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Abstract
The aim of this study is to develop algorithms for automatic landmark extraction on
women with various upper body types and body inclinations using the Grasshopper
algorithm editor, which enables the user to interact with the 3D modeling interface.
First, 15 landmarks were defined based on the morphological features of 3D body surfaces and clothing applications, from which automatic landmark extraction algorithms
were developed. To verify the accuracy of the algorithms on various body shapes, this
study determined criteria for key body shape factors (BMI, neck slope, upper body
slope, and shoulder slope) that influence each landmark position, classified them into
body shape groups and sorted the scan samples for each body type using the 6th SizeKorea database. The statistical differences between the scan-derived measurements
and the SizeKorea measurements were compared, with an allowable tolerance of ISO
20685. In the case of landmarks with significant differences, the algorithm was modified. It was found that the algorithms were successfully applied to various upper body
shapes, which improved the reliability and accuracy of the algorithm.
Keywords: Upper body shape, Landmark, Automatic extraction, 3D body scan,
Grasshopper algorithm

Introduction
Acquiring accurate anthropometric data in a short time is critical for the apparel industry, since up-to-date anthropometric data can assist ready-to-wear apparel companies in
identifying sectors of target market customers, and in analyzing and updating their sizing systems and patterns (Kim et al., 2016). As a traditional method to collect anthropometric data, body landmarks are manually marked on the body and the measurements
are collected using direct measurement instruments such as measuring tape and calipers
(Lu & Wang, 2008; Markiewicz et al., 2017). However, this process is time consuming,
and only allows for one-dimensional measurements such as surface lengths and circumferences (Tsoli et al., 2014; Tyler et al., 2012). Therefore, 3D body scanning technology
has been used in the apparel field since the late 1990s since it can capture the surface of
the whole body without human intervention and generate a 3D scan in a short time.
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Most commercial whole-body scanner companies such as [TC]2, SizeStream, and
Human Solutions have developed automated measuring software to collect multidimensional measurement data for various applications such as national anthropometric
surveys (Wang et al., 2007). Several studies have analyzed the accuracy of their automatic measuring software by comparing the measurements derived from the software
with measurements taken manually (Clauser et al. 1988; Kouchi & Mochimaru, 2011;
Mickinnon & Istook, 2001; Xia et al., 2018). They found that the biggest problem with
the automatic 3D body measuring software is that it cannot detect landmark locations
accurately, resulting in inaccurate measurements. Many studies have developed methods
for automatic landmark extraction from 3D body scans (Allen et al., 2003; Au & Yuen,
1999; Anguelov et al., 2004; Azouz et al., 2006; Jo et al., 2014; Leong et al., 2013; Liu
et al., 2010; Suikerbulk et al., 2004). However, their algorithms were designed for standard body shapes, so they could not sufficiently verify their algorithms for unconventional
body shapes. Han and Nam (2011) only developed an algorithm that allows for flexibly
in the differences in upper body shapes, but they only considered six landmarks.
The methods of developing algorithms in previous studies can be classified into three
categories: template matching (Allen et al., 2003; Au & Yuen, 1999; Liu et al., 2010; Suikerbulk et al., 2004), statistical analysis, such as probabilistic reasoning models (Anguelov
et al., 2004; Azouz et al., 2006), and geometric analysis of the body’s surface (Han et al.,
2010; Jo et al., 2014; Leong et al., 2013).
Among these methods, the template matching technique and statistical method
should be based on a large amount of scan data. Also, to add a new landmark or change
the definition of the landmark, the development process should be re-started from the
beginning. However, the method based on analysis of geometric characteristics of the
landmarks on a 3D body surface can be programmed by transforming the landmark definition into logical mathematical definitions, so it is judged to be a method with high efficiency and stronger adaptability than other methods. Therefore, this study also intends
to develop an automatic landmarking algorithm based on this method.
The current study focused on the algorithm editor, Grasshopper, a plug-in of the Rhinoceros 3D® (commonly abbreviated to Rhino) modeling software, as a tool to develop
algorithms. The advantage of Grasshopper is that it enables the user to interact with the
3D modeling interface directly, so it is possible to complete all the following processes in
one interface: scan editing, landmark identification, measuring, 2D patternmaking, and
parametric 3D modeling. If the automatic landmark identification algorithm is successfully developed, it will be possible to edit the armpit or crotch part of the body scan,
which should be done before finding the landmark, in one interface. In addition, the
landmarks found by the algorithm can be directly used for parametric modeling, unfolding 3D body surfaces into 2D clothing patterns, and further enabling modification of the
clothing design. However, there was no study that adopted this algorithm editor for the
automatic extraction of landmarks.
Thus, the aim of this study was to develop algorithms for automatic landmark extraction from women with various body types using the Grasshopper algorithm editor. This
study identified 15 landmarks based on the morphological features of 3D body surfaces
and clothing applications. To verify the accuracy of the algorithms on various body
shapes, this study determined the criteria of key body shape factors (BMI, neck slope,
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upper body slope, and shoulder slope) that influence each landmark position to classify body shape groups and sorted the scan samples of each body type recorded in the
6th SizeKorea database (Korean Agency for Technology & Standards, 2012). The statistical differences between the algorithm-derived measurements and the SizeKorea
measurements were compared with the allowable tolerance specified by International
Organization for Standardization [ISO] 20685. In the case of landmarks with significant
differences, the algorithm was modified to improve the reliability and accuracy of the
algorithm.
Automatic landmark identification

