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Abstract

Brain tumors are one of the diseases that pose a serious threat to human health, making precise
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brain tumor segmentation critically important in clinical diagnosis and treatment. However, in
practical medical diagnostics, challenges such as difficulties in determining tumor volume, location,
and the variability in tumor shapes lead to issues in brain tumor segmentation, including insuffi-
cient accuracy, high computational costs, and prolonged segmentation times. In recent years, U-Net
has become a mainstream model for medical image segmentation due to its simple architecture and
excellent performance. However, it also suffers from limitations such as limited feature extraction
capabilities, restricted local receptive fields, inadequate adaptability to complex targets, and insuf-
ficient utilization of contextual information. To address these issues, this paper proposes an im-
proved U-Net network. By replacing the backbone feature extraction network of U-Net with Res-
Net50 and introducing the SE-Net module in skip connections and decoder upsampling, the net-
work’s expressiveness and robustness are enhanced. Additionally, a combined loss function of Dice
Loss and Binary Cross Entropy (BCE) Loss is employed to optimize the performance of the deep
learning model in brain tumor segmentation tasks. Extensive experiments conducted on the pub-
licly available BraTS2021 dataset show that the proposed model achieves a Dice evaluation metric
of 0.856, representing a 4.3% improvement over the original U-Net. Furthermore, the model
demonstrates superior brain tumor segmentation performance compared to other representative
methods.
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1. 518

TR, AR AR B2 R G d s WL R 2 —, A TR R, R I AR A T R A i T
S A B R RS [1], AR TH 5 T A ZH S (WHO) R 2 [2] i firh 8 76 4 3RV L N IR 48 & 26 R 29 8B 10 /5
N 7~8 i, T HiX —HAAEBAE BT MR 2 W Aa Tl AR s, Rs— B RURAE TR, BB
A= e 0% £ T i e AR RS B o0 B LR R X3k HAT, LR % (Magnetic Resonance Imaging, MRI)
FOR O 32 B S AE R B8 (101297 20 #1518 [3] [4]. MRI i e 254 3 XI5 R, Hhlhek
Jif983 (Whole Tumor, WT). 4% il (Core Tumor, TC) A1 i85 8 55 (Tumor Enhancement, ET). WT J& 5%/
Ji9RE X3, LA PR R RO Ay« T RO DX DA S HeAt e W 2028, oo PG rbeg i R/ s A B A Hx
JE IR ZR s A4 L, TC R FR MR 1A% O oy, I8 A0 55 1Y 5 X I AN ARS8 A R R SR X3, S e 17 i
SR SRR AR L 43, 0T T VPl R IR 2R M AR T R AR . ET @ AR MR Mg R 77
AR R I e e 4

N T30 i g PG 8 T S B A SR b v 7 AR B Ao Kk X 3, R 7 3RV mT LASRASHE A 1)
B IR, A W IS 7 AL T RSN (ARG 7, SRACERIE K H 2 FE I Mys (5 B8R . Rtz 4,
52 A W 2R R R [5]. AE R, BTN RTT Rt — FR AL G i i it ed 20 BT VR R A B2
W T A FI[6] . He T X8 o R [TV AR T A S o I [8] 55 51k o fH 23X B St 75 VR AE AL B 5 2 3 o 12k
ANFRIU TEARAN I 7N AN — PR 106 e B T W 7 22 Pk, DG HRAE B B AR 1% 7 1T YR 52 %% 2] (Deep Learn-
ing, DL), % 51|24 FH 4 22 /X 4% (Convolutional Neural Networks, CNN), CLZ87F [ 2 G AL B AT IS T B
KB, S1EGEIT AR P A5 AR 48 X 25 K G IR B2 2 IR, BE A B AN [A) RUEE B Ul
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BRI HCHE AN R E R EREAS B, AT SEI T8 R RS e 52K [9] -

UNet [10]/7E FCN [11] (Fully Convolutional Network, 4355 /2%) At b % J 1M K 25 AR i 248 0 2%
B, LB EUTES Wt 16 FCN &M, BEREERE, URBIRY REHEE T, ST
Ui 13 AR B T o SR, FCN RIMRRSZ AL & B — I SCB AU R, Z5HARNT T 5, 80 EIS BEAT
BT ISR R LU AL SEPR TR 3R . AHELZ R, UNet fEE5# LT 1 B35 ok, JLARND 2% 59wt 2% 2 7@
Tk 5B R A Bk K% 42 (Skip Connection) SEIVRFIERL G o IX PRI TH AN 5 1 AR B AS 3 245 B bt
T-Heae PR CAEIRRE 71, G R TG KR, £ — R LI TS i EE.

