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Abstract

We proposed a new organs-at-risk segmentation method for medical images of heads and necks
based on the U-Net with residuals and attention mechanism. A SAM block combined with a residual
method is proposed as Residual-SAM Block in the nnU-Net encoding stage in order to enhance the
feature expression ability. SAM are introduced in the decoding stage to increase the relevance of fea-
ture weighting in accord with segmentation tasks. The proposed method has been evaluated through
a set of real world medical images including 22 organs at risk in the head and neck. Experimental
results showed that our proposed method improved the average segmentation accuracy by 11.4%
compared with current existing methods. The average Dice Similarity Coefficient (DSC) score on the
segmentation of the 22 types of head-and-neck related organs at risk is 87.2%. It demonstrates that
this approach is promising for clinical doctors to improve their accuracy and efficiency in radio-
therapy.
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LM J (Nasopharyngeal Carcinoma, NPC)/2 4 [l WL IR IR R 2 — (110 TBURHETT A2 SR 68 i 5 F 1K)
YBIT 77 3[2], AR S5 R (1) 4% T A HES B AR o T80T R AR 75 ORI e R A% 422 52 70 e ST 11 R IF,  3 A
AR T 20, MO R3S B MO fE K 4% B (Organs-at-Risk, OARSs). 1AL ZF7$(Computed Tomog-
raphy, CT)EIE Rede LM (45 S ANG LA Bl 5, AE0T Al iRl e s S E . SR, Skt
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B HE S TIHTHEE

&4 L, CT AR & K as B0 A 1) /2) I ZARBN T5E B, AMUFERS 2 ), IEAFAE R A 2 1A A A
HWZER. BT, BT RS ITER] 418 R AR K B RCHE R S a6 A8, R BCHERS 2 1T A8 74
BMAR S NFAR S NS, R TTVERTTAR 7 A — S5 431 45 Rl . AR S R el #E b i (= A0 A
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BT BIEBCHEDS 2 70 B85 3, Az R SR NI a6 A0 IR B AR FR N T, Ho S PN s sl »
A5 715e tH— PR TSR BN 5%, F T DR B A8 43 ) S e s A
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2. 73k
2.1. SAM FEHiEHR

BEE B SR BOIIR , BB B 25 25 5 MG B B R P R AR 22 R TIX — ) L, B 22 I 25 [ 1513 th
B ZEVEVERST A B AR 22 AR B S P AR B AT — R IB A N UG B 2 T2 IR, 7 — %4t
TR BOY ik ZE RS, ZEYONTR ZE ML . BREM A A UL LR, BE E i
47V4—4k(Batch Normalization). IXFpBiH Al DUSAG B S0 SR, Ao tH P RE IR A )

AR SAM VB IBIR —FH T 0BRSS s, Z20HEFE[16] (1713, HEE
REeHE MK AE R RFAR B R SO R ET AR 2% 2], B O fa S 38 B KR RHIES B, SAM
BB R IS5 . $Eon gt 28 PR AR 28 =30 7 2. VR G i 28 B 548 25 T Ok i)l BB URRAGE 26
THL5E Transformer (ViT), ¥4 A BB E BRI 5 9 16 x 16 B P (Patch), £k A\ = (Patch Embedding)
ol 768 HERFIE A B, JEIRINAL B 46 % (Positional Embedding) AR B 25 1A)45 2. o 1% 4 B g 6 5K 1R AX
b —IR, i 4 R B ik N (Image Embedding). $27~gmhd a4 H P = B (3 7R) gt AT 55 A0 S RFAIE
BEIERERAN, SEBBRANZ TR, FALMHE %0 A Transformer 38 XyFE = L, flg Kl
BIRN SRR, RIS EE Ty, ik “PREHIE” 75 I BURRHE” oo L R X
W, BAERAEN.

XAl SAM o R R EAR SR, PGl A FESE R B DE B R FI R . SAM TR
W 2% BE A A HI 2R T 5 B ARESS To R XS AR AE,  [R]IN SR S AR S5 AH ORI X IR IR ek, o Rk
AT R LR [X AR B A fﬁi%*ﬁﬁi(Remdual Block)fJ2Efifi F, 51N SAM ik, Zifinid 1 fs, HiZ
O H 23R DOEIE (S BN AME B B MR ZE-SAM BEHEL & PR AR B8 AT : 28 — SRR K B IR E (B
fEE T4\ ReLU 1l SAM HLHLA il ) B AR BT WP N SRFAE B AT — RANRFIE S 21 58 2RI AN
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Figure 1. Residua SAM attention block
1. &E SAM FEHiEHR
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2.2. nnSAM-UNet 1&8

2 JEIR T TR LS I REARSEHY . nnUNet AN 58 W48 250, R AR IR SR RR i £ “ it as - fdhg
ERLOEERE

At Rs (R RFEERAE): FEREFITLL “3 x 3 x 3(3D)/3 x 3(2D)# AR + Batch Normalization + ReLU” A3k
Tl AR, A BB YR FE R (0 3D 16 HR), H B8 Riik 22 24 (Residual Block), i ERI J2 9 26 156 52 3 2K 1] 7t
TORAER “BoKitifk Max Pooling S5, FH R MALIKEL,  FSR-P B2 B K/ N ST R B (/NS B
FR AR, OREEAHY)

fRAS e RAPERRAR): SRR 80 Fl % B 45 F(Transposed Convolution) VK &2 4FE IR ~F, Al [ S48 0

