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Foreword

[SO (the International Organization for Standardization) and IEC (the International Electrotechnical
Commission) form the specialized system for worldwide standardization. National bodies that are
members of ISO or IEC participate in the development of International Standards through technical
committees established by the respective organization to deal with particular fields of technical activity.
ISO and IEC technical committees collaborate in fields of mutual interest. Other international organizations,

government

al and non-governmental, in liaison with ISO and IEC, also take part in the work.

The procedures used to develop this document and those intended for its further maintenance are described
in the ISO/IEC Directives, Part 1. In particular, the different approval criteria needed for the different types
of document should be noted. This document was drafted in accordance with the editorial rules of the 1ISO/

IEC Directives
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draw attention to the possibility that the implementation of this document-mayj
htent(s). ISO and IEC take no position concerning the evidence, validity or applica
ent rights in respect thereof. As of the date of publication of this document,|ISO and
ice of (a) patent(s) which may be required to implement this document; However, in
bd that this may not represent the latest information, which may bébtained fron
railable at www.iso.org/patents and https://patents.iec.ch. IS@ and IEC shall
for identifying any or all such patent rights.
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For an expldnation of the voluntary nature of standards, the meaning of ISO specific terms and|expressions
related to ¢onformity assessment, as well as information{about ISO's adherence to the World Trade
Organizatioh (WTO) principles in the Technical Barriers to.Trade (TBT) see www.iso.org/iso/forpword.html.
In the IEC, spe www.iec.ch/understanding-standards.

This documgnt was prepared by Joint Technical Commiittee ISO/IEC JTC 1, Information technology.

Alist of all garts in the ISO/IEC 3532 series canbe found on the ISO and IEC websites.

Any feedback or questions on this document should be directed to the user’s national standards
body. A domplete listing of these; bodies can be found at www.iso.org/members.html and
www.iec.chfnational-committees.
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Introduction

This document was developed in response to the need for customization of 3D printing techn
medical industry through the use of information and communication technology (ICT).

ology in the

There are many points where the existing standards for additive manufacturing (AM) do not match the
requirements of the medical industry. From medical images to 3D printing, medical device development is

quite a complex journey with complicated management of multiple pieces of software.

With the emerging market for medical 3D printed parts, there are many points requiring standardization.

There is currently no standardized process for the creation of protocols and validation procedures to ensure
that medical imaging data can be consistently and accurately transformed into a 3D printed object.

For medical 3D printing, segmentation techniques should be optimized and combined accos
characteristics of the medical images and corresponding body parts to get an optimal 3D-model

In particulal, during medical image segmentation, identification of the pixels of organslor lesio
data such a§ computed tomography (CT) or magnetic resonance (MR) images, is one-of the mosf]
analysis tasks.

For exampl
macxillofacigl surgery to support the eye globe position and restore the'wolume and shape

However, orpital bone segmentation is challenging as the orbital bone is’composed of cortical
high intensity value, and trabecular and thin bone with low intensity walues, similar to soft tissy

The human |bone is delineated and extracted by segmentation%echniques, and a 3D skeletal m
from this segmentation. The minimization of errors during,segmentation of relevant body part
is critical. Ajs there are several known critical issues for.this segmentation, a verification prog
before proc¢eding.

Not only sipgle segmentation techniques but alsecombinations of those techniques should
for accuratq extraction of a target body part. However, this process depends heavily on the g
minimizatign of errors during this job, operatof’s should know which segmentation technique i
in their imaging software and possess the necessary skills for that technique.

Thresholding techniques which are provided by a default Hounsfield unit (HU) range do not

ding to the

hs from raw
challenging

, segmentation of the orbital bone is necessary for orbitaldwall reconstruction in cranio-

bf the orbit.
bone with a
e.

odel is built
s of interest
ess is made

be adopted
perator. For
s most used

completely

recover trug bony structure.lll An operator should typically adjust the extent of the segmentatign manually.

The proble
further des
reduce hum

is usually under-segiientation. However, over-segmentation will also be prol
gning processes, especially for surgical implants. Various techniques have been 4
hn error and imptove performance and consistency for segmentation issues.[2]

This documgnt proposes.astandardized process for the optimization of segmentation.

blematic for
uggested to
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Information technology — Medical image-based modelling
for 3D printing —

Part 2:

Segmentation

1 Scope

This docum|
human bong¢
segmentatid

This docunj
capabilities,

ent provides an overview of the segmentation process for medical image-based modelling of

. This document specifies a standardized process to improve the perfoymance of
n.

ent is also applicable to medical 3D printing systems that include medical 3]

2 Normative references

The followiy
requiremen
the latest ed

1SO 15708-1
1SO/IEC 238
ISO/ASTM 5

3 Terms

For the puy
ISO/IEC 238

ISO and IEC

ISO Onl
IEC Eled

g documents are referred to in the text in such a wayythat some or all of their conten
s of this document. For dated references, only thé.edition cited applies. For undated
ition of the referenced document (including any amendments) applies.

