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Orbital bones are composed of thick cortical bone with high intensity values and thin bones with low intensity values,
making consistent segmentation difficult. In addition, the medial wall and the orbital floor are composed of thin bones,
making it difficult to distinguish the intensity values from surrounding tissues due to the partial volume effect. In this
paper, we propose MSDA-Net to improve segmentation performance by considering the anatomical structure of orbital bones
with various thickness and the characteristics of thin bones with low intensity values and small areas in facial CT images.
By applying a multi-scale module and a dual attention module that performs channel and spatial attention sequentially to
the skip connection of U-Net, a feature map emphasizing the features to be paid attention to is delivered to the decoder.
The paper presents the results of experiments that evaluate the effect of the multi-scale hierarchical module, single attention,
and dual attention on segmentation performance. When using the proposed method, the Dice similarity coefficient (DSC) of

the global and regional evaluation regions shows excellent performance with 92%, 86%, and 87%, respectively.
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Figure 1. Structure of the proposed MSDA-Net
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Table 1. Quantitative evaluation of orbital bone segmentation. Mean and standard deviations are presented. The highest

values are denoted in bold.

(%)
Trainable Global ROI of Regional ROI of Regional ROI of
Method parameters whole orbital bone medial wall orbital floor
(MB) Precision  Recall DSC Precision  Recall DSC | Precision Recall DSC
U-Net 29.19 93.34 9136 9197 88.29 8423  86.03 89.30 85.27 86.86
(Baseline) ' +6.99 +8.51  +6.94 +7.53 +8.99  +7.60 +7.86 +10.00 £7.85
U-Net
) 93.13 9123 9178 87.49 8525  86.14 88.83 85.71 86.83
+ Multiscale 93.74
] . +6.42 +9.34  £7.21 +7.64 +9.25  47.67 +8.21 +10.14  £7.96
+ Spatial attention
U-Net
. 93.24 91.73 92.08 87.53 85.60 86.32 89.06 86.11 87.16
+ Multiscale 93.95
) +6.94 +893  +7.16 +7.91 +8.97  £7.63 +7.87 +9.88  £7.68
+ Channel attention
U-Net
+ Multiscale
) ) 92.69 92.19 92.04 87.11 86.14  86.44 88.34 86.92  87.21
+ Spatial attention 94.17
) +8.10 +8.14 £7.22 +7.93 +8.65  £7.55 +8.81 +9.23 +7.70
+ Channel attention
(Ours)
A At S Aste] 28 et m B Ay A9 d odl AT ARR AR eF: w g Yo] B3 flo] &
=<t F7HE ST 2= STk
Table 12 7} G <ot w) 28 As< yepdok ¢ Table 2= 54T HUNA 72 <A} dolHde A&
oF WS gl she] AHF FJrb JAolA womE Ad sto] ket w RES T dY Aokl 28 4F vu
I 34 SAE BT AR 5 UA=E A ouMF I Aotk Al WY A, 7€ #- AF4-617 wwst
odlide Ao r AHHe W Ha 2 FAZE RS o dok iSH B o] ef2 w oA AL thol
oA AFE Aol UNetol vlaf 1.91%, 1.65% FAEN 2 FAHASG SHAA Fdd 58 s B o+ ¥
ok AA F7h delde APE SdolA At Wl 71 BR okyzt ek wWe] SAS YTt ts AAY
P e Ase BA, tela Mg SHeAe EEY 7 oldd EEe 23 dZF FEO ARES 23
s 2AE AT ZEA 72 dud =& A4 odids = F4"ET
X st Ao 0 o 35} /\4,&_% o 7(4131_‘,:_% z . ‘e
}%‘— g OThE TR ¥ o "o Ad e Table 2. Comparison of the proposed method and existing
=24 99 WolA TP(True Positive) G2 &2 A4S studies
22 P4 EBEdunder segmentation)E = - Aso] 7HF %)
FA ves AFel el Al 49 ZFoNA U-Neto] 7HE Thin bones of medial wall and orbital floor
=22 AsS EArh =L U-Netdk Ao ubge]l 2d ve) Recall DSC
alg] 37| Z o7 YA LA Al 7R HUF 9] Lee[4] 67.61 61.96
WAL, thol fAHAS SWelN 4% P4 Bark +7.74 £5.50
Figre 43 jod io} Wl 8¢ 3440z B8 4 Thin bones Thin bones
= gtk A 99 BE UNetS AL AoHT} A of medial wall of orbital floor
ot uphye] B Anr} $43e Jepinh 4 dx 1z Recall ~ DSC_ Recall  DSC
o sk viSve e Wl WU L F HHOR A Leels) 0 e : :
U-Net 28 Zdyl= =7 Z708 93} 34 HTlo| dhAJ] : :
;qu]_e Ao a?mgq :1 ;:j]\_ o) 7] 71]-";— ﬁﬁﬂ]oqa OE} An[6] 81.07 83.09 79.23 83.09
T e e e = = e em AT +10.53 +8.09 +11.54 +8.42
3, FYHOR AW A T2 deh SHeINE Iy
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Figure 4. Qualitative evaluation of orbital bone segmentation. (a) original CT image, (b) U-Net,
(¢) U-Net+multiscalet+spatial attention, (d) U-Net+multiscale+channel attention, and (e) the

proposed MSDA-Net. The red, green, blue colors represent true positive, false

negative(under-segmentation), and false positive(over-segmentation).
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