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Abstract

Purpose Current research on the aging of bony orbit is usually done manually, which is inefficient and has a large error. In
this paper, automatic segmentation of bony orbit based on deep learning and automatic calculation of the parameters of the
segmented orbital contour (area and height of bony orbit) are presented.

Methods The craniofacial CT scanning data of 595 Chinese were used to carry out three-dimensional reconstruction and
output the craniofacial images. The orbital contour images are obtained automatically by UNet++ segmentation network,
and then the bony orbital area and height were calculated automatically by connected component analysis.

Results The automatic segmentation method has an Intersection of Union of 95.41% in craniofacial CT images. During the
aging, the bony orbital area of males increased with age, while that of females decreased, and the area in male was larger
than that in female (P < 0.05). The distance from equal points 10 and 40-90 to the supraorbital rim was significantly larger
(P <0.05). Except for the equal point 90, the distance from equal points to the inferior orbital rim was obviously larger
(P <0.05). In the females, the distance from equal points 50-70 to inferior orbital rim was significantly lower (P <0.05).
Conclusion The method proposed here can automatically and accurately study image dataset of large-scale bony orbital
CT imaging. UNet++ can achieve high-precision segmentation of bony orbital contours. The bony orbital area of Chinese
changes with aging, and the bony orbital height changes different between males and females, which may be caused by the
different position and degree of orbital bone resorption of males and females in the process of aging.
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Introduction

The orbit is composed of multiple craniofacial bones such
as frontal bone, zygomatic bone, maxilla and sphenoid
bone. These bones will undergo many changes during the
aging process, such as changes in the shape of the orbit,
the increase in height and area of the orbit, and the inferior
orbital edge shifts back [10, 20, 21]. In recent years, the
research of the aging of the orbital bones is being increas-
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ingly paid attention in the academic circles [2, 8, 11, 14,
19, 26]. At present, the research on bony orbit is basically
manual shape segmentation and manual measurement. How-
ever, these methods have problems such as relatively low
efficiency and subjective errors. To make the study of the
aging of the orbital bones faster and more accurate, medical
practitioners have been conducting continuous exploration.

This paper proposes a deep learning-based bony orbital
segmentation method, which can achieve automatic segmen-
tation of bony orbit and can greatly reduce the influence of
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human subjective errors and be more efficient. There have
been some segmentation networks such as UNet [22] and
FCN [12], which have been widely used in human tissues
such as brain tissue [16], lung [5], blood vessels [1], and
temporal bone [17].

The goal of this paper is to propose a fully automated
method for the study of bony orbit, which enables rapid
studies of bony orbit with more reliable results. The main
contributions of this paper are as follows:

1. Proposed a method based on deep learning and image
processing technology to automatically explore the
changes of bony orbit in the process of aging, which
can offset the defects of manual measurement in exist-
ing research, realize standardized automatic measure-
ment and reduce error in the measurement. In addition,
open sourced the code' of the method for researchers to
quickly study and verify it on large-scale dataset, and
constantly improve the study of the relationship between
bony orbit and aging.

2. The verified method proposed in this paper is validated
on a larger dataset (272 females and 323 males) and
investigated the changes of Chinese bony orbits during
the aging process. The research results of this paper
provide quantitative data, which can provide theoretical
basis and treatment ideas for clinical rejuvenation treat-
ment.

Materials and methods
Research data

The dataset was collected from the Zhejiang Provincial Peo-
ple’s Hospital which is a level A tertiary hospital in China.
The dataset contains 595 facial bones (272 females and 323
males) from CT at intervals of 1 mm. All samples are from
the population of southeast China and were collected using
SOMATOM Definition AS 128 (Siemens Healthineers, Ger-
many) in sinus mode. There were four doctors in the team
who were involved in the data retrieval process, and the data
were collected from April 2020 to October 2020. The study
starts from the end of 2020 to September 2021. The dataset
was divided into male and female groups by gender, and
young (18-39 years old), middle-aged (40-59 years old)
and elderly (> 60 years old) groups as shown in Table 1.
This research has been approved by the Ethics Committee of
Zhejiang Provincial People’s Hospital. The samples in this
paper included patients diagnosed with sinusitis and those
underwent rhinoplasty, but excluded patients with facial and