The approaches of automatic body landmarking found in the literature can mainly be
classified into three methods: template matching, statistical analysis, and geometric analysis of the body’s surface. The first method, template matching, can match an
individual body model to a template model with landmarks marked on it and determine the degree of correspondence between them by using a similarity function (Allen
et al., 2003; Au & Yuen, 1999; Suikerbulk et al., 2004). Suikerbuik et al. (2004) created a
set of templates for each landmark that contains information about the location of the
landmark. They used bounding boxes for the creation process to select a small subset
of points containing their hand-picked landmark locations to apply templates matching the regions of interest. Then, to determine the goodness of fit of the template to the
region of interest, they developed a similarity function that could calculate “the max–
min distance (slightly altered Hausdorff distance)” between the two points of a pair,
which was used to calculate the “average-min” Euclidian distance. When the similarity
function no longer returned a smaller value, the reiterative alignment of the point clouds
could stop. With the aid of the location of the landmark indicated on the template, they
reconstructed the location of the landmark in the region of interest. They found that the
template matching method generated consistent results. However, because this method
was so time consuming, they used it to detect only four landmarks (the sellion and four
malleoli points).
The second approach was based on statistics used to investigate related information
about and between the landmarks. Probabilistic reasoning models such as the neural
network and Markov model were adopted to obtain the relative degrees, thus realizing the target landmark identification. Anguelov et al. (2004) developed algorithms to
set an instance model into a template model by optimizing a joint probabilistic model
over all point-to-point correspondences between them. They applied this algorithm to
3D body scans in order to select around 200 corresponding points between the template model and the instance models. These points were then used as landmarks to guide
the deformation of the template model to fit their corresponding instance models. For
each vertex of the instance model, the algorithm assigns a corresponding vertex on the
template model. Azouz et al. (2006) also developed a method based on learning landmark characteristics and the spatial relationships between them from a set of body scans
where the landmarks are identified. They positioned the landmarks by formalizing the
learned information into a pair-wise Markov network. However, this approach has the
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limitation that it can only provide an approximation of the anthropometric correspondence between different body models.
The third method is based on an analysis of the geometric characteristics of the 3D
body surfaces around each landmark. Leong et al. (2013) interpreted the descriptions of
21 body landmarks and 35 feature lines defined by ASTM (1999) and ISO (1989) standards into logical mathematical definitions. They also recommended initially sectioning
the scan into the key areas of the torso and arms and legs and employing image processing, which extracts the Sobel curve (body contour plots) for edge detection on a 3D body
model’s torso, identifying the landmarks using computational geometry techniques.
They developed automated feature extraction software using the C++ programing language. Less than 2 min of processing time was taken for body feature extraction starting from a raw point cloud. However, this algorithm could extract landmarks from only
seven Asian female adults.
Han et al. (2010) developed an automatic landmark extraction software program
in C++ to extract five landmark locations (bust, underbust, waist, abdomen, and hip
point) for various torso shapes. For example, a bust point was located on the first point
where the slope degree changed from a minus to a plus value on the side silhouette from
up to down. They highlighted the importance of analyzing the surface geometry for isolating key locations, especially when there is noise in the point placement and possible
occlusions in the data (Gill, 2015).
Jo et al. (2014) also used the surface geometry of a point cloud to segment the body
and then identify key landmarks such as the axilla, neck points, and side waist point.
They defined a quasi-boundary point sequence (QBPS) to find the boundary of the body,
and categorized body scan data by clustering the features extracted from the predefined
QBPS. Then, they used a non-uniform rational B-spline (NURBS) approximation to find
the landmarks of the segmented upper torso. Their method of applying NURBs approximations superseded previous landmark detection methods in that their method generated more robust and reliable results regardless of the scan data’s fidelity.
The template matching technique and statistical methods such as the probabilistic reasoning model must be based on a large amount of scan data (Gill, 2015). In addition,
if a new landmark is added or the definition of a landmark needs to be changed, the
development process should be re-started from the beginning. The approach based on
geometric analysis also has a disadvantage; the robustness of this kind of method is not
sufficient since it can be influenced by various factors. However, if the physical landmark
definitions are clearly determined, the consistency and reliability of the landmarking
would improve (Gill, 2015). Also, if the landmark definitions are transformed into logical
mathematical definitions and programmed, then this method has higher efficiency and
stronger adaptability than other methods.
Rhinoceros 3D® software and the Grasshopper plugin

