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ABSTRACT

Advances in histopathological image segmentation have a significant role in the
diagnosis and begin treatment immediately including a study of Cytomegalovirus (CMV) for
the tissues. Histopathological change with confirmation by immunohistochemical or in situ
hybridization study is a gold standard for diagnosis of CMV tissue infection. This required
pathologists to identify the histopathological change which is time-consuming and can be
missed in tissue with a subtle change. Automatic analysis of histopathological images with
Deep Learning (DL) can help pathologists to diagnose CMV tissue infection more accurately.
Typical issues with histopathological images which impede automatic analysis are the
extremely enormous size of histopathological images more than 1 gigapixel, the limitations
of GPU memory, and a limited number of histopathology images. Additionally, whole slide
histopathological images are split huge images into multiple small image patches by
cropping using the sliding window technique.

In this paper, we propose TransEN U-Net which derives a benefit of a hybrid CNN-
Transformer base on the U-shaped architecture for boosting the performance of
segmentation of histopathology. The transformer encoder not only is able to the patches
but also the relative self-attention mechanism in order to share information between

sequences.



%
Experiment results of segmenting images by the two-dimensional indicate that the

TransEN U-Net can productively discriminate CMV viral inclusions including achieving higher

values in terms of DSC score.

Keywords: Cytomegalovirus, Digital pathology, Transformer, histopathological image

segmentation, U-Net
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uni 1

UNU

1.1 fuuazannuddyvastaym

delalmunlalaa (Cytomegalovirus; CMV) iula$asiaiugnasuatsg (ONA virus)
oeflungula¥acu (Herpesviridae) o CMV anunsafiadeldannisdudalnddn nsfimadusiug nns
I¢5uiden vidonismeasast lunisfinde CMV adausn siensinidouuuusugd (primary infection)
fnstnagilld doutuwdods uasfidaidonviiinaulnlesias (ymphocytosis) vidaannmeain

1%

nsAneLUUUgHYE (primary infection) §UaeaziingnieRniaura (latent infection) Feaglydl

a

91M13 vaendugUIganunsalinisinlenuunAenil (secondary infection) ldlagn1snsesuain
Wousl (reactivation) "3en1sAneaeiuglal (reinfection) n1siaiie CMV wualunisinide
wuulifionns (asymptomatic infection) wagn1sAndBlUUIDIN1S (symptomatic disease) laun

'
=

a & 1Y) . g A . . . . v aa
91M13AnLelaTa (viral syndrome) wazA1IzInIIuleie (tissue-invasive disease) HUe7Iidl

Y @

niAufuUNNTaa W fUasfiiaide HIV (Human Immunodeficiency Virus) si3eftefildsunsdgn
AU PE %ﬁmmLﬁmiumﬂﬁmmimsﬁumﬂL%@LLNQ Faflonrsuansfivainvatsuazenvasd
91n1355uKsld [1,2] n1ssnwrmenisliendulida (Ganciclovir, Valganciclovir) Gummaam%uagi
furuguusweslsataranuzyetie audamsuiuansnaniduiuludiieildiunsugnae
9187y
neidadelsafiondo MV asdedldteyanisndiniruudeyaniame sine: 38013

AT IEe CMV Sivanes [(3,4] 1wy

1. 1199529911 DNA 203025410833 quantitative polymerase chain reaction 18u337
fosnszannsamuaNmnsgUlaR F5tannsonsaam MV infection udliannsnuenldlngnss
il CMV disease agnslsfnudaiannsavenysinamenielaa (viral load) dieldviuenisiin
CMV disease 1

2, N131333L834 (serology) Junisasrammsiiutuves antibody  #isimnzae
immunoglobulin ¥ia IsM Wag 1gG Youe CMV Fafuisid sensitivity Wag specificity 7 watdl
Fosrfinde immunoglobulin axdanunsansranulaludenlduiuds 4-6 eundwnnsinie v
Tlianansousnldindunmsindeluefinnietagtu

3. AsIEEe (culture) Wudsfidmus e uwidedddnanlunmsmnsdounuds 1-6

duam e1aagviligaelasumssnumaida
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a. N3R5IAN19aNe33Ine (histopathology) tudsn1siiaunsadudulaingl tissue-

s

invasive disease 3ol NsiUasuLUaseugasinalte CMV As lwaadauinluaiu 2-4 1inan

waaund (cytomegaly)  waglinssauiivuinlugvesarsiugnssuludnadeas  (intranuclear
inclusion) Fsmsiasundasdananenvvgilumaddiuiues wagoraazueaiiuldsnnisgnios
QanssAdenlan Jsdinsmsaiiledudufededtnng in situ hybridization eg1dlsfiniunisds
#379 in situ hybridization HuBuagiunsfiarsanvemeBunng viownmddin Feenavinlvid
Fihsuneneifionislidpnunasiimsasunlamessad sadntosoivaz laildunisideds
ﬂﬂﬂﬂ@ﬁﬂﬁﬂﬂﬁﬁ?ﬁLﬁ@‘ﬁu%ﬂﬁﬁuu’saﬂﬁﬁﬂmmﬂﬂizawﬁﬁ?EJmﬂﬁﬂﬂ’liL%EJuiL%ﬁﬂﬁ’m%lU
nsulenituiiveseadiifnge CMV uudledamiintull evhminiulwennmewadiion
o CMV IlduTiassesnun Fuvadiinnde cMv diolgiuiidinunfidioutu mask udaituiiduy
lUgnssuumsiauarysuidinmasoly weliamnsoudsituiveadelfesrausiugiuniy
wonnTuideiidnwinisii Deep learning algorithm uldnianen3inen wu tumor
detection,tumor classification, tumor genetic mutation or prognostic prediction, mitosis
detection, immunohistochemistry scoring, flduoefifnwieaiu viral infection prediction
19U Human papilloma virus, Epstein-barr virus LLGi5’@1ﬂwuﬁa§amiﬁﬂwﬂw%a CMV Tus1u image

segmentation

1.2 IngUuszasAvasanuive
1.2.1 WaUssuiisuanukdugnlunisasianuwadninisiasunias 1nn15anEe CMV 210

Ananealannanensinenves TransEN U-Net AuanaSunglnanenSwnne

1.3 UBULUANIUITY

1.3.1 analadnieganensingl (Histopathologic slide) mmliﬂ’gﬂiuiiqwsﬂuwaimﬁuﬁﬁgﬂ
aaé’ajwﬁmqz‘a;ﬂﬁml,ﬁal,?jaimm%a CMV #ifinsdemsiatuiionefaenens (Sureical pathology)
Laziin15m5I91 CMV DNA #3835 in situ hybridization Tnevhnsiiudeyavesttreiiinisdnsan
FuidlosusTuil 1 unsrau W 2554 BeTud 31 SurAL WA 2563 UIUD1TIUNTIAY 12 AU

9899599 12 AN

1.4 Uszleauianinazlasu
1.4.1 gnansaueniuiuazdnuunwaaninslylamnzlalasa (Cytomegalovirus or CMV)an

AmganalaaniagangiineiarAnnunugnasdLazauiiug lun svinexald
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WUIAR NOUHLAZUIIBNNEITS

2.1 Deep learning detects virus presence in cancer histology [5]

Human Papilloma Virus (HPV) 38 Epstein-Barr virus (EBV) Judel$afidnansenu

'
a

biAnuzsduuyed[s] lnawmregnddnanensdndulalunisdenuuimdlunssny dduey

[

funanedadeidu anududuvesaitite, msaesednianududuine weaswansenusegUly
v A A A v O & NGV ) Y vy i 9 a
Weeiign v3aiiegauasansfudaudeluntsnmagiiduiu laemluuddslidinssnwiniseia
@ HPV uay EBV uaglianunsniiliegesinisy

- aa 2 a g v & av 9 v U a

WesnmsnsianiganesineweseiiiluhSavasussanldlylSanuinalunis
& a =t v a & ] o a ¢y a Y o =
AeaNuRgu Feanansaldlayanuseavg (A) lunisuenauuansig insieseimeiseusigedn
YosgUunmaNalaniidouris hematoxylin uag eosin (HE) auun
wandliiiunaunsavituensiiegues HPV  TunziSfisuweuazdinemienn patient-level 3-fold
cross validation area-under-the-curve(AUC) %Qﬁﬁhmmgﬂ@y}mﬁ 0.89 [0.82; 0.94] war@u15a Ly
funzSensemnzonsnilnga Epstein-Barr virus (EBV) 9114 cross-validation
finsvaeusIy AUC 0.80 (0.70; 0.92]

Tun1aiBeuiidadnuaniosfusenauredgusamedaguive) uandliiunsaiuanun

< J a < v [ a v v v 1

5, antuneulunsszymsiinueiianniifa wazaunsanmaiauasUssdinnalalidilale 1l
\ieausinIInaasInadtinusenainimeedidn Snvisdaanunsaideyauuvandugunimiievinli

Jnnensinendntainelaanaie

2.2 Histopathology Image Segmentation Using MobileNetV2 based U-net Model [6]

1Y

ﬂﬂiLLUﬂdjumWV}quaWEJW%%V]EJW(Histopathology image segmentation) ﬁﬂ’m\lﬁﬁmy
JUABUNITATIINILIALUSLELSUAY LD UNURUUAILAL
Anusree Kanadath, J. Angel Arul Jothi wag Siddhaling Urolagin lataue lasunisisuilng
. ] % 1 1 6 Q’l’ 1 £ 2/
Ronneberger Ficher uag Brox dmiunisuusdiuntmmenisunng dlaseieguieg lasasneves

U-Net #il4 MobileNetv2 wuusiasinisutsduidnadeanin Triple Negative Breast Cancer

o,

=

(TNBO) Falunmganendineainuzisadiuy (TNBC) auuiug AUC uazaduuszdn

a

8 Jaccard

19 Jusdtan1susyidiu F5n1siausliussan Jaccard 59% UUUATIUANISHUIAIUTILAREAVD
9 9 Y

TNBC ﬂWWi’J?,fU@\ﬁ%UUQﬂLLﬁ@QVL}JIG#Qﬂ’]W
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MobdeNer\2

Contractmg Fans Expanding Pk

AR 2.1 uanslana U-Net #in1599 Encoder $ne MobileNetv2 (amann [6])

Pretrained MobileNetV2 Uuﬁug’lu U-net model

Tusuildu Contracting path wesan1lnenssy U-net Aonsunuiisle luina

MobileNetV2 1¢¥un1smsilndugsmii (pretrain) vugadeya (dataset) Imagenet(7] Air1unns

Hneusuiazgnldlunisuusdiuiiuafsaarnaimmniganeisinel (histopathology images) 11Uy
TNBC 7idaumig H&E lauandlaozinsuvadlunaluning 2.1

NN 2.1 NSHTUABLUIUBY (Horizontal Connection) TH@SULTaNAD ALNSIH

(contracting part) fualudinansia (expanding part)

ﬂ. % 1 o o ‘&J ‘NI
A15199 2.1 LEAASNANITInAMNULIUEN I UNSVINUIENUT (nWa1n [6])

Algorithm Accuracy AUC IOU
U-Net 0.9390 0.9727 0.4280
U-Net+Augmentation 0.9591 0.9212 0.5133
MobileNetV2 based U-net 0.9460 0.9179 0.5141
MobileNetV2 based U-net + Augmentation 0.9731 0.9821 0.5931
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(a) Imagel. (b) Maskl. (c) Resultl.
e | ;
- ;-l,' '
: 7" |
: '" 5) '9: -
0 l 9.4 v
(d) Image2. (e) Mask2. (f) Result2.
4 [
!
(g) Image3. (h) Mask3. (1) Result3.