“HBRL A+ SRR BEARIRECRIE T TR

RAEREA: T HGOUAE U-Net (¥) “Hi4(Concat)” SEHS, T SRAF A AUIRFE 1 55 9 A B A0 2 2 I S
fEE RS, RbE S IRRE B BE AL B A SR E,  XIREL T &% B SR YE S S 4ERAE 4015 (5 5, AEIREL
ZRIERHEE R, 1T A VERE, i s AN S B An s £k

Figure 2. nnSAM-UNet neural network
B 2. nnSAM-UNet F£& 155

3. BiEg
3.1. SEBURE

A S TR B B0E 45 B MICCAL StructSeg 2019 FEFEIRME,  FLA08 50 5] Sk 3 2 150 0 X 155 Fr) £ M
JE BB CT BlE . CT BUEFIIR SN 512 x 512 485, D HERA{E 0.97~1.2 mm 28], &7
FfE 100~152 |2, FHEEN 3 mm. BHEEF 22 NG K28 B PRI 5l WL e i 2= B 0T & K ikiT
FLAME, 1E NS R T A SRR I AR R IR e
3.2. Bf{u

ANRREMSEESH CT MG SRR ESR, BB AR 2055 HER I RAGAE NN 255
NSl RN SR s, MELLSZRUARAL . Nk, BB ERBEES PR 1 x 1 x 3, ARG Es
AL 23 (A5 S, I PRICSIGE TS « NGRS IR AS B AE CT 23 Fh T LU, 5215 K P (i 3E AT A v AL Ak
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P, nnUNet B850 50 A7 AN Eds SEBEALRI 73 A7 58 SCUNZRAT 10 B1REE o T 32 4% £E PyTorch FE4E T
SZHL, K Quadro GV100 32G GPU #47II4%, batchsize A4 13, nnSAM-UNet /1 SGD 1ifba%, #)ih2#
S1ZR0.01, fRECER. EFEEAR S FINEZ LT8R E(DSC).
33. ZWHER

N T BAIEAS SR H 0 22 RO Rl A BB AN 45 A seSE 2% 18] AE 8 VE B R i Rkt A ST T i R
S, o U-Net. Attention U-Net #74f] SE U-Net FFKATTHEH ) nnU-Net #UAE structseg2019 _E#EAT 5L
M, ML R WE 1 PR, 4R Es, AT H I SAM & A i #) nnU-Net #5373 B4R
A RERET, DSC FHRE T 11.4 /NE 4o, UEBA T FRATHR H AOUR B 25 SIS o} R £ S 48 B 0 B
Btk B vERE IR BUY nnSAM-UNet USSR IRCE, AR IRFIEE B IR AS B, X 2
HRFIEAS B BC AR, AN EEZERHEAS B TOARALE, T E e 1AL (1 o B i vk

Table 1. Segmentation results of head and neck organs at risk by different network models

1. NEIMERET LTI KRRE D EILER

WHALLE R 80(%) = bRifEZE

fa R
U-Net Attention U-Net SE U-Net nnSAM-UNet

i+ 76.2+6.1 79.9+4.3 81.7+3.9 88.7+1.5
AR 87.5+2.4 86.0+2.9 86.9 + 4.0 90.4+4.9
Fi R 87.2+29 86.9+4.1 85.2+3.9 89.6+2.3
VG TE /NN 724+£11.0 65.3+9.3 61.1£12.8 74.7+10.2
VELLE/NEN 67.5+14.3 61.0+16.4 64.5+15.51 73.4+11.5
Fr AL 65.1+11.8 478+13.9 58.1 + 14.1 69.2+6.6
FRAREE 65.3+7.7 425+233 60.8+7.0 74.5+7.7
ARG AE X 46.5 £ 14.1 39.3+16.6 34.8+12.7 62.4 + 14.0
e M 83.6+5.1 80.9+6.5 82.0+5.3 87.2+5.6
allfluy 84.0+5.5 82.5+5.9 823 +4.7 88.7 + 4.4
[IREEN 51.5+20.3 43.1+13.7 51.3+18.9 68.3+14.9
Fe AN RS I 77.5+6.1 78.0+4.9 75.6 + 8.9 80.7+5.2
L)Y 81.1+£4.9 80.0+5.4 67.3+10.8 81.9+5.5
FEMANH- 80.5+5.9 82.5+4.0 78.8+5.7 76.3 +3.0
A H 83.5+3.6 83.4+3.4 83.7+2.7 82.1+2.4
Fr A H- 732+ 16.4 70.8 + 16.2 67.1+24.9 83.1+7.7
HhH 79.8+ 6.8 79.9+ 438 80.6 + 5.4 843+ 4.4
FERRN A 73.0+5.1 73.6+7.2 71.6+9.4 75.6+9.1
H T 8 73.4+5.1 69.4+5.5 70.0+£9.3 74.9 £ 8.0
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ik
HHE 813+29 80.9+2.4 75.8+9.0 84.4+5.6
e TR 89.6+£2.8 88.1 £4.1 89.5+2.4 89.3+1.0
AR 90.0+1.7 89.0£2.6 88.3+£2.5 90.6+ 1.6
A1 75.8+7.4 723 +8.1 72.6+8.8 87.2+6.2
4. Wig

ARSCER R nnU-Net il & ZEAEE PRI R 2288 285 5 2 %Ik, £ MICCAI 52

FEMF SRR AT T RIE. SKIRAS SRR, SEUE TN, B o BIER AT T 11.4%; X
22 PSR 1 S 3 B o B FI F AL R B(DSC) N 87.2%. 25 b, P iR A skt i o B e
AN T IR R TBEHA T S H R TASCER G A BT X LU AR R O R 2%, SERASHOT
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