
Figure 29. Pixel-oriented visualization of four attributes by sorting all customers in income 

ascending order ((J. Han et al., 2012, p. 57)). 

 

 

 
Figure 30. 3D scatter plot 

(https://en.wikipedia.org/wiki/Scatter_plot#/media/File:Scatter_plot.jpg). 
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Figure 31. Chernoff faces (each face represents an n-dimensional data point) (J. Han et al., 2012, 

p. 62). 

 

 

 
Figure 32. Newsmap generated on October 3, 2017 (http://www.newsola.com/#/us/). 
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2.4.1.2. Data preprocessing 

Because real-world data is not perfect, data mining aims to deal with missing values, 

smooth out noise, identify outliers, and correct inconsistencies in the data (J. Han et al., 2012). 

Methods to deal with missing values include (1) deleting the instance, (2) filling the missing 

value manually, (3) using a global constant to fill in the missing value, (4) using a measure of 

central tendency to fill the missing value, or (5) using the most probable value (determined with 

regression, inference-based tools, or decision tree induction) to fill in the missing value (J. Han et 

al., 2012). Methods to deal with noise include smoothing by bin means, smoothing by bin 

medians, and smoothing by bin boundaries (Figure 33). Binning is a method partitioning sorted 

data into groups/bins. Within each bin, local smoothing is performed. 

When the data is in high dimension, data reduction techniques are often used to obtain a 

compressed representation of the data while minimizing the loss of information (J. Han et al., 

2012). Commonly used data reduction techniques are (1) dimensionality reduction (such as 

wavelet transforms, (2) principal components analysis, (3) attribute subset selection, and attribute 

creation), (4) numerosity reduction (use the parametric or nonparametric model to generate 

smaller representations of the data), and (5) data compression (J. Han et al., 2012).  

Data transformation aims to consolidate the data into forms that are appropriate for 

mining (J. Han et al., 2012). Approaches to data transformation are (1) smoothing (binning, 

regression, and clustering), (2) attribute construction (construct new attribute), (3) aggregation 

(construct a data cube for data analysis at multiple abstraction levels), (4) normalization (scale 

attribute to a smaller range such as [0, 1] and [-1, 1]), (5) discretization (replace numeric 

attributes with interval or conceptual labels), and (6) concept hierarchy generation for nominal 

data (Figure 34) (J. Han et al., 2012)   
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Figure 33. Binning methods for data smoothing (J. Han et al., 2012, p. 90). 

 

 

 
Figure 34. A concept hierarchy for the attribute price (J. Han et al., 2012, p. 112). 

 

 

2.4.2. Modeling  

There are many ways to define modeling. From the aspect of statistical learning, 

modeling is estimating function f, that represents the systematic information that input variables 

(Xs) provide about output variable (Y) (James, Witten, Hastie, & Tibshirani, 2013). Depending 

on whether Y values are included in the original data, modeling can be divided into unsupervised 

learning and supervised learning. Unsupervised learning finds models from unlabeled data, 

which has no classification or categorization information (output) in the observations. 

Unsupervised learning is used to answer questions such as whether it is possible to discover 
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subgroups among the observations and whether there exists an informative way to visualize the 

data (James et al., 2013). If the Y value is included in the original data, the modeling process is 

called supervised learning. In supervised learning, for each instance/observation, there exists a 

response/output measurement Y associated with the predictor measurements X(s). Supervised 

learning algorithms analyze the training data and produce functions that map X(s) to Y. Such 

functions help understand the relationship between X(s) and Y (inference) and predict labels or 

values for future instance/observations (prediction) (James et al., 2013).  

Most statistical learning modeling can be characterized as either parametric models or 

non-parametric modeling depending on whether the assumption is made to the model. Parametric 

modeling requires the researcher to assume the form of the function (f). It then estimates 

parameters in the function based on the given data. Because parametric modeling reduces the 

problem from estimating f down to estimating a set of parameters, the modeling process has 

become simpler. However, depending on the model chosen by the researcher, there are chances 

that the generated function does not match the true unknown function or the generated function 

is too complicated to model the relationship (called overfitting). The non-parametric modeling 

does not make an explicit assumption about the function. Instead, it seeks solutions that get to the 

data point as close as possible. Example of non-parametric modeling are the K-Nearest 

Neighbors algorithm and the regression Splines. This helps solve problems related to the 

assumption of the model. However, it increases the chance of overfitting. (James et al., 2013) 

Because of the nature of this research, this section focuses on discussing regression 

methods in supervised learning algorithm. Linear methods are mainly discussed in this section, 

even though much research has concentrated on the non-linear model. This is because linear 

models are easier to interpret and sometimes have better accuracy than non-linear models (James 
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et al., 2013). A good reference to help determine which machine learning model to use 

depending on the data type and size is shown in Figure 35. 

 

 
Figure 35. Scikit-learn machine learning algorithm cheat-sheet. 

 

Regression is a supervised machine learning approach. It deals with situations when the 

responses are qualitative variables, which are referred to as continuous variables. It is a process 

of estimating relationships between the input/dependent variables (predictors or Xs) and the 

output/independent variable (observation or Y) and generating models that can predict the value 

of the independent variable for a new instance. Types of fundamental linear regression 

techniques are simple linear regression and multiple linear regression. These linear models can 

be extended to polynomial regression, regression splines, smoothing splines, local regression, 

and generalized additive models to accommodate some non-linear situations but to maintain as 

much interpretability as possible. Techniques such as subset selection (identifying a subset of 
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predictors); shrinkage methods (coefficients are shrunken towards zero using methods such as 

ridge regression and the lasso); dimension reduction (projecting p predictors to a M-dimensional 

subspace where M<p); and step functions (converting a quantitative variable to a qualitative 

variable by cutting the range of a variable into K distinct regions) can be used to improve the 

modeling process. Underlying assumptions play important roles in regression algorithms. (James 

et al., 2013) 

Simple linear regression and multiple linear regression. Simple linear regression predicts 

output Y with a single predictor X (Equation 1), while multiple linear regression predicts Y with 

more than one predictor Xs (Equation 2). The most common approach to estimate coefficients 

(𝛽0, 𝛽1, … , 𝛽𝑝) is the least square approach, which minimizes the residual sum of square (RSS) 

(Equation 3). Hypothesis tests, such as t-statistic and f-statistic, are commonly used to test 

whether there exists any relationship between X(s) and Y.   

 

 

 𝑌 = 𝛽0 + 𝛽1𝑋 + 𝜖 Equation 1. 

 

 

 𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯+ 𝛽𝑝𝑋𝑝 + 𝜖 Equation 2. 

 

 

 𝑅𝑆𝑆 = ∑(𝑦𝑖 − 𝑦�̂�)
2

𝑛

𝑖=1

 Equation 3. 
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Polynomial regression and regression splines. Polynomial regression extends the linear 

models by allowing powers of the predictors (such as 𝑋2 and 𝑋3). Regression splines combine 

the effect of polynomial regression with the step function. Regression splines first divide data 

into regions using the step function, then build polynomial regression within each regions, and 

finally join these polynomials at the region boundary (Figure 36) (James et al., 2013).  

Smoothing splines and local regression. A smoothing spline is similar to a regression 

spline except the smoothing spline minimizes a residual sum of squares criteria that are subject 

to a smoothness penalty (James et al., 2013). Results from the smoothing splines are illustrated in 

Figure 37. The local regression allows the regions to overlap.  

Generalized additive models (GAMs). These models provide a framework for allowing 

non-linear functions of the predictors. Multiple linear regression model extended with GAMs to 

allow for a non-linear relationship is given in Equation 4. Using GAMs can potentially make 

predictions with more accurate. (James et al., 2013) 

 

 

Figure 36. A cubic spline and a natural cubic spline, with four regions, fit to a subset of the 

Wage data (James et al., 2013, p. 274). 
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Figure 37. Smoothing spline fits the Wage data (James et al., 2013, p. 280). 

 

 

 𝑦 =  𝛽0 + 𝑓1(𝑋1) + 𝑓2(𝑋2) + ⋯+ 𝑓𝑝(𝑋𝑝) + 𝜀 Equation 4. 

 

2.4.3. Model evaluation 

Model evaluation helps determine which model to be used for a particular problem 

(Witten et al., 2017). Depending on the size of the available data and the data type of the 

prediction, different sampling methods and performance measures should be used.   

 

2.4.3.1. Sampling method 

Because models are often used to predict future results, the performance of a model on 

the training data cannot be used to estimate its future performance. An extreme example is that 

an overfitted model may perform well on the training data, but it is biased and won’t give a good 

prediction on future data. When the data size is large, it can be divided into the training data, the 

validation data, and the test data so that models can be optimized and evaluated. The training 
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data is used to learn models, the validation data is used to optimize parameters related to the 

models, and the testing data is used to evaluate and compare the optimized models. The 

validation data may not be needed if the trained models are non-parametric. However, the size of 

the data may not always be ideal.  

Cross-validation, leave-one-out, and the Bootstrap are three sampling methods that work 

for limited sample size. In cross-validation, the dataset is first equally partitioned into a fixed 

number of groups (noted as K groups here). Each group is used as testing data in turn, and the 

rest of the data is used as training data. Therefore, there will be K estimated values for the 

performance measure. These K values are then averaged to generate an overall estimated 

performance. Leave-one-out uses the same principle as cross-validation, except now K equals the 

data size (number of instance/case/observation in the data). Leave-one-out can avoid any random 

sampling which might be involved with cross-validation. Leave-one-out is also expensive 

regarding computing. The bootstrap samples data with replacement to form the training dataset, 

which means one data instance can be added to the training data more than once. Instances that 

are not picked by training set become the test set. The whole bootstrap process will be repeated 

several times, and the resulted performance will be averaged. (J. Han et al., 2012) 

 

2.4.3.2. Performance measures  

To quantify the performance of a model on testing data, different measures are used. For 

the classification problem, the error rate is mostly used. The error rate is the proportion of 

unsuccess prediction over the total number of instances in the test dataset. For regression 

modeling on numeric predictions, there are several measured to be used. Table 10 lists six ways 

of measuring performance on numeric predictions, where the predicted values on the test 
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instance are represented in 𝑝1, 𝑝2, … , 𝑝𝑛, the actual values are represented in 𝑎1, 𝑎2, … , 𝑎𝑛, and �̅� 

is the mean value over the training data assuming the size of the test data is n. There are 

measures that consider the complexity of the model. Akaike information criterion (AIC) and 

Bayesian information criterion (BIC) are examples of such measures. Both AIC and BIC 

penalize for the number of parameters. 

 

Table 10. Performance measures for numeric prediction (Witten et al., 2017, p. 195). 

Error name Equation 

Mean-squared error 
(𝑝1 − 𝑎1)

2 + ⋯ + (𝑝𝑛 − 𝑎𝑛)2

𝑛
 

Root-mean-squared error √
(𝑝1 − 𝑎1)

2 + ⋯ + (𝑝𝑛 − 𝑎𝑛)2

𝑛
 

Mean absolute error 
|𝑝1 − 𝑎1| + ⋯ + |𝑝𝑛 − 𝑎𝑛|

𝑛
 

Relative squared error 
(𝑝1 − 𝑎1)

2 + ⋯ + (𝑝𝑛 − 𝑎𝑛)2

(𝑎1 − �̅�)2 + ⋯+ (𝑎𝑛 − �̅�)2
 

Root relative squared error √
(𝑝1 − 𝑎1)

2 + ⋯ + (𝑝𝑛 − 𝑎𝑛)2

(𝑎1 − �̅�)2 + ⋯ + (𝑎𝑛 − �̅�)2
 

Relative absolute error 
|𝑝1 − 𝑎1| + ⋯ + |𝑝𝑛 − 𝑎𝑛|

|𝑎1 − �̅�| + ⋯+ |𝑎𝑛 − �̅�|
 

 

 

2.4.4. Python machine learning libraries 

Scikit-learn and TensorFlowTM are two python application programming interfaces 

(APIs) that implement many machine learning algorithms (Géron, 2017). Scikit-learn is a simple 

and efficient open source library for data mining and data analysis. It includes modules for 

classification, regression, clustering, dimensionality reduction, model section, and preprocessing 

(scikit-learn, 2017). TensorFlow is an open source library for numerical computation using the 

data flow graph with nodes representing mathematical operations, and graph edges representing 

the multidimensional data arrays communicated between nodes (TensorFlowTM, 2017). 
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TensorFlow allows for scaling up the computations across multiple servers which makes it 

possible to deal with big data (Géron, 2017). An example of program visualized in TensorBoard 

is shown in Figure 38. 