To develop algorithms to extract body landmarks automatically, there are two possible solutions: using a commercial system or developing a new one with a programming
language such as C++ . As a result of examining past studies on automatic landmark
extraction software, most of the studies developed algorithms using C++ (Han et al.,
2010; Leong et al., 2013; Lu & Wang, 2008; Niu et al., 2011).
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However, commercial software has advantages such as reliable interfaces and relatively
easy use for general users. This study focused on Robert McNeel & Associates Rhinoceros 3D® (Rhino) software and its graphic algorithm editor, Grasshopper, as a plug-in
(McNeel, 2019). In fields where precise work is needed, such as industrial design (e.g.,
aircraft), architectural design, and craft design (e.g., furniture and accessories), NUBRSbased 3D modeling software such as Rhino has been most widely used (Hsu et al., 2015;
Kwon et al., 2017; Shi & Yang, 2013).
The Grasshopper algorithm can be implemented by arranging predefined components (e.g., icons) serving as commands and connecting wires between components,
without writing a lengthy programming language (Eltaweel & Yuehong, 2017). Input
and output parameter values can be inputted through components or easily changed
by dragging the mouse pointer. Grasshopper has also attracted industry and research
attention for its ability to produce flexible complex geometric shapes (Shi & Yang,
2013). In particular, it is the most common software for parametric design in the architectural field. Grasshopper can deal with many parameters simultaneously and provide
fast results compared to other parameter software such as 3D Max (Eltaweel & Yuehong, 2017).
In the apparel field, these programs have only been used for 3D printing design
research and accessory design (Hsu et al., 2015; Kwon et al., 2017; Shi & Yang, 2013).
However, no studies have adopted this algorithm editor for automatic landmark identification on 3D body scans. Rhino and the Grasshopper editor make it possible to view the
details of changes to the algorithm directly in the 3D Rhino interface. Also, the Grasshopper algorithm interface enables the user to integrate all of the following processes:
scan editing (e.g., removing noise or patching missing parts), landmark identification,
measuring, parametric 3D body scan modeling, 2D clothing patterns converted from 3D
body models, etc.).
The objective of this study was to develop algorithms for automatic landmark extraction for women with various upper body types using the Grasshopper algorithm. To
verify the accuracy of the algorithms on various body shapes, this study determined
the criteria of key body shape factors that influence each landmark position to classify
body shape groups and sorted scan samples in each body type from the 6th SizeKorea
database (Korean Agency for Technology & Standards, 2012). The statistical differences
between the algorithm-derived measurements and the SizeKorea measurements were
compared with the allowable tolerance specified by ISO 20685. The specific objectives
were as follows:
1. To define 15 landmark positions for the upper bodies of women ages 20–59 based on
an analysis of the morphological characteristics of 3D body surfaces.
2. To develop algorithms for automatic landmark identification based on 3D scan data
from the 6th SizeKorea dataset using the Grasshopper algorithm editor.
3. To determine the criteria of key body shape factors that influence each landmark
position to classify body shape groups.
4. To verify the accuracy of the algorithms on various body shapes, the statistical differences between the scan-derived measurements and the SizeKorea measurements
were compared to the allowable tolerance of ISO 20685.
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5. To improve the reliability and accuracy of the algorithm by modifying the algorithms
of the landmarks showing differences exceeding the ISO criteria.

Methods
Methods for automatic landmark identification

The 15 landmarks on the upper body were selected for this study based on research studies on body type analysis and clothing patternmaking methods. The definitions referred
to the 6th SizeKorea Project Report (Korean Agency for Technology & Standards, 2012),
but since those definitions were for the direct measuring method, only three (front midaxilla point, back mid-axilla point, bust point) landmark definitions were adopted without change. The rest of the landmarks were newly defined by modifying the SizeKorea
definitions, since the landmark search should be based on the morphological characteristics of the 3D body surface (Table 1).
The algorithm in this study was developed using Grasshopper, an add-in algorithm
editor of the Rhinoceros® program. In Grasshopper, the algorithm is performed by
arranging “components” that correspond to pre-defined commands (e.g., icons, connecting lines, and arrows). When a “wire” is connected between “components” that serve as
input and output parameters, modeling can then be intuitively conducted in a continuous manner. Parameter values can be inputted through components or easily changed
by dragging the mouse pointer. This study transformed the definitions of the landmarks
into logical mathematical definitions and determined i)put and output parameters for
connecting them with wires (Fig. 2).
Verification method of algorithm accuracy

To verify the accuracy of the algorithms on various body shapes, the 3D body scans of 819
females with ages ranging from 20 to 59 years were extracted from the 6th SizeKorea dataset
(Korean Agency for Technology and Standards, 2012). The researchers tried to include data
on various body shapes. First, body shape factors that influence each landmark position were
selected based on Song et al. (2021) and Han and Nam’s (2011) studies shown in Table 2.
Body mass index (BMI) was selected as the influential factor for the neck, axilla, bust, and
waist landmarks. Additionally, the neck slope was used as the body shape factor for the neck
points. The shoulder slope was selected as the body shape factor for the shoulder point. The
upper body slope was used as the body shape factor for the bust point and waist point.
Second, this study determined the criterion values that could be used to classify the
body types into three groups for each shape factor (Table 2). First, this study used the
criteria for dividing the BMI categories defined by the World Health Organization
(WHO). The BMI of the 819 scans extracted for this study were calculated. It was
found that 8.2% of the extracted scans belonged to the thin group, 75.8% to the normal group, and 16% to the obese group in the SizeKorea dataset (Table 3). Therefore,
at a similar rate, this study sorted a total of 120 scans: 20 for the thin group (16.7%),
80 for the normal group (66.7%), and 20 for the obese group (16.7%).
For the shoulder angle, this study utilized the 25th and 75th percentile values of the
SizeKorea dataset as the criterion to classify the three body types (Table 2). However,
percentiles for the neck slope and upper body slope were not included in the Size
Korea dataset, so this study calculated the percentiles as shown in Table 2.
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Table 1 Definition of landmarks

