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A B S T R A C T 

S k u l l segmentat ion f r o m 3 D patient data a n d v i r t u a l reconstruct ion of the defec­

tive s k u l l shape are the most cha l lenging steps requi red for creat ion of patient-

specific m o d e l s of s k u l l . These m o d e l s are used i n cranioplasty practice for surgery 

p l a n n i n g , patient educat ion a n d patient-specif ic i m p l a n t des ign , but their u t i l i ty is 

current ly l i m i t e d by the a m o u n t of m a n u a l process ing t ime requi red to reach suff i ­

cient v i r t u a l m o d e l quality. This thesis a ims to streamline this v i r t u a l w o r k f l o w by 

u t i l i z i n g deep learn ing methods . 

The thesis proposes a nove l s o l u t i o n that consists of an automatic s k u l l seg­

menta t ion m e t h o d based o n a c o m b i n a t i o n of c o n v o l u t i o n a l n e u r a l ne tworks a n d 

g r a p h cut a l g o r i t h m a n d a n automatic v i r t u a l s k u l l reconstruct ion m e t h o d based 

o n c o n v o l u t i o n a l n e t w o r k cascade. B o t h of these components are demonstrated to 

achieve state-of-the-art accuracy. This w o r k also a ims to i m p r o v e r e p r o d u c i b i l i t y 

of the s k u l l reconstruct ion research b y p r o v i d i n g a s t ructured synthetic dataset for 

development a n d b e n c h m a r k i n g of automatic methods . 

The m a i n focus of this w o r k is o n appl i cab i l i ty i n c l in ica l practice. W h i l e the 

p r o p o s e d s k u l l segmentat ion m e t h o d is a l ready successful ly d e p l o y e d to c l in i ca l 

w o r k f l o w , the integrat ion of automatic v i r t u a l s k u l l reconstruct ion presents some 

a d d i t i o n a l challenges, s u c h as l o w tolerance towards shape imperfect ions a r o u n d 

the defect border. This w o r k therefore also proposes a n extension of the s k u l l recon­

struct ion m e t h o d that a l lows its adaptat ion to target p o p u l a t i o n a n d the des ired 

type of crania l i m p l a n t shape, w h i c h can v a r y between different c l in ica l sites. The 

results of expert 's evaluat ion s h o w that the shape outputs of this m e t h o d reach 

e n o u g h qua l i ty to be d e p l o y e d into c l in i ca l practice a l o n g w i t h the segmentat ion 

m e t h o d . 
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A B S T R A K T 

Segmentace lebky ze 3 D pacientských dat a virtuální rekonstrukce t v a r u lebek 

s defekty j sou nejnáročnějšími k r o k y potřebnými p r o t v o r b u lebečních modelů na 

míru pacienta. Tyto m o d e l y j sou v kranioplast ice využívány p r o plánování operací, 

poučení pacienta a d e s i g n implantátů n a míru, avšak jejich využitelnost je v součas­

nost i l imitována množstvím manuální práce potřebné p r o dosažení dostatečné 

k v a l i t y virtuálních modelů. Tato teze má z a cíl zefektivnění tohoto virtuálního 

pracovního p o s t u p u s využit ím m e t o d hlubokého učení. 

Teze popisuje k l i n i c k o u m o t i v a c i a současnou v ý z k u m n o u l i teraturu v oblast i 

automatizace virtuální kranioplas t iky . Dále navrhuje nové řešení sestávající z 

m e t o d y automatické segmentace l e b k y založené n a k o m b i n a c i konvoluční n e u ­

ronové sítě a a l g o r i t m u graph-cut a m e t o d y automatické rekonstrukce lebky za ­

ložené n a kaskádě konvolučních sítí. Obě tyto k o m p o n e n t y demonstruj í přesnost 

na úrovni vědeckého stavu poznání. Dále tato práce cílí n a zvýšení reprodukovate l -

nost i v ý z k u m u lebečních rekonstrukcí poskytnutím strukturovaného syntetického 

datasetu p r o vývoj a srovnávání automatických m e t o d . 

Hlavním cílem této práce je využitelnost v klinické p r a x i . Zat ímco navržená 

m e t o d a segmentace lebek je j iž v klinické p r a x i využívána, integrace automat­

ické virtuální rekonstrukce lebky představuje několik dalších překážek, jako nízká 

tolerance k nepřesnostem ve t v a r u o k o l o hranice defektu. Tato práce proto také 

navrhuje rozšíření m e t o d y rekonstrukce lebky, které umožňuje její adaptaci na 

cílovou p o p u l a c i a typ kraniálních implantátů, který se může m e z i jednotl ivými 

klinickými pracovištěmi lišit. Výsledky vyhodnocení experta ukazují , že výstupy 

této m e t o d y dosahují dostatečné k v a l i t y p r o i m p l e m e n t a c i d o klinické praxe 

společně s m e t o d o u segmentace. 
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I N T R O D U C T I O N 

V i r t u a l 3 D patient-specific anatomical m o d e l s are b e c o m i n g a n impor tant factor 

i n i m p r o v i n g outcomes of surgica l interventions as w e l l as r e d u c i n g the operat ing 

t ime. The goa l of the research presented i n this thesis is to accelerate the creation 

of these m o d e l s w i t h the use of deep learn ing a lgor i thms. A l t h o u g h some of the 

approaches presented here are potent ia l ly appl icable to var ious target d o m a i n s , the 

m a i n focus of this w o r k is o n craniomaxi l lo fac ia l surgery, specif ical ly treatment 

p l a n n i n g a n d reconstruct ion of s k u l l defects. For this appl i ca t ion , two types of 

anatomical m o d e l s are t y p i c a l l y used i n the process of surgery p l a n n i n g . First , a 

precise m o d e l of a patient 's defective s k u l l serves for the p l a n n i n g of c o m p l e x 

procedures , t ra in ing , or patient educat ion. Second, a v i r t u a l reconstruct ion of the 

defective tissue geometry p r o v i d e s a template for d e s i g n i n g a patient-specific s k u l l 

i m p l a n t . 

In correspondence w i t h these pract ical appl icat ions , the m e t h o d o l o g i c a l contr i ­

but ions of this w o r k can be d i v i d e d into two parts. The first area is precise seg­

menta t ion of the s k u l l i n c o m p u t e d t o m o g r a p h y data. Since a p le thora of general-

p u r p o s e segmentat ion a lgor i thms can be a p p l i e d to this p r o b l e m , more attention is 

g iven to the cases w h e r e the available dataset used for the o p t i m i z a t i o n of the seg­

menta t ion a lgor i thms cannot f u l l y encompass the var iab i l i ty i n data encountered 

i n c l in ica l practice a n d to the parts of the s k u l l most d i f f i cul t to segment d u e to 

their thinness a n d l o w vis ib i l i ty . 

The second part of this w o r k addresses the step of the v i r t u a l reconstruct ion 

of the f u l l s k u l l geometry. G i v e n the shape representation of the patient 's defec­

tive s k u l l , the reconstructed part of the s k u l l has to f u l l y restore its protective a n d 

aesthetic funct ion . In the current m e d i c a l practice, semi-automatic methods w i t h 

heavy use of m a n u a l ref inement i n computer-assisted d e s i g n software are preva­

lent. A s o p p o s e d to these often t i m e - c o n s u m i n g approaches, f u l l y automatic s k u l l 

reconstruct ion methods can he lp streamline the c l in ica l w o r k f l o w . A n o v e l deep 

learning-based, f u l l y automatic s k u l l reconstruct ion m e t h o d is therefore p r o p o s e d 

a n d evaluated. To i m p r o v e the pract ical u t i l i t y of the p r o p o s e d m e t h o d , this thesis 

further proposes a n extension that a l l o w s adaptabi l i ty to the target p o p u l a t i o n a n d 

type of crania l i m p l a n t . 

Because automatic s k u l l reconstruct ion is a rather n o v e l area of research, some 

f u n d a m e n t a l topics have not yet been complete ly addressed i n the l i terature, such 

as: Is the task of s k u l l shape reconstruct ion determinist ic? W h i c h metrics a n d w h a t 
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datasets s h o u l d be used to evaluate the c l in ica l appl i cab i l i ty of the reconstruct ion 

methods? To p r o v i d e g r o u n d s for further research i n these areas, this w o r k a d d i ­

t ional ly presents a p u b l i c synthetic dataset of defective skul ls . Fur thermore , several 

different reconstruct ion metrics are s t u d i e d i n re lat ion to h o w indicat ive they are 

of the actual per formance of the reconstruct ion methods i n c l in i ca l practice. 

Several chapters of this thesis are adapted f r o m articles p u b l i s h e d b y the author. 

The articles are f irst-author publ i ca t ions a n d , unless stated otherwise , the research 

a n d w r i t i n g were done p r i m a r i l y b y the author w i t h guidance a n d s u p e r v i s i o n of 

the thesis consultant a n d supervisor . 
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A N A T O M I C A L M O D E L S I N S U R G E R Y P L A N N I N G 

This chapter serves as a n o v e r v i e w of anatomica l m o d e l appl icat ions i n s k u l l 

surgery. It also covers relevant topics of h u m a n s k u l l anatomy a n d patho logy as 

w e l l as patient data acquis i t ion . These topics are discussed to the extent necessary 

to i l lustrate b o t h the m o t i v a t i o n a n d current l imi ta t ions of p r o d u c i n g anatomica l 

m o d e l s for s k u l l surgery p l a n n i n g . 

2.1 G E N E R A L A P P L I C A T I O N S OF A N A T O M I C A L M O D E L S 

3 D patient-specific anatomical mode ls , also ca l led b i o m o d e l s , i m p r o v e spat ia l i n ­

terpretat ion of patient data b y surgeons [36, 102]. In contrast to convent ional two-

d i m e n s i o n a l modal i t ies , s u c h as X-ray data or slices t h r o u g h c o m p u t e d tomogra­

p h y (CT) or magnet ic resonance ( M R ) data, the use of 3 D anatomica l m o d e l s br ings 

more versat i l i ty to computer-assisted surgery. They m a y be u s e d i n pre-operative 

(surgical p l a n n i n g a n d i m p l a n t design) or intra-operative (surgical navigat ion) ap­

pl icat ions , i n c o m b i n a t i o n w i t h augmented or v i r t u a l reality, or surgica l robot g u i d ­

ance systems [126, 105]. Fur thermore , anatomica l m o d e l s are u s e d i n m e d i c a l a n d 

dental educat ion because they can depict anatomica l structures i n a more efficient 

w a y than cadavers [40]. 

The recent b o o m of 3 D p r i n t i n g technology a n d its advancements i n b o t h pre­

c i s ion a n d cost-effectiveness further a d d e d to the range of anatomica l m o d e l s ap­

p l i ca t ion [121]. A s t ra ight forward a p p l i c a t i o n of 3 D p r i n t e d anatomica l models 

is construct ing a direct representation of patient 's anatomical structures for pre­

operative p l a n n i n g a n d t ra in ing . Surgica l interventions pose var ious r isks , such as 

b l o o d loss, infect ion, excessive t r a u m a due to imprecise surgica l technique, a n d 

t ime spent u n d e r anesthesia. M u l t i p l e studies s h o w that u s i n g anatomica l models 

d u r i n g surgery p l a n n i n g reduces operative t ime a n d increase the procedure accu­

racy, effectively l e a d i n g to better c l in ica l outcome [58, 79, 138]. S u c h m o d e l s are 

also suitable for pre-operative patient educat ion w h i c h can increase patient 's ca­

paci ty to p r o v i d e i n f o r m e d consent. This , i n t u r n , leads to r e d u c e d legal r isks for 

the surgeons [78]. 

However , exact replicas of the patient 's anatomica l structures are not the o n l y 

convenient type of anatomica l m o d e l . In dental , or thopedic , a n d cran iomaxi l lo fa -

cial surgery, cus tom 3 D p r i n t e d surgica l guides are b e c o m i n g p o p u l a r [121]. O f 
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most interest for this thesis, cus tom patient-specif ic i m p l a n t s (PSI) can be 3 D 

p r i n t e d u s i n g b iocompat ib le materials s u c h as t i t a n i u m , polyether ether ketone, 

or other c o m p o u n d s [96, 50, 10]. A s an alternative to direct ly u s i n g the target i m ­

plant shape, a n i m p l a n t m o l d can be p r i n t e d to be u s e d for i m p l a n t m a n u f a c t u r i n g 

later [132]. 

The aforement ioned benefits of u s i n g anatomica l models for surgica l s u p p o r t 

u s u a l l y come at the price of the increased cost of the procedure [121]. This is 

mos t ly caused b y the fact that creating a precise patient-specif ic anatomical m o d e l 

is a tedious a n d t i m e - d e m a n d i n g task w i t h little r o o m for inaccuracies a n d p r o d u c ­

i n g the m o d e l s poses a challenge even for experienced c l in ica l experts. D e v e l o p i n g 

automated solut ions to the most cha l lenging steps of the anatomica l m o d e l cre­

at ion p i p e l i n e a n d integrat ing t h e m into the c l in ica l w o r k f l o w w i l l be cruc ia l for 

enabl ing w i d e r patient access to these procedures i n the future. 

2.2 R E P A I R I N G T H E S K U L L : C R A N I O - M A X I L L O F A C I A L S K E L E T O N SURGERY 

C r a n i o - m a x i l l o f a c i a l ( C M F ) surgery deals w i t h congenita l a n d acquired d e f o r m i ­

ties of the h e a d , face, a n d jaw. A l t h o u g h C M F surgery general ly deals w i t h a l l 

types of tissue, this w o r k focuses o n reconstructive bone surgery. The m a i n chal­

lenges of this d o m a i n l ie i n reestabl ishing anatomica l ly correct shape, consistently 

restoring orbi ta l v o l u m e , a n d accurately repos i t ion ing C M F skeleton components 

into o p t i m a l spat ia l re lat ionships [13]. 

S u b o p t i m a l results of these interventions m a y lead not o n l y to further c l in i ca l 

problems , but also societal issues related to loss of facial s y m m e t r y a n d aesthetics. 

This puts a d d i t i o n a l emphasis o n the prec i s ion of pre-operative p l a n n i n g . It then 

comes as n o surpr ise that C M F surgery served as a pioneer i n c l in ica l appl icat ions 

of anatomica l models [36]. 

2.2.1 Overview of Sku 11 Ana tomy 

The h u m a n C M F skeleton, or s k u l l , is a b o n y c o m p l e x that mainta ins the facial 

structure a n d mechanica l ly protects the b r a i n . The two m a i n parts of the s k u l l 

are the neurocranium, consis t ing of the crania l vaul t , a n d viscerocranium w h i c h en­

compasses the facial bones. There is a total of 22 bones that comprise the s k u l l 

(see F igure 2.1) a n d w i t h the except ion of the m a n d i b l e (the lower jaw), these i n ­

d i v i d u a l bones are attached b y connective regions k n o w n as sutures. W h i l e the 

sutures accommodate movement d u r i n g deve lopment to enable the g r o w t h of the 

internal organs, increased level of in terdig i ta t ion a n d bone b r i d g i n g prevents the 

movement i n adul t skul l s [30]. 
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A n a t o m i c a l l a n d m a r k s p r o v i d e another w a y to navigate the c o m p l e x s k u l l 

anatomy. M a n y anatomical l a n d m a r k s have been de f ined o n the h u m a n s k u l l for 

use i n cephalometry w h i c h studies var iab i l i ty i n h u m a n skul l s t h r o u g h def ined 

measurements of distances a n d angles. They can be b r o k e n d o w n into two groups , 

as seen i n F igure 2.2: the m e d i a l l a n d m a r k s that lie o n the mid-sagi t ta l p lane , a n d 

the bi la teral l a n d m a r k s that occur lateral ly o n b o t h sides of the s k u l l . 

Some of these l a n d m a r k s also define anatomica l planes that can be used for 

a l i g n i n g the target s k u l l into a s tandardized p o s i t i o n a n d for evaluat ing s k u l l 

a n d facial symmetry . The mid-sagittal plane (MSP) is anatomica l ly def ined as a 

vert ical plane pass ing t h r o u g h the s k u l l m i d l i n e a n d it can be def ined b y any 

three m e d i a l l a n d m a r k s , s u c h as the bas ion , nas ion , a n d sella turcica [8]. This 

plane m a r k s the theoretical s y m m e t r y axis of the s k u l l , b u t it is w o r t h n o t i n g that 

no s k u l l is perfect ly s y m m e t r i c a n d sl ight asymmetr ies are a na tura l part of the 

s k u l l anatomy [67]. The Frankfort-horizontal plane ( F H P ) def ined by the orbitale 

a n d the p o r i o n l a n d m a r k s then defines the s tandard h o r i z o n t a l i n c l i n a t i o n of the 

s k u l l [97, 84]. In c l in ica l practice, this p lane is also preferred for the ident i f icat ion 
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B12 B12 

( ° 
Median landmarks: (• bilateral landmarks: \ 

M1 : Bregma (BR) M9 Orale (OR) B1 Staphanion (ST) B9 Zygonion (ZG) 
M2 : Glabella (GL) M10:Staphylion(STA) B2 Euryon (EU) BIO Conlylion laterale (CDL) 
M3 : Nasion (NA) M i l Basion (BA) B3 Frontotemporale (FT) B l l Zygomaxillare (ZM) 
M4 : Nasospinale (NAS) M12 Opistion (OPS) B4 Supraorb i ta l (SOR) B12 Laterla infradentale (LID) 
M5 : Prosthion (PR) M13 Opisthocranium (OPC) B5 Maxillo-frontale (MF) B13 Endomolare (ENM) 
M6 : Infradentale (ID) B6 Ectoconchion (EC) B14 Bolton (BO) 
M7 : Pogonion (PG) B7 Orbitale (ORB) B15 Gonion (GO) 
M8 rGnathion (GN) B8 Nasal (NS) B16 Coronion (CO) 

V j B17 Condylion superior (CS )j 

Figure 2.2: Cephalometric landmarks defined on the human skull [109]. 

of the o p t i m a l s k u l l s y m m e t r y plane , w h i c h is def ined as the p lane p e r p e n d i c u l a r 

to the Frankfor t -hor izonta l p lane g o i n g t h r o u g h one of the m e d i a l l a n d m a r k s . This 

d e f i n i t i o n of the s y m m e t r y plane tends to less underest imate the facial a s y m m e t r y 

w h e n c o m p a r e d to the mid-sagi t ta l plane [7]. See F igure 2.3 for an i l lus t ra t ion of 

the anatomica l planes of the s k u l l . 
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Figure 2.3: The mid-sagittal and the Frankfort-horizontal plane defined by the Orbital (Or) 

and the Porion (Po) landmarks. Note that three points are required to define 

the plane and therefore the mid-point between left and right porion is used in 

this example. Image adapted from L i n et al. [80] 

2.2.2 Cranial and Facial Bone Defects 

S k u l l defects are pathologica l changes i n the p h y s i o l o g i c a l anatomy of the s k u l l 

descr ibed i n the p r e v i o u s section. Congenital skull defects are also k n o w n as b i r t h 

defects. C o n g e n i t a l defects i n c l u d e b o t h facial deformit ies , s u c h as cleft l i p , cleft 

palate, a n d cleft jaw, a n d crania l deformit ies , s u c h as craniosynostosis [1, 3]. A l ­

t h o u g h C M F surgery deals w i t h m a n y more congenita l s k u l l defects, these are not 

i n the scope of this short o v e r v i e w a n d not direct ly addressed i n this thesis [4]. 

A s o p p o s e d to congenital s k u l l defects, acquired skull defects are caused by factors 

not direct ly related to the s k u l l deve lopmenta l processes. These i n c l u d e most ly 

head t r a u m a , infect ion, a n d tumors [114]. In the remainder of this w o r k , the t e r m 

skull defect w i l l refer specif ical ly to the acqui red s k u l l defects. C l i n i c a l treatment of 

acquired s k u l l defects u s u a l l y involves reconstruct ing the o r i g i n a l s k u l l shape i n 

order to restore the aesthetic, masticatory, a n d protective funct ions of the s k u l l . In 

the case of the n e u r o c r a n i u m , restoring the s k u l l shape (referred to as cranioplasty) 

can also lead to a l lev ia t ing neuro log ica l i m p a i r m e n t [2]. Two approaches can be 

taken to i n c o r p o r a t i n g mater ia l into the s k u l l defect to restore its shape: u s i n g the 

o r i g i n a l part of the patient 's bone (also referred to as autologous bone i m p l a n t or 

bone graft) or construct ing a n i m p l a n t f r o m synthetic mater ia l . A p p r o p r i a t e use 

of anatomical m o d e l s further improves the c l in ica l outcome a n d reduces operat-
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Figure 2.4: Illustration of individual steps of craniotomy procedure [117]. 

i n g t ime of b o t h of these methods , b u t the effect is most evident i n the second 

case [121]. 

U s i n g the autologous bone is s t ra ight forward i n some cases of m i n o r traumatic 

fractures, w h e r e the surgeon o n l y needs to s l ight ly reshape a n d repos i t ion the 

bone before reattaching it to the rest of the s k u l l u s i n g t i t a n i u m m i n i plates or 

c lamps [60]. A n o t h e r procedure w h e r e the use of the autologous bone is c o m m o n 

is a craniotomy, d u r i n g w h i c h a part of the s k u l l is t emporar i ly removed to access 

the tissues underneath . The c l in i ca l impl i ca t ions for c ran io tomy i n c l u d e treating 

b r a i n hemorrhage , infect ion of intracrania l tissues, or resection of a tumor. The 

cranio tomy procedure is i l lustrated i n F igure 2.4. S imi lar ly , d u r i n g decompressive 

craniectomy, part of the s k u l l is r e m o v e d i n order to decrease intracrania l pressure 

caused b y b r a i n s w e l l i n g due to h e a d t r a u m a or a stroke. The bone graft then needs 

to be stored for l o n g e n o u g h for the s w e l l i n g to subside, w h i c h m a y take weeks or 

m o n t h s [71]. 

A l t h o u g h the autologous bone m a y seem l ike the perfect i m p l a n t , it can often 

become infected or d e g r a d e d either d u r i n g the bone preservat ion stage or d u r i n g 
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patient rehabi l i ta t ion for var ious reasons [122, 26]. The incidence of these fai lure 

cases is as h i g h as 10% of a l l cranioplasties [123]. Fur thermore , the o r i g i n a l bone 

can be unusable straight away, for example i n cases w h e r e the bone is resected to 

remove a bone tumor , w h i c h also appl ies to m a x i l l a r a n d m a n d i b u l a r bones. 

In cases w h e r e the use of autologous bone is not possible , the use of al loplast ic 

materials is i m p l i e d to replace the r e m o v e d part of the bone [68]. M u l t i p l e different 

mater ia l opt ions exist a n d the f ina l choice is u s u a l l y d o w n to the personal prefer­

ence of the surgeon. Some materials s u c h as t i t a n i u m m e s h or polyether-ether-

ketone ( P E E K ) can be manufac tured pre-operat ively based o n a patient scan u s i n g 

r a p i d p r o t o t y p i n g . O n the other h a n d , bone cement based o n p o l y m e r i z e d m e t h y l -

methacrylate ( P M M A ) u s u a l l y needs to be m a n u a l l y f itted to the patient 's s k u l l , 

w h i c h m a y increase the surgery t ime i f done intra-operatively. They can, however, 

be l o a d e d w i t h a bioactive component s u c h as antibiotics [61]. M o s t important ly , 

the r i sk of the i m p l a n t h a v i n g to be eventual ly r e m o v e d due to compl ica t ions is 

s igni f icant ly lower w h e n u s i n g these al loplast ic materials a n d they are therefore 

often chosen i n favor of the autologous bone not o n l y i n r e v i s i o n cranioplasties 

but i n p r i m a r y cranioplasties as w e l l [61]. That is, however, c o n d i t i o n e d o n the fact 

that the i m p l a n t s are m o d e l e d to fit perfect ly to the patient 's s k u l l . 

2.3 P R O D U C I N G PRECISE A N A T O M I C A L M O D E L S FOR S K U L L SURGERY 

Patient-specific anatomical m o d e l s can be u s e d i n several different w a y s i n the 

context of reconstructive s k u l l surgery p l a n n i n g . 

• Defective s k u l l m o d e l for p l a n n i n g of the intervent ion 

• Direc t ly 3 D p r i n t e d i m p l a n t ( t i tanium, P E E K ) 

• Negat ive i m p l a n t - s h a p e d b lock u s e d for m o l d i n g the i m p l a n t ( P M M A ) 

The process of p r o d u c i n g any of the m e n t i o n e d types of p h y s i c a l anatomica l m o d ­

els of the s k u l l can be b r o k e n d o w n into four steps: D ata acquis i t ion , image p r o ­

cessing, v i r t u a l reconstruct ion, a n d m a n u f a c t u r i n g . The m o d e r n m a n u f a c t u r i n g 

methods achieve satisfactory accuracy for use i n s k u l l reconstruct ion a n d the m a ­

jori ty of i m p r e c i s i o n of the results comes f r o m the three p r e c e d i n g steps [125]. 

2.3.1 Data Acquisition 

Today's radiologists have a b r o a d range of different m e d i c a l i m a g i n g modal i t ies 

at h a n d , f r o m l o w - e n d u l t r a s o u n d systems to magnet ic resonance capable of d is ­

p l a y i n g s tructural as w e l l as funct iona l tissue propert ies a n d pos i t ron-emiss ion 
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X-ray source 

Detector cells 

Figure 2.5: Scheme of a standard C T scanning system w i t h a side view (left) and a cross-

view (right) [16]. 

t o m o g r a p h y u s e d for the ident i f i ca t ion of areas w i t h heightened metabol i sm. In 

the case of h a r d tissue surgica l p l a n n i n g , C T is u s u a l l y the m o d a l i t y of choice 

because of its u n p a r a l l e l e d h a r d tissue contrast, short acquis i t ion t imes, a n d no 

c l in ica l contraindicat ions except for r a d i a t i o n dose. 

C T systems are, i n the p h y s i c a l sense, s imi lar to the X - r a y r a d i o g r a p h y i n that 

they measure the at tenuation of X - r a y p h o t o n b e a m o n the w a y f r o m the radia t ion 

source to the sc int i l la t ion detectors t h r o u g h the scanning area i n w h i c h the patient 

is pos i t ioned . The b e a m attenuation o n the detector is then cal ibrated u s i n g the 

k n o w n attenuation coefficient of water w h i c h results i n the H o u n s f i e l d U n i t F I U 

scale measurement . The construct ion of most current C T scanners is s u c h that sev­

eral transversal slices are s imul taneous ly acqui red by m e a s u r i n g several fan- l ike 

projections of the patient b o d y u n d e r different angles as s h o w n i n F igure 2.5. A l t e r ­

natively, cone b e a m c o m p u t e d t o m o g r a p h y ( C B C T ) is often used i n C M F surgery 

because it s igni f icant ly decreases the patient r a d i a t i o n dose a n d acquis i t ion t ime. 

Iterative mathemat ica l reconstruct ion or f i l tered back-project ion is then e m p l o y e d 

to t rans form the set of these projections into 3 D data v o l u m e . The intensity of each 

voxe l (the v o l u m e t r i c equivalent of a pixel) i n this data v o l u m e can be interpreted 

as F I U measurement i n the area of the voxe l . The acquired patient C T data are 

u s u a l l y stored i n the D i g i t a l I m a g i n g a n d C o m m u n i c a t i o n s i n M e d i c i n e ( D I C O M ) 

format w h i c h comprises the header conta in ing the meta - in format ion a n d the i m ­

age intensity data stored i n a v o x e l g r i d . 

Both the scanner construct ion a n d the reconstruct ion m e t h o d can lead to specific 

artifacts encountered exclusively i n this modal i ty . W h i l e some c o m m o n artifacts 

such as m o t i o n b lur , noise, a n d r i n g artifact can be a v o i d e d d u r i n g the acquis i t ion , 

others cannot, especial ly i n the case of present meta l artifacts. To t r u l y reconstruct 
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Figure 2.6: Examples of synthetic C T data without (upper row) and wi th beam hardening 

effect (bottom row). Scatter produces a similar type of artifact [16]. 

the v o l u m e , a theoretical ly inf ini te a m o u n t of the projections i n different angles 

w o u l d be required . The above-ment ioned methods used for approximate recon­

struct ion f r o m a l i m i t e d n u m b e r of projections are unable to correctly reconstruct 

the image i n the case of s m a l l extremely h igh- intens i ty objects (see F igure 2.6), 

typ ica l ly metal objects, due to b e a m scatter a n d h a r d e n i n g p h e n o m e n a . This is 

par t i cu lar ly troublesome i n surgica l p l a n n i n g as the target tissue often contains 

meta l i m p l a n t s such as f ixa t ion materials or dental implants [16]. Par t ia l v o l u m e 

artifact is another source of i m p r e c i s i o n i n the C T data. In places w h e r e m u l t i p l e 

tissues w i t h different densities occupy the space of a single v o x e l , the resul t ing 

attenuation is p r o p o r t i o n a l to their quantit ies. In the case of v e r y t h i n bone struc­

tures, s u c h as s k u l l orbits , this means that the bone has v e r y little d e f i n i t i o n i n 

the data. B o t h of these issues cause compl ica t ions i n the subsequent step of the 

anatomical m o d e l p r o d u c t i o n p i p e l i n e [53]. 

2.3.2 Image Processing and Segmentation 

Before the C T data is converted to the s tandard tessellation language (STL) format 

u s e d for m a n i p u l a t i n g the s k u l l geometry a n d m a n u f a c t u r i n g , image process ing 

methods are u s e d for tasks s u c h as re - sampl ing a n d c r o p p i n g the data, mid-sagi t ta l 

plane detection, a n d s k u l l segmentat ion. 

Correct s k u l l segmentat ion, i n other w o r d s correctly selecting the voxels that 

b e l o n g to the s k u l l , is cr i t ical for f ina l anatomica l m o d e l prec i s ion [39]. Errors i n 

segmentat ion lead to compl ica t ions d u r i n g the surgery, especial ly if the m o d e l is 

u s e d for m a n u f a c t u r i n g of PSIs [51]. Because bone tissue has h i g h image intensity 

i n the C T image data due to its c a l c i u m content, H U value threshold ing is often 

u s e d for its segmentat ion f r o m other tissues. H o w e v e r , this is not a sufficient crite­

r i o n to obta in a segmentat ion of the s k u l l acceptable for m a n u f a c t u r i n g anatomica l 

m o d e l s for several reasons, some of w h i c h are i l lustrated i n F igure 2.7. 
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Figure 2.7: Examples of slices through a head CT, wi th expert-made segmentation i n cyan. 

From left to right: the maxillary sinus, thin bone i n orbits, skull defect. 

First , the paranasal sinuses (i. e. the cavities i n f rontal , maxi l la ry , a n d e t h m o i d a l 

bones, see F igure 2.1) are often i n c l u d e d i n the s k u l l segmentat ion to facilitate 

better stabil i ty of the manufac tured m o d e l [120]. Second, the bone tissue f o r m i n g 

s i n u s o i d a l a n d orbi ta l w a l l s is too t h i n to attain h i g h intensity values due to par t ia l 

v o l u m e artifact a n d C T slice thickness. F ina l ly , the noise i n f o r m of adjacent tissues, 

such as vertebrae a n d bone fragments , ins t rumentat ion , s u c h as f ixat ion mater ia l 

a n d C T scanner table, or artifacts caused by metal i m p l a n t s need to be removed. 

Several software packages a p p r o v e d for m e d i c a l use s u c h as M i m i c s (Materialise®, 

Be lg ium) , a n d Osirix® M D (Pixmeo, Switzer land) therefore come e q u i p p e d w i t h 

g lobal a n d local thresho ld ing tools i n c o m b i n a t i o n w i t h m a n u a l post -process ing 

tools. The m a n u a l post-processing step that addresses these issues is , however, 

very t i m e - c o n s u m i n g [125]. A rev iew of s k u l l segmentat ion methods can be f o u n d 

i n Sect ion 3.1. 

2.3.3 Virtual Skull Reconstruction 

A f t e r the segmentat ion, the b i n a r y segmented m a s k is converted to the p o l y g o n a l 

S T L format u s i n g t r iangula t ion ( typical ly m a r c h i n g cubes or D e l a u n a y w i t h m e s h 

smoothing) [125]. V i r t u a l reconstruct ion of the s k u l l is the process of d e s i g n i n g the 

shape that completes the defective s k u l l u s i n g computer-assisted d e s i g n ( C A D ) 

software. This is a different process f r o m the f ina l v i r t u a l i m p l a n t des ign , w h i c h 

u s u a l l y takes place after the reconstruct ion. 

The reconstruct ion is u s u a l l y done by u s i n g the m i r r o r e d heal thy side of the 

s k u l l or a s i m i l a r case f r o m a patient database as a template, a n d then m a n u a l l y 

f ine - tuning the shape to fit seamlessly to the defective s k u l l . H o w e v e r , a cons id­

erable a m o u n t of m a n u a l w o r k is requi red to reach e n o u g h prec i s ion a long the 

entire defect border w h i l e p r e s e r v i n g the p h y s i o l o g i c a l shape a n d s y m m e t r y of 

the s k u l l a n d that, as i n the case of the image segmentat ion step, reduces the cost-
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effectiveness of u s i n g the f ina l anatomica l m o d e l . A rev iew of s k u l l reconstruct ion 

methods can be f o u n d i n Section 3.2. 

The goa l of this thesis is to propose a robust a n d f u l l y automatic s k u l l segmen­

tat ion a n d reconstruct ion m e t h o d that w i l l lead to s tandardiza t ion a n d increased 

efficiency of c l in ica l w o r k f l o w of cranioplasty p l a n n i n g . 



L I T E R A T U R E R E V I E W O F S K U L L S E G M E N T A T I O N A N D 

R E C O N S T R U C T I O N M E T H O D S 

Ei jnatten et a l . s u m m a r i z e the crania l PSI d e s i g n w o r k f l o w b y d i v i d i n g p a r a m ­

eters affecting the resul t ing qua l i ty into several categories as i l lustrated i n F i g ­

ure 3.1 [125]. Th is thesis d irect ly addresses two m a i n bottlenecks i n the t ime effec­

tiveness of this w o r k f l o w : the s k u l l segmentat ion a n d the c o m p u t e r - a i d e d des ign 

of the i m p l a n t shape, b o t h of w h i c h require a substantial a m o u n t of the operat ing 

expert 's t ime. This chapter p r o v i d e s a n o v e r v i e w of exist ing semi-automatic a n d 

automatic segmentat ion a n d v i r t u a l reconstruct ion methods a p p l i e d to the s k u l l 

a n d serves as a b a c k g r o u n d a n d reference for the rest of this thesis. 

3.1 S K U L L CT S E G M E N T A T I O N 

S k u l l segmentat ion qual i ty is most often measured either u s i n g average 1 surface 

distance or v o l u m e t r i c overlaps, such as the D i c e coefficient. A u t h o r s of a meta-

s tudy that r e v i e w e d 36 C T bone segmentat ion articles i n the context of anatomica l 

m o d e l s creation suggest repor t ing the average surface distance as a quantitat ive 

metr ic as it is easy to interpret . H o w e v e r , at the same t ime, the authors advise 

c o m p l e m e n t i n g these results w i t h rendered 3 D m o d e l s of the segmented objects 

w i t h co lor -coded surface errors because local characteristics p lay a c ruc ia l role i n 

the m a n u f a c t u r i n g of precise anatomical mode ls , a n d especial ly if they are b e i n g 

created for use i n PSI d e s i g n where the accuracy requirements are h igher [125]. 

T h r e s h o l d i n g the H U values is current ly the most c o m m o n l y used m e t h o d of 

bone segmentat ion i n C T data, i n c l u d i n g the segmentat ion of s k u l l for anatomi­

cal m o d e l p r i n t i n g [125]. A l t h o u g h the prec i s ion of as m u c h as 0.2 m m i n terms 

of average surface distance can be achieved u s i n g thresho ld ing as a n in i t i a l seg­

menta t ion estimate, the post-processing requi red to reach the f ina l result can take 

several hours of m a n u a l w o r k , w h i c h drast ica l ly increases the cost of the result­

i n g anatomica l m o d e l [107, 38]. A d d i t i o n a l l y , the o p t i m a l threshold H U value is 

subjective a n d depends o n the C T scanner [99, 100, 124]. In some cases, g loba l 

threshold ing m a y p r o v i d e sufficient a p p r o x i m a t i o n of the s k u l l shape, even for 

subsequent v i r t u a l reconstruct ion steps. For example , the S k u l l F i x dataset [72] that 

is u s e d for the deve lopment of automatic s k u l l reconstruct ion methods was created 

1 Average surface distance and mean surface distance are used interchangeably in this work. 
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3-1 S K U L L CT S E G M E N T A T I O N 

Patient with bone defect 

• CT imaging 

A Image acquisition 
Scanner type 

(e.g., MDCT, DECT, 
CBCT) 

Tube potential (kV) 
Tube current (mA) 
Pitch 
Scan time 
Gantry rotation 
Collimation 
Beam filtration 

B Image reconstruction 
Voxel size (resolution) 
Slice thickness 
Slice spacing 
Convolution kernel 
Reconstruction plane 
(axial, sagittal or coronal) 
Artifacts 

(e.g. metal, motion, 
beam hardening, noise) 

DICOM . 