MNN 2.2 wanaRakNainIsYueNungnase Encode Ing MobileNetV2 uu U-net model

(N3N [6])

dudindnimadndildsurnmsaueling Tunull U-net wag Unet #fld MobileNetv2
filifinsvinsifiadeya (Augmentation) TumsWamnuaziUsufisu nanisudsdiulumaniiag
meldmstinousudmiugdianisusadusneg idoglumsns 2.2 gldanasdlaea U-net 1
ANssiuEN 0.939 A1 AUC 0.9727 uaw 10U 0.4280 Turauziiluina U-net fiflnnsyinnsifiadoya
(data augmentation) TAIANLLUEN 0.9591 A1 AUC  0.9212 uax@1 IOU  0.5133 @y
MobileNetv2 il U-net fiugmilifrinugnies 0.9460 Faliud1 AUC 0.9179 wagd 10U 0.5141
du MobileNetv2 Aiflluina U-net fiugrufinisvmaifindoya(data augmentation) Tiaanuusiugn

A1 0.9731 A1 AUC 0.9821 wagA1 IOU 310 0.5931

dialTeuiieulang U-net ugruildldinaianisiiudeyaldata augmentation) 157
dunadn Wesluealasunisindulaglaifinisiiadeya(data augmentation) Usgansainnisuusdiy
(segmentation performance)dunn usilalunalasunisineusumenisiiayaveyaaugmented

a

dataset) Bl UszaNTA 1NIULAaRTY fananlumi5199 2.1 Tuussailunanneassluanui
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MobileNetv2 71l U-net 18uitugnu mewaianisiiudeya(data augmentation)linan1suusdau

' '
aa

(segmentation)%mﬁ?jm

2.3 Federated learning for computational pathology on gigapixel whole slide images[8]

danessunanesingildnisiseusiednieltlunisiwinuansliiiuiiasnuaninsed

v @

wanuate Jeesuiudnvagvasiilulndnisdagiuinen (morphological phenotypes) 733niiu
Ml audsmsvihnednwagnldaiunsassyiiuyee (non-human-identifiable)lfanngyane1dinen

(histology) @17k NMswWaguuUasszaulianalmolecular alterations) n1swamuluguuuIs

Souidedniudunss Usuildsulduasiinnuudugituegiunisianisteyanfvuinivguasainy

Y Y

azdengs weldlunisviheiuigyseneudeyarneusy Faldiiameaumislunisdnnis 0193z
PNuraTIIInaIna1elsaverUly esessudayaniuanssiugndeyadingld vatgaudnaig
(Multi-centric)anusiuilesenintedeyanamswnnglunatgandu awnsadiowidymnseqadla

Wioldlunsifinusyaninmveslumalimodel performance) Fsddaininaiuaududiusi sauds

] '
U 4 =

Tymau q MAnTulunszuiunisuustudeyandudeu Welunaverevuin(model scale)lugnisly

Y

s a a1 a a . . ¢ .
nnalagnduuianatsuauiiniwaiinuisingiiniwalgisapixel) naalanisnun(whole  slide

image) Ming Y. Lu wazanzlalaus (privacy-preserving federated learning) L‘ﬂuﬂavl,ﬂmiﬁauimm

Al fanansaldlunisundadeyadiuyanald @9 Al WwenlewrutoyaanlunaanNvaINaleseuy

[y

Inglifpuanilfsutoyarsasaniu

U a a

dmsugunmnsaladseduineiinigalgisapixel whole slide images) tieldmuImMIg

¢ aa

ne159ne1 Ineldnisisouiduannudvatsduaunudniifasunuuseu (weakly-supervised

attention multiple instance learning) Tudeyanaududiudifiunndis Ming Y. Lu uazaugld

] (%
v Y

Uszillutgmnisitdadenuenasiugesnuulagldnnalanninganieiniamansualgwunin

q

[

peaesuteiiuluseavalan(slide-level labelshntiu wanaint Ming Y. Lu uazanglilaue
nseUNIREUSHaRuLUUBaU (weakly-supervised learning framework) dwsunisiiuignised
san(survival prediction) kagn1suuenguEUae (patient stratification) a1nnmaladiiavua (whole
. . = Y & =2 a a & 3 v 6 = v

slide images) FawansliyiufisuszdnsamlunsnsAwuusingud Mnuaanswansdienisldnig

Ly

Seuuuvaniiusiy(federated  learning)fialidesdsyntayalunidiunans awnsaiauilunanis

a aa

a } % = 14 1 . . vYal 1 o 14 1 =
SeusITEnTNLaeuLUUaaU (weakly-supervised deep learning models)ividanuuduglaaged

UsgdvEnmuuunszaneaaetoyaldata slios)laglidauaniudsudeyalagnsuazainududeuid
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o s

ANFUITUSTU(associated complexities) TuvauziAaiunsnwauuanatsaududiudilngld

N38319NITUNIULUUEN(randomized noise generation)

S o vy = o ) ) . A ] 9] ° )
wenNUSIAliIn1sSeuTUUUaNTUsSY (federated leaming)fidesionisidaudmiu

wiALNATINALITNENSINe P RURNINMDS

&
BE0Em]
. 4

|

BEEEE
b 4

MW 2.3 A MTINTRINsiieuivangdualaudLuunNglinsguaioauwe
(weakly-supervised multiple instance learning) (n1wa1n [6])
Tunseunsiseusuuusugud Nladgnan(client site) uiazusis Tuusdag WSI uwasusiim
\ela (tissue regions) AzgnuusdlulaudnlusiineuuasunmdsunIm (image patches) Azgnftosn

MnUsnaLUsEIUlndlABs (segmented foreground regions) anntulWyGisnua(all patches) g

'
aa o

gnilsaslunisuansnuanTAfasn(low-dimension feature) Tagld CNN #ilg3unisiinanassmiindy
fuisia (encoden) ladlaaloud(client site) usazwisliuuudrandlaeldnmaFeusidfaeunuy
gou (weakly-supervised leaming) Tudioyafioginies (local data) (Feamsiamztiemiusesu
dlasutesaufine) uavduimiin (weightuuudiassusiazseu(epochlludadsninosnans n1sdu
wuufidssuniuannsaifismnsfime finiin(weight parametenldioufivrdearsiusugusnans
(central hub) titesnwanandudiusifunnssfuuudsinesdiunats lumadiunansaylasy

nssuaRlaenIsRasUIrinYe UL 1aeIANaN A laaLB uAI AU
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n¥rnfidunaenataiowds mniudminfisunmvedlunadiunatsazgnasludou
avlunalaalduddmiunisdelaslud(synchronization)ieuitaziduseusudnluuazdeiindn
wusnewsazgalufudinesnans aunsaifiudisunuuuuduadumafime iminldneudiay
domstuguddiunanaiiomnudududifiuandsiuuudiniiesdiunans lunadiunanas 163y
nssuaslasnisadstminveauusaesiirananledlaaduiimun vdsananiusmaads

ka1 ANTuLndnndUmevedunadiunatsazanddludsaslumalaalduddinsunisaaas lud

Y

AauNazsuTaUsWaalY (N wain [8])

H&E WSI WS Attention Map High Attention Regions

Ductal

BRCA Subtyping

Lobular

Chromophobe

Clear Cell

RCC Subtyping

Papillary

a 0 ) o saa Y ' .
NN 2.4 NTUAAININEIMIUNITIMUNUTEANTIAULURADULUUBDU (Weakly-supervised

federated classification) (n1wann [6])

WefnuLaznTIIdeUANaNURNdEugWINe S suslaguuuitaesdmsuitefaiy
wazaTRaeuAMaNTRMId@ugIVIne 1 MseuslneuuuTIaesdsunsnunUsendesveileige

ANy RCC (Renal Cell Carcinoma) tiaz BRCA(Breast Invasive Carcinoma) Lﬁ@li’ﬂmﬁaﬂﬂﬁdﬂu
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YANINAGDU WSls  wuudraesdilasunisiindufensiseuiuuusimgud wesnwiaandudiu
(privacy-preserving federated) (0 = 0.01) gﬂiﬁ&ﬁaa%ﬁﬂLmuﬁﬂmwmwu (heatmap) 7ifam
dosrastuiofifiiuin 256x256 LHutaraiiios 20x magnification 90% wesiiufideuriuiu(spatial
overlap) dnsuusiaz WSl aznuumuaulaiinmanisallidmsuunmdiemun (all patches) Tuglas

Juwesgiudens [0, 1] Tnsuvaaduesidulng dwiunisduwunUssianges unndndannuauls

LY

g1 (high attention) nM8faiuNaIN (image regions) NdAMudURuslunTINadege (high

Y

diagnostic)@dlddmiunsviunenana (class prediction) Azuuuiidunsgiuazgniugiudums
Faituiimusiulualad anavhe THuwudsd (colormap) RGB (@uns: Anuaulagathish attention) @
1hidu: awaulasm (ow attention) wagurufiaavuy (heatmap) edauriuuugunIn H&E
LUULAL dhunmuwnd BRCA vesuinadifinimaulaganniign (Woudung) uansdagiuing1ves
HosondaduiisintuivesusSasduanuuunsnszans(nvasive ductal carcinoma) (eadnauiiil
seunsdndesfiunnanalurie, 5 wewuu(papillae)) wazuzdefiinludoutiunfiunsnszane
(invasive lobular carcinoma) (wadiisunsanasuazsanuiisiuasnieluead(intracellular lumina)
wazidailonvedlelananafiniviane(tarcetoid cytoplasmic mucin) ﬁ%’m’%aﬂugﬂuudﬂaﬁﬁm
W3FURUUAILAIUWIALAN (trabecular pattern) d@aunzi5eln RCC (Renal Cell Carcinoma) U3
ﬁmmmau‘[ﬂqameé’mgm‘immsumLﬂfmaﬂﬁﬁuﬁﬁaﬂd’mm%aLézjaa“lm (chromophobe) RCC (15ad
gunlngnsanauiivatewmasaound to polygon  cells) ﬁaugsaﬁa‘”ﬂwmzL“fﬁJumsmazL%st
(abundant, finely-reticulated) ffllalanaadudnvasduiou (granular cytoplasm) a9usOUAIY
%9594 (perinuclear halos)) RCC MPulwaddianysalivaduualvgnssnasiinansmasround to
polycon cells) lalanaraduiitniausaziduvouadivnauiiasidensen) way papillary RCC
(L%aégﬂmqﬂauﬁamq@ﬂmﬁﬁﬁﬁﬁmﬂmsmssu papillary 3o tubulopapillary 7lansunSeuwny

fibrovascular) (nMwa1n [8])