Point name

SizeKorea’s definition

This study’s definition

1

Back neck

Most prominent point of the spinous process of
the seventh cervical vertebra

The posterior point of the lowest cross section
among the cross sections with a deviation of less
than 9% from the minimum neck circumference
(Fig. 2)

2

Front neck

Crossing point between the neck line and the
front center line

The innermost point in the sagittal plane erected
from the anterior neck center point of the minimum neck circumference

3

Side neck

The point where the top of the trapezius muscle
meets the anterior edge at the neck line

A point on the neck line at the mid-point of the
depth between the front neck point and the back
neck point

4

Shoulder

Most lateral point of the acromial process of the
scapula

The average point of the coordinate values of the
highest points of the extracted closed curves (3 in
Fig. 5) in the shoulder area

5

Axilla

The lowest point of the fold line that is formed
in the axilla region when the arm is kept close
to the body

The lowest point of the extracted curve passing a
temporary axilla point (2 in Fig. 5) and the shoulder
point

6

Front axilla fold

The highest point of axilla folding on the front

The front point on the position where the deviation between the adjacent transverse lines formed
from the bottom to the top of the armscye line
cross section becomes smaller than 0.8 (Fig. 4)

7

Back axilla fold

The highest point of axilla folding on the back

The back of the position where the deviation
between the adjacent transverse lines formed from
the bottom to the top of the armscye line cross
section becomes smaller than 0.8

8

Front mid-axilla

Mid-point of the distance between the shoulder
point and front axilla fold

Same as SizeKorea’s definition

9

Back mid-axilla

Midpoint of the distance between the shoulder
point and the back axilla fold

Same as SizeKorea’s definition

10

Back waist

The height of the side waist point marked on the The point recessed the most toward the inside of
back mid-sagittal line
the body on the back plane from the axilla level to
the crotch level

11

Front waist

The height of the side waist point marked on the The point at the height of the back waist point
front mid-sagittal line
marked on the mid-sagittal line

12

Side waist

The point at the 1/2 position of the thickness
The most recessed point in the right lateral
contour of the body, or 1/2 point of the distance between the front and back points of the waist
between the point of the tenth rib and the point
of the iliac crest

13

Bust point

Most anterior protrusion of the bra cup on
women

Same as SizeKorea’s definition

14

Scapular

There is no definition

The point at the level of the back mid-axilla point
on the line connecting the bisecting point of the
distance between the side neck point and the
shoulder point and the bisecting point of the
distance between the back waist and the side
waist point

15

Back protrusion

The point of axillary level marked on the spine
(axillary level point on the spine)

The most protruding point on the line connecting
the bisecting point of the distance between the
side neck point and the shoulder point and the
bisecting point of the distance between the back
waist and the side waist point
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Table 2 Body shape factor and groups related to landmarks
Landmark

Body shape
factor (key
measurement)

Neck points

BMI (kg/m2)

Body shape group

Thin

< 18.5

20

18.5–24.9

80

Obese

Shoulder slope
(shoulder angle)
BMI (kg/m2)

Axilla point

≥ 25

≤ 0.70

Raised

20
30

0.71–0.88

58

≥ 0.89

32

≤ 21.5

31

Normal

21.5–25.9

56

Sloped

≥ 26

33

< 18.5

20

Normal

18.5–24.9

80

Obese

≥ 25

20

< 18.5

20

18.5–24.9

80

Thin

BMI (kg/m2)

Bust point, Waist point

Number
of scans
extracted
from
SizeKorea
dataset

Normal
Forward
Neck slope (angle
between front neck Normal
point and back neck
Backward
point/center back
length)
Shoulder point

Criteria

Thin
Normal
Obese

≥ 25

Forward
Upper body slope
(angle between
Normal
back waist point
and back protrusion Backward
point)

≤ 9.5

20
30

9.6–13.5

60

≥ 13.6

30

Table 3 BMI (Body Mass Index) Groups
Group

SizeKorea
dataset
N

Scans sorted from the SizeKorea
dataset for this study
%

N

%

Thin (< 18.5)

67

8.2

20

16.7

Normal (18.5–24.9)

621

75.8

80

66.7

Obese (≥ 25)

131

16.0

20

16.7

Total

819

100.0

120

100.0

To verify the accuracy of the automatic landmark extraction algorithm, seven scanderived height measurements were compared with the SizeKorea height measurements (Table 4).
Table 4 Measurement locations
1

Back neck height

2

Front neck point height

3

Side neck point height

4

Shoulder height

5

Axilla height

6

Bust height

7

Waist height
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Import 3D body scan and
generate its mesh model
in Rhino interface

Enter “KHBody
Measure” in Rhino’s
Command window
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Run
Grasshopper
algorithm