Image processing 

A Image segmentation 
Software package 
Segmentation method * 
Segmentation parameters 
(e.g., threshold value, 
seed point) 

Manual processing 
(e.g., cropping to ROl, 
sculpting) 

B Triangulation 
Triangulation algorithm 
(e.g., marching cubes, 
Delaunay) 
Mesh reduction 

STL 

O Computer-aided 
design (CAD) 

Additive manufacturing (AM) 

Printing technology 
Material 
Layer thickness (Z) 
In-plane resolution (X/Y) 
Object orientation 
Post-processing 

(e.g., surface finishing, sterilization) 

4 - Mesh smoothing 
Manual adjustments 

(e.g., filling holes, noise 
removal) 

Mirroring healthy anatomy 
Designing the construct 

Figure 3.1: Overview of the parameters that can influence the accuracy of medical A M 

constructs. Adapted from [125] 

u s i n g this m e t h o d to p r o v i d e reference shapes of the skul l s The S k u l l F i x dataset 

focuses o n defects of par ie ta l bone o n top of the s k u l l w h e r e thresho ld ing u s u ­

al ly p r o v i d e s sufficient segmentat ion accuracy [72]. However , it does not p r o v i d e 

satisfactory results i n other parts of the s k u l l (see F igure 3.2 a). 

The s inus a n d orbi ta l w a l l s are some of the most cha l lenging parts of the s k u l l 

to be segmented due to their sub-voxe l thickness. L inares et a l . [81] use a sheet-

ness filter based o n a H e s s i a n matr ix d e c o m p o s i t i o n to locate the t h i n structures. 

C l u s t e r i n g of the v o l u m e into super-voxels is then p e r f o r m e d a n d the f ina l seg­

menta t ion is obta ined u s i n g interactive graph-cuts w i t h user-def ined seeds. The 

authors s h o w that they can achieve h i g h s i m i l a r i t y to expert-made g r o u n d - t r u t h 
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segmentat ion w i t h a m e a n Dice coefficient of 0.915. A n example of the result of 

this m e t h o d can be seen i n F igure 3.2 m i d d l e . 

In the first attempt to use a deep learn ing a p p r o a c h for segmentat ion of s k u l l 

f r o m C T data, M i n n e m a et a l [95]. t ra ined a 4 layers deep c o n v o l u t i o n a l n e u r a l 

ne twork ( C N N ) m o d e l that classifies the C T v o l u m e v o x e l b y v o x e l i n a s l i d i n g 

w i n d o w manner. The authors used a dataset of 20 defective skul l s w i t h g o l d stan­

d a r d anatomica l models that were created m a n u a l l y b y a n expert a n d leave-2-out 

cross-val idat ion. The m e t h o d reaches a n average D i c e coefficient of 0.92 a n d a n av­

erage surface distance of 0.44 m m . The example renders of the s k u l l segmentat ion 

results (see F igure 3.2 right) s h o w that the m e t h o d often misclassif ies s k u l l voxels 

as b a c k g r o u n d i n thinner parts of the s k u l l , w h i c h m a y have been caused b y the 

faul ty convers ion of the g o l d - t r u t h m e s h m o d e l to v o x e l g r i d before the t ra in ing . 

These errors are t y p i c a l l y not i n the area of interest of the authors (i. e. close to the 

s k u l l defect). 

M e t z g e r et a l . [93] use a n anatomical atlas template created f r o m a m a n u a l l y 

segmented C T dataset of a heal thy patient. The template is then registered to the 

target patient to p r o v i d e segmentat ion u s i n g r i g i d a n d n o n - r i g i d registrat ion based 

o n m u t u a l i n f o r m a t i o n cr i ter ion. Th is m e t h o d achieves g o o d stabil i ty even for the 

t h i n structures i n orbi ta l areas but it comes at the cost of lower accuracy i n eth­

m o i d a l , s p h e n o i d a l , a n d t e m p o r a l bones, where m e a n surface distances are over 

0.5 m m . The authors also propose a semi-automatic post-processing thresho ld ing 

step to i m p r o v e accuracy i n these larger bones but the outputs are not preferred 

by the c l inic ians i n subjective evaluat ion because it, once again , introduces holes 

into thinner s k u l l structures. 

Statistical shape m o d e l s (SSM) f o r m a n i m p o r t a n t g r o u p of C T bone segmenta­

t ion a lgor i thms that c o u l d be cons idered for anatomica l bone m o d e l creation. S S M s 

m o d e l the general bone shape u s i n g m e a n a n d v a r i a t i o n of c o r r e s p o n d i n g vertex 

or l a n d m a r k posi t ions of g r o u n d t r u t h bone m o d e l s i n the t r a i n i n g set. P r i n c i p a l 

component analysis ( P C A ) or a n alternative m e t h o d reduces the d i m e n s i o n a l i t y 

by m o d e l i n g o n l y the m a i n e igenmodes of shape variabi l i ty . Segmentat ion of n e w 

C T data is then obta ined b y f i n d i n g a n o p t i m a l l inear c o m b i n a t i o n of these eigen­

m o d e s that fits the C T v o l u m e intensity values b y some criteria [49]. S S M s have 

been successfully u s e d for segmentat ion of m u l t i p l e bones i n the h i p area s u c h as 

the p e l v i s , h i p joint, a n d f e m u r [111, 29, 136]. In the context of s k u l l segmentation, 

C h a n g et a l . [21] u s e d S S M to segment the anterior surface of the m a x i l l a bone a n d 

reached a n average surface distance of 0.2 m m . H o w e v e r , due to the d i m e n s i o n a l i t y 

r e d u c t i o n a n d l i m i t e d t r a i n i n g datasets, S S M s are not w e l l sui ted for segmentat ion 

of large structures w i t h h i g h anatomica l var iab i l i ty [125]. This makes t h e m unsui t -
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Figure 3.2: Skull models resulting from existing segmentation methods. Global threshold­

ing [72] (a), Linares et al. [81] (b), Minnema et al. [95] (c), Metzger et al. [93] (d). 

Note that none of the methods achieves satisfactory accuracy of both the large 

bones and orbits. 

able for automatic segmentat ion i n s k u l l PSI d e s i g n w o r k f l o w where h i g h local 

prec is ion is required . 

A s u m m a r y of the current s k u l l segmentat ion methods can be f o u n d i n Table 3.1. 

It is w o r t h n o t i n g that the overal l per formance of segmentat ion methods is u s u a l l y 

evaluated i n the context of a specific target use. A l t h o u g h the methods m e n t i o n e d 

i n this section p e r f o r m w e l l i n their respective areas of interest a n d even i n the 

presence of defects, the segmentat ion performance is often l i m i t e d i n places w h e r e 

the s k u l l bone is very t h i n , s u c h as orbits a n d s inus w a l l s . Th is is arguably d u e to 

the fact that the target use cases of these methods d o not require o p t i m a l results 

i n this area a n d the t ime cost of a c q u i r i n g s u c h g r o u n d t r u t h data is s i m p l y not 

w o r t h its va lue . However , this l imi ts the range of appl icat ions of s u c h segmentat ion 
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Table 3.1: Comparison of segmentation methods using average surface distance (ASD) and 

volumetric Dice coefficient (VDC). Thresholding is not included i n the methods 

because the quantitative results depend on amount manual post-processing. 

Authors ASD [mm] V D C [%] Note 

Trade off between holes a n d general ly 
M e t z g e r et a l . [93] < 0.6 G 1 

lower accuracy. 

Occas ional holes, often i n orbi ta l 
M i n n e m a et a l . [95] 0.44 92.0 

area. 

H o l e s i n orbi ta l area, requires m a n u a l 
L inares et a l . [81] - 91.5 

input . 

outputs . For example , s k u l l orbi ta l f loors a n d w a l l s m a y be the target of v i r t u a l 

s k u l l reconstruct ion [42], yet the segmentat ion outputs of the presented methods 

c o u l d not be u s e d as a shape template for creating the PSI due to the segmentat ion 

conta in ing holes. It is therefore desirable to develop methods able to consistently 

p r o v i d e h i g h - q u a l i t y segmentat ion even i n these cha l lenging areas of the s k u l l . 

M a n u a l post-processing m i g h t s t i l l be requi red i n m a n y cases, but the t ime cost 

decreases w i t h the h igher qua l i ty of the i n i t i a l automatic segmentat ion output . 

3.2 S K U L L S H A P E R E C O N S T R U C T I O N 

S k u l l reconstruct ion can have m u l t i p l e meanings i n the l i terature, s u c h as the 

process of repos i t ion ing bone fragments for fracture r e d u c t i o n [59] or creating a 

patient-specific anatomica l m o d e l b y means of segmentat ion a n d s tacking of the 

C T slices [57]. In this thesis, s k u l l reconstruct ion a n d s k u l l segmentat ion are con­

s idered two different tasks. Reconstruct ion is u n d e r s t o o d as the task of m a p p i n g 

an i n p u t shape of the defective s k u l l (represented as a b i n a r y v o x e l g r i d or a sur­

face m e s h model ) to the c or respond ing reconstructed shape (a shape of complete 

s k u l l , the m i s s i n g patch , or the shape of f ina l crania l implant ) . A l t h o u g h some 

methods i n the l iterature are p r o p o s e d to w o r k direct ly w i t h the H U values of 

the voxe l g r i d , there is u s u a l l y a thresho ld ing step that discards t h e m d u r i n g pre­

process ing [20, 85, 41]. The soft tissues are therefore complete ly i g n o r e d d u r i n g 

the s k u l l reconstruct ion process. M o s t current methods focus o n reconstruct ing 

the m i s s i n g s k u l l pa tch that perfect ly completes the defective s k u l l , w h i c h is sub­

sequently used as a template for the f ina l c rania l i m p l a n t d e s i g n i n a m a n u a l step. 

H o w e v e r some methods also automat ica l ly f inal ize the shape b y d r a w i n g the de-



3-2 S K U L L S H A P E R E C O N S T R U C T I O N 20 

feet per imeter away f r o m the s k u l l defect border a n d account ing for the defect 

border shape [85]. 

S i m i l a r to the segmentat ion task, m e a n surface distance a n d Dice coefficient are 

often u s e d to evaluate the qua l i ty of the reconstructed shape, w i t h another p o p u l a r 

choice b e i n g the percent of vertices or voxels w i t h less than 1 m m f r o m the target 

surface. However , u s i n g s u c h metrics imposes some assumptions . These metrics 

compare the reconstructed shape to the o r i g i n a l shape of the heal thy s k u l l that 

has to be available. Since pre - in jury C T scan is rarely available, this l i m i t s the 

evaluat ion to art i f ic ia l ly created s k u l l defects. Second, it does not account for the 

shape var iab i l i ty of c l in ica l ly v iable reconstructions. For example , a b i la teral defect 

i m p l a n t shape can be s l ight ly different f r o m the o r i g i n a l s k u l l shape, as l o n g as it 

is symmetr i c a n d fits w e l l to the defective s k u l l . The 3 D m o d e l renders w i t h color-

coded surface distances are also a p o p u l a r w a y to present the result. If reference 

shape is not available, as is u s u a l l y the case for real defective patient skul l s , the 3 D 

rendered m o d e l can be u s e d to v i s u a l l y evaluate anatomica l feasibility, symmetry , 

a n d smoothness of fit. A considerable part of p u b l i s h e d w o r k s leaves the entire 

evaluat ion to this subjective v i s u a l assessment. 

3.2.1 Surface Interpolation Methods 

M e t h o d s based o n surface in terpola t ion a i m to reconstruct holes b y mathemat ica l ly 

d e f i n i n g the surface over the defect area w h i l e m a x i m i z i n g the smoothness o n 

the b o n e - i m p l a n t interface. The first surface in terpola t ion of a s k u l l defect was 

p r o p o s e d by C a r r et a l . [20], w h o p r o p o s e d u s i n g r a d i a l basis f u n c t i o n (RBF) for 

in terpola t ion of 2 D d e p t h - m a p representing the s k u l l surface a r o u n d the defect. 

The a l g o r i t h m starts by m a n u a l l y de l ineat ing the defect area. The d e p t h m a p is 

then generated b y casting para l l e l rays f r o m a user-def ined direc t ion . The m i s s i n g 

d e p t h - m a p pixe ls are then interpolated u s i n g two forms of R B F ; l inear or thin-plate 

spl ine (TPS). T P S was f o u n d more appropr ia te because it enforces C i cont inui ty 

a long the defect border, ensur ing the smoothness of fit (see F igure 3.3). 

The same authors s h o w e d that R B F s can be u s e d to repair holes i n 3 D p o i n t 

c louds direct ly b y in terpola t ing a 3 D s igned distance f u n c t i o n that represents the 

surface as a zero level set [19]. Z h o u et a l . [139] extend the R B F surface in terpola­

t ion m e t h o d b y automatic detect ion of the defect border. S ing et a l . [116] instead 

repair the defect u s i n g Bezier pa tch w i t h the defect border a d d i t i o n a l l y smoothed 

u s i n g a c o m b i n a t i o n of L a p l a c i a n s m o o t h i n g a n d m e a n curvature f l o w a l g o r i t h m . 

N o n - u n i f o r m rat ional basis spl ine ( N U R B S ) representation is u s e d b y C h e n et 

al . [22] to m o d e l the m i s s i n g surface patch , w h i c h a l l o w s t h e m to direct ly m a n ­

ufacture the cor responding t i t a n i u m i m p l a n t u s i n g a m u l t i - p o i n t f o r m i n g process. 
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(a) (b) (c) 

Figure 3.4: A n example of reconstruction of an artificial defective skull (a) using anatomical 

constrains (b) and minimizing bending energy using TPS only (c). Anatomical 

constraints help to avoid undesired flattening of the surface close to the defect 

center. Adapted from W u et al. [133] 

The methods i n this category are suitable for reconstruct ing defects i n any con­

vex part of the s k u l l , i n c l u d i n g bi lateral defects, a n d can be evaluated at arbi trary 

resolut ion. However , they are o n l y constrained by the s k u l l surface i n close prox­

i m i t y to the defect border w h i c h leads to f lattening i n central regions of the recon­

structed surfaces w i t h large areas (see F igure 3.4) [20,116]. A l t h o u g h this m a y be a 

desirable proper ty for some use cases s u c h as m a n u f a c t u r i n g t i t a n i u m meshes w i t h 

h y d r a u l i c presses, it u l t imate ly damages the na tura l s k u l l shape [20,133]. They are 

also na tura l ly unable to reconstruct c o m p l e x shapes s u c h as orbits. Despi te these 

l imi ta t ions , some elements of these methods , such as u s i n g T P S in terpola t ion for 

the f ina l f i t t ing of the reconstructed surface patch , were successfully used i n more 

recent h y b r i d s k u l l reconstruct ion methods discussed i n the f o l l o w i n g sections. 

3.2.2 Methods Based on Anatomical Templates 

B e y o n d surface smoothness, further anatomica l constraints can be incorporated 

into s k u l l reconstruct ion methods b y u s i n g anatomical templates. P r i o r k n o w l e d g e 
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about the m i s s i n g s k u l l shape can come i n f o r m of a s i m i l a r patient s k u l l f o u n d i n 

a database of heal thy s k u l l scans or, i n case of uni la tera l defects, f r o m m i r r o r i n g 

the o p p o s i n g heal thy part of the target s k u l l . The methods i n this category t y p i ­

cal ly i n c l u d e two m a i n steps; i d e n t i f y i n g the o p t i m a l template (by searching the 

database or by i d e n t i f y i n g the o p t i m a l s y m m e t r y plane for mir ror ing) a n d f i t t ing 

the template to the target s k u l l . 

R e p a i r i n g uni la tera l s k u l l defects b y m i r r o r i n g is the most d o c u m e n t e d appl i ca ­

t ion of computer-assisted surgery i n cranioplasty i n the current l i terature [54, 47]. 

In the s implest case, the m i r r o r i n g plane is ident i f i ed m a n u a l l y b y spec i fy ing three 

or more points o n the mid-sagi t ta l plane [47], a l t h o u g h , as m e n t i o n e d i n Sec­

t ion 2.2.1, the o p t i m a l s y m m e t r y plane can actual ly differ f r o m the mid-sagi t ta l 

plane due to s k u l l asymmetry . Recent methods that automate the s y m m e t r y plane 

detection step instead re ly o n different approaches s u c h as template registration, 

feature-based p o i n t m a t c h i n g between the o p p o s i n g sides of the s k u l l , or C N N -

based rotat ion es t imat ion [27,133, 77, 31]. A f t e r the heal thy side of the s k u l l is m i r ­

rored , the f ina l f i t t ing to the patient 's defect is often p e r f o r m e d m a n u a l l y [70, 55]. 

To reduce the t ime cost, the f i t t ing can also be done automatical ly. C h e n et a l . [23] 

guide the f ina l f i t t ing u s i n g contours de f ined m a n u a l l y i n two ax ia l slices a n d re­

port over 8 0 % r e d u c e d t ime cost as o p p o s e d to f u l l y m a n u a l f i t t ing. G a l l et a l . [43] 

report s i m i l a r results u s i n g L a p l a c i a n s m o o t h i n g of the s k u l l - i m p l a n t interface af­

ter m i r r o r i n g (see F igure 3.5). Direct c o m p a r i s o n of m a n u a l f i t t ing a n d automatic 

f i t t ing u s i n g A N T s d i f f e o m o r p h i c registrat ion [11] was p e r f o r m e d b y Wagner et 

a l [129]. The authors f o u n d that the resul t ing reconstruct ion of a n art i f ic ia l defect 

of zygomat i c bone over lapped w i t h the o r i g i n a l shape w i t h a D i c e coefficient of 

0.87 for b o t h m a n u a l a n d automatic reconstruction. However , v i s u a l inspect ion of 

the automatic f i t t ing result reveals v i s ib le asymmetry . 

In cases of b i la teral defects w h e r e m i r r o r i n g does not p r o v i d e sufficient anatom­

ical i n f o r m a t i o n , anatomica l templates can be used instead. For example , G a l l et 

al . [43] use a s i m p l e sphere as an anatomica l shape pr ior . F o r robustness, templates 

acquired f r o m heal thy skul l s are more appropriate , b u t they require a suitable tem­

plate to be ident i f ied because the anatomica l var iab i l i ty of h u m a n s k u l l shape is 

substantial . The most suitable template can be chosen f r o m a database m a n u a l l y 

b y v i s u a l inspect ion or b y u s i n g geometric or d e m o g r a p h i c descriptors [133]. S i m ­

p l y u s i n g the average s k u l l shape c o m p u t e d f r o m a database of m u l t i p l e patients 

is another poss ib i l i ty [34]. However , more recent methods take advantage of a n a u ­

tomatical ly ident i f ied o p t i m a l template chosen f r o m a database of heal thy skul l s 

u s i n g Procrustes analysis [85] or S S M s [112, 41, 42]. 
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(a) (b) 

Figure 3.5: Illustration of mirroring-based reconstruction. The optimal symmetry plane has 

to be identified (a) and the mirrored object is fitted to the defect (b). Image 

adapted from Gal l et al. [43] 

3.2.3 Methods Based on Statistical Shape Modelling 

B e y o n d segmentat ion, S S M s have been successfully u s e d to s t u d y s k u l l v a r i a b i l ­

i ty a n d symmetry , qua l i ty assurance a n d evaluat ion of s k u l l fracture reduct ion 

outcome, or evaluat ion of craniosynostosis i n pediatr ic patients. In terms of s k u l l 

reconstruct ion, S S M s can serve as a s t ra ight forward w a y of f i n d i n g an o p t i m a l 

s k u l l shape template for reconstruct ion, p r o v i d e d that a large e n o u g h database of 

heal thy skul l s is available. 

S e m p e r - H o g g et a l . [112] use a database of 175 heal thy patients to construct S S M 

for s k u l l mid-face area reconstruction. They b e g i n by r i g i d l y registering each s k u l l 

to a single s k u l l template u s i n g 4 m a n u a l l y def ined anatomica l l a n d m a r k s . Vertex 

correspondences are then f o u n d b y d i f f e o m o r p h i c registrat ion of the template to 

each s k u l l i n the database. The authors use art i f ic ia l defects w i t h a diameter of 

3 c m p laced i n zygomat ic bone for evaluat ion. The defective s k u l l is first r i g i d l y 

a l igned to the average shape a n d the S S M is then m o d i f i e d to o n l y i n c l u d e p a ­

tients w i t h the s imi lar placement of the 4 in i t i a l l a n d m a r k s , resul t ing i n a posterior 

S S M . F ina l ly , the defective s k u l l is registered to the average poster ior shape u s i n g 

the non-elastic iterative closest po in t (ICP) a l g o r i t h m a n d projected into the m o d e l 

P C A space w h e r e the best f i t t ing S S M instance is f o u n d . The authors report the 

average surface distance of the result f r o m the o r i g i n a l shape of 0.85 m m , outper­

f o r m i n g a n alternative m a n u a l m i r r o r i n g m e t h o d . 

The same authors later evaluated the same m e t h o d o n art i f ic ial b i lateral defects 

of orbi ta l f loors a n d naso-orbi ta l -e thmoid area, reaching average surface error of 

0.75 a n d 0.81 m m , respectively [42]. H o w e v e r , v i s u a l inspect ion shows that despite 

the h i g h s i m i l a r i t y of the result to the o r i g i n a l shape, there are noticeable errors 
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of 1-2 m m a long some parts of the defect border , w h i c h c o u l d be attr ibuted to the 

fact that the qua l i ty of S S M fit is l i m i t e d b y the var iab i l i ty of i n p u t heal thy s k u l l 

database a n d its loss d u r i n g the P C A project ion. 

3.2.4 Hybrid Methods 

M e t h o d s i n this category use a c o m b i n a t i o n of two or more p r e v i o u s l y descr ibed 

approaches, w h i c h a l lows t h e m to address some of their m e n t i o n e d l imitat ions . 

They u s u a l l y comprise of i d e n t i f y i n g a n d register ing a correct anatomica l template 

a n d f i t t ing it to the defective s k u l l u s i n g surface in terpola t ion methods . 

A s t ra ight forward c o m b i n a t i o n of automatic m i r r o r i n g a n d surface in terpola t ion 

was p r o p o s e d b y M a r z o l a et a l . [88]. The m e t h o d uses automatic s y m m e t r y plane 

detection [9] to m i r r o r the heal thy part of the s k u l l a n d p r o v i d e anatomica l con­

straints i n the defect area. Part of the m i r r o r e d points closest to the defect border 

is then d i scarded a n d T P S d e p t h - m a p in terpola t ion m e t h o d [20] is used to connect 

the m i r r o r e d points a n d the defective s k u l l . A l t h o u g h authors focus o n uni - la tera l 

defects, the m e t h o d also demonstrated the ab i l i ty to reconstruct defects reaching 

s l ight ly into b o t h lateral sides of the s k u l l . 

D e a n at a l . [34] start the semi-automatic reconstruct ion process b y m a n u a l l y 

setting several points a long the defect border. These points are then connected by 

u s i n g the Di jkstra a l g o r i t h m that f inds the o p t i m a l p a t h connect ing these points 

w h i l e a v o i d i n g parts of the surface w i t h a h i g h p r i n c i p a l curvature value . This pa th 

is cons idered the defect border w h e r e the i m p l a n t s h o u l d connect to the defective 

s k u l l . A template i n f o r m of the m i r r o r e d s k u l l or average s k u l l shape is then 

fitted to the defect border i n two stages. In the first stage, several m a n u a l l y i n p u t 

correspondences are u s e d as a n i n p u t for T P S w a r p a l g o r i t h m to i n i t i a l l y register 

the template to the target s k u l l a n d to f i n d correspondences of the defect border 

points [17]. T h e n , T P S w a r p is u s e d again , this t ime u s i n g the correspondences o n 

the defect border, ensur ing a better fit. 

S imi lar ly , W u et a l [133]. also b e g i n the reconstruct ion by u s i n g p a i r e d p o i n t 

m a t c h i n g to f i n d correspondences between the template a n d target s k u l l . N e x t , 

the authors t rans form b o t h shapes into spherical coordinates w i t h o r i g i n i n the 

m i d - p o i n t between the two p o r i o n l a n d m a r k s (i. e. the theoretical center of the 

F r a n k f o r t - h o r i z o n t a l plane) . T h e n , sca l ing factors of the r a d i a l distance coordinates 

between the template a n d the target at user-def ined defect border points are inter­

pola ted a n d used for the d e f o r m a t i o n of the template area ins ide the defect. The 

authors report 8 1 % of the surface h a v i n g a n error of o or 1 v o x e l , b u t the resolut ion 

of the C T data is not disc losed. 
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M a r r e i r o s et a l . [85] use Procrustes analysis to ident i fy the o p t i m a l s k u l l template 

f r o m a database u s i n g 17 m a n u a l l y def ined anatomical l a n d m a r k s a n d 700 a d d i ­

t ional p s e u d o - l a n d m a r k s . To i m p r o v e the r e p r o d u c i b i l i t y of m a n u a l annotations, 

a l l l a n d m a r k s are first s l i d a l o n g the s k u l l surfaces to m i n i m i z e b e n d i n g energy. 

Target s k u l l p s e u d o - l a n d m a r k s c o r r e s p o n d i n g to the defect area are then selected 

m a n u a l l y b y the user a n d the c o r r e s p o n d i n g p s e u d o - l a n d m a r k s of the template are 

re laxed to m i n i m i z e the b e n d i n g energy again . F ina l ly , the p s e u d o - l a n d m a r k s are 

interpolated u s i n g d e p t h - m a p T P S in terpola t ion s i m i l a r l y to C a r r et a l . [20]. The 

m e t h o d also estimates the inner surface a n d shape of the i m p l a n t a long the defect 

border automatical ly , a l t h o u g h this aspect of the m e t h o d is not evaluated quant i ­

tatively. The m e t h o d reaches h i g h accuracy of 0.4 m m o n large art i f ic ia l defects, 

i n c l u d i n g bi lateral defects. 

A s i m i l a r m e t h o d p r o p o s e d b y Fuessinger et a l . [41] instead uses poster ior S S M 

to f i n d the o p t i m a l s k u l l template u s i n g 6 anatomica l l a n d m a r k s a n d 2900 pseudo-

l a n d m a r k s . The p s e u d o - l a n d m a r k s c o r re sp o n din g to the defect area are detected 

automat ica l ly based o n their distance f r o m c o r r e s p o n d i n g template l a n d m a r k s , 

surface n o r m a l difference, a n d surface curvature . A precise fit is then achieved by 

T P S w a r p i n g the template u s i n g the p o i n t correspondences a long the defect border. 

The authors report g o o d accuracy of 0.47 a n d 0.5 m m for uni la tera l a n d bi lateral 

art i f ic ial spher ica l defects, respectively. 

The h y b r i d approaches general ly reach the lowest surface distances f r o m the 

o r i g i n a l s k u l l shapes, are suitable for large defects, a n d have been s h o w n to p r o v i d e 

a g o o d fit a long the defect border. The i r d o w n s i d e is that they are often dependent 

o n an exact d e f i n i t i o n of defect border a n d that they make several assumpt ions 

about the shape of the target anatomy (i. e. mos t ly spher ica l or e l l ipt ica l shape of 

neurocran ium) , w h i c h makes t h e m general ly unsui table for the reconstruct ion of 

orbits a n d zygomat ic bones (see F igure 3.6). 

3.2.5 Deep Learning-Based Methods 

A l t h o u g h C N N s have overtaken most convent ional m e d i c a l image analysis d o ­

m a i n s s u c h as classif ication, detection, a n d segmentat ion, it o n l y made its w a y 

into anatomica l shape c o m p l e t i o n research i n recent years. The most c o m m o n for­

m u l a t i o n of the task is m a p p i n g the i n p u t b i n a r y image w i t h defective shape to 

the b i n a r y image of either the reconstructed or the m i s s i n g shape. Th is a l lows for 

use of n e t w o r k architectures a n d loss funct ions w e l l k n o w n f r o m segmentat ion 

l iterature. 

U s i n g deep l e a r n i n g for general 3 D shape reconstruct ion (also referred to as 

shape i n p a i n t i n g or shape complet ion) is a w e l l - s t u d i e d research topic i n the l i t -
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( a ) ( b ) 

Figure 3.6: Examples of skulls reconstructed using the approach proposed by Marreiros et 

al. [85]. High-quality reconstructions can be achieved even for bilateral defects 

(a) but more complex anatomy of orbits causes failures and " leaking" effect (b). 

erature outside of the m e d i c a l d o m a i n , a l t h o u g h the target a p p l i c a t i o n is u s u a l l y 

f i l l i n g incomplete sensor data s u c h as L i D A R . The basic a p p r o a c h is to represent 

the incomplete i n p u t shape as a b i n a r y v o x e l g r i d a n d t ra in a 3 D C N N w i t h a 

determinist ic d e n o i s i n g auto-encoder architecture to o u t p u t the comple ted b i n a r y 

shape [113]. 

Since the c o m p u t a t i o n a l cost of s u c h methods scales cubica l ly w i t h the target 

w o r k i n g resolut ion , they q u i c k l y become impract ica l . For example , for appl i ca t ion 

i n s k u l l reconstruct ion, v o l u m e s of u p to 512 3 voxels need to be processed i n order 

to reach the des ired prec is ion . To correctly account for large defects, the o u t p u t 

neurons s h o u l d also have their receptive f ie ld s p a n n i n g the w h o l e i n p u t v o l u m e , 

resul t ing i n a C N N so deep that it w o u l d not be possible to i m p l e m e n t due to 

G P U m e m o r y l imitat ions . To tackle the issue of m e m o r y requirements , several 

ways to make the t r a i n i n g a n d inference more efficient have been s tudie d . The first 

g r o u p of methods exploits different data representations s u c h as graphs or p o i n t 

c louds [118, 131]. The second g r o u p uses the 3 D C N N o n l y for coarse shape esti­

m a t i o n , re f in ing the result i n the post-processing step. Some authors use database 

l o o k u p to ident i fy a s imi lar h igh- reso lu t ion object a n d then f i n d the correspon­

dences w i t h the incomplete i n p u t shape or use it as the o u t p u t direct ly [33, 82]. A 

second C N N , based o n recurrent 2 D convolut ions has also been used to increase 

the o u t p u t reso lut ion [130]. 

A n or thogonal research d i rec t ion i n this area led to subst i tut ing the p u r e l y dis ­

cr iminat ive C N N m o d e l s w i t h generative models s u c h as generative adversar ia l 



3-2 S K U L L S H A P E R E C O N S T R U C T I O N 

networks ( G A N s ) or var ia t ional auto-encoders [130, 82, 118], suggest ing that the 

shape c o m p l e t i o n task actual ly has m u l t i p l e correct solut ions c o n d i t i o n e d o n a s in ­

gle input . Th is issue of one- to-many m a p p i n g has also been raised by authors i n 

the context of anatomica l shape reconstruct ion [5, 6] w h e r e it is u s e d to take the 

acceptable inter-expert var iab i l i ty of the resul t ing shape into account. However , 

the argument that the var iab i l i ty of the o u t p u t s h o u l d be enforced at the cost of 

prec is ion measured against the o r i g i n a l shape is i n direct conflict w i t h the current 

l i terature o n s k u l l reconstruct ion w h e r e the o r i g i n a l shape is u s u a l l y cons idered to 

be g r o u n d truth . 

The first d o c u m e n t e d use of C N N s for the reconstruct ion of incomplete s k u l l 

shape images was reported b y M o r a i s et a l . i n 2019 [98], w h o used a database of 

1113 segmented M R scans of the s k u l l w i t h art i f ic ial defects p laced i n the neuro-

c r a n i u m to t ra in a d e n o i s i n g auto-encoder. The m o d e l o n l y uses two c o n v o l u t i o n a l 

layers a n d one f u l l y connected layer i n the encoder a n d two d e c o n v o l u t i o n a l lay­

ers i n the decoder parts of the architecture. The experiments were l i m i t e d to infer 

shapes of m a x i m u m 6 0 3 voxels due to m e m o r y restrictions, but the a p p r o a c h was 

p r o v e n to be effective i n reconstruct ing the defective skul l s . V o x e l reconstruct ion 

error of 3.2% is reported b y the authors , demonstra t ing the feasibi l i ty of u s i n g 

C N N for 3 D s k u l l shape reconstruction. 

M a t z k i n et a l . [91] use a s imi lar a p p r o a c h to t ra in several different models o n 

segmented a n d C T datasets w i t h the reso lut ion of 2 m m per voxe l . E a c h s k u l l is 

first registered to a n anatomica l atlas. They use a reconstruct ion m e t h o d based 

o n direct P C A project ion of the v o x e l g r i d as a baseline m e t h o d a n d compare 

it to s i m p l e auto-encoder a n d U-net [108] models . They also compare results of 

direct m i s s i n g shape es t imat ion a n d of f u l l s k u l l shape reconstruct ion. The direct 

m i s s i n g shape est imat ion u s i n g U-net architecture is s h o w n to y i e l d the best results 

w i t h D i c e coefficient 0.8, s h o w i n g the importance of skip-connect ions i n the U-net 

architecture. The authors also report s imi lar results for real craniectomy cases, but 

o n l y several cases of post-operative C T scans w i t h o u t any further descr ip t ion are 

used. The same authors later also at tempted to use anatomical atlas as a shape 

p r i o r b y u s i n g it as a n a d d i t i o n a l i n p u t C N N channel [90]. A l t h o u g h it was s h o w n 

to i m p r o v e performance o n out -o f -d is t r ibut ion cases, the shape p r i o r decreased the 

qual i ty of the reconstruct ion results o n average. 

L i et a l . [73] created a p u b l i c dataset of defective s k u l l shapes b y thresho ld ing 

the C Q 5 0 0 h e a d C T database a n d injecting art i f ic ial defects (referred to later as the 

S k u l l F i x dataset [64]). The dataset was then used to organize the first A u t o l m p l a n t 

challenge hosted b y the M I C C A I 2020 conference. The goa l of the challenge was to 

reconstruct defects w i t h shapes t y p i c a l for craniectomy, p o s i t i o n e d i n the par ie ta l 
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Figure 3.7: Examples of skull defect reconstructions from the Autolmplant challenge par­

ticipants. Results by Pimentel et al. [104] ( A i ) , Shi et al. [115] (A2) and Ellis 

et al. [37] (A4). Image adapted from L i et al. [76]. Criss-cross pattern caused 

by combining results from different slices i n A 2 and over-smoothing due to 

resampling to lower resolution i n A 4 can be noticed. 

bone. Results were evaluated u s i n g the average of D i c e coefficient a n d H a u s d o r f f 

distance over 100 regular testing cases a n d 10 a d d i t i o n a l out -o f -d is t r ibut ion cases. 

The baseline a p p r o a c h p r o p o s e d b y the authors of the challenge [74] is based o n 

two auto-encoders. The first auto-encoder reconstructs the m i s s i n g s k u l l pa tch o n 

a l o w resolut ion. This first result is then used to compute the 3 D b o u n d i n g box, i n 

w h i c h the second, h i g h - r e s o l u t i o n m o d e l estimates the f ina l output . The authors 

reach a D i c e coefficient of 0.856 o n the regular test dataset. A total of 11 teams 

part ic ipated i n the challenge a n d a l l of the methods were based o n C N N s . A m o n g 

the more interesting methods , P i m e n t e l et a l . [104] used a S S M of heal thy s k u l l s for 

p r e d i c t i o n of the m i s s i n g s k u l l patch , w h i c h was then ref ined u s i n g 2 D G A N a n d 

report results of 0.917 Dice coefficient. S h i et a l . [115] s h o w e d that v e r y competi t ive 

results i n terms of D i c e coefficient can be achieved b y s i m p l y reconstruct ing 2 D 

sagittal a n d frontal slices of the s k u l l a n d then averaging the results, reaching a 

D i c e coefficient of 0.931. The w i n n i n g cont r ibut ion by the team of E l l i s et a l . [37] 

u s e d a very large 3 D U-ne t m o d e l i n c o m b i n a t i o n w i t h a nove l data augmentat ion 

m e t h o d based o n m u t u a l elastic registrat ion of each p a i r of t ra in ing data, resul t ing 

i n the highest achieved Dice coefficient of 0.942, despite operat ing o n less than half 

the reso lut ion of the o r i g i n a l g r o u n d - t r u t h data. 

M e t h o d s based o n deep learn ing p r o m i s e the abi l i ty to reconstruct any part 

of the s k u l l present i n the t r a i n i n g dataset, i n c l u d i n g the cha l lenging facial area, 

a n d the ab i l i ty to seamlessly connect the reconstructed shape to any part of the 
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defect border. H o w e v e r , it is necessary to consider these requirements w h e n de­

s i g n i n g the t r a i n i n g process a n d data. The current methods were s h o w n to achieve 

great per formance w h e n reconstruct ing art i f ic ia l defects created as spheres or axis-

a l igned regular shapes i n n e u r o c r a n i u m (see F igure 3.7), b u t the abi l i ty to connect 

h igh- reso lu t ion reconstructed shapes to more c o m p l e x border defect shapes i n the 

facial area is yet to be demonstrated. This requires the deve lopment of appropr ia te 

datasets conta in ing a ba lanced a m o u n t of defects w i t h var ious shapes a n d char­

acteristics. That, i n t u r n , requires the datasets to be created f r o m s k u l l s w i t h o u t 

u n d e s i r e d holes a n d artifacts i n areas of t h i n bone. A d d i t i o n a l l y , the exis t ing ap­

proaches d o not i n c l u d e any m e c h a n i s m for t a k i n g s k u l l s y m m e t r y into account i n 

f o r m of p r i o r i n f o r m a t i o n , r e l y i n g o n the m o d e l h a v i n g e n o u g h capacity to learn 

it i m p l i c i t l y instead. 