2.4 TransUNet: Transformers Make Strong Encoders for Medical Image Segmentation[9]

[ o [y v

Asudsdrunmmsnsumdifudesinuntesuiisndudmunistauiszuunis
Snwmenuia InelanensIiadelsalarn1TIHUAITINYT TUITULUSEIUA TN SUNNE A
am{]maﬂﬁiuguﬁagw%ﬁﬁ'aﬂ’h U-Net lananarduanasgiunazdszaumnudniongiaunn agnslsh
aruiesannsaniiuauniely convolution w89 U-Net  @slumadesidaides longrange
dependency veadayavilaliifine nsuanesiwes(Transformers) fignesnuuusniiionisviune

o w ! o o v I I Aa |
LUUAIAURDAIAU (sequence-to-sequence)ldnastluaninenssumadenifinalnnisionlald
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AuLe(self-attention mechanisms) wioadinaliaiuaiunsanisinlanalaiwdu(localization)la
0819810 LesanTeaziunseiuiildifissne Jieneng Chen wavmnizliaue TransUNet 3l 2
dwfle Transformers wag U-Net Jumadeniidlunisuvsdiunimmianswnms dauusndunis
nsiadae Transformer vinsudasdunnyndniniimage patches) a1nAmaudf convolution
neural network (CNN) tHudunndmiunsusnniwseld Tudwi 2 Aefneasiafiuanuazden
(decoder upsamples) AadnwaEAli1aGIR INFUMmNazIBEngIUBInudnYMEYes CNN iold
Tunsuensumi(localization) wilugiu

Jieneng Chen 8uguin Transformers anunsavimtinfidududswanud swnssdmsua
LA MNISNTTUNNE drennsTindues U-Net LieusuussliasiBentslu uasuuamnduidy
foyaidaiiudl TransUNet fiusgaviamitwiendtlumaiuisuifieuiivarnvaiglumsnisunmsi
wansnaifuty Weusandsmsudeiuiivense Seazuasmsutsauiile

Jieneng Chen uazauglalaus TransUNet vauUv1891UnSHUsEILAmMIan 1 sunndLdu
aSausn(medical image segmentation framework) muunnalnnisienlaldnuies(self-attention
mechanisms )A1NKLUIAAYDINTITYITUIBANNAIAU(sequence-to-sequence  prediction) \fievnLe

msg@ﬁa@mé’ﬂwmsmmazLﬁamaa Transformers @21 TransUNet  1d@andnenssu CNN-

(% R
A aaa =

Transformer  wuulauia vilvlaussleviandeyalfeiuiiniaiiuasidenganasngastdgnann

AANYAEUaa CNNICNN features) wagn1siinsviadeyavunlve(the global context encoded)

'
Y [ P

lag Transformers lausadumalaluniseenwuvanidnenssuguing Audnvasiamenidsvidlay

Y 9

Transformers  zQnadusgiuieTuiutunuazidengdutunisiiaiuves CNN In1sieusiady

PALEUnINnTiadssiolutunenstaialdlun1sviuneuil (for enabling precise localization)

[ (% [ ] [
o U 1 ¥ L2

waNNT dunamiuin1suauEutRnszautuasazilugauuiug lun suuuanaIuAea

AR 2.5
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Embedded Sequence
N
X Xy ey X
-
7 | J
4 "™ e L] . (16, H W)
i HJ Y
1/4 ./ ) )
t (84, W2, WR2)
A P
: 18 " 5
_ Transformer Layer n | b =% Conv3x3, ReLU
- (128, H/4, W/4
[we ] ! (n=12) TITTOR J P—_—
oy i = 1 s
Transformer Layer ]; O
4 | ] S - % (256, W8, W/B) o
. me__l —_— I 9 = I ﬂ Feature Concatenation
1 (n_patch, D) (D, H/16, W/16) (512, W16, W/16)
@ ®)

AT 2.5 AINTINVBINTOUU (a) LNURIVDITU Transformer; (b)an1Unenssuues TransUNet

L@us (NN [9])

2.4.1 HANMINAGDY
(1) YovoyauaznsUszillng

¥ 1

ﬁqmaypmiLLmEhuwmaafﬂlzmaal%LLuﬂﬁ(Synapse multi-organ segmentation
dataset) 14@7aunuyios(abdominal CT scans) 30 a%s lu MICCAl 2015 Multi-Atlas Abdomen
Labelling Challenge #8 3779 unu (axial) A CT nsrdindesviesfiiiuanuaudalaesiy

foya CT usagsienisusznaudie 85 ~ 198 u 512 x 512 finwa lnsfin
axdondaituiivean mauiin voxel 181 ([0.56 ~ 0.54] x [0.98 ~ 0.98] x [2.5 ~ 5.0)mm’ A"
[10] 14An (dice score coefficient) DSC \nAuuAZSZEEN1 Hausdorff Distance (HD) wae i 8
2772l UTe999 AB YaBnLAnLALBBRIA(aorta), qaﬁwﬁ(gaubladder), 1u(spleen), ladrsge
(left kidney), lad1927(right kidney), @u(liver), fugeiipancreas), 1na(spleen), iod(stomach)lay

wiagu 18 waa n13Eln 2,212 gU(axial slices)uay 12 igadmiun1snsIvdeu
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M990 2.2 MsSeuiigugateyaranseiuizvatlauuyduas CT (Synapse multi-organ CT),
ALaae dice score (%) wagsragny hausdorff ladelunuig mm. wag dice score (%)

Ansuknagelgaz (NN [9])

Prambwork Average Aorta Gallbladder Kidney (L) Kidney (R) Liver Pancreas Spleen Stomach

Encoder Decoder DSC 1T HD |

V-Net [1] 68.81 - 7534 5187 77.10 80.75  87.84 40.05 80.56 56.98

DARR [7] 69.7T - T4.74 23.77 72.31 73.24  94.08 54.18 89.90 45.96

R50 U-Net [12] 74.68 36.87 84.18  62.84 79.19 7129 93.35 4823 8441 73.92
R50  AwnUNet [13] 75.57 36.97 55.92  63.91 79.20 7271 93.56 49.37 87.19 74.95
ViT [1] None  61.50 39.61 44.38  39.59 67.46 62.94 89.21 43.14 7545 69.78
ViT [1] CUP 67.86 36.11 70.19  45.10 74.70 67.40 91.32 42.00 B81.75 70.44
R50-ViT [I]  CUP 71.29 32.87 73.73  55.13 75.80 7220  91.51 45.99 81.99 73.95
TransUNet 77.48 31.69 87.23  63.13 81.87 77.02 9408 55.86 85.08 75.62

2.4.2 waduan1sigeu (Implementation Details)

dmfunismaaesiiavan ldmafiudeyastisie Wy n1svyuLUUAL(random rotation)
waznan(flipping) dvsuddnswadild Transformer VIT[11] il 12 i@wedifiesngraierdmdunis
panuuuAndnsiauwuulausathybrid encoder) 19591 ResNet-50[12] wag ViT 138031 “R50-ViT”
nzndundabackbones) 184 Transformer Viasua (1 VIT) wag ResNet-50 (uanufy “R-50”)
lasun1sinasanti(pretrain) Ul ImageNet[13] AIUaZLB8ATDIBUNAKAZVUIALNND (P) gﬂﬁy’am
Ju 224x224 way 16 Madusududondosdou 2 vden 4 Suseiileatu (cascade  four  2x
upsampling blocks) Cascaded Upsampler (CUP) Wiolilamnuazdonunniy LLﬁsﬁﬂM%UiuLﬂaQﬂ
Hneaususie SGD optimizer , §n31n19158U3 (learning rate) 0.01,luugiu(momentum) 0.9 wag
miama&hmaaﬁmﬁﬂ(weight decay) le-4, UIALUNTSUGU(batch size)io 24 wazTIUIUNIS

FgnstiniEuduAe 20k, dmuyateya ACDC (Automated cardiac diagnosis challenge) uag 14k

dmiugateya Synapse AUAWU N15NARBIIaviNAlY Nvidia RTX2080Ti GPU

2.4.3 WiyuWeuiu State-of-the-arts
Jieneng Chen Mn1snaaemidnngliugateyansulsdiuatseiedzves louuld

(Synapse multi-organ segmentation dataset) lngiU3euifieu TransUNet fuineinisfiviuade

' ¥
a1 Y

SUNBUNUIY: 1) V-Net [14]; 2) DARR [15]; 3) U-Net [16] way 4) AttnUNet

9

(state of the art)yi
[17] \WeuansUszansninwesdinansia CUP  Jieneng Chen lald ViT [18] Wusiinsiauay
Wisuileunadnslnenisiiunnuazidunveingusiognsnauiu(naive upsampling) waz CUP 1Uusn

NOATWANIUEIFU LawAAILAURIUTEANS N e siaLuulausaveInIsennwuU 1n1slY
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cup Wusnensia wasiUFouiieunadndlagld ViT uwag R50-VIT Wusdrsianudisu iielinis
Wisuileufueiiugu(baseline) uu ViT wuulausa (R50-VIT-CUP) uay TransUNet 984 Jieneng
wenanildasuf s tasRuYes U-Net [16] uaz AttnUNet [19] way ImageNet 19 ResNet-
50 WFusilnwa(pretrain) nadnsluwives DSC wazszazn1a hausdorff wae (Huuw.) fmnsnedi 2.4