AR, B2 To0s UNet 1) MRI EBUE 2 #12815 R AT T McHugh 558 A [12)4 tH T —Fhdk T2 Sk
Bed it 4 B2 S 7 B Y DenseUNet, 145 Ml 2 (A 2 A s s i 2, RILEH TEHE &
MRS, AT R IR AR B S 5, s/ AR DX 2 RS B . 7 A 2D 5 3D B3 EIB
a5 HIOL A, 1sensee 25 A\ [13]% i T nnUNet, —/NET 2D U-Net #1 3D U-Net (1) G R HESL, %45
RBEUE ST WA F )R8 EUE % B3R S5, TR AN LTH. BEEE R JIHHIE U-Net (2% h
IR HEHHR N, Liu % N[14]38H T —FhRBoReng, Joib T s XKIRp M &, Wk T4k, FErersgn
Sy ) NVER P, DO OGERE ST, RSN AR I S RIS B . 1Ak, Zhang SN
[15]7E U BYZ5H4) (1 G fih 25 RARAL 28 RN bR SCHR ZE ARt 35 , R FH AR 22 2 S TH SRR AR D) 1 B) R R AiE 22 57
MNTTTH T R 2% (R REAE AT B 7 AN 7 RS BE o TEREET BE T, AR SCHEH — Pk T 508t UNet f 0 g 5 2 51
B, B RE RN Sk A A, AT DA DR LR (P RE . % SRR I I A X 2 A R R
TERLE ML, ST T 2 EIERe, Jumiie EBUE ST B AL T —Fhm AT SE MM 7 560 ASCEZTAE:

1) #HXF U-Net W28 EHRAERRIUCA IR, &% ZAmEEEE, KT ResNet50 £t U-Net = 14f
TEFEEL M 4%, ResNet50 @il 5% 72 2% S HLHIFETH T MZSRFIERIERE 1, (HIRZ W28 IR FEAL 1 S ik e,
TR 24, SRRV R IR [ 0T S5 46 X 48 1E Bk R 4 LA IR IR HRAE, 5 EIURIE,
I\ SE-Net [ 33 aE s X4k, FHE S S, WATIRER. WANAH TR RS EEEK,
TE _FRAE AN 7 SE-Net #5, SE-Net @i i@ i i = A HLHIG 00 1 SRR I F I RE 11, A e T
BRI A FRE BE o S0 B AEH 3 U-Net 765 i5 A ARAS I 72 A onh A [ ROBERRAE D67, 2 RS B0t fisi i
6 DX A5l PR B A

2) U-Net A7z H: A8 {438 % % Ff| CrossEntropy Loss B¢ Dice Loss, 1H5.—452< BAEAE IR IE, 1R
AR B ARSI ARRGE R W, 7SS, 454 Dice Loss #1 Binary Cross Entropy (BCE) Loss, LA
PETHERLLE SRR RSB 5 50 B (2% 3166 /7. Dice Loss AT RN X 2 2 BSR40 1 H s X3 EL /N 1]
L, PR B AR X IR SCE RS, T BCE Loss @il (G = 1528 X, (MR GG R P mn2K, Wk
DRBNAIIBTREIA . 3 PSS A AN EGE TR R ZRFe e P, 108G 2% T Dice Loss fEARALHIHARIA
etk M EPERe.

