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CS-SegNet: Novel segmentation network for cerebral stroke lesions
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Abstract: Stroke is a serious disease that causes high mortality and disability rates worldwide. Early and accurate
imaging diagnosis is used clinically to achieve early prevention and timely treatment. However, traditional imaging
diagnostic methods have a strong dependence on the knowledge and experience of doctors, which can easily miss unclear
lesion features. To this end, a novel image segmentation model CS-SegNet has been proposed, aimed at automatically
segmenting lesion areas in stroke CT images to assist in diagnosis. CS-SegNet is based on the UNet-Resnet50
architecture and introduces Channel and Spatial Attention (CASA) modules in the down sampling stage to enhance its
ability to extract contextual information from key regions; in the up sampling stage, combined with the RDSConv
module, residual learning and dense connections are used to optimize convolution operations, improve feature
expression ability, and enhance segmentation accuracy in complex backgrounds; the skip connection part introduces a
multi-scale channel attention (MSCA) module. which integrates low-level detail information and high-level semantic
information to improve the accuracy and consistency of segmentation results. The experimental results showed that CS-
SegNet achieved segmentation accuracy, average intersection to union ratio, and recall rate of 99.79%, 91.52%, and
93.83% , respectively, which improved the performance of UNet Resnet50 basic network by 0.14%, 5.11%, and
4.05% , and performed the best in multiple comparative experiments. Compared with existing mainstream models,
this model has effectiveness, good segmentation accuracy, and learning ability in stroke lesion segmentation.

Keywords: deep learning;segmentation of cerebral stroke lesions;feature fusion;attention mechanisms; U-Net
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Table 1 Hyperparameter settings
S5, AR
Batch-size 8
Training epoch 100
Training image size 512X512
Test image size 512X512
Learning rate 0.000 1
Optimizer Adam
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Fig. 7 Curves of different loss functions
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Table 2 Comparison of UNet network performance

of different backbones %
Backbone mloU mPA  mPrecision mRecall Acc

UNet-Vggl6 83.42  87.85 92. 66 87.85 99.56

UNet-Resnet50  86.41  89.78 94. 86 89.78 99.65

TORAE B Bt i A CASA B He T i # v CT BIR 7 B4 5
FIEE IR . 9B B2 L Block i 188 CASA B ATESS i
ETFREENB(1=1.2.3.4),Block1234 M #&/R% 1.2.3.4
BETFREE¥ A CASA B, LI 25 Rk 3 i,
CASA B i A 1R R LA 0 4R TR PE A .

FHx A CASA # 8 i UNet-Resnet50 # mloU Jy
86.41% . BfJE .76 T SRAE By Bt 19 R [F] o7 B 78 i CASA
HJE . & B AP AR A B B3t L X — P AN R B AR
H—ir AL b AR BAE AR B AR I, FEAIE
Wl T 76T RAEB BETI A CASA BB A b, 4, M7
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RDSConv #HeET , mIoU 4215 % 87. 08 %, /s i i & fig
AT R SRAERAE 235 . HF— 25 174% £ 4 RDSConv #5511
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Table 3 Comparison of the performance of CASA modules at different locations and in different quantities

AN E A S mloU/ % mPA/ % mPrecision/ % mRecall/ % Ace/ %
UNet-Resnet50 0 86. 41 89. 78 94. 86 89. 78 99. 65
Block1 1 86. 62 89. 60 95.42 89. 60 99. 66
Block2 1 85. 57 88.53 95.23 88.53 99.63
Block3 1 87. 81 91. 37 94. 95 91. 37 99. 69
Block4 1 86. 49 89. 46 95. 40 89. 46 99. 66
Block12 2 87.02 90. 49 94. 88 90. 49 99. 67
Block13 2 86. 64 89. 35 95.12 89. 35 99. 66
Block14 2 86.07 89.12 95. 21 89.12 99. 65
Block23 2 83. 83 86. 23 95. 68 86. 23 99. 59
Block24 2 85.71 88. 90 94.95 88. 90 99. 63
Block34 2 87.38 90. 37 95. 57 90. 37 99. 68
Block123 3 85. 56 89. 08 94. 46 89. 08 99.63
Block124 3 86. 45 90. 01 94. 64 90.01 99. 65
Block134 3 87.72 90. 60 95.75 90. 60 99. 69
Block234 3 87. 30 90. 24 95. 60 90. 24 99. 68
Block1234 4 88. 07 91.53 95.78 91.53 99. 69

x4 RDSConv HREREMLE RS EEEH EBERTLE

Table 4 Comparison of the performance of RDSConv modules at different locations and in different quantities