Automatic search
for landmarks

Extract
measurements and
save them in a
CSV file

Grasshopper algorithm editor
Rhino interface

Fig. 1 Process for automatic search for upper body landmarks and extraction of measurements

The height values of axilla folds and mid-axilla points were not included in the
SizeKorea dataset, but they were calculated using values from the axilla height, so
it was considered that accuracy analysis of the axilla position would be enough. The
scapular point and back protrusion point were newly defined by this study based
on the position of the back shoulder dart in a bodice pattern presented in previous studies or patten-making textbooks, so they were not included in the SizeKorea
dataset.
For extraction of the height values, this study developed an automatic measuring algorithm using the Grasshopper algorithm editor, and the measurements extracted from
120 scans were saved in a CSV file.
The whole process for the automatic search of upper body landmarks and automatic
measurements is shown in Fig. 1.
The algorithm-derived measurements and SizeKorea measurements were compared by
performing paired t-tests using the IBM SPSS Statistics 21 package. Then, the statistical
differences between the algorithm-derived measurements and the SizeKorea measurements were compared with the allowable tolerance specified by International Organization for Standardization [ISO] 20685. In the case of landmarks with significant differences,
the algorithm was modified to improve the reliability and accuracy of the algorithm.

Results and Discussion
Grasshopper algorithm for automatic landmark identification
Neck points

This study developed algorithms to search for the anterior neck point, side neck point,
and back neck point automatically through the following process (Fig. 2):
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1. Among the horizontal sections dividing the region between 150 and 350 mm from
the top at 2 mm intervals, the cross section (green line in Fig. 2) with the shortest
circumference was extracted.
2. Among the cross sections extracted by fixing the center of the extracted horizontal
section and tilting it forward 1° per extraction, the closed curve with the minimum
circumference was set as the “minimum neck circumference” (blue line in Fig. 2).
3. The back point of the lowest cross section (orange line in Fig. 2) with a deviation
from the “minimum neck circumference” of less than 9% was set as the back neck
point. The left and right points were set as the temporary side neck points to set the
back neck circumference line.
4. The most recessed point in the vertical section passing through the front neck point
of the “minimum neck circumference” was set as the final front point. The line connecting the front point, the temporary side point, and back neck point was set as the
neck circumference line (red line in Fig. 2).
5. The intersection point of the line passing through the bisecting point of the neck
thickness and the neck circumference line (red line) was reset as the final side neck
point.
6. The back (orange line in step 3) and front neck circumference lines (red line in step
5) were combined to set the final neck circumference line.

Fig. 2 Grasshopper algorithm for extracting neck points
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Table 5 The t-test results between the SizeKorea measurements and the algorithm measurements
for the neck point height of the body type groups divided by BMI standards 
(Unit: cm)
Body shape
group

n

Mean
SizeKorea
Algorithmmeasurements derived
Measurements
A

Back neck height

Front neck point
height

Side neck point
height

*

Mean dif (B–A) SD p

B

Thin

20 36.6

37.7

1.1

2.1 0.035*

Thin (modified
algorithm)

20 36.6

37.5

0.9

2.2 0.069

Normal

80 38.3

38.8

0.4

2.4 0.105

Obese

20 38.9

39.4

0.6

2.0 0.224

Thin

20 31.5

32.0

0.5

1.8 0.258

Thin (modified
algorithm)

20 31.5

32.0

0.5

1.8 0.262

Normal

80 32.8

33.2

0.4

2.4 0.191

Obese

20 32.8

33.2

0.4

2.0 0.336

Thin

20 35.8

36.3

0.6

1.9 0.208

Thin (modified
algorithm)

20 35.8

36.1

0.3

2.0 0.441

Normal

80 36.8

37.0

0.3

2.3 0.320

Obese

20 37.3

37.3

0.1

1.7 0.835

p < 0.05

To verify the accuracy of the algorithms for extracting neck points on various body
shapes, the t-test results between the SizeKorea measurements and the algorithm measurements for the neck point height of the body type groups were divided by the BMI
(Table 5) and neck slopes (Table 6). If statistical differences between the scan-derived
measurements and the SizeKorea measurements were found, they were compared with
the maximum allowable tolerance (0.4 cm) of ISO 20685.
First, when examining the accuracy of the neck position according to the body types
divided by BMI, the algorithm successfully identified the position of the neck points
except for the back neck point of the thin shape group. The back neck point extracted
by the algorithm was located 1.1 cm above that of the SizeKorea data. Since this value
is larger than the ISO tolerance (0.4 cm), it was necessary to modify the algorithm. The
original algorithm was developed to set the back neck point at the back point of the lowest cross section (orange line in Fig. 2) among the cross sections with a deviation from
the “minimum neck circumference” (blue line) of less than 9%. However, the thin group
tended to have a smaller “minimum neck circumference” than the other groups; the back
of the neck was positioned significantly higher. As a result of re-searching for the back
neck location in the scan data of the thin group, it was found that the back of the neck
point was set better when 9% was changed to 11%, so the algorithm of the thin group
was modified. As a result of performing the t-test again, there was no significant difference between the SizeKorea value and the algorithm value. Finally, it was found that all
neck points were well extracted in all body shape groups as shown in Fig. 3.
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Thin shape
(Algorithm modified)

Normal shape

Obese shape

* Blue line: Minimum neck circumference.
* Orange line: The lowest cross section among the cross sections with a deviation from the “minimum neck
circumference” smaller than 11% (Thin shape) and 9% (Normal and Obese shapes).
* Red line: The final neck circumference line.