Non-destructive testing — Radiation methods for computed tomography — Part 1: Tg
2, Information technology — Vocabulary

2950, Additive manufacturing — General principles — Overview of data processing

and definitions

poses of this document, the terms and definitions given in ISO/ASTM 52950, I
2 and the following.apply.

maintain terminology databases for use in standardization at the following address

ne browsing platform: available at https://www.iso.org/obp

tropedia: available at https://www.electropedia.org/

3.1

human bone

D modelling

constitutes
| references,

rminology

50 15708-1,

image acquisition
scanning of the structure of interest using computed tomography (CT), magnetic resonance (MR) imaging or

other three-

3.2

dimensional imaging technology

image annotation
process of attaching labels to an image

3.3
label

classifying phrase or name applied to a target

© ISO/IEC 2024 - All rights reserved
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learning
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<machine learning> process by which a biological or an automatic system gains knowledge or skills that it

may use to i
[SOURCE: IS

3.5
segmentati

mprove its performance

0/IEC 2382:2015, 2122966, modified — Notes to entry have been removed.]

on

process of separating the objects of interest from their surroundings

Note 1 to entry: Segmentation can be applicable to 2D, 3D, raster or vector data.

3.6

ground-truth label

correct ansy

3.7

region of in
ROI
specified bo

3.8

machine learning

ML
process of o
reflects the

[SOURCE: IS

39
labelled da
group of dat

3.10

hyperparameter

characteris{

Note 1 to ent
parameters.

Note 2 to ent]
function, opt|
machine; nur

expectation fhaximization algorithm; the number of Gaussians in a Gaussian mixture.

[SOURCE: IS
3.11

ver of the training set for segmentation based on supervised learning

terest

undary as defined in the image

btimizing model parameters through computational techniques, such that the model
data or experience

0/1EC 22989:2022, 3.3.5]

fa
a that have been tagged with one or moxe labels

ic of a machine learning algorithm that affects its learning process

ry: Hyperparameters are selected prior to training and can be used in processes to help es

y: Examples of hyperparameters include number of network layers, width of each layer, typ4
imization methad,,léarning rate for neural networks; the choice of kernel function in a s\
hber of leaves or.depth of a tree; the K for K-means clustering; the maximum number of ite

0/1EG:22989:2022, 3.3.4]

s behaviour

fimate model

of activation
pport vector
Fations of the

medical im

age

type of images generated by medical imaging devices
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4 Abbreviated terms

Al artificial intelligence

AIM annotation and image markup

CAD computer-aided diagnosis

CCL connected component labelling

CNN convolutional neural network

CRF conditional random field

CT computed tomography

DICOM digital imaging and communications in medicine
DL deep learning

DSC dice similarity coefficient

FCN fully convolutional network

FOV field of view

FN false negative

FP false positive

HU Hounsfield unit

IoU intersection over union

MIoU mean intersection over union

ML machine learning

MR magnetic resonancge

MRI magnetic resonance imaging

NIfTI neuroimaginginformatics technology initiative
PET positron-emission tomography

SPECT single-photon emission computerized tomography
TN true negative

TP true positive

usS ultrasonography

5 Objective of segmentation

5.1 Background

The purpose of segmentation is to extract a specific region or organ from a patient's CT/MR medical image
and use it to create a 3D model.

© ISO/IEC 2024 - All rights reserved
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Segmentation is the process of partitioning an image into different meaningful segments. For medical
images, segmentation techniques should be optimized and combined according to the characteristics of
image acquisition modalities and body parts to get an ideal 3D visualization. The human bone is delineated
and extracted by segmentation techniques, and a 3D skeletal model is built from this segmentation. The

minimization of errors during segmentation of relevant anatomy is critical.

Modelling for medical 3D printing requires optimized segmentation to provide better ove
matching processes for human tissues and organs. However, most of the commercially avai
software cannot segment human bone effectively.

rlaying and
lable image

For improved medical image based 3D modelling, formalization and standardization of these procedures is

required.

5.2 Type

Several methods have been investigated that segment human bone from CT images.[18][19][22]{23

Semi-automatic segmentation: Thresholding is the simplest method of image lsegmer]
thresholding can be used to create binary images. This method replaces each pixel'in an im
object pixel if the pixel intensity is greater than a specific human bone threshold ¥zalue, or repla
background|pixel if the pixel intensity is less than a specific human bone threshold value.

Deformabl¢ model-based segmenation: Deformable models are curyes or surfaces for segr
the image dpmain, which deform under the influence of internal and external forces to delinea
boundaries.| The internal forces are defined such that they preserve the shape smoothness o
while the external forces are defined by the image features to dnive the model toward the de
boundary. By constraining extracted boundaries to be smooth<and incorporating other prior
about the ghape, deformable models offer robustness tosbeth image noise and boundary
However, there is a limit due to the difficulty of segmentation at the weak object boundary of
with a low intensity value similar to soft tissue.

CNN-based
1x1 convoly
used for me
path and an

tions that perform the task of fully.connected layers. The U-Net network, which i
lical image segmentation, is basedof a fully convolutional network and consists of a
expansive path, which gives it the U-shaped architecture.