ANLE A mloU/ % mPA/ % mPrecision/ % mRecall/ % Ace/%
CASA1234+ UNet-Resnet50 0 88. 07 91.53 95.78 91. 53 99. 69
Block1 1 86. 85 89. 27 96. 22 89. 27 99. 67
Block2 1 86. 85 89. 70 95. 64 89. 70 99. 67
Block3 1 86. 58 89. 24 95. 84 89. 24 99. 66
Block4 1 87.08 90. 36 95.13 90. 36 99. 67
Block12 2 88. 67 92.18 95.19 92.18 99.71
Block13 2 87.59 90. 92 95. 17 90. 92 99. 68
Block14 2 87.51 91. 00 94.97 91. 00 99. 68
Block23 2 88. 06 91.43 95.23 91.43 99. 69
Block24 2 88. 81 92. 46 95.05 92. 46 99.71
Block34 2 87. 41 90. 89 94. 95 90. 89 99. 68
Block123 3 88. 31 91.79 95.15 91.79 99. 70
Block124 3 87.97 91.03 95.59 91. 03 99. 69
Block134 3 87.95 91. 06 95.52 91. 06 99. 69
Block234 3 87. 84 91. 45 94. 89 91. 45 99. 69
Block1234 4 88. 32 91.72 95. 24 91.72 99. 70

i A - RDSConv BLHLTE R 45 [ RERINER 2.4 B BEY
HRANERRHE TR e dF . X R W R R e,
RDSConv £ A B T 56 4 b K 52 48 55 F¢4iE , DT 5% 90T 1=
R EAR 5
3.4 EEWREK
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BRNet™", 3 H UNet-Resnet50 F UNet-Vggl6 1E fy 2k
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71 ,PSPNet,DeeepLab V3-+ Ll & HRNet #5525 R & F Y
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Table 5 Comparison of the performance of different networks %
%) 28 mloU mPA mPrecision mRecall Acc
UNet-Resnet50 86. 41 89.78 94. 86 89.78 99. 65
PSPNet 86. 04 89. 28 94. 95 89. 28 99. 64
Attention-UNet 80. 70 87.75 88. 46 87.75 99. 55
Deeplab V3-+ 84.76 87.31 95.63 87. 31 99. 62
HRNet 88. 95 91.91 95. 89 91.91 99.72
UNet+ + 86. 37 89. 94 95. 98 89. 94 99. 65
UNet+++ 87.13 90. 37 94. 64 90. 37 99. 67
ResUNet+ + 87.98 91.72 94. 77 91.72 99. 69
CA-UNet 88. 81 92. 46 95. 25 92. 46 99.71
Swin-UNet 91. 16 93.78 96. 43 93.78 99.78
BRNet 90. 91 93. 04 95.99 93. 04 99.75
CS-SegNet 91.52 93.83 97.05 93.83 99.79
L ME BT R S IEM R R T AR ST l_zf Attention-UNet
1) - SegNet BU L% A 1% 2 B8 15 g 2 o 43R S8 1) CAUNt
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93. 83%4.97. 05%.93. 832 A& 99. 79% . Herh 4 Wi4E bR 315 TR AN
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Fig. 8 Comparison of loss function curves for different networks

Sy EIRE B R . B AH X T A B kL A 1.6
A7 B I B RUAT A 30 553 B R S RURE i 5 AN vt 114 1
XFF 2 KRG O, NEE 2.4 47, 2 BB RN AE A T Ao DL L A
G B TR K il CT v A9 805 A 5 ) 3 2 S o ek DX 3 L
KA A /N o 5 X0 T 52 kL A8 3.5 47 kb IX
SRR R S DX B S DA B K 2 RO R R g
AR O o SE A, 5 BOZ B o IX B 2, A 2
T A 3C CS-SegNet [ 2% 1 73 5 45 2R 5 45 % &5 8 B —
B BE W 1 0 A A SRR I S 80 A v ke DX S 1 ] G
SAF BB TP S B T S B 20 RO A Rk G
TH UL R A 43 BN N S ) ) 7 EL 7 Ad B
Tl /I e DXL e A M8 0 55 R DX S e B T v
Wb, X — S5 R W, CS-SegNet W45 7EALH 52 4 2748

« 0



48 % nmooF K R

WL T AT RE A HOR 32

= &
2 PN

A2 CT BRI B 355 1

mmh
¥
B
=
=
=
oF
=
S
o

#

@@

€:)

<&

~ -
1‘ >

<

(a) Image (b) UNet_  (c) PSPNet (d) Attention- (e) DeepLab (f) HRNet  (g) UNet++ (h) UNet+++ (i) ResUNet++ (j) CA- (k) Swin- (I) BRNet (m) CS-SegNet (n) mask
Resnet50 UNet V3+ UNet UNet

B9 AR 4 B o3 45 R ) LR

Fig. 9 Segmentation results for different networks
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