A s u m m a r y of the current l i terature is s h o w n i n Table 3.2. It shows that despite 

the recent advances i n the research of automatic v i r t u a l s k u l l reconstruct ion, no 

automatic m e t h o d so far demonstrated the abi l i ty to p r o v i d e h i g h - q u a l i t y recon­

struct ion estimates of n e u r o c r a n i u m as w e l l as facial a n d orbi ta l defects of the s k u l l 

w h i l e ensur ing the precise fit of the i m p l a n t a long the defect border. A l s o , most of 

the approaches are va l ida ted either u s i n g art i f ic ial defects o n l y or u s i n g v e r y few 

real cranioplasty cases a n d little attention is g i v e n to the f u l l y automatic use case 

of direct intra-operative i m p l a n t d e s i g n a n d m a n u f a c t u r i n g . F inal ly , no w o r k a d ­

dressed the challenge of generat ing m u l t i p l e m i s s i n g shapes hypothes is for single 

defective s k u l l as of t ime of w r i t i n g this thesis. 
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Table 3.2: Skull reconstruction accuracy i n terms of A S D [mm] and V D C [%]. Methods 

that do not report either of these metrics and methods that require large amount 

of manual fine-tuning are omitted. Asterisk denotes methods published concur­

rently wi th this thesis. 

Authors ASD V D C Note 

Methods based on surface interpolation 

C a r r 

et a l . [20] 
< 0.56 -

L i m i t e d to smal ler defects of n e u r o c r a n i u m . 

Eva lua ted o n art i f ic ial defects. 

Methods based on anatomical templates 

Wagner 

et a l . [129] 
- 87.0 

L i m i t e d to uni la tera l defects. E v a l u a t e d 

o n art i f ic ial uni la tera l facial defects. 

Methods based on SSMs 

S e m p e r - H o g g 

et a l . [112] 
0.85 -

Implant fit not guaranteed. Eva lua ted 

o n art i f ic ial uni la tera l facial defects. 

Fuessinger 

et a l . [42] 
0.81 -

Implant fit not guaranteed. Eva lua ted 

o n art i f ic ial b i lateral facial defects. 

Hybrid methods 

M a r r e i r o s 

et a l . [85] 
0.40 -

L i m i t e d to n e u r o c r a n i u m . Eva lua ted 

o n large art i f ic ial b i la teral a n d 

uni la tera l defects. 

Fuessinger 

et a l . [41] 
0.50 -

L i m i t e d to n e u r o c r a n i u m . Eva lua ted o n 

art i f ic ial b i la teral a n d uni la tera l defects. 

Methods based on deep learning 

* M a t z k i n 

et a l . [91] 
- 80.0 

Evaluated o n art i f ic ial a n d real defects 

of n e u r o c r a n i u m . 

* L i et a l . [72] - 85.6 
Evaluated o n art i f ical b i la teral defects 

of n e u r o c r a n i u m . 

* P i m e n t e l 

et a l . [104] 
- 91.7 

2 D post-processing. Eva lua ted o n 

artif ical b i la teral defects of n e u r o c r a n i u m . 

* S h i et a l . [115] - 93.1 
2 D slices reconstruct ion. E v a l u a t e d o n 

artif ical b i la teral defects of n e u r o c r a n i u m . 

* E l l i s 

et a l . [37] 
- 94.2 

L i m i t e d resolut ion. E v a l u a t e d o n art i f ical 

bi lateral defects of n e u r o c r a n i u m . 



Part II 

C T D A T A P R O C E S S I N G F O R C R A N I O P L A S T Y 



W o r k presented i n this part of the thesis addresses process ing the patient C T 

data into shape representation of the patient 's s k u l l . Th is has two m a i n a p p l i ­

cations: first, automat iza t ion of data process ing steps of cranioplasty anatomica l 

m o d e l d e s i g n w o r k f l o w , a n d second, efficient creation of a p u b l i c dataset of defec­

tive s k u l l s a n d c o r r e s p o n d i n g m i s s i n g s k u l l patches that can be u s e d for develop­

ment a n d evaluat ion of v i r t u a l s k u l l reconstruct ion methods . 

C T scans of patients ind ica ted for cranioplasty were p r o v i d e d for this w o r k by 

T E S C A N M e d i c a l c o m p a n y a n d i n c l u d e d g o l d s tandard segmentat ion as w e l l as 

reconstruct ion done b y experts w i t h extensive experience i n PSI des ign. O n e of 

the drawbacks of the current s k u l l reconstruct ion l iterature is that authors u s u a l l y 

report results of several in-house s k u l l samples w h i c h often cannot be p u b l i s h e d 

due to the nature of patient data a n d this l i m i t s the r e p r o d u c i b i l i t y of the p r o p o s e d 

approaches. Because the same appl ies to the in-house patient data available for 

this w o r k , w e u s e d the p r o v i d e d data to develop a n automatic process ing m e t h o d 

that w e then a p p l i e d to the p u b l i c C Q 5 0 0 s k u l l database [28] f r o m w h i c h a p u b l i c 

synthetic cranioplasty dataset was f i n a l l y created. 

Based o n observations of the p r o v i d e d real cranioplasty patient cases, w e con­

c l u d e d that the s k u l l shape representation s h o u l d have the f o l l o w i n g proper­

ties. First , the s k u l l s s h o u l d be aligned to the natural head position de f ined b y the 

F r a n k f o r t - h o r i z o n t a l p lane [92]. This removes several degrees of f r e e d o m i n s k u l l 

shape var iab i l i ty a n d a l l o w s the reconstruct ion methods to focus o n m o d e l i n g the 

anatomical var iab i l i ty instead. Second, the shapes s h o u l d come f r o m precise seg­

mentation of CT data , i n c l u d i n g the orbi ta l area w h i c h is often the target of the 

reconstruct ion. A d d i t i o n a l l y , as for the synthetic cranioplasty dataset, the defects 

should match the shape distribution of real defects, i n c l u d i n g b o t h g loba l characteristics 

a n d fine details a long the defect border. A l t h o u g h the defect shape is often regular 

w i t h craniotome d r i l l holes a l o n g the edge, the defects can general ly have arbi trary 

shapes. The o n g o i n g bone r e m o d e l i n g a n d hea l ing processes a d d i t i o n a l l y increase 

the c o m p l e x i t y of the defect border shape, w h i c h is u s u a l l y not perfect ly sharp. 

This chapter addresses each of these points i n t u r n . 



C N N - B A S E D S K U L L A L I G N M E N T 

This chapter presents a n automatic m e t h o d for a l ignment of arbi trary s k u l l C T 

data to the na tura l h e a d p o s i t i o n (i.e. F H P para l l e l w i t h the ax ia l p lane a n d M S P 

para l le l w i t h the lateral plane [92]). The skul l s i n C T scans of patients, especial ly 

those indica ted for cranioplasty, are often heavi ly rotated due to the patient 's con­

d i t i o n a n d m e d i c a l ins trumentat ion . The scans also s p a n different parts of the 

patient 's h e a d d e p e n d i n g o n scanning p r o t o c o l a n d type of examinat ion . B y m o v ­

i n g the s k u l l into the na tura l p o s i t i o n , w e correct for the resul t ing translat ion a n d 

rotat ion variabi l i ty . W e also define the F H P as the b o t t o m m a r g i n of the area of 

interest for s k u l l reconstruct ion. Th is technical choice lets us focus o n defects of 

the n e u r o c r a n i u m a n d the u p p e r part of the v i s c e r o c r a n i u m i n c l u d i n g the orbi ta l 

area. A l t h o u g h w e d o not direct ly address the e x c l u d e d regions b e l o w the m a r g i n 

such as zygomat ic arches, m a x i l l a r bone, or s k u l l base, a l l methods p r o p o s e d i n 

this thesis are general a n d c o u l d be extended to i n c l u d e them. 

Several w o r k s that present automatic methods for anatomical s k u l l p lane detec­

t ion exist i n the current l iterature. C h e n g et a l . [27] automat ica l ly detect the anatom­

ical l a n d m a r k s that define these planes. The authors first register a template to f i n d 

i n i t i a l l a n d m a r k posi t ions a n d then refine t h e m u s i n g landmark-spec i f i c heurist ics 

such as near extreme points or loca l m a x i m a of G a u s s i a n curvature . The m e t h o d 

s h o w e d g o o d performance but the eva luat ion was l i m i t e d to three s k u l l models 

a n d requires a heal thy s k u l l template to be correctly registered. S i lva et a l . [31] use 

a rotat ion- invariant 2 D C N N s to estimate the o p t i m a l a l ignment direct ly instead. 

B o t h methods assume that s k u l l segmentat ion is available f r o m a pre-process ing 

step. The m e t h o d used i n this w o r k is also based o n anatomica l l a n d m a r k s . To 

avo id the need for segmentat ion or template registrat ion, w e detect the anatom­

ical l a n d m a r k s of interest d irect ly u s i n g a heatmap regression C T s i m i l a r to the 

m e t h o d p r o p o s e d b y Payer et a l . [103]. The s k u l l is then t rans formed into the nat­

u r a l p o s i t i o n u s i n g a reference set of the l a n d m a r k s d e f i n i n g F H P . 

4.I A U T O M A T I C L A N D M A R K D E T E C T I O N 

For the C T t r a i n i n g a n d inference, the l a n d m a r k detect ion task is def ined as regres­

s i o n of heatmaps i n f o r m of 3 D Gauss ians centered a r o u n d the l a n d m a r k posi t ions . 

We use a s i m p l e 3 D U-ne t architecture [108, 101] w i t h 16 i n i t i a l features a n d the 
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Figure 4.1: Overview of the automatic landmark detection method using heatmap regres­

sion U-net. Asterisk denotes convolution operation. Both the convolution and 

argmax operations are performed channel-wise. Note that 2D representation is 

used for illustration while the method operates fully i n 3D. 

n u m b e r of the o u t p u t channels equal to the n u m b e r of target l a n d m a r k s . The C T 

is t ra ined for 100,000 iterations w i t h A d a m o p t i m i z e r u s i n g m e a n squared error 

loss funct ion . Rota t ion a n d translat ion invariance is i m p o r t a n t for the m o d e l to be 

able to correctly process data of patients i n var ious posi t ions . To account for this, 

we t ra in the m o d e l u s i n g data crops w i t h r a n d o m offsets a n d strong data a u g m e n ­

tat ion w i t h r a n d o m rotations. D u r i n g inference, the pos i t ions of the l a n d m a r k s are 

f o u n d i n each channel as the coordinate of the m a x i m u m value after c o n v o l u t i o n 

w i t h the same G a u s s i a n kerne l that was u s e d for the t ra in ing heatmaps generation. 

The m e t h o d is i l lustrated i n F i g u r e 4.1. 

The F H P is de f ined b y the left a n d r ight P o r i o n a n d Orbi ta le l a n d m a r k s (see 

F igure 2.2 for reference). Because g r o u n d t r u t h l a n d m a r k annotations were not 

available f r o m the experts, the annotat ions were done m a n u a l l y by the author 

of this thesis. This resulted i n a dataset of 150 patients for the detect ion m o d e l 

t ra in ing . 

F igure 4.2 s h o w s the accuracy of the t ra ined l a n d m a r k detect ion m o d e l o n a 

test set of 37 patients. The m e d i a n error of a l l four l a n d m a r k s was u n d e r 2 m m , 

a l t h o u g h s l ight ly h igher errors were measured i n orbitale l a n d m a r k s w h i c h c o u l d 

be par t ly at tr ibuted to imperfect m a n u a l annotations. The achieved accuracy is i n 

agreement w i t h other w o r k s u s i n g 3 D C N N s for crania l l a n d m a r k detect ion [137]. 

M o s t important ly , there were n o s ignif icant outl iers a n d the l a n d m a r k detection 

p r o v i d e d stable detect ion o n a l l test cases, i n c l u d i n g cha l lenging cases w i t h s trong 

rotat ion a n d a h i g h a m o u n t of noise i n f o r m of m e d i c a l ins t rumenta t ion a n d de­

fects (see F igure 4.3). 
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A c c u r a c y of de tec ted l andmark pos i t ions . 

6 -

Left porion Right porion Left orbitale Right orbitale 

Figure 4.2: Test set accuracy of the detected landmark positions i n milimeters. 

4.2 CT V O L U M E T R A N S F O R M A T I O N I N T O N A T U R A L H E A D P O S I T I O N 

We define the target s k u l l p o s i t i o n b y m a n u a l l y setting a reference set of P o r i o n 

a n d Orbi ta le l a n d m a r k s o n the z = 0 p lane (i. e. b o t t o m of the target vo lume) . 

S ingular va lue d e c o m p o s i t i o n , w e l l k n o w n f r o m the iterative closest po in t regis­

trat ion a l g o r i t h m [15], is then u s e d to compute the o p t i m a l r i g i d t ransformat ion 

matr ix between the detected a n d reference set of l a n d m a r k s . We f i n a l l y a l i g n the 

C T v o l u m e b y a p p l y i n g the t rans form to it a n d u s i n g l inear interpolat ion . Several 

results of automatic s k u l l C T v o l u m e a l ignment are s h o w n i n F igure 4.3. 

A l t h o u g h w e d o not direct ly evaluate the accuracy of this a l ignment , it is s h o w n 

i n later sections of this thesis that n o r m a l i z i n g the s k u l l p o s i t i o n u s i n g this a u ­

tomatic a p p r o a c h improves the performance of subsequent s k u l l reconstruct ion 

methods b y r e d u c i n g the degrees of f r e e d o m of the s k u l l shapes. 

4.3 C O N C L U S I O N 

The p r o p o s e d m e t h o d is able to b r i n g arbi t rary s k u l l C T data into the na tura l h e a d 

pos i t ion . We s h o w e d that it w o r k s w e l l for s k u l l s w i t h large defects as w e l l as 

patients i n a s trongly rotated pos i t ion . The m e t h o d assumes o n l y that the s k u l l 

a n d the C T v o l u m e contains b o t h P o r i o n a n d Orbi ta le l a n d m a r k s . If this is not 

the case, a different set of l a n d m a r k s d e f i n i n g a different anatomica l p lane can be 

u s e d for n o r m a l i z a t i o n of the s k u l l p o s i t i o n instead. For example , i n Sect ion 9.6 of 

this thesis, w e use Supra-orbi ta l notches instead of Orbi ta le l a n d m a r k s for a l i g n -
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Figure 4.3: Skull C T volume alignment results. The original C T volume w i t h the automat­

ically detected landmarks highlighted i n red (left) and the aligned skull C T 

volume (right). 
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merit because some data samples d o not i n c l u d e t h e m i n a n attempt to reduce 

unnecessary i r r a d i a t i o n of opt ica l nerves d u r i n g C T scan. 

U s i n g the l a n d m a r k - b a s e d a l ignment makes it easy to i n c l u d e user interact ion 

t h r o u g h m a n u a l l a n d m a r k p o s i t i o n correct ion. D r e v i c k y et a l . [35] s h o w e d that the 

value of the l a n d m a r k detect ion m o d e l o u t p u t at the detected l a n d m a r k p o s i t i o n 

correlates w i t h the certainty of the m o d e l estimate. The outputs of the m o d e l can 

therefore also be u s e d to indicate an uncerta in l a n d m a r k detect ion a n d p r o m p t the 

user for m a n u a l correct ion if required . H o w e v e r , w e encountered no cases w h e r e 

signif icant correct ion w o u l d be requi red i n our experiments . 



S E G M E N T A T I O N O F D E F E C T I V E S K U L L S U S I N G C N N S A N D 

G R A P H - C U T S 

This chapter presents the paper "Segmentat ion of defective skul l s u s i n g C N N s a n d 

graph-cuts " presented at the M I C C A I 2019 M u s k u l o s k e l e t a l I m a g i n g w o r k s h o p 

[65]. The text has been edi ted b y r e m o v i n g the section w i t h related w o r k , w h i c h 

can be f o u n d i n Chapter 3.1. 

The m a i n p u r p o s e of this w o r k was to p r o v i d e a fast a n d precise data seg­

menta t ion m e t h o d for anatomical m o d e l designers i n T E S C A N M e d i c a l company. 

Because of the w a y the p r o v i d e d g o l d - t r u t h models were created for anatomica l 

m o d e l i n g , the e t h m o i d a l a n d zygomat ic bones f o r m i n g the orbi ta l area were also 

p r o p e r l y m o d e l e d w h i c h resulted i n g o o d performance of the segmentat ion m o d e l 

i n this area. The m a x i l l a r y sinuses were f i l l e d to increase mechanica l m o d e l sta­

b i l i t y (see F igure 5.6 b). Th is m a y have contr ibuted to the relat ively h i g h reported 

D i c e coefficient values because it is easier to achieve h igher overlap w i t h s u c h large 

a n d compact structures as o p p o s e d to precisely segment ing t h i n m a x i l l a r bones as 

done i n other methods i n the l i terature. Nevertheless , the m e t h o d also achieved 

g o o d performance i n t h i n bones of orbi ta l areas a n d since its d e p l o y m e n t , it has 

been successful ly used to p r o d u c e anatomica l m o d e l s of sk u l l s , ach iev ing a sub­

stantial reduc t ion of the t ime r e q u i r e d for m a n u a l post-processing. 

The m e t h o d was a d d i t i o n a l l y used for segmentat ion of the C Q 5 0 0 p u b l i c s k u l l 

C T database [28]. H i g h accuracy w a s achieved o n this data as w e l l , a l t h o u g h occa­

s ional holes i n the orbi ta l area c o u l d be spotted. Th is made it possible to efficiently 

create a p u b l i c , large-scale s k u l l shape dataset w h i c h was later p u b l i s h e d a n d used 

for the deve lopment a n d b e n c h m a r k i n g of s k u l l reconstruct ion methods , as de­

scr ibed i n the f o l l o w i n g sections. 

5.1 I N T R O D U C T I O N 

Computer -ass i s ted pre-surgica l p l a n n i n g u s i n g generated 3 D tissue models is see­

i n g increasing use i n persona l ized medic ine . In the context of craniofacia l surgery, 

the appl icat ions range f r o m patient educat ion , d iagnosis , a n d operative p l a n ­

n i n g [36] to patient-specific i m p l a n t d e s i g n [55], m o s t l y i n the crania l area. The 

latter h a d been accelerated b y the advent of addi t ive m a n u f a c t u r i n g ( A M ) , also 

k n o w n as 3 D p r i n t i n g i n recent years [96]. A t y p i c a l w o r k f l o w of p r o d u c i n g a pre-
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Figure 5.1: Example renders of segmented skulls wi th the distance to the ground-truth 

surface i n m m coded i n color. Mult i -v iew C T segmentation outputs (top) and 

multi-view C u t C N N segmentation outputs (bottom) are shown. To better dis­

play the differences, voxels wi th the surface error of less than 0.5 m m are left 

dark blue. 

surgica l 3 D tissue m o d e l consists of data acquis i t ion , convert ing the data into a 

patient m o d e l , a n d opt iona l ly p r i n t i n g the m o d e l . C o m p u t e d t o m o g r a p h y (CT) is 

u s u a l l y the m o d a l i t y of choice because of its u n p a r a l l e l e d h a r d tissue contrast re­

q u i r e d for precise m o d e l shape extraction. A s the m a n u f a c t u r i n g process is u s u a l l y 

able to p r o d u c e the m o d e l w i t h satisfactory prec i s ion , conver t ing the r a w C T data 

into an accurate patient m o d e l remains the most c ruc ia l step [87]. 

In this w o r k , w e propose an i m p r o v e d segmentat ion m e t h o d that extracts region 

a n d b o u n d a r y potentials u s i n g C N N a n d then uses graph-cut for g loba l ly o p t i ­

m a l segmentat ion. The m e t h o d outper forms methods based o n convent ional deep 

l e a r n i n g a n d other state-of-the-art methods of s k u l l segmentat ion, a n d it produces 

results acceptable for the targeted use of 3 D tissue m o d e l i n g i n c l in i ca l practice. 

Fur thermore , w e direct ly compare 2 D a n d 3 D C N N s for segmentat ion a n d d e m o n ­

strate that the benefit of u s i n g the 3 D a p p r o a c h is not u n e q u i v o c a l . 

5.2 P R O P O S E D M E T H O D 

We use the w e l l - k n o w n U-net m o d e l [108] as a baseline m e t h o d for our segmen­

tat ion experiments . We exper imented w i t h b o t h m u l t i - v i e w ( M V ) ensemble of 3 
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orthogonal 2 D U-nets as used i n [24] a n d f u l l y 3 D U-ne t [101] since to the authors ' 

best k n o w l e d g e , the current l i terature lacks direct c o m p a r i s o n between the two 

approaches. The a p p l i e d U-net s l ight ly differs f r o m the o r i g i n a l architecture b y us­

i n g batch n o r m a l i z a t i o n a n d p a d d i n g d u r i n g convolut ions , replac ing the u p - c o n v 

layers w i t h b i l inear u p - s a m p l i n g , a n d r e d u c i n g the i n i t i a l n u m b e r of convolut ions 

to 16. The architecture of the 3 D m o d e l is ident ica l except that each c o n v o l u t i o n , 

m a x - p o o l i n g , a n d u p - s a m p l i n g operat ion is replaced b y its 3 D equivalent . The net­

w o r k s are t ra ined u n t i l convergence u s i n g mini-batches of shape 24 x 128 x 128 

i n case of 2 D a n d 4 x 128 x 128 x 64 i n case of the 3 D m o d e l u s i n g the D i c e loss 

f u n c t i o n [94]. 

To i m p r o v e segmentat ion performance o n s l ight ly out -o f -d is t r ibut ion data (such 

as p r e v i o u s l y unseen m e d i c a l mater ia l or defect shapes), w e opted to a p p l y 3 D 

graph-cut segmentat ion o n the C N N output . W h i l e this a p p r o a c h has been taken 

by other authors before, w e t ra in the [83], w e also m o d i f y o u r C T m o d e l to o u t p u t 

an edge probab i l i ty for each voxe l i n a d d i t i o n to the object probabi l i ty . T h u s , the 

f ina l layer of the C N N has 3 channels instead of the s tandard 2. F igure 5.2 i l l u s ­

trates h o w this step can p r o v i d e a d d i t i o n a l b o u n d a r y i n f o r m a t i o n to the graph-cut 

i n c o m p a r i s o n to s i m p l y u s i n g the convent ional intensity or probab i l i ty gradient. 

A n o t h e r advantage of this a p p r o a c h is that since b o t h reg ion a n d b o u n d a r y terms 

have s i m i l a r d y n a m i c ranges, f i n d i n g the o p t i m a l A parameter of the graph-cut 

a l g o r i t h m is s i m p l i f i e d . We leave A = 1 throughout our experiments . 

We t ra in the ne twork u s i n g the f o l l o w i n g f o r m of the D i c e loss funct ion : 

where p™ a n d p™ are the probabi l i t ies of v o x e l m b e l o n g i n g to class b a c k g r o u n d 

a n d object respectively, a n d g j 1 a n d g™ are the c o r r e s p o n d i n g g r o u n d - t r u t h labels. 

A n a l o g o u s l y , p™ a n d g™ are the probab i l i ty a n d the g r o u n d - t r u t h label of v o x e l 

b e l o n g i n g to the object edge. Edge m a p g r o u n d t r u t h is obta ined b y subtract ing 

the b i n a r y object f r o m its m o r p h o l o g i c a l l y d i l a t e d vers ion , l eav ing a surface w i t h 

single v o x e l thickness. N o t e that edge voxels overlap w i t h the b a c k g r o u n d voxels 

a n d the edge probab i l i ty channel is therefore not i n c l u d e d i n the f ina l softmax 

act ivat ion layer of the C N N . 

N e x t , the output m a p s are converted into a 6-connected g r a p h structure w i t h 

the reg ion terms R (a) for v o x e l a g i v e n b y 

R o b V ) = - l n ( p ? ) , R b k 9 ( a ) = - l n ( p f f ) (5.2) 

a n d the b o u n d a r y t e r m B (a,b) between n e i g h b o u r i n g voxels a a n d b g i v e n by 

B ( a , b ) = - l n [ m a x ( p £ , p b ) ] . (5.3) 
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Figure 5.2: Example C T output slice, from left to right: Data, object probability map, edge 

probability map. Notice the segmentation error caused by an external object 

wi th a density similar to that of the skull i n the upper left. The error is correctly 

separated by its detected edge. 
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Figure 5.3: 2D Segmentation model architecture. Series of two convolutions, batch nor­

malizations and R e L U activations are used i n each block. In 3D model each 

2D operator (convolutions, max-pooling and bi-linear upsampling) is replaced 

with its 3D equivalent. 

F inal ly , g loba l ly o p t i m a l 3 D segmentat ion can be obta ined b y f i n d i n g m i n i m u m 

cut t h r o u g h this g r a p h [18]. Th is m e t h o d w i l l be referred to as C u t C N N i n the 

r e m a i n i n g parts of the paper. N o t e that w h i l e the C T can be either m u l t i - v i e w 

( M V ) or 3 D , the graph-cut segmentat ion is a lways 3D. The 2 D C N N architecture 

can be seen i n F igure 5.3 a n d the complete m e t h o d is s u m m a r i z e d i n F igure 5.4. 

5.3 E X P E R I M E N T S 

In this section, w e present the s k u l l tissue dataset o n w h i c h the segmentat ion meth­

ods were evaluated. T h e n , w e present the results of different segmentat ion meth­

ods o n the dataset. 
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Figure 5.4: Scheme of the proposed segmentation framework. Input data (a) are processed 

by a C T model (b) to produce a probability map (c) and an edge strength map 

(d). These provide the boundary and region term for the graph-cut optimization 

step (e) which produces the binary output segmentation (f). 

5.4 D A T A S E T 

H e a d C T scans of 199 different patients were available for this study. The scans 

were acquired for the p u r p o s e of patient s k u l l m o d e l i n g a n d its addi t ive m a n u ­

fac tur ing or further patient-specific i m p l a n t des ign. Therefore, p ixe l -wise g r o u n d -

truth segmentat ion done b y an experienced radiologis t was also available for 

m o d e l t ra in ing . The scans were acqui red o n m u l t i p l e C T scanners u s i n g a variety 

of different acquis i t ion protocols . The voxe l size v a r i e d f r o m 0.38 x 0.38 x 0.38 m m 

to 0.5 x 0.5 x 1.5 m m . A l l v o l u m e s were re -sampled to the isometric reso lut ion of 

1 m m per v o x e l for the experiments . 

A s the majori ty of these scans were acqui red p r i o r to surgery, the skul l s often 

contained var ious defects, f ixa t ion materials , a n d other external objects. This makes 

f u l l y automatic segmentat ion of these scans a cha l lenging task, because m a n y of 

these structures were o n l y present i n a single patient scan, m a k i n g general izat ion 

dif f icul t . 

5.5 M E T R I C S 

M u l t i p l e metrics were used to quanti tat ively compare outputs of different segmen­

tat ion methods used i n the study. Inspired by the M I C C A I 2018 M e d i c a l Segmenta­

t ion D e c a t h l o n cha l lenge 1 , v o l u m e t r i c Dice coefficient a n d surface Dice coefficient 

were chosen. Fur thermore , m e a n surface distance has been also i n c l u d e d i n the 

metrics as this is the r e c o m m e n d e d measure i n the area of m e d i c a l tissue m o d e l 

1http://medicaldecathlon.com/ 

http://medicaldecathlon.com/
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preparat ion [125]. Implementat ions of the metrics used i n this w o r k are p u b l i c l y 

avai lable 2 . 

V o l u m e t r i c Dice coefficient ( V D C ) is a w e l l - k n o w n metric i n the m e d i c a l segmen­

tat ion d o m a i n . G i v e n a n u m b e r of true posi t ive (TP) samples , false posi t ive (FP) 

samples , a n d false negative (FN) samples , the coefficient is g i v e n b y 

2 • T P 
V D C = . (5.4) 

2 • T P + FP + F N 0 4 ; 

In the case of v o l u m e t r i c D i c e coefficient, the n u m b e r of voxels ass igned an 

object label i n o u t p u t segmentat ion as w e l l as i n the g r o u n d - t r u t h segmentat ion is 

u s e d to compute T P w h i l e F P + F N corresponds to the n u m b e r of voxels ass igned 

a different label . 

To compute a surface D i c e coefficient (SDC) , the o u t p u t a n d the g r o u n d - t r u t h 

b i n a r y segmentat ion v o l u m e s are converted to p o l y g o n meshes. E a c h surface e l ­

ement i n the o u t p u t segmentat ion m e s h is then cons idered a T P sample i f the 

distance to the closest po in t o n the g r o u n d - t r u t h surface is lower than threshold t 

a n d vice-versa. The surface elements i n output a n d g r o u n d - t r u t h meshes that d o 

not fa l l u n d e r this threshold are counted as F N a n d FP, respectively. We chose the 

threshold to correspond to the v o x e l size i n our experiment . 

5.6 E X P E R I M E N T A L D E S I G N A N D RESULTS 

The per formance of four different m o d e l s has been evaluated i n this study. B o t h 3 D 

a n d M V C N N m o d e l s a n d their C u t C N N counterparts were i m p l e m e n t e d i n the 

TensorFlow f ramework . P y M a x f l o w l i b r a r y was used for the i m p l e m e n t a t i o n of the 

graph-cut o p t i m i z a t i o n . A l l experiments were r u n o n a desktop system e q u i p p e d 

w i t h N v i d i a T i tan X p G P U , a n 15 inte l core processor, a n d 16GB R A M . 

22 scans were r a n d o m l y selected as test subjects for the experiment , l eav ing 177 

skul l s for m o d e l t ra in ing . U s i n g c o n v o l u t i o n a l kernels of size 3 i n a l l the C N N 

m o d e l s results i n the 3 D m o d e l h a v i n g the same n u m b e r of trainable parameters 

as the s u m of the three or thogonal 2 D models . The c o m p a r i s o n between the M V 

ensemble a n d the 3 D a p p r o a c h can therefore be cons idered a n ablat ion s t u d y to 

an extent. C u t C N N m o d e l s also have a s i m i l a r n u m b e r of parameters, the o n l y 

difference b e i n g the f ina l edge probab i l i ty o u t p u t layer. A quantitat ive c o m p a r i s o n 

of the results of each m e t h o d is presented i n F igure 5.5 a n d Table 5.1. Further 

qualitat ive results are s h o w n i n F igure 5.6 a n d 5.1. 

2 https://github.com/deepmind/surface -distance 

https://github.com/deepmind/surface
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Figure 5.5: Accuracy of standard multi-view (MV) and 3D C N N and their C u t C N N coun­

terparts. Results are shown i n terms of mean surface distance (MSD), volumet­

ric Dice coefficient (VDC), and surface Dice coefficient (SDC). 

5.7 D I S C U S S I O N 

C u t C N N segmentat ion f r a m e w o r k resulted i n a per formance g a i n i n a l l cases i n 

terms of every metr ic used i n the experiment over s tandard C N N approaches. The 

output of C N N object probab i l i ty m a p often contains errors near external objects 

or smal ler tissue defects as these are scarce i n the t r a i n i n g data d i s t r ibut ion . H o w ­

ever, the graph-cut o p t i m i z a t i o n guides the resul t ing b i n a r y segmentat ion towards 

a spat ia l ly consistent a n d compact shape, often e l i m i n a t i n g these artifacts i f a de­

tected edge corresponds most ly to the correct object boundary . Th is effect is further 

i l lustrated i n F i g . 5.1. 

O u r second observat ion is that u s i n g 3 D c o n v o l u t i o n a l kernels has a rather s m a l l 

effect o n the f ina l segmentat ion prec i s ion quanti tat ively c o m p a r e d to the M V ap­

proach . H o w e v e r , a l t h o u g h the quantitat ive difference is s m a l l , for appl icat ions 

i n m e d i c a l addi t ive m a n u f a c t u r i n g , it is i m p o r t a n t to a v o i d ragged segmentat ion 

output w h i c h m a y result f r o m M V C N N i n areas of lower m o d e l certainty. These 

i n c l u d e for example teeth, w h i c h are cha l lenging to detect, especial ly w h e n the 

lower a n d u p p e r teeth are i n contact (see F igure 5.6 a), or m a x i l l a r y s inus, w h i c h 

is often enclosed i n order to i m p r o v e the mechanica l stabil i ty of the manufac tured 

m o d e l (see F igure 5.6 b). Therefore, 3 D U-nets are often cons idered necessary to 

avo id these discont inui t ies caused by slice-by-slice processing. 

However , this artifact can also be addressed b y e m p l o y i n g the C u t C N N frame­

w o r k since the ragged segmentat ion b o u n d a r y introduces a h i g h b o u n d a r y - t e r m 

p e n a l i z a t i o n d u r i n g o p t i m i z a t i o n a n d it is therefore a v o i d e d i n the f ina l b i n a r y 
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Table 5.1: Comparison of segmentation methods using mean surface distance (MSD) [mm], 

volumetric Dice coefficient (VDC) and surface Dice coefficient (SDC). 

Method MSD V D C SDC 

M V C T 0.37 96.7 97.1 

3 D C T 0.35 96.7 97.0 

M V C u t C N N 0.31 97-7 98.3 

3 D C u t C N N 0.32 98.0 98.1 

* M i n n e m a et a l . [95] 0.44 92.0 -

* L inares et a l . [81] - 91.5 -

* Results obtained o n different datasets 

segmentation. T h u s , e m p l o y i n g C u t C N N a l l o w s the dec i s ion between the 3 D a n d 

m u l t i - v i e w a p p r o a c h to be mere ly a technical choice. U s i n g 2 D m o d e l s can offer 

some advantages, such as faster t ra in ing of deeper m o d e l s w i t h less overf i t t ing [24]. 

We also evaluate the performance of the p r o p o s e d m e t h o d i n the context of ex­

i s t ing related w o r k i n s k u l l segmentation. In terms of v o l u m e t r i c Dice coefficient, 

the p r o p o s e d m e t h o d achieved performance of 0.977 ± 0.019 i n the m u l t i - v i e w sce­

nar io a n d 0.980 ± 0.013 i n the 3 D scenario. This result is considerably h igher than 

that of 0.92 ± 0.04 reported by M i n n e m a et a l . [95]. This is p r o b a b l y caused b y sev­

eral l i m i t i n g factors i n the other w o r k s , i n c l u d i n g the s m a l l t r a i n i n g set that o n l y 

a l l o w e d for a smal ler C N N architecture a n d e m p l o y i n g a patch-based approach . 

To our best k n o w l e d g e , the presented w o r k is the first to a p p l y a f u l l y automatic 

segmentat ion a p p r o a c h to a pathologica l s k u l l dataset of this size. Fur thermore , 

we also achieve a l o w m e a n surface distance w i t h the p r o p o s e d m e t h o d , n a m e l y 

0.31 ± 0 . 3 3 m m . 

We also t ra ined the m u l t i - v i e w C u t C N N m o d e l w i t h a n isometric reso lut ion of 

0.5 m m per v o x e l to facilitate e n o u g h prec i s ion for c l in ica l practice w i t h almost no 

loss i n accuracy. P r e l i m i n a r y testing of the p r o p o s e d m e t h o d b y experts i n m e d i c a l 

tissue m o d e l i n g practice s h o w e d that the results of this m o d e l are accurate e n o u g h 

to substantial ly reduce the a m o u n t of t ime spent b y creating the m o d e l i n practice 

w h e n c o m p a r e d to current ly u s e d semi-automatic segmentat ion methods . 

5.8 C O N C L U S I O N S 

In this w o r k , w e presented C u t C N N , a n i m p r o v e d h a r d tissue segmentat ion 

m e t h o d that integrates the C N N o u t p u t w i t h graph-cut segmentation. The results 

of s u c h a m e t h o d surpassed the c o m m o n l y used C N N architectures s u c h as 3 D 
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(a) (b) (c) (d) 

Figure 5.6: Qualitative results shown for several chosen axial slices. From top to bottom: 

Mult i -v iew C T output (red), ground-truth (magenta), multi-view C u t C N N out­

put (blue). 

a n d m u l t i - v i e w U-nets as w e l l as other competi t ive methods i n the s k u l l segmenta­

t ion d o m a i n . The object a n d edge probab i l i ty m a p s i n c o m b i n a t i o n w i t h graph-cut 

p r o v i d e a compact a n d s m o o t h f ina l tissue segmentat ion w h i l e a d d i n g very little 

c o m p u t a t i o n a l cost. This m e t h o d c o u l d therefore be u s e d to i m p r o v e the perfor­

mance of any semantic segmentat ion task g i v e n that the edges are w e l l de f ined 

i n the data. In the future, to dea l w i t h any r e m a i n i n g segmentat ion errors, user 

interact ion can be i n t r o d u c e d to the m e t h o d o n b o t h C N N a n d graph-cut level as 

the output of b o t h steps can be i m p r o v e d t h r o u g h user scribbles i n a n iterative 

fashion. This w i l l further reduce the t ime spent p r o d u c i n g accurate tissue models . 



S K U L L B R E A K D A T A S E T D E V E L O P M E N T 

This chapter presents the o r i g i n a l S k u l l B r e a k data descr ip t ion paper. It was p u b ­

l i shed a long w i t h the w o r k presented i n Section 8 of this thesis. 

A l t h o u g h a dataset of defective s k u l l s a long w i t h their expert -designed g r o u n d 

t ruth i m p l a n t s a n d s k u l l patches w a s p r o v i d e d b y T E S C A N M e d i c a l for this w o r k , 

it h a d several l imitat ions . For one, because the skul l s came f r o m patients indica ted 

for cranioplasty, they a lready conta ined a crania l defect a n d therefore c o u l d not be 

easily extended b y art i f ic ial defects for data augmenta t ion purposes . Because they 

most ly conta ined uni - la tera l defects of the n e u r o c r a n i u m a n d o n l y a s m a l l p o r t i o n 

of bi - lateral defects or defects reaching into the orbi ta l area, it was not suitable for 

t ra in ing deep C N N m o d e l s for generic s k u l l reconstruct ion. Second, the dataset 

c o u l d not be p u b l i s h e d for the reasons m e n t i o n e d i n Section 5. 

The S k u l l B r e a k dataset was created a n d p u b l i s h e d to address these l imitat ions . 

It c o u l d be u s e d to e x p a n d the t r a i n i n g dataset b y a v i r t u a l l y u n l i m i t e d n u m b e r 

of art i f ic ial defects. It was also i n t e n d e d to he lp s tandardize the data u s e d for 

b e n c h m a r k i n g different s k u l l reconstruct ion methods . 