Usznsusnifleidaudloutu ViT-None u&a VIT-CUP avdunmiu DSC  wadenfiniy
6.36% WarsveEMa Hausdorff anas 3.50 uy. muddiu nMsveaesiiuandiifiuinnisesnuuy CUP
94 Jieneng Chen nensiafiininIsfinnuazidenveanguiiog1s(upsampling) lngnss Tu
Fusadisafudiodloutu VIT.CUP U RS0-VIT-CUP ¥l DSC it 3.43% lu wazszozma
Hausdorff amas 3.24 wxl. Sewandliiudeszansnmeesidrstaleusaitadraduun R50-VIT-
CUP @u TransUNet 299 Jieneng Chen 6'?j!ﬂ%ﬂ’ﬁ%’mmﬁlf'?iléjﬁ,m'EJ(Skip—c:ormec‘tions) Tnadwsain
fgmluussngusineg veslunadild Transformer-based

Usznnsitanedanisnad 2.4 Sauandliifiudn TransUNet  fiaueiinnsufudgeiiddny
witendlasadeuvtii 1wy UssAnsain DSC nAsTifintueglurag 1.91% 1 8.67% lasiany
08198901514 Transformers  Tnenssdmsunisudadiunanseierz(multi-organ)linadng (DSC
67.86% d@115U VIT-CUP) ususzanSaiwldfivinduues U-Net  #3o attnUNet  1duinsizan
Transformers  a@nunsaduauazidenluszfugeldddaduuselevidmivanudunszian
(classification) usilivsnzAunmsutsdruamguimmamsumdfsinmazdend lumanduiuile
594 Transformers 197U CNN 13 R50-VIT-CUP iusz@nsnininilonin V-Net way DARR welut
NAdWSTIAINI R50-U-Net Wag R50-AttnUNet 71l CNN-base gavieiiloTiuiulasaadng U-Net
Kunsideuseuuutia(skip-connections) TransUNet fkausagrinunineinisuuuln(stateof-
the-art)uas R50-VIT-CUP fifuseAnnmmilonin R50-VIT-CUP wazainifiufl R50-AttnUNet 14
UsgBvBnmATian 6.19% uay 1.91% mudiy waasliifiudseuaninsaiiusunseves TransUNet

TunsSeudisnuautinmuasBenlussdugaazeuasdonlussdum faududsddy
TunsUsdIUAMTNeNISLNNE(medical image segmentation) wwiltiufianasiilndifesfudmy
spEgNNg Hausdorff 1adsdauansliifiuiisdofives TransUNet Funien1sld CNN naasaiosain
avlduAveIBuUNn dmsu TransUNet anuazidundunnfe 224x224 uay 512x512 aauandlumisng
7l 2.5 1dlold 512x512 Bunn VAuVRIFEITY (B 16) FelinadnsUszananrme Uity

5 Win(5x larger sequence length)d 35U Transformer m1u# [20] seyld N1siiuANe1INLERY

(sequence length)7ifusz@nSnmuandliiudansusuugenudunss dmsu TransUNet Tldeu

' ¥
a A

ANLAaLLEEANN 224x224 1T 512x512 danalesl DSC  1adefdu 6.88% Liiouanslsifiud

U52ansn1nasd TransUNet
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M1319% 2.3 AnwiAuasdendunefidnsiulinasas DSC wdy (11N [9))

Resolution|Average DSC|Aorta Gallbladder Kidney (L) Kidney (R) Liver Pancreas Spleen Stomach
224 77.48 B7.23 63.13 B1.8T T77.02 94.08 55.86  85.08 T75H.62
512 B84.36 90.68 71.99 86.04 83.71 95.54 7396 BR.B0  84.20

NNl Jieneng  Chen §IM51980UVUIALWNGUY TransUNet  inasiaAn DSC Lade

agls Mnwaanslaagulilunisen 2.6 Funalainuseansaimnisuusdiununngadudnazlaun
v s &
AEULAUNTETLAN

A919% 2.4 Anwrruiaunid(patch size) uazALNEMANEIRU(sequence length) Nsingfutinase

A1 DSC 1ade (nMwann [9])

Patch size|Seq length|Average DSC|Aorta Gallbladder Kidney (L) Kidney (R) Liver Pancreas Spleen Stomach
32 49 76.99 86.66 63.06 81.61 T9.18  94.21 5166 ®5.38 7417
16 196G T7.48 37.23 6G3.13 81.87 TT.02  94.08 55.86 #5.08 TH.62
8 T84 TT7.83 86.92 58.31 81.51 T6.40  93.81 58.09 87.92 TO.68

.:.\unu [ gallbladder .Icﬁ kidney right kidney -ll\ er pancreas spleen stomach

(a) GroundTruth (b) TransUNet (¢) RSO-ViT-CUP (d) AttnUNet (e) UNet

awdl 2.6 nsiBuiBunnnmveditnisine fhonisuansnmaindeluun: (a) Ground
Truth, (b) TransUNet, (c) R50-ViT-CUP, (d) R50-AttnUNet, (e) R50-U-Net 38n1591u"e

Tilaan (false positive) Uozas waglinafiazidontu (nwain [9])
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S U8V

mefedesnisnmanide My Tagldmasoudiddnuasduuniuiivoadefiinr
Anunfvesdoibefiaulauarannsovssdauaziunenmifinnududouldogiauiug ey
Uszansamlunmsmide CMV wazlieudisunistenmivalasvesiefeiidvualng vie patch
aifielfinisUssinaszdnnlildide oy Alndidsstuideldesnagndes alafiteuldly
tlagtiufie TransUnet dadumadiamsuuuleviafisunenaniinenssy U-Net dadugnldlunisuus

' [
aa Ya v

drunmmnanisunnduay ViT Wudadnsia (encoder) Aimnuusiugluiieueniiui §idedudentd

YY)

o X e d o ¥ 44 o - &
mﬂuﬂumﬂizqﬂmwamm&lwumm CMV Togdhunnaivenail

3.1 ABnsnusiusiudaya (Data Collection)

3.1.1 usiusiudeyan1ndin deyavnamensive LLazalaﬁmaagawm'%%wsnmﬂ%ut,ﬁaﬁ?ia
#3298835 biopsy e resection nfihefignasdeindianzsnsuiodelande cmv Tneifu
foyanaustuil 1 uns1Au wm 2561 Befudl 31 SuaAu n.e.2563 S1uau 12 A

3.1.2 numualasnisgangdinelaongunmd uazdausnaladifiuaylifinisiudsuuas
vongadiiAaide CMV

3.1.3 denmalasvsganesingdneinesaunualadiiie 3D Histech $u Panoramic 250
Flash Ill (3D Histech, Budapest, Hungary) Iagldfindeuene 40 w1 Juiinlwadluguuuu MRXS uay
wlasnwidu Tiff geu197n Tagged Image File Format S?iﬂﬁffmiﬁué’mé’aﬂ@%ﬁmmulaiqagtﬁa%aga
diesnwdoyann aunsndnunmitdiedeenuasdengs dldiianasmmninvesnin demai
YN MEvUIAlAY (~ 2 GB - ~ 4 GB]

3.1.4 WUslapean133delasuniseyddlaeanenssunisasesssunisideluuyed aus
WHVEANERSLTINGIUIATINBUR U Ineauading 1D MURA2021/1057

3.15 amdwiledldlngdeusealas hematoxylin uaz eosin (HEE) Feusznoudediae 12
awitinsidadenisane dinendundualdlugSniauannisioge My Fensdusulae
wmadangnldifiensiamninianddn liiresdu fidue, o1dule aeluad flazansegly
a1sazareUnines (cell suspension) voudutuile (tissue) %’ﬁLszjaéméfnfé'qmgﬂﬁmﬁauuﬁai
willawdineg 136071 in situ hybridization

3.1.6 lun13n539mm1 CMV mawnmednenslaliresuieyusenau (annotation) agndlsiniunin

[
b4 = 4 a o

dlasyane3ineAdvagnasistusmennuazidengs wasvinnisulasdulwafidvianiivunlugnin
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1 Angfina Tunmaualugdenanldisawaldnauiulunsidadoundesofunaudis 1y g
o ] ¢y I3 & ada 9 v
nsunnglunisasnnuiunIanIsundne Wun1sennasyseuiananmaune1ande wialwe v
WaRAU GPU Ul NVIDIA Tesla T4-16 GB (GDDR6) 7118A1114d1989 Google Colab isnunlunss

WPigd waraetainueIniIug GPU lun1snaaedvesil {IT8Aaen1stiioutanInm1agane13inen

v

seeuineiineans 12 Mneaniduningasraranin (533 31,309 ANTIUSENBU 310 24,439 AN
dunsuwadtalaunilalisaidudeau wag 6,799 a1 dmsuwadtolawnilali¥andudauan)

Woannsfeusitunauvaigdu 913eivwlengaainalan alanfidaliuiwiu 5 Tuldmuney

[V a

dusudaun estrogen receptor Way LOURLAUDU 9| DnnANBYLA INTIzATANE lAtUssaITelUAnE

v
v & v

nvunushwalanunang H&E, immunohistochemistry, special stain Wag Pap stain A518971UKa

meitladewan Mduszezanegates 5 Yunnddsnwianusavegaladldnieluszesafiiivun

Ao aa

1Y & o o § v ¢ v ! N o & Y a 6=
LS MIYISYTLIANNUNUIU V]{LVﬁvLaﬂLLﬂ']MaV]“U@QrN vL@JLV@J']%VH]%ﬂJ']V]']LUu@@?J@%ﬁ NIWNNYIBLENNYAI

Iadanimdie CMV Afiaaun ndunguau 12 o iieldlunsidensai adunmifivueilnguin

I

(vun 1~3 fngiiniga) AIdulaldmetindanesiiunisdeunseuntinnia(sliding window algorithm
techniquellunisyinmges wuuliiudoudu iWelrlumaauisauszuananngoulanalanslu

NN 3.1, 3.4 kA9 3.1

3.2 mswsgudaya (Data Preparation)

[y

a ‘&Jd U a ¥ < gj [ éj ¥ s 1% £
NUITHUNNITIALATEUVDYADDNLUY 4 TUADUAIU 1.NTITATINUNNTAIMAURAUY (patch
image) 2. @39A NNaLRaY (mask image) 3. mnﬂuﬂ%mmeﬁ'aga (data augmentation) 4. N15LUY
Yatayarnaeu dTunounall

3.2.1 MsasunngaInduatu (patch image)

o

AudeyanmaladvesiuilonngUisvedlsane1u1asuizud nadginens gnasdedn
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A 1

fneinsuiietielase CMV  AUIAYBININUIENIM 2 GB/AN AInIndl 3.1 Badlvunalnguin

D

N

748 patches AlAdawIn 512x512x3 lagldnisimaila sliding window lutwiunu y (s

e

Ia o

nseudunt) uenaniidelaiinisnsesdunife RGB(255,255,255) iluiiundsuesninesn sz
Junmildldguile wWisliannssuinnsawinilidndulidosas fidedenuuin 512 x 512

