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TOM TAT

Phdn vimng anh khéi u ndo trong chup céng hwong tiv MRI (Magnetic resonance imaging) rdt
hitu ich cho viéc chan doan, du dodn toc do phat trién, do thé tich khoi u va lap phadc do diéu tri
khoi u ndo. Tuy vdy, viéc phdan vimg dnh MRI khéi u néo thuc té gdp khé khan do sy da dang ciia
cdc khoi u néo vé kich thuée, hinh dang, vi tri va sw khéng dong nhdt ciia ching. Trong bai bdo
nay, chiing t6i dé xudt mot huéng tiép can cho phan viing danh MRI khéi u ndo diing mang no-ron
hoc sdu, véi ham mat mat dua trén ham Tversky. Cu theé, chung toi dé xudt sir dung mo hinh
TransUnet, mgt mé hinh dwoc gioi thiéu gan ddy dwa trén kién tric Transformer va U-Net daé
hudn luyén va kiém thi div liéu. Pong thoi ching t6i ciing dé xudt mot ham mat mat méi ding dé
hudn luyén mang no-ron qua do co thé giai quyét nhitng kho khan vira néu trong phdn viing anh
MRI khéi u néo. Phuwong phap dé xuat da dwoc kiém ching trén tdp div liéu Brain LGG
Segmentation, két qud cho thdy mang TransUNet V0T ham mdt mat dé xuat hoat dong tot, véi cac
chi tiéu danh gid c6 két qua cao hon so véi mét sé phwong phdp khac.

Tiur khéa: Mang no-ron hoc sau; M6 hinh TransUnet; Phan vung anh MRI khéi u ndo; Ham Tversky.
1. PAT VAN PE

U nfo 1a mot khoi tang truong cia cac té bao bat thuong trong ndo, va 1a mot trong nhiing
bénh gay tir vong hang dau trong cic bénh nhan vé ung thu [1]. U ndo c¢6 thé chia thanh u nio
lanh tinh va u ndo 4c tinh. Chan doan hinh anh 1a phuong phap thudng dugc sir dung dé chan
doan u ndo. Cac k¥ thuat chan doan hinh anh c6 thé ké dén 1a phuong phap chup cit 16p
CT(computerized tomography), phuong phap cong huong tir hat nhan (MRI). Cho du khbi u ndo
13 1anh tinh, ac tinh hay di can, tit ca déu c6 kha ning de doa nghiém trong tdi tinh mang bdi no
dugc bao boc trong hop xuong so, né khong thé mo rong dé ¢6 chd cho khdi luong ngay cang
16n cua khéi u. Két qua la, khdi u chén ép va chiém chd cta cac md ndo khoe manh. Viée xac
dinh chinh xac kich thudc ciing nhu vi tri khdi u c6 thé gitip cho cac béac si trong qua trinh chan
doan, diéu tri bénh.

Viéc xac dinh khdi u néu thuc hién thi cong can phai co bac si chan doan hinh anh st dung
thong tin thu béi anh MRI cing v6i nhimg kién thirc vé giai phau va sinh 1y c6 dugc qua nhiéu
nam nghién cuu va thuc nghiém trén linh vuc y khoa. Qua trinh nay doi hoi bac si phai xem xét
nhiéu hinh anh timg 14t cat, chan doan khéi u va vé& thii cong cac ving khdi u mot cach can than.
Ngoai viéc ton thoi gian, viéc phan ving thu cong ciing phu thude vao kinh nghiém va kién thirc
y khoa ciia bac si chan doan hinh anh. Do d6, két qua phan ving ¢ thé khac nhau giita nhiing
lan thyc hién va giita y kién chuyén khoa ctia cac bac si khac [2].

Thuc té trong anh MRI cta khéi u, 6 rat nhiéu thach thirc. Thach thic dau tién co thé ké dén
d6 1a s da dang vé vi tri, kich thuéc va hinh khéi. Kich thuée va vi tri cua cac khéi u 1a khac
nhau & mdi bénh nhan. Tuy nhién, ngay ca & cing mdt bénh nhan, kich thudc cua khéi u ciing
khac nhau trén timg lat cit anh. Sy phirc tap nay c6 thé dé dang nhan thay khi quan sat anh MRI
3D. Khi chia timg l4t cit ciia anh 3D thanh ting lat cit 2D, kich thudc cua khéi u thay doi trén
ting lat cat. Diéu nay khién cho viéc phan ving khdi u trd nén kho khan hon. Bén canh dé, dién
tich khéi u rat nho so véi kich thude ndo. Bén canh d6, mot kho khin nita trong viée xac dinh
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khéi u mot cach ty dong do la sy khong nhét quan vé hinh dang. Hinh dang cta khéi u & mdi
bénh nhan 1a khac nhau, khéng c6 mét khuén mau hay dac diém cu thé nao.