 

 
Figure 38. An example of program visualized in TensorBoard 

https://www.tensorflow.org/get_started/get_started. 

 

 

2.5. Digital image processing 

A two-dimensional (2D) image is defined as a 2D function f(x, y) where x and y are 

spatial coordinates and f(x, y) is the intensity or gray level that is paired with each coordinate (x, 

y) (Gonzalez & Woods, 2008). “Processing digital images using a digital computer” is called 
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digital image processing (Gonzalez & Woods, 2008, p. 1). Depending on the output format, 

digital image processing methods can be divided into methods whose outputs are images and 

methods whose outputs are attributes. Figure 39 shows methodologies that can be applied to the 

different output. Because the purpose of this research is to extract body measurements from 2D 

images, methodologies on segmentation and color image processing are discussed in this section. 

In the end, existing Python APIs coded for image processing are covered.  

 

 
Figure 39. Fundamental steps in digital image processing (Gonzalez & Woods, 2008, p. 26). 

 

 

2.5.1. Segmentation 

Segmentation subdivides an image (usually a monochrome image) into regions that 

satisfy the preceding conditions based on their intensity values (discontinuity and similarity) 

(Gonzalez & Woods, 2008). Depending on whether the target regions are sufficiently different 

from the background or not, the segmentation approach is divided into edge-based segmentation 
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(using local discontinuities in intensity) and region based segmentation (using predefined 

criteria). 

Regarding edge-based segmentation, derivatives are commonly used to compute 

intensity. Gonzalez and Woods (2008) summarize that first-order derivatives are good for 

producing thick edges, while second-order derivatives are strong at finding fine details such as 

think lines, isolated points, and noise, and they can also determine the direction of an edge 

(whether an edge transits from light to dark or dark to light). Regarding region based 

segmentation, a very powerful tool is the TensorFlow API. It offers solutions on segmentation 

images at both the object detection level (bounding boxes) and the instance segmentation level 

(masks) (Abdulla, 2018; Stang, 2017).  

The focus of this section is to discuss methods used for edge-based segmentation, mainly 

on line and edge detections, and methods used for region-based segmentation, mainly on object 

detection and instance segmentation.  

 

2.5.1.1. Line detection 

As mentioned previously, second derivatives can produce thinner lines than first 

derivatives. The Laplacian mask can be used to detect lines in an image (Figure 40b). There is a 

time when interest lines in detecting lines in specified directions, in which case a mask with the 

direction (Figure 41) is implemented. Figure 40 illustrates an example of detecting lines oriented 

at 45 degrees. In Figure 40b, the original image (a) is first applied with the Laplacian mask to 

detect lines (b) and then applied with a 45 degrees mask (+45° in Figure 41) to detect angled 

lines (c). (Gonzalez & Woods, 2008)   
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Figure 40.  Line detection example (Gonzalez & Woods, 2008, pp. 698, 701). 

 

 

 
Figure 41. Line detection masks (Gonzalez & Woods, 2008, p. 699). 

 

2.5.1.2. Edge detection 

Edge segmentation segments images based on a local change in intensity. According to 

the intensity profiles, an edge can be divided into three types (Figure 42), namely the step edge 

(Figure 42 a), the ramp edge (Figure 42 b), and the roof edge (Figure 42 c). An image may 

contain more than one edge types. When dealing with intensity values, first and second 

derivatives are efficient. However, derivatives are very sensitive to noise. Figure 43 shows the 

influence of noise on first derivatives on different types of ramp edge. To help reduce the 

influence of noise, image smoothing is an important step to be considered before the use of 

derivatives.  

 

a b c 
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Figure 42. Three edge types and their corresponding intensity profiles (Gonzalez & Woods, 

2008, p. 702). 

 

     

    

Figure 43. First-derivative images and intensity profiles of a ramp edge corrupted by random 

Gaussian noise of zero mean and standard deviations of 0.0 (a), 0.1 (b), 1.0 (c), and 10.0 (d) 

intensity levels respectively (Gonzalez & Woods, 2008, p. 705). 

 

The gradient at a point, denoted as ∇𝑓 and defined as a vector, is used to calculate edge 

strength and direction at la ocation (𝑥, 𝑦). Equation 5 shows the calculation of ∇𝑓 where 
𝜕𝑓

𝜕𝑥
 and 

𝜕𝑓

𝜕𝑦
 are first order derivative. The length of the gradient vector ∇𝑓 is denoted as 𝑀(𝑥, 𝑦) and 

calculated as Equation 6. The direction of the gradient vector ∇𝑓 is denoted as 𝑎(𝑥, 𝑦) and 

calculated as Equation 7. The edge of a point is orthogonal to the gradient vector at the point. To 

obtain 𝑔𝑥 and 𝑔𝑦, a 1D mask (Figure 44) can be used. Equation 8 and Equation 9 illustrate how 

to calculate 𝑔𝑥 and 𝑔𝑦 based on mask given in Figure 44. When dealing with diagonal edges, a 

2D mask (such as Roberts mask, Prewitt mask, and Sobel mask) can be used (Gonzalez & 

a b c 

a b c d 
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Woods, 2008). Thresholding is also combined with the gradient to improve the result. An 

example of edge detection results is illustrated in Figure 45, with original image in (a), 

smoothened image in (d), results of the edge detection from (a) and (d) using the Sobel mask 

illustrated in (b) and (e) respectively, and results of thresholding applied on (a) and (d) illustrated 

in (c) and (f) respectively. Examples of more advance algorithms for edge detections are the 

Marr-Hildreth edge detector (Figure 46 a) and the Canny edge detector (Figure 46 b) (Canny, 

1986; Marr & Hildreth, 1980).   

 

 ∇𝑓 ≡ 𝑔𝑟𝑎𝑑(𝑓) ≡ [
𝑔𝑥

𝑔𝑦
] =

[
 
 
 
𝜕𝑓

𝜕𝑥
𝜕𝑓

𝜕𝑦]
 
 
 

 Equation 5. 

 

 𝑀(𝑥, 𝑦) = 𝑚𝑎𝑔(∇𝑓) = √𝑔𝑥
2 + 𝑔𝑦

2 Equation 6. 

 

 𝑎(𝑥, 𝑦) = 𝑡𝑎𝑛−1 [
𝑔𝑦

𝑔𝑥
] Equation 7. 

 

 
Figure 44. 1D masks (Gonzalez & Woods, 2008, p. 708). 

 

f(x,y) 

f(x,y+1) f(x,y) f(x+1,y) 
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 𝑔𝑥 =
𝜕𝑓(𝑥, 𝑦)

𝜕𝑥
= 𝑓(𝑥 + 1, 𝑦) − 𝑓(𝑥, 𝑦) Equation 8. 

 

 𝑔𝑦 =
𝜕𝑓(𝑥, 𝑦)

𝜕𝑦
= 𝑓(𝑥, 𝑦 + 1) − 𝑓(𝑥, 𝑦) Equation 9. 

   

   
Figure 45. Example of Sobel mask before (a, b, and c) and after smoothing (d, e, and f) 

(Gonzalez & Woods, 2008, pp. 711–712). 

 

 

 
Figure 46. Results of the advanced edge detectors (Gonzalez & Woods, 2008, p. 724). 

 

 

a b c 

d e f 

a b 
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Because of noise, pixels identified through edge detection seldom characterize edges 

completely, in which case linking algorithms are needed to assemble these pixels into 

meaningful edges. Gonzalez and Woods (2008) summarized linking algorithms into three 

groups, namely local processing, region processing, and global processing. A popular global 

approach is the Hough transform, which links pixels based on a specified shape (U. S. Patent 

3,069,654, 1962). Figure 47 shows an example of trying to find edges of the runway from an 

aerial image of an airport. Figure 47 (a) is the original grayscale image. Figure 47 (b) is the edge 

image obtained using the Canny algorithm. Figure 47 (c) is the Hough parameter space. Figure 

47 (d) illustrates lines found through the Hough parameter space.   
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Figure 47. Example of Hough transform (Gonzalez & Woods, 2008, p. 737). 

 

 

2.5.1.3. Object detection 

Object detection focuses on localizing and identifying bounding boxes of multiple objects 

in a single image (Models and examples built with TensorFlow. Contribute to tensorflow/models 

development by creating an account on GitHub, 2016/2018). The steps of building object 

detection model usually follow the order of visualizing data, setting up data pipeline and 

preprocessing, building models, training models, evaluating models, and repeating (Yuan, 

2016/2018). However, modern image segmentation models have millions of parameters and 

require lots of images to train. Training models from scratch are always expensive regarding 

a b 

c d 
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time and computing resources. Transfer learning shortcuts much of the training cost by reusing 

features in models trained from a large database and needs way less training images 

(TensorFlowTM, 2018). An example situation of using object detection model is shown in Figure 

48, where the goal is to count the number of balloons the picture.  

 

2.5.1.4. Instance Segmentation 

Instance segmentation identifies object outlines at the pixel level (Abdulla, 2018). One 

way of doing it is to use the Mask R-CNN (region-based convolutional neural network) (He, 

Gkioxari, Dollár, & Girshick, 2017). The Mask R-CNN first scans the image and generates areas 

likely to contain an object. It then classifies the areas and generates bounding boxes and masks 

(Figure 49). A balloon mask example is demoed by Abdulla (2018) (Figure 50).  About 75 

balloon images were downloaded, and the balloon shapes within each image were labeled 

(Figure 50 b). Instead of training a model from scratch, the images were trained on top of a 

model that had been trained on the COCO dataset (http://cocodataset.org/). The COCO dataset 

does not include the balloon class, but it contains information (features common in natural 

images) learned from approximately 120 thousand images. The revised model can then be used 

to find balloons in a new image (Figure 50 d).  

 

http://cocodataset.org/
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Figure 48. Computer vision tasks at different levels (Abdulla, 2018). 

 

 

 

 
Figure 49. The Mask R-CNN framework for instance segmentation (He et al., 2017). 
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Figure 50. Mask R-CNN model training demo by Abdulla (2018). 

  

 

2.5.2. Color image processing 

Color images are powerful descriptors and can include more information than grayscale 

images. Some algorithms for grayscale images can also be applied to color images. Color models 

are used to facilitate the specification of colors in some standard. The RGB (red, green, blue) 

model, the CMYK (cyan magenta, yellow, black) model, and the HIS (hue, saturation, intensity) 

model are the three most commonly used color models. RGB is mostly used by color monitors 

and cameras, CMYK is used for color printing, and HIS corresponds closely with how human 

describe and interpret color (Gonzalez & Woods, 2008). Conversion between different color 

models is sometimes needed.  



 

82 

 

Besides from the three commonly used color spaces, the Lab (L for the lightness and a 

and b for the green–red and blue-yellow color components) color space, also known as CIE 

L*a*b*, is a color space designed to be perceptually uniform with respect to human color vision 

(Wikipedia, 2018). The Lab color space defines colors independent of how they are created or 

displayed and therefore, it is device-dependent. It is a common color space for image 

segmentation as it separates the lighting variable. Once the color model has been converted to the 

target, the next steps are to apply color transformations, smoothing and sharpening, and image 

segmentation to the images. 