6 Overall segmentation process

6.1 Generfal

kegmentationprocess consists of seven steps in total, as described in 6.2 to 6.8. Fig|
rocess flow of segmentation, where the numbers in parenthesis refer to clauses of thi

The overall
the overall g

tation, and
nge with an
ces it with a

hentation in
e the object

f the model,

sired region
information
gaps.[351(36]
a thin bone

segmentation: The FCN is a network that'does not contain any dense layers. Insteadl, it contains

5 commonly
contracting

ure 1 shows
s document.
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Training phase flow
'

Selection of
network model (Clause 10)

ation (Clause 7)

____________________________________________________________________

Evaluation
(Clause 11)

1
1

N  — " e

| oo e N i T hre Dataset _’[ MOd.el ; :
[ ! Dat: ; A i selection "1 processing Evaluation

: : : : | 1 ab:llaing Procfzsrsmg m?tr“_:ig:i‘;‘l‘;"t »| Augmentation X and training metrics i
- Pl - annotation and testing) phmmm - and |
1 : CT I : :: : 92) 93) ' procedure |
G . N [ et ecsitisiins st S Wi el l
i : MR : : acquisition —»| reconstruction i: F--- _l— ___________ .:

11(7.23) b ! n ! :

: : [ i : :: :| Deploy‘;nent Post- :

1 L] 1 T . g an .

i : . : : :: processing : running processing i

P HEAN J L Ju ! i

[ \_ o _ ______-___-_____ |: Ui A —————

PTEProCesSME for Segmentation . Deployment and Post-processimg for
(Clause 8) running segmentatioh
\ (Clause 12) (Clause-13) ;
________________________________ Lt TEETE PR e AL S SRR
1
Running phase flow
Figure 1 — Overall process flow of segmentation
The software developer should implement the optimized segmentation precess for medical image-based
modelling.

The considdg

referenced

6.2 Step

The objectiy

can be appl

6.3 Step

The objecti

consistents

to learn. De

6.4 Step

The objectiy
based segm

6.5 Step

The objecti

firom this document.

|: data preparation

ied. Detailed information is provided inGlause 7.

p: preprocessing for segmentation

Y

e of the preprocessing for segmentation stage is to normalize the data quality
bomentation results. This-stage is an important step that affects the ability of the net

tailed information is pr@vided in Clause 8.

B: annotation

re of the annotation stage is to make the labelled training data fit for the learnin
entation ne€twork models. Detailed information is provided in Clause 9.

4: selection of segmentation network model

rations of the optimized segmentation process for médical image-based modellin

e of the data preparation stage is to transform the raw data so that the segmentatic

g should be

n algorithm

and induce
work model

b of ML/DL-

e of the cngmpnfafinn network model selection stage is to select the npfim:\] Sd

network model. Detailed information is provided in Clause 10.

6.6 Step

5: performance evaluation

pgmentation

The objective of the performance evaluation stage is to calculate the agreement between the result of
applying the segmentation technique and the ground-truth label. Detailed information is provided in

Clause 11.
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6.7 Step 6: model deployment and running

The objective of the deployment and running stage is to apply the optimally trained deep learning network
model to the 3D printing modelling system for achieving the maximized segmentation performance in a real
world environment. Detailed information is provided in Clause 12.

6.8 Step 7: post-processing for segmentation

The objective of the post-processing for segmentation stage is to refine the incorrect region after applying
the segmentation method. Detailed information is provided in Clause 13.

7 Data preparation

7.1 Gene

The objectiy
can be appli

7.2 Medi

7.2.1 Genleral

In the imagg
and optical
Generated n
for medical

7.2.2 CTg

Computed t

the body. These 2D slice images are typically.stored in the DICOM file format. The intensity r4

pixel is [-10
according tg

A CT scanng
generate a §
CT image is
thickness of]

For obtainin
when scann|
CT scanning

7.2.3 MR

ral

e of the data preparation stage is to transform the raw data so that the segmentatic
ed.

ral image

acquisition phase, medical images are produced from devices, such as CT, MR, PE']
scanners. Normally, they are reconstructed from “raw or source data produced h
hedical image data from various devices should be-stored in a standardized format
mage processing.

can
bmography (CT) is a medical imaging technique that uses X-rays to generate 2D sli

24, 3072], because most CT images use 12 storage bits per pixel. Each pixel has it
the degree of transmitted radiation that passes through the body.

r takes multiple radiographic projections and then uses an image reconstruction f{

mainly dependent on pixel spacing and number of pixels, and partially dependent
the 2D images.

g better quality medical images, standardized CT scanning parameter conditions sh

conditions is defined in Annex A.

image

n algorithm

'/SPECT, US,
y detectors.
[e.g. DICOM)

Ce images of
inge of each
5 own value

echnique to

eries of 2D image slices_tovering a specific portion of the human body. The resolution of the

on the slice

buld be used

ing humambene. For example, in the case of the orbital bone, the minimum recomnendation of

Magnetic resonance imaging (MRI) equipment is medical electrical equipment which is generally intended
for in vivo magnetic resonance examination of a patient. MRI is a medical imaging technique to form pictures
of the anatomy and physiological processes of the body. MRI scanners use strong magnetic fields, magnetic
field gradients and radio waves to create images of internal patient anatomy.

Standardized MRI scanning conditions or MRI scanning profiles should be considered.

© ISO/IEC 2024 - All rights reserved
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7.3 Preparation steps

7.3.1 General

Since the data preparation stage consists of two steps, image acquisition and image reconstruction, the
essential considerations for each step should be reflected.

7.3.2

Image acquisition

The image acquisition step can be defined as the action of acquiring a set of image data from a hardware

source.