Ngay nay, nho nhiing tién b ciia khoa hoc may tinh va hoc may, viéc phan ving anh MRI
khdi u ndo mot cach tu dong va chinh xéac cé thé hd trg cic bac sira quyét dinh chan doan va
giiip d& cac bénh nhan. Véi nhimg tap dir liéu lién tuc duge dong gop boi cac nha khoa hoc, s6
lugng nhimg ca bénh dung cho huin luyén mé hinh ngay cang gia tang, giip cho may co6 thé hoc
dugc kinh nghiém tir rit nhiéu chuyén gia. Khi s6 lugng mau anh gia ting dén murc du 16n, két
qua ctia md hinh c6 thé ngang hodc thdm chi chinh x4c hon chin doan cua bac si. Pi c6 nhiéu
phuong phap tiép can trong bai toan phan ving anh u ndo nhu huéng sir dung duong bao chu
dong [3, 4], va cac phuong phap hoc may [5-8]. V&i nhiing thanh tyu ruc rd cia ky thuat hoc
sau, nhat 13 mang no-ron tich chap CNN (Convolutional Neural Network), da gitip cho cac bai
toan phan ving anh néi chung va phan vung anh y té néi riéng thu duoc rat nhiéu thanh tyu. Co
thé ké dén mot s6 mo hinh phan ving anh ding hoc sdu nbi tiéng, do 1a mang tich chap toan
phian FCN (Fully Convolutional Network), [9] mang U-Net [10], va gan ddy 1a m6 hinh
TransUnet [11]- mét cau trac dua trén Transformer von ndi tiéng trong xur Iy ngoén ngtr ty nhién.
Céac m6 hinh mang ké trén va cac mé hinh phat trién dua trén hai cdu tric mang nay da dugc tng
dung nhiéu trong linh vure phan ving anh [6, 12].

Bén canh viéc phat trién cac kién tric méi, ham mat mat trong phan vung anh ciing dugc cac
nha nghién ciru trong linh vyc thi gidc mdy tinh dac biét chu trong. Vi tinh chat mat can béng dir
liéu 1a tinh chat dién hinh cua dit liéu y té, cac ham mat mat can phai tap trung giai quyét. Ham
mat mét cross-entropy (CE) [10], cross-entropy co trong s6 duoc tng dung trong phan ving chu
tao cua ndo dya trén anh MRI [13], hay ham mit mat Dice [14], ham mét mat Tversky [15] la
nhing vi du tiéu biéu cho phan ving anh y té. Nghién ctru cho thy sir 'dung nhirg ham mat mat
dang nay dem lai sy hi€u qua vuot troi. Hon nira, viéc &p dung ham méat mat lai cuc ky don gian,
khong ton chi phi. Vi vdy, hién nay, sir dung cac ham mét mat giai quyét viéc mat can bang dit
lidu duoc coi 1a mic dinh trong xt li anh y té ding k¥ thuat hoc sau. Trong qua trinh nghién ciru
vé anh y té ciing nhu hoc sau, chiing t6i nhan thay huong phat trién cac ham mat mat trong k¥
thuét hoc sau trong cac (mg dung phén vang anh y té noi chung va phan ving kh01 u ndo con cod
nhleu tiém nang dé phat trién. Trong bai bao nay ching toi de xudt mot ham mat méat méi, giai
quyét viéc mat can bang dir liéu, 80p phan giai quyét mot sd thach thirc cta phan vung khdi u
ndo nhu 14 sy da dang ciia cac khdi u ndo v€ kich thudc, hinh dang, vi tri va sy khong dong nhit
cua chung. Dong thoi chung toi dé xudt st dung mot mo hinh mang hién dai dua trén kién trc
transformer, la TransUnet TransUnet [11]- va thiét 1ap cac ciu hinh so cho phii hop va thich nghi
v6i bai todn phan vung anh u nao.