 

2.5.2.1. Color slicing  

Color slicing can be used to separate an object from its surroundings by highlighting a 

specific range of colors in an image. Unlike the intensity slicing techniques for grayscale images, 

color slicing is more complex because it considers n-dimensions for each pixel, which needs 

color transformations to combine the n original components for each pixel into one component 

using a function. Examples of such transformation functions for each pixel are given in Equation 

10 (cube or hypercube transformation) and Equation 11 (sphere or hypersphere transformation) 

where 𝑆𝑖 is the new color value for the 𝑖𝑡ℎ component (Gonzalez & Woods, 2008, p. 432). Their 

results are showing in Figure 51. 

 

 𝑆𝑖 = {
0.5      𝑖𝑓 [|𝑟𝑗 − 𝑎𝑗| >

𝑊

2
]
𝑎𝑛𝑦 1≤𝑗≤𝑛

𝑟𝑖       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                

        𝑖 = 1, 2, … , 𝑛 Equation 10. 
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 𝑆𝑖 = {
0.5      𝑖𝑓 ∑(𝑟𝑗 − 𝑎𝑗)

2
> 𝑅0

2

𝑛

𝑗=1

𝑟𝑖       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                     

        𝑖 = 1, 2, … , 𝑛 Equation 11. 

 

 
Figure 51. Color slicing transformation (a) original (b) reds within an RGB cube of width 

centered at (0.6863, 0.1608, 0.1922), and (c) reds within an RGB sphere of radius 0.1765 

centered at the same point (Gonzalez & Woods, 2008, pp. 431–432). 

 

2.5.2.2. Color edge detection 

Gradient operators used to detect edges in grayscale images will lead to erroneous results 

if implemented directly in color images because color images have multiple components 

(Gonzalez & Woods, 2008, p. 447). Di Zenzo (1986) described a method to calculate the 

gradient for a color image. Figure 52 illustrates gradient image results of an image example (a) 

from the Di Zenzo (1986) method (b), a combination of the gradient of each RGB component 

image (c), and the difference between the two methods (d). 

 

a b c 
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Figure 52. Example of edge detection for a color image using different methods (Gonzalez & 

Woods, 2008, p. 450). 

 

 

2.5.2.3. Merge color regions 

Merging regions with similar color is often used when segmenting regions based on 

colors. Region adjacency graph (RAG) and thresholding can be used for this purpose. Figure 53 

shows an example of such a method with (a) showing the original image and (b) showing the 

resulting image. The resulting image has fewer colors and better segmentation.  

 

a b 

c d 
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Figure 53. Example of RAG thresholding using the scikit-image API (scikit-image development 

team, 2017b). 

 

2.5.3. Open source packages 

Scikit-image (http://scikit-image.org/docs/dev/api/skimage.html) and OpenCV-python 

(http://opencv-python-tutroals.readthedocs.io/en/latest/py_tutorials/py_tutorials.html) are two 

commonly used python application programming interfaces (APIs) for image processing and 

computer vision. Both packages implement algorithms on image drawing, color image 

processing, image filtering, image intensity adjustment, image transformation, feature and object 

detection, measurement of image properties, morphological operations, and image segmentation. 

OpenCV-python even includes methods of video analysis and 3D image reconstruction. Some 

key algorithms covered in the previous sections are also included in these packages. Figure 54, 

Figure 55, Figure 53, and Figure 56 illustrate the Canny edge detector, Hough transform, region 

adjacency graph (RAG) thresholding, and geometric transformations implemented in the scikit-

image API respectively. 

 

a b 
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Figure 54. Example of the Canny edge detector using the scikit-image API (scikit-image 

development team, 2017a). 

 

 
Figure 55. Example of the Hough transform using the scikit-image API (scikit-image 

development team, 2017c). 

  

 

 
Figure 56. Example of geometric transformation using the scikit-image API (scikit-image 

development team, 2017d). 

Before 

After 
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Tensorflow is designed for high-performance numerical computation and was originally 

developed by researchers and engineers from the Google Brain team within Google’s AI 

organization (https://www.tensorflow.org/). Tensorflow Object Detection API is built on top of 

TensorFlow and is useful for computer vision (Figure 57) (Huang et al., 2016/2018).  

 

 
Figure 57. Sample questions solved with TensorFlow Object Detection API (Huang et al., 

2016/2018). 

 

 

2.6. Summary  

This chapter has included information about why anthropometry is important, what body 

dimensions are valuable, what technologies can be used to collect body information, and how to 

process the collected body information regarding the apparel industry. It starts with a section 

discussing the uses of anthropometric for clothing. Body measurements can be used to draft 

pattern pieces, design grading, and sizing rules, support decision on manufacturing, enable mass 

customization, help size selection, and improve virtual fitting. It then covers body measurements 

that are important for clothing design. Standards are examined, and lists of primary and 

secondary measurements are generated. Traditional and state of the art technologies used or can 

https://www.tensorflow.org/
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potentially be used to collect body dimension information are explored. Examples of three 

dimensional (3D) whole body scanners, handheld scanners, and manual methods are studied. 

Data mining techniques, such as data preparation techniques, modeling techniques, and model 

evaluation techniques, are explored. Regression algorithms are discussed in detail. In the end, 

basic two-dimensional (2D) image processing methods are studied. Segmentation and color 

image processing are covered particularly.  

The literature review shows that it is important to develop a cost-effective way for 

customers to measure themselves at home on a daily basis. No such product is currently available 

or widely accepted on the market. Two-dimensional (2D) images captured with a smartphone 

can be a good candidate device for body information collection. Algorithms developed for image 

analysis are sufficient to extract body measurements from 2D images. Machine learning 

algorithms can be used to derive uncaptured body measurements further. Both of these types of 

algorithms have open source application programming interfaces (APIs). Therefore, the research 

topic is valuable and doable.  
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CHAPTER 3. METHODOLOGY 

The goal of this research is to develop a body measuring system that can easily be 

adopted by users to measure their body dimensions in a daily basis. Four research questions were 

designed to further guide this research (refer to section 1.2). Figure 58 illustrates the schematic 

of the designed body measuring system. A portable device, such as a smartphone or an iPad, is 

used as the portal for data input, which fitted the purpose of research question #1. Two-

dimensional (2D) images and one-dimensional (1D) demographic data are collected through the 

device. Prediction models are used to extract three-dimensional (3D) body dimensions from the 

2D and 1D information, for example, using hip width and depth measurements from 2D image 

and body weight from 1D demographic info to predict hip girth measurement that can only be 

measured in 3D.  

This research mainly aims to solve how to measure a body with the developed system, 

which answers research question #2. This problem can be further split into how to extract 

information from 2D images that are useful for 3D prediction and how to build the prediction 

models. Four stages of data collection and analysis were designed to help develop the system. 

Stage one aimed at selecting and defining a list of representative measurements for analysis. 

Stage two focused on exploring the correlations between the representative measurements and 

the extractable image measurements. Stage three was designed to collect new 1D, 2D, and 3D 

data. Stage four worked on analyzing the images and building the prediction models. Details of 

each stage are explained in this chapter. A flowchart for this research is shown in Figure 59. 

Existing anthropometric datasets (the SizeUSA dataset) and a dataset collected through 

this research were analyzed. The SizeUSA project is a national anthropometric survey conducted 

in the U.S. in the early 2000’s using [TC]2 3D whole-body scanners. It contains 3D body data 
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and 1D demographic data of more than 10,000 subjects, with more than 6,000 female subjects 

(http://www.sizeusa.com/). A new dataset including 1D, 2D, and 3D information was collected 

through this research from recruited subjects to support image analysis and to train and test the 

prediction model.  
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Figure 58. Schematic of the designed body measuring system. 
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Figure 59. Flowchart. 
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3.1. Stage one: select and define the representative measurements 

Stage one focuses on selecting a list of representative measurements to be considered in 

this research by referring to the existing standards for the clothing industry, anthropometric 

surveys, and 3D body scanning technology (Table 1). The selected representative measurements 

should be measurements that (1) are closely related to size selection, (2) are not directly 

measurable or hard to measure in 2D images, and (3) have the potential to be predicted by 

information extractable from 2D images and 1D demographic information. Because only 

selected representative measurements are analyzed in this research, the developed algorithms on 

such measurements should be able to serve as foundations where other measurements can be 

derived without too much effort. Most primary measurements from clothing standards are 

circumference and length measurements (refer to section 2.2). Therefore, the representative 

measurements should include both girth and length measurements. A list of representative 

measurements was selected based on all the criteria discussed above. To be noted here that 

because online information regarding sizing is generally related to only 3 circumferences and 2 

height/length measurements, depending on the product of interest, it is sufficient to include 2~3 

circumference measurements and 1~2 length/height measurements as a starting point.  

Because 3D data is being used for the purpose of training and validation in this research, 

it is also important to define the representative measurements in a way that they can be extracted 

from 3D scans systematically and accurately. Some measurement definitions may be applicable 

in the manual measurement where the measurer may locate the landmarks by touching, but not 

applicable in the 3D measurement or 2D measurement which are non-invasive ways to measure a 

body. A typical example of such measurements is the waist level. For the representative 

measurements that have multiple methods of identification using the computer programs, it is 
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important to choose a method that can generate the results closest to the original definition. To 

do this, a sample group of scans was selected from the SizeUSA data. The measurement location 

identified by each candidate methods (depending on the selection of the representative 

meaurements) was reviewed by the research, and the best method was labeled for each scan. The 

method that won the most votes were considered as the most appropriate program extraction 

method for that measurement.  

 

3.2. Stage two: explore the correlations between the representative measurements and the 

extractable image measurements  

Because the representative measurements cannot be extracted directly from or are hard to 

measure in 2D images, it is important to find a way to estimate them. The goal of stage two is 

first to explore whether it was possible to estimate the representative measurements that we need 

(independent variables) such as girth and length measurements, using measurements that are 

available through 2D images (dependent variables), such as front width, side width, and height 

measurements. If estimation is possible, then what measurements should be considered as the 

dependent variables (predictors) for each of the representative measurements.  

Because stage two was mainly designed to explore and generating guidance for the next 

stages, the analysis in this stage was conducted on existing body scanning database, the SizeUSA 

database. A group of samples from the SizeUSA data was selected preserving the underlying age 

distribution. The selected samples were further split into training and testing datasets. A list of 

measurements that are available through the SizeUSA data were reviewed, and measurements 

that can’t be directly extracted or are hard to extract from 2D images were filtered out.  
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The LASSO (least absolute shrinkage and selection operator) model using Akaike 

information criterion (AIC) for model selection was trained on the training dataset. The LASSO 

model was selected based on the analysis of Figure 35, found in the previous chapter. It is a 

linear model and tends to prefer solutions with fewer parameters. Model selection was embedded 

by applying the AIC criteria that can discourage overfitting by considering both goodness of fit 

(residual errors) and the complexity of the model (number of selected features). This is helpful 

because the more measurements required to be extracted from 2D images, the more errors may 

be included due to the variance related to the 2D measurement extraction process. The 

performance of the resulting regression models was tested on the testing dataset. By shrinking 

the number of measurements that are needed from the 2D images, it simplified the image 

processing stage. The results worked as guidance for further analysis of the newly collected data.  

 

3.3. Stage three: collect new 1D, 2D, and 3D data 

The models generated from stage two is sufficient to prove whether it applied to predict 

the representative measurements from measurements available through 2D images and 1D 

demographic information or not. However, because of the nature of the SizeUSA data (all scans 

were collected from subjects in their underwear), the SizeUSA models work best with subject in 

their underwear. Also, even though the predictor measurements can be captured in 2D images, 

the values used to build the model in stage two were extracted from the 3D scans. Therefore, the 

resulting prediction models from stage two cannot serve as the perdition model for the designed 

measurement system. It is still necessary to collect new data and generate new prediction models.  

1D demographic information, 2D images, and 3D body scans were designed to be 

collected from recruited female subjects. The 1D demographic data were collected using a 
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questionnaire. Front and side 2D image data were collected using a consistent device in a 

consistent environment to reduce variables considered in the image processing step. The 3D 

body data was collected using the Size Stream body scanner. Each subject was scanned twice as 

explained later.  