6.1 I N T R O D U C T I O N 

The f ina l objective of research i n the area of automatic s k u l l reconstruct ion is p r o ­

v i d i n g a m e t h o d that is able to complete the correct shape of m i s s i n g anatomy for 

any possible defect instance. S u c h reconstructed s k u l l then serves as a template for 

d e s i g n i n g the patient-specif ic i m p l a n t . 

Despite the increasing avai labi l i ty of m e d i c a l datasets, p r o v i d i n g a dataset of 

real defective skul l s w i t h e n o u g h var iab i l i ty to t r u l y gauge the effectiveness of 

automatic methods is very chal lenging . G a t h e r i n g e n o u g h data to consider super­

v i s e d t r a i n i n g of deep m o d e l s is even less feasible d u e to the fact that the most 

cha l lenging cases s u c h as b i g frontal defects or defects reaching into the orbi ta l 

area are far less frequent than s i m p l e r cases of smal ler uni la tera l defects of the 

c r a n i u m . Yet the effectiveness i n d e a l i n g w i t h these c o m p l e x defects is the most 

des ired p r o p e r t y i n automatic methods as the r e d u c t i o n of surgery p l a n n i n g t ime 

is accentuated. 

To account for the lack of real defective patient scans, the practice i n most of 

the current l iterature [112, 41, 42, 98] is to evaluate reconstruct ion methods o n 
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Figure 6.1: Examples of 3D models and slices through defective skulls from real patients 

(left) and synthetically generated defective skulls (right). The real patient sam­

ples include defects reconstructed by an experienced clinician. 

skul l s w i t h s i m p l e synthetic defects created i n heal thy patient scans. However , 

these synthetic defects are u s u a l l y very s impl i s t i c a n d are not p u b l i c l y available to 

serve as a benchmark . In order to p r o v i d e a suitable p u b l i c dataset for t ra in ing a n d 

v a l i d a t i o n of reconstruct ion methods , w e created a realistic defective s k u l l dataset 

f r o m a p o p u l a t i o n of heal thy s k u l l s available i n the C Q 5 0 0 dataset [28]. 

6.2 P R E - P R O C E S S I N G 

O f the 491 patient scans, w e f i l tered out those that conta ined s k u l l fractures i n 

expert reads or that were scanned w i t h too thick slice spacing. O f the r e m a i n i n g 

322 scans w e further h a n d - p i c k e d o n l y those that conta in the w h o l e crania l a n d 

orbi ta l area a n d were overal l suitable for further process ing. The resul t ing 189 

scans were used as the basis of our dataset. A s the first step, w e re -sampled each 

data v o l u m e to a n isotropic v o x e l size of 0.4 m m a n d p a d d e d t h e m to a size of 512 3 

w h i c h ensures that the skul l s can fit into the v o l u m e . N e x t , to remove unnecessary 

degrees of f r e e d o m i n the s k u l l p o s i t i o n a n d rotat ion, w e r i g i d l y t rans formed each 

s k u l l so that the Frankfor t -hor izonta l p lane ( F H P ) , de f ined by orbi ta l f loors a n d 

a u d i t o r y meatuses [84], was p laced i n the center of the b o t t o m slice of the v o l u m e 

as i l lustrated i n F i g u r e 6.2. 

For this p u r p o s e , w e m a n u a l l y annotated the four l a n d m a r k s d e f i n i n g this p lane 

o n 80 patient scans 1 . T h e n , w e t ra ined a C N N m o d e l to detect these l a n d m a r k s i n 

the C T data b y the m e t h o d of heatmap regression, w h i c h has been used exten­

sively i n anatomica l l a n d m a r k detect ion [103]. The achieved average error of the 

t ra ined m o d e l o n a he ld-out test set w a s u n d e r 4 m m for each of the four l a n d ­

m a r k s . We also m a n u a l l y p laced a s ingle set of reference l a n d m a r k s o n the g r o u n d 

1 This dataset was the first iteration of the landmark detection dataset described in Section 4. Although 
the model trained on this smaller dataset resulted in generally worse performance, the resulting 
alignment was successful in all cases. 
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Figure 6.2: Overview of the skull extraction method. In the re-sampled and padded C T 

data (a), the four landmarks are first detected by C N N (b). The detected land­

marks (red) and their position along wi th reference landmarks (green) are then 

used to compute an affine transform of the data into the reference coordinate 

system where F H P is placed i n the center of the bottom of volume (c). Finally, 

the skull tissue is segmented using C u t C N N [65] method (d). 

p lane of the target coordinate system. We use these reference l a n d m a r k posi t ions 

a long w i t h the detected l a n d m a r k posi t ions to compute the des i red t ransformat ion 

matr ix u s i n g s ingular value d e c o m p o s i t i o n w e l l k n o w n f r o m the iterative closest 

po in t a l g o r i t h m [15]. Th is automatic r i g i d a l ignment m e t h o d was successful i n 

compensat ing for rotat ion a n d translat ion o n a l l of the patient scans. 

S K U L L S E G M E N T A T I O N A f t e r pre-process ing a l l of the scans, skul l s were seg­

mented i n the C T data to p r o v i d e the b i n a r y shapes. For this , w e used an internal 

dataset of defective patient scans w i t h the g r o u n d - t r u t h segmentat ion p r o v i d e d 

b y a n expert c l in ic ian . A c o m b i n a t i o n of C N N models a n d graph-cut was used 

as the segmentat ion m e t h o d . The m e t h o d is descr ibed i n deta i l i n Sect ion 5. The 

m e t h o d genera l ized w e l l to the p o p u l a t i o n of heal thy skul l s i n the C Q 5 0 0 dataset 

a n d resulted i n satisfactory segmentat ion of a l l of the scans. 

6.3 D E F E C T G E N E R A T I O N 

The s k u l l segmentat ion masks i n the reference coordinate system were designated 

a dataset of heal thy skul l s X h e a i t h y m current l i terature, synthetic defective skul l s 

are created by subtract ing a s i m p l e b i n a r y shape representing the defect area D 

such as cube [98, 6] or sphere [41, 42] at a r a n d o m locat ion, creating defective 

shape Xdefective = Xh e a ithy — D . W h i l e this a l l o w s for a s i m p l e a n d fast generation 

of art i f ic ial defects, s u c h s i m p l e shapes cannot account for the var iab i l i ty of the 

shape of defect border caused by factors s u c h as different causes of t r a u m a or 
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hea l ing stages i n real patients as s h o w n i n F igure 6.1 (a). To address this issue, w e 

generated a set of defect v o l u m e s D by first generat ing a u n i o n of spheres w i t h 

a r a n d o m radius located a r o u n d a r a n d o m locat ion a n d then a p p l y i n g a r a n d o m 

elastic t ransformat ion to the v o l u m e . The art i f ic ia l ly defective skul l s were then 

c o m p u t e d as X^efective = r(Xheaithy — D 1 ) w h e r e D 1 is a r a n d o m l y s a m p l e d defect 

v o l u m e instance a n d r(-) is a f u n c t i o n that appl ies m o r p h o l o g i c a l o p e n i n g opera­

t ion w i t h s t ructur ing element of a sphere w i t h a r a n d o m radius to the part of the 

heal thy s k u l l i n close p r o x i m i t y to defect border. Th is operat ion m i m i c s different 

stages of bone resorpt ion. E x a m p l e s of r a n d o m l y generated defective skul l s are 

s h o w n i n F igure 6.1 (b). 

F r o m each of the heal thy skul l s , w e generated five instances of defective skul ls . 

To a l l o w for s tructured v a l i d a t i o n of the s k u l l reconstruct ion methods , w e con­

strain each defect into one of three areas as s h o w n i n F igure 6.3. The first area, 

designated unilateral-frontal, inc ludes the frontal bone a n d parts of s p h e n o i d a n d 

zygomat i c bones a n d it is constrained to either the left or r ight side of the s k u l l . 

The second area designated unilateral-parietal mos t ly inc ludes par ie ta l a n d nearest 

parts of f rontal , t e m p o r a l , a n d occ ipi ta l bones a n d it is also constrained to one 

of the sides of the s k u l l . The t h i r d area is designated bilateral a n d it is the c o m ­

b i n a t i o n of the first two areas, w i t h the centers of defect concentrated near the 

mid-sagi t ta l p lane to ensure that defects i n this g r o u p reach into b o t h sides of the 

s k u l l . F inal ly , two more r a n d o m defects were created i n each s k u l l at complete ly 

r a n d o m locations. The data were r a n d o m l y spl i t into 179 t r a i n i n g a n d 10 testing 

samples of heal thy s k u l l s a n d c o r r e s p o n d i n g 895 t r a i n i n g a n d 50 testing samples 

of defective skul ls . The testing skul l s that h a d signif icant overlap w i t h any of the 

t ra in ing s k u l l s (Dice coefficient > 0.75) were v i s u a l l y inspected to m i n i m i z e the 

r i sk of a patient b e i n g present i n b o t h t ra in ing a n d testing set due to f o l l o w - u p 

scan. This test set a l l o w s for comprehensive evaluat ion of reconstruct ion methods 

thanks to its var iab i l i ty w h i l e s t i l l m a k i n g it possible to measure performance even 

for semi-automatic methods . To our best k n o w l e d g e , the biggest eva luat ion dataset 

i n current l iterature so far conta ined 31 s k u l l s [41]. The dataset is p u b l i c l y available 

as the S k u l l B r e a k dataset 2 . 

2 https://www.fit.vut.cz/person/ikodym/skullbreak/ 

https://www.fit.vut.cz/person/ikodym/skullbreak/
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(a) (b) (c) 

Figure 6.3: Defect area constrains. The unilateral-parietal (a) and unilateral-frontal (b) de­

fects are constrained to one side of the skull . The random and bilateral defects 

are only constrained vertically (c). Bilateral defect center positions are further 

constrained into the yellow area. 



S K U L L B R E A K D A T A S E T I N T H E C O N T E X T O F T H E 

A U T O I M P L A N T C H A L L E N G E 

The S k u l l B r e a k dataset was created concurrent ly a n d i n d e p e n d e n t l y of the A u -

t o l m p l a n t challenge dataset, w h i c h was u s e d for s imi lar goals. D u e to the M I C C A I 

2020 event, the A u t o l m p l a n t dataset (later referred to as S k u l l F i x dataset) soon be­

came better k n o w n i n the research c o m m u n i t y . The S k u l l B r e a k dataset w a s there­

fore m o d i f i e d s l ight ly to be compat ible w i t h the S k u l l F i x data i n terms of t ra in­

i n g / testing spl i t a n d data format. B o t h datasets were then p u b l i s h e d jo int ly i n the 

Data- in-br ief j o u r n a l [64] to serve as a c o m b i n e d b e n c h m a r k for s k u l l reconstruc­

t ion methods . B o t h datasets w i l l be u s e d i n the 2021 e d i t i o n of the A u t o l m p l a n t 

challenge that is b e i n g o r g a n i z e d as of the t ime of w r i t i n g this thesis. 

This chapter presents the o v e r v i e w a n d m u t u a l c o m p a r i s o n of the two datasets 

as it w a s p u b l i s h e d i n the Data- in-br ief j ourna l . The author of the thesis contr ibuted 

b y curat ing the S k u l l B r e a k part of the dataset, p r o d u c i n g the descr ib ing data statis­

tics, a n d cont r ibut ing to the f ina l article text. 

7.1 D A T A D E S C R I P T I O N 

The dataset descr ibed i n this article was adapted f r o m a p u b l i c h e a d C T collec­

t ion f r o m C Q 5 0 0 ( h t t p : / / h e a d c t s t u d y . q u r e . a i / d a t a s e t ) , w h i c h was o r i g i n a l l y 

in tended for the detect ion of cr i t ical f i n d i n g s i n head C T s . The h e a d C T col lect ion 

is o r i g i n a l l y p r o v i d e d b y the Centre for A d v a n c e d Research i n Imaging , N e u r o -

sciences a n d G e n o m i c s ( C A R I N G ) , N e w D e l h i , I N . In total , the adapted dataset 

consists of 880 tr iplets of a defective s k u l l , a cor responding complete s k u l l , a n d an 

i m p l a n t , w h i c h is g i v e n b y the difference between the defective a n d the complete 

s k u l l . A l l data samples are represented as b i n a r y v o l u m e s a n d saved i n N R R D 

format . The dataset is spl i t into two tracks: the SkullFix track a n d the SkullBreak 

track. 

The SkullFix track consists of the data u s e d i n the M I C C A I 2020 A u t o l m p l a n t 

challenge. This track is spl i t into a t r a i n i n g set w i t h 100 tr iplets, a test set w i t h 100 

triplets, a n d a test set w i t h 10 triplets. The defects i n this track have a rectangu­

lar shape w i t h craniotome d r i l l holes i n the corners, as often encountered i n the 

c ranio tomy procedures . The defects are most ly located i n the back of the skul l s , 

d e p e n d i n g o n patient p o s i t i o n d u r i n g the C T data acquis i t ion , w i t h the exception 
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Figure 7.1: Examples of the 3D model renders (top) and slices (bottom) through the skull 

defect data. 3 defects from the 10 test data of the SkullFix track and 3 defects 

from the training data of the SkullBreak track (taken from [63]), respectively. 

of the test set w i t h 10 tr iplets, w h e r e the shapes, sizes, a n d posi t ions of the defect 

are different as seen F igure 7.1. These 10 defects were u s e d i n the A u t o l m p l a n t 

challenge to test the robustness of the p r o p o s e d methods . The d i m e n s i o n of the 

data i n SkullFix i s 5 1 2 x 5 1 2 x Z a n d Z is the n u m b e r of ax ia l slices. 

The SkullBreak track consists of the data o r i g i n a l l y used i n K o d y m et a l . [63]. The 

dataset was adapted so that there is n o overlap between t ra in ing a n d test sets of 

b o t h tracks presented i n this article. 114 t ra in ing a n d 20 test skul l s were used to 

create this track. O n each s k u l l i n this track, five different synthetic defects were 

created: 

• uni la tera l defect i n the par ie to- temporal area, 

• uni la tera l defect i n the fronto-orbi ta l area, 

• bi lateral defect, 

• two r a n d o m defects. 

This resulted i n a t r a i n i n g set w i t h 570 tr iplets a n d a test set w i t h 100 tr iplets. 

The defects i n this track were created w i t h r a n d o m shapes. Several examples f r o m 

this track can be seen i n F igure 7.1. The d i m e n s i o n of the data i n SkullBreak is 

512 x 512 x 512. 

In a d d i t i o n to the p o s i t i o n a n d shape of the s k u l l defects, the defect size is an­

other factor that has a n effect o n the d i f f i cu l ty of i m p l a n t des ign . Therefore, w e 

report v o x e l occupancy rate ( V O R ) a n d approximate defect surface area ( D S A ) to 

i l lustrate the propert ies of the descr ibed dataset. F igure 7.2 shows the statistics of 

the dataset, i n c l u d i n g the V O R of the complete skul l s a n d the i m p l a n t s a n d the 

D S A . The V O R is def ined as the percentage of o c c u p i e d voxels i n the w h o l e image 

v o l u m e : VOR = w h e r e ^ V is the n u m b e r of o c c u p i e d voxels i n the v o l u m e 

V a n d N = 5 1 2 x 5 1 2 x Z i s the total v o x e l n u m b e r (occupied a n d unoccupied) . 

The D S A was a p p r o x i m a t e d b y isolat ing o n l y the i m p l a n t voxels located o n the 
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outer surface of the o r i g i n a l complete s k u l l a n d u s i n g the voxe l size i n f o r m a t i o n 

to approximate the total area of the isolated surface. The differences i n D S A be­

tween i n d i v i d u a l defect groups i n the dataset are most apparent i n the SkullBreak 

track, o w i n g to the fact that the groups are constrained to different areas. The u n i ­

lateral defects (parieto-temporal a n d fronto-orbital) are smal ler because they are 

restricted o n l y to one side of the s k u l l , w h i l e the others are unconstra ined. The 

fronto-orbi ta l defects are further constrained to the space a r o u n d orbits w h i l e the 

par ie to- temporal can s p a n the w h o l e braincase area. The SkullFix defects have less 

variabi l i ty , mos t ly b e i n g average i n their size w i t h the except ion of the 10 test cases 

w h i c h are smaller. 

Voxel occupancy rate of the skulls Voxel occupancy rate of the implants 

T 

S k u l l B r e a k ( t ra in ing ) 

S k u l l B r e a k ( tes t ) 

Sku l lF i x ( t r a i n i ng ) 

Sku l lF i x ( tes t ) 

i 
S k u l l B r e a k ( t r a i n i n g ) 

S k u l l B r e a k ( tes t ) 

S k u l l F i x ( t r a i n i ng ) 

S k u l l F i x ( tes t ) 

I 

T 

Approximate defect surface area of the skull defects 

S k u l l B r e a k ( t ra in ing) 

S k u l l B r e a k ( tes t ) 
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Sku l lF i x ( tes t ) 

T 

Figure 7.2: Boxplot of the data information for the training set and test set of both dataset 

tracks, including V O R of the complete skulls (top left), V O R of the implants 

(top right), and approximate defect area (bottom). 
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Table 7.1: Differences between the SkullFix and the SkullBreak dataset tracks. 

SkullFix SkullBreak 

Training/test split 100/100 + 10 

Volume size 512 x 512 x Z 

Voxel size various 

570/100 

512 x 512 x 512 

0.4 m m 

Preprocessing 

Skull segmentation 

Defect injection 

acquis i t ion geometry regu-

la r iza t ion t rans form 

threshold ing at 150 H U , 

noise r e m o v a l u s i n g con­

nected components analy­

sis 

b i n a r y defect shape sub­

traction f r o m complete 

s k u l l 

acquis i t ion geometry reg-

u l a r i z a t i o n t rans form a n d 

r i g i d a l ignment u s i n g 

the l a n d m a r k s d e f i n i n g 

F r a n k f o r t - h o r i z o n t a l p lane 

c o n v o l u t i o n a l n e u r a l net­

w o r k a n d graph-cut [65] 

b i n a r y defect shape sub­

tract ion f r o m complete 

s k u l l a n d defect border 

s m o o t h i n g u s i n g m o r p h o ­

log ica l operations 
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7.2 E X P E R I M E N T A L D E S I G N , M A T E R I A L S , A N D M E T H O D S 

C r a n i a l i m p l a n t d e s i g n is the m a i n bottleneck for a n o p t i m i z e d w o r k f l o w for cran-

ioplas ty [75]. The deve lopment of automated crania l i m p l a n t d e s i g n solut ions , es­

pec ia l ly deep l e a r n i n g based solut ions , has been h i n d e r e d by the lack of p u b l i c 

datasets. The real defective s k u l l s f r o m b r a i n t u m o r surgery or t r a u m a are d i f f i cul t 

to obta in i n large quantit ies a n d there often lack the g r o u n d t ruth , i.e., the complete 

skul l s or the implants . W e hence d e v i s e d a p i p e l i n e to convert p u b l i c l y available 

head C T collections into datasets suitable for t r a i n i n g deep learn ing models . A r ­

t i f ic ial s k u l l defects are u s e d to s imulate the surgica l a n d traumatic process. The 

o r i g i n a l C Q 5 0 0 data conta in h e a d C T scans a n d expert annotations f r o m the C e n ­

tre for A d v a n c e d Research i n Imaging , Neurosciences a n d G e n o m i c s , N e w D e l h i , 

I N . The scans that conta ined s k u l l fractures according to the expert annotations 

were r e m o v e d as w e l l as those that were not acqui red w i t h t h i n plate scanning 

protocol . The s k u l l s i n the presented dataset were s a m p l e d f r o m the r e m a i n i n g 

scans. In cases of m u l t i p l e series, the series w i t h the highest reso lut ion was used 

for further process ing of each scan. The chosen scans contained between 211 a n d 

394 ax ia l slices. A c q u i s i t i o n geometry regular iza t ion t rans form was a p p l i e d to each 

scan to correct deformat ions caused b y gantry tilt a n d the data were converted to 

the N R R D format . 

Both dataset tracks were created f r o m the o r i g i n a l C Q 5 0 0 data u s i n g three m a i n 

steps; C T data preprocess ing, s k u l l segmentat ion, a n d art i f ic ial defect injection. 

H o w e v e r , because they were o r i g i n a l l y created i n d e p e n d e n t l y of each other, the 

i n d i v i d u a l process ing steps differ. The different propert ies a n d the specific steps 

taken to create the two tracks are s u m m a r i z e d i n Table 7.1. 

For preprocess ing, the acquis i t ion geometry regular iza t ion t rans form of S k u l l F i x 

is p e r f o r m e d u s i n g 3 D Slicer to correct obv ious d e f o r m a t i o n or t i l t ing of the s k u l l 

data. It involves several steps: 

• G o to E d i t -> A p p l i c a t i o n Settings -> D I C O M a n d change " a c q u i s i t i o n geom­

etry r e g u l a r i z a t i o n " to " a p p l y regular iza t ion t r a n s f o r m " . 

• W h i l e i m p o r t i n g the D I C O M , a n i t e m cal led " a c q u i s i t i o n t r a n s f o r m " is 

s h o w n w i t h i n the series. 

• In the t rans form hierarchy, r ight-c l ick o n the d e f o r m e d D I C O M a n d press 

" h a r d e n t r a n s f o r m " . 

• Save the t ransformed data as N R R D . 

For Skul lBreak , the " d c m 2 n i i x " tool ( h t t p s : / / g i t h u b . com/rordenlab/dcm2ni ix) 

is used to convert D I C O M series to 3 D data. It corrects the d e f o r m a t i o n caused by 
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gantry tilt . O n each s k u l l , four l a n d m a r k s d e f i n i n g the Frankfor t -hor izonta l plane, 

i.e., the left a n d r ight a u d i t o r y meatus a n d the left a n d r ight orbi ta l floor, were 

a l igned onto the z = 0 plane u s i n g r i g i d t ransformat ion. F inal ly , to be i n c o n f o r m i t y 

w i t h the S k u l l F i x dataset, the S k u l l B r e a k dataset is converted into N R R D format. 

7.3 A R T I F I C I A L D E F E C T S H A P E S 

The s k u l l defects i n the presented dataset are created b y subtract ing a part of the 

heal thy s k u l l w i t h the subtracted part s e r v i n g as g r o u n d t r u t h for the i m p l a n t 

shape. In real patients, the defects can have different causes, s u c h as c ran io tomy 

due to b r a i n or bone tumors , b r a i n s w e l l i n g , or traumatic fractures. Consequent ly , 

the shape, pos i t ion , a n d size of the defects can also vary. 

D u r i n g a craniotomy, the craniotome d r i l l is often u s e d to d r i l l holes into the 

s k u l l by the surgeon, l e a d i n g to the defect h a v i n g r o u n d i s h holes i n the corners. 

The defects i n the SkullFix track emulate this proper ty b y injecting defects w i t h 

such r o u n d i s h corners into the back of the complete skul l s . The defects i n the 

SkullBreak track, o n the other h a n d , have complete ly r a n d o m shapes g i v e n b y ran­

d o m combinat ions of elastical ly d e f o r m e d spheres. The posi t ions of the Skul lBreak 

defects are also r a n d o m , a l t h o u g h they are s tructured into several categories, as 

discussed i n the Data Description section. Fur thermore , o n g o i n g bone r e m o d e l i n g 

processes can d e f o r m the defect borders . To s imulate this , the defect borders i n the 

SkullBreak track are smoothed b y m o r p h o l o g i c a l o p e n i n g operat ion w i t h structur­

i n g element i n f o r m of sphere w i t h a rad ius between 2 a n d 7 voxels . E x a m p l e s of 

the defects i n b o t h dataset tracks can be seen i n F igure sh7.i. 



Part III 

V I R T U A L S K U L L R E C O N S T R U C T I O N 



This part of the thesis presents the deve lopment of a n automatic v i r t u a l s k u l l 

reconstruct ion m e t h o d based o n cascaded 3 D C N N architecture. It f o l l o w s u p d i ­

rectly to the w o r k descr ibed i n the p r e v i o u s chapter b y operat ing o n the a l i g n e d 

a n d segmented v o l u m e t r i c s k u l l shape representations of the S k u l l B r e a k a n d i n -

house cranioplasty data. 

Exper iments were p e r f o r m e d o n the synthetic S k u l l B r e a k a n d S k u l l F i x data w i t h 

g r o u n d - t r u t h shapes to c o n f i r m that the p r o p o s e d architecture is capable of per­

f o r m i n g the s k u l l reconstruct ion task w i t h sufficient accuracy a n d to s t u d y the 

effects of i n d i v i d u a l m o d e l components o n the reconstruct ion performance . Then , 

an a p p r o a c h for c o m b i n i n g the synthetic data w i t h real data conta in ing the expert-

p r o v i d e d g o l d t r u t h reconstructed shapes was p r o p o s e d , p r o v i d i n g a w a y to jo int ly 

d e s i g n b o t h the reconstructed s k u l l shapes a n d the f ina l crania l i m p l a n t . 

A t t e n t i o n is also g i v e n to the quest ion of quantitat ive evaluat ion of s k u l l recon­

struct ion result a n d the choice of quantitat ive metrics. The topic is addressed by 

p r o p o s i n g a nove l s k u l l reconstruct ion metr ic a n d d iscuss ing the c o m m o n l y used 

quantitative metrics i n the context of subjective expert scor ing of the automatic 

s k u l l reconstruct ion outputs . 



S K U L L R E C O N S T R U C T I O N U S I N G C A S C A D E D C N N S 

This chapter presents the paper " S k u l l Shape Reconstruct ion U s i n g C a s c a d e d C o n -

v o l u t i o n a l N e t w o r k s " as p u b l i s h e d i n the C o m p u t e r s i n B i o l o g y j o u r n a l [63]. The 

text has been edi ted b y r e m o v i n g the chapter w i t h related w o r k , w h i c h can be 

f o u n d i n Chapter 3.2 a n d the chapter descr ib ing the synthetic dataset, w h i c h is 

descr ibed i n the Sect ion 6. 

The p u r p o s e of this w o r k was to exper imenta l ly c o n f i r m the hypothes is that a 

C N N m o d e l is capable of l e a r n i n g to reconstruct generic s k u l l defects w i t h h i g h 

e n o u g h reso lut ion to be cons idered for c l in ica l practice, as this was o n l y p r e v i o u s l y 

done o n very coarse data v o l u m e s [98]. A generative a p p r o a c h to m o d e l the s k u l l 

reconstruct ion process w a s also explored . A l t h o u g h the achieved var iab i l i ty was 

l i m i t e d , it was the first attempt to generate m u l t i p l e reconstruct ion hypotheses for 

a s ingle defective s k u l l . 

8.1 I N T R O D U C T I O N 

Patient-specific i m p l a n t s (PSIs) are often used for the treatment of craniofacia l 

defects. Espec ia l ly i n cases of larger defects caused b y t rauma, t u m o r resection, 

or decompress ive craniectomy, it is u s u a l l y requi red to reconstruct the o r i g i n a l 

s k u l l shape for aesthetic purposes a n d protect ion of intracrania l structures against 

mechanica l impact [68, 69]. 

C u r r e n t state-of-the-art methods u s u a l l y comprise of u s i n g a patient C T scan to 

d e s i g n the i m p l a n t pre-operat ively a n d then 3 D p r i n t i n g of the result u s i n g b io ­

compat ible materials s u c h as t i t a n i u m , p o r o u s polyethylene , or polyether ether 

ketone [55, 52]. Al ternat ive ly , i m p l a n t s can be cast i n a 3 D - p r i n t e d m o l d f r o m bone 

cement w h i c h can be l o a d e d w i t h antibiotics to decrease the r isk of infect ion [122]. 

S u c h approaches lead to a r e d u c t i o n of operative t ime a n d i m p r o v e d patient re­

sults [110]. 

P r o v i d e d that precise e n o u g h tissue segmentat ion is obta ined f r o m the C T data, 

the process of c o m p u t e r - a i d e d d e s i g n ( C A D ) of PSIs remains the most impor tant 

step that affects the f ina l qua l i ty a n d r e p r o d u c i b i l i t y of PSIs [125]. This presents 

a cha l lenging a n d tedious task for the c l i n i c i a n or engineer d e s i g n i n g the PSI. To 

ensure correct h e a l i n g a n d prevent compl ica t ions , the PSI m u s t fit precisely to the 

defect border w i t h o u t any steps a n d w i t h gaps of less than 0.8 m m between the 
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Figure 8.1: The proposed skull reconstruction method fully automatically produces a bi­

nary shape of the missing part of the skull using sl iding-window approach 

with coarse-resolution middle step. 

i m p l a n t a n d r e m a i n i n g tissue [86]. Fur thermore , smoothness a n d s y m m e t r y of the 

anatomy s h o u l d be preserved to ensure a correct aesthetic result [12]. The first step 

of the i m p l a n t d e s i g n is a correct reconstruct ion of the m i s s i n g shape of the s k u l l 

anatomy f r o m w h i c h the PSI is then d e r i v e d . 

C O N T R I B U T I O N S In this w o r k , w e d e s i g n a cascaded C N N architecture for the 

est imat ion of a h igh- reso lu t ion 3 D anatomy shape c o n d i t i o n e d o n the i n p u t defec­

tive s k u l l . A l t h o u g h s y m m e t r y is u s e d i n the p r o p o s e d m e t h o d as a n a d d i t i o n a l 

g u i d i n g s ignal , the m e t h o d can successfully reconstruct defects reaching into both 

sides of the s k u l l as w e l l as into more c o m p l e x anatomical regions s u c h as orbitals . 

To the authors ' best k n o w l e d g e , this is the first deep learning-based m e t h o d of 

3 D shape reconstruct ion that reaches a h i g h e n o u g h reso lut ion to be c l in i ca l ly v i ­

able for the s k u l l reconstruct ion task. To address the issue of m u l t i p l e possible 

correct solut ions , w e also exper iment w i t h a probabi l is t ic generative vers ion of the 

p r o p o s e d m o d e l . F inal ly , i n order to i m p r o v e the r e p r o d u c i b i l i t y of research i n 

the area of automatic s k u l l reconstruct ion, w e introduce a n o p e n dataset of s k u l l 

shapes w i t h synthetic defects. The dataset m i m i c s the var iab i l i ty i n shape, pos i t ion , 

a n d bone resorpt ion present a m o n g real patients a n d w e s h o w that a C N N m o d e l 

t ra ined o n this synthetic dataset also p e r f o r m s w e l l o n cha l lenging real patient 

cases w i t h o u t any further pre-processing. 



8.2 MATERIALS 

8.2 M A T E R I A L S 

For t r a i n i n g a n d v a l i d a t i o n of the p r o p o s e d m e t h o d , w e u s e d the Skul lbreak 

dataset descr ibed i n Sect ion 6. The synthetic dataset was spl i t into 179 t r a i n i n g 

a n d 10 testing sku l l s , resul t ing i n 895 t r a i n i n g a n d 50 testing defect shapes i n 

total. To evaluate the ab i l i ty of our a p p r o a c h to general ize, w e also u t i l i z e d an 

internal dataset of 9 real defective patients. For these patients, g r o u n d - t r u t h s k u l l 

reconstructions m a d e by a c l i n i c i a n experienced i n crania l i m p l a n t d e s i g n were 

available. Several samples f r o m b o t h datasets are s h o w n i n F i g u r e 6.1. 

8.3 M E T H O D S 

We formulate the s k u l l reconstruct ion task as f i n d i n g the m i s s i n g part of the 

anatomy represented b y b i n a r y v o l u m e Y = Xneai tHy — X^efecttve- T h u s , w e look 

for the f u n c t i o n f(-) w i t h parameters 9 that m a p s the defective s k u l l to a n esti­

m a t e d shape Y = fe(Xdefect ive) f r o m d i s t r i b u t i o n P(Y|Xdefective) of shapes that 

correctly complete it. 

8.3.1 Reconstruction Model Architecture 

We use a c o m b i n a t i o n of two C N N m o d e l s w i t h a 3 D U-ne t [101] backbone to 

approximate the f u n c t i o n f, w i t h parameters 9 b e i n g the trainable weights of the 

C N N . The i n d i v i d u a l models differ f r o m the o r i g i n a l 3 D U-net i n several ways . 

Instead of u p - c o n v o l u t i o n s , w e use nearest-neighbor u p - s a m p l i n g f o l l o w e d b y reg­

u lar c o n v o l u t i o n i n the decoder part of the m o d e l , as this has been s h o w n to i m ­

prove the m o d e l t r a i n i n g process a n d performance i n some cases [66]. The n u m b e r 

of d o w n - s a m p l i n g a n d u p - s a m p l i n g layers is s u c h that the bottleneck tensor has 

spatial d i m e n s i o n s of 4 3 as s h o w n i n F igure 8.2. Th is ensures that the o u t p u t n e u ­

rons of the C N N have a sufficient receptive f ie ld to correctly m o d e l the shape of 

m i s s i n g anatomy i n the case of defects w i t h a large surface area. 

E a c h of the m o d e l s operates o n a different resolut ion. The first m o d e l denoted 

f L o takes a n i n p u t v o l u m e d o w n - s a m p l e d to 6 4 3 voxels a n d is t ra ined to o u t p u t 

an estimate of m i s s i n g anatomy Y L o = f L o ( X ^ ° f e c t i v e ) o n a n equivalent resolu­

t ion of 3.2 m m per voxe l . W h i l e this reso lut ion is too l o w to m o d e l anatomy w i t h 

e n o u g h prec i s ion , it can p r o v i d e a n in i t i a l estimate of the m i s s i n g shape. The sec­

o n d m o d e l denoted f H t then takes a 128 x 128 x 128 crop of the i n p u t data at 

the o r i g i n a l h i g h reso lut ion concatenated to a n u p - s a m p l e d o u t p u t of the first 

m o d e l . Th is m o d e l is t ra ined to output the c o r r e s p o n d i n g patch of the f ina l miss­

i n g anatomy estimate Y H t = f H t ( Y L o , X d
i g f e c t i v e ) , w h i c h can be v i e w e d as a super-
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Figure 8.2: Overview of the 3D C N N backbone architecture example for an input of size 

64 3 . Note that for an input of size 128 3, the C N N is deeper and the bottleneck 

tensor has 384 channels. 

reso lut ion of the i n i t i a l m i s s i n g anatomy estimate c o n d i t i o n e d o n the r e m a i n i n g 

part of the s k u l l at f u l l resolut ion. 

D u r i n g inference, the first m o d e l p r o v i d e s e n o u g h contextual i n f o r m a t i o n about 

the overal l shape of the defective s k u l l w h i l e the second m o d e l can ensure precise 

contact at the defect border. The f ina l estimate can be inferred b y first comput ­

i n g the coarse estimate Y L o a n d then c o m p u t i n g the f ina l estimate Y H t u s i n g the 

s l i d i n g w i n d o w approach , substant ia l ly r e d u c i n g the m e m o r y footprint . 

S Y M M E T R I S E D I N P U T The chosen U-net architecture i n the lo w - re so lu t io n 

C N N is i n fact not w e l l sui ted for transferr ing i n f o r m a t i o n f r o m one side of the 

v o l u m e to the o p p o s i n g side as this transfer can o n l y h a p p e n i n the deeper layers 

of the m o d e l w h e r e the shape i n f o r m a t i o n is a l ready compressed. H o w e v e r , the 

abi l i ty to preserve anatomica l s y m m e t r y is a cr i t ical part of the m e t h o d . To this 

e n d , w e concatenated a sagital ly f l i p p e d copy of the v o l u m e to the lo w - re so lu t io n 

C N N input . Th is makes it easier to propagate the s y m m e t r y i n f o r m a t i o n u s i n g 

c o n v o l u t i o n a l kernels a n d sk ip connections of the U-ne t architecture. The effect of 

s y m m e t r i z i n g i n p u t is demonstrated i n Section 8.4. 

8.3.2 Optimization 

We o p t i m i z e the C N N s u s i n g t r a i n i n g batches of size 2, w h i c h f u l l y u t i l i ze the avai l ­

able G P U . A n A d a m o p t i m i z e r is u s e d as it is current ly one of the most w i d e l y 

u s e d o p t i m i z a t i o n a lgor i thms suitable for most deep learn ing appl icat ions [119]. 

A l t h o u g h w e t ra in b o t h C N N s w i t h their respective loss funct ions £ L o a n d LHx, 

we tra in the cascade i n a n end-to-end manner. The t r a i n i n g samples for the first 
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Figure 8.3: Overview of the proposed 3D C N N cascade. The symmetrized low-resolution 

input X L o is fed into the first model f L o to produce the missing shape estima­

tion Y L o . Then, it is concatenated to the high-resolution input X H l and fed into 

the second model f H l to produce the final high-resolution missing shape YHi. 

Discriminator C N N s d(-) and latent vectors z are only used i n the generative 

model. 

m o d e l ( Y L o , X ^ ° f e c t i v e ) a n d the r a n d o m t ra in ing crops for the second m o d e l 

( Y H t , X ^ g f e c t i v e ) are a lways s a m p l e d f r o m the same s k u l l v o l u m e . 

D I S C R I M I N A T I V E M O D E L We first assume that the s k u l l reconstruct ion task 

has a single correct g r o u n d - t r u t h s o l u t i o n g i v e n b y the o r i g i n a l m i s s i n g anatomy 

shape Y. This a l l o w s us to use a reconstruct ion loss s i m i l a r to a segmentat ion task. 