3) &Ja, TEATFHIRLE BraTS2021 kAT 7 K&ESLL, H5ZMAREM I EArAE U-Net, Dense-
UNet [16], U-Net++ [17155)H#E4T 1 X EE 0. SRUGE5 RGN, AR KIJ7VEAE Dice REURIR LA T
FABRLRA B ATt

gx b, A5\ ResNet50 + SE-Net 514914k U-Net, 454 Dice Loss + BCE Loss #EATH JALAL.,
JHTE BraTS2021 Hdfa e BT RGsLse, WiE T Sudk i iE A Rk

2. BT REZE B MMEREIGR 5B 555 R
U-Net PIZ&
U-Net /&2 —F3T U TSRS BRMEM e, LRGBS EUES R, JoIrrE A AR A HE 4T,
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FEIN LR o PN 4 45 ) FRORERR 70 AT R i 25 AT ARG 28 ZE R G R0 70l i 45 ARURH B Rt A 32 0 B B IR
REAE [F] B B AR AR B 1R 2 0] 20 238, T AR 50 40 UDd ik F R B B 0 I R AE B B i) 2, e &
Bk BRI 4 (Skip Connections) 4 4 ith & 15 At 25 R0 B 2 REAE B HE 42, T OR B S 2 = (M40 1 (5 8, B3
FRTFIFEIREFE . U-Net 7E/NFEARSIREE FRIH 0, BAGRRYTNGE Ty, RIS BRI M 1
TREE W28 rh BB BV SR ), S TAIRZ 4015 B S 218 UE BRA NS, oRHE - T 22 ER
SrEIRTERE . IR, U-Net IR AEDE 22 BUR o B AR 3] 1 T2 M H .

SRIM, U-Net WERATIAAAE —E R PRI, it — Dokt B, 2t st et 7 UNet++. Dense-
UNet. PLJ ResUNett [18]55cd iy, DIRALEPERE. FAKIS, U-Net BI4uhdas 30 @it SRR R
FEBRAEIZ DR IURHIE, (HBEAE MZSIRFER N, FERZE AR, M2/ B UERE: 4k, U-Net
10 BB S (S 3 I 7 B R R AT L B S B g R 25 5 AR R B AR AL ORI, S5 = AR AAE R 2880 e AL
i, BR&| AR R T EERT B TR, ASOH AR R SUE B SRAVRHIE RS AN T TN
F, RSO R, DL U-Net 78 & 2= B 7 # B R I.

3. Hui#E U-Net RLZHERIZEH)
3.1. ks U-Net #EBIGEH

£ T U-Net MZ BRI IEAT S0, 7R 46 U-Net Z544 9] NaRZE [ AR, ffiH] ResNet50 #4652
APYANRZF BAE N U-Net ZmbLas, ARGEEURE BRRHEE S, RAMZEMESG_1 x 1 B>
checkerboard artifacts. 7£ 46 U-Net /2% Bk RIS 2 HRAFEH 5] N T SE-Net (Squeeze-and-Excita-
tion Network)yE = AL, SE-Net it 4 & P38t A fl 4% 352 2 2 S AV BE A E . EBRBRIZE R,
SE-Net % ResNet50 $ HUARFAEFEAT IIAL, SRR B0 SGyT B B R RRAiE . AR IR FRAEJS, aid SE-Net Xt
FEAE AT AL, 4855 BRRAE . 45 A BRIERE P Y SE-Net, TR E R AIHLH], FETHERIT 05 1)
HERE S, MEEMME 1R,

Input—> > @ > —> Output

L]

; - "
L J—

E —— _)% [ mesne vnn
5

v

Resnet50#iH

3x3Conv,BN,ReLU

| SE-Net

3 Convlx1

——> Skip Connections

Figure 1. Structure of the improved U-Net model

1. MHE U-Net 1 BIZEH)

3.2. Resnet50

B R L2 ST RO DR A J BIF 038 R B Jm 0 28 VR FZ RE A5 4 BB TN =5 AORFAIE,  [RIIEG 10 28 5 4 3
A ERIZ R RE . SRTIT . PR IR L ISt R TRk . RSB M st , A Sk h
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)2 ELAEIEREIN, 7 B 0 19X 288 VR FEE 65 B Hh B FEE RN i BB Y 2 ), (AR AN RRAR AP il v T i
PIX—[a) 8, He [19]5F AT 2015 fFH2 H T 7k % M 4% (ResNet, Residual Network). ResNet @it 5] A5k Z=
(Residual Block), f#Sz5&rRllZRZH0E R, B IERER AW KT, FRZERMBERE R AT LER
N

y =F (X {W})+x €))