WIEEe CMV agdivunsddlunsaufirunnIng 3.2



a o | es & R d' S | & A &
AN 3.1 LLﬁ@\‘iW?@BqﬂﬂqWﬂlaﬂsﬁULua"\nﬂEblU']ﬁmgﬂﬂﬂaﬂﬁqmﬂqﬁgéﬂiWULu@LU@IWULSUE] MV

Wunnduatundelaifins patch

-2 s
(P

i 3.2 wansiegunmaladduilenngthengnasdeinianiesnsuiieelasiiie CMV

a) neuatiufign patch 1A 512 x 512 b) Avealaasnie Mask
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3.2.2 @5190NHALRAY 198 Mask

NOSNNE (UN.5USUAITIUSULATY Case viewer bun1svitA nNaeas(Mask) wag

a

A195U18 (Annotation) twadNIn1sasunladannnisinie CMV AunInd 3.3 Feuananatdy

LY o 1 vVa o I~

XML file Mifififiasuvisvonte CMV Weldidugansiln (training set) ndsaniudiderdeulusuwn
suwUaIraune (Annotation) Mdu XML Wunnselausn3 (library: xmitodict) teudasguuuy
XML Tidugunuy JSON ieldlunisnagunin Mask visenataae

3.2.3 maiudinadeyalild MV Hauysallusuvsiuansaniu

N

o

Faulavinnszurunsinninalasnanua(wsl) huduninges wiausiaSuteUsenau

e3>

PNNYIBUANG(UN.5USY) 1psanwmalantiaauiudeusliding window technique) wuuldgou

€ Ya v

9115197 3.1 vibilanimde CMV Tlilauysel g3deldvinisAuaiuiie CMV Tnsiiiuiy

Y

dawansgnuililaningang diner MV Aliiyuaane vilvlaide CMV - Nauysel Ndinsuen
seriadedealudumisidnsiuegstnnueglusundvien (512 x 512 px) wandduainnisedn

3.2 bildswaunmsunnduesnimmisgane 3inendie CMV Afidesuteyszneuiiiindudu 11

AMNALFIAUIANG 9 FINTNA 3.4

AN 3.3 Lanslusnsy Case viewer NGIUNISAAUARDAVDULYAANFHALTD CMV



sampie image  mask  sample image  mask umphlmqo mask

P

B

e S
NAE e n

..w‘v

#
n N

*vx\

uii.,: " & X
- POE -

SIS f % K!’ ‘ 1

Original Image (512 x512 px) \'
l‘
Alg 1: The morp char of CM images
are with of 512 x §12)

Resize Image (256x256 px)

Data Augmen!auon

5-Fold cross-validation

Training set

Aiteration) [l [ 1 ]

2 iteration —.T— @
aiteration [ | M [ ]

4% iteration W
S%iteration) [ | | | I

[] Training Fold

[l vatidation Fold

TransEN U-Net

A 3.4 Fussuluniswseunimniane1sineivetowdngd TransEN U-Net

A1997 3.1 8anodiuUeINIT patch images 913 dimension 512 x 512

Algorithm 1: Sliding Window

Input: Dataset: D, Actual Image Size x: A,, Actual Image Size y: A,

Expect Image Size x: E,, Expect Image Size y: E,

Output: Patch Dataset P, contains E, X E, with dimension 512 X 512

1: | for each image y = 0 to A, step of £, do
if y +E,< A, then

2: rows = E,

y
3: else

q: rows = E, -y
5 end if

6: for each image x = 0 to A, step of £, do

7 if x + Ex < A, then
8: cols = Ex

9: else

10: cols =E, -x

11: end if

12: | end for

13: | end for

19
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32.4 funouniasFoudona
fupounisniounmvsganeseudouduuuaswuandunind 3.4 fil
Fuusn i5ildneda sliding window #3797 3.1 titeudsnmlnmeesainauaing
finwwa (giga-pixel)a1n whole slide image (WSI) 1lunuuldgousiuiu israzunnd(patch)nnliidl
YUIAENUTEINAL 512 x 512 px dmiunsiineusunazvaaeuling Sudsaunsumdduden
favun (RGB: 255 255 255) dufuniniiaan
funoudi 2 AI3evin1snsruIuMIAIanmlusuaty WSl wieurmasulgusenauain
weunnSlnl iesanuisnadeu(sliding window) Ailaifinnsviudeutu ilvinmiiunnd cmv 1
anysaldmadamshuIgnIWsgane Bingiues MV fetusidsiundu emusuiniiui
vougadfifade CMV  Wauysal uasiflowsnuerinadoadiidunsisiuadlundesuansauin
(1an138R 512 x 512 addundesdvasy) lunsedt 3.2 ludane3fiu 2 nuadnsi vilildsuu
vosnnsganedinelngldssduunndiiozsnonts nieusosuisUsenouiududu 11 A vh

6 a

oae CMV Nauysaindsunisiuansneiu fanmi 3.4

Y Va o

HaansTle FIduaslanmunmdnavun 31,309 2w vwn 512 x 512 finwa Yadeyaty

&

[
=

mmwwﬁmwmzﬂauﬁw Sruausnmesumdliiide CMV 24,439 sUsagIuLSTTIde CMY
910 WSI fidnaann(abel) Uszanas 6799 U

Funoud 3 lugerlnvadluina sUnmBunnazgnUTUBLIA(resize) 256 x 256 Hiniwa e
Jountingiasedna(network)

Funoudl 4 Adelémadaiuuiundeyaldata augmentation)fiunnstaiu 1wy wan
wwausu(horizontal flip) wuakawan(vertical flip) suaasqm%agamaammawm'%%mm'ﬁﬁL%a CMV

Funougniing §3elHinadia cross-validation(CV) wuv 5-Fold inafiausnduoenidu 5
nau Wlddayaiinainvarefisgaiin(train - setuazyanivaeu(validation set) reutiounimdi

TransEN U-Net
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A19199 3.2 danednulunisasne box e patch images 7dilde CMV wiansusidaLaziin

(dimension) YU 512 x 512

Algorithm 2 : CMV difference positions in the box

Input: Read annotation position for CMV such as

Annotation CMV : ann , shift x-axis : Sx, shift y-axis : Sy,

Image Size : size

Output: Position CMV box : box contains Dataset x-axis minimum : Dx,,;, , Dataset x-axis
maximum : DX, ,Dataset x-axis minimum : Dy,,,;, , Dataset x-axis maximum : Dy,,ax

dimension (512 X 512)8

1. | for each item in read(ann) do

2: | X = min(item(x))

3| Xy = Max(item(x))

4: | yn = min(item(y))

501 Viex = Max(item(y))

6: | size, = (size ( Xmax~ Xmin)/2

7| size, = (size « Yo Ymin)/2

8: | DXpjn = Xmin — Sx — floor(size,)

9: | DXpax = Xmax — SX — ceil(size,)
10: | DYmin = Ymin — Sy — floor(size,)
11| Dymax = Ymax— Sy — cell (size,)
12: b0ox = (DXmin » DYmin » (DXimax = DXiminy (DYmax = DYmind )
13: | end for

14: | return box
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3.25 maiuUiinadeya (data augmentation)
fAfovinIsanIuInn NN 512 x 512 18U 256 x 256 Lielinmiluuiawiiuieun Tu
nuATeidenldnsifuUiinadeya(data augmentation) lunansuuudail
1. NMINAaUAIUAMLLIUBU(Flip Horizontal)
2. miﬂé’wﬁ”mmwuu’sﬁy’ﬂ(FLip Vertical)
3.2.6 MIkUwwadayaRnaau

{A361438 5-fold cross-validation iileflazliteyavesinisnszateing fu uaziileld
M3 Train, Validate LiteidenTuinafiusiugiiian §33619% Fold 1-4 1unefln(Train set) dau Folds
\Hugansiaaau(Validation Set) ilatdusiunuvesteyailldauasa (Real-world)

3.2.7 swazdnlun1saniunig

va v

Tunudfe {ideiaue TransEN U-net Tu PyTorch n1snaaesaniiun1suu NVIDIA Tesla
Td-16 GB (GDDR6) w9 Google Colab #idu1donR50-ViT-B_16 Faduleuin(hybrid) ves
an1dnenssu ResNet-50  war VT [21]  wasiduluwmadildsunistinaduaiantin(Pre-train) vu
ImageNet[22] LATYUIALNAY %gﬂﬂ%’wmm‘ﬁu 256x256 wJu 16 finlwamie  batch size 32,
Optimizer A9 Adam W%@N’S@]iﬂmiﬁﬁmiﬁméfu(teaming rate) 1049 le-4 uazmniianas (weight
decay) ¥83 le-6 wag epoch 15 it t;:ﬁa'ﬁ’aﬁmmﬁwﬁaaga (data augmentations) LLUUEﬁ:Nﬁ’j\iﬂﬁwaﬂ
wuIueu (horizontal  flipping) LaTAISHANWLARS (vertical flipping) st;ﬂ%’aagal,ﬁwﬁmﬁ'm
overfitting IuLLﬁaz%u%sﬁ Activation function : RelLu ag batch normalization (BN) \fiean

Vanishing gradients fin N5nUIlUSENINeNSINTU Gradient fvunaidnasios q auwiniu 0 virln

Weight ligndwian uazlidnuaumsiimesnld Awisnei 3.3



a1519% 3.3 Tunulaosnisimes(Hyperparametenisnnailalunisinuaznsasauluna

No Parameter name Parameter value
1 | Model pretrain R50+ViT-B_16
2 | a0 n(image size) 256
3 | num_workers 4
4 | Threshold 0.5
5 | Scheduler CosineAnnealingWarmRestarts
6 | Epoch 15
7 | Criterion DicelLoss
8 | base_model Unet
9 | Encode VIiT
10 | learning rate le-d
11 | batch size 32
12 | weight decay le-6
13 | Gradient accumulation steps 1
14 | Seed 2022
15 | n-fold 5
16 | Optimizer Adam
17 | Smoothing 1
18 | ViT_blocks 12
19 | ViT linear 1024
20 | n_class 1
21 | n_skip 3
22 | dropout rate 0.2
23 | mlp_dim 3072
24 | num_head q
25 | num_layers 8
26 | Activation function Relu