In order to create a good quality medical image-based 3D model for 3D printing, the following should be

considered
1) High-qu
stored i
2) Low-qu
3)
4) Standar
5) The imzg
possiblg.
NOTE Sy

wall, in orde
orbital bone

7.3.3

The imager
from signalj

luring the image acquisition step.

ality medical imaging equipment should be used as much as possible and-image
h the highest image quality.

hlity medical imaging equipment and protocols should not be used.

The acquisition of good quality medical images enables the production of-goed results.

dized image acquisition protocols should be used.
ge enhancement function provided by the device or matidfacturer should be avoig
ecific CT scanning protocols are recommended for d€licate or complex structures, such

' to optimize visualization of the entire structurefAnnex A describes the CT scanning @
egmentation as an example of a specialized CT scahning protocol. See also Annex B.

Image reconstruction

bconstruction step can be defined.as'the mathematical process that generates comp
(or raw data) obtained during the image acquisition step.

The following points should be considered during the image reconstruction phase.

pconstruction can affect image quality.

e many differences.\in the type and performance of CT image reconstruction kern

by equipment manufacturers which should be considered.

1) Imager
2) There a
NOTE T

to modify th
scanner. This
by sharpenin
tissue (stand

e CT image weconstruction kernel, also known as a convolution algorithm, refers to the
e frequency/contents of projection data prior to back projection during image reconstru
process'corrects the image by reducing blurring. The kernel affects the appearance of ima

hrd Kernel) and bone (bone kernel).[2]

s should be

ed as far as

s the orbital
onditions for

Dsite images

bls provided

process used
ction in a CT
be structures

g the-image. Different kernels have been developed for specific anatomical applications including soft

8 Preprocessing for segmentation

8.1 General

The objective of the preprocessing stage is to normalize the image quality and induce consistent
segmentation results.

The following should be considered during the preprocessing step.

1) The potential sequence of preprocessing steps may be considered as: denoising, interpolation,
registration, organ windowing, followed by normalization, and potentially zero-padding to improve the
performance of segmentation.

© ISO/IEC 2024 - All rights reserved
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2) Inconsistent intensity range and pixel spacing of an image can have a significant impact on the
performance of the segmentation method.

3) The normalization method may be required to ensure that the image training and testing data has a
consistent intensity range and pixel spacing.

8.2 Intensity normalization

This subclause specifically refers to images acquired by CT as an example. Intensity normalization is also
applicable, in principle, to images acquired using different technologies (see Figure 2).

Most CT images use 12 storage bits per pixel, but images used in DL approaches typically use 8 storage bits
per pixel. Con51der1ng the 1nten51ty range of the human bone 1nten51ty normallzatlon is performed so that

the HU intesity-range e [0, 255], as
shown in Formula (1):

| B L ¢y

max min

where

I is the pixel intensity value of the CT image;

Lin is the minimum intensity value of the orbit bones;

Ihax  |is the maximum intensity value of the orbit bones;

Ipinn |is the minimum intensity value of the new image;

Iaxn |is the maximum intensity value of the new image.

a) Original 12-bit CT image (level: 400 HU, width:

1000)

b) Transformed 8-bit CT image after intensity
normalization

Figure 2 — Intensity normalization in head-and-neck CT image

8.3 Spacing normalization

This subclause specifically refers to images acquired by CT as an example. Spacing normalization is
applicable, in principle, also to images acquired using different technologies (see Figure 3).

© ISO/IEC 2024 - All rights reserved
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CT images can have different pixel spacing depending on patients. The difference between the pixel spacing
means that the interval considered by one pixel is different. To normalize the pixel spacing, the pixel spacing
normalization is performed using the maximum or minimum spacing of the dataset

a) 8-bit ¢

9 Annot

9.1 Data

Labelled daf
network.

LT image with original pixel spacing
(0.49 mm)

b) Transformed 8-bit CT image after sj
malization(0.53 mm)

Figure 3 — Spacing normalization in head-and-neck CT images

ation

Jabelling

a is used as input data in the training stage to find the optimal parameters of the s¢

Machine legrning algorithms typically fall within the domain of supervised artificial intellige

designed to
for optimal
ground trut

For training

"learn” from annotated data. Machine learning models require large, diverse train
model convergence. This means that before an ML algorithm can be trained and
h (annotation) needs to be defined and linked to the image.[31]

of segmentation network model preparation, the following should be considerec
a step.

hotated datasets)should be prepared. Well-annotated datasets are crucial to traini
zeable ML algoerithm models.

pacing nor-

pgmentation

nce and are
ng datasets
tested, the

during the

g accurate,

e many.types of image annotation (e.g. closed curve, curve, ellipse, freehand, line, p

erable’'way.

int, pointer,

, polylinie, rectangle, text, text pointer, etc.). Any type of image annotation should b used in an

and image markup), NIfTI-1 data format or DICOM.

labelling dat

1) Well-an
general

2) Therea
polygon
interop

3)

4)

human bone region can be set as 1 and the pixel value of the other region can be set as 0.

9.2 Preprocessing for annotation

Annotation (or labelling) format should support annotation interoperability, such as AIM (annotation

Consistent pixel values should be used for labelling. For example, the pixel value of the segmented

The objective of the preprocessing stage is to normalize the data quality and to enhance the training ability
of the segmentation network model.

The considerations for this stage are nearly the same as those described in Clause 8.
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9.3 Dataset management (training and testing)

The objective of the data management stage is to effectively manage all data (training, validation, test)
needed to optimize the actual performance of the segmentation network model.