Fig. 3 The neck points identified by the algorithm by BMI-based body shape groups

Second, when examining the accuracy of the neck position according to the body types
divided by the neck slope, the algorithm successfully identified the position of the neck
points except for the front neck point of the neck forward group (Table 6). The front
neck point extracted by the algorithm was located 1.1 cm above the SizeKorea position.
The problem found in the neck forward group is because when the neck is bent, the chin
is pushed down and the dent is not evident. Therefore, the algorithm was modified to
move the front neck point 1.1 cm down for the neck forward group (Fig. 4).

Table 6 The t-test results between the SizeKorea measurements and the algorithm measurements
for the neck point height of the body type groups divided by neck slope 
(Unit: cm)
Body shape
group

n

Mean
SizeKorea
Algorithmmeasurements derived
measurements
A

Back neck height Forward
Normal
Front neck point
Height
Side neck point
Height

*

p < 0.05

Mean dif (B–A) SD p

B

30 38.4

39.0

0.6

2.5 0.214

58 38.3

38.8

0.5

2.5 0.129

Backward

32 37.5

38.1

0.6

1.8 0.071

Forward

30 33.5

34.6

1.1

2.4 0.016*

Normal

58 32.7

33.0

0.3

2.3 0.397

Backward

32 31.6

31.5

− 0.1

1.7 0.778

Forward

30 36.8

37.4

0.6

2.2 0.148

Normal

58 36.9

37.1

0.2

2.3 0.571

Backward

32 36.2

36.2

0.0

1.8 0.923
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Forward neck group

* Red dot: Front neck point identified by the original algorithm
Green dot: Front neck point by the modified algorithm

Fig. 4 The front neck point identified by the algorithm

Shoulder point, axilla point, front/back axilla point

Process for identifying the armscye line and shoulder point (Fig. 5):
1. Extract the cross section at the point where the number of cross sections is changed
from three to one when extracting the cross sections of the body upward from the
waist (green line in Fig. 5).
2. Set the mid-point between the torso point and the arm point at the height of this
cross section as a temporary axilla point.
3. Make a section from this point toward the shoulder and extract the closed green
curves while tilting the angle leftward and rightward by 1° until only one closed curve
is created.
4. Set the average point of the coordinate values of the highest points of the extracted
closed curves as the shoulder point and set the closed curve passing this point and
the temporary axilla point as the armscye line (black line).

Fig. 5 Armscye line and shoulder point search process
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Table 7 The t-test results of the shoulder height of the shoulder shape groups 
Body shape group

Shoulder height

*

n

Mean
SizeKorea
measurements

Algorithmderived
measurements

A

B

(Unit: cm)

Mean
SD
dif (B–A)

p

Raised

31

32.9

33.3

0.4

2.4

0.389

Normal

56

32.0

32.8

0.8

2.6

0.024*

Sloped

33

30.8

31.6

0.7

2.1

0.051

p < 0.05

Raised shoulder

Normal shoulder

Sloped shoulder

* Red dot: Original algorithm, Green dot: Modified algorithm

Fig. 6 The shoulder points identified by the algorithm

To verify the accuracy of the algorithm for extracting the shoulder point on various
body shapes, the t-test results between the SizeKorea measurements and the algorithm
measurements for the neck point height of the body type groups were divided by the
shoulder slope (Table 7). It was found that the algorithm successfully identified the
shoulder point for the raised shoulder and sloped shoulder groups. However, the algorithm-identified shoulder point of the normal shoulder group was located 0.8 cm above
the SizeKorea location. The reason for the difference found in the normal shoulder group
is that the shoulder point of the SizeKorea data was defined from an anatomical point of
view (the most lateral point of the acromial process of the scapula), but the shoulder
point detected by the algorithm was defined from a view of clothing construction (the
highest point of the armscye line). As shown in Fig. 6, it is considered that the algorithmextracted shoulder point could be more suitable than the SizeKorea shoulder point, so
the algorithm was not modified.
Then, the process of extracting the axilla point, front axilla point, and back axilla point
from the armscye is as follows (Fig. 7):
1. Set the lowest point of the armscye line as the axilla point (c) and create horizontal
sections upward from this axilla point. Set the front and back recessed points of the
point where the deviation between the horizontal lengths of two adjacent horizontal
sections is smaller than 0.8 as the front axilla fold point (a) and the back axilla fold
point (b).
2. Set the bisecting point of the height between the shoulder point and the front axilla
fold point as the front mid-axilla point (d) and set the bisecting point of the height
between the shoulder point and back axilla fold point as the back mid-axilla point (e).
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Fig. 7 Front/back axilla point, axilla point, and front/back mid-axilla points search process

Table 8 The t-test results of the axilla height 
Body shape group n

(Unit: cm)

Mean

Mean dif (B–A)