To help protect the subject’s privacy (because many people don’t want to take pictures 

only in their underwear) and meanwhile simplify measurement extraction process from 2D 

images, an apparatus was designed and involved in the data collection stage. The apparatus 

(Figure 60) was a set of close fitted top and bottom to provide the possibility of measuring close 

to the body. It was made out of lightweight knits to minimize its compression to the body. The 

apparatus was printed with color codes to provide regions for measurement extraction. The color 

bands indicate areas at where the targeted measurements may locate. The apparatus was made in 

three sizes, namely small, medium, and large. Because the fabric was very stretchy, the three 

sizes can cover a wide range of body shape. The size that fits the subject the best was picked by 

the researcher based on the subject’s weight and height information. Even so, the apparatus may 

still change the body measurements. To test whether such change existed or not, each recruited 

subject was 3D scanned twice. Subjects were first scanned with their underwear and then 

scanned when wearing the scanning apparatus. Statistical tests were conducted on the 

representative measurement values extracted from the two types of 3D scans, to see if the mean 

difference was different from 0 or not. The paired t-test was the first choice. It assumes that the 

difference between pairs (the measurement values pairs for each subject from the two types of 

scans) are normally distributed (McDonald, 2015). Therefore, the distribution of the difference 

was plotted and reviewed to see if the assumption was met or not. If not, Wilcoxon signed-rank 

tests were used instead. This led to answers to research question #3.  
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Figure 60. Scan apparatus. 

 

To collect the 2D images, the subjects were asked to stand underneath a door frame with 

known dimensions in standard scan postures. The door frame provided a reference scale which is 

important when trying to extract measurements from the images. It was critical to make sure the 

subject stand right underneath the doorframe. Otherwise, the reference scale may differ from the 

scale of the apparatus due to perspective effect. Other criteria to achieve was to make sure the 

arms didn’t block the body contour when side images were taken. The image should capture the 

complete doorframe. Front and side images were taken for each subject wearing the provided 

apparatus with the same camera. Masks and hats were provided to protect the subject’s 

identification. No shoe were allowed. Example images are presented in Figure 61. The collected 

1D, 2D, and 3D data were cleaned, analyzed, and tested on stage 4.  
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Figure 61. Examples of front and side 2D images. 

 

 

3.4. Stage four: analyze the images and build the prediction models 

This stage was designed to extract predictor measurements from 2D images and to 

finalize the prediction models for the representative measurements. An important step needed 

before any comparison could be made was to find a way to extract measurements from the 2D 

images. Two methods of detecting the doorframe were tested. The first method used edge 

detection and Hough line detection, while the second method adopted the neural network 

machine learning algorithm. Scikit-image, OpenCV-Python, and TensorFlow™ APIs were used. 

The pipeline of the image analysis is plotted in Figure 62. Once the doorframe was detected, the 

perspective correction was applied to correct image distortion. The apparatus area was then 

segmented. Two methods were tested and compared. The first method used the Mask R-CNN 

(region convolutional neural network) model, while the second method used the super-pixel 

method and color filters on the Lab (L for the lightness, a for the green-red color component, and 

b for the blue-yellow color components) color space (He et al., 2017). Because the apparatus was 

color-coded, for example, red was used at the bust region and green was used at the hip region, it 

was possible to filter the super-pixels with different color thresholds to isolate regions for 

different measurement areas. The levels of the measurements were located within the apparatus 
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regions based on the definition outlined in section 3.1. Width, depth, and height measurements 

were then measured. To help answer research question #4, the flexibility of improvement was 

also considered as a criterion for the algorithm selection.  

A sample group was generated from the collected data to help determine the right image 

processing method. To determine which doorframe detection method between the proposed 

methods was better, the researcher reviewed the doorframe results for the sample subjects. To 

determine which apparatus segmentation method between the proposed methods was better, the 

resulting measurements extracted using the proposed segmentation algorithms (auto 2D) were 

compared to measurements measured manually by the researcher (manual 2D) in the sample 

images. The better methods were used to extract the measurements for further analysis. To 

determine the relationship between the 2D measurement values to the 3D scan values, the auto 

2D results were compared with the auto 3D results. 

Because the goal of this research is to build the foundation of an app that can measure a 

3D human body with the 2D images, it is critical to model the relationships between the 2D and 

3D body measurements. The measurements extracted from the 2D images were inputted as 

dependent variables to train models on predicting the representative measurements. Similar to 

section 3.2, the LASSO (least absolute shrinkage and selection operator) model was trained, and 

the Akaike information criterion (AIC) was used for model selection. Training and testing 

datasets were generated. The predicted measurement results on the testing dataset were 

compared to the measurements extracted from the 3D scans. As explained in section 3.3, 

depending on the distribution of the difference, either paired t-tests or Wilcoxon signed-rank 

tests were used to test whether two methods differed or not. 
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Figure 62. Image processing pipeline. 
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CHAPTER 4. RESULTS AND DISCUSSION 

4.1. Results and discussions on stage one 

4.1.1. Representative measurements 

By reviewing the standards listed in Table 1, found in section 2.2, bust girth, waist girth, 

hip girth, and inseam length were selected as the proposed representative measurements for 

analysis in this research. Bust girth was selected because it was the primary measurement for 

tops and dresses. Hip girth was selected because it was the primary measurement for skirt and 

pants, and also impacts the fit of many dresses. Waist girth was selected because it was a primary 

measurement for many styles in all types of garments. Leg inseam length was selected as the 

only length representative measurement because it was the secondary measurement for styles 

like pants and leggings, which are very common clothing styles on the market. The definitions of 

each representative measurements are presented in Table 11. The selection of the representative 

measurements is not unique. In fact, they are the measurements generally used to define size by 

the majority of brands in the marketplace.  Since these are the measurements generally provided 

to consumers to make sizing decisions, they were considered the best starting point to test and 

refine the designed measurement system. 

Multiple methods (Table 12) of finding the waist level through a computer program were 

considered because it is hard to locate the waist level defined in Table 11 without asking the 

subject to bend her body. These methods were compared and discussed in section 4.1.2. 
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Table 11. Definitions of proposed representative measurements and the related landmarks. 

Measurement / 

Landmark 
Definition 

Bust girth Horizontal girth measured at bust point level (ISO, 2017b) 

Waist girth Horizontal girth of the body measured at the waist level (ISO, 2017b) 

Hips girth The maximum horizontal circumference around the torso taken at the greatest protrusion 

of the buttocks as seen from the side  (ASTM International, 2015) 

Inseam leg length The vertical distance from the midpoint of the crotch to the floor, taken with the subject 

standing and without shoes (ASTM International, 2015) 

Bust level Most anterior point of the bust when wearing bra (ISO, 2017b) 

Waist level Midway between the lowest rib point and the highest point of the hip bone at the side of 

the body (ISO, 2017b) 

 

 

Table 12. Methods of finding a waist level in a computer program. 

Method Description 

Waist level: small-

of-back 

The point where the spine had the largest indent when viewed from the side (Han, Nam, & 

Hwang Shin, 2010). 

Waist level: 

narrowest-front 

The narrowest part of the torso between the hips and the bust. 

Waist level: center-

b/w-bust-hips 

The center line between the levels at the most protruding point at the front (bust level) and 

back (hips level) from the side view of a body.  

Waist level: 

proportion-waist  

The center of the central waist region with a proportional length (such as small of back 

height minus 4 cm) being the lower limit and the narrowest front point on the torso being 

the upper limit (Gill et al., 2014) 

 

 

4.1.2. Compare different waist level definitions 

Four different methods, namely small-of-back, narrowest-front, center-b/w-bust-hips, and 

proportion-waist (Table 12), of finding the waist level in a computer program were considered in 

this section. The small-of-back and the proportion-waist methods were referenced from 

literature, while the center-b/w- bust-hips method was selected based on the author’s own 

experience when exploring the SizeUSA data. The narrowest-front method was included because 

it was a by-product of the proportion-waist method. To figure out which method was the best, a 

set of 3D scans were randomly sampled from the SizeUSA data by preserving the underlying age 

distribution (Figure 63). The sample dataset contains 125 scans (2% of the SizeUSA dataset) 

with 30 (24%) in age 18-25, 28 (22.4%) in age 26-35, 26 (20.8%) in age 36-45, 22 (17.6%) in 
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age 46-55, 12 (9.6%) in age 56-65, and 7 (5.6%) in age 66+. Counts of scans in each age group 

of the sample and the SizeUSA data are plotted in Figure 63. 

 

 
Figure 63. Age distribution sample vs. SizeUSA. 

 

The selected sample scans were analyzed in [TC]2’s body measurement program. The 

measurement extraction file (in .mep format) was edited so that it measured waists using the four 

selected methods. After examining the waist level found through each method in the 3D view 

(Figure 64), the researcher recorded the method that resulted in a level closest to the waist level 

defined in Table 11. In some situations, more than one method was recorded for a scan because 

the waist levels found by the methods were either overlapping or being close to each other. The 

resulting counts of the best method for different age groups are plotted in Figure 65.  
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Figure 64. Examples of subjects suitable for the different method of determining waist level. 

 

None of the four methods was overwhelmingly dominant. Center-b/w-bust-hips was the 

best method (covered 37.3% of the sample population) among the four to determine the waist 

level, followed by the small-of-back method (covered 32.4% of the sample population). The best 

method was dependent on age range, with center-b/w-bust-hips being the best method for age 

range 18-25 (tie with proportion-waist), 36-45, and 46-55 (tie with small-of-back), proportion-

waist being the best method for age range 18-25 (tie with center-b/w-bust-hips), and small-of-
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back being the best method for age range 26-35, 46-55 (tie with center-b/w-bust-hips), 55-65, 

and 66+. Because the ages of the subjects used for data collection through this research all fell 

within the of 18-25 and 26-35, the method with the highest count number when combining 18-25 

and 26-35 groups was the center-b/w-bust-hips, followed by the small-of-back method. Since the 

small-of-back method ranked very well, and was the method available through the 3D scanner 

used for this study, this was the method used to find the waist level in the 3D scans and 2D 

images collected through this research. 

 

 
Figure 65. Results of the best method of finding a waist level. 

 

4.2. Results and discussions on stage two 

4.2.1. Measurements extractable from 2D images 

The computer program (ImageTwin by [TC]2) used to extract measurements from the 

SizeUSA 3D scans has more than 100 built-in measurements. All these measurements were 

examined by the researcher to see whether they could potentially be extracted from 2D images of 
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a subject wearing the apparatus or not. The list was filtered so that only measurements 

extractable from 2D images remained. The resulting measurements are shown in Table 13, along 

with descriptions of how each measurement was extracted in the program. These measurements 

were used as dependent variables to train the LASSO model further explained in section 4.2.2.  

 

Table 13. Selected measurements and how they are extracted from the ImageTwin program. 

Measurement Definition 

Waist_small_back_Height_Back The distance above the floor of the back waist point (found using the small-of-

back method). 

Waist_small_back_Depth The distance from the front waist point to the back waist point.  

Waist_small_back_Width The distance from the right waist point to the left waist point.  

Seat_Height The distance above the floor of the back seat point where the buttocks 

protrudes most to the rear. 

Seat_Depth The distance from the front seat point to the back seat point. 

Seat_Width The distance from the right seat point to the left seat point. 

Abdomen_Height The distance above the floor of the back abdomen point where the torso 

protrudes farthest to the front in the area below the front waist point and 

above the seat. 

Abdomen_Depth The distance from the front abdomen point to the back abdomen point. 

Abdomen_Width The distance from the right abdomen point to the left abdomen point. 

VRise_Back The difference in height of the back waist point and the crotch point. 

Bust_Height The distance above the floor of the back bust point. 

Bust_Depth The distance from the front bust point to the back bust point. 