Data management procedures should be conducted in the following order.

a) Collect the raw medical image data.

b) Apply data labelling.

c) Selectadata sampling strategy for training/validation/test.
d) Split the datasets for training/validation/test.

The followillg should be considered during the data management step.

Collect
of train

1y

2) A well-g

networl
3) Eventh
4)

5)

A mana
Data sh
Tra

Val
on

Tes
on {

9.4 Augnjentation

The objectiy
of data by 4
existing dat

There are d

or oversampling is generally used. Data warping augmentations transform existing images su

labels are p

hs much high-quality data as possible. Performance increases logarithmically base
ng data.[32]

lesigned dataset should be prepared which increases the quality of the-resulting s¢
x model.

b most sophisticated segmentation network model cannot be trained with poor qua
bement process should be used for data quality.

buld be assigned separately for training, validation andtest purposes, as follows.
ning dataset: The set of data used to fit the mode}:

dation dataset: The set of data used to provideran unbiased evaluation of a trained 1
he training dataset while tuning model hyperparameters.

[ dataset: The set of data used to provide an unbiased evaluation of a final trained 1
he training dataset.

e of the augmentation stage is to generate the augmented dataset which increases
dding slightly modified Copies of already existing data or newly created syntheti
.

fferent types of data augmentation techniques.[37] Increasing the dataset size by d

reserved,.which includes augmentations such as geometric and color transformati

erasing, ady
instances a

generative gd¥€rsarial networks.

bersarial-training, and neural style transfer. Oversampling augmentations crea
d add,them to the training set, which includes image mixing, feature space augmer

H on volume

pgmentation

ity data.

nodel fitting

hodel fitting

the amount
c data from

pta warping
th that their
bns, random
e synthetic
tations, and

Data augmentation is useful as it improves the performance and outcomes of machine learning models
by forming new and different examples for datasets. Data augmentation can provide benefits such as
solving small dataset problems, preventing data scarcity, reducing data overfitting, and increasing the
generalization ability.

10 Selection of network model

10.1 General

The objective of the network model selection stage is to find and select the optimal network model and
model parameters for segmentation.
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The broad success of DL has prompted the development of new image segmentation approaches leveraging
ML/DL models. More than 100 DL-based image segmentation models have been developed (see Annex C)
which have differences in network architecture selection, training data, loss function, training strategy and
evaluation metrics.

The overall steps for finding and selecting the best segmentation model should proceed in the following

order.

1) Divide the available data into training, validation and test dataset.

2) Selecta model and set the training hyperparameters.

3) Train the model using the training set.

4) Evaluatpthe modetusing the vatidation dataset.

5) Repeat $teps 2) through 4) using different model and training parameters.

6) Select the best model and train it using data from the training and validation dataset.

7) Assess this final model using the test dataset.

8) If exterpal validation is required, assess the final model using the external validation datfset or open

dataset

The evaluatjon method for finding and selecting the best segmentation model shall use the pr¢cedure and

metrics defined in Clause 11.

10.2 Inpug patch

A 2D image patch is usually a .jpg image file format with.8 storage bits per pixel. The input patch consists of
an image patch and a mask patch. The image patch is used in the training and test stages. The mask patch is

used only in| the training stage (see Figure 4).

a) Image patch tor CT images b) Mask patch for Iabelling data

Figure 4 — Input patch

11 Evaluation

11.1 General

The objective of the evaluation stage is to assess the differences between the results of applying the trained
segmentation model and the ground-truth labels.
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Comparing results to evaluate the quality of segmentation is an essential part of finding the best
segmentation model and algorithm. Annex D provides an example of how to consider overall segmentation
performance in the case of the orbital bone.

There are different quality aspects in medical image segmentation based on which types of segmentation
errors can be defined. Evaluation metrics for segmentation can be selected to indicate these errors,
depending on the data and the target.[321(33]

Several classification metrics are derived from the following elements:

true positive, T}, is the number of pixels correctly identified as positive;

true negative, Ty, is the number of pixels correctly identified as negative;

false po

false ne

11.2 Evalu

Software de
of their segy

Performanc
accuracy, D§
positives, tr

Sensitivity |
portion of ty

Tp +

where s is th

Specificity i
negative in f

T,
S=—7
Ty H

Itive, Fp, 15 the mumber of pixels incorrectly Identiffed as positive;

pative, Fy, is the number of pixels incorrectly identified as negative.

ation metrics

velopers should select the evaluation metrics that can best evaluate the’quality and g
hentation models, and use those evaluation metrics to select the Best segmentation

e measurements for segmenting the human bone are calculated using sensitivity
Cand IoU. Ty, Fp, Ty and Fy refer to the detected number @fpixels which are true po
Lie negatives and false negatives, respectively.

s the ability to determine the labelled human bone€ areas correctly. Sensitivity nj
ue positive in the labelled human bone area of the'ground truth, and is defined as:

N
e calculated sensitivity value.

5 the ability to determine the background correctly. Specificity measures the por
he background of ground truth;and is defined as:

Fp

where S is the calculated specificity value.