Hepe F(x W) R BBUZ K ORBEIRIVEIA  y RIRZERI T

ResNet50 7= ResNet 41 H1 (1 — 2 iR, ResNet50 H1 50 ZEMZ4I, B —MIEERE.
POAN B 22 [ B AN — N 42 Ry P X Ak 2 o BEANIR ZE B B EH 22 AN R 25 b i, JF v B 2 9 P B 2 B
Conv Block £/ Identity Block, H:45# 405 2 F7= . Conv Block £E57% 25 B 2 IA] 3547 T SRAEALBIE BOR
1fil 1dentity Block JUl FH T~ 7£ 4% 22 B B P S AT RPAE S H, FE N AN H 100 RT (93 # 2 As i 40 R — 28
JITLART DS ER R I, IX AR R 45 & 8 ResNet50 7E14 2 P48 SEEL 1 v AU AFAE SR BURIAR A

Conv | BN-Conv —>(—€ > Relu >
>| Conv BN-Conv Relu > Conv | BN-Conv | Relu > Conv | BN-Conv J
(a) Conv Block
> +> > Relu
> Conv | BN-Conv | Relu > Conv | BN-Conv | Relu > Conv | BN-Conv M
(b) Identity Block
Input Conv Block Average pooling
Identity Block
v
Conv 4
BN-Conv v Full Connection
Conv Block
Relu -
Identity Block J
Max_pooling —
A\ 4 \ 4
Conv Block Conv Block !
Identity Block Identity Block Output
(c) ResNetSOAE 2 45 14

Figure 2. ResNet50 and residual block structure diagram
[ 2. ResNet50 F5kZRE5HE

ResNet50 (R mifE T ILBEVIGRARIR I8 4544, fift p 1R 2 P8 R KRR P R AT 25 3R AL ), (o
BB ARI R DA RES B3R T HEATE AR ZE EEH ML A AR B R AR RHEAS 2, HLRE A R e 2
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MRS EEAZALRE J1. FENZRILAE T, ResNet50 M FkZ 45 ML &, B SIIREWU, AT SE i it
PACKR . FEASAEVERE 55 28 B IRV RAF-1447, ResNet50 #¢) iz N1 T IR » KEEAE 5. [,
AT HL ResNet50 fE9 ET-R%%,  LLyes FI AL S .

3.3. SE-Net

SE-Net (Squeeze-and-Excitation Network) & — i i yE & AL, 55 i Hu [20]55: A\ 7E 2018 4E$2 H .
BRI AR B OE N AN B TE (B, SRR A O I ZRBE A @ iE S S, R O
RELARIEIERE, MM RIEGE ST TEASCIR I I S0E U-Net 45, BROES R FRFE
o5l N7 SENet #iHL, DA SR A FRFESRECEE /7. BAAT S, SE-Net A Squeeze (FFAEIE4E)
Excitation (fffiE H brsE)Fl Scale (IEIEMA) =PI, Squeeze P IRIEIE 42 7 T it A4 AN I8 TE 1) 2% ]
SRR AR IIATRF, Excitation 25 BRME I 417 382 )2 5 o) @ [A] AR ¢ R [21], IFA BB TE AL
H, IXRCE Y T E TR HERRAE B, A 4 BE S 1 I R DG 4 BT 55 B A FHRFE; Scale ABEETT
S O T ER R R N R, S B A B 0, S

F (*,W)
(I —— W ~
U F (*
X V 1x1xC 1x1xC \ X
H
F, F.(*%)
—_— H — H - —
W’ w w
c' C C

Figure 3. SE-Net structure chart
3. SE-Net Z5#[E]

SE-Net WM& 45 el 3 iR, W TAEEA TN, Fr: X>R, XeR"™W, UeR™C, F H
fE—ANERET . FFE U B Squeeze E4a#1E, BB EI4ERE H x W FIRHEBLE B TR A, AR—1
BIERRSF, HXxWx Co1x1xC; BeRasaE B ESE D) FRiEERRAT R, kX sl iE iR #F a]
LA NI E R [22], X R A A2 4R ik, RIERWA R 2 Fis; Excitation il i B4~ 45i%
$2)Z(FC) + ReLU + Sigmoid A= sy E & ARE, HHEAWAR 3 iR, Wi. Wo g2 AR ZRE,
S #& ReLU BUG AL, o /& Sigmoid BTG EREL, s RIWEEE IAE, 5EIGFEEIEMTE; Scale 15
AR T R R A N, i L E A A B e, R I IE e

1 H W .
oy o X (i) @
s=0(W,5(W,z)) ®)

=

ML T JRIEH U-Net (4%, SE-Net 3@ i i@ & v = WL T+ T W45 B B E R D90 FERE 71, AT el
T AEIRE R, U S 4 seal/ BFRIX I8 ; SE-Net BEA5 4 $23@ 18 7] (04 R R C &, R4 T U-Net
LTI XEEMALWA L, B HBAERE, Wb THEATTRE BT, BT 5 A%
PEAAL T B, AR R Dice.

