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Abstract

To address issues such as feature information loss, blurred boundaries, and incorrect segmentation
in the segmentation of gliomas from magnetic resonance imaging (MRI) scans, a glioma segmentation
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algorithm was designed. This method constructs a hybrid loss function based on the DenseU-Net net-
work model to enhance the network’s overall performance. It also incorporates a multi-scale convo-
lutional parallel merging structure to reduce the loss of detailed edge features in tumor margins. By
utilizing pooling units deployed in the shallow layers of the network, it captures contour features of
gliomas under multiple receptive fields, improving the reuse rate of feature information. The atten-
tion mechanism is employed to make the model focus more on tumor regions. Experiments on glioma
datasets validate the effectiveness of this algorithm, achieving a WT Dice score of 87.94%, demonstrat-
ing the efficacy and superiority of the proposed network in glioma segmentation tasks.
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Figure 1. Network structure diagram of this article
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Figure 2. Improved dense block structure
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Figure 4. Non-local self-attention structure
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Figure 5. ASPP structure
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Figure 6. Example of a glioma sample

6. BRI RE A L5

3.2. SEIORE

AR SCHE H 0 i i SR 43 EI B S T Windows 11 #:/E £%8, GPU 5 NVIDIA A10 (24 GB), IR 2]
HEZE3% ] PyTorchl.13, GPU Ji# A~ CUDA12.1. I SGD 4k 528 58 M 4k WL EE 480, HIUh2#
SIRMEE N 0.0002, 1%k 100 %, HLREEN 10,

3.3. BUETALIE

BT AE ) MR BUE RS R FERESHON R, 37 51 2 6] (1) B R 5RFEAE 300 F] 4000 2 18], A T ik
AN RIS () B0 o P 25, 5 B AR 70 40 R FH AS [ ARSEES TR 1) ELAME 2., r N ZRAniEis 2k 47 )3 — f Ak
#H, H—ABRENMT) R .

BEUE KNI R 160 53 < 160 1583 x 155 K/, BRI Stsem . T4 3D BT
A SRR AR, e IR s 3D Bl Aol 2D B, IR U1 TS S A AL o R B R bR 2 3T
75 1 TG B8 A o A IR AR I A R 3 SR T

2 FIRALEE, FRAARE] 18,923 skUI A HE, DL 82 MIELBIRI N INZREERIEEAE S . XF BraTS2019
BN 50 PR REAT A R AL EE, £33 3219 Tk U1 H BE M A S Sz iR 46

X=X

A

e, x REMABRGOGRE, ¥ Z2MARGRERTHE, 2 2mARGNERIsEE, 2 221
@ S

3.4. TEHiEEF

AR 2 WA RAR AR ACR , LEH Dice ML RE. FAVERUNE PPV, S 2 KRB, 7350
#r WT. TC. ET 8 7 [X#K. Dice 55 THr SRR /> F X 5 HAGFNE 2 M E AR, PPV
B VT SRR R, JSONIPERTELS], e 2 SRR RS OGE T2 i R BB S (VL BC A
SR G ITH K25 RO, HROX R B B R . 14808 ] AR SRR S 4
RUTRIEC 02 (R AR B K 22 o A SCHOSR I 22 R B 5 95 ) (SLAE B HDos,  LAJRE S/ b 5o B AR AU SE M o

zZ=

(7

DOI: 10.12677/jisp.2026.154047 538 EIE 515 5 43T


https://doi.org/10.12677/jisp.2026.154047

by

3.5. ERAsCIE

N T BAEASCHR S R, W ETHRSRES, JEE A Dice {H. PPV {H. HDos FEES . SHEF
THE B (R S0 B B) AT PRl . T RRSEIGEE Rk | FioR, SESGLH a~h Jyigein i sk 22 pird H 1)
SETTE, Kby e BASELR, SINIAESIE E R IR IR B ALTE =R X I B PERE . KT b
AN, BN MSC ik JE, = AN EIRCR RIS REGE . XIFRTERIS S WK EHEZ R
FERFHESEEL, 05 A B 430 3K 30 £ & AR AE . g 4@ I NI 30 B i ApLH], FRIER AR
A B A P BERRAE (] (AR 2R, PR A P B S B PFE . h 2S00 7E SE Ak 4% v [R5 3% 1 H i =
A, AR R A LG )\ Rl SLIG 25 R T XL, AR = A B bR X 5 T bR R I
If. AHRIRSEERN2.102M, (HEEN 61.416G, Fla HILLHAALL, SHIE ST EITRA
. LR, EESHEHEBRAT, BB 25T

Table 1. Quantitative analysis results of ablation experiment
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Figure 7. Attention diagram visualization
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Figure 8. Display of segmentation results
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