Accuracy is
measures th

the ability-fo'differentiate the labelled human bone areas and background correct
e proportion of true positive and true negative in all ROI, and is defined as:

(TpeTy)

A=

erformance
model.

specificity,
sitives, false

easures the

tion of true

ly. Accuracy

(Tp

+Fp4 Ty +Fy)

where A is the calculated accuracy value.

Dice similarity coefficient (DSC) is the most widely used metric when validating medical volume
segmentation, and is defined as:

2Tp

p=—="F
2Tp +Fp +Fy

where D is the calculated dice similarity coefficient value.
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Intersection over union (IoU) is the Jaccard index and is defined as:

Tp

(Tp +Fp)+(Tp +Fy)—Tp

where i is the calculated intersection over union value.

Additional evaluation metrics can exist which are not described here.

NOTE 1
NOTE 2

NOTE 3

Evaluation metrics are used in the evaluation procedure.

ISO/IEC TS 4213 provides evaluation metrics for classification tasks.

Evaluation metrics are also often used as the loss function for deep learning segmentation.[331[34][38][39]

11.3 Evalu

The evaluat

ation procedure

on procedure for assessing the performance of segmentation techniques‘should b

in three steps using the evaluation metrics.

First, the gr
Second, the
Third, the d

The method
and a correq

NOTE Of
Comparison
in order to a
against popu

12 Deplo)

The objectiy
the 3D prin

bund-truth label should be obtained from human experts.
kegmentation result should be obtained by applying the segmeftation technique.
screpancy between the segmentation result and the ground-truth label should be n

of measuring discrepancies should be counted as theydifference between a segm
tly segmented image (ground truth) using evaluation metrics.

ten, the best method is to compare the segmentation result with the expert inter-observ
with the state-of-the-art is also important, as istheuse of open source image data and repr
low objective comparison between methods. Properties of the segmented shape can also
ation norms (e.g. volume, curvature, etc.).

yment and running

re of the deployment and running stage is to apply the optimally trained DL netwd
Fing modelling system for~a¢hieving the maximized segmentation performance in

environme

The following should be consjdered during the deployment and running stage.

1y

For suc¢essful deployment and running, the risks and considerations should be eliminated|

total segmentation,process. Eliminating more risks and problems in the early stages of mo
and trajning reduces failure in the deployment and running stage.

2)

It is highly fecommended that the deployment process be standardized to ensure smooth|

integration’at multiple points.

e performed

easured.

ented result

b1 variability.
ducible code
be evaluated

rk model to
a real work

early in the
el selection

testing and

3)

running environment is essential to the success of ML-based segmentation.

4)
5)

phase so that the model can be updated.

6)

The system should always check monitored data quality and model performance.
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13 Post-processing for segmentation

The objective of the post-processing stage is to refine the incorrect region after applying the segmentation
method.

If over-segmentation/under-segmentation occurs in the segmentation result, post-processing techniques
can be applied to refine the final result of the segmentation model.

For post-processing, 2D/3D connected component labelling (CCL) may be used to remove outliers, and a
conditional random field (CRF) model may be used to further recover the boundary of a thin structure or
weak edge.

© ISO/IEC 2024 - All rights reserved
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Annex A
(informative)

CT scanning conditions for orbital bone segmentation

High-quality CT scanning is one of the key preconditions in obtaining accurate human bone segmentation.
Table A.1 shows the CT scanning parameters and conditions for segmentation of the orbital bone and how to
acquire the medical image data. These CT scan conditions are the minimum recommendations considered
for the most difficult orbital bone segmentation. In the cases of other human bones, they can be adjusted to

appropriate

values.

Table A.1 — CT scanning conditions (minimum recommendations)

Term

Condition

Basic condit

ons

Region of interest

For orbitalbone, the who
be scanned, and an optim|

be extracted from 1 cm alpove the

suprdorbital foramen to i
foramen.

e head can
al ROI can

hfraorbital

Bony position

Supine position

Image resolution

Atleast 512 x 512

Scanning cofditions

Tube voltage

80 kV to 120 kV (100 kV 1
ed)

Fcommend-

Tube current

250 mA to 400 mA (CT-Al
mended)

C recom-

Scan slice thickness

Below 1.0 mm

Scan (rotation) time

0.5sto1.5s

Reconstruct

ng conditions

FOV

100 mm to 150 mm

Slice thickness

Below 1.25 mm

Slice'spacing

Below 1.0 mm

Reconstruction kernel

Standard

Output format

DICOM (digital imaging a
nications in medicine) for
medical 3D modelling sof]

compatible with the DICOM format.

hd commu-
mat, as most
fware is

NOTE IS

D 1923341 récommends CT scanning conditions for the orthopedic joint prosthesis.[21]
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Annex B
(informative)

Characteristics of orbital bone segmentation from CT

The orbital wall is a four-sided pyramidal bony structure that includes the orbital roof, the orbital medial
wall, the orbital lateral wall, and the orbital floor to protect the eyes and neighbouring nerves and consists
of high-intensity cortical bones and low-intensity trabecular and thin bones [see Figure B.1 a)].