Phan tiép theo ciia bai bdo gdm cac phan sau: Phan 2 khai quat mot s6 md hinh va ham mat
mat trong phan vung anh noi chung dung ky thuat hoc sau; Phan 3 trinh bay vé kién tric
TransUnet va ham mét mat dé xuat; Mot s6 két qua thyc nghiém va danh gia dugc gi6i thiéu
trong Phan 4; Cudi cliing, phan 5 két thiic v6i két luan va hudng phat trién.

2. CAC NGHIEN CUU LIEN QUAN

2.1. M6 hinh U-Net va cac mé hinh mé rong cia U-Net

M@ hinh mang U-Net [5], dugc gidi thiéu boi Olaf Ronnenberger va cong sw, danh cho phén
vung anh y sinh vao nim 2015, 1a mot mé hinh duoc cai tién va phat trién dya trén mo hinh
mang no-ron tich chap toan phan da dugc gidi thiéu trudc d6. S& di mo hinh cé tén 1a U-Net do
cau trac doi xung ctia minh, nhu minh hoa & hinh 1. Phan ma hoéa trong U-Net twong tu nhu cac
mang no ron tich chdp truyén thong, gom cac 16p tich chap va cac 16p giam chiéu nham trich
xuat nhitng dac trung cta anh.

Diéu ndi bat cua mang U-Net chinh la 16p giai ma. Tai 16p nay, s6 1dn md rong chiéu s& twong
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g véi sb 1an giam chidu ¢ cac 16p trude d6. Trong mot sé mé hinh phat trién dwa trén U-Net,
thay vi dung 16p m¢& rdng ket hop voi mot 16p tich chap, ta co the st dung cac 16p tich chap dao
v61 nhi€u ctra so truot.
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Hinh 1. Minh hoa mé hinh U- Net Vi du trong phdn viing khoi u néo.

Mot mo hinh mang phat trién ctia U-Net co thé ké dén 1a Attention UNet [6] dugc gidi thicu
vao nam 2018. Co ché tap trung dugc thém vio giup mang gia ting sy hiu qua trong viéc xéac
dinh chinh x4c phan vung anh. Trong qua trinh ting mau & phia decoder, néu chi dung cac phép
tich chap chuyén vi hodc phép nodi suy thi thong tin vé mit khong gian dugc ti tao 1a khong du
chinh xac. Dé khic phuc nhugce diém nay, U-Net sir dung két ndi tat (skip connection) két hop
thong tin khong gian tir khdi encoder véi khdi decoder. Tuy nhién, diéu nay dan dén nhiéu phan
trich xuat dbi tuong cap thip du thira, vi tinh ning biéu dién kém trong cac 16p ban dau. Su tap
trung mém duoc thuc hién tai cac két ndi tat s& chi dong ngin chin cac kich hoat & cc ving
khong lién quan, giam s luong cac thong tin du thira duoc dua qua mang. Nho co ché nay,
mang Attention-Unet hoc cach tap trung vao khu vuc mong mudn khi qué trinh dao tao dién ra.
Tinh kha vi cta cong tap trung mém cho phép mang huén luyén duoc trong qua trinh lan truyén
nguoc, co nghia la cac hé so tap trung tré nén t6t hon trong viéc 1am ndi bat cac ving anh quan
trong. Céc cong tap trung 1a mot cach don gian dé cai thién U-Net mot cach hiéu qua trong nhiéu
b6 dir liéu khac nhau ma khong ton kém dang ké vé chi phi tinh toan.