23
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3.3 A3a319KUUIAae (Modeling Techniques)
3.3.1 NMSAS1PNSIARQY vision transformer (ViT)

dosnamsadio CMV Wunwilioun 2 77 Tuduneuusn §itedoaiings
Ufugusrsmasa X € REXWXC 153 e legluguuuumsunndnim 2 G
(X} € RNX(PAC) | i1y

Tnefi HW Aernuazidondeiuiduluy (spatial resolution)

C APINUIUVBIVDY (channel)

P x P ABUUIAY0INISUNNTNIN (Image Patch) Lsiagnn

HW A o s ti! A a o L
N = ? ﬂ@%’]‘H’J‘H“U@\‘iﬂ'ﬁLL‘W‘V]SUﬂTWGmage Patch) ‘Ux‘lﬁﬂ@ﬂ?iLiEJﬂﬂ’]ﬂUﬂ’l’]ﬁJﬂ']’J

dunmn(input sequence length)

Original Image (256 x 256)

3
.
3 -
Embedding Sequence =

Layer Norm }

-

G_ (16,H,W) Predict Image

Muti-Head
Attention

2 >

4> (64,Hi2,W/2)

Hidden Feature

v
Linear Projection

[ Layer Norm ]

D
"1‘ranslo_rmer Layer
1 (n=12)

Hidden Feature

(n...patch,D) (D, HI16,W/16) (512, HI16,W/16)

Transformer Encoder

Note
> 3x3 Convolution + ReLU + BN 0 ing (2xL ©c @ query (K) Key () Vvalue

= Skip Connection G Downsampling

< a) ing Section — > b)D g Section

AN 3.5 WEANININTINIATIAS19U9LUMa TransEN U-Net d11sunisiasIeiom s fuaaniswud

aa o

AIUNNNNANYITINY WL UUATIA
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'
aa o a

dMTUNTIATIEER UTRYEINTWUIEIUAIMNIANEITINEMUURIYIA NUTENOUAME

i v ) ¢

a) dunsidsiia: dieudly CNN Transformer aesfiifiiswaunadsunimmisgane sine iy

wuulnAy (Token)

R4 '
o [ I~

b) damnnsnensiia: ileudly Up sampling wag Convolutional Layer fisndfeuriu titeluilsinisuts
dunmitiinrwazideagslagldnisesnuuures U-Net

Tunsoeastade Vit ludunouusnlunaszvidnnwesnunduunndnin(mage Patch)
Tiduannes Xp lunnwosfidiadi D (Dimensions/luyndulayen)  ifioUunistemumis
(position embeddings) wazlaluiln trainable linear projection %qmiENLﬁaLﬁU%’a;JUaGT’]Lmﬂwaq

AsunMdtlodadn ViT faaunisii (1)
Zo = [Xp'E; Xp B Xp El+Ep; , E € RPPOXD E g RON+D) XD (1)

neluwes Transformer Encoding Usenaulusie Multihead Self-Attention (MSA) uag
Multi-Layer Perceptron (MLP) Fadl L Aotu(layer) wazazdl Layer normalization (LN) fﬁaunﬂué‘aﬂ
1715911 residual network %Qﬂi‘munﬂuﬁaﬂ (Wang et al., 2019; Baevski & Auli, 2019) wag z, A®

ATWERINABNSVRININIUNSIUISIE feaun1sn (2), (3)

zp= MSA(LN(zp_1))+2p-y , £ =1..L (2)
2o = MLP(LN(z;) ) + 2 Lo =1.L (3)
y = LN(z (@)

(%
o

Taed LN() Aauniinnsyin (normalization)

7, AOLARINAANSVRININTANITDBATIE

Multi-Head Attention #ldluugenves ViT \Juwnundnvesnisidnswa iugadivialey
Tuwaannsadeuslivans Attention wioudu Tasnisien Attention nseruluguuuuvum aeld
LWIRAKUY BUIAATDY Self-Attention AansthamynamuUieuiisuiues waglilunaiseus
wagidennininazaulaninluy  lagld attention  function 19A1 Dyoger  LJuANTRVRIINGDS

(dimensional value vector) Amsnisulas Input wesndidu 3 Vector il

1. wes Q (Query) Wideusu Key

2. inwed K (Key) Mdonsu Query
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3. 1Neas V (Value) Aaeftilu Attend 3nndndau Score NlANKAANS NG aURDVDY

NNWT Q WAy LINNES K LioNIAIUINAIUIMTN (weight) WA3nG V W1u multiple attention

functions YMlulanadws W, Aeaunis

MultiHead (Q, K, V') = Concat ( head, . . ., head, ) W, (5)
head; = Attention (QW,%, QWX, QW,) (6)
Tnodt WQ € R%moderxdq

l

WiK € ]RdmodeleK
WlV = ]RdmodeleV

3.3.2 ANTINUesan1dnenssy TransEN U-Net

TAsead1elagsaues TransEN U-Net wanslunnd 3.4 Usgnausearunmsidnsiande
Fundneg1mileinnig Downsampling #ld VT Fsfinalalunisunndameniswisnimdy Hxw
Thivwanmiidnasiielissinanafisrtulunmsuennneanisunmd aanawanm HW/PA2
Ju HW/P  x HW/P  Lagainmsunmdniw ﬁﬂiﬁ@@ﬁﬂi’]&lazLaﬁJWUNE‘hqui%ﬁU%uﬁﬁ’]aEJ'N
vandedlally msrzarduisduunaudaluninit VT i ONN dWeanmsgydsauasiden
POININAIUNTADANT S ENE N1 931115 Upsampling wie Cascaded Upsampler a@runadng
Y939 sequence of hidden feature filfide X € RAHW/PA2 xD) 29nA1SUUIAIINITUNGAT HW/P X
HW/PxD Iaen1svin Cascading Multiple Upsampling Blocks iwmaq%u 0 HW/P x HW/P 1%
T funImdy HxW Faustasuiendiiol Upsampling 1u 2 i, 3x3 Convolution , Relu,
Batch Normalize(BN) T5Unuuanniinenssuves U-Net Zsdnuaizadnegus U wagdia 2 dandidinng
\ousiefui3unin Skip Connection v3ei3endnegnamilsin Residual Connection uazfideld
Batch Normalization: BN iflowfdayw Vanishing Gradient wws1eagsiiliiléen Dice Similarity

Coefficient(DSC) ﬁqﬁuéﬁa



uni 4

NAN15398

4.1 WANNTIY

Tunasuised nmsvnassazuanadunanduninil 4.1 vy ws| mﬂsqm%’aagamiam%a
cMv  AfeldUTeuiay TransEN  U-Net  fuuuudiaesjududisnisuansninuadnsvoda
Restnet50-Unet ay EfficientNetB3+UnetPlusPlus ﬂ’liLLUﬂE‘i’JumwsuaﬂL%aﬁﬁaml,%aiﬂmmﬂa
Iﬁaﬁﬁﬁuﬁd’mﬁumﬂﬂdﬂ(over-segmented) slefeufuitufiass (ground truth) TneLanizegneda
suduldanansausnueziwadiinnme CMV ldaniedetie TransEN U-Net nadnsimaniislmiuin

WSS TransEN U-Net Hanua@1unsa Tunswuseneaanamnaa CMV wazdaaunsayinuignIng

¥
v Y a a a L v ISy

Fudounsdugiuineildedefiuszdniamdnsdie mewnil TransEN U-Net Failiuuselovildua

AantANswenlesiuusunlanseaugs (high-level global contextual features)uen Seasandaya

'
[y o

srAUlAanmIe wanINalun1san 4.1 TransEN U-Net lauanafianadisanilamaudiusunis
Uszliiuale Dice Similarity Coefficient; DSC (%) 91 99.75% Tuwaug?l Resnet50-Unet i@ DSC (%)
1 71.69% uaz EfficientNetB3+UnetPlusPlus &A1 DSC (%) 1 71.61% sudau
Todninvounveruideliaiunsosingidesnateglidiseiulaednlul@ Tl
witlougunmsiuatuloriginal image)(du 1 GB #3au1nn31) ¢ Llissandedninanuvainvaleves
1 a v L% % Qll d‘ a d' 1 U = v o w
ANLAAEINUELAZATNDILLOUNUAUIINANTIT 3.2 NANALLBIATILANANAY FIUDITVDINNA U

AsUsEUlaNa GPU annae
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| |

HIRTII RS

(a)Original Image (b)Ground Truth (c)TransEN U-Net (d)Resnet50 (c) Efficientnet-B3
-Unet +UnetPlusPlus

AN 4.1 wananmnisiIeuigugaananide CMV Tugadeyanimmnisqanesine

¥4 TransEN U-net AU Restnet50+Unet wag Efficientnet-b3+UnetPlusPlus Lﬁa

WBUNUNUNRSe (Ground Truth)

A15199 4.1 Lansn1siUSeuinuna Dice similarity coefficient; DSC (%) 31NATNATTWUSEIUNS

NSUNNEUDIUUUTIRDIWIN 9 UN WSIs dmSugadanide CMV Tuyadayanisqanens

Ang
Model DSC (%)
Resnet50-Unet 71.69
EfficirntNet-B3+UnetPlusPlus 71.61
Transén U-Net 99.75




uni 5

A3UNAN1338 BAUTIENA WazUalauaLuL

5.1 ayunan1sideuazaiusiena

Y Va v

Aeludnednusiauills diduvetaualuwa TransEN U-Net @aduiasatie CNN-

Y

Transformer wuvlauin tedlasginisutsdiunimmagane ingridvuialnguuuiinea Tef
oanilsvas Transformer  dulalldiifinsusnalnnslimnuaulanuiesuuunans (multi-head
self-attention mechanisms) wuU Position-wise Feed-Forward Networks (PFFN) @131304075%@
AEITUSEIUN widauenanauTRues CNN  5edus (low-level CNN  features) H1unns
sanuuuan1Unenssulausagusiig (U-shaped hybrid architecture design) loianaae

lun1snaasslanInIsLUsdIUAILNITTILUNLAazina  (pixel-wise  segmentation)

va o

JuiuaIevig FCN apaliidmsumatianisuuediuninmaganendinegr annanis3densell §3dy

a v o

lgwataus TransEN U-Net nalvinussansaimnisuianguifnitlumaduse1aiudfgy

aa v

{losannensinendavia (Digital Pathology) tneld TransEN U-Net ansnsatnewend

(% '

wnglun1sitadenisiaiovadiawds CMV  lakdud1unTu nwaealan dn1svinningassig
I3 A e [ a [ [ a dy 1
ansaiuiefnudanvaglaladiazanvazdugiuing1veates CMV wazaunsaldlunissesaniy