3.4. HKEHE
TEVR B 27 2] AT, 452 2K BRSO A TR 4 BE AR T S 8006 BE B . ZEARTRF U, AR T Dice Loss
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5 Binary Cross Entropy (BCE) Loss fH&5 & 40 < B EUR G , B AEARAL IR B 2 ) A A 7 o b 8 40 FIA T 55 v
MR XFRH AR BB BT, ACH R T IS )8, W25 58 T o I e

Dice Loss s&4& T Dice %%{(Dice Coefficient)[¥]—Fh#ii 2k sR%, &4 12 Huw FH T B2 % B 4 EIE 5%
1, Dice REU—FH T UL AN SR RfabR[23], HHUETEEA0, 1], Hfi bk 2 8 > 5145 1
BRSSP ESEE . Dice REHHHE AR T

s ZZYiyi
Dice _—Z S 4)
AL (453 5% BB E SN
L. =1-Dice (5)

BCE Loss (Binary Cross-Entropy Loss, {838 X4 2% ) & — 4 FAE 5 vhi Rl I s R 3, T
RS THEI L2 73 A 5 LS hR A8 2 A [ 22 53 [24] - BCE Loss AT

LBCE :_%ile:[yi Iog(yi)"'(l_ yi)log(l_ 9i ):| (6)

Horby, RORASARRE, § L BRBINNE, N RRFEARTE . A G X MAR R A
J—ASET R R L 3
Loss =0.5L,¢ +0.5Lp;, (7)

4. BURSRFITANHERR

4.1 BIEEE

TEASTHIREFE T, F-AT%H BraTS2021 (Brain Tumor Segmentation 2021) 44 £ AT 5286, T34k
H B0 BT 43 B SR R M R« R AR 3L 1251 R Y MRI B o B B e i — e LuApl o 1 3 ME S
S BINIGREE . IR UE AR AR AR 3475

T B R ERE 4 M, SRR KR P Flaire T AR [25]. 5 Libss
Tlce. T2 JBLEAG LA K B 525 #](Ground Truth) &btk Scf, BUEEER K 4 B, BT MRI
EUG R ~F R /I3 155 x 240 x 240,

Flair Tl
T2

Figure 4. BraTS data visualization example
[ 4. BraTS ##E AT AL LRI

Ground Truth
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4.2. T EHR

PR TR F SR P Ak BT 32t AT b Rg 23 BB B 7 FIPE RE D9 1 HET PO 19 2% 1503 F 1 R, A< SCH] Dice
FABLAR S KSR A A B 3X 3 MR ) FICR E Bt (i IX = MR bR LA ORISR fE B
g L AT 2 TR T AE AR ) 20 HT

Dice A REH T EEEMMES Z AL EE[23]. 1 FRTE R 5B e —H. 0 %R
T 25 5 HAhR S e A S . Dice MALRE T A BRI T HIR:

2TP

Dice=————— (®)
2TP+FP+FN

F5 1% (Precision) /2 fiir & A Y 73 BIHERAVE I OB FE AR 2 —, & St 1 ZEA RS TR0 S i i iR AR 3= e
FLIEJ& T ioss 8 = S i be el ey RIs LT .
TP
PLFP ©)
A A% (Recall), HIYHUREE, &P B 2N IR 5 3 AR I ) — B BB AR, & RN 7E B SE N
R AR 2 R, R E AR IR B Le . BRI R AR

Recall =— (10)
TP+FN

fE ERAKA, TP (True Positive) QR FFHYE, BIREAL ERH TN MR I 3 =i FP (False Positive)
DOABRAE R TR R I A 3 DX 3 M i R (A5 3K s 170 PN (False Neegative) WU 2B A1, RIS
RUR BRI (0 L S R 1R 3R o A I N AR, AT AT DA PP A AR TR L iR R 73 A 55 Hh P e