2.2. Transformers

Transformers, hay con goi 1a “nguoi may bién hinh”, dwgc Vaswani va cac cong su dé xuit
[16] ban dau cho bai toan xtr ly ngdn ngir ty nhién NLP (Natural language processing). Khac voi
co ché xur 1i chudi tuan tu, Transformer ¢ the xur 1i ddng thoi cac vector trong chudi dau vao,
khién cac qua trinh huan luyén nhanh hon rit nhiéu. Viéc tinh toan song song c6 thé tin dung
dugc stirc manh cta cac GPU, cho phép ching ta c6 thé thir nghiém nhanh chéng cac ¥ tudng,
cac kién tric méi dua trén Transformer. Va thuc té ciing cho thdy, kién tric dya trén
Transformer dang 13 kién tric ndi tiéng nhat, thu hat nhiéu sy tip trung nhét, khong chi trong xur
li ngdn nglr ty nhi€én ma con trong nhiéu linh vuc khéc. Khong chi cai thién vé mit toc do,
Transformer con cé nhiing co ché cai thién strc manh ciia mé hinh, do chinh xac va kha nang
trich xuét thong tin mot cach vuot trdi. Gidng nhu céac kién trac chung trong cac mang no-ron xu
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li ngdn ngit ty nhién, Transformer ciing bao gém hai khéi chinh: Encoder va Decoder.Khdi
Encoder c6 nhi€ém vu phéan tich va trich xuit cac dic trung tir chudi vector dau vao, khdi Decoder
¢6 chirc nang xtr li cac thong tin dic trung tir Encoder dé tinh toan vector dau ra. Co ché chu dao
tao nén sy thanh cong ctia Transformer 1a co ché Tap trung ndi bo (Self-attention) va tap trung
n6i bo nhidu dau (Multi-head Self-attention). Mot co ché tap trung c6 thé dugc mé ta nhu dnh xa
mot query va mot tap hop céc cip key - value t6i mot két qua dau ra, trong d6 query, key, value
va két qua dau ra déu 1a cac vector. Két qua dau ra dugc tinh dudi dang tong co trong sb cua cac
value, trong d6 trong s dugc gan cho méi value dugc tinh bang mot ham tuong thich ciia query
voi key tuong ung.
2.3. Vision Transformer

Bén canh cac thanh tyu vugt trdi trong linh vyc xr Iy ngén ngit ty nhién, Transformer da va
dang dugc p dung hiéu qua trong thi gidc may tinh [11, 16]. Mot trong cac nghién ciru dién hinh
do 1a Vision Transformers (ViTs) gidi thiéu bai Dosovitskiy va cac cong sy [17].

Yision Transformer (ViT)
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Trong mé hinh ViT, nhu minh hoa & hinh 2, dé 4p dung Transformer cho anh, cac tac gia chia
cét blic anh thanh cac manh ghép. Gia sir kich thudc anh gbc 1a x € R™W*C | cac manh ghép s&
duoc cét vai kich thude 1a Xp € RNV EPC) trong d6 (H,W) 1an luot 12 do cao va chiéu rong cua birc
anh goc, C 1a sb kénh caa anh, con (P,P) 1a kich thudc ctia manh ghép. Nhu véy, s manh ghép
thu duoc s& 1a N = HW/P?. K¥ thuét nay duoc goi 1a patching. Sau khi chia cit anh gbc, cac manh
ghép s& duoc dudi thang thanh mot vector va duge chiéu thanh mét vector D chiéu qua mot 16p
két nbi ddy du. Két qua cua phép chiéu nay dugc goi 1a cic manh ghép nhing (patching
embeddings). P4y 1a mot phuong huéng tiép can kha méi mé va doc ddo. Viée chia cit birc anh
thanh nhiéu phén, roi lai dudi thang ching thanh cac vector, da lam mét thong tin vé khong gian
ctia btrc anh. Tuy nhién, két qua mang lai thi lai kha bat ngd. Phan chia manh ghép ciing chinh 1a
li do ma tén cda bai bdo duoc dat 1a “An image is worth 16 x16 words”, mot birc anh c6 gia tri
bang 16x16 tir. Ciing giébng nhu xu li ngdn ng ty nhién, cac manh ghép trong Vision
Transformer (ViT) ciing can dugc ma hoa theo vi tri. ViT sit dung ma hoéa theo vi tri mot chiéu
voi cac tham sd c6 kha nang hoc duoc.

2.4. Cic ham mét mat thwong ding trong phin ving anh

Trong cac bai toan phan ving anh dung ky thuat hoc siu, cac ham méat mat thudng dugc sir
dung 14 ham Dice loss va cross-entropy. Phan dudi diy mo ta so luge vé cac ham mat mat nay
trong trudng hop phan loai nhi phan hay hai 16p: dbi twong quan tam (vi du khdi u ndo) va nén.
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Gid st goi ye [0,1] 1a anh nhi phan- diu ra dy doan béi mang no-ron, § e [0,1] twong ung la
nhan-mét anh nhi phan dugc khoanh ving boi béac si hoac chuyén gia (ground truth). Myc ti€u
ciia mang 1a sao cho anh dau ra khop voi ground truth nhat trong qua trinh huan luyén. Gia su
cac nhan nay co tong so pixel 1a N.