Bust_Width The distance from the right bust point to the left bust point. 

Underbust_Height The distance above the floor of the back underbust point 

Underbust_Depth The distance from the front underbust point to the back underbust point. 

Underbust_Width The distance from the right underbust point to the left underbust point. 

Shoulder_length The straight line distance from the side neck point to the shoulder point. 

 

 

4.2.2. LASSO regression using AIC for model selection 

To explore what measurements were needed for predicting the representative 

measurements, the LASSO (least absolute shrinkage and selection operator) regression models 

were trained on samples from the SizeUSA data. AIC (Akaike information criterion) was used 

for model selection. The scikit-learn API was used. The sample dataset contained 636 scans 

(10% of the SizeUSA data). Like the sample set used for the waist comparison in section 4.1.2, 
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the sample used for the LASSO regression followed the same age distribution as the SizeUSA 

data. The sample set was then randomly split into training (60%) and testing datasets (40%).  

In addition to the selected 2D extractable measurements, four demographic variables, 

namely height, weight, age range, and ethnicity, were also included as the dependent variables 

for the model training. The ethnicity variable and the age range were converted to dummy 

variables so that such categorical variables can be processed through machine learning models in 

the scikit-learn API. The four representative measurements, namely bust girth, waist girth (small-

of-back), hip girth, and inseam leg length were used as the independent variables. Before training 

the model, all dependent variables were standardized by removing the mean and scaling to unit 

variance, and the missing values were imputed by the mean of the variable. A general format of 

the resulting LASSO model is shown in Equation 12, where (1) 𝛽0 is the intercept, (2) 𝑥1 …𝑥𝑛 

are the dependent variables, (3) 𝛽1 …𝛽𝑛 are coefficients for the n dependent variables, (4) 

𝑥1̅̅̅ … 𝑥𝑛̅̅ ̅ are means for the dependent variables, (5) 𝜎1 …𝜎𝑛 are standard deviations for the n 

dependent variables, and (6) �̂� is the predicted value.  

 

 �̂� =  𝛽0 +  𝛽1 ∗
(𝑥1 − 𝑥1̅̅̅)

𝜎1
+ ⋯+  𝛽𝑛 ∗

(𝑥𝑛 − 𝑥𝑛̅̅ ̅)

𝜎𝑛
 Equation 12. 

 

It was found that Bust Width, Underbust Depth, Bust Height, Waist Width (small-of-

back), Waist Depth (small-of-back), Waist Height (small-of-back), Seat Width, Seat Depth, Seat 

Height, Rise Height, and Weight should be considered as the candidate predictors for the 

representative measurements and therefore, should be extracted from the 2D images and 3D 

scans in the data collected in stage 3. Parameter values and prediction scores for the 

representative variables are discussed in section 4.2.2.1 through section 4.2.2.4.  
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4.2.2.1. Bust girth and its predictors 

Presented in Equation 13 is the resulting prediction model for bust girth. Dependent 

variables were reduced to Bust Width, Seat Depth, Underbust Depth, and Weight. The R2 value 

of the prediction on the testing dataset was 0.958. The difference between the predicted bust 

girth and the true bust girth for the testing dataset is plotted in Figure 66. It shows that 87 out of 

255 subjects had predicted bust girths that differed from their true bust girth more than 1 inch, 

which is considered as the size interval for most girth measurements (ASTM International, 

2011). Therefore, Bust Width, Seat Depth, Underbust Depth, and Weight were proposed to be 

collected in stage three and then considered as dependent variables for bust girth prediction in 

stage four.  

 

 

𝐵𝑢𝑠𝑡𝐺𝑖𝑟𝑡ℎ̂ = 40.740 + 1.893 ∗
(𝐵𝑢𝑠𝑡𝑊𝑖𝑑𝑡ℎ − 12.904)

√1.963

+ 0.072 ∗
(𝑆𝑒𝑎𝑡𝐷𝑒𝑝𝑡ℎ − 11.315)

√4.534
+ 2.220

∗
(𝑈𝑛𝑑𝑒𝑟𝑏𝑢𝑠𝑡𝐷𝑒𝑝𝑡ℎ − 9.575)

√3.075
+ 0.618

∗
(𝑊𝑒𝑖𝑔ℎ𝑡 − 157.394)

√1566.895
 

Equation 13. 
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Figure 66. Bust girth model prediction results (SizeUSA). 

 

4.2.2.2. Waist girth and its predictors 

The resulted prediction model for waist girth is presented in Equation 14. Dependent 

variables were narrowed down to Waist Width (small-of-back), Waist Depth (small-of-back), 

Seat Depth (Hip Depth), Underbust Depth, and Weight. The R2 value of the prediction on the 

testing dataset was 0.977. The difference between the predicted waist girth and the true waist 

girth for the testing dataset is plotted in Figure 67. It shows that 13 out of 255 subjects had 

predicted waist girths that differed from their true waist girth more than 1 inch, which is 

considered as the size interval for most girth measurements (ASTM International, 2011). 

Therefore, Waist Width (small-of-back), Waist Depth (small-of-back), Seat Depth (Hip Depth), 

Underbust Depth, and Weight were proposed to be collected in stage three and then considered 

as dependent variables for waist girth prediction in stage four. 
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𝑊𝑎𝑖𝑠𝑡𝐺𝑖𝑟𝑡ℎ̂ = 35.089 + 2.435

∗
(𝑊𝑎𝑖𝑠𝑡𝑆𝑚𝑎𝑙𝑙𝐵𝑎𝑐𝑘𝑊𝑖𝑑𝑡ℎ − 12.147)

√2.339
+ 2.197

∗
(𝑊𝑎𝑖𝑠𝑡𝑆𝑚𝑎𝑙𝑙𝐵𝑎𝑐𝑘𝐷𝑒𝑝𝑡ℎ − 9.456)

√3.965
+ 0.150

∗
(𝑆𝑒𝑎𝑡𝐷𝑒𝑝𝑡ℎ − 11.315)

√4.534
+ 0.423

∗
(𝑈𝑛𝑑𝑒𝑟𝑏𝑢𝑠𝑡𝐷𝑒𝑝𝑡ℎ − 9.575)

√3.075
+ 0.040

∗
(𝑊𝑒𝑖𝑔ℎ𝑡 − 157.394)

√1566.895
 

Equation 14. 

 

 

 
Figure 67. Waist girth model prediction results (SizeUSA). 

 

4.2.2.3. Hip girth and its predictors 

The resulting prediction model for hip girth (labeled as SeatGirth in the regression) is 

presented in Equation 15. Dependent variables were narrowed down to Seat Width (Hip Width), 
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Seat Depth (Hip Depth), and Weight. The R2 value of the prediction on the testing dataset was 

0.991. The difference between the predicted hip girth and the true hip girth for the testing dataset 

is plotted in Figure 68. It shows that 11 out of 255 subjects had predicted hip girths that differed 

from their true hip girth more than 1 inch, which is considered as the size interval for most girth 

measurements (ASTM International, 2011). Therefore, to Seat Width (Hip Width), Seat Depth 

(Hip Depth), and Weight were proposed to be collected in stage three and then considered as 

dependent variables for hip girth prediction in stage four. 

 

 

𝑆𝑒𝑎𝑡𝐺𝑖𝑟𝑡ℎ̂ = 42.585 + 2.586 ∗
(SeatWidth − 15.253)

√2.372

+ 2.367 ∗
(SeatDepth − 11.315)

√4.534
+ 0.379

∗
(𝑊𝑒𝑖𝑔ℎ𝑡 − 157.394)

√1566.895
 

Equation 15. 

 

 
Figure 68. Hip (seat) girth model prediction results (SizeUSA). 
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4.2.2.4. Inseam length and its predictors 

The resulting prediction model for inseam leg length is presented in Equation 16. 

Dependent variables were narrowed down to Waist Height (small-of-back), Seat Height (Hip 

height), Rise Height, and Bust Height. The R2 value of the prediction on the testing dataset was 

0.998. The difference between the predicted inseam leg length and the true inseam leg length for 

the testing dataset is plotted in Figure 69. It shows that 0 out of 255 subjects had predicted waist 

girths that differed from their true waist girth more than 0.25 inch. Therefore, Waist Height 

(small-of-back), Seat Height (Hip height), Rise Height, and Bust Height were proposed to be 

collected in stage three and then considered as dependent variables for inseam leg length 

prediction in stage four. 

 

 

𝐼𝑛𝑠𝑒𝑎𝑚𝐿𝑒𝑔𝐿𝑒𝑛𝑔𝑡ℎ̂

= 28.955 + 2.145

∗
(𝑊𝑎𝑖𝑠𝑡𝑆𝑚𝑎𝑙𝑙𝐵𝑎𝑐𝑘𝐻𝑒𝑖𝑔ℎ𝑡𝐵𝑎𝑐𝑘 − 39.014)

√5.142

+ 0.050 ∗
(𝑆𝑒𝑎𝑡𝐻𝑒𝑖𝑔ℎ𝑡 − 32.691)

√4.134
− 1.108

∗
(𝑉𝑅𝑖𝑠𝑒𝐵𝑎𝑐𝑘 − 0.383)

√1.376
+ 0.018

∗
(𝐵𝑢𝑠𝑡𝐻𝑒𝑖𝑔ℎ𝑡 − 45.992)

√5.900
 

Equation 16. 
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Figure 69. Inseam leg length model prediction results (SizeUSA). 

 

4.3. Results and discussions on stage three 

1D demographic data, 2D image data, and 3D body scanning data were collected from 78 

female subjects recruited at the College of Textiles in NC State University. It took about 10 

minutes to collect all data from one subject. Measurements values in underwear and 

measurements values in the apparatus were compared. More details of the collected data are 

described in following sections.  

 

4.3.1. 1D demographic data 

Age, ethnicity, weight, and height were collected as the 1D demographic data from the 78 

subjects using questionnaires. Weight was measured through a weight scale and height was 

measured through a wall mounted tape measure by the research. Most subjects were college 

students. Distributions of the collected demographic data are presented in Figure 70 - Figure 73. 

The median age of the sample is 21 years old with 18 being the minimum and 58 being the 

maximum. The 25% percentile of the age distribution is 20, and the 75 percentile is 25. 
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Regarding the Ethnicity distribution, nearly half (48.72%) of the subjects were white females. 

Asian was the second largest ethnicity group forming 37.18% of the dataset. The reminding 

subjects were African American, Hispanic, or a combination of more than one ethnicity group. 

The ethnicity data were converted into dummy variables for model analysis. Subjects with more 

than one ethnicity groups had multiple dummy variables equaled to 1. The mean weight of the 

sample data was 133.90 lbs, with 99.40 lbs being the lightest, and 233.60 is the heaviest. The 

mean height of the sample data was 64.81 inches, with 57.50 being the shortest and 70.50 being 

the highest. Even though it was found that height, weight, and ethnicity was not considered as 

the predictor variables for the representative measurements tested on the SizeUSA data. Such 

information was still collected for further research on other representative measurements.  

 

 
Figure 70. Age distribution of the collected data. 
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Figure 71. The weight distribution of the collected data. 

 

 

 

Figure 72. Ethnicity distribution of the collected data. 
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Figure 73. Height distribution of the collected data. 

