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[ Abstract] Objective To develop a U-Net-based quadruple numerical neural network ( QU-Net) model for
retinal vessel segmentation and to verify its precision and efficiency in extracting and segmenting retinal vessels from
fundus images.  Methods  This study used the concept of hypercomplex numbers, the three channels of color
images, and a quaternion matrix representing all the information data of the images,which was then used as input for
quaternion convolution and quaternion fully connected layers based on the U-Net architecture to form a QU-Net
model. The QU-Net model was first tested on the DRIVE STARE ,and CHASE_DB1 datasets and compared with the
traditional real-valued U-Net, M-Net, and SU-Net models in terms of accuracy, sensitivity, specificity, precision, F1
score,and Matthews correlation coefficient. Finally, the model was further optimized and the optimized QU-Net model
was compared side-by-side with the well-known advanced models to comprehensively evaluate and analyze the efficiency
and accuracy of the model in extracting and segmenting retinal blood vessels from fundus images.  Results The
results showed that the QU-Net model achieved the following vessel segmentation results: accuracy 0.956 6,
sensitivity 0. 700 8, specificity 0.987 9, precision 0.595 4 on the DRIVE dataset, accuracy 0.975 5, sensitivity
0. 890 7,specificity 0.984 2, precision 0.662 5 on the STARE dataset,and accuracy 0.979 4,sensitivity 0.747 0,
specificity 0.990 6, precision 0.596 9 on the CHASE_DB1 dataset. Its specificity was better than U-Net, M-Net and
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SU-Net models, and its accuracy, sensitivity and precision were not inferior to the three models. After optimization, the
sensitivity, precision and F1 value of the QU-Net model were effectively improved on the three datasets while
maintaining its original accuracy and specificity. When compared with the performance indicators of other models on
the three datasets, it was found that the optimized QU-Net model had good performance in accuracy, specificity,
sensitivity, precision, and F1 score, indicating that its vessel segmentation ability was not inferior to the advanced
models. Among all the models compared, the optimized QU-Net model had the best F1 score and Matthews correlation
coefficient.  Conclusions The QU-Net model proposed in this study expands the data dimension space from the
traditional real number space to the complex number space and greatly reduces the loss of data information. The

optimized QU-Net model has good efficiency and accuracy in extracting retinal vessel segmentation from fundus

- 1091 -

images, and has certain advantages in detecting fine vessels.
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Note : MCC ; Matthews correlation coefficient; IoU : intersection over union,
ratio of the area of intersection to the area of the union between the predicted
and ground truth bounding boxes; TP :true positive, prediction of vessel pixel
was correct; FP ; false positive, prediction of non-vessel pixel was incorrectly
detected as vessel; TN: true negative, prediction of non-vessel pixel was
correct; FN : false negative, prediction of vessel pixel was incorrectly detected
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Table 2 Optimization parameters of QU-Net model on three datasets
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Note: QU-Net: quadruple numerical neural network
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Figure 3 Example of vessel segmentation of four models on DRIVE dataset
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Table 4 Vessel segmentation results of QU-Net model on three datasets

KISITES WER A BUREE FERBE ORIBRE R U MAF U FI{§  MCC

DRIVE 0.9566 0.7008 0.9879 0.5954 0.9532 0.6312 0.7702 0.757 6
STARE 0.9755 0.8907 0.9842 0.6625 0.9733 0.7709 0.870 6 0.857 4
CHASE_DB1 0.9794 0.7470 0.9906 0.5969 0.9786 0.6251 0.7673 0.7586

T : QU-Net: PUITHUE A 28 1 2% 5 ToU - 323 LE s MCC : TH B3 A 56 3R 5L
Note: QU-Net; quadruple numerical neural network; loU: intersection over union; MCC: Matthews

correlation coefficient
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Figure 2 An example of vessel segmentation of the QU-Net model on various datasets

QU-Net: quadruple numerical neural network
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QU-Net: quadruple numerical neural network
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Table 5 Vessel segmentation results of four models on DRIVE dataset

TR GLH IRITES R Fi 5 ¥ Bl 12 5 loU 1% ToU FL{g Mce

U-Net 0.956 2 0.741'5 0.982'5 0.612 0 0.952'5 0.641 8 0.778 2 0.7615
M-Net 0.958 4 0.738 0 0.985 2 0.610 0 0.954 9 0.653 9 0.790 2 0.771 2
SU-Net 0.959 2 0.733 2 0. 986 6 0.607 8 0.955 7 0. 656 6 0.792 0 0.774 2
QU-Net 0.956 6 0.700 8 0.987 9 0.595 4 0.953 2 0.631 2 0.770 2 0.757 6