Ham mat mat Dice dugc dinh nghia theo cong thirc sau:

I‘Dit:e =1 Z = yl yl (1)
ZI ly' ZI ly'

Ham méat mat binary cross entropy (BCE) duoc biéu dién nhu sau:
1 N . .
Loce :_ﬁzi:lyi logy, +(1- ¥, )log(1-y,) (2)

Thong thuong trong da phan cac Gmg dung phan ving anh, hai ham méat mat trén thuong duoc
két hop voi nhau, con goi 18 ham mat mat Dice+BCE dé tang hiéu qua cua mo hinh mang.

3. PHUONG PHAP THU'C HIEN

3.1. Kién tric TransUnet

TransUnet [11] dugc cong bd vao dau nam 2021, 1an dau tién két hop giira ViT va mang no-
ron UNet. TransUNet khong chi ké thira y tuong ctia ViT ma con phat trién dé khic phuc diém
yéu cua mang. Céc tac gia cua TransUNet nhén thiy rang, néu st dung Vision Transformer lam
bo Encoder cho mang phén ving anh thi két qua mang lai chua du thuyet phuc. Dya trén phén
tich ViT dudi thing cic viing manh ghép thanh vector mot chiéu 1am mat thong tin vé mit khong
gian, va ciing khong mang lai thong tin cho khdi Decoder trong qua trinh ting mau, TransUNet
dé xuét thém vao cac 16p tich chap trude khi dua vao cac khdi tap trung nhiéu dau. Pidu nay di
giip cho TransUNet tén dung dugc ca uu dlem ctia Transformer, va k¥ thuat Encode kinh dién
bang mang tich chap trong phan ving anh y té.
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Hinh 3. Minh hoa kién triic mang TransUnet cho mgt ung dung phdn ving dnh y 1é (a) lop
Transformer; (b) cau tric cua TransUNet.

Khéi Encoder cua TransUNet sir dung nhiéu ting Transformer dit xép chong 1én nhau. Sy
cai tién cua TransUNet thé hién ¢ viéc khong duoi thang cac manh ghép nhung ra thanh mot
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vector, ma dwa chiing qua mot mang tich chap dé trich xuat ddc trung. Ky thuat nay duoc goi
14 Hybrid CNN - Transformer, dugc thé hién trén hinh 3. Chinh cac tﬁng tich chdp dugc thém
vao nay da lam tang do chinh xac cua mang. Tac gia cua TransUNet dua ra hai li do cho thiét
ké nay: (i) Thir nhat, viéc st dung cac tang tich chap lam trich xuét dic trung giup cho cac
vector nhung gitr lai dugc thong tin vé mat khong gian; (ii)Tht hai, thong qua cac tang tich
chap, dac trung duogc trich xuit véi nhiéu do phan gidi khac nhau, do d6, co thé hd tro qua
trinh Decode (gidng nhu trong U-Net).

O khoi Decoder, TransUNet st dung mot kién trac véi tén goi Cascaded Upsampler, tirc la
tang kich thudc cua dic trung theo nhiéu ting dé giai ma mat na dau ra vé kich thudc bang voi
dau vao. Sau khi di qua khédi Encoder, kich thudc cua dic trung c6 dang z, € (HW/P?, D), duoc
sap xép lai thanh kich thude H/P xW/P xD. Muc dich cua viéc nay 1a dé dua dic trung tir khong
gian 2 chiéu vé khong gian 3 chiéu dé c6 thé thuc hién dugc cac phép toan tich chap. Qua moi
phép upsampling, kich thudc cua dac trung dugc tang 1én gp d6i, va cudi cung khoi phuc lai
dugc kich thude ge. Chung ta co thé thay rang, sir dung Cascaded Upsampler cho phép tong
hop déac trung 6 cac 16p do phan giai khac nhau, gitr lai duoc ca dac trung 6 tang thap va ting
cao. Day ciing 1a k¥ thuat rat phd bién trong mang no-ron.

