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[ Abstract]  Objective To examine the performance and application value of improved Unet network
technology in the recognition and segmentation of hemorrhage regions in brain CT images. Methods A total of 476
brain CT images of patients with spontaneous intracerebral hemorrhage (SICH) were retrospectively included. The
improved Unet network was used to identify and segment the hemorrhage regions in the patients’ brain CT images. The
CT imaging data of the hemorrhage regions were manually labelled by clinicians. After randomized sorting, 430 data sets
from 106 patients were selected for inclusion in the training set and 46 data sets from 11 patients were included in the test
set. After data enhancement, the experimental data set underwent network training and model testing in order to assess
the segmentation performance. The segmentation results were compared with the those of the Unet network (Base), FCN-
8s network and Unet++ network. Results In the segmentation of brain CT image hemorrhage region with the improved
Unet network, the three evaluation indicators of Dice similarity coefficient, positive predictive value (PPV), and sensitivity
coefficient (SC) reached 0.8738, 0.9011 and 0.8648, respectively, increasing by 8.80%, 7.14% and 8.96%, respectively,
compared with those of FCN-8s, and increasing by 4.56%, 4.44% and 4.15%, respectively, compared with those of Unet
network (Base). The improved Unet network also showed better segmentation performance than that of Unet++ network.
Conclusion The improved method based on Unet network proposed in this report displayed good performance in the
recognition and segmentation of hemorrhage regions in brain CT images, and is an appropriate method for the
recognition and segmentation of hemorrhage regions in brain CT images, showing potential application value for assisting

clinical decision-making and preventing early hematoma expansion.
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Fig 1 Schematic diagram of processing results
A1l: Original image; B1: Ground truth image; A2: Original image after
extracting brain parenchyma; B2: Ground truth image after mask processing. The
first row is A1, B1, A2 and B2 in order, the second row is the result of A2 data

augmentation, and the third row is the result of B2 data augmentation.
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Fig 2 Schematic diagram of Unet network
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Fig 3 Schematic diagram of improved Unet network structure

RCSP: Residual mechanism and cross stage partial; FPA: Feature pyramid attention; CBM4: Four convolution, batch normalization and mish layers.



118 OIS (B2 ) i 53%
IR £ 1) o3P E R A DLBR 1 Lo Loss and Accuracy on training data

Dice PEAE bR AN 20(4) QBT , AT AL W45 | -
B 2 T AH TR B, — A b Dice> 0.7 7 B 53 o8t A
1T 0 X AP T BE 5, 43 SR “ sl |

PPV I8 R 1E S B S, TE 420 1 E ~ Tran jow
BEAAE AT N IEREAR T S RO H). HASSR o, g0

TP 0.2
PPV = —— (6)
TP+ FP
SCIPU R bR 267 16 92 B 50 o, T 5 245 10 TE o T Tl

AALEITA B R IEAEA T A A Ee . LA 3R

TP )

SC= TP+ FN

15 ZitFEFE

K HIR 4.0 384k 475831507 fdiH] Shapiro-Wilk )y
by g €y R BN SNy (TR 1557 L < S B I =R A SR 2
FJ7 225 MR I8 9 45 5L, SR F Wilcoxon £ 5 Bk IS 5 it
AFAR SCHR H B et B Unet I 266 5 JHC A 4% 0 45 45 3 ) 1 g
PE BRI ST K 5, H- R F Benjamini and Hochberg
FDR (BH) /7 A HEATALIE, agy=0.05.

2 #R

2.1 MR UnetMEHSHIZE S BIRR

AT R FH R T AN VIDIA Quadro RTX 4000
BIWindowsFAF 7 48 Al Keras i FE 2 > HE 4005 HE 5L B0 34
$5%, 7EPycharmF FizfT, HARSCES /)24 4R T 3 i 3
HAEE R

AT P A S50 1Y ) 46 4 AR S IE R S 416
416x1, M TREE Y A8, B H Adam Ak 2500 1k i 25 1)
2. AR DR b g A7 RN RGOS R, 4 s I 2%
YRR, DL SRR 5 NS , 3 ik Kt i
SR L, 15 B LU B M 48 SR SE: T A M 4%
P ZFE A% batch_sizel’ A3, A4 S5k R Sk e
I 25 1| B I 2R UKk Bl steps_per_epoch 41573 (BN £ 1
K /batch_size= 430%4/3), WMk Eepochsitt i
240( 2% BEAIR BN 137 520), 2 2] FA1 1R 1K 40.000 04,
fi Flexponential_decay PR SE BLFEEL 58 AR B~ > 26, H
o 8 decay_stepsi® A8 595, Tk 2 Kl decay_rateik
M08 (45 456108 595Uk R 1548 2% > T FE20%)

AW FEBCIE A Unet M 2581125 ) Loss i Zk Fl Accuracy
2 As b 4R
2.2 B#HE UnetM % FAFCN-8sM 4% . Base M 48 I B
Unet++ M 25853 SRR T LE

1 55 A BIE 5 4 3 PR O Unet I 28 FIFCN -8 9 45 |
BaseM 25 A K Unet++ P45 1953 B /R =

Epoch

&l 4 LossHiZkFAAccuracyth 23T 1L &
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Fig 5 Schematic diagram of FCN-8s, Base Unet, Unet++ and improved

Unet segmentation results
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Table 1 Data comparison in the experimental network
Dice PPV SC
Item
Median (P,;, P.;) Xxs p* Median (P,;, P,;) Xxs p* Median (P,,, P,;) X+s p*
Ours 0.91 (0.85,0.94) 0.87+0.11 - 0.93 (0.88,0.96)  0.90+0.09 - 0.91 (0.84,0.96) 0.86+0.15 -
FCN-8s 0.86 (0.75,0.91)  0.79+0.20 <0.001 0.89 (0.80,0.94) 0.83+0.18 <0.001 0.86 (0.70,0.94)  0.78+0.22  <0.001
Base 0.91(0.81,0.94) 0.83+0.20 <0.001 0.93(0.84,0.97) 0.86+0.21  0.373 0.90 (0.81,0.95)  0.82+0.21  <0.001
Base+RCSP+CBM4 0.90 (0.81,0.93) 0.84+0.16 <0.001 0.91 (0.82,0.96) 0.86+0.16 <0.001 0.90 (0.80,0.94) 0.84+0.18 <0.001
Base+RCSP+CBM4+Multi 0.89 (0.83,0.93) 0.85+0.14 <0.001 0.92 (0.85,0.96) 0.88+0.14  0.003 0.89(0.79,0.94) 0.84+0.16 <0.001
Unet++ 0.90 (0.84,0.94) 0.85+0.14 0.001 0.92 (0.87,0.95) 0.88+0.12  0.024 0.92 (0.80,0.96) 0.84+0.16 0.001
Base+RCSP+CBM4+FPA 0.90 (0.82,0.94) 0.86+0.14  0.195 0.93 (0.85,0.96) 0.88+0.13 <0.001 0.90 (0.81,0.96) 0.86+0.16  0.249

* Median (P,;, P,;) data, vs. Ours
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