5. 5Khu
5.1. SLHMEE

AT U R JBE 2 ST RS L T Wiindowss 11 #:4F R 48, 4K 4T PyTorch 1.2 53X — 5 K FIR B2 27 S HEZE,
FEKH Python 3.9 fR AR TR FE LI . SLIGAIBEHRC &, 53K 7 =k AER) NVIDIA GeForce RTX 4070
VAR, BR T UFESCR SR . EEAIZGE R, RATZE T 200 MIZER K (Epochs), &K
(Batch Size) )R/ 16, DA I ZR0E L5 N AFHFE . HIAA%: 2 358 8 0.001, R Adam 46 253 R i 5
IS4, DI B AR I SRR RIS SO FE

5.2. jHRHSCIE

N T RAEASCHE TR I RCR AN S BT, ASCHE U-Net JEE E AW 5] g, JF HAER—
PRI HEAT Y RS A6, Y RSBG4S A0 1 TR, Herr Res50 ARFR B He ) T RAIEFE UM 4% ResNet50,
SE AR IIAKIER IHLHIELE SE-Net.

Precision =
T

Table 1. The quantitative analysis results of the ablation experiment
R 1 OHMIEHEE ISR

R Precision Dice Recall

U-net 0.837 0.813 0.851

U-net + Res50 0.851 0.829 0.864
U-net + SE 0.864 0.831 0.872
U-net + Res50 + SE 0.873 0.856 0.878
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7 1A BABE H, 4951 N ResNet50. SE-Net 35505 73 E1kS G 1R FF R, FE a2 78 [ 5] X A4
k2 J5, B Dice ML REIRTE T 4.3%, FEHAE P $ETF T 3.6%. ARIE RIEFT 2.7%, UEMH T A
— o It SRS R A B v i T RE 4G A BT 55 O RR
5.3. %fEESCI&

Syt — B I E A S EVE IR, A 1S U-Net JB15M 2% . U-Net++. Multires-UNet. Dense-UNet
X 4 Bl WL AE Brats2021 ¥4 Fak T4k, SEIRAIPEN AR UNEE 2 Fin. MR AR S AE

Brats % #E4E - HU1S 0.856 ] Dice 1H, FE#iZFEAHE FIZ 5k F) 0.873 F1 0.878, HEALFIHAbMR, H
BT B 5> B RLRE

Table 2. Comparative experimental analysis results
2 2. ML D IER

it Precision Dice Recall
U-Net 0.837 0.813 0.851
Multires-UNet 0.844 0.827 0.855
U-Net++ 0.846 0.832 0.857
Dense-UNet 0.861 0.825 0.869
RIT5ik: 0.873 0.856 0.878

5.4. AR

N T BTSRRI E 23 FIAE 55 AR CR S AR SO MR ER A A (00 T2 R AT T AT AL 7 AT o
K 5 JER T ARSCRERAE Brats2021 #dfade BRI FISE R . B (@) IR GG B s, 18 (b) AR = 9%
SR, AT RUE AR SO RS L m] AER 73 10 R A R X, 2 i 8 22 F AR 20 54 55 Hh B T 90
75 (5 FIVERE o

(@)

(b)

Case a Case b Case ¢

Figure 5. (a) Original test drawing; (b) Segmentation effect drawing

5. (a) FRIEMRE; (b) HEIHRE
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6. &8

FRGE U-Net PZSAEGRADES B2y, BEAE R RGN, HERZE AR, Lot em b

TXAEE, WA MIBEERIE, [FR, HBEEROERE R BARRENS SCHL gAY 8% 5 D 2 2 R R RFAIE
e, (HR TR ZRALIEF S B, 2 SRR BRI A, AR T — Aot
M U-Net 2845k, LIRSS REW], 1ZTEAE D BIVERE LAH LE AR B B RN . SR, 077540
FEAE—SE AR AL, RRIVIEACTS A FEZEAFLU R P si: — /&I £ ResNet50 Fde it —25 5] A\ SE-Net
EREINU], DERTHRBERFE N RIERE T 2B BRI MRI EBA T Eoy =44y, Zaikk T —
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