AsAnwLTaRUleDNAe

5.2 UDLAUDLUY

a v

Wesangadeyaiilailunmaladnisganerdine e CMV - unviaviua 12 29w 971
nuidell {Adelaldmaiansuusieyanuy 5-fold cross-validation unisuusdaya 5 du wire
fu ieldlunismaaeuluina TransEN  U-Net Lialvilariaauusdugipedl DSC unfign wasdl

Va

foRanainu3e bias Tioedign ufidelfinsulsdeyade 5-fold cross-validation Lilenaaey
Aulunadu (Restnet50+Unet  uaz Efficientnet-b3+UnetPlusPlus) uagldlaiesnisfines
(Hyperparameter) nagainiloufiufiunisnaaoulaina TransEN  U-Net 99nuannasd Lile
Wigumeuseninelaina TransEN U-Net iU Restnet50+Unet wag Efficientnet-b3+UnetPlusPlus
virlwtldien DSC (U 99.75%,71.69%,71,61% Auddu @1 TransEN U-Net fAn#l DSC #igean Lile
13/l¥iAn bias uay overfitting 8niEnisfianmsalilunmsutsnmaladnisganedinente cvmv
910 12 a Wunsveaeu(Training) 10 AwLaznAaey(Test) 2 A 1osinamansanalasnis

ganenFimendunmewinlngiuin
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fitedenimsunndnmidunmeessemaianiiiisuiudey (sliding window) 2710

5197t 3.1 el Tuma TransEN U-Net anunsauszananmls ndaaniuldinadalunisiiiunm
o v fanysallusumisfiunnsinsiurn 512 91nans1eil 3.2 wé’qﬁmﬁuﬁmmﬁm;m%’au”a
(data augmentation) %@ﬂﬂ’lWﬂﬁWﬁ’l%i%B’lﬁﬁL%@ CMV wuunanuuuau(horizontal flip) waghuu

wwaandn(vertical flip) Aoutlowdn TransEN U-Net siold
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TransEN U-Net: Enhance Image Segmentation of
Cytomegalovirus Infected Cells in Histopathological
Images
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Abstraci—Advances in histopathological image segmentation
have a significant r ole i ni hed isgnosiz o md b egin treatment
immedintely including a study of Cyiome galovirusi CMY) for the
tm.ul-]iﬂnpﬂ.lmhgﬂldulpwlhmimhmhym
histochemical or in sitw tion study is a gold standard
for dingnosis of CMVY tizae infection. This required pathologists
1o identily the histopathological change which i= time <consaming
mnd can be miszed im tsase with & sohile change. Automatic
analysis of histopathological images with Deep Learming(TML)
mhﬂ)pﬂhhﬁhlﬂﬂlﬁnﬂlﬂﬂtﬂnl*ﬂrmm
sceurately. Tyvpical iseopes with histopathological images which
m&mnﬂrmmﬂeummﬂ;mnd’
histopathological i momr: than 1 gigapivel. the Emiations
af GPL memary, lﬂlﬁ.ﬂdlmh&rﬂ"‘lﬂmﬂlﬂﬂwm
Additionally, whale slide images are split hoge
imzges indo mualtiple small image patches by cropping using the
sliding window technique In thi=s paper, we propos TransEN
U-Met which derives a benefito fa h yhrid CNS-Transformer
base on the U-shaped srchileciure for boosting the performance
of segmentation of histopathology. The tramsformer encoder not
enly is shie to the paiches but also the relstive self-attemtion
mechamizm in order to share information betwesen sqoences.
Experiment resulis of segme nting images by the two-dimensional
indicate that the TrunsEN U-Mei cam prodectively discriminage
MY viral imclusions incleding achieving higher valwes im ferms
of DSC score.

Index  Termr—Cytomegalovirus, Digital patholegy, Trams-
former, histopathological image = gmentation, U-MNet

I. IsrronucTioN

Cytomegalovins(CMV) 5 a pervasive  double-stranded
A virus im the human berpesvims (HHY) family s well
& a well-known relevance of infectson in the immunocom:
promized hosifi1]. The transmission of CMY emerges from
infecied body flwids through a direct person w ho i s shadding
humzn otomegalovirus (HOMY) via bresstfeading, sexual
activity, blood tramsfusion, amd organ transplantztion]?]. The
majarity of persons with CMY infections within immuanocom-
petent individusls are climiczlly asymplomatic after mizction
iz lifie-long ent within various hosts[3). CMY infection can

be detected by serology, Polymerase chaim resction{PCHEL
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and histopathaology. Histopetbologic manifestations of CMY
infection are enlarged cells including common endotheliom
in terms of panscular characteristics of intranuckear and in-
tracytoplasmic inchusions [45.6] This paper will focus on
histopathological imaps segmentation of CMY which is highily
significant o analyze. The development of digital pathology
imoives comerting histology microscope slides from glass
s slides W0 achieve saperior digital image guality using a
digital slidz scanner which is able 1o alleviabe the workload of
hoth paithodogists and researchers o view on 3 compuier scEen
with cytologic deiails high-resolation medical image scanmer.
Umn the other hand. the amomatic analysis two-dimensional
analysis of CMY which occur in making the necessary process
of entire gigapizel images te.g. 1 GBE or moned with 2 high
spalial rsolution incleding magnification levels of 40X is a
formadabie challengs.

[hae 1o the enormous archives of CMY histopathology slide
images, we need to divide CMY images into small paiches for
ihe computably comforiable process of sparating the region of
imerest (RO]) from the backgromnd image i order to fit it into
ithe GPU memory. Farthermone, CMY detection does not have
clear boundarses in the nuckeus and cyloplasm of the infecied
cell; therefore, the shape of CMY is 50 complicaied for the cal-
culation 1o obiain high accuracy. Recentry, Comvolutional nea-
rzl metworks (CMND, panticubarty fully comvolutional networks
{FCNH[T] have become a dominand techniqee in medical imags
soquisition sysems. As U-Mei[f] is a symmetrical encoder-
decoder archiiecture network bassd on skip-conmections 1o
adapt dietail peservation which hes become the de facio
choice. Although, CNN-basad sepmentztion demonsiraizs the
limitations of modeling long-range spatial dependencizs in the
images|9] becamse brings in the kow performance of varicus ar-
exs. Underscoring existing research on building seif-atentson
mechanisms relizs on CWNMN-basad approaches to resolving the
restrictive modeling[10,11].0n the other hand. Transformer is
&n mmovative architeciore which manipulated by ssquence-io-
sequence prediction including taking advantape of convoluwion
operators, based on exclosively sttention mechanisms[12).0n
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particular, Transformer rzcognires significant achievement i 2
wide array of downstream NP tasks and production of large-
scabed pretraining as well The transfommer in naural languags
processing (MLP} recognizes significant achievement in the
field of machine translation (MT) systems|13].

This our work, we focus on specific ChY regions io anatyxe
difficubty in segmentation to high accuracy performance using
split histological imepes indo a grid of equal-smed patches
and a direct sequence of linear embeddings from flatening
the paiches into feed input to the iransformer encoder We
have found that the Vil]14] w=s the stiention mechanism
and this model & smitable for predicing medical imepes
hecams of its mose efficient performance and expresses quite
satisfactory mesulis. In this resarch, we proposa that TransEN
U-Met architectare is hybrid sgmentation CWN-Transformer
with a paralizl transfommer yer in both wo-dimensional self-
attention mechanism encodes in the transformer for successive
up-sampling and 20 decoder of the standard U-Met [9,15] 1o
have achieved memarksble success im the global comext of
medical image segmentation with skip conmection from the
encoding path to U-shaped architecharz im order to eliminate
the insufficiency of Transformer which make koss Esolution
causad to spatial mformation during down-sampling for pre-
cise border localization. Besides, we pul forward an improved
segmentation accaracy for histopathology of CMY, whenzas
acourabe kew-level spatizal

Il. RELATED WORE

Severally, research makes an effort 1o s=1f-attention modules
in the convolational network models by wilizing the giohal
comnection of all pizel-based semantic sgmentation o take
sifvantzpe to festure maps. For exampiz, 2 non-loca) operaior
which is able to conmect with vanious inemmedizie comv clution
layers has been established by Wang et al[l6]. 5chlemper et
3l proposed sttention gate modules (AG) which ar corporate
within the skip connections of the encoder-decoder 1-shaped
nebwork] 17]. Diszimilar from these procedures, we manipulate
Transformers to embedding methods with global szif-atention
in our task The Transformer is 2 state-of-the-ant archieciune
thai mewly achieved Machine Translation (MTH1E] o solve
some of the issues of ML Transformers have been successful
in the most widely-usad applications of a visual backbone in
coimpuier vision applications. For exampile, Parmar et =1 [19]
who designs szif-atiention consider ocal meighborhood infor-
mztion by all pizzis in each imape instead of favoring global
comext Child et al[X)] msearch for Sparse Transformer
which manipulaies sczlable approximation of self-attention
on the ghobal information. Om image classification, Vision
Transformer (ViT) model [21] sccomplish superior state-of-
the-art on ImapeMiet classification m ihe last research with
global szif-atiention to full-swed mmages. TransEn U-Met is
the first transfiormer-hased histological image segmentation for
CMY amalysis applications which & desigmed to achieve great
success in Wil

1, EleaZriemea, (

sl Tk

e Enginserisg (MOON)

ML MeraopoLocy

In this sction for cytomegalovins (CMY ) delection in
imaging amzlysis, we first propose the overall architecture of
our TramsEN U-MNet, whose archilecture is shown m Figame 1,
and identify regions of tssue with CMY lesions of inemest,
being able to accurately assess the deep symmetric emcoder-
decoder metwork and booster U-shaped architectus: which
predict sophisticated histopathological image segmentation for
especizlly CMY deecton Themfore, we propose TransEM
U-Met mowel perspective for the farther adempt io exploit
io medesign Transformer archiiecture o improve image effi-
ciency with two-dimensionzsl CWM for image sepmentstion
of cytomegabow imas{CMY) mizcied cells in histopathological
images.

A CNN-Transgormer Hybrid Archileciure

We propose TramsEM U-Ned im Fig 1. According to the
histopathological mmage of CMY, it is a8 wo-dimensional
image, in the first step. consider an input hisiological mm-
e = & RE*=W with a spatial mesolution of H{Height),
WiWidih} and C are the numbers of chamnnels. We had to
adjust the shape of a larpe number of works dealing with
histopathological images in order o senies of Aatensd two-
dimensional patches s {:;, = Il'"l”c|i =123, N}, where
pis the sime of ezxch paich has a size P« P and N is 2 number
of histopathological image paiches as follows: N = Z%

In the TramsEN U-Net, the sequence inpul imapes on
iokeniring are fed into the mansformer encoder. Each image
is ddivided into 2 squence of fixed-size vectorized patches =,
io a laient D-dimensional embedding space in which [¥ is the
sire of the patch embeddings with a rainzbie linear projection
which are encode the paich embeddings o preserve positional
information as im equation 1.