We chose the soft Dice loss [94] d u e to its g o o d performance i n d e a l i n g w i t h class 

imbalance . The two losses are def ined as 

£ b ° c e = D i c e ( Y L o , f L o ( X ^ f e c t i v e ) ) , (8.1) 

^ D i c e = D i - c e ( Y H \ f H t ( f L ° ( X ^ g f e c t i v e ) , X ^ g f e c t i v e ) ) , (8.2) 

a n d w e o p t i m i z e t h e m iteratively for 300,000 t r a i n i n g steps. W h i l e it is possible 

to o p t i m i z e the w h o l e cascade u s i n g o n l y the LHx loss, w e f o u n d that u s i n g the 

a u x i l i a r y loss £ L o is necessary for correct m o d e l behaviour . 

G E N E R A T I V E M O D E L To make the descr ibed reconstruct ion m o d e l generative, 

we make two modi f ica t ions w e l l k n o w n f r o m G A N literature [45] to b o t h C N N s . 

N a m e l y , w e a d d the adversar ia l loss f u n c t i o n £A<1v i n the f o r m of a d i scr iminator 

C N N d(-), w h i c h a l l o w s the m o d e l to learn the d i s t r i b u t i o n P(Y|Xdefective)/ a n d 

inject a r a n d o m latent vector into the reconstruct ion C N N s , w h i c h a l lows t h e m to 

r a n d o m l y sample f r o m this d i s t r ibut ion . W e concatenate the r a n d o m latent vector 

w i t h the bottleneck tensor of b o t h C N N s as s h o w n i n F igure 8.3. The d i s c r i m i ­

nator C N N s have the same architecture as the encoder part of the reconstruct ion 

C N N s w i t h a d d i t i o n a l dense layers that o u t p u t the d i sc r iminator scores. We use 
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the i m p r o v e d Wasserstein G A N f o r m u l a t i o n w i t h gradient penal ty [48] d u r i n g 

the t ra in ing . G i v e n a c o m b i n a t i o n of the defective s k u l l shape a n d the m i s s i n g 

anatomy shape, the d i sc r iminator is t ra ined to assign a l o w score d(Y,Xdefect ive) 

to the g r o u n d - t r u t h m i s s i n g shape a n d a h i g h score to the reconstructed m i s s i n g 

shape d ( Y , X d e f e cttve) 3-t b o t h a l o w a n d h i g h resolut ion, u s i n g the lo w - re so lu t io n 

d iscr iminator d L o a n d h i g h - r e s o l u t i o n d iscr iminator d H t . To o p t i m i z e the recon­

struct ion C N N s i n this case, w e use a c o m b i n a t i o n of the reconstruct ion a n d adver­

sarial loss, s i m i l a r l y to W a n g et al . [ i3o]. The losses of the reconstruct ion C N N s , i n 

this case, are def ined as 

£ L ° = ^ D i c e + ^ A d w (8-3) 

£ H t = £ { ^ c e + a £ ^ d v , (8.4) 

where a is set to 10~ 2 . We aga in o p t i m i z e d L o , f L o , d H t a n d f H t i terat ively for 

300,000 t r a i n i n g steps. For a n o v e r v i e w of o u r m e t h o d a n d b o t h d iscr iminat ive 

a n d generative mode ls , see F igure 8.3. 

8.4 E X P E R I M E N T A L RESULTS 

The experiments discussed i n this section were r u n o n a system w i t h 11 G B Titan 

X p G P U a n d a quad-core 15 processor w i t h 24 G B R A M . The complete t ra in ing of 

the m o d e l s took a p p r o x i m a t e l y 8 days. A f t e r the m o d e l is t ra ined, the m e t h o d is 

able to f u l l y reconstruct each s k u l l i n u n d e r 5 seconds, w h i c h is impor tant for its 

efficient use i n c l in ica l practice. This is achieved b y first in fe r r ing the lo w - re so lu t io n 

m o d e l o n the f u l l d o w n - s a m p l e d v o l u m e a n d then sequential ly in fe r r ing the h i g h -

reso lut ion m o d e l o n posi t ions w h e r e the l o w - r e s o l u t i o n m o d e l predic ted a defect 

u n t i l the w h o l e est imated defect area is processed. For v i s u a l i z a t i o n , the v o x e l g r i d 

was converted into a p o l y g o n a l m e s h w h i c h was then smoothed u s i n g a two-step 

s m o o t h i n g a l g o r i t h m [14]. 

We measured the prec i s ion of each m e t h o d as the average s y m m e t r i c u n s i g n e d 

distance between the surface voxels of the o u t p u t reconstruct ion a n d the o r i g i n a l 

anatomy shape w h i c h w e cons idered to be g r o u n d - t r u t h . We o n l y measured the 

error o n the outer surface of the s k u l l because the inner surface is not relevant for 

cranial i m p l a n t d e s i g n i n c l in i ca l practice. To get more ins ight into the performance 

of our m e t h o d , w e d i v i d e d the eva luat ion into four groups . The unilateral-parietal, 

unilateral-frontal a n d bilateral defect groups are descr ibed i n Sect ion 8.2 a n d the 

combined g r o u p inc ludes a l l the defects, i n c l u d i n g r a n d o m ones. Table 8.1 contains 

the average surface error for a l l m o d e l s tested o n each defect g r o u p . 

We first evaluated the performance of the d iscr iminat ive m o d e l a n d the effect of 

the s y m m e t r i z e d i n p u t o n the error d i s t r i b u t i o n i n the testing set. The m o d e l w i t h 

a s i m p l e i n p u t was able to reconstruct each testing s k u l l successfully. H o w e v e r , w e 
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Figure 8.4: The overall performance of the discriminative model on different groups of 

testing defective skulls. Average surface error [mm] for a simple input (green) 

and symmetrised input (blue). 

not iced that the errors i n uni la tera l groups reached s i m i l a r values as the bi la teral 

g r o u p . This is i n confl ict w i t h the expectation that w h i l e bi lateral defects c o u l d 

a l l o w for some var iab i l i ty i n correctly comple ted shapes, the uni la tera l defects 

s h o u l d be more direct ly constrained by the c o n d i t i o n of s y m m e t r y a n d thus y i e l d 

lower surface reconstruct ion errors. The effect of s y m m e t r i z i n g i n p u t as descr ibed 

i n Sect ion 8.3 was that the average measured error of the reconstructed uni la t ­

eral defects d r o p p e d f r o m 0.69 m m to 0.48 m m for par ieta l a n d f r o m 0.69 m m to 

0.60 m m for f rontal defects. A s expected, the bi la teral defects g r o u p was less af­

fected b y the s y m m e t r i z e d i n p u t , a l t h o u g h the error s t i l l s l ight ly decreased since 

some bi lateral defects are i n fact par t ly constrained by the symmetry . The overal l 

performance of the d iscr iminat ive m o d e l for b o t h s i m p l e a n d s y m m e t r i z e d i n p u t is 

s h o w n i n F igure 8.4. The overal l average surface error of the d iscr iminat ive m o d e l 

w i t h a s y m m e t r i z e d i n p u t for the w h o l e testing set was 0.59 ± 0.21 m m . Several 

examples of the d iscr iminat ive m o d e l reconstructions are s h o w n i n F igure 8.5. 

In order to explore the re lat ionship between the d iscr iminat ive m o d e l perfor­

mance a n d the area of the reconstructed defects, w e created a n extra set of n ine 

cranial defects i n each of the ten designated test skul l s . The defects were created 

by subtract ing the same shape w i t h different scales f r o m each s k u l l (see F igure 8.7 

for their i l lustrat ion) . The surface area of the resul t ing s k u l l defects ranged f r o m 

10 to 140 c m 2 . The resul t ing surface errors of the d iscr iminat ive m o d e l outputs are 

s h o w n i n F igure 8.6 i n the f o r m of a scatter plot . W h i l e there is a n apparent corre­

la t ion between the measured surface error a n d the reconstructed surface area, the 
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Figure 8.5: Examples of results of the discriminative model reconstructions for parietal, 

frontal, bilateral and random defects, respectively. From top to bottom: Surface 

error maps, input synthetically broken skulls and reconstructed skull shapes. 

Note that the majority of the reconstructed surface reaches errors of less than 

one millimeter i n all cases. 

average surface error was u n d e r 0.7 m m for a l l defects u p to a n area of 100 c m 2 . 

For even larger defects, the average surface error exceeded 1 m m i n several cases. 

H o w e v e r , for the majori ty of the cases, the surface errors of the results were s t i l l 

w e l l u n d e r this va lue . 

N e x t , w e evaluated the performance of the generative m o d e l w i t h s y m m e t r i z e d 

i n p u t v o l u m e s a n d r a n d o m i n p u t latent vectors z. The overal l average surface er­

ror w a s 0.68 ± 0.28 m m . For each defect g r o u p , the error of the generative m o d e l 

was h igher than that of the d iscr iminat ive m o d e l . H o w e v e r , it s h o u l d be noted 

that since n o w w e consider m u l t i p l e correct reconstructions for a single s k u l l de­

fect, the error measured against the g r o u n d - t r u t h shape m i g h t not be a g o o d i n ­

dicator of the method ' s performance . The generative m o d e l a l lows us to sample 

m u l t i p l e different outputs for a s ingle i n p u t defective s k u l l b y c h a n g i n g the i n p u t 

latent vectors. Therefore, w e also exper imented w i t h generat ing m u l t i p l e recon­

structions a n d m e a s u r i n g the best achieved result. The overal l average surface er­

ror w h e n m e a s u r i n g the best-of-five s a m p l e d reconstructions for each testing s k u l l 

was 0.56 ± 0.21 m m . The results for i n d i v i d u a l defect groups , as seen i n F igure 8.8, 

were s i m i l a r to the d iscr iminat ive m o d e l i n this case. H o w e v e r , a reduct ion of the 

error can be not iced i n the bilateral g r o u p , w i t h the error r e d u c e d f r o m 0.73 m m 

to 0.65 m m w h e n c o m p a r e d to the d iscr iminat ive m o d e l . This m i g h t once again 

be exp la ined b y the fact that due to weaker s y m m e t r y constraints i n this g r o u p , 
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Figure 8.6: The performance of the discriminative model i n the context of a reconstructed 

surface area. While the variability of the model output errors increases wi th 

larger defects, the results are wi th in an acceptable range even for a majority of 

the larger defects. 

Figure 8.7: Examples of results of the discriminative model reconstructions for a set of 

defects wi th different scales on a single test skull . A n area where the model 

output deviates from the original shape by more than 2 m m can be observed in 

the last case. 
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Figure 8.8: The overall performance of the generative model on different groups of testing 

defective skulls. Average surface error [mm] for reconstruction wi th random 

latent vector (green) and for best-of-five reconstructions (blue). 

the var iab i l i ty of acceptable reconstructions is greater. Therefore, generat ing subse­

quent different samples constrained o n the same i n p u t increases the probab i l i ty of 

generat ing at least one sample close to the o r i g i n a l g r o u n d - t r u t h shape. 

To further i l lustrate the behavior of the generative m o d e l , w e also conducted 

an exper iment w i t h latent space in terpola t ion for one bi lateral defect. W e set bo th 

latent vectors for l o w - r e s o l u t i o n z L o a n d h i g h - r e s o l u t i o n z H t to o n l y conta in con­

stant values c/10 a n d w e generated samples for c = 1 , 2 . . . 9 . O u r experiments 

s h o w e d that the generative m o d e l responds to these changes i n total latent vector 

energy the most a n d w e leave invest igat ion into the l i m i t s of achievable anatomica l 

var iab i l i ty i n the o u t p u t for future w o r k . The resul t ing reconstructions of the gen-

Table 8.1: Average surface error [mm] for individual defect groups. 

Method Synthetic defects Real defects 

U P U F B i Total 

Statistical shape m o d e l s [41] 0.47 - - - -

D i s c r i m i n a t i v e 0.69 0.69 0.78 0.68 -

D i s c r i m i n a t i v e + s y m m e t r i s e d 0.48 0.60 0.73 0.59 0.80 

Generat ive + s y m m e t r i s e d (random) 0.63 0.71 0.81 0.68 -

Generat ive + s y m m e t r i s e d (best of 5) 0.46 0.62 0.65 0.56 0.69 
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Figure 8.9: The input defective skull (first row, left) and original skull shape (second row, 

left) and examples of output reconstructions resulting from linear interpolation 

i n the latent space superimposed onto the input defective skull . Surface dis­

tance from the original shape can be seen decreasing i n the middle part of the 

defect, however, it increases i n areas near the defect border where errors are 

unacceptable for aesthetic reasons. 

erative m o d e l a long w i t h the g r o u n d - t r u t h o r i g i n a l shape are s h o w n i n F igure 8.9. 

We also reported the measured surface errors against the g r o u n d - t r u t h shape for 

each sample . It can be seen that the m o d e l is able to sample f r o m the learned m a n ­

i f o l d of solut ions , a l l o w i n g for m a n i p u l a t i n g the reconstructed shape w h i l e s t i l l 

k e e p i n g a seamless connect ion to the o r i g i n a l bone. 

F inal ly , i n order to evaluate the abi l i ty of our a p p r o a c h to general ize, w e also 

tested the performance of the models t ra ined exclusively o n o u r synthetic dataset 

o n an internal dataset of real defective patients w i t h o u t any f ine - tuning of the 

m o d e l . B o t h m o d e l s reconstructed the real defects m o s t l y successfully. However , 

there was a n expected increase i n the surface error i n b o t h the d iscr iminat ive m o d e l 

output a n d the best-of-five generative m o d e l output . In some cases, there were also 

v is ib le faults s u c h as s l ight depressions or even holes as seen i n F igure 8.10. 

This c o u l d be par t ly attr ibuted to the fact that the real testing patients come 

f r o m a different geographic locat ion, i n w h i c h the anatomica l var iab i l i ty of the 

s k u l l is different [56]. Specifically, the differences i n average shapes of the two 

datasets a l i g n e d u s i n g the same a l ignment m e t h o d are i l lustrated i n F igure 8.12. 
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Figure 8.10: Example outputs of the discriminative model for real patient data. Although 

some reconstruction faults can be seen i n the last two cases, suggesting that 

real training data of target population should be added to the model i n the fu­

ture, the reconstruction is usually correct. The surface distance to the original 

shape is well below one millimeter on average. 

A v e r a g e s u r f a c e e r ro r for r ea l d e f e c t i v e p a t i e n t s 
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Figure 8.11: Comparison of performance of the models' average surface error [mm] for 

reconstruction of synthetic defects and real defects. Results shown for dis­

criminative model (green) and for best-of-five outputs of generative model 

(blue). 
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1> 
Figure 8.12: Superimposed frontal (left) and axial (right) projections of the segmented 

skulls. The 10 testing cases of the synthetic dataset rendered i n blue and the 

7 testing cases of the internal dataset i n red. A difference i n several shape 

characteristics of the skulls can be observed. 

The fact that these basic shape characteristics are learned b y the low-reso lu t ion 

reconstruct ion m o d e l m a y lead to the w r o n g es t imat ion of the crania l v o l u m e i n 

the frontal part of the s k u l l a n d even holes i n parts that extend s igni f icant ly b e y o n d 

the anatomical var iab i l i ty observed i n the t r a i n i n g dataset. O v e r a l l , the outcome 

of this exper iment is encouraging , a l t h o u g h real defective patient scans f r o m the 

target p o p u l a t i o n s h o u l d be a d d e d to the t ra in ing process before evaluat ing the 

m e t h o d performance i n a real c l in ica l setting. 

8.5 D I S C U S S I O N 

For the d e p l o y m e n t of reconstruct ion methods into the c l in ica l w o r k f l o w , several 

condi t ions m u s t be met. First , s y m m e t r y of the s k u l l s h o u l d be preserved as w e l l as 

possible , i n c l u d i n g i n cases w h e r e the patient 's s k u l l itself is par t ly asymmetr ic a n d 

where the defect reaches par t ly into b o t h sides of the s k u l l . Second, the automatic 

reconstruct ion s h o u l d fit very precisely to the defect borders . A l t h o u g h the models 

presented i n this w o r k w i l l occasional ly p r o d u c e a s l ight ly asymmetr ic result or 

fa i l to a v o i d some depressions a r o u n d the defect border, our results s h o w that the 

p r o p o s e d m e t h o d can achieve a n overal l satisfactory performance i n this regard, 

as i l lustrated by example reconstructions i n F igures 8.5 a n d 8 .10. The measured 

average surface errors s h o w n i n Figures 8.4 a n d 8.6 also s h o w h o w the performance 

is affected by different shapes a n d sizes of the defects, i n c l u d i n g bi lateral defects, 

orbi ta l area reconstructions, a n d defects w i t h a surface area of over 100 c m 2 . The 
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i m p l i c a t i o n s of these results for the future i m p l e m e n t a t i o n of the m e t h o d into 

c l in ica l practice s h o u l d n o w be assessed by c l inic ians w i t h experience i n this area. 

In the context of the current state of the art i n the area of s k u l l reconstruct ion, 

our a p p r o a c h differs f r o m convent ional mir ror ing-based a n d interpolat ion-based 

methods b y its ab i l i ty to reconstruct an arbi trary part of the s k u l l present i n the 

descr ibed dataset w i t h o u t r e q u i r i n g any parameter adjust ing. Its ab i l i ty to gener­

al ize to unseen s k u l l s is, however, f u l l y dependent o n the var iab i l i ty of the t ra in­

i n g dataset u s e d for m o d e l o p t i m i z a t i o n . F igure 8.11 demonstrates h o w u s i n g the 

m o d e l o n a p o p u l a t i o n w h e r e shapes of the skul l s come f r o m different d i s t r i b u t i o n 

causes occasional faults a n d a s l ight increase i n the average surface error of the re­

constructions. Nevertheless , this issue w i l l be mi t iga ted b y i n t r o d u c i n g cases f r o m 

the target p o p u l a t i o n into the dataset a n d retra ining the reconstruct ion m o d e l i n 

the near future. 

M e t h o d s based o n statistical shape m o d e l s also possess this dependency o n tra in­

i n g dataset var iab i l i ty a n d the potent ia l abi l i ty to m o d e l any part of the s k u l l . This 

makes t h e m very s i m i l a r to the a p p r o a c h p r o p o s e d i n this w o r k i n terms of pos­

sible target use cases. Fuessinger et a l . [41] achieved a n average surface error of 

0.47 m m w h e n reconstruct ing uni la tera l spherical defects of the crania l area w i t h a 

rad ius of 5 c m . This c o u l d be c o m p a r e d to the performance of our d i scr iminat ive 

a n d generative m o d e l s reaching 0.48 a n d 0.46 m m average surface error, respec­

tively, o n the uni la tera l par ie ta l defect g r o u p . In contrast, our m e t h o d does not 

require a n y m a n u a l c leaning of the defect border as the seamless fit of the recon­

structed part to the rest of the s k u l l is h a n d l e d b y the C N N m o d e l . It w o u l d be 

interest ing to see the performance of the statistical shape m o d e l o n more chal leng­

i n g parts of the i n t r o d u c e d dataset s u c h as defects of the orbi ta l area a n d larger 

bi lateral defects. 

A more general c o m p a r i s o n is current ly l i m i t e d b y the lack of s tandardized 

datasets a n d m e t h o d o l o g y to evaluate the anatomica l reconstruct ion methods . Es­

pec ia l ly i n the case of bi lateral defects i n w h i c h s y m m e t r y cannot be u s e d to 

u n i q u e l y define the correct output , w e argue that a l t h o u g h the absolute distance 

f r o m the g r o u n d - t r u t h shape m i g h t give an adequate estimate of h o w w e l l a 

m e t h o d p e r f o r m s , it s h o u l d not be used as the s ingle cr i ter ion of correct recon­

struct ion. In a d d i t i o n to var iab i l i ty i n c r a n i u m shape, m o d e l i n g structures s u c h as 

s k u l l protuberances, sutures, or u n e v e n surface is unnecessary for means of PSI 

des ign. Therefore, the most relevant metr ic to measure the reconstruct ion m e t h o d 

performance w o u l d be the a m o u n t of t ime requi red b y the operat ing expert to 

d e s i g n c l in i ca l ly acceptable PSI f r o m the i n i t i a l reconstruct ion. However , this is 

infeasible w i t h o u t the m e t h o d b e i n g d e p l o y e d into c l in i ca l practice. 



8.6 CONCLUSIONS 

Since the d iscr iminat ive m o d e l outputs reach lower average surface error than 

the r a n d o m l y s a m p l e d outputs of the generative m o d e l , it can be c o n c l u d e d that 

it is more suitable for a complete ly automatic setting. However , the generative 

m o d e l c o u l d al ternat ively be used i n a semi-automatic setting. In case the i n i t i a l re­

construct ion is not satisfactory for further process ing, several subsequent samples 

f r o m the generative m o d e l c o u l d be offered to the expert to increase the chance of 

a v o i d i n g f a l l i n g back to a less efficient convent ional w o r k f l o w . 

F inal ly , the reconstruct ion m e t h o d is not l i m i t e d to the s k u l l reconstruct ion task 

or anatomical reconstruct ion i n general . The m e t h o d can potent ia l ly be a p p l i e d 

to any shape c o m p l e t i o n task w h e r e b o t h g loba l contextual i n f o r m a t i o n , as w e l l 

as fine s tructural details , need to be taken into account d u r i n g the data v o l u m e 

reconstruct ion. 

8.6 C O N C L U S I O N S 

This w o r k presented a mult i -scale cascaded C N N architecture for general shape 

c o m p l e t i o n a p p l i e d to the reconstruct ion of m i s s i n g s k u l l anatomy i n a f u l l y a u ­

tomatic manner. We also s h o w e d that s y m m e t r i z e d i n p u t can increase the perfor­

mance i n this task a n d that b o t h d iscr iminat ive a n d generative m o d e l s can be used 

successfully. The p r o p o s e d m e t h o d reaches e n o u g h prec i s ion a n d robustness to 

be cons idered i n c l in ica l practice. V a l i d a t i o n w a s done o n a synthetic dataset that 

closely m i m i c s real patient cases a n d this dataset was made p u b l i c . 

The m o d e l t ra ined exclusively o n synthetic data also p e r f o r m s w e l l o n real de­

fective patient cases, but a d d i n g samples f r o m the real target p o p u l a t i o n to the 

t ra in ing s h o u l d be considered i n order to i m p r o v e the results. Further testing w i t h 

more patient data i n a c l in ica l setting is n o w required to f u l l y c o n f i r m its efficacy 

a n d ident i fy any l imitat ions . 

Current ly , the m e t h o d is constrained to the crania l a n d orbi ta l areas. We p l a n 

to extend the m e t h o d a n d the dataset to i n c l u d e m a x i l l a a n d zygomat i c bones as 

w e l l i n the future. A d a p t i n g the m e t h o d for alternative data representations, such 

as p o i n t c louds or graphs , c o u l d also be explored as a w a y to i m p r o v e process ing 

speed a n d prec is ion . 



A U T O I M P L A N T C H A L L E N G E M E T H O D S U B M I S S I O N 

This chapter presents the paper " C r a n i a l Defect Reconstruct ion u s i n g C a s c a d e d 

C N N w i t h A l i g n m e n t " that describes a challenge s u b m i s s i o n to the M I C C A I 2020 

A u t o l m p l a n t challenge [73]. The m e t h o d reached 3 r d place out of 11 par t i c ipa t ing 

teams i n b o t h challenge tracks. The text was edi ted b y r e m o v i n g the section w i t h 

related w o r k w h i c h can be f o u n d i n Sect ion 3.2 

9.1 I N T R O D U C T I O N 

C r a n i e c t o m y is a procedure d u r i n g w h i c h a specific part of the s k u l l is resected 

a n d eventual ly replaced w i t h a crania l i m p l a n t . W h e n d e s i g n i n g the i m p l a n t , the 

correct s k u l l shape reconstruct ion is cr i t ical for a satisfactory patient outcome. The 

shape of the i m p l a n t s h o u l d m a k e it possible to restore the protective a n d aesthetic 

f u n c t i o n of the s k u l l a n d also fit very precisely a long the border [68, 69]. A success­

f u l l y reconstructed s k u l l s h o u l d be most ly indis t inguishable f r o m a heal thy s k u l l . 

The o r i g i n a l s k u l l shape before the resection is therefore often used as the g o l d e n 

s tandard of the target reconstructed shape [72]. 

This paper presents a B U T s u b m i s s i o n to the M I C C A I 2020 A u t o l m p l a n t C h a l ­

lenge [73]. The p r o p o s e d m e t h o d is a n adaptat ion of the cascaded reconstruct ion 

C N N architecture that has been recently a p p l i e d to the S k u l l B r e a k dataset [63]. Fur ­

thermore, the m e t h o d is extended b y a n automatic l a n d m a r k - b a s e d registrat ion 

a n d a deta i l -preserving m o r p h o l o g i c a l post-processing step. In our experiments , 

we s h o w h o w different components of the m e t h o d affect the reconstruct ion accu­

racy o n a v a l i d a t i o n dataset of defective skul ls . F inal ly , w e report the results o n the 

f u l l testing dataset of the A u t o l m p l a n t Chal lenge . 

9.2 P R O P O S E D M E T H O D 

The p r o p o s e d m e t h o d consists of several steps as i l lustrated i n F igure 9.1. The 

l a n d m a r k detect ion step a n d the s k u l l reconstruct ion step are h a n d l e d by a 3 D 

C N N m o d e l . 
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(a) (b) (c) 

Figure 9.1: Overview of the proposed method. In the input skull volume (a) 4 landmarks 

are detected (b). The skull is transformed (c) so that the detected landmarks 

(red) are registered to the reference landmarks (green). Then, the skull is re­

constructed by estimating the missing shape (d). Finally, the result is post-

processed (e) and transformed back into the original skull coordinates (f). 

9.3 S K U L L A L I G N M E N T 

The defects i n the A u t o l m p l a n t dataset are generated o n a static p o s i t i o n ins ide 

the data v o l u m e s a n d the var iab i l i ty i n their shapes a n d posi t ions comes f r o m the 

var iab i l i ty of pos i t ions of the skul l s . W h e n reconstruct ing the shapes w i t h a v o l ­

umetr ic C N N m o d e l , this introduces some dif f icult ies . The reconstruct ion m o d e l 

needs to i m p l i c i t l y learn rotat ional a n d translat ional invariance a n d it also makes 

it cumbersome to exploi t the s y m m e t r i c propert ies of the skul l s . To address this, 

we use scale a n d r i g i d transformations to n o r m a l i z e the scale a n d the p o s i t i o n of 

the skul l s . 

U n l i k e the parameters of the scale t ransform that are k n o w n f r o m the C T acqui ­

s i t ion process, the parameters of the r i g i d t ransformat ion need to be inferred f r o m 

the data. We use the pos i t ions of four anatomical l a n d m a r k s , n a m e l y the left a n d 

r ight a u d i t o r y meatus a n d left a n d r ight supraorbi ta l no tch (see F igure 9.1 b), to 

compute the t ransform. This a l l o w s us to a v o i d possible compl ica t ions of u s i n g 

convent ional registrat ion methods , s u c h as issues w i t h substantial differences i n 

i n i t i a l pos i t ions of the data v o l u m e s a n d different anatomical regions present i n 

the data. 

We tra ined a s i m p l e 3 D C N N m o d e l for l a n d m a r k detect ion w i t h a U-ne t archi ­

tecture u s i n g the heatmap regression a p p r o a c h [103]. The detect ion m o d e l is i l l u s ­

trated i n F igure 9.2 (left) a n d its t r a i n i n g is further descr ibed i n Sect ion 9.6. A f t e r 
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detecting the l a n d m a r k s , w e f i n d the r i g i d t rans form that moves these l a n d m a r k s 

onto reference l a n d m a r k s p laced o n the xy plane u s i n g s ingular va lue d e c o m p o ­

s i t ion [15]. E v e n i f one l a n d m a r k is not detected either because of the detection 

m o d e l fai lure or because of a s k u l l defect, s u c h m i s s i n g detect ion can u s u a l l y be 

ident i f i ed [35] a n d the m i s s i n g l a n d m a r k p o s i t i o n can be c o m p u t e d f r o m the other 

three l a n d m a r k s . 

9.4 S K U L L R E C O N S T R U C T I O N 

The s k u l l reconstruct ion m o d e l takes the a l i g n e d b i n a r y defective s k u l l data as an 

i n p u t a n d produces the m i s s i n g part of the s k u l l as a n output . The m o d e l consists 

of two 3 D C N N s w i t h m o d i f i e d U-net architecture that are t ra ined u s i n g the soft 

D i c e loss. B o t h ne tworks have a d d i t i o n a l m a x - p o o l i n g a n d u p - s a m p l i n g steps as 

c o m p a r e d to U-ne t to increase the f i e ld of v i e w of the o u t p u t neurons a n d o n l y 

one c o n v o l u t i o n a l layer at each reso lut ion as s h o w n i n F igure 9.2 (right). 

The first n e t w o r k takes a f u l l data v o l u m e at a reduced reso lut ion as i n p u t a n d 

produces an estimate of the m i s s i n g shape w i t h the c o r r e s p o n d i n g resolut ion. A 

lateral ly f l i p p e d copy of the v o l u m e is also concatenated to the i n p u t of this net­

w o r k to facilitate easier p r o p a g a t i o n of i n f o r m a t i o n f r o m one s ide of the s k u l l 

to the other [63]. The second n e t w o r k takes a single pa tch of the o r i g i n a l resolu­

t ion i n p u t concatenated to the u p - s a m p l e d patch of the l o w - r e s o l u t i o n estimate 

at the c o r r e s p o n d i n g p o s i t i o n a n d produces the f ina l m i s s i n g shape estimate i n 

this patch. B o t h ne tworks are t ra ined u s i n g their respective reso lut ion g r o u n d -

truth . E a c h t r a i n i n g step comprises two updates . First , the l o w - r e s o l u t i o n ne twork 

weights are u p d a t e d u s i n g the l o w - r e s o l u t i o n g r o u n d truth . N e x t , b o t h l o w - a n d 

h igh- reso lu t ion n e t w o r k weights are u p d a t e d u s i n g the h igh- reso lu t ion g r o u n d 

truth . The patches are chosen r a n d o m l y d u r i n g the t ra in ing . E v a l u a t i n g the sec­

o n d ne twork u s i n g a w i n d o w s l i d i n g over a l l the pos i t ions i n the low-reso lu t ion 

estimate produces the f u l l m i s s i n g shape at the o r i g i n a l resolut ion. 

The architecture of b o t h of the reconstruct ion ne tworks is s h o w n i n F i g u r e 9.2 

(right) a n d the t r a i n i n g details can be f o u n d i n Sect ion 9.6. The reconstruct ion 

m o d e l is descr ibed i n further deta i l b y K o d y m et a l . [63]. 

9.5 S H A P E P O S T - P R O C E S S I N G 

The reconstruct ion m o d e l w i l l occasional ly p r o d u c e outputs that conta in noise, 

such as dis joint objects or protuberances cover ing the heal thy part of the s k u l l as 

s h o w n i n F igure 9.3 (left). W e make a n a s s u m p t i o n that the m i s s i n g shapes s h o u l d 

o n l y consist of a single compact object. First , to isolate o n l y the m a i n m i s s i n g 
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Figure 9.2: Architectures of the 3D C N N models used for landmark detection (left) and 

shape reconstruction (right). 

Figure 9.3: Example of the detail-preserving morphological post-processing of the esti­

mated missing shape. Note that the undesired protuberance is removed while 

the fine details are preserved along the object border. 

shape, w e use connected component analysis a n d d iscard a l l objects except the 

largest one. Second, w e use a m o r p h o l o g i c a l o p e n i n g operat ion to remove any 

shape protuberances w i t h less than des i red m i n i m u m shape thickness. 

However , the o p e n i n g operat ion also tends to p r o d u c e over ly s m o o t h shapes 

a long the defect edges w h e r e it is desirable to keep the fine details p r o d u c e d by 

the reconstruct ion m o d e l . To address this , w e keep b o t h the o r i g i n a l a n d m o r p h o ­

log ica l ly o p e n shapes. We then a p p l y an a d d i t i o n a l m o r p h o l o g i c a l d i l a t i o n to the 

o p e n shape, p r o d u c i n g a m a s k that is s l ight ly b igger than the o r i g i n a l shape b u t 

does not i n c l u d e the protuberances. M a s k i n g the o r i g i n a l shape w i t h s u c h a mask 

results i n a shape w i t h the o r i g i n a l fine details b u t w i t h o u t the larger protuber­

ances as s h o w n i n F igure 9.3 (right). 
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9.6 E X P E R I M E N T S 

In this section, w e describe the experiments a n d s h o w the effect of i n d i v i d u a l 

m e t h o d components o n the reconstruct ion outputs . A l l the experiments were r u n 

o n a system w i t h Ti tan X p G P U w i t h 12GB G R A M . 

9.6.1 Landmark Detection 

We m a n u a l l y annotated the four l a n d m a r k s i n a l l 100 t r a i n i n g s k u l l vo lumes . We 

tra ined the l a n d m a r k detect ion C N N m o d e l o n 90 samples , l eav ing 10 skul l s for 

v a l i d a t i o n . The m o d e l was tra ined for 100,000 iterations u s i n g A d a m o p t i m i z e r 

w i t h t r a i n i n g step 10~ 4 a n d the dataset was s t rongly augmented u s i n g r a n d o m 

rotations to ascertain that the m o d e l is able to detect the l a n d m a r k s i n cases of 

arbi trary patient pos i t ions ins ide the scanner. 

The results of the l a n d m a r k detect ion o n the 10 v a l i d a t i o n cases can be seen i n 

F igure 9.4 (left). The a u d i t o r y meatus l a n d m a r k s were detected w i t h an error of 

1.22 ± 0.70 m m w h i l e the supraorbi ta l no tch l a n d m a r k s achieved a s l ight ly higher 

error of 1.84 ± 1.03 m m . A n impor tant observat ion is that the t ra ined m o d e l also 

succeeded i n the detect ion of a l l four l a n d m a r k s i n a l l the 110 testing cases as 

w e l l , a n d every s k u l l c o u l d be a l igned f u l l y automat ica l ly w i t h o u t a n y m a n u a l 

in tervent ion at test t ime. 

9.6.2 Missing Shape Inference 

S i m i l a r to the l a n d m a r k detect ion m o d e l , the reconstruct ion ne tworks were also 

tra ined o n 90 t r a i n i n g samples . For the ablat ion experiments i n this w o r k , bo th 

l o w - a n d h i g h - r e s o l u t i o n ne tworks were t ra ined o n batches of 4 samples u s i n g 

A d a m o p t i m i z e r w i t h t r a i n i n g step 1 0 ~ 4 for 50,000 iterations u s i n g a resolut ion 

of 3.2 m m per v o x e l a n d 0.4 m m per v o x e l , respectively. A l l data v o l u m e s were 

p a d d e d to d i m e n s i o n s 512 x 512 x 512 w h i c h means that the c o r r e s p o n d i n g l o w -

reso lut ion samples h a d d i m e n s i o n s 64 x 64 x 64. R a n d o m lateral f l ips were used 

to augment the dataset. 

We t ra ined three different reconstruct ion models . The basic cascade model is 

t ra ined o n the o r i g i n a l l y p r o v i d e d challenge data. The m i r r o r e d i n p u t channel 

is not u s e d i n the l o w - r e s o l u t i o n n e t w o r k of this m o d e l as the sagittal p lane is not 

k n o w n . The aligned model is t ra ined o n the data that have been p r e v i o u s l y a l i g n e d 

u s i n g the detected l a n d m a r k posi t ions . Th is also a l l o w s us to use the m i r r o r e d 

channel i n this m o d e l . The aligned and augmented m o d e l is also t ra ined o n a d d i ­

t ional defective s k u l l s that have been created f r o m the t r a i n i n g complete skul ls . 
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Figure 9.4: Accuracy of the landmark detection (left) and the reconstruction models (right) 

on the validation cases. 

F ive defects were created o n each s k u l l u s i n g r a n d o m shapes, s i m i l a r to the S k u l l -

Break dataset, resul t ing i n a d d i t i o n a l 450 t ra in ing cases. W e also created 10 a d d i ­

t ional v a l i d a t i o n cases u s i n g the same process. 

The results of the reconstruct ion m o d e l o n the v a l i d a t i o n cases are s h o w n i n 

F igure 9.4 (right). The basic cascade m o d e l h a d the worst per formance o n the 

v a l i d a t i o n cases, ach iev ing an average D i c e score of 0.835. S i m p l y a l i g n i n g the data 

a n d a d d i n g the m i r r o r e d i n p u t to the l o w - r e s o l u t i o n n e t w o r k i n the a l i g n e d m o d e l 

h a d a substantial effect o n the m o d e l per formance , reaching 0.895 Dice score a n d 

s h o w i n g the benefit of r e d u c i n g the degrees of f r e e d o m of the defects d u r i n g the 

reconstruct ion. H o w e v e r , b o t h m o d e l s overfit s t rongly to the t r a i n i n g dataset w i t h 

specific shape a n d p o s i t i o n of the defects a n d were unable to generalize to the 

a d d i t i o n a l augmented v a l i d a t i o n cases w h e r e the d i s t r i b u t i o n of defect shapes a n d 

posi t ions is different. The a l i g n e d a n d augmented m o d e l t ra ined o n the a d d i t i o n a l 

defective cases, o n the other h a n d , was able to b o t h reconstruct the a d d i t i o n a l 

v a l i d a t i o n cases a n d increase the o r i g i n a l data accuracy to a D i c e score of 0.903. 

9.7 RESULTS 

We a l i g n e d b o t h subsets of the f ina l 110 test cases of the A u t o l m p l a n t challenge 

u s i n g the l a n d m a r k detect ion m o d e l . For reconstruct ion, w e u s e d the a l igned a n d 

augmented m o d e l that h a d been t ra ined for 120,000 iterations. We also increased 

the first reconstruct ion n e t w o r k reso lut ion to 1.6 m m per v o x e l , resul t ing i n l o w -

reso lut ion v o l u m e s of d i m e n s i o n s 128 x 128 x 128 voxels i n the f ina l evaluated 
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Table 9.1: The results of the proposed method on the Autolmplant Challenge test dataset 

i n terms of Dice score and Hausdorff distance. 