3.2. Him mAt mat dé xuét

Nhu da dé cap trong phﬁn gidi thi€u, trong bai todn phan vung khdi u ndo, mic du di c6 rat
nhiéu nghién ctu va phuong phap dé xuét, van con c6 nhimng thach thirc. Mot trong s6 do 1a sy
mat can bang dir liéu, kich thudc cua khdi u thuong nho hon nhiéu so véi nén xung quanh cua
buc anh, do tinh chat da dang ciia hinh thai, kich thuge khdi u. Dé gop phan giai quyét van dé
nay, trong nghién ciru nay, ching t6i dé xuat mot giai phap don gian nhung khong lam tang chi
phi tinh toan hay théng s6 ciia mang, d6 14 cai tién ham mat mat. Cu thé, ching toi dé xuat ham
mat mat nhu sau:

LProposed = ﬂ'LBCE + e LTversky (3)

Trong d6, A, v €[0, 1] 1a c4c siéu tham s biéu dién sy can bang giira hai thanh phan ham mat
mat; Lgce la ham binary cross entropy nhu biéu dién ¢ cong thure (2); va Lyyersky 18 ham mat mat
dua trén chi s6 Tversky nhu mo ta & dudi day:

Véi y e[0,1]1a dau ra du doén boi mang no-ron, §&[0,1] tuong tmg la ground truth. Chi s6
Tversky (Tversky index) [18] dugc dinh nghia nhu sau:

> 9y,
ZL Yi¥i + aZZiN:19i (1-v) +ﬁZiN:1(1_ ¥.) i

trong d6, 0 < ¢, B <1 la cac tham sb cuia Tversky index v6i o + B =1. Cong thirc (4) c6 thé viét
lai thanh:

T(9.y, a.p)= (4)

T3y, a)= >N 9y,

¥,y a - TR - (®)
Zi:l Yiyi+ a;Zizl Yi (1_ Yi ) + (1_ a)Zi:l(l_ Yi ) Yi
Dua trén Tversky index, ham méat mat Tversky dugc viét nhu sau:
N .
N LYY
I‘Tversky =1-T (y’ Yy, 0{) = Z = (6)

Z.lv.v.wzz 9 (1-v)+(1-a)>. (1-9)y,
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3.3. Chi s6 danh gia két qua
3.3.1. Chi s6 IoU (Intersection over Union)

Chi s6 ToU, hay con goi 1a hé sé tuong ddng Jaccard, 1a mot phép thdng ké dugc sir dung de
danh gia sy tuong dong giita cac tip mau. Phép do nhidn manh sy gidng nhau giira cac tip mau
hiru han va dugc dinh nghia chinh thirc 1a kich thudc cta phan giao chia cho kich thudc ciia phan
hop cua cac tap mau. Biéu dién toan hoc cua chi sé duoc viét nhu sau:

|AnB| |ANB|
|AUB|  |A+|B|-|ANB|
3.3.2. Chi s6 Dice - Dice similarity coefficient (DSC)

Hé sb tuong ‘d(“)ng Dice, con dugc goi 1a hé sb Serensen-Dice, 1a mot cong cu théng ké do
muc do tuong dong giira hai tap di liéu. HE sO nay thuong dugc st dung rong rdi va duqq coi la
phép do chinh trong danh gia cac thudt toan phan vung xtr 1y hinh anh. H¢ s6 DSC co6 thé duoc
viét nhu sau:

(7)

J(AB)=

2x|ANB|

DSC(A,B)= A8

(8)

4. THUC NGHIEM VA PANH GIA KET QUA
4.1. Dir liéu va phan tich dir liéu

Tép dir liéu duoc dung trong nghién ctu nay la tip LGG Segmentation Dataset. BO dir liéu
bao gom 3929 anh MRI nédo cua hon 100 bénh nhén, dud6i nhiu lat cat khac nhau. LGG
Segmentation cung cap nhén cho cac khoi u, duge chinh cdc nha nghién ciru va chan doan hinh
anh tai Pai hoc Duke thuc hién va phé duyét. Tap dir liéu da duoc sqfr dqng cl}o nhiéu nghién ctu
va cling duge dua vao cude thi phan ving dnh trén mét trang web noi tieng ve hoc may - Kaggle.
Trong tong s6 3929 anh, c6 dén hon 2500 anh dugc chan doan duong tinh va chi c6 khoang 1500
anh la am tinh. Trén thuc te, ti 1€ §6 ngu’di bi u ndo 1a rat nhé so véi ngudi khde manh. Viée tao
mot phan phoi dir vliéu nhu vay ho trg rat hi€u qué cpo cac mo6 hinh hoc may, khi ma phan 16p
duong tinh kho chan doan hon dugc bo sung nhiéu mau hon.