! https://github.com/lizhu1126/UNet-bony-orbits.
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Table 1 Age distribution of all subjects in each group

Group Case Age Mean SD
Young group 119 males 18-39 29.63 6.25
78 females 18-39 29.31 6.21
Middle-aged group 109 males 40-59 48.4 54
89 females 40-59 51.21 53
Elderly group 95 males >60 78.18 7.75
105 females >60 70.16 7.4

skull diseases, patients with a history of related diseases
or trauma, and patients with head and face deformities or
bilateral asymmetry. The diseases excluded were congenital
and acquired deformity of orbit, such as Crouzon syndrome,
orbital deformity secondary to tumor (neurofibromatosis
type I, hemangioma and venous malformation of orbit).

Research methods

The method proposed in this paper first uses UNet++ to
automatically segment the craniofacial front view to get
the bony orbital image, and then applies digital image pro-
cessing techniques such as connected component analysis
to automatically calculate the area and height of the bony
orbit. The overall process is shown in Fig. 1.

Preparation of craniofacial images

The DICOM raw data on facial skull CT were imported
into Mimics 21.0 (Materialise, Belgium) software for three-
dimensional reconstruction, and the line of nasion and sella
was adopted to adjust the facial skull to the standard front
[23]. Then, a 70 mm line segment was made in the blank
as a ruler, and the craniofacial front view was exported and
scaled with a ruler so that the ratio of each image to the real
distance reached 27.333 pixels per centimeter, and finally
the image size was adjusted to 576%320, as shown in Fig. 2.

Model of image segmentation network

In this paper, UNet++ [28] was used to segment the crani-
ofacial front view to get the bony orbital image. UNet++ is a
depth-supervised encoder-decoder network, in which encod-
ers are connected with decoders by a series of nested and
dense jump paths to realize the direct connection between
shallow features and deep features [29]. These features make
it widely used in medical image segmentation [3, 30]. As
shown in Fig. 3, UNet++ can be regarded as a combina-
tion of four UNet cascades in different sizes, and the output
of each branch is synthesized by depth supervision as the
final output of the network, so the automatically segmented
orbital image is obtained, as shown in Fig. 6c¢.
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Fig.1 Method flowchart

Training and evaluation index of image segmentation
network

The hardware and software platforms used in experiments of
this paper are shown in Table 2. Before training, the dataset
was randomly split like general neural network training. 80%
of the data were used as the training set and the other was
used as the test set. Therefore, the training set and test set
in this paper contained 476 and 119 craniofacial images,
respectively. This paper selected the SGD as an optimizer,
and cross-entropy as loss function, batch size was 2, iterated
for 20 cycles, and the initial learning rate was set to 0.01.
After training, evaluate the training results on the test set.
In this paper, the Intersection of Union (IoU) was used as

Fig.2 Craniofacial frontal images
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Fig.3 UNet++ network structure
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Table 2 Experiment platform

CPU 19-10900 k 3.7 GHz Operating system Ubuntul8.04

GPU RTX3080 Deep Learning Frame-  Pytorchl.7
work
RAM 32GB Image Processing Opencv4.4.0

Library

the evaluation index of segmentation accuracy. The value
of ToU ranged O to 1 to express the similarity between the
prediction result of the model and the real target. The larger
the value is, the better the result of image segmentation is.
The definition is shown in the following formula, where A is
the real target and B is the prediction output for the model:

_|AnB|
T AuB| M

Connected component analysis

Connected component refers to the collection region of
adjacent pixels composed of the same pixel value in the
image [25]. As shown in Fig. 4, the left and right orbits are
red and blue regions, respectively, which can be called two
connected components. The connected component analysis
generally converts the image into a binary graph to sepa-
rate the foreground and background of the image, and then
uses the seed filling [4] and other algorithms to analyze and
count the connected components in the binary image, so as

PI

.

Fig.4 Measurement of the vertical distance from the transverse axis
of the orbit to the superior orbital rim and inferior orbital rim of the
orbit. PT: the highest point of the connected component. PB: the
lowest point of the connected component. PI: the innermost point of
the connected component. PO: the outermost point of the connected
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to obtain the location and area of all connected components
and other information in the image, and we can filter the
connected components and carry out feature statistics with
the information.