 

4.3.2. 2D image data 

The dimension of the doorframe to provide the reference scale was 34.8 inches wide by 

85.3 inches high. Guidance on how to pose was given to subjects when images were taken. A 

black line on the floor was used at the reference location for standing. A total of 156 2D images 

were collected with 78 front images and 78 side images (Figure 61 found in section 3.3). An iPad 

held by a tripod was used as the device to take the photos. Because the images were taken in 

different days, the distance from the camera to the doorframe, the height of the tripod, and the 

angle of the camera varied from case to case. However, most of the variance should be corrected 

by the doorframe detection and perspective correction processes as discussed in the image 

processing section. Other environmental variables included the lighting conditions and the 

background behind the door. Such influences were reduced by using the LAB (L for the lightness 

and A and B for the green–red and blue-yellow color components) color space and background 

segmentation process described in section 4.4. 
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4.3.3. 3D body scanning data 

Each subject was scanned twice. Subjects were first scanned wearing their underwear, 

and then scanned wearing the apparatus over their underwear. A total of 156 scans were 

collected with 78 in the underwear and 78 in the right size apparatus. One subject was found to 

be an outlier because the program didn’t find a right waist level (Figure 74). This subject was 

deleted from the later analysis. The difference between both the measurements’ values, including 

the four representative measurements and the ten predictor measurements, from the two types of 

scans, were calculated. Histograms and Q-Q plots were plotted for all the measurements to see if 

the difference followed a normal distribution or not (Appendix A). Rise Height was replaced by 

Crotch Height because Crotch Height was more accessible, plus the prediction model was linear 

and Rise Height  = Waist Height (small-of-back) - Crotch Height. Underbust Depth was replaced 

by Bust Depth because it was not easy to find the right underwear location when subjects were 

wearing the apparatus. It was found that the distributions of differences for all the measurements 

were not severely non-normal. Therefore, paired t-tests were conducted to see if the differences 

were significant from 0 or not.  

The resulting p-values of the paired t-tests, along with the mean values, were listed in 

Table 14. It was found that half of the measurements differed significantly between wearing 

underwear and wearing the apparatus when α = 0.001 for a one-sided test. (1) Bust Width 

(Bust_front_Width), Underbust Depth (Underbust_side_Depth), Waist Girth (small-of-back) 

(Opt Small of Back Waist Tape Measure), Waist Width (small-of-back) 

(Waist_small_back_front_Width), and Waist Depth (small-of-back) (Waist_small_back_Depth) 

in the apparatus were significantly larger than that in the underwear. (2) Waist Depth (small-of-

back) (Waist_small_back_Height_Back), Inseam Length, and Crotch Height in the apparatus 
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were significantly smaller than that in the underwear. (3) The difference between measurements 

in the apparatus than that in the underwear at locations such as Bust Circumference Tape 

Measure, Bust Height, Bust Height, Seat Circumference Tape Measure, Seat Width (Hip Width), 

Seat Depth (Hip Depth), and Seat Height (Hip Height), was not significant. 

 

 
Figure 74. The outlier scan. 

 

In summary, the mean difference at locations (such as underbust level and waist level) 

that are not closely fitted is larger than locations (such as bust level and hip level) that were 

closely fitted. The apparatus tended to lower the crotch point and the small-of-back waist height. 

The apparatus didn't influence measurements at the hip (seat) level.  
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Table 14. Results of the paired t-tests (3D apparatus vs. 3D underwear). 

Measurement Apparatus_mean Underwear_mean p Flag* 

Bust Circum Tape Measure 36.30 36.32 0.6906 - 

Bust_front_Width 11.71 11.58 0.0000 > 

Bust_side_Depth 9.40 8.52 0.0000 > 

Bust_Height 46.20 46.26 0.1029 - 

Opt Small of Back Waist Tape Measure 31.35 29.70 0.0000 > 

Waist_small_back_front_Width 11.60 10.88 0.0000 > 

Waist_small_back_Depth 7.94 7.38 0.0000 > 

Waist_small_back_Height_Back 39.40 39.86 0.0002 < 

Seat Circum Tape Measure 38.49 38.39 0.0816 - 

Seat_Width 14.16 14.06 0.0080 - 

Seat_Depth 9.31 9.29 0.6446 - 

Seat_Height 32.58 32.60 0.7692 - 

Inseam Length 29.20 29.63 0.0000 < 

Crotch Height 28.85 29.28 0.0000 < 

*: Flag is labeled based on p values when 𝛼 = 0.001 for one side tests; > means the apparatus 

mean is significantly larger than the underwear mean; < means the apparatus mean is 

significantly smaller than the underwear mean; and - means the difference is not significant.   

 

 

4.4. Results and discussions on stage four 

4.4.1. Image processing: doorframe detection 

As explained in section 3.4, a doorframe was used as the reference scale in the images. 

All images were taken with subjects standing underneath a doorframe with known dimensions 

(Figure 61 found in section 3.3). The dimensions of the doorframe adopted in this research were 

34.8 inches in width and 85.3 inches in height.  

Two image processing methods were tested to detect the doorframe automatically. The 

first method was the Hough line detection method (Figure 75). (1) Images (Figure 75 a) were 

first cropped (a quarter of the image was cropped on both sides along width direction) to reduce 

the searching space (Figure 75 b). (2) The images were then converted to grayscale, blurred, and 

converted to binary format to address the doorframe edges (Figure 75 c-e). (3) They were then 

split into regions, namely up, down, left, and right, to detect the four edges of the doorframe 

separately. Horizontal lines were searched in the up and bottom regions, while vertical lines were 
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searched in the left and right regions (Figure 75 f). (4) More than one line was detected in each 

region. Detected lines were merged and filtered so that only one line was exported from each of 

the four regions (Figure 75 g). (5) The detected lines were extended to create intersections which 

represented the doorframe comers (Figure 75 h). (6) The perspective distortion of the images was 

corrected based on the location of the four doorframe corners (Figure 75 i). 

 For the neural network object detection method, 40 images (front and side images of 20 

subjects) were picked to form a training dataset. (1) Locations of the door frame corners were 

manually labeled for all the 40 training images (Figure 76 a). (2) The training images with 

doorframe corner locations were transfer learned (retrained) using the object detection module 

(which is a neural network module) in the TensorFlow™ on the existed 

faster_rcnn_resnet101_coco model (Bourdakos, 2017/2018) that was trained on the COCO 

dataset (http://cocodataset.org/) (Figure 76 b). (3) The generated model was then used to predict 

doorframe corner locations of the test dataset, which included both front and side images for the 

rest of the subjects (Figure 76 c). (4) The doorframe corners were then used to correct the 

perspective distortion in the images (Figure 76 d). 

The doorframe results from the Hough line method and the neural network object 

detection method were examined by the researcher to see which method performed better. 

Example results are plotted in Figure 77. It was found the neural network method could provide 

more accurate and consistent results than the Hough method which was sensitive to the 

environmental variables and was prone to error (Figure 77 d and f). Therefore, the neural 

network model was used as the final method to extract doorframes and was applied to all 

subjects. The images were cropped and transformed so that the resulting images only contained 
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image information within the doorframe and were 348 pixels in width and 853 pixels in height. 

Each pixel in the resulting images equaled to 0.1 inch in the real scale.  

 

 
Figure 75. Flowchart of doorframe detection using the Hough line method.
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Figure 76. Flowchart of doorframe detection using the neural network method.
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Figure 77. Doorframe results comparison between different methods. 
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4.4.2. Image processing: extract measurement from 2D images 

Once the perspective distortion was corrected by the shape of the doorframe, the next 

goal was to find locations at where to measure the predictor measurements, namely Bust Width, 

Bust Depth, Bust Height, Waist Width (small-of-back), Waist Depth (small-of-back), Waist 

Height (small-of-back), Seat Width (Hip Width), Seat Depth (Hip Depth), Seat Height (Hip 

Height), and Crotch Height. Four locations, namely bust level, small-of-back waist level, hips 

(seat) level, and crotch level, were needed.  

Two methods were tested to detect the measurement regions for the four measurement 

levels. The first method used Mask R-CNN (He et al., 2017) implemented on TensorFlow to 

separate the apparatus from the backgrounds (Abdulla, 2017/2018). This method resulting masks 

that can isolate the apparatus in the front and side images from the background. Regions 

highlighted by the masks were searched to locate the four measurement levels. Similar to the 

training process used to build the doorframe detection model, the Mask R-CNN model was 

transfer learned (re-trained) from 40 images (20 front images and 20 side images for 20 

subjects). The model was transfer learned from an existing model that was trained on the COCO 

dataset (http://cocodataset.org/). Unlike the doorframe model, the training images were labeled 

with a mask highlighting the apparatus areas (Figure 78). Front images and side images were 

trained separately and therefore different models were used to segment front and side images. 

The resulting models were able to detect the contour of the apparatus (Figure 79). 
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Figure 78. Example of training images for apparatus detection. 
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Figure 79. Example of resulted images for apparatus detection. 
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Note that the arms were not included in the front mask because this made it easier to 

extract width measurements at the bust, waist, and hips levels, and the resulting model performed 

better for prediction than the model trained with arms (this was based on some rounds of testing).  

However, there still exited difference between the detected contour and the real contour. 

Therefore, the super-pixel method was tested and compared. This method (the slic class in 

skimage.segmentation package) sliced images into hundreds of segments using k-means 

clustering (http://scikit-image.org/docs/dev/api/skimage.segmentation.html). The average Lab 

values of each segment (super-pixel) were calculated. The super-pixel method was combined 

with the Mask R-CNN method to reduce the search space (Figure 80). Before the segmentation 

method was applied, the detected masks from the Mask R-CNN method were dilated to include a 

wide border of the background. This made the super-pixels more efficient in separating the 

apparatus from the background. The next step was to filter the segments with different color 

thresholds to isolate regions for different measurement areas. To determine the color thresholds, 

20 subjects (20 front and 20 side images) were picked to form a training dataset. The researcher 

looked through all these images in the training set and manually typed the super-pixel numbers 

for the target regions, in which case, it was the bust, waist, hips, and thigh regions (Figure 80). 

Examples of resulting color regions are Figure 81 - Figure 84. Means and standard deviations of 

the Lab values were calculated from the marked super-pixels that fell within each measurement 

regions. These statistics were then used to generate the upper and lower limit for each 

measurement region. The resulting boundaries are listed in Table 15. The upper boundary was 

calculated using 𝑚𝑖𝑛 (𝑚𝑒𝑎𝑛 +  𝛼 ∗  𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛, 255), while the lower boundary was 

calculated using 𝑚𝑎𝑥 (𝑚𝑒𝑎𝑛 −  𝛼 ∗  𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛, 0). The parameter 𝛼 was 

determined by the trial and error method. Different 𝛼 may be picked for front and side images. 
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The L channel had the largest variance when compared to the a and b channels. That was 

because the L channel reflects the light conditions which varies from image to image. Only a and 

b channels were considered as main threshold channels for filtration.    

 

 
Figure 80. The interface of labeling segments the bust region. 

 

Table 15. Upper and lower boundaries in Lab color space of different measurement regions. 

Region alpha a.mean a.std a.lower a.upper b.mean b.std b.lower b.upper 

Bust (front) 4 155.39 2.93 143.67 167.11 141.08 1.83 133.76 148.4 

Bust (side) 4 149.94 4.87 130.46 169.42 142.21 6.59 115.85 168.57 

Waist (front) 4 133.00 1.02 128.92 137.08 106.87 3.92 91.19 122.55 

Waist (side) 4 131.43 1.24 126.47 136.39 112.15 3.32 98.87 125.43 

Hips (front) 3 110.83 2.49 103.36 118.3 140.54 1.98 134.6 146.48 

Hips (side) 3 112.87 2.24 106.15 119.59 140.54 1.11 137.21 143.87 

Thigh (right) 4 140.52 1.54 134.36 146.68 150.38 2.10 141.98 158.78 

Thigh (left) 4 143.08 2.04 134.92 151.24 120.55 2.06 112.31 128.79 
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Figure 81. Examples of detected hips regions. 

 

  
Figure 82. Examples of detected waist regions. 
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Figure 83. Examples of detected bust regions. 

 

 

  
Figure 84. Examples of detected thigh regions. 
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The validity and flexibility of the two apparatus segmentation methods (auto 2D method) 

were compared. Twenty subjects were selected as the testing dataset. The hip width and depth 

were manually measured in these images (manual 2D method) and were then compared with 

measurements resulting from the two auto 2D methods. Histograms and Q-Q plots were plotted 

on the difference (Appendix B). It showed that the distributions of differences were non-normal 

to some degree. Therefore, both paired t-tests and Wilcoxon signed-rank tests were conducted. 