4.2. Huén luyén va cai dit tham sé

Trong nghién ctiru nay, chung toi cai dat cac tham s6 cho mo hinh TransUNet dé thich nghi
cho bai toan phan ving anh khoi u ndo nhu sau: Kich thu6e anh dau vao la 256 x256; Kich thude
manh ghép 1a 16 x16; S6 déau tap trung 1a 12; s6 16p Transformer 1a 12; s6 chicu cia 16p an 1a
7678. Ty 1€ dir li¢u huan 11}yén, kiem thtr va kiém tra duwgc ddt nhu sau: tdp huan luyén: 70%; tap
kiém thur: 15%; va tap kiém tra: 15%. Bén canh d6 chung t6i ciing sir dung cac ky thuat lam giau
dir liéu nhu tang giam ngau nhién d sang, tang giam ngau nhién d¢ twong phan, thay d6i ngau
nhién tbng mau.

Cac tham sf’)’huén luyén md hinh dugc cai dat voi hé s6 hoc 1a 0.005:kich thudc batch 1a 8, su
dung k¥ thuat toi wvu Adam; hé so dieu chinh hé s hoc dét 1a 0.1; Cac si€u tham so cho céac hé so
ham mat mat 1=0.3; v=0.7; Qua trinh huén luyén va thir nghiém dugc thuc hién may tinh véi
GeForce(R) GTX 2080, trén nén tang ngdn ngtt Python véi géi Pytorch.

4.3. Két qua ciia phwong phap dé xuit

Trude hét, d& minh hoa sy hoi tu cua mo6 hinh Tran§Unet st dung ham plét mat dé& xuét,
chung t61 v& duong cong hoc (learning curve) trén tap huan luyén (train) va kiém dinh (val) trén
hinh 4. Trén hinh v€& nay ta thay mo6 hinh hoi ty sau khoang 90 epoch. Cac chi s6 6n dinh voi gia
tri twong tng 16n hon 0.9 v6i thong s6 Dice, va 0.88 doi voi thong s6 loU; the hién hiéu nang cua
mo hinh véi ham mat mat d€ xuat.
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Hinh 4. Puong cong hoc khi hudn luyén mé hinh TransUnet dung ham mdt
mat dé xuat. (a) Gia tri mat mat loss; (b) Chi s6 Dice; (c) Chi so loU.

Input images Predictions Ground truths

Hinh 5. Minh hoa mot 56 két qua phan ving anh (dy dodn) khéi u ndo dung
phwong phap dé xuat. Cot 1: anh ddu vao (input images); Cot 2: Két qua dw
doan (predictions); Cot 3: Ket qua chuan (ground truths).

Mot vai anh dai dién trén tap kiém thir (test) dwgc minh hoa nhu hinh 5. Trong d6, c6 thé thay
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14, anh & hang tht 2, 3, va 5 c6 khdi u kha nho so véi ving nén- day chinh 13 mot trong cac thach
thirc ciia phan ving anh khdi u ndo. Nhu két qua & cot thir hai trén hinh nay ta thay, voi kich
thude ciing nhu cac vi tri ciia khéi u ndo khac nhau trong cac birc anh, phuong phap dé xuét van
du doan dugc. Khi so sanh voi hinh anh chuan dugce xic dinh bang tay boi cac chuyén gia
(ground truths), ta thay, két qua du doan rat gan voi cac két qua chuan nay. Piéu nay thé hién
hi€u néng cua phuong phap dé xuat cho bai toan phan viung anh MRI khoi u ndo.
4.4. Két qua so sanh
4.4.1. So sanh v6i ham mat mat BCE+Dice

Dé danh gia tinh hiéu qua cia ham mat mat dé xuét, chung t6i thyc hién huan luyén mé hinh
TransUnet véi hai ham mat mat: BCE+Dice, va ham mat mat BCE+Tversky dé xuat. Mot so két
qua so sanh duoc biéu dién trén hinh 6. Trén hinh nay ta c6 thé thay, ham mat mat dé xuat cho ket
qué dy doan gan vai ground truths hon, thé hién kha nang tot hon trong phan vung khoi u nao.

Input images BCE+Dice loss Proposed loss Ground truth

Hinh 6. So sdnh mét sé két qua phan viing anh khéi u ndo bang mang TransUnet bang ham mdt
madt dé xudt véi ham mat mat BCE+Dice: Cot 1: anh dau vao (input images); Cot 2: Két qua du
dodn bang ham BCE+Dice; Cot 3: Két qua du dodn bang ham dé xuat; Cét 4: Khoi u chudn
khoanh boi chuyén gia (ground truths).