1 : QU-Net : PU ST EL (B 1 28 W 25 5 ToU « 328 I £k s MCC « Sh & 3 41 5¢ R %L

Note: QU-Net: quadruple numerical neural network ;IoU :intersection over union; MCC: Matthews correlation coefficient
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Figure 4 Example of vessel segmentation for four models on STARE dataset QU-Net:quadruple numerical neural network
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Table 6 Vessel segmentation results of four models on STARE dataset

155 7 2L Ky HFTES R Fi 5 1 H 5t loU 1% ToU FI{H mce

U-Net 0.976 4 0.900 9 0.984 1 0. 666 2 0.974 3 0.779 3 0.876 0 0.863 3
M-Net 0.974 4 0.813 4 0.990 8 0.632 3 0.972 4 0.746 4 0.854 8 0.842 1
SU-Net 0.9727 0.788 3 0.9915 0.623 0 0.970 6 0.727 8 0.842 4 0.829 9
QU-Net 0.975 5 0.890 7 0.984 2 0.662 5 0.973 3 0.770 9 0.870 6 0.857 4

TE - QU-Net: U 0B fE 1 22 9 25 5 IoU - 32 9F: Lk ; MCC « Th B 7 4 6 R 4K

Note ; QU-Net : quadruple numerical neural network ;loU :intersection over union; MCC; Matthews correlation coefficient

IR A FCA A U-Net 51 M-Net #i1 SU-Net #i# QU-Net f5 !

Bl 5 4427 CHASE_DB1 #E&E LM ME S FIRE  QU-Net.: PUILH{E i 22 [ 2%

Figure 5 Example of vessel segmentation of four models on CHASE_DB1 dataset QU-Net:quadruple numerical neural network
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Table 7 Vessel segmentation results of four models on CHASE_DB1 dataset
e e % WU 55715 UL WRIU A o FI i mee
U-Net 0.979 6 0.808 3 0.987 8 0.619 2 0.978 8 0.647 5 0.784 8 0.775 6
M-Net 0.976 8 0.757 3 0.757 3 0.601 4 0.976 0 0.601 6 0.748 7 0.738 2
SU-Net 0.978 6 0.747 8 0.989 7 0.597 4 0.977 9 0.616 3 0.760 6 0.750 6
QU-Net 0.979 4 0.747 0 0.990 6 0.596 9 0.978 6 0.625 1 0.767 3 0.758 6
1 : QU-Net : Y T KL (B 1 28 W 2% 5 ToU « 32 - £k s MCC « & i A 5¢ R %X
Note: QU-Net: quadruple numerical neural network ;ToU :intersection over union; MCC; Matthews correlation coefficient
#8 QU-Net REMEUFEINTHEFEELHMIKER
Table 8 Test results of the optimized QU-Net model on three datasets
pAE1ES W HiRTIES B 5 X 1 5 ToU 1% ToU F1{H McC
DRIVE ZHi 0.956 6 0.700 8 0.987 9 0.595 4 0.953 2 0.631 2 0.770 2 0.757 6
P 0.955 8 0.783 1 0.981 4 0.8553 0.950 9 0.692 0 0.817 6 0.795 2
STARE Z i 0.9755 0. 890 7 0.984 2 0.662 5 0.973 3 0.770 9 0.870 6 0.857 4
ZJa 0.9723 0.865 7 0.986 8 0.865 7 0.969 1 0.789 3 0.8823 0.866 8
CHASE_DBI ZHI 0.979 4 0.747 0 0.990 6 0.596 9 0.978 6 0.625 1 0.767 3 0.758 6
ZJh 0.964 5 0.803 6 0.980 1 0.796 6 0.961 7 0.667 3 0.800 1 0.781 1

1 : QU-Net : DU T K (B 1 28 W 25 5 ToU « 38 I kb s MCC « Sh & 3 4 56 2R %X

Note: QU-Net: quadruple numerical neural network ;IoU :intersection over union; MCC: Matthews correlation coefficient

DRIVE $(4E4E

STARE $#i 42

IGIEES

CHASE_DB1

B

QU-Net AL L Aif

QU-Net AL 5

Bl 6 QU-Net HERMATFAE 3N HFEELMMESBIRBIELE  QU-Net: PU T £ {1

28 0 4%

Figure 6 Comparison of vessel segmentation examples on three datasets before and after

tuning the QU-Net model

QU-Net: quadruple numerical neural network
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Table 9 Comparison of test results of optimized QU-Net model and other models on DRIVE dataset