SD p

− 3.7

2.2

0.000***

2.7

0.000***

− 6.8

2.0

0.000***

SizeKorea
Algorithmmeasurements derived
measurements
A
Axilla height Thin

***

p < 0.001

B

20 21.5

17.9

Normal

80 21.3

16.1

Obese

20 21.0

14.2

− 5.2

To verify the accuracy of the algorithms for the axilla point on various body shapes,
the t-test results between the SizeKorea measurements and the algorithm measurements
of the body type groups were divided by BMI standards (Table 8). The axilla points identified by the algorithm were 3.7–6.8 cm lower than the SizeKorea location. It was found
that the more obese the model, the lower the armpit point detected by the algorithm.
The reason is that the armpit area between the arms and the torso tends to be attached
when scanning obese subjects.
Therefore, the algorithm was modified to move the axilla point up 3.7 cm for the thin
group, 5.2 cm for the normal group, and 6.8 cm for the obese group. As a result, it was
found that the position of the axilla point discovered by the algorithm became similar to
that of the SizeKorea data.
Waist points

To define the waist position, this study compared the following four definitions suggested in
the literature: (1) the most recessed point on the back of the body, (2) the point of minimum
width, (3) the point of minimum circumference, (4) the point of minimum thickness (Fig. 8).
When the waist position was set as the “most recessed point on the back of the body,”
the position was judged as appropriate. However, for body shapes 2 and 5 in Fig. 8, it was
difficult to find the point of minimum width in the waist region, or the waist position
tended to be set higher. When the waist position was set at the minimum circumference
point, the height of the position was similar to the height of the “minimum width point.”
When the waist position was found on the point of minimum thickness, the waist level
also tended to be higher.
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Scan 1

Scan 2

Scan 3

Scan 4

Scan 5

Scan 6

* Waist position: yellow (the most recessed point on the back), blue (minimum width), green
(minimum circumference), red (minimum thickness)
Fig. 8 Results of comparison of waist positions extracted based on four definitions of waist height

Therefore, in this study, cross sections were first created at intervals of 2 mm in range
(axilla to crotch area) to search for the waist landmarks. The point most recessed from
the back of the body toward the inside of the body is defined as the back waist point.
The point where the transverse plane at the height of the back waist point meets the
mid-sagittal plane is defined as the front waist point. The bisecting point of the thickness
between the front waist point and the back waist point is defined as the side waist point.
To verify the accuracy of the algorithms for identifying the waist level on various body
shapes, the t-test results between the SizeKorea measurements and the algorithm measurements for the back waist height of the body type groups were divided by the BMI and
upper body slope (Table 9). The algorithm successfully identified the back waist point
except for in the backward upper body shape. The waist point extracted by the algorithm
was located 1.0 cm above that of the SizeKorea data.
The reason for this is that as the upper body leans back, space was created between the
subject’s bra and body during scanning, so the algorithm recognized the most recessed
point on the back of the body as higher than the actual most recessed point as shown in
Fig. 9. Therefore, the algorithm was modified to move the back waist point 1.1 cm down for
the backward upper body group (Fig. 10).
Table 9 The t-test results of the waist height 
Body shape
factor

Waist height

BMI

Upper body
slope

***

p < 0.001

Body shape
group

n

(Unit: cm)

Mean
SizeKorea
measurements

Algorithmderived
measurements

A

B

Mean dif
(B–A)

SD

p

Thin

20

98.9

99.1

0.2

1.9

0.724

Normal

80

94.5

94.6

0.2

2.3

0.480

Obese

20

94.5

94.9

0.4

1.8

0.344

Forward

30

94.6

94.5

0.0

2.2

0.947

− 0.1

2.3

0.767

1.4

0.000***

Normal

60

95.3

95.2

Backward

30

95.6

96.7

1.0
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Normal upper body

Backward upper body

Fig. 9 The path to detect the back waist point

Forward upper body

Normal upper body

Backward upper body

* Red line: Original algorithm, Green line: Modified algorithm
Fig. 10 The waistline identified by the algorithm

Bust point

In order to find the most prominent point of the bust area, this study created a contour
line and set the highest point as the bust point. When the direction of the contour line
was set so that the direction parallel to the coronal plane of the upper body was 0°, the
bust point was found to be inclined toward the center of the body. Therefore, the positions of the bust points were compared while increasing the angle of the contour line
from that of the original coronal plane. It was found that the position of the bust points
was most appropriate when the contour line was set by turning this plane 35° (Fig. 11) .
The bust point setting process is shown in Fig. 12 .
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Fig. 11 Comparison of bust points set according to the direction of the contour. (left: 0°, right: 35°)

Fig. 12 Bust point setting process

To verify the accuracy of the algorithms for identifying the bust point on various body
shapes, the t-test results between the SizeKorea measurements and the algorithm measurements for the waist height of the body type groups were divided by the BMI and
upper body slope (Table 10). No significant differences were found in any of the body
shape groups indicating that the algorithm successfully identified the position of the
bust point.
Scapular point and back protrusion point