Automatic calculation of bony orbital area and height

The area of bony orbit can be obtained by connected com-
ponent analysis. As shown in Fig. 4, the smaller abscissa at
the central point of the connected component is the right
orbital connected component, and the other is the left orbital
connected component. If the average size of the connected
component of both orbits is N, the true area S can be calcu-
lated by the following formula:

N

S= ——,
27333 @

27.333 is the ratio of the pixel to the true distance. The
method for calculating this value is shown in “Preparation
of craniofacial images”. As shown in Fig. 4, four lines form
a rectangle, and the central point O of the rectangle is taken
as the reference point, and the horizontal line through the
reference point is defined as the x-axis, also known as the
horizontal axis of orbital aperture width. With reference to
Jeon’s research [8], the distance between DI and DO is set
to be Dy, and the line segment DI-DO is equally divided
into nine equal points (points 10-90). The distance from DI
to each equal point is calculated by the following formula.
Then, the number of pixels from each bisection point on the
horizontal axis to the superior and inferior orbital rim are

------------------------------------------ DO
DI.IO 201 30 40| 50; 60f 70| 80| 90

component. O: the central point of the rectangle. PT: the center point
of the connected component. DI: the intersection of the transverse
axis of the orbit and the medial of the orbit rim. DO: the intersection
of the transverse axis of the orbit and the lateral of the orbit rim
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Table 3 The loss and IoU on

T Group Train Test
the training set and test set after
5 independent UNet++ training, A
respectively loss 0.0365 0.0368
ToU 95.41% 95.44%
B
loss 0.0366 0.0369
ToU 95.46% 95.38%
C
loss 0.0362 0.0365
ToU 95.51% 95.43%
D
loss 0.0362 0.0367
ToU 95.51% 95.40%
E
loss 0.0364 0.0369
IoU 95.50% 95.39%

automatically counted, the number of pixels of a line seg-
ment is set to be N, the true length L of the line segment
is calculated by the next following formula, in centimeters:

p_ = *Po 1040 .. 90 3
]—X_W(x_ B 3 ey )a ()
N
p
- . 4
27333 )

Statistical methods

The bony orbital area and height data were calculated auto-
matically by image processing technology, and then the data
were processed by SPSS 23.0 (IBM, USA) statistical soft-
ware. The mean value of the left and right orbital data was
taken from the results of a single sample and analysis of

0.8 T T T T
074 | _ ]
4 -train
0.6 test e
0.5 4
3 044 | E
T T T T
0 5 10 15 20
epoch a

variance was used to analyze the data. P <0.05 means that
the difference is statistically significant.

Results
UNet++ automatic segmentation

Five UNet++ segmentation experiments were conducted
in this paper, and each time the training set and test set
were randomly split. Loss and IoU were calculated after
each epoch during the training. After convergence, loss and
IoU on the training set and test set are shown in Table 3.
The average IoU on the test set of the five experiments is
95.41%. Figure 5a shows that both training loss and test loss
of the training model began to converge after 5 epochs, and
remained stable with almost no difference after 20 epochs.
Figure 5b shows that IoU on the training set gradually
increased and stabilized, while IoU on the test set stabilized
at 95.44% despite of oscillation. Figure 6 shows that the
result of manual segmentation of bony orbit is compared
with that of UNet++, which shows that there is nearly no
difference between automatic segmentation and manual seg-
mentation. As shown in Fig. 6d and 6h, it can be seen that
errors of the two segmentation methods only exist locally.
The error in the length and width is within 4 pixels, and
the distance is expressed as the maximum error is less than
1.46 mm. This shows that UNet++ has a better segmentation
effect on bony orbit in craniofacial images, and can output
high-precision orbital images for calculating subsequent
structural parameters.

Changes of bony orbital area

The changes of bony orbital area in male and female subjects
of different ages are shown in Fig. 7. The bony orbital areas

084 | E

loU

osd | -train i
’ | test

epoch b

Fig.5 UNet++ network training and testing graphs. a Loss change curve. b IoU change curve
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Fig.6 Comparison of manual
and automatic segmentation of
bony orbit. a, e Samples of male
and female, respectively. b, f
The results of manual segmen-
tation of a and e, respectively.