Bing 1. Gid tri theo chuan DSC (Dice similarity coefficient -DSC) va loU (Intersection over
Union) giita két qua dy dodn va ground truths trén tp test trén TransUnet khi hudn luyén bang
ham BCE+Dice va ham Tversky+BCE dé xudt.

Loss function DSC loU
BCE-Dice 0.90 0.87
Proposed 0.91 0.88

Pé biéu dién két qua dinh lwong, chiing toi dua ra két qua so sanh nhu trong bang 1. Tir bang
nay ching ta thay, voi viéc sit dung ham mat mat d¢ xuat, ta co thé tang chi s6 DSC 1én 0.01, tu
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0.90 1én 0.91; va 0.87 1én 0.88 véi chi s6 IoU. Piéu niy ta thiy tac dung ciia ham mét mat rat rd
rang, n6 khong lam tang s6 tham so huan luyén cua mang, va phat sinh nhi€u chi phi tinh toan,
trong khi c6 thé cdi thién dang ké hiéu nang ctia bai toan phan ving anh khoéi u nao.

4.4.2. So sanh voi cac mé hinh khdc

Dé minh hoa wu diém cua kién trac Transformer trong mé hinh TransUnet, ching t6i da thuc
thi lai mot s6 mé hinh mang, d6 13 UNet va Attention UNet. Két qua so sanh gdm ca chi sé DSC
va ToU giita cac mo hinh khac trén tap test duoc thé hién trén bang 2. Qua bang nay ta thay,
TransUnet cho két qua cao hon hai mé hinh con lai, dic biét 1a ca hai chi s déu cao hon nhiéu so
v6i UNet.

Bing 2. So sanh cdc chi s6 DSC (Dice similarity coefficient) va loU (Intersection over Union)
trén tdp test khi so sanh cac mé hinh Unet va Attention Unet voi TransUnet khi huan luyén bang
ham mat mat dé xuat.

M®& hinh DSC loU
UNet 0.84 0.73
Attention UNet 0.89 0.86
TransUnet 0.91 0.88

5. KET LUAN VA HUONG PHAT TRIEN

Trong bai bao nay, chung toi di dé xuit va ap dung nhitng k¥ thuét hién dai nhat vao phan
vung anh y té khdi u ndo, str dung kién trac TransUNet. Chiing t6i ciing d& xuat mot ham mat
mat phu hop cho bai toan phan ving khdi u no, giup giai quyét cac thach thirc ciia bai toan nhu
su khac nhau vé kich thudc, hinh thai cta khoi u. Bai bao ciing so sanh mé hinh dé xuét véi mot
) mang no-ron dién hinh khac, tir d6 danh gia dinh tinh cling nhu dinh lugng cta cac chi tiéu
phén ving anh. Két qua thye nghiém trén mot tap dir liéu c6 nhan gan boi cac chuyén gia cho két
qua tSt & ca chi s6 Dice 1an IoU. Piéu nay da thé hién wu diém cta phuong phap dé xuat. Him
mat mat ndy c6 thé mo rong khong chi trong pham vi cua phan ving khdi u ndo ma co thé ing
dung trong cac bai toan khac, nhéat 1a khi c6 sy mat can bang dir li€u, mot trong cac thach thic
16n ctia phan tich anh y té.

Loi caim on: Nghién ciru nay dwoc tdi tro boi truong Dai hoc Bach khoa Ha Néi (HUST) trong dé tai
ma s6: T2021- PC-005.
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ABSTRACT

Developing a loss function with TransUnet
for brain tumor segmentation from MRI images

Segmentation of brain tumor in magnetic resonance images plays an important role in
diagnosis and treatment planning for patients. However, brain tumor segmentation is a
nontrivial task of the variations and differences in tumor sizes, topology, shapes, and the
presence of intensity inhomogeneity. In this study, we proposed a new approach for brain
tumor segmentation based on advances in deep neural networks. In particular, we propose
using the TransUnet, a newly developed architecture based on Transformers and U-Net.
In addition, we propose a new loss function to handle the size and shape variations of
tumors. The approach is validated on the Brain LGG Segmentation. Experiments show
performances of the proposed approach in comparison with other states of the arts.

Keywords: Deep neural networks; TransUnet; MRI Brain tumor segmentation; Tversky loss.
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