Results p values are listed in Table 16.  

The t-test results showed that the super-pixel method was closer to the manual 

measurements than the Mask R-CNN method on hips width and depth measurements. This was 

because the super-pixel method can extract a more accurate contour for the hip regions than the 

Mask R-CNN method (Figure 79 vs. Figure 81). However, the hip region detection had the 

highest success rate within the detection for the four target regions using the super-pixel method. 

The detection for the bust and waist regions was not as good. For the bust and waist regions, the 

super-pixel method could detect regions for the front images correctly for most cases, with some 

error at the edge. However, the detection for the side images was prone to error (Figure 82 and 

Figure 83). The super-pixel method was unable to extract bust or waist measurements for some 

cases. This was primally due to the position of arms that split and blocked the side regions. The 

arm problem could potentially be improved by altering the design of the apparatus and change 

the posture when side images are taken. For the thigh regions (to detect the crotch level), the 

result of the super-pixel method was decent (Figure 84).  

Figure 86 shows measurement levels (green for bust level, red for waist level, blue for 

hip level, and yellow for crotch level) found for sample subjects in the detected apparatus mask. 

While the super-pixel method was sensitive to the background and arm location (Figure 83), the 
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Mask R-CNN was robust to such variables (Figure 79). The Mask R-CNN method didn’t extract 

the hip region as accurate as the super-pixel method, but it had a much higher success rate at the 

bust and waist regions. The arm didn’t seem to influence the measurement extraction too much. 

However, the Mask R-CNN had a hard time finding the right crotch level, and the result was 

sensitive to how the two legs separated from each other. This could potentially be improved by 

training the torso and legs separately. The prediction time for the Mask R-CNN method was less 

than the super-pixel method.  

Based on the results of the comparison between the Mask R-CNN method and the super-

pixel method for segmenting the measurement regions from the background, the decision was 

made to use the Mask R-CNN method for further image analysis.  

 

Table 16. Results of the paired t-tests (2D auto vs. 2D manual). 

T-test type Measurement 
Manual 

mean 

NN 

mean 

SP 

mean 

p (manual 

vs. NN) 

Flag 

(manual 

vs. NN) 

p (manual 

vs. SP) 

Flag 

(manual 

vs. SP) 

Paired t-test Hips width 14.67 14.50 14.62 0.0221 - 0.4528 - 

Paired t-test Hips depth 9.62 9.33 9.59 0.0000 > 0.6529 - 

Wilcoxon 

signed-rank 

test 

Hips width 14.67 14.50 14.62 0.0322 - 0.5482 - 

Wilcoxon 

signed-rank 

test 

Hips depth 9.62 9.33 9.59 0.0001 > 0.3100 - 

*: Flag is labeled based on p values when 𝛼 = 0.001 for one side tests; > means the manual 

mean is significantly larger than the NN (Mask C-RNN) mean or the SP (super-pixel) mean; < 

means the manual mean is significantly smaller than the NN (Mask C-RNN) mean or the SP 

(super-pixel) mean; and - means the difference is not significant.   
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Figure 85. Identify measurement levels in apparatus detected by Mask R-CNN. 

 

4.4.3. Comparison: measurements 2D method vs. 3D method 

The resulting 2D predictor measurements (auto 2D) were compared with the 

measurements extracted from the 3D scans (auto 3D) to see how different they were from each 

other. The outlier subject was eliminated as explained in section 4.3.3 (Figure 74). Histograms 

and Q-Q plots were plotted on the difference (Appendix C). It showed that the distributions of 

differences were not severely non-normal. Therefore, paired t-tests were conducted. Results of 

the paired t-tests are shown in Table 16. It showed that more than half of the predictor 

measurements when subjects were wearing the apparatus differed significantly between the 2D 

auto method (measurements extracted from 2D images using algorithms resulting from section 

4.4.1 and section 4.4.2) and the 3D auto method (measurements extracted from the 3D scans). 

The measurement with the largest difference was the crotch height, which was due to the fact 

that the Mask R-CNN method couldn’t separate the legs well enough. All bust related 

measurements were different between the 2D auto method and 3D auto method. Based on the 

mean bust height values, the 2D auto method tended to measure at a lower level than the 3D auto 
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method. The waist depth of the 2D auto method was larger than the 3D auto method because the 

apparatus created extra space at the waist level for some subjects. The 2D auto results were close 

to the 3D auto results at the hips level. This was because (1) the apparatus at the hip level is close 

fitted, (2) the arm was not as influential at the hip level than the other measurement regions, and 

(3) the hip region was in a color pattern that differed significantly from the background and was 

easier to detect. There are multiple sources for the difference. One is the accuracy of the 

measurement method in the 2D images. The difference could also be related to how the images 

were taken.  

 

Table 17. Results of the paired t-tests on 2D image vs. 3D scan (wearing the apparatus). 

Measurement 2D auto mean 3D auto mean p Flag* 

Bust Width 11.33 11.71 0.0000 < 

Bust Depth 9.61 9.40 0.0000 > 

Bust Height 45.51 46.20 0.0000 < 

Waist Width 11.03 11.60 0.0000 < 

Waist Depth 8.10 7.94 0.0050 - 

Waist Height 39.71 39.40 0.0302 - 

Hips Width 14.21 14.16 0.2671 - 

Hips Depth 9.24 9.31 0.1125 - 

Hips Height 32.04 32.58 0.0000 < 

Crotch Height 27.34 28.85 0.0000 < 

*: Flag is labeled based on p values when 𝛼 = 0.001 for one side tests; > means the 2D auto 

mean is significantly larger than the 3D auto mean; < means the 2D auto mean is significantly 

smaller than the 3D auto mean; and - means the difference is not significant.   

 

 

4.4.4. Regression analysis: 2D to 3D (apparatus vs. underwear) 

Two types of Lasso models with AIC model selection were trained using the predictor 

measurements extracted from 2D images as the dependent variables. The collected demographic 

data, namely weight, height, age, and ethnicity, was also inputted as the candidate dependent 

variables for the model selection. The first group of models used the representative 
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measurements extracted from the 3D scans in underwear (labeled as underwear2Dto3D) as the 

independent variable. The second model used the representative measurements extracted from 

the 3D scans in apparatus (labeled as apparatus2Dto3D) as the independent variable. Training 

dataset (60%) and testing dataset (40%) were generated. The dependent variables were 

standardized before training. By removing the mean and scaling to unit variance, and the missing 

values were imputed by the mean of the variable. 

Within the four representative measurements, namely bust girth, waist girth (small-of-

back), hip (seat) girth, and inseam leg length, the prediction model for the hip girth performed 

the best and had the highest R2 values. The prediction model for the waist girth had the lowest 

R2 values. This was because of the apparatus’ influence on the waist related 2D measurements. 

The apparatus fitted closely at the hip region but created ease (extra space) at the waist region. 

The small-of-back waist level was found through the point where the spine had the largest indent 

when viewed from the side (Han, Nam, & Hwang Shin, 2010), which was changed by the 

apparatus. Therefore, it is suggested that using the midline between the bust and hip levels 

(center-b/w-bust-hips) is a better chose for locating the waist level in the designed system. The 

prediction of the inseam length was also troublesome. This was due to the fact the Mask R-CNN 

didn’t separate the legs well enough. Such problem can potentially be solved by training the 

Mask R-CNN model using different body sections. The weight variable played an important role 

in most of the prediction models.  

 

4.4.4.1. Bust girth prediction 

The resulting prediction model for the bust girth measurement in the underwear 

(underwear2Dto3D model on bust girth) is presented in Equation 17. Dependent variables were 
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narrowed down to bust width, bust depth, waist width, hip depth, and weight. The R2 value of the 

prediction on the testing dataset was 0.731. The difference between the predicted bust girths in 

underwear and the bust girths in underwear measured in the 3D scans for the testing dataset is 

plotted in Figure 86. It shows that 10 out of 31 subjects had predicted bust girths in underwear 

that differed from the 3D bust girths in underwear more than 1 inch.  

 

 

𝐵𝑢𝑠𝑡𝐺𝑖𝑟𝑡ℎ𝑈𝑛𝑑𝑒𝑟𝑤𝑒𝑎𝑟̂

= 36.440 + 0.282 ∗
(𝐵𝑢𝑠𝑡𝑊𝑖𝑑𝑡ℎ − 11.396)

√0.751

+ 1.266 ∗
(𝐵𝑢𝑠𝑡𝐷𝑒𝑝𝑡ℎ − 9.652)

√1.342
+ 0.371

∗
(𝑊𝑎𝑖𝑠𝑡𝑊𝑖𝑑𝑡ℎ − 10.974)

√1.081
+ 0.670

∗
(𝐻𝑖𝑝𝑠𝐷𝑒𝑝𝑡ℎ − 9.313)

√1.629
+ 0.694

∗
(𝑊𝑒𝑖𝑔ℎ𝑡 − 134.465)

√720.456
 

Equation 17. 
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Figure 86. Prediction results of underwear2Dto3D model on bust girth. 

 

The resulting prediction model for the bust girth measurement in the apparatus 

(apparatus2Dto3D model on bust girth) is presented in Equation 18. Same dependent variables 

were selected. The R2 value of the prediction on the testing dataset was 0.783. The difference 

between the predicted bust girths in apparatus and the bust girths in apparatus measured in 3D 

scans for the testing dataset is plotted in Figure 87. It shows that 12 out of 31 subjects had 

predicted bust girths in apparatus that differed from the 3D bust girths in apparatus more than 1 

inch, which is considered as the size interval for most girth measurements (ASTM International, 

2011).  
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𝐵𝑢𝑠𝑡𝐺𝑖𝑟𝑡ℎ𝐴𝑝𝑝𝑎𝑟𝑎𝑡𝑢𝑠̂

= 36.453 + 0.201 ∗
(𝐵𝑢𝑠𝑡𝑊𝑖𝑑𝑡ℎ − 11.396)

√0.751

+ 1.091 ∗
(𝐵𝑢𝑠𝑡𝐷𝑒𝑝𝑡ℎ − 9.652)

√1.342
+ 0.400

∗
(𝑊𝑎𝑖𝑠𝑡𝑊𝑖𝑑𝑡ℎ − 10.974)

√1.081
+ 0.732

∗
(𝐻𝑖𝑝𝑠𝐷𝑒𝑝𝑡ℎ − 9.313)

√1.629
+ 0.678

∗
(𝑊𝑒𝑖𝑔ℎ𝑡 − 134.465)

√720.456
 

Equation 18. 

 

 
Figure 87. Prediction results of apparatus2Dto3D model on bust girth. 

 

4.4.4.2. Waist girth prediction 

The resulting prediction model for the waist girth (small-of-back) measurement in the 

underwear (underwear2Dto3D model on waist girth) is presented in Equation 19. Dependent 
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variables were narrowed down to bust depth, hip depth, and weight. It is interesting to see that 

waist width and depth were not included in the model. A possible reason for this result could be 

that the waist width and depth were not measured at the same location in the 2D image as for 

where the measurements were extracted in the 3D scans. The R2 value of the prediction on the 

testing dataset was 0.614. The difference between the predicted waist girths in underwear and the 

waist girths in underwear measured in the 3D scans for the testing dataset is plotted in Figure 88. 

It shows that 14 out of 31 subjects had predicted waist girths in underwear that differed from the 

3D waist girths in underwear more than 1 inch.  

 

 

𝑊𝑎𝑖𝑠𝑡𝐺𝑖𝑟𝑡ℎ𝑈𝑛𝑑𝑒𝑟𝑤𝑒𝑎𝑟̂

= 29.606 + 0.3840 ∗
(𝐵𝑢𝑠𝑡𝐷𝑒𝑝𝑡ℎ − 9.652)

√1.342

+ 0.506 ∗
(𝐻𝑖𝑝𝑠𝐷𝑒𝑝𝑡ℎ − 9.313)

√1.629
+ 1.817

∗
(𝑊𝑒𝑖𝑔ℎ𝑡 − 134.465)

√720.456
 

Equation 19. 
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Figure 88. Prediction results of underwear2Dto3D model on waist girth (small-of-back). 