L7 Ay iR 5 U X 1 F1 {4 MccC
R2U-Net'""”! 2018 0.955 6 0.981 3 0.779 2 N/A 0.817 1 N/A
M3FCN'' 2019 0.970 6 0.983 8 0.8325 N/A 0.832 1 N/A
MPS-Net' "’ 2020 0.956 3 0.974 0 0.836 1 N/A 0.828 7 0.805 1
M-GAN'?! 2020 0.970 6 0.983 6 0.834 6 0.830 2 0.832 4 0.816 3
SEGAN!® 2021 0.956 3 0.9812 0.829 4 0.839 7 0.834 5 N/A
Bi-SANet!? 2021 0.969 3 0.977 2 0.889 0 N/A 0.838 2 N/A
HDC-Net'* 2021 0.969 2 0.9829 0.825 8 N/A 0.823 9 N/A
MFI-Net' 2! 2021 0.970 5 0.983 8 0.8325 N/A 0.8318 N/A
QU-Net 2024 0.9558 0.981 4 0.783 1 0.8553 0.817 6 0.795 2

T : QU-Net: PUTTHUE 1 28 0 4 s MCC - B & i A 56 R 5805 N/ A - TSR

Note; QU-Net; quadruple numerical neural network ; MCC ; Matthews correlation coefficient; N/A :no data

F 10 Ll QU-Net B S5 EFREMARE £ STARE HiE&E FHNX & RILR
Table 10 Comparison of test results of optimized QU-Net model and other models on STARE dataset

L7 ARy iRES SR U X 1 FI {4 McC
R2U-Net''”! 2018 0.971 2 0.986 2 0.829 8 N/A 0.847 5 N/A
M3FCN!'® 2019 0.977 7 0.988 0 0.8522 N/A 0.853 1 N/A
MPS-Net' "’ 2020 0.968 9 0.9819 0.856 6 N/A 0.849 1 0.8322
M-GAN'2 2020 0.987 6 0.993 8 0.832 4 0.841 7 0.837 0 0.830 6
SEGAN'® 2021 0.967 1 0.978 1 0.8812 0.7952 0.8359 N/A
Bi-SANet!® 2021 0.977 0 0.989 4 0.829 0 N/A 0.843 6 N/A
HDC-Net' " 2021 0.975 1 0.986 6 0.836 9 N/A 0.838 5 N/A
MFI-Net'*"! 2021 0.976 6 0.985 9 0.861 9 N/A 0.848 3 N/A
QU-Net 2024 0.972 3 0.986 8 0.865 7 0.865 7 0.8823 0. 866 8

T8 : QU-Net ; 1T 7T S0 1 28 I 45 s MCC : Zh {6 7 4 56 R 80 N/A  JE B

Note: QU-Net: quadruple numerical neural network ; MCC ; Matthews correlation coefficient;N/A :no data

F 11 {£1LH QU-Net =B 5 E iR H 1 4£ 5 7£ CHASE_DB1 ##E& FIK &R L&
Table 11 Comparison of test results of optimized QU-Net model and other models on CHASE_DB1 dataset

% ARy iRTES 5 il ek i T F1 {8 McC
R2U-Net''"! 2018 0.963 4 0.982 0 0.775 6 N/A 0.792 8 N/A
M3FCN!'®! 2019 0.977 3 0.986 2 0.845 3 N/A 0.824 3 N/A
MPS-Net! "' 2020 0.966 8 0.979 5 0.848 8 N/A 0.833 2 0.8152
M-GAN'> 2020 0.997 4 N/A N/A N/A 0.811 0 0.797 9
SEGAN!'®] 2021 0.963 0 0.978 2 0.843 5 0.801 3 0.821 8 N/A
Bi-SANet* 2021 0.9759 0.9852 0.837 1 N/A 0.8139 N/A
HDC-Net'*! 2021 0.974 5 0.9853 0.822 7 N/A 0.8113 N/A
MFI-Net'?"! 2021 0.976 2 0.986 0 0.830 9 N/A 0.8150 N/A
QU-Net 2024 0.964 5 0.980 1 0.803 6 0.796 6 0.800 1 0.781 1

T : QU-Net: PUITEUE #1284 s MCC - D& i A 56 8 N/A TR EkER

Note: QU-Net: quadruple numerical neural network ; MCC ; Matthews correlation coefficient;N/A :no data
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