Although the scapular and back protrusion points were not defined in SizeKorea, they
were included in this study because they are related to the back darts when a bodice pattern is made. Therefore, this study newly defined the location of these two points based
on the positions of the back shoulder darts of the bodice patterns presented in patternmaking books. The search process is as follows Fig. 13:
1. Create a line connecting the bisecting point of the distance between the side neck
point and the shoulder point, and the bisecting point of the distance between the
back waist point and the side waist point.
2. Set the point at the height of the back mid-axilla point as the end point of the scapula.
3. Set the most prominent point on the line connecting the bisecting point of the distance between the side neck point and the shoulder point, and the bisecting point of
the distance between the back waist point and the side waist point as the back protrusion point.
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Table 10 The t-test results of the bust height 
Body shape
factor

Bust height BMI

Upper body
slope

Body shape
group

n

(Unit: cm)

Mean
SizeKorea
measurements

Algorithmderived
measurements

A

B

Thin

20 16.2

15.7

Normal

80 16.0

15.5

Obese

20 15.1

14.6

Forward

30 15.9

15.7

Normal

60 15.7

15.6

Backward

30 16.2

15.8

Mean dif
(B–A)

− 0.5

SD p

2.2 0.348

− 0.5

2.7 0.072

− 0.5

2.0 0.226

− 0.2

2.2 0.712

− 0.2

2.4 0.607

− 0.4

1.6 0.149

Fig. 13 Scapular point and protrusion point setting process

Extraction of measurements
Import 3D scans,
Create reference section

Neck points (Fig. 2)
Axilla point (Fig. 5)
Shoulder point (Fig. 5)

Scapula point, back protrusion point (Fig. 13)
Bust point (Fig. 12)

Waist points (Fig. 8)

Screen display processing

Fig. 14 Algorithm for automatic search for landmarks and extraction of measurements

Save data output
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Fig. 15 Results of automatic search for landmarks

Algorithm integration

The algorithm for an automatic search of upper body landmarks and automatic measurement was developed and integrated as follows Fig. 14. The entire process, from defining landmark positions to measurement extraction, was designed using the algorithm
editor Grasshopper, and commands that could execute each step of the process were
generated in the Rhino interface. The landmarks were extracted on the scan image as
shown in Fig. 15 .

Conclusions
This study developed algorithms for automatic landmark extraction for women aged
20–59 with various upper body types and body inclinations. The 15 landmarks were
defined based on the morphological features of 3D body surfaces and clothing applications, and algorithms were developed. To verify the accuracy of the algorithms on various body shapes, this study determined the criteria of key body shape factors (BMI, neck
slope, upper body slope, and shoulder slope) that influence each landmark position to
classify body shape groups, and sorted scan samples in each body type from the 6th
SizeKorea data. The statistical differences between the scan-derived measurements and
the SizeKorea measurements were compared with the allowable tolerance of ISO 20685.
When the algorithms were tested on various body shapes and body inclinations, it was
found that the algorithm successfully identified most of the landmark positions, but the
algorithm should be revised for the back neck point of the thin shape group, the front
neck point of the neck forward group, the shoulder point of the group with a normal
shoulder slope, and the waist point of a backward upper body slope. Therefore, for the
landmarks of these shape groups, the parameters of the algorithm were modified based
on the statistical differences to deal flexibly with the differences in upper body shapes
and body inclinations. Finally, our algorithms provided accuracy in identifying landmarks on various upper body types.
This study found that the item with the most significant difference between the SizeKorea measurements and the algorithm-derived measurements was axilla height. It was
found that the more obese the subject, the lower the armpit point detected by the algorithm. The reason is that in obese subjects, the armpit area tends to be attached to the
torso in the scan. Therefore, the algorithm was modified to move the axilla point 3.7 cm
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up for the thin group, 5.2 cm for the normal group, and 6.8 cm for the obese group, but
these values might vary depending on the type of 3D body scanner used.
As a tool to develop algorithms, the current study utilized the algorithm editor Grasshopper, which enables the user to interact with the 3D modeling interface
directly. Before executing the algorithm, it is possible to edit the armpit or crotch areas
of the body scan in the same interface. Also, the landmarks found by the algorithm can
be directly used for parametric modeling, unfolding 3D body surfaces into 2D clothing
patterns, and further enabling clothing design modification.
Another significance of this study is the high efficiency and strong adaptability of the
algorithm. This study developed a method based on an analysis of the geometric characteristics of the landmarks on 3D body surfaces. The automatic search for landmarks in
this study was algorithmized by transforming the landmark definition into logical mathematical definitions. The Grasshopper algorithm can be easily implemented by arranging pre-defined components (e.g., icons) serving as commands and connecting wires
between components, without writing a lengthy programming language. Input and output parameter values can be easily changed by dragging the mouse pointer. Therefore,
if future studies use this method, it will be easy to modify the landmark definitions and
adjust the automatic search settings to fit women of different age groups and body types
in different countries.
In order to further improve the algorithm, it would be beneficial to enable BMI-based
body type classification using the algorithm’s measurement values. For this process, it
will be necessary to examine the relationship between BMI and body measures (or index
values), choose the body measurement (or index value) that has the strongest relationship with BMI, and define the criterion values that may be used to classify body types.
Also, since the algorithm developed in this study was only based on the limited sample
in the 6th SizeKorea data, if more samples in the latest data such as the 8th SizeKorea
data (2021) are used for future studies, the accuracy and usability of the algorithm would
be increased.
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