 

 

 

𝑊𝑎𝑖𝑠𝑡𝐺𝑖𝑟𝑡ℎ𝐴𝑝𝑝𝑎𝑟𝑎𝑡𝑢𝑠̂

= 31.061 + 0.209 ∗
(𝐵𝑢𝑠𝑡𝐷𝑒𝑝𝑡ℎ − 9.652)

√1.342

+ 0.392 ∗
(𝑊𝑎𝑖𝑠𝑡𝑊𝑖𝑑𝑡ℎ − 10.974)

√1.081
+ 1.939

∗
(𝑊𝑒𝑖𝑔ℎ𝑡 − 134.465)

√720.456
 

Equation 20. 

 



 

141 

 

 
Figure 89. Prediction results of apparatus2Dto3D model on waist girth (small-of-back). 

 

The resulting prediction model for the waist girth (small-of-back) measurement in the 

apparatus (apparatus2Dto3D model on waist girth) is presented in Equation 20. Dependent 

variables were narrowed down to bust depth, waist width, and weight. The selected dependent 

variables for apparatus waist girth were different from dependent variables for the underwear 

waist girth. The reason for this could be the fact that the apparatus changed the waist girth. The 

R2 value of the prediction on the testing dataset was 0.589. The difference between the predicted 

waist girths in apparatus and the waist girths in apparatus measured in 3D scans for the testing 

dataset is plotted in Figure 89. It shows that 15 out of 31 subjects had predicted waist girths in 

apparatus that differed from the 3D waist girths in apparatus more than 1 inch, which is 

considered as the size interval for most girth measurements (ASTM International, 2011).  

 

4.4.4.3. Hips girth prediction 

The resulting prediction model for the hip (seat) girth measurement in the underwear 

(underwear2Dto3D model on hip girth) is presented in Equation 21. Dependent variables were 
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narrowed down to hip width (seat width), hip depth (seat depth), and weight. The R2 value of the 

prediction on the testing dataset was 0.926. The difference between the predicted hip girths in 

underwear and the hip girths in underwear measured in the 3D scans for the testing dataset is 

plotted in Figure 90. It shows that 8 out of 31 subjects had predicted hip girths in underwear that 

differed from the 3D hip girths in underwear more than 1 inch.  

 

 

𝐻𝑖𝑝𝐺𝑖𝑟𝑡ℎ𝑈𝑛𝑑𝑒𝑟𝑤𝑒𝑎𝑟̂

= 38.397 + 1.059 ∗
(𝐻𝑖𝑝𝑊𝑖𝑑𝑡ℎ − 14.196)

√1.022

+ 0.333 ∗
(𝐻𝑖𝑝𝐷𝑒𝑝𝑡ℎ − 9.313)

√1.629
+ 1.927

∗
(𝑊𝑒𝑖𝑔ℎ𝑡 − 134.465)

√720.456
 

Equation 21. 

 

 
Figure 90. Prediction results of underwear2Dto3D model on hip girth. 
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The resulting prediction model for the hip (seat) girth measurement in the apparatus 

(apparatus2Dto3D model on hip girth) is presented in Equation 22. Same dependent variables 

were selected. The R2 value of the prediction on the testing dataset was 0.943. The difference 

between the predicted hip girths in apparatus and the hip girths in apparatus measured in 3D 

scans for the testing dataset is plotted in Figure 91. It shows that 5 out of 31 subjects had 

predicted hip girths in apparatus that differed from the 3D hip girths in apparatus more than 1 

inch, which is considered as the size interval for most girth measurements (ASTM International, 

2011).  

 

 

𝐻𝑖𝑝𝐺𝑖𝑟𝑡ℎ𝐴𝑝𝑝𝑎𝑟𝑎𝑡𝑢𝑠̂

= 38.460 + 1.001 ∗
(𝐻𝑖𝑝𝑊𝑖𝑑𝑡ℎ − 14.196)

√1.022

+ 0.430 ∗
(𝐻𝑖𝑝𝐷𝑒𝑝𝑡ℎ − 9.313)

√1.629
+ 2.088

∗
(𝑊𝑒𝑖𝑔ℎ𝑡 − 134.465)

√720.456
 

Equation 22. 
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Figure 91. Prediction results of apparatus2Dto3D model on hip girth. 

 

4.4.4.4. Inseam length prediction 

The resulting prediction model for the inseam leg length measurement in the underwear 

(underwear2Dto3D model on inseam leg length) is presented in Equation 23. Dependent 

variables were narrowed down to hip height and bust height. Noted that the crotch height was not 

selected as a dependent. This was because the Mask R-CNN method had trouble locating the 

crotch level when the model was trained on front and side images. As mentioned before, this 

could be solved by training the torso and legs separately. The R2 value of the prediction on the 

testing dataset was 0.805. The difference between the predicted inseam leg length in underwear 

and the inseam leg length in underwear measured in the 3D scans for the testing dataset is plotted 

in Figure 92. It shows that 22 out of 31 subjects had predicted inseam leg length in underwear 

that differed from the 3D inseam leg length in underwear more than 0.25 inch.  
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𝐼𝑛𝑠𝑒𝑎𝑚𝐿𝑒𝑛𝑔𝑡ℎ𝑈𝑛𝑑𝑒𝑟𝑤𝑒𝑎𝑟̂

= 29.675 + 1.129 ∗
(𝐻𝑖𝑝𝐻𝑒𝑖𝑔ℎ𝑡 − 32.035)

√2.777

+ 0.124 ∗
(𝐵𝑢𝑠𝑡𝐻𝑒𝑖𝑔ℎ𝑡 − 45.570)

√3.000
 

Equation 23. 

 

 
Figure 92. Prediction results of underwear2Dto3D model on inseam leg length. 

 

The resulting prediction model for the inseam leg length measurement in the apparatus 

(apparatus2Dto3D model on inseam leg length) is presented in Equation 24. Dependent variables 

were narrowed down to waist height (small-of-back), hip height and bust height. The R2 value of 

the prediction on the testing dataset was 0.781. The difference between the predicted inseam leg 

length in apparatus and the inseam leg length in apparatus measured in 3D scans for the testing 

dataset is plotted in Figure 93.It shows that 25 out of 31 subjects had predicted inseam leg length 

in apparatus that differed from the 3D inseam leg length in apparatus more than 0.25 inch.  

 

|y^-y|>0.25”: 22 cnts 

|y^-y|<=0.25”: 9 cnts 
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𝐼𝑛𝑠𝑒𝑎𝑚𝐿𝑒𝑛𝑔𝑡ℎ𝐴𝑝𝑝𝑎𝑟𝑎𝑡𝑢𝑠̂

= 29.198 + 0.115 ∗
(𝑊𝑎𝑖𝑠𝑡𝐻𝑒𝑖𝑔ℎ𝑡 − 39.867)

√5.242

+ 0.904 ∗
(𝐻𝑖𝑝𝐻𝑒𝑖𝑔ℎ𝑡 − 32.035)

√2.777
+ 0.234

∗
(𝐵𝑢𝑠𝑡𝐻𝑒𝑖𝑔ℎ𝑡 − 45.570)

√3.000
  

Equation 24. 

 

 
Figure 93. Prediction results of the apparatus2Dto3D model on inseam leg length. 

|y^-y|>0.25”: 25 cnts 

|y^-y|<=0.25”: 6 cnts 
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CHAPTER 5. CONCLUSIONS AND FUTURE STUDIES 

5.1. Conclusions 

The purpose of this research was to build the foundation of developing a body 

measurement system that can be adopted by users easily. The solution of measuring 3D bodies in 

2D images was proposed. To achieve this goal, four research questions were developed (refer to 

section 1.2). Four stages of data collection and analysis were designed to help answer these 

questions.  

Stage one focused on selecting pilot measurements for this research. ISO and ASTM 

standards were first reviewed to determine the representative measurements that are important to 

the apparel industry. Bust girth, waist girth, hip girth, and inseam leg length were picked to form 

the representative measurement list. However, there were multiple ways to define the waist level. 

The small-of-back waist was decided to be used in this research because of its availability on 

measurement extraction programs and accuracy on finding the true waist level. 

Stage two focused on finding the predictor measurements that were extractable from 2D 

images and were correlated to the representative measurements. Because front and side images 

were convenient to collect, most width, depth, and height measurements were considered as 

candidates for the predictors. Demographic information such as the height, weight, age, and 

ethnicity was also considered. To shrink the 2D measurement list, the LASSO models using AIC 

for model selection were trained on the SizeUSA data. The candidate measurement list was 

reduced to ten width, depth and height measurements plus the weight.  

Stage three focused on collecting new data to build the prediction model and refine the 

image analysis process. 1D demographic, 2D image and 3D scan data were collected from 78 

female college students. Front and side images were taken with subjects standing underneath a 
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doorframe with known dimensions, wearing the apparatus designed for this research. The 

apparatus was designed to be closely fitted so that the difference between body measurements in 

the underwear and the apparatus was minimized. The measurement difference at the hip level 

was not significant. However, because of the extra space created by the apparatus at the waist 

level, there existed significant difference on the waist depth, width, and height between the 

underwear and apparatus scenarios. This later influenced the regression model for waist girth 

prediction.  

Stage four focused on developing and refining the 2D measurements extraction method 

and build prediction models for the representative measurements. The neural network object 

detection method was compared with the Hough line method to find a better way for doorframe 

detection, which worked as the reference scale for the images. The Mask R-CNN method was 

compared with the super-pixel method to find a better way of extracting the measurement 

regions. It was found that the combination of the neural network object detection for the 

doorframe and the Mask R-CNN for the measurement regions was the best solution regarding 

both accuracy and flexibility. The predictor measurements were then extracted from the front and 

side image regions following the definitions summarized in stage 2. Width and depth 

measurement automatically extracted at the hip level using the image processing algorithm was 

close to the same measurements manually measured on the images and measurements extracted 

from 3D scans. The predictor measurements were then trained on the LASSO model with AIC 

for model selection to build a linear regression model for measurement estimation. The generated 

model for the hip girth performed best on the testing dataset within the four representative 

measurements, and the waist girth model did worst. This was because the width and depth at the 
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hip level measured closer to the human body than the width and depth at the waist level. This can 

be improved by revising the apparatus design.  

In summary, a system of predicting 3D body measurement with 2D images was 

developed and tested on four representative measurements. Such a system works on smart 

portable devices such as smart-phones and smart-pads, and can easily be adopted by customers 

(to answer research question #1). An apparatus was designed to protect the customer’s privacy 

and also worked as a measurement tool and fashionable item (to solve research question #2). The 

developed system could generate hip girth precise enough for the purpose of online clothing 

shopping (to answer research question #3). However, there still exists room for improvement on 

the waist girth and inseam leg length prediction. The image processing framework in this 

research used neural network systems to detect the reference scales (doorframes) and the 

measurement areas (apparatus). Such a framework can be altered easily to work with new data, 

such as new reference scales and new apparatus designs, so that the performance of the system 

can be improved over time (to answer research question #4). Overall, the developed predicting 

system can form the core of a home body measurement application.  

 

5.2. Future studies 

To help represent the population better, more data can be collected and analyzed. To help 

generating a more robust model, it will be helpful to train the image processing model with 

images of different doorframe and backgrounds. To help improve the accuracy of measurement 

extraction from 2D images, more designs of the apparatus can be considered and tested. To take 

the restriction of the doorframe, other objects can be used as a reference scale. 
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Appendix A. Histograms Q-Q plots of difference between the two types of 3D scan. 
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Appendix B. Histograms Q-Q plots of difference auto and manual methods. 
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Appendix C. Histograms Q-Q plots of difference between the 2D and 3D width, depth, and 

height. 
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