Test case (100) Test case (10) O v e r a l l (110) 

M e a n D S C 0.920 0.910 0.919 

M e a n H D 4-137 4.707 4.189 

m o d e l . To d i s c a r d the occasional artifacts, w e used the post-processing m e t h o d 

descr ibed i n Sect ion 9.5. B o t h s tandard a n d a d d i t i o n a l subsets of the test dataset 

were reconstructed complete ly automat ica l ly w i t h o u t any m a n u a l interactions. The 

l a n d m a r k detect ion m o d e l , the a l igned t r a i n i n g dataset, a n d the augmented tra in­

i n g dataset are p u b l i c l y ava i lab le 1 . 

The results of the p r o p o s e d m e t h o d o n the challenge test dataset i n terms of 

D i c e coefficient a n d H a u s d o r f f distance are s h o w n i n Table 9.1. Several quali tat ive 

examples of the reconstruct ion output o n the s tandard subset, the a d d i t i o n a l sub­

set, a n d also the augmented v a l i d a t i o n dataset are s h o w n i n F igure 9.5 w h e r e one 

case of reconstruct ion fai lure o n the a d d i t i o n a l test set can also be observed. 

9.8 C O N C L U S I O N 

O u r experiments s h o w e d that the s k u l l a l ignment a n d data augmenta t ion tech­

niques w e u s e d increased the accuracy of the s k u l l reconstruction. These are gen­

eral concepts that c o u l d be a p p l i e d to a n y other reconstruct ion m o d e l . A l t h o u g h 

we o n l y encountered one fa i lure case i n our experiments , it h ints at the fact that 

more defect shape augmentat ions s h o u l d be u s e d to increase the robustness of the 

reconstruct ion m o d e l . It is current ly u n k n o w n whether the achieved accuracy i n 

terms of the Dice coefficient a n d H a u s d o r f f distance c o u l d warrant c l in ica l appl i ca ­

b i l i t y of the m e t h o d . H o w e v e r , v i s u a l inspect ion of the reconstructed defects shows 

n o v is ib le artifacts i n most cases. 

W h i l e the reconstruct ion m e t h o d reaches g o o d accuracy, the f ina l shape w i l l 

u s u a l l y have to be further edi ted b y a n experienced c l i n i c i a n i n m e d i c a l practice. 

Therefore, it w o u l d be benefic ial to explore w a y s to i n c l u d e interact ivi ty i n the i m ­

plant d e s i g n m e t h o d , p o s s i b l y d r a w i n g i n s p i r a t i o n f r o m interactive c o n v o l u t i o n a l 

networks that have been successful ly a p p l i e d to segmentat ion tasks. A n o t h e r inter­

esting research d i rec t ion is leveraging different data representations s u c h as p o i n t 

c louds or level sets. 

1https://github.com/OldaKodym /BUT_autoimplant_public 

https://github.com/OldaKodym/BUT_autoimplant_public
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Figure 9.5: Examples of the reconstruction results. From top row to bottom: The standard 

test set, the additional test set and the augmented validation set. Reconstruction 

failure could be observed in the last case of the additional test set i n red color. 



G O I N G F R O M S Y N T H E T I C T O R E A L P A T I E N T D A T A 

This chapter presents the article " D e e p L e a r n i n g for C r a n i o p l a s t y i n C l i n i c a l Prac­

tice: G o i n g f r o m Synthetic to Real Patient D a t a " current ly i n the rev iew process of 

the C o m p u t e r s i n B i o l o g y journa l . The w o r k deals w i t h the reconstruct ion of real 

patient data a n d w i t h the d e s i g n of d irect ly pr intable crania l implants . 

10.1 I N T R O D U C T I O N 

C r a n i o p l a s t y is a procedure that restores the aesthetic, mechanica l , a n d protec­

tive f u n c t i o n of a defective s k u l l b y i m p l a n t i n g mater ia l into the defect area. A l ­

t h o u g h autologous bone or t i t a n i u m meshes can be used as imp lan ts , 3 D pr intable 

i m p l a n t s have been s h o w n to be more versatile a n d to have several other a d v a n ­

tages, s u c h as lower r isk of compl ica t ions or lower chance of r e q u i r i n g a secondary 

surgery [44, 32]. M a n u f a c t u r i n g these i m p l a n t s requires m o d e l i n g their shape i n 

computer-assisted d e s i g n ( C A D ) software as the first step. Th is v i r t u a l reconstruc­

t ion , however, requires the h u m a n operator to have sufficient k n o w l e d g e of s k u l l 

anatomy as w e l l as s k i l l i n 3 D m o d e l i n g . E v e n i f these requirements are met, cor­

rectly m o d e l i n g the i m p l a n t is t i m e - c o n s u m i n g even for a s k i l l e d operator, espe­

c ia l ly i n cases of defects reaching into b o t h lateral sides of the s k u l l [25]. A u t o m a t i ­

cal ly p r o d u c i n g fast a n d precise est imations of the i m p l a n t shapes c o u l d therefore 

m e a n increased s tandardiza t ion a n d efficiency of cranioplasty c l in ica l w o r k f l o w . 

M o s t recent (semi-)automatic s k u l l reconstruct ion methods a i m to solve the task 

of f i n d i n g the exact shape of the m i s s i n g part of the s k u l l . W e refer to this type 

of reconstruct ion o u t p u t as a skull patch i n this article. The m a i n criteria for a suc­

cessful s k u l l pa tch est imat ion is a n anatomica l ly p laus ib le , s y m m e t r i c shape w i t h 

a s m o o t h a n d seamless fit a long the defect border. In c l in ica l practice, this a l lows 

the operator to use the est imated s k u l l pa tch as a template for the f ina l c rania l 

i m p l a n t d e s i g n i n C A D software. C o n v e n t i o n a l s k u l l reconstruct ion methods use 

m i r r o r i n g the heal thy side of the s k u l l onto the defective side [23], surface inter­

polat ions [24, 127] or their c o m b i n a t i o n [88] to estimate the s k u l l patch . Statistical 

shape m o d e l s [89] greatly e x p a n d e d the range of s k u l l defects that can be recon­

structed automat ica l ly [112,41,42]. In recent years, the research focus shif ted to v o l ­

umetr ic c o n v o l u t i o n a l n e u r a l ne tworks ( C N N s ) w h i c h have s h o w n great p r o m i s e 

i n fast a n d robust s k u l l pa tch reconstruction[98, 63, 91] a n d became the m e t h o d of 
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Skull patch estimation 

Input clinical data 

Baseline reconstruction model 
Large synthetic data set with 

skull patch ground truth 

Multi-brach reconstruction model 
Large synthetic data setwith 

skull patch ground truth 

Limited clinical dataset with 
implant shape ground truth mmmm 

Figure 10.1: The proposed multi-branch architecture makes use of multi-task learning on 

different skull reconstruction datasets. In addition to higher overall accuracy 

and ability to directly output cranial implant shapes, the skull patch output of 

the multi-branch model also better fits the shape to complex defect borders in 

real clinical data. 

choice i n the 2020 A u t o l m p l a n t challenge [73]. The C N N - b a s e d methods are u s u ­

al ly t ra ined a n d evaluated u s i n g synthetic defects created b y r e m o v i n g some part 

of healthy, resul t ing i n a v i r t u a l l y inf ini te a m o u n t of different samples. 

The f ina l shape of the crania l i m p l a n t (referred to s i m p l y as implant i n the re­

m a i n d e r of this article) differs f r o m the shape of the s k u l l pa tch i n several ways 

(see F igure 10.2). The i m p l a n t s have a constant thickness different f r o m the o r i g ­

i n a l bone a n d have some spat ia l tolerance a long the defect border to account for 

scar tissue a n d c o n t i n u i n g bone g r o w t h , ensur ing implantabi l i ty . The shape of the 

i m p l a n t can also be est imated direct ly b y a C N N m o d e l , p r o v i d e d that sufficient 

t ra in ing data is available for t ra in ing . A l t h o u g h it is more di f f icul t to edit this k i n d 

of shape i n C A D software d u e to fine details a long the defect border, it has the 

potent ia l to be u s e d i n a f u l l y automatic setting w h e n n o h u m a n operator or not 

e n o u g h t ime for m a n u a l d e s i g n is available, for example i n intra-operative r a p i d 

m a n u f a c t u r i n g of c rania l i m p l a n t s [128]. 

Synthetic datasets for automatic es t imat ion of s k u l l patches recently became 

available because they are easy to create f r o m p u b l i c databases of heal thy skul l s , 

such as C Q 5 0 0 [28]. H o w e v e r , they d o not necessarily f u l l y cover the defective 

s k u l l shape d i s t r i b u t i o n of target c l in ica l data (i. e. different anatomical var iab i l i ty 

of the target p o p u l a t i o n , defect shapes a n d sizes, c o m p l e x m o r p h o l o g y of defect 

border) , w h i c h m a y affect the resul t ing reconstruct ion qua l i ty i n practice [63]. Rea l 

c l in ica l data w i t h expert -designed i m p l a n t m o d e l s are, o n the other h a n d , d i f f i cul t 

to obtain. Fur thermore , i n our experience, the d i s t r i b u t i o n of available c l in ica l data 
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is often b iased towards s i m p l e uni - la tera l defect cases a n d not easily extendable 

by synthetic defect a n d i m p l a n t shapes. The more cha l lenging bi lateral a n d fronto-

orbi ta l defects are less c o m m o n , yet it is i n these cha l lenging cases where correct 

automatic s k u l l pa tch reconstruct ion or i m p l a n t d e s i g n can have the largest impact 

o n c l in ica l practice. 

The m a i n cont r ibut ion of this article is p r o p o s i n g a m u l t i - b r a n c h C N N architec­

ture capable of l earn ing f r o m the two types of cranioplasty data s imultaneously . 

G i v e n a defective s k u l l , the m o d e l estimates the shapes of b o t h the s k u l l pa tch a n d 

the i m p l a n t d u r i n g inference, as i l lustrated i n F igure 10.1. We compare the p r o ­

posed m u l t i - b r a n c h m o d e l to two baseline m o d e l s t ra ined o n synthet ic -only a n d 

c l in ica l -only datasets a n d s h o w that b o t h outputs of the p r o p o s e d m u l t i - b r a n c h 

m o d e l reach comparat ive ly h igher qua l i ty a n d conta in a lower a m o u n t of art i ­

facts, w h i c h is c ruc ia l for d e p l o y m e n t i n c l in ica l practice. A l t h o u g h a s imi lar effect 

c o u l d poss ib ly be achieved b y col lect ing a vast a m o u n t of w e l l - d i s t r i b u t e d c l in i ca l 

data or by perfect ly m a t c h i n g their d i s t r i b u t i o n b y m e t i c u l o u s l y ta i lo r ing synthetic 

data, w e believe that the p r o p o s e d a p p r o a c h of c o m b i n i n g a large a m o u n t of i m ­

perfect synthetic data a n d a l i m i t e d set of target c l in ica l data is general ly s impler 

a n d easily extendable to different types of cranioplasty data (i. e. different p o p u l a ­

t ion , a d d i t i o n a l defect areas s u c h as the orbi ta l f loor or zygomat ic bone, different 

preferences for the f ina l i m p l a n t shape). In a d d i t i o n to q u a n t i f y i n g reconstruct ion 

qual i ty u s i n g c o m m o n b i n a r y shape reconstruct ion metrics s u c h as D i c e coefficient 

a n d surface distance, w e also propose a n e w metric based o n G a u s s i a n curvature 

to quant i fy surface imperfect ions that have a direct impact o n aesthetic patient 

outcome. 

10.2 M A T E R I A L S A N D M E T H O D S 

10.2.1 Datasets 

We use two different cranioplasty datasets i n this w o r k . The S k u l l B r e a k dataset [64] 

is a synthetic s k u l l shape reconstruct ion dataset adapted f r o m the C Q 5 0 0 p u b l i c 

database of h e a d C T scans [28]. The C T scans were r i g i d l y a l i g n e d a n d segmented 

to p r o v i d e n o r m a l i z e d shapes of heal thy skul l s . T h e n , synthetic defects were cre­

ated by subtract ing r a n d o m shapes f r o m several regions i n each s k u l l . M o r p h o ­

log ica l operat ions were a d d i t i o n a l l y used to m i m i c some degree of bone h e a l i n g 

processes a long the defect borders . The dataset contains 570 t r a i n i n g a n d 100 test­

i n g pa i rs of defective skul l s a n d c o rre sp o n din g s k u l l patches. 

The second, in-house dataset was p r o v i d e d b y the T E S C A N M e d i c a l company. 

It contains a total of 387 real patient cases indica ted for cranioplasty. E a c h p a -
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Figure 10.2: A x i a l slices through samples from the datasets used i n this work. From left to 

right: skull patch sample from a synthetic dataset, manually designed implant 

shape sample from an in-house clinical dataset, manually designed skull patch 

sample from an in-house clinical dataset. 

tient case consists of C T data w i t h m a n u a l s k u l l segmentat ion a n d a m e s h m o d e l 

cor respo nd ing to a n expert-designed crania l i m p l a n t . 75 of these cases a d d i t i o n ­

al ly conta in expert -designed m e s h models of patches cover ing the f u l l area of the 

defects that were used as the i n i t i a l template for the f ina l i m p l a n t d e s i g n b y the 

expert. A l t h o u g h these expert -designed patches have a different thickness f r o m the 

o r i g i n a l bone , their outer surface can be u s e d as a reference for the outer surface 

of automat ica l ly reconstructed patches. This na tura l ly l e d us to spl i t the in-house 

dataset c o r r e s p o n d i n g l y into 312 t r a i n i n g cases a n d 75 test cases, ensur ing that a 

real c l in ica l test set of reasonable size is available for evaluat ion of b o t h the s k u l l 

patch shape es t imat ion a n d the f ina l i m p l a n t shape es t imat ion tasks. A l l i m p l a n t 

a n d patch m e s h models i n the c l in ica l in-house dataset were rasterized into v o x e l 

gr ids a n d the data were r i g i d l y a l i g n e d to c o n f o r m w i t h the S k u l l B r e a k data. Sev­

eral examples f r o m a l l datasets can be seen i n F igure 10.2. 

The two datasets also differ i n several more aspects. Because they come f r o m ge­

ographica l ly distant sources, the average size a n d the anatomica l var iab i l i ty of the 

skul l s differ [106]. The scale a n d pos i t iona l var iab i l i ty of the defects is also different. 

W h i l e the Skul lbreak dataset was created specif ical ly to conta in a ba lanced a m o u n t 

of uni la tera l , b i la teral , a n d fronto-orbi ta l defects, the c l in ica l in-house dataset con­

tains a h igher a m o u n t of uni - la tera l defects w i t h larger sizes a n d reaching farther 

into lower parts of t e m p o r a l a n d s p h e n o i d bones. A l t h o u g h some of these dif ­

ferences c o u l d be addressed b y ta i lor ing the synthetic defects i n the Skul lbreak 

dataset to fit the d i s t r i b u t i o n of c l in ica l data more closely, some aspects s u c h as 

s k u l l shape var ia t ion a n d defect border complex i ty cannot be precisely emula ted . 
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Figure 10.3: Illustration of the multi-branch C N N cascade training process. Inputs and out­

puts of the network i n light and dark green colors, respectively, and ground-

truth shapes i n blue. In each training step, the coarse network weights are first 

updated using the sum of the coarse losses, and then both coarse and high-

resolution network weights are updated using the sum of the high-resolution 

losses. 

10.2.2 Baseline CNN Models for Shape Estimation 

We use the same baseline reconstruct ion m e t h o d for b o t h the s k u l l pa tch est ima­

t ion a n d the i m p l a n t es t imat ion tasks, w i t h the o n l y difference b e i n g the data used 

for t ra in ing . The m e t h o d is based o n a cascade of two U-net - l ike v o l u m e t r i c C N N s 

p r o p o s e d i n o u r p r e v i o u s w o r k [63]. The first, coarse C N N takes a b i n a r y shape 

of the defective s k u l l i n coarse reso lut ion a n d produces a n i n i t i a l o u t p u t shape 

estimate w i t h the same resolut ion. The second, h igh- reso lu t ion C N N then takes a 

single crop of upsca led coarse shape estimate a n d c o r r e s p o n d i n g crop of the h i g h -

reso lut ion defective s k u l l a n d produces a h i g h - r e s o l u t i o n shape estimate of that 

crop, effectively p e r f o r m i n g super-resolut ion of the coarse shape estimate loca l ly 

c o n d i t i o n e d o n the h igh- reso lu t ion defective s k u l l . The coarse C N N m o d e l a d d i ­

t ional ly uses a m i r r o r e d copy of the i n p u t v o l u m e , w h i c h w a s s h o w n to i m p r o v e 

lateral s y m m e t r y of o u t p u t shapes [63]. 

We use 12 i n i t i a l feature channels a n d an i n p u t v o l u m e size of 128 x 128 x 128 

for b o t h the coarse a n d h i g h - r e s o l u t i o n C N N s . The f ina l output is created b y first 

in fe r r ing the coarse shape estimate a n d then in fer r ing the h igh- reso lu t ion C N N 

i n a s l i d i n g w i n d o w manner. B o t h the o r i g i n a l i n p u t a n d the f ina l h igh-reso lut ion 

output v o l u m e s have a size of 512 x 512 x 512 voxels w i t h a reso lut ion of 0.4 m m 

per voxe l . We t ra in the C N N cascade for 300,000 steps o n mini-batches of size 4 
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u s i n g the soft Dice loss [94]. E a c h t ra in ing step consists of p r o p a g a t i n g gradients 

of loss c o m p u t e d o n coarse reso lut ion t h r o u g h the coarse reso lut ion C N N a n d 

propagat ing gradients of loss c o m p u t e d o n one h i g h - r e s o l u t i o n crop t h r o u g h both 

the coarse a n d h i g h - r e s o l u t i o n C N N s . M o r e details about the C N N architecture 

a n d t r a i n i n g procedure can be f o u n d i n the o r i g i n a l w o r k [63]. 

10.2.3 Multi-branch CNN Model for Joint Shapes Estimation 

To facilitate t ra in ing of b o t h tasks o n the two datasets s imul taneous ly u s i n g a single 

C N N cascade m o d e l , w e make the f o l l o w i n g changes to the baseline architecture. 

For the coarse C N N , instead of p r o d u c i n g the o u t p u t direct ly f r o m the last layer 

of the U - n e t - l i k e backbone, w e b r a n c h the n e t w o r k into two separate shape est ima­

t ion branches. The s k u l l pa tch est imat ion b r a n c h is t ra ined to o u t p u t coarse shape 

estimates of the s k u l l pa tch u s i n g the t r a i n i n g samples f r o m the S k u l l B r e a k dataset. 

Converse ly , the i m p l a n t es t imat ion b r a n c h is t ra ined to output coarse est imation 

of the shape of i m p l a n t s u s i n g the t r a i n i n g samples f r o m the in-house dataset. The 

two outputs are concatenated a n d used as a n i n p u t for the h i g h - r e s o l u t i o n C N N . 

The h i g h - r e s o l u t i o n C N N o u t p u t is aga in spl i t into s k u l l pa tch es t imat ion a n d 

i m p l a n t es t imat ion branches t ra ined o n the c o r r e s p o n d i n g dataset samples . 

E a c h shape est imat ion b r a n c h is f o r m e d b y a single c o n v - R e L U - c o n v - s o f t m a x 

b lock , w i t h b o t h c o n v o l u t i o n a l layers h a v i n g the same n u m b e r of features as the 

last U-ne t layer. Th is means that w h i l e the shape est imat ion branches a l l o w two 

s l ight ly different outputs to be est imated by the C N N , the shared U-net - l ike back­

bone is forced to l earn to extract m e a n i n g f u l local features that are suitable for 

correct shape est imat ion o n b o t h datasets. 

D u r i n g the t r a i n i n g of the m u l t i - b r a n c h C N N cascade, w e use m i x e d m i n i -

batches conta in ing two samples f r o m the Skul lbreak dataset a n d two samples f r o m 

the in-house dataset. A c c o r d i n g l y , two loss components are c o m p u t e d for b o t h the 

coarse a n d h i g h - r e s o l u t i o n C N N s : one for the s k u l l pa tch es t imat ion b r a n c h o u t p u t 

u s i n g the S k u l l B r e a k samples a n d one for the i m p l a n t est imat ion b r a n c h o u t p u t us­

i n g the in-house dataset samples . These loss components are then a d d e d together 

before u p d a t i n g the according C N N weights . The m u l t i - b r a n c h m o d e l o v e r v i e w is 

s h o w n i n F igure 10.3. 

10.2.4 Metrics 

For the sake of the quantitat ive evaluat ion , w e assume that the expert -designed 

shapes i n the test set represent the o n l y correct s o l u t i o n to the shape est imation 

tasks. Th is means that the qua l i ty of the output can be quant i f ied u s i n g segmen-
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tat ion metrics s u c h as v o l u m e t r i c overlaps (i.e. D i c e coefficient) a n d surface dis ­

tance [135]. H o w e v e r , note that the shape reconstruct ion task is specific i n a l l o w ­

i n g some var iab i l i ty i n the reconstructed shape i n some cases, as l o n g as there are 

no imperfect ions a long the fit of the reconstructed shape to the i n p u t shape. See 

Sect ion 11 for an i l lus t ra t ion of h o w different segmentat ion metrics correlate w i t h 

a subjective qua l i ty score of an expert i m p l a n t designer. For these reasons, w e eval­

uate the automatic reconstruct ion outputs u s i n g m u l t i p l e different metrics i n this 

w o r k . 

In the case of i m p l a n t shape evaluat ion , w e use the Dice coefficient a n d average 

surface distance for quant i f i ca t ion of the est imated i m p l a n t shape quali ty, s i m i l a r l y 

to recent relevant w o r k s [41, 91, 72]. In the case of s k u l l pa tch shape evaluat ion, 

however, the expert -designed g r o u n d - t r u t h patches a n d m o d e l outputs have dif ­

ferent characteristics a n d this prevents us f r o m u s i n g these metrics d irect ly (see 

F igure 10.2). Because the thickness of the g r o u n d - t r u t h patch is different f r o m the 

thickness of the o r i g i n a l bone i n the S k u l l B r e a k dataset, w e measure average sur­

face error o n l y at outer surface voxels of the s k u l l . 

We pay special attention to the qua l i ty of fit a long the defect border of the s k u l l 

patches. S i m i l a r l y to other authors [41], w e report the outer surface distance c o m ­

p u t e d a long the defect border. H o w e v e r , this metr ic m a y not precisely convey some 

types of c o m m o n errors of s k u l l reconstruct ion w h i c h have impact o n the aesthetic 

outcome of cranioplasty, s u c h as s l ight trenches or b u m p s o n the surface a l o n g 

the defect border. To this e n d , w e compare approximate G a u s s i a n curvatures of 

reconstructed skul l s a n d reference skul l s a long the defect border to s u p p l y this 

i n f o r m a t i o n . 

G a u s s i a n curvature is rout ine ly u s e d i n 3 D m o d e l surface analysis l i tera­

ture [134]. F o r s i m p l i f i c a t i o n , w e chose to approximate the G a u s s i a n curvature 

error of the reconstructed s k u l l shapes b y first s m o o t h i n g the b i n a r y images of 

s k u l l shapes w i t h a G a u s s i a n b l u r w i t h CT = 5, then n o r m a l i z i n g back to range 

between o a n d 1 a n d c o m p u t i n g the G a u s s i a n curvature K | at each v o x e l i u s i n g 

the f o l l o w i n g equat ion: 

Ht(F) V F [ 

V F t 0 

K i = w t f — ( m i ) 

where F is the b l u r r e d v o l u m e , V F is its gradient a n d H is H e s s i a n matr ix . The 

resul t ing G a u s s i a n curvature v o l u m e s are then c o m p a r e d direct ly b y c o m p u t i n g 

voxel -wise squared error a n d w e report the m e a n of this error c o m p u t e d a long the 

defect border voxels as 

M S E K = ^ 2 J K r f - i < r d ) 2 do-*) 
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Figure 10.4: Implant estimates of the baseline implant model (top) and the multi-branch 

model (bottom). 

where B is the set of outer border voxels of the predic ted patch a n d N B is their 

count. A l t h o u g h the exact result of this m e t h o d is par t ia l ly dependent o n v o x e l 

reso lut ion , va lue ex a n d o n the absolute distance between the reconstructed a n d 

the reference s k u l l surfaces, it e l iminates the need for f i n d i n g exact vertex corre­

spondences a n d our experiments s h o w that h i g h resul t ing values correspond to 

dented or uneven parts of the surfaces. 

10.3 RESULTS 

The baseline i m p l a n t m o d e l was t ra ined u s i n g the 312 t r a i n i n g i m p l a n t shapes 

f r o m the in-house dataset a n d the baseline s k u l l pa tch m o d e l was t ra ined u s i n g 

the 570 Skul lbreak t r a i n i n g data samples . Because w e not iced that the average size 

of the S k u l l B r e a k skul l s differs f r o m the average size of the in-house test skul l s , 

we t ra ined another baseline s k u l l pa tch m o d e l o n a m o d i f i e d vers ion of the S k u l l -

Break dataset that was rescaled to m a t c h the average height , length , a n d breadth 

of the in-house skul l s . The m u l t i - b r a n c h m o d e l was tra ined u s i n g a c o m b i n a t i o n 

of the in-house a n d the rescaled Skul lbreak dataset. O u t p u t s of a l l m o d e l s were 

m o r p h o l o g i c a l l y denoised b y r e m o v i n g smal ler connected components a n d shape 

artifacts [62] before c o m p a r i n g t h e m to the reference expert -designed shapes i n the 

in-house test set. 

10.3.1 Implant Shape Estimation Performance 

The i m p l a n t shapes p r o d u c e d b y the baseline i m p l a n t m o d e l reached an average 

D i c e coefficient of 0.85 ± 0 . 1 0 a n d average surface error of 0.77 ± 0.44 m m , c o n f i r m ­

i n g that it is possible to l earn the direct m a p p i n g of defective s k u l l shapes to the 

f ina l crania l i m p l a n t shapes u s i n g the C N N cascade. However , because central a n d 
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f ronto-orbi ta l defects are not w e l l represented i n the in-house t ra in ing dataset, the 

baseline i m p l a n t m o d e l fails to correctly estimate i m p l a n t shapes i n these cases, as 

s h o w n i n F igure 10.4. Th is issue m a y be a m p l i f i e d b y the fact that, due to the data 

imbalance , the coarse C N N m o d e l learns to re ly too m u c h o n the m i r r o r e d i n p u t 

to p r o v i d e i n i t i a l i n f o r m a t i o n about the m i s s i n g shape due to overf i t t ing, l e a d i n g 

to the inab i l i ty to correctly dea l w i t h bi lateral defects. 

The i m p l a n t estimates of the m u l t i - b r a n c h m o d e l reached a n average D i c e co­

efficient of 0.88 ± 0.07 a n d a n average surface error of 0.65 ± 0.33 m m , s h o w i n g 

an increase i n accuracy a n d decreased var iab i l i ty of output shape quality. Closer 

inspect ion of the outputs reveals increased success rate of b i la teral a n d fronto-

orbi ta l i m p l a n t shape est imation. Th is can be attr ibuted to better general izat ion 

of the U-ne t backbone w h i c h needs to account for more diverse defect posi t ions 

i n the S k u l l B r e a k dataset. Several example i m p l a n t shape estimates f r o m b o t h the 

baseline i m p l a n t m o d e l a n d the m u l t i - h e a d m o d e l i m p l a n t est imat ion b r a n c h are 

s h o w n i n F igure 10.4. The d i s t r i b u t i o n of D i c e coefficients a n d average surface 

distances achieved b y b o t h models can be f o u n d i n F igure 10.7. 

10.3.2 Skull Patch Estimation Performance 

The s k u l l patches p r o d u c e d b y the baseline s k u l l pa tch m o d e l t ra ined o n the o r i g i ­

n a l S k u l l B r e a k data resulted i n an average outer surface error of 0.98 ± 0.45 m m o n 

the in-house test set. Rescal ing the Skul lbreak t ra in ing skul l s to match the average 

size of the in-house s k u l l s decreased the error b y 15% to 0.83 ± 0.38 m m , support ­

i n g the hypotheses that the m o d e l learns the average s k u l l shape of the t r a i n i n g 

data. However , the s k u l l pa tch estimates s t i l l p r o d u c e d shapes w i t h h i g h surface 

error a n d occasional artifacts s u c h as holes a n d u n e v e n surfaces, especial ly i n cases 

of large defects. O n e of the causes m a y be the fact that the defects i n the Skul lBreak 

dataset d o not f u l l y cover the lower areas of the s k u l l . This c o u l d be addressed by 

extending the dataset w i t h a d d i t i o n a l synthetic defects, but Figures 10.5 a n d 10.6 

s h o w that there are m u l t i p l e different sources of error. 

The s k u l l pa tch estimates p r o d u c e d b y the m u l t i - b r a n c h C N N m o d e l further de­

creased the average surface error to 0.67 ± 0.37 m m . In a d d i t i o n to a lower a m o u n t 

of v i s ib le holes a n d artifacts i n the est imated shapes, the m u l t i - b r a n c h m o d e l also 

predic ted the s k u l l patches w i t h overal l lower outer surface distance f r o m the ref­

erence expert -designed patches, as s h o w n i n F igure 10.5. The dis t r ibut ions of a l l 

error metrics for the three m o d e l s are s h o w n i n F igure 10.8. 

Interestingly, the m u l t i - b r a n c h m o d e l o u t p u t also reached a lower defect bor­

der surface error of 0.75 m m , c o m p a r e d to 0.96 m m a n d 0.94 m m for the baseline 

m o d e l s t ra ined o n the o r i g i n a l a n d the rescaled S k u l l B r e a k dataset, respectively. 
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Figure 10.5: Estimated skull patches of the baseline skull patch model (top) and the multi-

branch model (bottom). 

S imi lar ly , the G a u s s i a n curvature errors of the baseline s k u l l pa tch m o d e l t ra ined 

o n the o r i g i n a l Skul lbreak a n d o n the rescaled S k u l l B r e a k datasets also d i d not 

differ s ignif icantly, b u t the curvature error decreased b y a r o u n d 12% i n the case of 

the m u l t i - b r a n c h m o d e l s k u l l pa tch b r a n c h outputs . This suggests that the m u l t i -

b r a n c h m o d e l learned to better fit the reconstructed s k u l l patches to the more 

c o m p l e x borders of the in-house defective sk u l l s , despite o n l y seeing the corre­

s p o n d i n g i m p l a n t shapes w i t h spat ia l tolerance a long the border d u r i n g t r a i n i n g 

(see F igure 10.2). F igure 10.6 shows h o w the G a u s s i a n curvature error reacts to 

different types of surface errors c o m p a r e d to the distance-based metrics, h e l p i n g 

to v i s u a l l y ident i fy problemat ic regions of the s k u l l pa tch shape reconstruct ion 

outputs . 

IO.4 D I S C U S S I O N A N D C O N C L U S I O N S 

C N N - b a s e d s k u l l reconstruct ion methods are b e c o m i n g a hot topic i n m e d i c a l 

i m a g i n g . O n e of the major drawbacks i n the current research is that the reconstruc­

t ion outputs are most often evaluated o n a he ld-out synthetic dataset i n w h i c h 

s imi lar anatomica l var iab i l i ty a n d defect shape a n d type d i s t r i b u t i o n can be en­

sured. O n e of the goals of this s t u d y was to i l lustrate the behavior of a C N N - b a s e d 

s k u l l reconstruct ion m o d e l s t ra ined o n a n easi ly accessible synthetic dataset o n 

real patient data. O u r experiments s h o w e d that the transfer of the t ra ined C N N 

m o d e l to a different p o p u l a t i o n can negatively affect the reconstruct ion quality. 

Fur thermore , by l o o k i n g at differences i n G a u s s i a n curvature , w e f o u n d that the 

shape c o m p l e x i t y of the defect border i n real c l in i ca l data can cause faults i n the 

smoothness of the resul t ing surface. 

We s h o w e d that w h e n t r a i n i n g the m o d e l o n real c l in ica l patient data , synthetic 

data can be effectively leveraged u s i n g the p r o p o s e d m u l t i - b r a n c h C N N m o d e l to 
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Figure 10.6: Three example pairs of baseline skull patch model outputs and a multi-branch 

model skull patch outputs, respectively, wi th color-coded Gaussian curvature 

error. The 3D models were rendered using marching cubes algorithm and 

post-processed using quadratic decimation and normal smoothing. The multi-

branch model can produce smoother results w i t h lower curvature error. 



10-4 DISCUSSION AND CONCLUSIONS 

Implant 
surface error 

8 
o 

I 
Basel ine 

(IH) 

o 
8 
o 

Mult i-branch 
(SB scaled + IH) 

0.9 

0.8 

0.7 -

c 
' o 

o 

5 0 5 

0.4 -

0.3 -

0.2 

Implant 
Dice coeff icient 

b 

8 

O r •> 

C 

O 

Basel ine 
(IH) 

Mult i-branch 
(SB scaled + IH) 

Figure 10.7: Boxplots showing the error distributions of the evaluated models trained on 

corresponding datasets (Skullbreak - SB, in-house - IH). Average surface error 

and Dice coefficient of the implant estimates. 

s igni f icant ly i m p r o v e the m o d e l per formance a n d compensate for c o m m o n issues 

of c l in ica l patient datasets (i. e. data scarcity a n d imbalance) . The error of the 

outer surface of reconstructed skul l s achieved b y the p r o p o s e d m e t h o d is h igher 

than some other recent w o r k s evaluated o n synthetic defects [63, 41]. However , w e 

believe that factors s u c h as the h igher average area of the defects i n our test set 

m a y be the cause a n d that the results are overal l very p r o m i s i n g . 

The synthetic a n d c l in ica l datasets u s e d i n this w o r k contained different types 

of g r o u n d truths: the o r i g i n a l m i s s i n g s k u l l pa tch shape a n d f ina l crania l i m p l a n t 

shapes. Th is a l l o w e d us to automat ica l ly p r o d u c e 3 D pr intable a n d direct ly i m ­

plantable shapes for the first t ime, a l t h o u g h this use case w i l l require further 

evaluat ion of the c l in ica l a p p l i c a b i l i t y i n cooperat ion w i t h experienced i m p l a n t de­

signers. M o r e important ly , the general abi l i ty of the m o d e l to combine cranioplasty 

data f r o m different sources a n d of different types can accelerate the a d o p t i o n of the 

automatic reconstruct ion methods by a l l o w i n g t r a i n i n g o n specific target datasets 

w h i l e e x p l o i t i n g the advantages of available synthetic datasets. 

To o u r best k n o w l e d g e , this w a s the first s t u d y that evaluated C N N - b a s e d s k u l l 

reconstruct ion o n a real c l in ica l dataset of this size. The p r o p o s e d m u l t i - b r a n c h 

C N N cascade increased the reconstructed shape qual i ty b y a l l o w i n g t r a i n i n g o n 

more data w h e n c o m p a r e d to the i n d i v i d u a l baseline models . A l t h o u g h the results 
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of this s t u d y are p r o m i s i n g f r o m a quantitat ive perspective, they w i l l next need to 

be evaluated b y an experienced i m p l a n t designer to ascertain their c l in ica l va lue . 



C O R R E L A T I O N A N A L Y S I S O F Q U A N T I T A T I V E 

R E C O N S T R U C T I O N M E T R I C S 

This chapter i l lustrates h o w w e l l can the quantitat ive segmentat ion metrics predic t 

usabi l i ty of automatic s k u l l reconstruct ion results i n c l in ica l practice. It is current ly 

u n d e r rev iew i n the C o m p u t e r s i n B i o l o g y j o u r n a l i n f o r m of a n a p p e n d i x to the 

article presented i n the p r e v i o u s section. 

We created a dataset of automat ica l ly reconstructed defective skul l s a n d submit ­

ted it to a n expert w i t h experience i n the f ie ld of s k u l l reconstruct ion a n d i m p l a n t 

d e s i g n for subjective qua l i ty evaluat ion. C o m p a r i n g these subjective expert scores 

w i t h metrics of s i m i l a r i t y between the reconstructed a n d the o r i g i n a l shape can 

give a n idea of w h a t to look for w h e n evaluat ing the reconstructions. 

11.1 S K U L L D A T A A N D R E C O N S T R U C T I O N 

The s k u l l data come f r o m the S k u l l B r e a k a n d S k u l l F i x datasets [64], so the g r o u n d 

t ruth o r i g i n a l shapes are available. A C N N - b a s e d reconstruct ion of the m i s s i n g 

shape [63] was p e r f o r m e d o n each s k u l l . Because for this analysis w e w o u l d i d e a l l y 

want to cover the w h o l e qua l i ty s p e c t r u m f r o m b a d reconstructions to very g o o d 

reconstructions, w e i n c l u d e d the f o l l o w i n g types of reconstructed cases: 

• S k u l l F i x test case reconstructions 

• S k u l l F i x a d d i t i o n a l test case reconstructions 

• S k u l l B r e a k test case reconstructions 

• S k u l l B r e a k t r a i n i n g case reconstructions (to i n c l u d e several close-to-perfect 

reconstructions) 

• S k u l l B r e a k test case reconstructions u s i n g generative m o d e l [63] (to i n c l u d e 

m u l t i p l e different reconstructions for a s ingle case, i n c l u d i n g v i s i b l y b a d 

ones) 

This resulted i n a total of 35 skul l s . The expert ass igned a score o n a scale f r o m 

zero to ten to each of the reconstructions, w h e r e zero corresponded to unacceptable 

reconstruct ion a n d ten to a near ly perfect result. 
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11.2 G L O B A L M E T R I C S 

We first c o m p u t e d correlat ion coefficients between the subjective expert score a n d 

rout ine ly u s e d segmentat ion metrics, i n c l u d i n g v o l u m e t r i c D i c e coefficient a n d av­

erage s y m m e t r i c surface distance. We also i n c l u d e d the surface distance c o m p u t e d 

at the outer surface of the s k u l l , since it is the most i m p o r t a n t aspect for subse­

quent i m p l a n t m o d e l i n g steps [85]. The outer surface was used i n the evaluat ion 

of some p r e v i o u s w o r k s [41] a n d w e used it i n this w o r k because of the shape 

characteristics of the g r o u n d t r u t h data. 