¢, g The results of automatic
segmentation of a and e, respec-
tively. d Isometric superposi-
tion of the contours of b and

¢ with red representing ¢ and
blue representing d. h Isometric
superposition of the contours

of f and g with red representing
f and blue representing g. The
red line represents the manually
segmented orbital contour, and
the blue line represents the
orbital contour automatically
segmented by UNet++

in young, middle-aged, and elderly males are (11.63 + 1.06)
cm?, (11.64+1.22) cm? and (11.81 + 1.42) cm?, respec-
tively. The bony orbital areas in young, middle-aged, and
elderly females are (10.78 +0.85) cm?, (10.78 +1.02) cm?
and (10.57 + 1.41) cm?, respectively. The change trend of
bony orbital area with age is different between males and
females (increasing in males and decreasing in females), and
the difference is significant (P <0.05). The total orbital area
of males and females does not change significantly with age.
However, the total orbital area of males is larger than that of
females (P <0.05).

Changes of bony orbital height

Tables 4 and 5 present the vertical distances from equal
points 10-90 on the horizontal axis of the male and female
orbits to the superior and inferior orbital rims, which are
automatically measured. As shown in Table 4, the vertical
distance from the equal points on the orbital horizontal axis
to the superior and inferior orbital rims varies greatly in
all age groups. The vertical distance from point 10 on the
horizontal axis to the superior and inferior orbital rims in
the middle-aged group and the elderly group is also signifi-
cantly larger than that in the young group (P <0.05). The
vertical distance from points 40-90 to the superior orbital
rim in the elderly group is also significantly larger than that

@ Springer

in the young group (P <0.05). In the vertical distance to the
inferior rim, except for the bisection point 90, the vertical
distance in the elderly group is significantly larger than that
in the young group (P <0.05). As shown in Table 5, among
the female subjects, there is no significant change in the ver-
tical distance from each equal point on the horizontal axis to
the superior orbital rim in each age group, but the distance
to the inferior orbital rim from the points 50-70 to inferior
orbital rim in the elderly group is significantly smaller than
that in the middle-aged group (P <0.05).

12.0 : . : :

1 11.81
11.8 4 A
11.63 -

116 4 — = 4

11.4 -
i -Male |
1.2 —@—Female |

11.0 —
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Area of bony orbit
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Fig. 7 Changes of bony orbital area with age and sex differences
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Discussion

Medical imaging technology plays a great role in disease
diagnosis, in which computed tomography (CT) imaging is
widely used in clinical medicine [7]. At present, the three-
dimensional reconstruction of skull CT data is usually car-
ried out in the research on the relationship between bony
orbital changes and aging. The medical image processing
and analysis is on the premise of obtaining the target part
quickly and accurately in medical image data. The traditional
research on bony orbit is manual measurement on the three-
dimensional model of skull [2, 8, 10, 14, 18, 19, 26], which
is inefficient and difficult to study large-scale dataset quickly.
The application of deep learning and image processing tech-
nology can offset the shortcomings of manual measurement.

The UNet++ network used in this paper is one of the
mature image segmentation networks. It can achieve
accurate pixel-level segmentation with less data. Thus,
UNet++ is widely applied in the field of medical image
segmentation, such as Bacillus anthracis [6], leukocytes
[13], COVID-19 [15]. This study did not use the method of
data enhancement, randomly split the data set for training,
the results showed that the average IoU can reach 95.41%.
This paper also conducted segmentation experiments on
male and female samples separately, and the segmenta-
tion IoU is 93.38% and 93.15%, respectively. It can be
seen that the results of the separate experiments for male
and female are similar but smaller than the result of the
experiments using all data. The segmentation task in this
paper does not distinguish between genders because the
model trained in this way performs better. In the paper of
UNet++, a segmentation experiment was performed on
polyp, liver, and cell nuclei. The learning rate used was
0.0001, and other hyper-parameters were consistent with
this paper. However, when this paper uses a hyper-param-
eter of 0.0001, it will be found that the model is difficult to
converge. Therefore, we tried to increase the learning rate.
In the process of trying, we found that the learning rate
of 0.01 performed best during model training, so we used
this hyper-parameter. In fact, in the selection of all neural
network training hyper-parameters, a hyper-parameter that
performs well on other tasks is first selected and used in
its own task, and then the hyper-parameter is fine-tuned
according to the performance during the training process.
This is also what this paper does. It can be inferred from
Fig. 6 that there is nearly no difference between UNet++
automatic segmentation and manual segmentation, indicat-
ing that UNet++ network can segment bony orbits from
craniofacial images, which lays a foundation for the sub-
sequent calculation of bone orbital parameters such as area
and height.