20 = [siE; SE; . x) B+ Epoy| i

wheme is a linear projection of flattened patches and E_,, ©
EN=0' define the positional embeddings for each = and y
posiion

Tramsformer Encoding consists of Multihzad 5218-A tiention
(M5A) and Multi-Layer PFercepiron (MLP), where L is the
layer and these is a layer normalization (LN} before every
biock. The malti-head self-stiention layer impuits are split
across the multiple atiention heads =0 that each bead & able 1o
process different levels of self-sttention. A mesidwsl network
is med in every block and z; are mpresemtations of the
resulting image m the Transformer encoding bock, 2 shown
in Equstions 2 and 3.

zp = MSA[LMN{z¢_1)) +ze_1,£=1.. L (2
z¢ = MBA[LMN[=) + =z, f=1.. L (33
y=LN({z]) (4}

wheme LM(*) i the layer normalization that i applied before
every Mock so that use residual conpection afier every layer
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Fig. 1: The illustration of the proposed TransEN U-Nat for Aatomatic ansfysis of digital histopathological imape segmentation.
2) Encoding Section: To modify two dimensional CMN Transformer encoding the iokenized histopasthologicsl image patches
b} Decoding Section: To modify Upsampling and comnvolutional layers are mepesiedly sacked o camy out high-esclution

segmentation feature maps wsng the design of U-Meb

B TronsfEN U-Ne

The overall structums of TransEM U-Mai, shewn i Fig
1, comsists of an encoding section, also well-known as
Transformer-based downsampling, whoss imsape palching
michanism i to spilit the original H = W image into smaller
image sizes for ulirafzst processing in the emarkable pre-
dictive histology images from 23 o ¥ o SF Ahough
reconsincting image peiches will inevitably lead o the loss of
some of the information, we propose the ides to combine ViT
with CNN io reduce the loss of esolution of the upsampling
image, also known as an apsampling section of cascaded
upsampler. The resulting reshape sequence of hidden features
is from =z, € B « D 0 wle the shape of B « H¥ » D
By cascading multiple sample Mocks ineach layer from HWYP
x HW/P make every equal io the original image H<W, each
Maock o prvide double apsampling, 33 Comvolaion, BeLL,
and Balch Mormalize(BN). We utilie 2 novel bybrid method
for upsampling with U-Net achiecture which is widely
applied o biomedical image segmentation and symmetrical
archiecture with the improved skip comnection also known
&5 Residual Connection, znd we provide Kelll and BN o
betier sodve the vanishing gradient probéem for improving the
socuracy of awiomatically histoiogical images segmentation

IV. ExPERIMENTE AND RESULTS

A Datgeef

The msezarch protocol was zpproved by the Humsan Besearch
Ethics Commitee, Faculty of Medicine Ramathibodi Hospi-
tal, Mzhidol Universty, Thailand, 1D MURA202171057. The
bsopsy images stained with hematmylin and eosin (HEE) slide
wem colonic biopsy and resaction tissue which consists of 12
patients with histopathologic dizgnosis of CMY colilis group
with confirmatson by in s bybridication stedy ae remeved
and scanned wsng Panoramsc 250 Flash 111 slide scanner (30
Histech, Budapest, Hungary) 4l objective megmification in
TIFF fiwmat. Individual cells with the histopathologic change
of CMY detection are snpotaied by the pathologist However,
digital histopathology slide imzpes were penerzied at high mes-
adution toward larpe-scale digitization larger than 1 gipa-pixels
scross. Such enormous images &ne not only Hme-conswming to
dizgnose but also requine medical expertiss to annodate medical
images. The enormous sime of the histopathology imapes is
difficult to ft G on the NYITIHA Tesla T4-16 GROGDOHRG)
memory of Google Colsb zil at once cause accoumt of the
limitation of GPU capacity. For our experiments, we nead
o split gigapizel histopathological imepes(12 imapes) into
mulitiple sub-imapes(a totzl of 31,300 imapes which compossa
of 24 439 mapes for cy lomegalovims-ne gative cells and 6,799

5%
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Fig. 2: Steps for preparing histopathological images to feed into TransEm U-Met

images for cytomegalovins-positive cells) wing the sliding
windmw algorithm dechnigue with non-overlapping windows
&5 shown i Figum 1

i Data Preparaion

The histopathological imeape for preparstion steps before

feeding into the model is shown in Fig 2 & follows.

« Fimt, we zpplied the sliding window techniqoe o split
giga-pixel whole slide image (W 51} into non-overlapping
imaps paiches and distinct smaller peiches(512 x 512
) for rzining including emove only given the whaole
white(RGE: 255 235 255) patches for the empty image.

« Especially, having to paich the process om the original
W5l with manual annotations from pathologists Due to
the sliding window withouwl merapping makes incom-
pete CMY-peiching images affect the CMY histopatho-
logical image; themfore, we compuied the imtact new
mgion frame imvolved in CMV-infecied cells to clearly
distinguish puckei with the different positions with dimen-
sions box (cropping 512 = 512 ectangular bexes) shown
in Algorithm 1. As 2 resull of Algorithm 1, the number
of histopathological imapes wsing individwsily patch-level
annoiations was dramatically incezased to 11 images with
CMVs with different positions 25 shown in Fig. 2.

« Additionally, we got approximatety 31 3070 peich imapes
of sime 512 = 512 pimels. The image paiches datsset is
composed of the ratio of the total amoant of megative
24 430 paiches o the iotal amount of positive patcheas
from labelad W 51 mgions with about 6,799 paiches

« Inthe training ==t of our model, the inpat imaps is ecred
o 256 » 256 pixels in order to Eed nto the network.

« Afierward, we apply different dats amgmentstion tech-
niques(ie. horzontal Aip, vertical Aip) o the dataset of
hiziopathology images of Cytomegalovins colitis

« Finally, we propose iouse the 5-fold cross-validstion(CV )
echnique split randomily the WAl 5 comsecutive Emas
imbo 5 growps o variouws both training and validstion sets

Alporithm 1 Typical histological featums of CMY  infec-
tion are different positions with two-dimersional bounding

boxisize of 512 x 5120

Input: Read annotation positions for CMY 25 follows be oy
MY Annotabion: a,a=1...W
shift x-axis: =,
shift y-axis: =,
Image sie: size

Output: Morphological features in CMY infiecied cells are
various segmentation with bounding box dimension: b
contains datasi x-zxis minimam D datssed x-
axis meximum: Dr o dataset y-axis mimimame Dy, oo
dataset y-axis maximum Dy
Initialiation

1: hr eacha =110 N do

Tmin = Tinfaz)

Tmar = mariog]

Yrmin = mmein(ay)

Pmax = max{ay)

.'Fl'..'.:: — HEEE— | Tomnn —:.-.......,E

:i"-'ﬂp — moe— -

'DInIﬂI = [I!nh " _Fi-ﬂ:"l"{.'ll'.:-tx :ll:'

-D-T!nl.': = [.1.'_._-: — Ep — IDEIil:.'FI.:i::.:I]

Dymin = (pmin — 5y — floor(sizeg])

11: Dymer = (Ymax — 5y — ceil{zizey )]

1z b = Droun, Dy, (Pzmaz — Drmun), [Dgmes —

Dymen)
1% end for
1& meturn b

S B

. Implemeniation Deiaily

In thiz paper, we implement TramsEN U-pet i Py-
Torch. The experiments are condocted on NV IDLA Tesla T4-
1a GBIGDDRS) memory using Google Colab. We choose
Rs0-Vi-B_16 which is 2 hybnd of BesMNet-50 architectars
and YiT[21] and is the pre-mained modsl on ImageMeat [22]
and patch sime P is mesimed & 2561256 o 16 pixels with a
batch size of 32, Adam optimizer with an initizl keaming rate
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of le-4, and weight decay of le-6 for 15 iteraions. To svoid
wverfitting, we also randomily performed data augmentations
both horizontal flipping and vertical fiipping of the initial
datasel
It Experimenial Rexulis

In this paper, The experimental resulis am illustrated as
shown in Figure 3 on the W5ls from the CMY datasst
We compar TramsEM U-Met with other models by visual-
iation The mesull of both Resinet5i4+Unet and Efcientmet-
b3+ UpetMasPlusis obiaim the over-sgmenied esult if they ane
obtamed compared to ground truth. Especisily, it is onabla
io differentiate from CMV-imfected cells greaser than the
TransEM U-Met network. These msulis indicate that our pro-
posed TransEMN U-Net framework has the abilsty to inbegrate
segmentation CMY infecied cells and effectively morpholog-
ical complex prediction. For this reason, TransEN U-Met has
bemeficial to not only kigh-level globsl contextual festares but
gl=p low-kevel information. As shown in Tabke I, TransEM
1-Mit mecognizes remarksble achievement for the evaluation
with the DSC indicator of 99.75%. Limiting the scope of
research cannol astomatically mosaic multipe tikes together
for 2 set of the oniginal image(e.g 1 GE or mone) owing to
varimE common types of constraints that may be overlapping
imagesA lgorithm 1), and at different resclutions mcluding
comstraints on GPU processing.
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Fig. 3 The comparison of CMY infected cells in histopatho-
logical images dataset by vismalization

1_

TABLE I Comparison of medical segmentation msults of
different models on the Whls for CMY infection cells i the
histopathological dataset m DSC (%)

Fomna S0 Unait 7158
E iz nirg t-53+ UneiPlus Plus T1.E1
TransEH - Nat 2aTE

CoNCLUSION

In this paper, we deliberziely propose a TramsEN U-Mat
framework, which i= a CNM-Transformer hybrid network
io analyre gigapizel digital histopathologic image segmentz-
tion. One of the advantzges of Trarsformer is not only the
mulii-hesd self-abention mechanisms by Position-wise Faed-
Forward Metworks(FFFM) am capable of encoding cones-
izl rlationships but also extracting low-level CAN fzatumes
tbwoagh 2 U-shaped hybrid schiecture design. Owr exper-
iments illustrale pixel-wis segmentabion based on &8 wo-
dimensionzl FCM network for histopathological imape seg-
mentation techniques. These exparimental resalts recommend
that TransEN U-Met keads to a significanfly superior segmen-
tation performance.
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