F igure 11.1 s h o w s that these g l o b a l metrics correlate w i t h the expert subjective 

score w i t h correlat ion coefficients a r o u n d 0.6, c o n f i r m i n g that they are appropr ia te 

for the c o m p a r i s o n of different reconstruct ion methods . However , it can be noted 

that their correlat ion is w e a k i n regions of h igher subjective expert scores, m a k i n g 

it imposs ib le to use t h e m for d i s c r i m i n a t i o n between g o o d a n d perfect results. 

A l s o , several cases satisfy the quantitat ive metrics w h i l e b e i n g seen as l o w - q u a l i t y 

by the expert a n d vice versa (see cases h i g h l i g h t e d i n r e d i n F igure 11.1). 

11.3 D E F E C T B O R D E R M E T R I C S 

The smoothness of the surface closest to the defect border has a s ignif icant impact 

o n the aesthetic outcome of cranioplasty. We s t u d y two metrics that focus o n this 

area: outer surface distance of the defect border a n d m e a n square error of G a u s s i a n 

curvature. The defect border is de f ined as a set of outer surface voxels of the 

reconstructed s k u l l pa tch shape i n direct contact w i t h the defective s k u l l . 

F igure 11.3 shows that b o t h of these metrics correlate w i t h the subjective expert 

score s i m i l a r l y or s l ight ly more than the g l o b a l metrics . M o s t important ly , it can 

be seen that the border metrics i n d e e d convey different i n f o r m a t i o n . A l t h o u g h the 

quantitative border metrics also d o not a lways agree w i t h the subjective qual i ty 

score, the corre lat ion w i t h the expert score was h igher i n the cases w h e r e the 

correlat ion of the g l o b a l metrics was low. 

This s t u d y was p e r f o r m e d u s i n g o n l y one type of automatic reconstruct ion 

m e t h o d a n d the results were evaluated by a s ingle i m p l a n t d e s i g n expert, w h i c h 

leaves m u c h r o o m for more extensive studies. However , it can be c o n c l u d e d that to 

best gauge the qua l i ty of results of automatic s k u l l reconstruct ion, different types 

of quantitat ive metrics s h o u l d be c o m b i n e d together, a n d b o t h g loba l a n d border 

metrics s h o u l d be taken into account. 
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Figure 11.1: Plots of the three global quantitative metrics plotted against the corresponding 

expert subjective score. Note that i n some cases (highlighted by red arrows), 

the metrics failed to estimate practical usability of the reconstruction result. 
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tive score. The same cases are highlighted as i n the Figure 11.1. 
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Figure 11.3: Plots of the two border quantitative metrics plotted against the corresponding 

expert subjective score. The same cases are highlighted as i n the Figures 11.1 

and 11.2, showing that the border metrics convey different yet relevant infor­

mation about the reconstruction result. 



P a r t I V 

S U M M A R Y 



C O N C L U S I O N 

The p r i m a r y goal of this thesis was s t reaml in ing the c l in ica l w o r k f l o w of cranio-

plasty PSI d e s i g n w h i c h w i l l lead to h igher qua l i ty a n d accessibil ity of state-of-

the-art crania l implants . Th is task w a s approached by address ing two m a i n bottle­

necks of the current w o r k f l o w : s k u l l segmentat ion a n d v i r t u a l reconstruct ion. In 

b o t h cases, n o v e l approaches based o n deep l e a r n i n g were p r o p o s e d a n d i m p l e ­

mented to reduce the a m o u n t of requi red h u m a n operator interact ion d u r i n g the 

d e s i g n process. C o m b i n e d w i t h automatic s k u l l a l ignment , the p r o p o s e d methods 

f o r m a complete cranioplasty PSI d e s i g n system (see F igure 12.1). A l t h o u g h out­

puts of i n d i v i d u a l system components can be edi ted by a h u m a n operator i n case 

of s u b o p t i m a l results, the system is des igned to be f u l l y automatic . 

Based o n feedback f r o m the experts of the T E S C A N M e d i c a l company, the auto­

matic C u t C N N s k u l l segmentat ion m e t h o d already p r o v i d e s s ignif icant i m p r o v e ­

ment a n d decreased t ime cost i n practice w h e n c o m p a r e d to the p r e v i o u s l y avai l ­

able set of convent ional segmentat ion tools, a l t h o u g h these can s t i l l be used to 

correct errors of the automatic m e t h o d . This a l lows for more efficient creation 

of anatomy models for surgica l p l a n n i n g or patient educat ion , as w e l l as pre­

process ing data for subsequent v i r t u a l s k u l l reconstruct ion. 

The automatic s k u l l shape reconstruct ion is b e i n g exper imenta l ly i m p l e m e n t e d 

into the computer-assisted i m p l a n t d e s i g n practice as of the t ime of w r i t i n g this 

thesis a n d therefore the feedback o n the pract ical impact o n c l in ica l practice is l i m ­

i ted. H o w e v e r , the a p p r o a c h was s h o w n to achieve p r o m i s i n g results. It r a n k e d 3 r d 

i n the A u t o l m p l a n t 2020 challenge, a c h i e v i n g h i g h l y competi t ive results i n terms 

of Dice coefficient. It was also the o n l y f u l l y 3D, h i g h - r e s o l u t i o n approach , w h i c h 

a l l o w e d it to a v o i d some v is ib le artifacts that can result f r o m 2D sl ice-by-slice p r o ­

cessing or r e s a m p l i n g to lower resolut ion . A comprehensive expert evaluat ion is 

current ly not available. H o w e v e r , 4 real cranioplasty test cases were evaluated by 

an expert i n the same m a n n e r that was descr ibed i n Sect ion 11. A l l of the evaluated 

cases were labeled as b r i n g i n g some pract ical u t i l i t y to the d e s i g n process (i. e. the 

expert w o u l d be w i l l i n g to use t h e m as a template for subsequent m o d e l i n g ) . In 3 

of the 4 reconstructed cases, the expert ass igned a subjective score of 7 or more to 

the automatic s k u l l reconstruct ion result, h i n t i n g at overal l h i g h quality. 

The current research of automatic v i r t u a l s k u l l reconstruct ion methods is l i m i t e d 

by several factors. These i n c l u d e a lack of s tructured a n d s tandardized cranioplasty 

datasets a n d a lack of consensus r e g a r d i n g the use of quantitat ive metrics. A d d i -
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t ionally, little attention is g i v e n to the var iab i l i ty of feasible i m p l a n t shapes. To 

address these issues, this thesis has several secondary contr ibut ions . 

The S k u l l B r e a k dataset opened access to s tandardized v i r t u a l s k u l l reconstruc­

t ion data that c o u l d be u s e d for development , reproducib le evaluat ion , a n d c o m ­

p a r i s o n of automatic reconstruct ion methods . It was des igned to focus o n anatom­

ical var iab i l i ty a n d var iab i l i ty of defect shapes a n d a l l o w s for the ident i f icat ion 

of s trong a n d weak points of the reconstruct ion approaches by conta in ing sets of 

strictly uni la tera l a n d bi lateral defects, a n d also sets of c rania l a n d orbi ta l defects. 

The dataset is b e i n g used i n the current e d i t i o n of the A u t o l m p l a n t cha l lenge 1 , 

s e rv ing as a b e n c h m a r k for a var iety of state-of-the-art s k u l l reconstruct ion meth­

ods. 

The discrepancy i n the choice of quantitat ive metrics to be u s e d for the evalua­

t ion of s k u l l reconstruct ion methods does not have a s t ra ight forward so lut ion . The 

single user s t u d y presented i n Sect ion n d i d not ident i fy a single best quantitat ive 

metric . Instead, it was c o n c l u d e d that several different metrics s h o u l d be c o m b i n e d 

to gauge the c l in i ca l usabi l i ty of the s k u l l reconstruct ion outputs . Th is w o r k also 

e x p a n d e d the p o o l of available metrics b y the nove l G a u s s i a n curvature est imation 

error w h i c h can he lp v i s u a l l y ident i fy b u m p s a n d trenches a long the s k u l l defect 

border. 

F inal ly , this w o r k br ie f ly addressed the task of generat ing m u l t i p l e reconstructed 

shape hypotheses for a s ingle defective s k u l l b y u s i n g generative models . A l t h o u g h 

the achieved shape var iab i l i ty w a s l i m i t e d a n d the o p t i o n of generat ing m u l t i p l e 

reconstructions is current ly not requi red for m e d i c a l practice, it is a p r o m i s i n g area 

that c o u l d be explored further i n the future. 

Several a d d i t i o n a l topics s h o u l d be addressed i n future w o r k . F r o m a n eva lu­

at ion p o i n t of v i e w , a n extensive user s t u d y needs to be p e r f o r m e d to ascertain 

the c l in i ca l impact of the p r o p o s e d automatic cranioplasty p ipe l ine . Two m a i n 

sources of feedback w i l l l i k e l y be available i n near future: first, the experts f r o m 

the T E S C A N M e d i c a l w i l l have access to the exper imenta l i m p l e m e n t a t i o n of the 

p r o p o s e d f ramework , a n d second, the current e d i t i o n of the A u t o l m p l a n t challenge 

w i l l i n c l u d e a n evaluat ion dataset of real cranioplasty data w h i c h w i l l be rated by 

experienced c l inic ians s k i l l e d i n PSI des ign. 

F r o m a m e t h o d o l o g i c a l po in t of v i e w , future research w i l l need to address short­

comings of the current ly p r o p o s e d automatic methods ident i f ied b y the evaluat ing 

experts. Independent ly of w h a t these shortcomings m a y be, one major topic c o u l d 

be incorpora t ing user i n p u t into the inference m e c h a n i s m of deep l e a r n i n g models . 

O n e possible a p p r o a c h p r o p o s e d i n Section 8 consists of generat ing a cont inuous 

spec t rum of shape hypotheses a n d lett ing the user choose the most appropr ia te 

1 https://autoimplant2021.grand-challenge.org/Taskl/ 

https://autoimplant2021.grand-challenge.org/Taskl/
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one. H o w e v e r , more sophist icated approaches c o u l d also be e x p l o r e d , s u c h as ex­

p a n d i n g the p r o p o s e d m o d e l to r e s p o n d to user inputs i n f o r m of c l icks or scribbles 

i n 2D slices or operat ions def ined i n the 3D d o m a i n . S u c h a m e t h o d w o u l d p r o ­

v i d e a p o w e r f u l interactive too l capable of generat ing o p t i m a l PSIs w i t h m i n i m u m 

time cost a n d almost no m a n u a l s k i l l requirements , cont r ibut ing greatly to the PSI 

qual i ty as w e l l as accessibility. 



G L O S S A R Y 

A M A d d i t i v e M a n u f a c t u r i n g . 38 

ASD Average Symmetr i c Distance. 19, 30 

C A D Computer -ass i s ted D e s i g n . 13, 60, 83, 84 

CBCT C o n e B e a m C o m p u t e d Tomography. 11 

CMF C r a n i o m a x i l l o f a c i a l . 5, 8, 11 

C N N C o n v o l u t i o n a l N e u r a l N e t w o r k . 17, 22, 25-28, 33, 34, 38-41, 43-49, 59~65> 

73-79/ 83-85, 87, 88, 90-92, 94, 97 

CT C o m p u t e d Tomography. 4, 11-13, 15, 17, 19, 20, 24, 27, 32-42, 45, 46, 48, 49, 52, 

56, 60, 76, 85, 86 

DICOM D i g i t a l I m a g i n g a n d C o m m u n i c a t i o n s i n M e d i c i n e . 11, 56 

DSA Defect Surface A r e a . 53, 54 

FHP F r a n k f o r t - h o r i z o n t a l P lane . 6, 33, 34, 48, 49 

G A N Generat ive A d v e r s a r i a l N e t w o r k . 27, 64, 65 

H U H o u n s f i e l d U n i t . 11,12,15,19, 55 

ICP Iterative Closest Point a l g o r i t h m . 23 

MR M a g n e t i c Resonance. 4, 27 

MSD M e a n S y m m e t r i c Distance. 44, 45 

MSP M i d - s a g i t t a l Plane. 6, 33 

M V M u l t i - v i e w . 39, 41, 43-45 

NURBS N o n - u n i f o r m Rat iona l Basis Spl ine . 20 

Or Orbi ta le l a n d m a r k . 8 

PCA P r i n c i p a l C o m p o n e n t A n a l y s i s . 17, 23, 24, 27 

PEEK Polyether-Ether-Ketone. 10 

P M M A P o l y m e r i z e d M e t h y l - M e t h a c r y l a t e . 10 

Po P o r i o n l a n d m a r k . 8 

PSI Patient-specific Implant . 5, 12, 15, 18, 19, 32, 60, 61, 73, 103, 105, 106 

RBF R a d i a l Basis F u n c t i o n . 20 

SDC Surface D i c e Coeff ic ient . 43-45 

107 



Glossary 108 

SSM Statistical Shape M o d e l . 17, 22-25, 28, 30 

STL S tandard Tessellation Language . 12, 13 

TPS T h i n Plate Spl ine . 20, 21, 24, 25 

V D C V o l u m e t r i c D i c e Coeff ic ient . 19, 30, 43-45 

VOR V o x e l O c c u p a n c y Rate. 53, 54 



B I B L I O G R A P H Y 

[1] C le f t l i p a n d cleft palate - S y m p t o m s a n d causes. U R L https ://www . 

m a y o c l i n i c . o r g / d i s e a s e s - c o n d i t i o n s / c l e f t - p a l a t e / s y m p t o m s - c a u s e s / 

syc-20370985. Accessed: 2021-04-04. 

[2] C r a n i o p l a s t y Surgery , Bone Correc t ion , . U R L https://www. 

p r i n c e t o n n e u r o l o g i c a lsurgery.com/our- s e r v i c e s / b r a i n -surgery/ 

c r a n i o p l a s t y / . Accessed: 2021-04-04. 

[3] Craniosynostos is a n d C r a n i o f a c i a l Disorders - Def in i t ions , Diagnos i s a n d 

Treatments, . U R L https ://www.aans.org/. Accessed: 2021-04-04. 

[4] P lagiocephaly , Craniosynostos is , a n d Genetic Syndromes , 

U R L h t t p s : / / w w w . d u k e h e a l t h.org/ p e d i a t r i c - t r e a t m e n t s / 

p e d i a t r i c - p l a s t i c - a n d - r e c o n s t r u c t i v e - s u r g e r y / 

a b n o r m a l - h e a d - s h a p e - a n d-skull - d e f o r m i t y . Accessed: 2021-04-04. 

[5] A m i r H . A b d i , Heather B o r g a r d , P u r a n g A b o l m a e s u m i , a n d S idney Fels. 

A n a t o m y g e n : Deep anatomy generat ion f r o m dense representation w i t h ap­

pl icat ions i n m a n d i b l e synthesis. In International Conference on Medical Imag­

ing with Deep Learning, L o n d o n , U n i t e d K i n g d o m , 08-10 Ju l 2019. 

[6] A m i r H . A b d i , M e h r a n Pesteie, E i t a n P r i s m a n , P u r a n g A b o l m a e s u m i , a n d 

S idney Fels. Var ia t iona l shape c o m p l e t i o n for v i r t u a l p l a n n i n g of j aw re­

constructive surgery. In Lecture Notes in Computer Science, pages 227-235. 

Springer Internat ional P u b l i s h i n g , 2019. d o i : io.ioo7/978-3-030-32254-o_26. 

[7] S a n g l n A n , J i -Yeon Lee , C h o o r y u n g J. C h u n g , a n d K y u n g - H o K i m . C o m p a r ­

i s o n of different midsagi t ta l plane conf igurat ions for evaluat ing craniofacia l 

a s y m m e t r y b y expert preference. American Journal of Orthodontics and Dento-

facial Orthopedics, i52(6):788-797, December 2017. d o i : 10.1016Zj.ajodo.2017. 

04.024. 

[8] K e n n e t h A n d e r s o n . Mosby's medical, nursing, & allied health dictionary. M o s b y , 

St. L o u i s , 1998. I S B N 978-0815148005. 

[9] L u c a D i A n g e l o , Paolo D i Stefano, L a p o G o v e r n i , A n t o n i o M a r z o l a , a n d Yary 

Volpe . A robust a n d automatic m e t h o d for the best s y m m e t r y plane de­

tection of craniofacial skeletons. Symmetry, n(2):245, February 2019. d o i : 

io.339o/symno20245. 

109 

https://www
https://www
https://www.aans.org/
https://www.dukehealth.org/pediatric-treatments/
http://10.1016Zj.ajodo.2017


BIBLIOGRAPHY 110 

[10] Sajad A r a b n e j a d , Burnett Johnston, M i c h a e l Tanzer, a n d D a m i a n o Pas in i . 

F u l l y p o r o u s 3D p r i n t e d t i t a n i u m femora l s tem to reduce stress-shielding 

f o l l o w i n g total h i p arthroplasty. Journal of Orthopaedic Research, 35(8)11774-

1783, October 2016. d o i : 10.1002/JOT.23445. 

[11] B r i a n B. Avant s , N i c h o l a s J. Tust ison, G a n g Song , P h i l i p A . C o o k , A r n o K l e i n , 

a n d James C . Gee. A reproducib le eva luat ion of A N T s s i m i l a r i t y metr ic per­

formance i n b r a i n image registration. Neurolmage, 54(3):2033-2044, February 

2011. d o i : io.ioi6/j.neuroimage.20io.09.025. 

[12] M o u n i r Bashour. H i s t o r y a n d current concepts i n the analysis of facial attrac­

tiveness. Plastic and Reconstructive Surgery, n8(3):74i-756, September 2006. 

d o i : 10.1097701.prs.0000233051.61512.65. 

[13] R. B r y a n Be l l . C o m p u t e r p l a n n i n g a n d intraoperative n a v i g a t i o n i n cranio-

maxi l lo fac ia l surgery. Oral and Maxillofacial Surgery Clinics of North America, 

22(i):i35-i56, February 2010. d o i : 10.1016Zj.coms.2009.10.010. 

[14] A l e x a n d e r Belyaev a n d Yutaka Ohtake . A c o m p a r i s o n of m e s h s m o o t h i n g 

methods . Israel-Korea Bi-National Conference on Geometric Modeling and Com­

puter Graphics, Tel Aviv University, 83-87 (2003), 01 2003. 

[15] P.J. Besl a n d N e i l D . M c K a y . A m e t h o d for registrat ion of 3-D shapes. IEEE 

Transactions on Pattern Analysis and Machine Intelligence, 14(2) ̂ 39-256, Febru­

ary 1992. d o i : 10.1109/34.121791. 

[16] F E d w a r d Boas a n d D o m i n i k F le i schmann. C T artifacts: causes a n d reduct ion 

techniques. Imaging in Medicine, 4(2):229-240, A p r i l 2012. d o i : 10.2217/iim. 

12.13. 

[17] F .L . Bookste in . P r i n c i p a l w a r p s : thin-plate spl ines a n d the d e c o m p o s i t i o n of 

deformat ions . IEEE Transactions on Pattern Analysis and Machine Intelligence, 

11 (6)^67-585, June 1989. d o i : 10.1109/34.24792. 

[18] Y.Y. B o y k o v a n d M . - P . Jolly. Interactive g r a p h cuts for o p t i m a l b o u n d a r y & 

reg ion segmentat ion of objects i n N - D images. In Proceedings Eighth IEEE 

International Conference on Computer Vision. ICCV 2001. I E E E C o m p u t . Soc. 

d o i : io.ii09/iccv.20oi.937505. 

[19] J. C . Carr , R. K . Beatson, J. B. C h e r r i e , T. J. M i t c h e l l , W . R. Fr ight , B. C . M c C a l -

l u m , a n d T. R. Evans . Reconstruct ion a n d representation of 3D objects w i t h 

r a d i a l basis funct ions. In Proceedings of the 28th annual conference on Computer 

graphics and interactive techniques - SIGGRAPH '01. A C M Press, 2001. d o i : 

10.1145/383259.383266. 

http://10.1097701.prs.0000233051.61512.65
http://10.1016Zj.coms.2009


B I B L I O G R A P H Y 111 

[20] J .C. Carr , W . R . Fr ight , a n d R . K . Beatson. Surface in terpola t ion w i t h r a d i a l 

basis funct ions for m e d i c a l i m a g i n g . IEEE Transactions on Medical Imaging, 16 

(i):96-i07, 1997. d o i : 10.1109/42.552059. 

[21] Y u - B i n g C h a n g , James J. X i a , P e n g Y u a n , T a i - H o n g K u o , Z i x i a n g X i o n g , 

Jaime Gateno , a n d X i a o b o Z h o u . 3D segmentat ion of m a x i l l a i n cone-beam 

c o m p u t e d t o m o g r a p h y i m a g i n g u s i n g base invar iant wavelet active shape 

m o d e l o n c u s t o m i z e d t w o - m a n i f o l d topology. Journal of X-Ray Science and 

Technology, 2i(2):25i-282, 2013. I S S N 08953996. d o i : 10.3233/XST-130369. 

[22] J ian-Jun C h e n , W e i L i u , M i n g - Z h e L i , a n d Cheng-Tao W a n g . D i g i t a l m a n ­

ufacture of t i t a n i u m prosthesis for cranioplasty. The International Journal of 

Advanced Manufacturing Technology, 27(n-i2):ii48-ii52, M a r c h 2005. d o i : 

io.ioo7/sooi70-oo4-2309-y. 

[23] X i a o j u n C h e n , L u X u , X i n g L i , a n d Jan Egger. C o m p u t e r - a i d e d i m p l a n t de­

s ign for the restoration of crania l defects. Scientific Reports, 7(1), June 2017. 

d o i : 10.1038/S41598-017-04454-6. 

[24] Y a n i C h e n , B ibo S h i , Z h e w e i W a n g , P i n Z h a n g , Char les D . S m i t h , a n d Jun-

d o n g L i u . H i p p o c a m p u s segmentat ion t h r o u g h m u l t i - v i e w ensemble C o n -

v N e t s . In 201J IEEE 14th International Symposium on Biomedical Imaging (ISBI 

zoij). I E E E , A p r i l 2017. d o i : 10.1109Zisbi.2017.7950499. 

[25] C h e n g - H s i n C h e n g , H a o - Y u C h u a n g , H u n g - L i n L i n , C h u n - L i n L i u , a n d 

C h u n - H s u Yao. Surgica l results of cranioplasty u s i n g three-dimensional 

p r i n t i n g technology. Clinical Neurology and Neurosurgery, 168:118-123, M a y 

2018. d o i : io.ioi6/j.clineuro.20i8.03.004. 

[26] Pengfe i C h e n g , P e i H a n , C h a n g l i Z h a o , Shaoxiang Z h a n g , X i a o n o n g Z h a n g , 

a n d Y i m i n C h a i . M a g n e s i u m inference screw supports early graft incorpora ­

t ion w i t h i n h i b i t i o n of graft degradat ion i n anterior cruciate l igament recon­

struct ion. Scientific Reports, 6(1), M a y 2016. d o i : 10.1038/srep26434. 

[27] Y u a n C h e n g , Wee K h e n g L e o w , a n d T h i a m C h y e L i m . A u t o m a t i c ident i ­

f icat ion of f rankfurt p lane a n d mid-sagi t ta l p lane of s k u l l . In 2012 IEEE 

Workshop on the Applications of Computer Vision (WACV). I E E E , January 2012. 

d o i : io.ii09/wacv.20i2.6i62994. 

[28] Sasank C h i l a m k u r t h y , R o h i t G h o s h , Swetha Tanamala , M u s t a f a B i v i j i , N o r -

bert G . C a m p e a u , Vasantha K u m a r V e n u g o p a l , V i d u r M a h a j a n , Pooja Rao, 

a n d Prashant Warier. D e v e l o p m e n t a n d v a l i d a t i o n of deep l e a r n i n g algo­

r i th ms for detect ion of cr i t ical f i n d i n g s i n h e a d C T scans, 2018. 

http://10.1109Zisbi.2017


BIBLIOGRAPHY 112 

[29] C h e n g w e n C h u , C h e n g C h e n , L i L i u , a n d G u o y a n Z h e n g . F A C T S : F u l l y 

automatic C T segmentat ion of a h i p joint. Annals of Biomedical Engineering, 

43(5):i247-i259, N o v e m b e r 2014. d o i : 10.1007/S10439-014-1176-4. 

[30] J o h n D . Currey . The structure a n d mechanics of bone. Journal of Materials 

Science, /\7(i):/\i-^/\, September 2011. d o i : 10.1007/S10853-011-5914-9. 

[31] R o d r i g o D a l v i t C a r v a l h o d a S i lva , Thomas R i c h a r d J e n k y n , a n d V i c ­

tor A l e x a n d e r C a r r a n z a . C o n v o l u t i o n a l n e u r a l ne tworks a n d geometric m o ­

ments to ident i fy the bi lateral s y m m e t r i c m i d p l a n e i n facial skeletons f r o m 

C T scans. Biology, io(3):i82, M a r c h 2021. d o i : io.339o/biologyioo30i82. 

[32] E r a s m o Barros d a Si lva Junior, A f o n s o H e n r i q u e de Aragáo, M a r c e l o 

de P a u l a L o u r e i r o , Caetano S i lva L o b o , A n a Flávia O l i v e t i , Rafael M a r t i n e l l i 

de O l i v e i r a , a n d Ricardo R a m i n a . C r a n i o p l a s t y w i t h three-dimensional cus­

tomised m o u l d for po lymethylmethacry la te i m p l a n t : a series of 16 consecu­

tive patients w i t h cost-effectiveness considerat ion. 3D Printing in Medicine, 7 

(1), February 2021. d o i : 10.1186/S41205-021-00096-7. 

[33] A n g e l a D a i , Char les R u i z h o n g t a i Q i , a n d M a t t h i a s NieBner . Shape comple­

t ion u s i n g 3D-encoder-predictor C N N s a n d shape synthesis. In 2017 IEEE 

Conference on Computer Vision and Pattern Recognition (CVPR). I E E E , July 2017. 

d o i : 10.1109Zcvpr.2017.693. 

[34] D a v i d D e a n , K y o u n g - J u n e M i n , a n d A n g u s B o n d . C o m p u t e r a i d e d des ign 

of large-format prefabricated crania l plates. Journal of Craniofacial Surgery, 14 

(6):8i9-832, N o v e m b e r 2003. d o i : 10.1097/00001665-200311000-00002. 

[35] Dušan Drevický a n d Oldřich K o d y m . E v a l u a t i n g deep learn ing uncer­

tainty measures i n cephalometr ic l a n d m a r k loca l izat ion . In Proceedings of 

the 13th International Joint Conference on Biomedical Engineering Systems and 

Technologies. S C I T E P R E S S - Science a n d Technology Publ ica t ions , 2020. d o i : 

10.5220/0009375302130220. 

[36] P a u l S. D ' U r s o , T i m o t h y M . Barker, W . J o h n Earwaker , L a i n J. Bruce, R. L e i g h 

A t k i n s o n , M i c h a e l W . L a n i g a n , John F. A r v i e r , a n d D a v i d J. Effeney. Stere-

o l i thographic b i o m o d e l l i n g i n cranio-maxi l lo fac ia l surgery: a prospect ive 

tr ia l . Journal of Cranio-Maxillofacial Surgery, 2rj{\):^o-yj, February 1999. d o i : 

10.1016/31010-5182(99)80007-9. 

[37] D a v i d G . E l l i s a n d M i c h e l e R. A i z e n b e r g . D e e p learn ing u s i n g augmentat ion 

v i a registration: 1st place s o l u t i o n to the A u t o l m p l a n t 2020 challenge. In 

Towards the Automatization of Cranial Implant Design in Cranioplasty, pages 47-

http://10.1109Zcvpr.2017.693


BIBLIOGRAPHY 

55. Spr inger International P u b l i s h i n g , 2020. d o i : io.ioo7/978-3-030-64327-o_ 

6. 

Jean H . D . Fasel , Jörg B e i n e m a n n , K a r l Schaller, a n d H e i n z - O t t o Peitgen. 

C o m p u t e r science tools for m a n u a l e d i t i n g of c o m p u t e d tomographic i m ­

ages: Impact o n the qual i ty of 3D p r i n t e d models . Surgical Science, 05(10): 

439-443, 2014. d o i : 10.4236/SS.2014.510068. 

Zachar ias Four ie , Janalt D a m s t r a , Rutger H . Schepers, Peter O . Gerr i t s , a n d 

Y i j i n R e n . Segmentat ion process s igni f icant ly influences the accuracy of 3D 

surface models d e r i v e d f r o m cone b e a m c o m p u t e d tomography. European 

Journal of Radiology, 8i(4):e524-e530, A p r i l 2012. d o i : 10.1016/j.ejrad.2011.06. 

001. 

John R. F r e d i e u , Jennifer K e r b o , M a r k H e r r o n , R y a n Klat te , a n d M a l c o l m 

C o o k e . A n a t o m i c a l models : a d i g i t a l revo lut ion . Medical Science Educator, 25 

(2):i83-i94, M a r c h 2015. d o i : 10.1007/S40670-015-0115-9. 

M a r c A n t o n Fuessinger, Steffen S c h w a r z , Car l -Peter C o r n e l i u s , M a r c C h r i s ­

t ian Metzger , E d w a r d E l l i s , F l o r i a n Probst , W i e b k e S e m p e r - H o g g , M a t h i e u 

Gass , a n d Stefan Schlager. P l a n n i n g of s k u l l reconstruct ion based o n a statis­

t ical shape m o d e l c o m b i n e d w i t h geometric morphometr ies . International 

Journal of Computer Assisted Radiology and Surgery, 13(4̂ 5 19-529, October 

2017. d o i : 10.1007/SI1548-017-1674-6. 

M a r c A n t o n Fuessinger, Steffen S c h w a r z , Joerg Neubauer , Car l -Peter C o r ­

nel ius , M a t h i e u Gass , P h i l i p p Poxleitner, Ruediger Z i m m e r e r , M a r c C h r i s ­

t ian Metzger , a n d Stefan Schlager. V i r t u a l reconstruct ion of bi lateral m i d f a -

cial defects by u s i n g statistical shape m o d e l i n g . Journal of Cranio-Maxillofacial 

Surgery, 47(7): 1054-1059, Ju ly 2019. d o i : 10.10167j.jcms.2019.03.027. 

M a r k u s G a l l , X i n g L i , X i a o j u n C h e n , Dieter Schmalst ieg, a n d Jan Egger. 

C o m p u t e r - a i d e d p l a n n i n g a n d reconstruct ion of crania l 3D implants . In 2016 

38th Annual International Conference of the IEEE Engineering in Medicine and Bi­

ology Society (EMBC). I E E E , A u g u s t 2016. d o i : 10.1109/61x1 .̂2016.7590915. 

M i r k o S. G i l a r d i n o , M i h i r a n K a r u n a n a y a k e , Taghreed A l - H u m s i , A l i Izad-

p a n a h , H a s a n A l - A j m i , J u d i t h M a r c o u x , Jeffrey A t k i n s o n , a n d Jean-Pierre 

Farmer. A c o m p a r i s o n a n d cost analysis of cranioplasty techniques. Jour­

nal of Craniofacial Surgery, 26(i):ii3-ii7, January 2015. d o i : 10.1097/scs. 

0000000000001305. 

Ian G o o d f e l l o w , Jean P o u g e t - A b a d i e , M e h d i M i r z a , B i n g X u , D a v i d Warde-

Farley, Sherj i l O z a i r , A a r o n C o u r v i l l e , a n d Yoshua Bengio . Generat ive adver-

http://10.10167j.jcms.2019.03.027


BIBLIOGRAPHY 

sarial nets. In Z . G h a h r a m a n i , M . W e l l i n g , C . Cortes , N . D . Lawrence , a n d 

K . Q . Weinberger, editors , Advances in Neural Information Processing Systems 

27, pages 2672-2680. C u r r a n Associates , Inc., 2014. 

H e n r y Gray. A n a t o m y of the H u m a n B o d y . U R L https://www.bart.ieby. 

com/107/. Accessed: 2021-04-04. 

H a i j u n G u i , H u a w e i Y a n g , S h i L e i Z h a n g , Steve G.F . Shen, M i n g Ye, a n d 

Rainer Schmelzeisen. M i r r o r i n g tool . Journal of Craniofacial Surgery, 26(7): 

2115-2119, October 2015. d o i : 10.1097/scs.0000000000000913. 

Ishaan G u l r a j a n i , F a r u k A h m e d , M a r t i n A r j o v s k y , Vincent D u m o u l i n , a n d 

A a r o n C C o u r v i l l e . I m p r o v e d t r a i n i n g of wasserstein gans. In I. G u y o n , U . V. 

L u x b u r g , S. Bengio , H . W a l l a c h , R. Fergus, S. V i s h w a n a t h a n , a n d R. Garnett , 

editors, Advances in Neural Information Processing Systems 30, pages 5767-5777. 

C u r r a n Associates , Inc., 2017. 

Tobias H e i m a n n a n d Hans-Peter M e i n z e r . Statistical shape m o d e l s for 3D 

m e d i c a l image segmentation: A review. Medical Image Analysis, i3(4):543-

563, A u g u s t 2009. d o i : 10.1016/j.media.2009.05.004. 

P h i l i p p H o n i g m a n n , N e h a Sharma, B r a n d o O k o l o , U w e P o p p , B i l a l M s a l l e m , 

a n d F l o r i a n M . Thieringer . Patient-specific surgica l i m p l a n t s m a d e of 

3D p r i n t e d P E E K : M a t e r i a l , technology, a n d scope of surgica l appl ica t ion . 

BioMed Research International, 2018:1-8, 2018. d o i : 10.1155/2018/4520636. 

Eero H u o t i l a i n e n , Risto Jaanimets, Jiří Valášek, Petr Marcián, M i k a S a l m i , 

J u k k a T u o m i , A n t t i Mákitie, a n d Jan Wolff . Inaccuracies i n addi t ive m a n u ­

factured m e d i c a l s k u l l m o d e l s caused by the D I C O M to S T L convers ion p r o ­

cess. Journal of Cranio-Maxillofacial Surgery, /\2(^):e2^g-e26^, Ju ly 2014. d o i : 

io.ioi6/j.jcms.20i3.10.001. 

Ji h y e o n O h . Recent advances i n the reconstruct ion of cranio-maxi l lo fac ia l 

defects u s i n g c o m p u t e r - a i d e d des ign/computer -a ided m a n u f a c t u r i n g . Max­

illofacial Plastic and Reconstructive Surgery, 40(1), F e b r u a r y 2018. d o i : 10.1186/ 

S40902-018-0141-9. 

Jesper Jansen, R u u d Schreurs, Leander D u b o i s , Thomas J. J. M a a l , Pe­

ter J. J. G o o r i s , a n d A l f r e d G . Beck ing . O r b i t a l v o l u m e analysis : v a l i d a ­

t ion of a semi-automatic software segmentat ion m e t h o d . International Jour­

nal of Computer Assisted Radiology and Surgery, n ( i ) : i i - i 8 , Ju ly 2015. d o i : 

10.1007/SI1548-015-1254-6. 

Jesper Jansen, Leander D u b o i s , R u u d Schreurs, Peter J.J. G o o r i s , Thomas J.J. 

M a a l , L u d o F. Beenen, a n d A l f r e d G . Beck ing . S h o u l d v i r t u a l m i r r o r i n g be 

https://www.bart.ieby


BIBLIOGRAPHY II5 

u s e d i n the preoperat ive p l a n n i n g of a n orbi ta l reconstruction? Journal of 

Oral and Maxillofacial Surgery, 76(2):^8o-^87, February 2018. d o i : 10.1016/j. 

joms.2017.09.018. 

[55] André L u i z Jardin i , M a r i a A p a r e c i d a Larosa , Rubens M a c i e l F i l h o , 

C e c i l i a A m e l i a de C a r v a l h o Z a v a g l i a , L u i s F e r n a n d o Bernardes, C a r l o s Salles 

Lamber t , D a v i Reis C a l d e r o n i , a n d P a u l o K h a r m a n d a y a n . C r a n i a l reconstruc­

t ion : 3D b i o m o d e l a n d custom-bui l t i m p l a n t created u s i n g addi t ive m a n u ­

factur ing. Journal of Cranio-Maxillofacial Surgery, 42(8):i877-i884, December 

2014. d o i : 10.1016/j.jcms.2014.07.006. 

[56] Yasas S. N . Jayaratne a n d Roger A . Z w a h l e n . A systematic rev iew of intereth-

nic var iab i l i ty i n facial d imens ions . Plastic and Reconstructive Surgery, 129(1): 

i64e-i65e, January 2012. d o i : io.i097/prs.oboi3e3i82302e3f. 

[57] Pa t r ik Kamencay, M a r t i n a R a d i l o v a , R o m a n R a d i l , M i r o s l a v Benco, Robert 

H u d e c , a n d Roberta V r s k o v a . Innovative 3D reconstruct ion m e t h o d based 

o n patch based technique u s i n g n e u r a l network . In 2020 43rd International 

Conference on Telecommunications and Signal Processing (TSP). I E E E , Ju ly 2020. 

d o i : io.ii09/tsp49548.2020.9163484. 