Orbital wall > bital medial
wall and orbital floor. Orbital bone segmentation is a prerequisite for orbital wall reconstructign of cranio-
macxillofacidl surgery to support the eye globe position and to restore the volume and shagef the orbit.[6]

CT is a key fmaging modality because it can provide detailed information about the-orbital borle structure.
However, it fis difficult to segment the orbital bone with the conventional thresholdihg technifjue because
the thin bope of the orbital medial wall and orbital floor have low intensity,Values similar|to those of
neighbourirlg soft tissues [see Figure B.1 b)].[Zl[8] Figure B.1 c) shows that when a thresholdirg technique
with a threghold of 300 HU is applied to segment high-intensity cortical bgne, low-intensity tragbecular and
thin bones gre barely segmented. Figure B.1 d) shows that leakage into-saft tissue around the prbital bone
occurs when the threshold is set to 50 HU to segment low-intensity trabgcular and thin bones.

b) Cortical and thin bones in orbital floor and
medial wall

F '
ks '"'“"'} C e~ e

» - :: <
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d) Enlarged volume rendering view 2 (50 HU,
segmenting thin bones of orbital medial wall and
orbital floor)

c) Enlarged volume rendering view 1 (300 HU,
segmenting cortical bone)

Figure B.1 — Characteristics of orbital bones in CT images

Several methods have been investigated to segment the orbital bone in head-and-neck CT images.
a) Semi-automatic segmentation: Thresholding is the simplest method of image segmentation, and
thresholding can be used to create binary images. This method replaces each pixel in an image with
© ISO/IEC 2024 - All rights reserved
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an object pixel if the pixel intensity is greater than a specific orbital bone threshold value, or replaces
it with a background pixel if the pixel intensity is less than a specific orbital bone threshold value.
Because of the low intensity of trabecular and thin bones, manual editing is further required to segment
the trabecular and thin bones. However, manual editing is time-consuming and causes inter-observer
variability.

— Nystrom et al.[9l applied hysteresis thresholding to the orbital bone for segmenting the cortical bone
and the trabecular bone connected to the cortical bone.

— Jesper et al.l19 applied semi-automatic orbit cavity segmentation using the subtraction of bone and
air density masks, which used 400 HU for bone density mask and —-600 HU for air density mask.

Deformable model based segmentatlon Deformable models are curves or surfaces for segmentation
i to delineate
oothness of
towards the
at the weak

X sing model-
baspd segmentation. In model-based segmentation, the orbital model’is manually placed inside
the|orbital border and performs both growth and shrinkage processes using three basic forces (a

— Lamecker et al.[12] generated an orbital statistical shape nigdel (SSM) and segmentgd the orbit.
However, the shape and size of the orbit varies, which limits.clinical application.

CNN bdsed segmentation: CNN based on cSegNet,[13] RefineNet[14] and U-Netll2] have Heen applied
to medjcal image segmentation. The U-Net networkjwhich is commonly used for medical image
segmenfation, is based on a fully convolutional network and consists of a contracting path and an
expansive path, which gives it the U-shaped architecture. However, this method tends to igrjore the thin
bones of the medial wall of the orbit during learfiing because the orbital bone is mainly ¢gomposed of
cortical|bone with high intensity value and thinbones with low intensity value occupy a smpll part.

— Zhao et al.l1e] proposed a method of cranial segmentation after transferring MR images §o CT images
thrpugh a cascaded generative advérsarial network with a deep-supervision discriminator (Deep-
suplGAN). However, the Deep-supGAN did not segment the trabecular and thin bones, put only the
cortical bone.

© ISO/IEC 2024 - All rights reserved

17


https://iecnorm.com/api/?name=c49fc15f57fabf7ab3acec2c4e5a7e8d

ISO/IEC 3532-2:2024(en)

Annex C
(informative)

Deep learning techniques

ML and DL have progressed rapidly in recent years. Various techniques of ML and DL have played important

roles in the medical field, such as medical image processing, CAD, image analysis and image seg

mentation.

ISO/IEC 23053 defines an Al and ML framework for describing a generic Al system using ML technology. The

framework glescribesthe SYSCETT COMTPOUIIETICS amd-their furnctions i the At CCUSYSUEIT.

In ISO/IEC R3053, ML is defined as the process of optimizing model parameters through\¢omputational
techniques, such that the model's behaviour reflects the data or experience.

The broad spccess of DL has prompted the development of new image segmentatipn approachefs leveraging
ML/DL models.[24]-[30] According to a research survey result (see Reference [26}); there havg been more
than 100 agproaches within 11 method categories proposed to date. These-approaches differ]in terms of
network ardhitecture selection, training data, loss function, training strategy-and evaluation njetrics. Each
have their fgatures, strengths and weaknesses. The 11 method categories'are as follows:

1) fully-copvolutional networks;

2) convolutional models with graphical models;

3) encoder/decoder-based models;

4) multiscale and pyramid network-based models;

5) R-CNN based models (e.g. segmentation);

6) dilated fonvolutional models and DeepLab family;

7) recurrept neural network-based models;

8) attentign-based models;

9) generatjve models and adversarial training;

10) convoluftional models with/active contour models;

11) other miodels.