@ Springer

With the increase of age, facial bones will have specific
changes, and the morphological changes of bony orbit in the
process of aging are a hot research topic [2, 9, 14, 18]. In the
study of 30 American male skulls, Pessa found that the bony
orbital area did not change significantly with the increase of
age [19]. However, Kahn et al. [10] reconstructed the crani-
ofacial CT data of 60 American subjects (30 females and 30
males) and found that the bony orbital area increased gradu-
ally with age, and the orbital area of males was larger than
that of females in all age groups. It is believed that there are
great differences in craniofacial bones between Mongoloid
population and Caucasian population [9, 17]. The experi-
mental subjects in this paper are Chinese which belong
to the Mongoloid population Therefore, the experimental
results of this paper are more compared with the previous
research results of the Mongoloid population.

Wei et al. [26] studied 303 Chinese adults (125 females
and 178 males) and found that with the increase of age, the
orbital area of women would decrease and the orbital area of
women in any age was smaller than that of men. Wei et al.
took the horizontal line from the intersection of the lateral
orbital rim and the frontozygomatic suture to the anterior
lacrimal crest as the horizontal axis of the orbital aperture
width, and found that the middle part of the superior orbital
rim was slightly medial in males, while the lateral inferior
orbital rim of women had bone loss during aging, which
was manifested by an increase in bony orbital height in the
corresponding position. Jeon et al. [8] took the central point
of the rectangle composed of the innermost, lateral, upper,
and lower points of the bony orbit as the benchmark, and
defined the horizontal line passing through the central point
as the x-axis, that is, the horizontal axis of orbital aperture
width. They analyzed the bony orbit of 107 Koreans (52
females and 55 males), and found that the orbital area did not
increase significantly with age, and the height of the superior
and inferior rims of the orbit did not change significantly
in both genders. In this paper, through automatic measure-
ment and analysis for the bony orbital area and height of 595
people from Zhejiang, China, it was found that the orbital
areas of males and females had different changing trends
with age (increasing in male and decreasing in female),
and the orbital area of male was larger than that of female,
which was consistent with Wei’s study, probably because
their experimental subjects were Chinese. In addition, the
changes of bony orbital height were different between males
and females. There was a significant increase of the lateral
and inferior orbital rim in males, but for females, there was
an increase only in inferior orbital rim. Compared with Wei
and Jeon’s studies, the statistical results in this paper show
that the local morphological changes of bony orbit are more
pronounced than they thought.



Surgical and Radiologic Anatomy (2022) 44:749-758

757

Limitations of the study

The study in this paper has some shortcomings. First, there
may be errors in the manual labeling of the orbit before
training UNet++. Second, this paper does not consider the
effect of patients’ height and weight, because the samples
of the subjects were collected from the imaging department
of the hospital, and the collected data did not include these
information. Third, the size of the orbit may also be related
to the overall width and height of the facial skull. In the
future, there may be new findings on the ratio of orbital
parameters to facial skull parameters, and more data and
more precise methods will be used to improve the above
problems.

Conclusion

The bony orbital area of Chinese changes with aging, but
changing trend is different in male and female (increase in
male, and decrease in female), and the orbital area of male
is larger than that of female, regardless of the age. The bony
orbital height of male increases in varying degrees during
aging, while that of female only decreases to a certain extent
outside the inferior orbital rim, which may be caused by the
different position and degree of orbital bone resorption of
males and females in the process of aging.

The combination of deep learning and image process-
ing technology proposed in this paper can help study the
relationship between bony orbit and aging. In addition, the
results obtained in this paper can provide doctors with quan-
titative osseous orbital data. Compared with the previous
research, the automatic calculation proposed in this paper
has a smaller error and greatly saves the time of medical
researchers; it can help quickly study large-scale dataset
for researchers, which is greatly conducive to the study of
orbital morphology in the process of aging.
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