[58] Eugene E. Kel ler , E v r e Bal ta l i , X i n h u a L i a n g , K r i s t i n Z h a o , M a r i a n n e H u e b -

ner, a n d K a i - N a n A n . T e m p o r o m a n d i b u l a r cus tom hemijoint replacement 

prosthesis: Prospective c l in ica l a n d k inemat ic study. Journal of Oral and Max­

illofacial Surgery, 7o(2):276-288, February 2012. d o i : io.ioi6/j.joms.20ii.o6. 

202. 

K e v i n J. K e l l y , P a u l N . M a n s o n , C r a i g A . V a n d e r K o l k , B e r n a r d L . M a r k o w i t z , 

M i c h a e l C . D u n h a m , T h o m a s O . R u m l e y , a n d W i l l i a m A . Crawley . Se­

quenc ing LeFor t fracture treatment (organizat ion of treatment for a panfa-

cial fracture). Journal of Craniofacial Surgery, i(4):i68-i78, October 1990. d o i : 

10.1097/00001665-199001040-00003. 

Basel A . K h a d e r a n d M a r k R. Towler. Mater ia l s a n d techniques u s e d i n 

cranioplasty f ixat ion: A review. Materials Science and Engineering: C, 66:315-

322, September 2016. d o i : io.ioi6/j.msec.20i6.04.ioi. 

U w e K l a m m e r t , U w e G b u r e c k , E l k e V o r n d r a n , Jan Rodiger , P h i l i p p M e y e r -

Marcot ty , a n d A l e x a n d e r C . K i i b l e r . 3D p o w d e r p r i n t e d c a l c i u m phosphate 

i m p l a n t s for reconstruct ion of crania l a n d maxi l lo fac ia l defects. Journal of 

Cranio-Maxillofacial Surgery, 38(8):5Ó5-570, December 2010. d o i : 10.1016/j. 

jcms.2010.01.009. 

[59] 

[60] 

[61] 



BIBLIOGRAPHY ll6 

[62] Oldřich K o d y m , M i c h a l Španěl , a n d A d a m H e r o u t . C r a n i a l defect recon­

struct ion u s i n g cascaded C N N w i t h a l ignment . In Towards the Automatization 

of Cranial Implant Design in Cranioplasty, pages 56-64. Spr inger Internat ional 

P u b l i s h i n g , 2020. d o i : io.ioo7/978-3-030-64327-o_7. 

[63] Oldřich K o d y m , M i c h a l Španěl , a n d A d a m H e r o u t . S k u l l shape recon­

struct ion u s i n g cascaded c o n v o l u t i o n a l networks . Computers in Biology and 

Medicine, 123:103886, A u g u s t 2020. d o i : 10.1016/j.compbiomed.2020.103886. 

[64] Oldřich K o d y m , J i anning L i , A n t o n i o Pepe, C h r i s t i n a Gsaxner, Sasank C h i l -

amkurthy , Jan Egger, a n d M i c h a l Španěl. S k u l l B r e a k / S k u l l F i x - dataset 

for automatic crania l i m p l a n t d e s i g n a n d a b e n c h m a r k for v o l u m e t r i c shape 

l e a r n i n g tasks. Data in Brief, 35:106902, A p r i l 2021. d o i : io.ioi6/j.dib.202i. 

106902. 

[65] Oldřich K o d y m , M i c h a l Španěl , a n d A d a m H e r o u t . Segmentat ion of defec­

tive s k u l l s f r o m ct data for tissue m o d e l l i n g , 2019. Presented at M I C C A I -

M S K I 2019. 

[66] M a r t i n K o l a r i k , R a d i m Burget , a n d K a m i l R i h a . U p s a m p l i n g a lgor i thms for 

autoencoder segmentat ion n e u r a l ne tworks : A c o m p a r i s o n study. In 2019 

11th International Congress on Ultra Modern Telecommunications and Control Sys­

tems and Workshops (ICUMT). I E E E , October 2019. d o i : 10.1109/^1x048472. 

2019.8970918. 

[67] R o t e m K o w n e r . Fac ia l a s y m m e t r y a n d attractiveness judgement i n develop­

menta l perspective. Journal of Experimental Psychology: Human Perception and 

Performance, 22(3):662-675,1996. d o i : 10.1037/0096-1523.22.3.662. 

[68] D a v i d B. K u r l a n d , A r i a n a K h a l a d j - G h o m , Jesse A . S t o k u m , Br ianna C a r u s i l l o , 

Jason K . K a r i m y , V o l o d y m y r G e r z a n i c h , Juan S a h u q u i l l o , a n d J. M a r c S i m a r d . 

C o m p l i c a t i o n s associated w i t h decompress ive craniectomy: A systematic re­

view. Neurocritical Care, 23(2):292-304, Oct 2015. I S S N 1556-0961. d o i : 

10.1007/S12028-015-0144-7. 

[69] M i n g - Y i h Lee, C h o n g - C h i n g C h a n g , C h a o - C h u n L i n , L u n - J o u L o , a n d Y u -

Ray C h e n . C u s t o m i m p l a n t d e s i g n for patients w i t h crania l defects. IEEE 

Engineering in Medicine and Biology Magazine, 2i(2):38-44, M a r c h 2002. I S S N 

1937-4186. d o i : 10.1109/MEMB.2002.1000184. 

[70] M i n g - Y i h Lee, C h o n g - C h i n g C h a n g , C h a o - C h u n L i n , L u n - J o u L o , a n d Y u -

Ray C h e n . C u s t o m i m p l a n t d e s i g n for patients w i t h crania l defects. IEEE 

Engineering in Medicine and Biology Magazine, 2i(2):38-44, M a r c h 2002. d o i : 

10.1109/memb.2002.1000184. 



BIBLIOGRAPHY II7 

[71] S i H o o n Lee, C h a n Jong Yoo, U h n Lee, C h e o l W a n Park , Sang G u Lee, a n d 

W o o K y u n g K i m . R e s o r p t i o n of autogenous bone graft i n cranioplasty : Re­

s o r p t i o n a n d reintegrat ion fai lure. Korean Journal of Neurotrauma, i o ( i ) : i o , 

2014. d o i : io.i3004/kjnt.20i4.io.i.io. 

[72] J i anning L i a n d Jan Egger. Dataset descr iptor for the A u t o l m p l a n t crania l 

i m p l a n t d e s i g n challenge. In Towards the Automatization of Cranial Implant 

Design in Cranioplasty, pages 10-15. Spr inger International P u b l i s h i n g , 2020. 

d o i : io.ioo7/978-3-030-64327-o_2. 

[73] J i anning L i a n d Jan Egger, editors. Towards the Automatization of Cranial Im­

plant Design in Cranioplasty. Spr inger International P u b l i s h i n g , 2020. d o i : 

10.1007/978-3-030-64327-0. 

[74] J i anning L i , A n t o n i o Pepe, C h r i s t i n a Gsaxner, G o r d v o n C a m p e , a n d Jan 

Egger. A baseline a p p r o a c h for A u t o l m p l a n t : The M I C C A I 2020 c rania l i m ­

plant d e s i g n challenge. In Multimodal Learning for Clinical Decision Support 

and Clinical Image-Based Procedures, pages 75-84. Spr inger International P u b ­

l i s h i n g , 2020. d o i : io.ioo7/978-3-030-6o946-7_8. 

[75] J i anning L i , A n t o n i o Pepe, C h r i s t i n a Gsaxner, a n d Jan Egger. A n onl ine plat­

f o r m for automatic s k u l l defect restoration a n d crania l i m p l a n t des ign . Proc. 

SPIE 11598, Medical Imaging 2021: Image-Guided Procedures, Robotic Interven­

tions, and Modeling, 115981Q, February 2021. 

[76] J i anning L i , P e d r o P imente l , A n g e l i k a Szengel , M o r i t z E h l k e , H a n s 

Lamecker , Stefan Z a c h o w , L a u r a Estacio, C h r i s t i a n D o e n i t z , H e i k o R a m m , 

H a o c h e n S h i , X i a o j u n C h e n , Franco M a t z k i n , V i r g i n i a N e w c o m b e , E n z o 

Ferrante, Y u a n J in , D a v i d G . E l l i s , M i c h e l e R. A i z e n b e r g , O l d r i c h K o d y m , 

M i c h a l Spanel , A d a m H e r o u t , James G . M a i n p r i z e , Z a c h a r y F i s h m a n , 

M i c h a e l R. H a r d i s t y , A m i r h o s s e i n Bayat, Suprosanna Shit , B o m i n W a n g , Z h i 

L i u , M a t t h i a s Eder, A n t o n i o Pepe, C h r i s t i n a Gsaxner, V i c t o r A l v e s , U l r i k e 

Zefferer, G o r d V o n C a m p e , K a r i n Pistracher, U t e Schafer, Dieter Schmalst ieg, 

B joern H . M e n z e , B e n Glocker , a n d Jan Egger. A u t o l m p l a n t 2020 -first M I C ­

C A I challenge o n automatic c rania l i m p l a n t des ign. IEEE Transactions on 

Medical Imaging, pages 1-1, 2021. d o i : 10.1109/^1.2021.3077047. 

[77] X i n L i , Z h a o Y i n , L i W e i , Shenghua W a n , W e i Y u , a n d M a o q i n g L i . S y m m e t r y 

a n d template g u i d e d c o m p l e t i o n of d a m a g e d skul l s . Computers & Graphics, 

35(4):885-893, A u g u s t 2011. d o i : io.ioi6/j.cag.20ii.01.015. 

[78] Yaoren L i e w , E r i n Beveridge, A n d r e a s K . Demetr iades , a n d M a r k A . H u g h e s . 

3D p r i n t i n g of patient-specific anatomy: A tool to i m p r o v e patient consent 



BIBLIOGRAPHY ll8 

a n d enhance i m a g i n g interpretat ion b y trainees. British Journal of Neuro­

surgery, 29(5):7i2-7i4, M a r c h 2015. d o i : 10.3109/02688697.2015.1026799. 

[79] C h r i s t o p h e r G.T. L i m , D u n c a n I. C a m p b e l l , N i c h o l a s C o o k , a n d Jason Eras­

m u s . A case series of r a p i d p r o t o t y p i n g a n d intraoperative i m a g i n g i n orbi ta l 

reconstruct ion. Craniomaxillofacial Trauma & Reconstruction, 8(2):io5-no, June 

2015. d o i : 10.1055/S-0034-1395384. 

[80] H s i u - H s i a L i n , Ya-Fang C h u a n g , J i n g - L i n g W e n g , a n d L u n - J o u L o . C o m p a r ­

ative v a l i d i t y a n d r e p r o d u c i b i l i t y s t u d y of var ious l a n d m a r k - o r i e n t e d refer­

ence planes i n 3 -dimensional c o m p u t e d tomographic analysis for patients 

rece iv ing orthognathic surgery. PLOS ONE, 10(2) ̂ 0117604, February 2015. 

d o i : io.i37i/journal.pone.oii76o4. 

[81] Oscar C u a d r o s L inares , Jonas B i a n c h i , D i r c e u Ravel i , Joao Batista N e t o , a n d 

B e r n d H a m a n n . M a n d i b l e a n d s k u l l segmentat ion i n cone b e a m c o m p u t e d 

t o m o g r a p h y u s i n g super-voxels a n d g r a p h c luster ing. The Visual Computer, 

35(io):i46i-i474, A p r i l 2018. d o i : 10.1007/S00371-018-1511-0. 

[82] O r Li tany, A l e x Bronste in , M i c h a e l Bronste in , a n d A m e e s h M a k a d i a . D e -

formable shape c o m p l e t i o n w i t h g r a p h c o n v o l u t i o n a l autoencoders. In 2018 

IEEE/CVF Conference on Computer Vision and Pattern Recognition. I E E E , June 

2018. d o i : io.ii09/cvpr.20i8.oo202. 

[83] F a n g L u , Fa W u , Pe i jun H u , Z h i y i P e n g , a n d D e x i n g K o n g . A u t o m a t i c 3D 

l iver locat ion a n d segmentat ion v i a c o n v o l u t i o n a l n e u r a l n e t w o r k a n d g r a p h 

cut. International Journal of Computer Assisted Radiology and Surgery, i2(2):i7i-

182, September 2016. d o i : 10.1007/SI1548-016-1467-3. 

[84] A n d e r s L u n d s t r o m a n d F r e d r i k L u n d s t r o m . The frankfort h o r i z o n t a l as a ba­

sis for cephalometr ic analysis . American Journal of Orthodontics and Dentofacial 

Orthopedics, toj^-.^yj-^o, M a y 1995. d o i : 10.1016/30889-5406(95)70121-4. 

[85] F i l i p e M . M . M a r r e i r o s , Y. H e u z e , M . Ver ius , C . Unterhofer , W . Freysinger, 

a n d W . Recheis. C u s t o m i m p l a n t d e s i g n for large crania l defects. Inter­

national Journal of Computer Assisted Radiology and Surgery, n(i2):22i7-2230, 

June 2016. d o i : 10.1007/SI1548-016-1454-8. 

[86] R i c h a r d M a r s e l l a n d T h o m a s A . E i n h o r n . The b i o l o g y of fracture hea l ing . 

Injury, 42(6)̂ 51 - 555, 2011. I S S N 0020-1383. d o i : https://doi.0rg/10.1016/j. 

injury.2011.03.031. Bone Regenerat ion i n the 21st Century . 

[87] N i c o l a s M a r t e l l i , Caro le Serrano, He lene v a n d e n B r i n k , J u d i t h P i n e a u , 

Patrice P r o g n o n , Isabelle Borget, a n d Sa lma E l Batti . A d v a n t a g e s a n d d i s a d -

https://doi.0rg/10.1016/j


BIBLIOGRAPHY 

vantages of 3 -dimensional p r i n t i n g i n surgery: A systematic review. Surgery, 

I59(6):i4o'5-i500/ June 2016. d o i : 10.1016/j.surg.2015.12.017. 

A n t o n i o M a r z o l a , L a p o G o v e r n i , L o r e n z o G e n i t o r i , Federico M u s s a , Yary 

V o l p e , a n d Rocco Fur fer i . A semi-automatic h y b r i d a p p r o a c h for defective 

skul l s reconstruction. Computer-Aided Design and Applications, i7(i):i90-204, 

M a y 2019. d o i : io.i4733/cadaps.2020.i90-204. 

A n t o n i o M a r z o l a , M i c h a e l a S e r v i , a n d Yary V o l p e . A reliable procedure for 

the construct ion of a statistical shape m o d e l of the crania l vaul t . In Lecture 

Notes in Mechanical Engineering, pages 788-800. Spr inger International P u b ­

l i s h i n g , September 2019. d o i : 10.1007/978-3-030-3ii54-4_67. 

Franco M a t z k i n , V i r g i n i a N e w c o m b e , B e n Glocker , a n d E n z o Ferrante. C r a ­

n i a l i m p l a n t d e s i g n v i a v i r t u a l craniectomy w i t h shape pr iors . In Towards the 

Automatization of Cranial Implant Design in Cranioplasty, pages 37-46. Spr inger 

Internat ional P u b l i s h i n g , 2 0 2 0 . d o i : io.ioo7/978-3-030-64327-o_5. 

Franco M a t z k i n , V i r g i n i a N e w c o m b e , Susan Stevenson, A n e e s h K h e t a n i , 

T o m N e w m a n , R i c h a r d Digby , A n d r e w Stevens, B e n Glocker , a n d E n z o Fer­

rante. Se l f - supervised s k u l l reconstruct ion i n b r a i n C T images w i t h d e c o m ­

pressive craniectomy. In Medical Image Computing and Computer Assisted In­

tervention - MICCAI 2020, pages 390-399. Spr inger Internat ional P u b l i s h i n g , 

2 0 2 0 . d o i : io.ioo7/978-3-030-597i3-9_38. 

N M e i y a p p a n , S Tamizharas i , K P Senth i lkumar , a n d K Janardhanan. N a t u r a l 

head pos i t ion : A n overview. Journal of Pharmacy and Bioallied Sciences, 7(6):/\2/\, 

2015. d o i : 10.4103/0975-7406.163488. 

M . C . Metzger , G . B i t t e rmann, L . D a n n e n b e r g , R. Schmelzeisen, N . - C . G e l l -

r i c h , B. H o h l w e g - M a j e r t , a n d C . Scheifele. D e s i g n a n d development of a 

v i r t u a l anatomic atlas of the h u m a n s k u l l for automatic segmentat ion i n 

computer-assisted surgery, preoperat ive p l a n n i n g , a n d navigat ion . Interna­

tional Journal of Computer Assisted Radiology and Surgery, 8(5):69i-702, Febru­

ary 2013. d o i : 10.1007/SI1548-013-0818-6. 

Fausto M i l l e t a r i , N a s s i r N a v a b , a n d S e y e d - A h m a d A h m a d i . V-net: F u l l y 

c o n v o l u t i o n a l n e u r a l ne tworks for v o l u m e t r i c m e d i c a l image segmentation. 

In 2016 Fourth International Conference on 3D Vision (3DV). I E E E , October 2016. 

d o i : 10.1109/3DV.2016.79. 

Jordi M i n n e m a , M a u r e e n v a n Eijnatten, Wouter K o u w , F a r u k D i b l e n , 

A d r i e n n e M e n d r i k , a n d Jan Wolff . C T image segmentat ion of bone for 



BIBLIOGRAPHY 

m e d i c a l addi t ive m a n u f a c t u r i n g u s i n g a c o n v o l u t i o n a l n e u r a l ne twork . Com­

puters in Biology and Medicine, 103:130-139, December 2018. d o i : 10.1016/j. 

compbiomed.2018.10.012. 

[96] D i m i t r i s M i t s o u r a s , Peter L iacouras , A m i r I m a n z a d e h , A n d r e a s A . G i -

annopoulos , T i a n r u n C a i , K a n a k o K . K u m a m a r u , E l i z a b e t h George , N i c o l e 

Wake , E d w a r d J. Caterson, B o h d a n Pomahac , Vincent B. H o , G e r a l d T. Grant , 

a n d F r a n k J. R y b i c k i . M e d i c a l 3D p r i n t i n g for the radiologist . RadioGraphics, 

35(7):i965-i988, N o v e m b e r 2015. d o i : 10.1148/̂ .2015140320. 

[97] C o e n r a a d F. A . Moorrees a n d M a r t i n R. K e a n . N a t u r a l h e a d p o s i t i o n , a basic 

considerat ion i n the interpretat ion of cephalometr ic radiographs . American 

Journal of Physical Anthropology, i6(2):2i3-234, June 1958. d o i : 10.1002/ajpa. 

1330160206. 

[98] A n a M o r a i s , Jan Egger, a n d Vic tor A l v e s . A u t o m a t e d c o m p u t e r - a i d e d de­

s ign of crania l i m p l a n t s u s i n g a deep v o l u m e t r i c c o n v o l u t i o n a l d e n o i s i n g 

autoencoder. In Advances in Intelligent Systems and Computing, pages 151-160. 

Springer Internat ional P u b l i s h i n g , 2019. d o i : 10.1007/978-3-030-i6i87-3_i5. 

[99] O l i v i a Nackaerts , Freder ik M a e s , H u a Yan , P a u l o C o u t o S o u z a , R u b e n 

P a u w e l s , a n d R e i n h i l d e Jacobs. A n a l y s i s of intensity var iab i l i ty i n m u l t i -

slice a n d cone b e a m c o m p u t e d tomography. Clinical Oral Implants Research, 

22(8):873-879, January 2011. d o i : 10.1111/j.1600-0501.2010.02076.x. 

[100] O l i v i a Nackaerts , M a a r t e n D e p y p e r e , G u o z h i Z h a n g , Bart Vandenberghe, 

Freder ik M a e s , a n d R e i n h i l d e Jacobs a n d . Segmentat ion of trabecular jaw 

bone o n cone b e a m C T datasets. Clinical Implant Dentistry and Related Re­

search, i7(6):io82-io9i, M a r c h 2014. d o i : 10.1111/cid.12217. 

[101] Ozgiin Cigek, A h m e d A b d u l k a d i r , Soeren S. L i e n k a m p , T h o m a s Brox , a n d 

O l a f Ronneberger. 3D U - N e t : L e a r n i n g dense v o l u m e t r i c segmentat ion f r o m 

sparse annotat ion. In Medical Image Computing and Computer-Assisted Interven­

tion - MICCAI 2016, pages 424-432. Spr inger International P u b l i s h i n g , 2016. 

d o i : 10.1007/978-3-319-46723-8_49. 

[102] W i l l i a m C . H . Parr, Joshua L . B u r n a r d , Peter J o h n W i l s o n , a n d R a l p h J. 

M o b b s . 3D p r i n t e d anatomica l (bio)models i n spine surgery: c l in ica l ben­

efits a n d va lue to heal th care prov iders . Journal of Spine Surgery, 5(4):549-56o, 

December 2019. d o i : 10.21037/JSS.2019.12.07. 

[103] C h r i s t i a n Payer, D a r k o Stern, H o r s t Bischof, a n d M a r t i n Urschler . Regressing 

heatmaps for m u l t i p l e l a n d m a r k loca l iza t ion u s i n g C N N s . In Medical Image 



B I B L I O G R A P H Y 121 

Computing and Computer-Assisted Intervention - MICCAI 2016, pages 230-238. 

Springer Internat ional P u b l i s h i n g , 2016. d o i : io . ioo7/978-3-3i9-46723-8_27. 

[104] P e d r o P i m e n t e l , A n g e l i k a Szengel , M o r i t z E h l k e , H a n s Lamecker , Stefan Z a ­

chow, L a u r a Estacio, C h r i s t i a n D o e n i t z , a n d H e i k o R a m m . A u t o m a t e d v i r ­

tual reconstruct ion of large s k u l l defects u s i n g statistical shape m o d e l s a n d 

generative adversar ia l ne tworks . In Towards the Automatization of Cranial Im­

plant Design in Cranioplasty, pages 16-27. Spr inger International P u b l i s h i n g , 

2020. d o i : io . ioo7/978-3-030-64327-o_3. 

[105] Rosal ie Plantefeve, Igor Peter l ik , N a z i m H a o u c h i n e , a n d Stephane C o t i n . 

Patient-specific b iomechanica l m o d e l i n g for guidance d u r i n g m i n i m a l l y -

invasive hepatic surgery. Annals of Biomedical Engineering, A u ­

gust 2015. d o i : 10.1007/S10439-015-1419-Z. 

[106] P a t h m a n a t h a n Raghavan , D a v i d Bulbeck , G a y a t h i r i Pathmanathan , a n d 

Suresh K a n t a Rathee. I n d i a n craniometr ic var iab i l i ty a n d affinities. In­

ternational Journal of Evolutionary Biology, 2013:1-25, December 2013. d o i : 

10.1155/2013/836738. 

[107] F. Rengier, A . M e h n d i r a t t a , H . v o n Tengg-Kobl igk , C . M . Z e c h m a n n , R. U n -

terhinninghofen , H . - U . K a u c z o r , a n d F. L . Giese l . 3 D p r i n t i n g based o n 

i m a g i n g data: r ev iew of m e d i c a l appl icat ions . International Journal of Com­

puter Assisted Radiology and Surgery, ^y.^^-^i, M a y 2010. d o i : 10.1007/ 

SI1548-010-0476-X. 

[108] O l a f Ronneberger, P h i l i p p Fischer, a n d T h o m a s Brox. U-net : C o n v o l u t i o n a l 

networks for b i o m e d i c a l image segmentation. In Lecture Notes in Computer 

Science, pages 234-241. Spr inger International P u b l i s h i n g , 2015. d o i : 10.1007/ 

9 7 8-3-3i9-24574- 4 _28. 

[109] Supaki t R o o p p a k h u n , N a t t a p o n C h a n t a r a p a n i c h , a n d K r i s k r a i Sitthis-

er iprat ip . A d v a n c e d m e d i c a l i m a g i n g a n d reverse engineer ing technologies 

i n craniometr ic study. In Forensic Medicine - From Old Problems to New Chal­

lenges. InTech, September 2011. d o i : 10.5772/22792. 

[110] K e l l i R u d m a n , C r a i g H o e k z e m a , a n d J o h n Rhee. Computer -ass i s ted innova­

tions i n craniofacia l surgery. Facial Plastic Surgery, 27(o4):358-3Ö5, Ju ly 2011. 

d o i : 10.1055/S-0031-1283054. 

[111] H e i k o S e i m , D a g m a r K a i n m u e l l e r , M a r k u s Hel le r , H a n s Lamecker , Stefan 

Z a c h o w , a n d H a n s - C h r i s t i a n Hege . A u t o m a t i c segmentat ion of the p e l v i c 

bones f r o m C T data based o n a statistical shape m o d e l , 2008. 



B I B L I O G R A P H Y 122 

[112] W i e b k e S e m p e r - H o g g , M a r c A n t o n Fuessinger, Steffen S c h w a r z , E d w a r d E l ­

l is , Car l -Peter C o r n e l i u s , F l o r i a n Probst , M a r c C h r i s t i a n Metzger , a n d Stefan 

Schlager. V i r t u a l reconstruct ion of midface defects u s i n g statistical shape 

models . Journal of Cranio-Maxillofacial Surgery, /\<j(/\):/\6r-/\66, A p r i l 2017. d o i : 

io.ioi6/j.jcms.20i6.12.020. 

[113] A b h i s h e k Sharma, O l i v e r G r a u , a n d M a r i o Fr i tz . V c o n v - d a e : Deep vo lumet ­

ric shape l e a r n i n g w i t h o u t object labels. In G a n g H u a a n d H e r v e Jegou, 

editors, Computer Vision - ECCV 2016 Workshops, pages 236-250, C h a m , 2016. 

Springer Internat ional P u b l i s h i n g . I S B N 978-3-319-49409-8. 

[114] A n k i t Sharma. Neuropros thet i c rehabi l i ta t ion of acquired s k u l l defects. In­

ternational Journal of Prosthodontics and Restorative Dentistry, i(i):65-70, 2011. 

d o i : 10.5005 / jp-journals-10019-1012. 

[115] H a o c h e n Sh i a n d X i a o j u n C h e n . C r a n i a l i m p l a n t d e s i g n t h r o u g h m u l t i a x i a l 

slice i n p a i n t i n g u s i n g deep learning . In Towards the Automatization of Cranial 

Implant Design in Cranioplasty, pages 28-36. Spr inger International P u b l i s h ­

i n g , 2020. d o i : io.ioo7/978-3-030-64327-o_4. 

[116] C h o n g Chie f S i n g , Lee H e o w P u e h , a n d A Senthi l K u m a r . A u t o m a t i c hole 

r e p a i r i n g for cranioplasty u s i n g bezier surface a p p r o x i m a t i o n . Journal of 

Craniofacial Surgery, 16(6): 1076-1084, N o v e m b e r 2005. d o i : 10.1097/01.scs. 

0000180009.7585 7.81. 

[117] M a y f i e l d B r a i n & Spine. C r a n i o t o m y , C r a n i e c t o m y I M a y f i e l d B r a i n & Spine, 

C i n c i n a t i , O H . U R L https ://www.mayf i e l d c l i n i c . com/pe- craniotomy. htm. 

Accessed: 2021-04-04. 

[118] D a v i d Stutz a n d A n d r e a s Geiger. L e a r n i n g 3D shape c o m p l e t i o n f r o m laser 

scan data w i t h w e a k s u p e r v i s i o n . In 2018 IEEE/CVF Conference on Computer 

Vision and Pattern Recognition. I E E E , June 2018. d o i : io.ii09/cvpr.20i8.oo209. 

[119] S h i l i a n g S u n , Z e h u i C a o , H a n Z h u , a n d J ing Z h a o . A survey of o p t i m i z a t i o n 

methods f r o m a machine l e a r n i n g perspective. IEEE Transactions on Cybernet­

ics, pages 1-14, 2020. d o i : 10.1109/tcyb.2019.2950779. 

[120] P io t r S z y m o r , M a r c i n K o z a k i e w i c z , a n d R a p h a e l O l s z e w s k i . A c c u r a c y 

of open-source software segmentat ion a n d paper-based p r i n t e d three-

d i m e n s i o n a l models . Journal of Cranio-Maxillofacial Surgery, 44(2):202-209, 

February 2016. d o i : 10.1016Zj.jcms.2015.11.002. 

[121] P h i l i p Tack, Jan Victor , P a u l G e m m e l , a n d L i e v e n A r m e n i a n s . 3D -printing 

techniques i n a m e d i c a l setting: a systematic l i terature review. BioMedical 

Engineering OnLine, 15(1), October 2016. d o i : 10.1186/S12938-016-0236-4. 

https://www.mayf
http://10.1016Zj.jcms.2015


B I B L I O G R A P H Y 

[122] H i l b r a n d v a n de Belt, Danie l le N e u t , W i l l e m Schenk, J i m R v a n H o r n , 

H e n n y C v a n der M e i , a n d H e n k J Busscher. Infection of or thopedic implants 

a n d the use of ant ib iot ic - loaded bone cements: A review. Acta Orthopaedica 

Scandinavica, 72(6):557-571, January 2001. d o i : 10.1080/000164701317268978. 

[123] Sophie E . C . M . v a n de Vi j fei jken, Ti jmen J . A . G . M i i n k e r , Rene Spijker, 

L u c H . E . Karssemakers , W i l l i a m R V a n d e r t o p , A l f r e d G . B e c k i n g , D i r k T. 

U b b i n k , A . G . B e c k i n g , L . D u b o i s , L . H . E . Karssemakers , D . M . J . M i l s t e i n , 

S . E . C . M . v a n de Vi j fei jken, P . R . A . M . D e p a u w , F . W . A . Hoefnagels , W P . V a n ­

dertop, C.J . K l e v e r l a a n , T . J . A . G . M i i n k e r , T.J.J. M a a l , E . N o u t , M . R i o o l , 

a n d S .A. J . Zaat. A u t o l o g o u s bone is infer ior to al loplast ic cranioplas-

ties: Safety of autograft a n d allograft materials for cranioplasties , a sys­

tematic review. World Neurosurgery, 117:443-452.68, September 2018. d o i : 

10.1016Zj.wneu.2018.05.193. 

[124] M a u r e e n v a n Ei jnatten, Juha K o i v i s t o , K a l l e K a r h u , T y m o u r Forouzanfar , 

a n d Jan Wolff . The impact of m a n u a l threshold selection i n m e d i c a l a d d i ­

tive m a n u f a c t u r i n g . International Journal of Computer Assisted Radiology and 

Surgery, i2(4):6o7-6i5, October 2016. d o i : 10.1007/SI1548-016-1490-4. 

[125] M a u r e e n v a n Ei jnatten, Roelof v a n Di jk , Johannes D obbe , Geert Streekstra, 

Juha K o i v i s t o , a n d Jan Wolff . C T image segmentat ion methods for bone 

u s e d i n m e d i c a l addi t ive m a n u f a c t u r i n g . Medical Engineering & Physics, 51: 

6-16, January 2018. d o i : io . io i6/j .medengphy .20i7 . io .oo8. 

[126] M a t t h i a s N . v a n O o s t e r o m , H e n k G . v a n der P o e l , N a s s i r N a v a b , C o r n e l l s J . H . 

v a n de Velde , a n d Fijs W B . v a n L e e u w e n . Computer -ass i s ted surgery. 

Current Opinion in Urology, 28(2):205-2i3, M a r c h 2018. d o i : 10.1097/mou. 

0000000000000478. 

[127] Y a r y V o l p e , Rocco Fur fer i , L a p o G o v e r n i , Francesca U c c h e d d u , M o n i c a 

C a r f a g n i , Federico M u s s a , M i r k o Scagnet, a n d L o r e n z o G e n i t o r i . Surgery 

of c o m p l e x craniofacial defects: A single-step A M - b a s e d methodology. Com­

puter Methods and Programs in Biomedicine, 165:225-233, October 2018. d o i : 

10.1016/j.cmpb.2018.09.002. 

[128] G o r d v o n C a m p e a n d K a r i n Pistracher. Patient specific i m p l a n t s (PSI). In 

Towards the Automatization of Cranial Implant Design in Cranioplasty, pages 1-9. 

Springer Internat ional P u b l i s h i n g , 2020. d o i : io.ioo7/978-3-030-64327-o_i. 

[129] M a x i m i l i a n Eberhard H e r m a n n Wagner, J i i rgen T h o m a s Lichtenste in , M a r ­

cel W i n k e l m a n n , H o e n o h S h i n , N i l s - C l a u d i u s G e l l r i c h , a n d H a r a l d Ess ig . 

http://10.1016Zj.wneu.2018.05.193


B I B L I O G R A P H Y 

D e v e l o p m e n t a n d first c l in ica l a p p l i c a t i o n of automated v i r t u a l reconstruc­

t ion of uni la tera l midface defects. Journal of Cranio-Maxillofacial Surgery, 43 

(8): 1340-1347, October 2015. d o i : io.ioi6/j.jcms.20i5.06.033. 

[130] W e i y u e W a n g , Q i a n g u i H u a n g , S u y a Y o u , C h a o Y a n g , a n d U l r i c h N e u m a n n . 

Shape i n p a i n t i n g u s i n g 3d generative adversar ia l n e t w o r k a n d recurrent con­

v o l u t i o n a l ne tworks . In 201J IEEE International Conference on Computer Vision 

(ICCV). I E E E , October 2017. d o i : 10.1109Ziccv.2017.252. 

[131] W e i y u e W a n g , D u y g u C e y l a n , R a d o m i r M e c h , a n d U l r i c h N e u m a n n . 3DN: 

3D d e f o r m a t i o n network . In 2019IEEE/CVF Conference on Computer Vision and 

Pattern Recognition (CVPR). I E E E , June 2019. d o i : io.ii09/cvpr.20i9.ooii3. 

[132] W i l l i a m J. Weadock , C u r t i s J. H e i s e l , A l o n K a h a n a , a n d John K i m . U s e of 3D 

p r i n t e d m o d e l s to create m o l d s for s h a p i n g implants for surgica l repair of 

orbi ta l fractures. Academic Radiology, 27(4)^36-542, A p r i l 2020. d o i : 10.1016/ 

j .acra. 2019.06.023. 

[133] T i n g W u , M a r t i n Engelhardt , L o r e n z Fieten, A l e k s a n d r a P o p o v i c , a n d K l a u s 

Radermacher . A n a t o m i c a l l y constrained d e f o r m a t i o n for d e s i g n of cra­

n i a l i m p l a n t : M e t h o d o l o g y a n d v a l i d a t i o n . In Medical Image Computing and 

Computer-Assisted Intervention - MICCAI 2006, pages 9-16. Spr inger B e r l i n 

H e i d e l b e r g , 2006. d o i : io.ioo7/n866565_2. 

[134] H i t o s h i Y a m a u c h i , Stefan G u m h o l d , Rhaleb Zayer, a n d Hans-Peter Seidel . 

M e s h segmentat ion d r i v e n by gauss ian curvature . The Visual Computer, 21 

(8-io):659-668, September 2005. d o i : 10.1007/S00371-005-0319-X. 

[135] V a r d u h i Yeghiazaryan a n d Ir ina Voiculescu . F a m i l y of b o u n d a r y overlap 

metrics for the evaluat ion of m e d i c a l image segmentat ion. Journal of Medical 

Imaging, 5 (oi) : i , February 2018. d o i : io.ni7/i.jmi.5.1.015006. 

[136] F u t o s h i Yokota , T o s h i y u k i O k a d a , M a s a k i Takao, N o b u h i k o Sugano, Y u k i o 

Tada, N o r i y u k i T o m i y a m a , a n d Y o s h i n o b u Sato. A u t o m a t e d C T segmenta­

t ion of diseased h i p u s i n g hierarchica l a n d c o n d i t i o n a l statistical shape m o d ­

els. In Advanced Information Systems Engineering, pages 190-197. Spr inger 

B e r l i n H e i d e l b e r g , 2013. d o i : io.ioo7/978-3-642-40763-5_24. 

[137] H y e S u n Y u n , C h a n g M i n H y u n , Seong H y e o n Baek, S a n g - H w y Lee, a n d 

Jin K e u n Seo. A u t o m a t e d 3D cephalometr ic l a n d m a r k ident i f i ca t ion u s i n g 

c o m p u t e r i z e d tomography, 2020. 

[138] Y u a n Z . Z h a n g , B i n C h e n , Sheng L u , Y o n g Y a n g , J ian M . Z h a o , R u i L i u , 

Y a n B. L i , a n d G u o X . Pe i . P r e l i m i n a r y a p p l i c a t i o n of computer-assisted 

http://10.1109Ziccv.2017.252


B I B L I O G R A P H Y 

patient-specific acetabular navigat iona l template for total h i p arthroplasty 

i n adul t s ingle deve lopment d y s p l a s i a of the h i p . The International Journal 

of Medical Robotics and Computer Assisted Surgery, 7(4) 1469-474, October 2011. 

d o i : 10.1002Zrcs.423. 

[139] L e i Z h o u , Y a n g Song , J i anhui W u , H u i l a n L i , G u o b i n Z h a n g , a n d C h u n l i n g 

S u n . Surface reconstruct ion of bi la teral s k u l l defect prosthesis based o n ra­

d i a l basis funct ion . In Lecture Notes in Electrical Engineering, pages 741-747. 

Springer L o n d o n , December 2012. d o i : 10.1007/978-1-447i-48o2-9_98. 

http://10.1002Zrcs.423


C O L O P H O N 

This d o c u m e n t was typeset u s i n g the t y p o g r a p h i c a l look-and-fee l c l a s s i c t h e s i s 

deve loped b y André M i e d e . The style was i n s p i r e d by Robert Br inghurs t ' s s e m i n a l 

b o o k o n t y p o g r a p h y "The Elements of Typographic Style". It is available for L T p X v i a 

C T A N as c l a s s i c t h e s i s . 

Final Version as of June 14, 2021 ( c l a s s i c t h e s i s vers ion 1.0). 