DL-based image segmentation is also now firmly recognized as a robust method of image s¢gmentation
in the medigal field. References [24] and [27]-[30] analyze medical image segmentation using various DL
techniques. Référence [24] investigates the types of network architectures and network training techniques
used in medicat i i j i ith-training DL

models. In other references within the Bibliography, detailed investigations and studies on the

use of U-net

and its variants,[27] multi-modality fusion,[28] and U-shaped networks[3% have been conducted for the

segmentation of the medical images.
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Annex D
(informative)

Considerations for overall segmentation performance

D.1 Overview

Figure D.1 shows an overview of orbltal segmentatlon based on a convolutlonal neural network consisting

of three majpr

orbital bond,
bones.

comentation of

and whole orbital bone mask generatlon lntegratlng the segmented masks of e¢ortical and thin

Due to the Wide range of intensities of the orbital bone, single-grey-level U-Net-based ségmentfation shows
under-segmgntation in low intensity thin bones. To overcome the under-segmentation of thip bones, the
problem of $egmenting the whole orbital bone is transformed into the problem-6f segmenting|the cortical
and thin bones and integrating two segmented bone masks.
—
v
Training CT images Cortical’lbone
and labels seghiéntation
CTimages Data - Mask
an(l labels preprocessing || < integration
Test CT images Thin bone
and labels segmentation
p__/
v
Figure D.1 — The pipeline of proposed multi-grey-level U-Nets for orbital bone segmentation from

Figure D.2 §
trabecular H

A 2D U-Net
The contrac
each follows¢
the spatial
the feature
resolution fé¢

3D head<and-neck CT images

hows the basic structure of 2D U-Net to segment the orbital bones containing cqrtical bone,

one, and thin bone with difféerent intensity values.

rchitecture.
pnvolutions,
contraction,
h combines
5 with high-

consists of a contracting path and an expansive path, which gives it the U-shaped 3
Fing path is a typieal:convolutional network that consists of repeated application of ¢
bd by a rectified linear unit (ReLU) and a maximum pooling operation. During the
nformation is reduced while feature information is increased. The expansive pa
and spatiabinformation through a sequence of up-convolutions and concatenation
batures from the contracting path.
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Figure D.2 — U-Net structure
D.2 Data|preparation

To adjust th
spacing nor

To consider
intensity ra
the 8-bit im
pixel with a

To equalize
minimum p1

D.3 Mult

To overcom

e image properties due to different acquisition protocols in each dataset, intensi
malization is performed on the inputimages.

the intensity range of the orbital bone, an intensity normalization is performed i
hge [-200 HU, 300 HU] of thet12-bit CT image is transformed into the intensity rang
hge where a pixel withanvintensity greater than 300 HU means a definite cortica
h intensity less than -200°HU means low-intensity region such as air and fat.

the data of different pixel sizes, the pixel size of all images is changed to the n
xel size.

j-grey-level FCN-based segmentation and mask integration

Ly and pixel

In which the

e [0, 255] of
bone and a

haximum or

b under-segmentation of thin bones, a single orbital bone mask is divided into cort

bone masks

In‘the training stage, two single-grey-level U-Nets are individually learned in thes

cal and thin
masks and

each cortical and thin bone segmentation result generated in the test stage is integrated to obtain a whole
orbital bone segmentation result.

In general, the cortical bone of the orbital bone has an intensity of 300 HU or more, and the thin bone of the
orbital bone has an intensity of 200 HU or less. Thus, in a single orbital bone mask, the cortical and thin bone
masks are constructed by selecting pixels with intensity greater than 200 HU and less than 300 HU and are
constructed by superimposing the intensities to complement each other in the two masks.

Multi-grey-level U-Nets consist of two single-grey-level U-Nets using the same structures as a 2D U-Net
architecture. A single-grey-level U-Net consists of a concatenating path and an expanding path, each path
consisting of 6 layers. The concatenating path can help to extract more advanced features but it also
reduces the size of feature maps, while the expanding path can help to give the localization information
from the contraction path to the expansion path. The final output feature map of a single-grey-level U-Net
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is generated with only two classes (object, background) by a softmax function which gives the probabilities
of the segmentation labels. In the training step, the loss function is calculated by the sum of the pixel-wise
cross-entropy and the dice coefficient. To optimize multi-grey-level U-Nets, the Adam optimizer was adopted
with a learning rate of 0.000 1. The epoch and the batch size were set to 100 and 20, respectively.

The two single-grey-level U-Nets are learned individually in two kinds of dataset for cortical bone masks
(cortical bone, background) and thin bone masks (thin bone, background). With the two trained single-grey-
level U-Nets, segmentation of the cortical bone and the thin bone is performed in the test image and the
whole orbital bone mask is constructed by integrating the segmented cortical bone and thin bone areas.

b) Thin bone mask patch

c) Cortical bone segmentation
result

e) Combined orbitpl bone

d) Thin bone segmentation result .
segmentation result

Figure D.3 — Orbital bone segmentation results

D.4 Experimental’plan

AL SYSTEMS
00 mm slice

512x = A .o 30ldatasets for
training (1 776 1mages) 13 datasets for vahdatlon and 19 datasets for test accordlng to CT acqulsltlon date.

The multi-grey-level U-Nets (Method C) was compared with two different methods: thresholding (Method
A) and single-grey-level U-Net (Method B).

— Thresholding (Method A): Thresholding is the simplest method of image segmentation, and thresholding
can be used to create binary images. This method replaces each pixel in an image with an object pixel if
the pixel intensity is greater than a specific orbital bone threshold value (300 HU), or replaces it with a
background pixel if the pixel intensity is less than a specific orbital bone threshold value (300 HU).

1) These trademarks are provided for reasons of public interest or public safety. This information is given for the
convenience of users of this document and does not constitute an endorsement by ISO or IEC.
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