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Adaptive feature fusion cascade Transformer
retinal vessel segmentation algorithm
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341000, China

Abstract: An adaptive feature fusion cascaded Transformer retinal vessel segmentation algorithm is proposed in
this paper to address issues such as pathological artifacts interference, incomplete segmentation of small vessels,
and low contrast between vascular foreground and non-vascular background. Firstly, image preprocessing is
performed through contrast-limited histogram equalization and Gamma correction to enhance vascular texture
features. Secondly, an adaptive enhancing attention module is designed in the encoding part to reduce
computational redundancy while eliminating noise in retinal background images. Furthermore, a cascaded
ensemble Transformer module is introduced at the bottom of the encoding-decoding structure to establish
dependencies between long and short-distance vascular features. Lastly, a gate-controlled feature fusion module is
introduced in the decoding part to achieve semantic fusion between encoding and decoding, enhancing the
smoothness of retinal vessel segmentation. Validation on public datasets DRIVE, CHASE_DB1, and STARE
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yielded accuracy rates of 97.09%, 97.60%, and 97.57%, sensitivity rates of 80.38%, 81.05%, and 80.32%, and
specificity rates of 98.69%, 98.71%, and 98.99%, respectively. Experimental results indicate that the overall
performance of this algorithm surpasses that of most existing state-of-the-art methods and holds potential value in

the diagnosis of clinical ophthalmic diseases.

Keywords: retinal vessel segmentation; Transformer; adaptive enhancement of attention; gating feature fusion
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Fig. 1 Adaptive feature fusion cascade Transformer retinal vessel segmentation algorithm
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Fig. 9 Image of retinal blood vessel local segmentation by different algorithms
: T vivn 425 2N 4| B 320 1] B % 1 DRIVE #3% & 1R ik M 864847/ %

ﬂl Attention U-Net 'L-Hﬂ‘ml = ﬁ””[iﬁizl[ﬂﬂ ’ H]%ZIKjC Table 1 Performance metrics of different algorithms for
AN A P8 BN L4 Ay R SE 4 ) B, fix the DRIVE dataset /%
E ﬁﬂlﬁ%%@[ﬂl%}ﬁl E] éﬂﬁﬁ“ ﬁf LJ E ILH U-Net., Dense g T T Acc Sen Spe F1 AUC
U-Net il FR U-Net 52 4% H(E B2 i ™, M8 U-Net 96.97 80.19 98.58 82.26 98.66
Bl 2Ll . TiASCE B Attention U-Net AERS G0 Attention U-Net 97.04 7919 98.75 8241 98.72
FIBE A Sy A 5 Dense U-Net 96.99 79.60 98.66 8225 98.69
EMZ&, Liﬁii&;;njg;lg? T AT DRIVE FR U-Net 97.04 7896 98.78 8242 98.74

- i, AX bl = Ours 97.09 80.38 98.69 82.87 98.81

% 2 CHASE_DB1 #48 % R ikt A8 4547/ %

Table 2 Performance metrics of different algorithms for

the CHASE-DB1 dataset /%

G/ ik Acc Sen Spe F1 AUC

3.5.3 YERBIERRHLER U-Net 9750 80.79 98.62 80.32 98.92

R T EESTEIRAR, DTG A SO, A Attention U-Net 97.57 78.99 98.82 80.43 98.92

SRR TR AT . SR [l — S R A Dense U-Net 97.53 81.51 98.54 80.80 98.95

HSem . HSoih st MBI 1. % 2 R 3 Fim . CHASE_DB1  FRU-Net 97.44 80.28 98.60 79.85 98.76

s Ours 97.60 81.05 98.71 81.02 98.99
S T AR ¥4 CHASE DBI BUHE 4 4 T4 47 A3 STARE BRI REAEH/%

723 Geih TRFISIATE STARE ¥4 #4738 LBk
FIOF LIRS, Kb e idatn. [ 10 A 11

Table 3 Performance metrics of different algorithms for
the STARE dataset /%

" - s N ol ik Acc  Sen Spe F1  AUC
Gr iR 1 AR SR DRIVE #l CHASE_DBI %§tdli U-Net 9753 7922 9906 83.15 99.05
4 P-R 14k Je ROC i Zexf LLIEl . AUC #5455 ROC Attention U-Net 97.55 78.98 99.09 8317 99.06
M, AUCTLHEI MO~ 1, AUC {HMk4EIr 1, AT Dense U-Net  97.55 79.68 99.05 83.36 99.09
MAE RS, T AUC [HERE, FonBulsimsgie  STARE  FRUNet o751 7084 0896 8299 ©0.01
T 4] 10 R T A AE DRIVE B Ours 97.57 80.32 98.99 8342 99.10
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Fig. 10 Comparison between P-R curve and ROC curve of different algorithms in DRIVE dataset
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Fig. 11 Comparison between P-R curve and ROC curve of different algorithms in CHASE_DB1 dataset
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WK, MG RER, FFEING M K
FR U-Net FI| FH £ 43 #1845 B B AL E 77K 7 Fi
YR, SR —eRTE, (AASCE A bR
KT FR U-Neto VLA SCRIETEBEIR T . 4
ED R FRAR
3.5.4 SiTEEIERRT

R T 20 U B AR SRR AR A BB A s
VERD, A SCRTHE A9 5 T AF AR S BBE AT HE AR
N 4, %5 Mk 6 R, Hoptpllhitiists, H
KRR A RS

t# 4 A1, 7F DRIVE 038 8 v Sciik (28] Bk

% 4 DRIVE #38 & 5+ 4 R /%
Table 4 Comparison results of DRIVE dataset /%

ViR Acc Sen Spe AUC
SCHR[23] 96.38 78.05 98.16 96.82
ICik[24] 94.80 73.52 97.75 96.78
SCHR[25] 95.56 78.14 98.10 97.80
3CHik[26] 96.10 81.25 97.63
SCHR[27] 95.76 79.43 98.14 98.23
SCHik[28] 95.68 79.21 98.10 98.06
SCHR[29] 95.68 81.15 97.80 98.10

Ours 97.09 80.38 98.69 98.81

% 5 CHASE_DB1 #4831tk £ /%
Table 5 Comparison results of CHASE_DB1 dataset /%

ik Acc Sen Spe AUC
3CHk[25) 97.11 76.97 98.65 96.48
SCHK[26] 94.52 72.79 96.58 96.81
SCHR[27] 95.90 81.95 97.27 97.84
k(28] 95.78 80.12 97.30
SCHK[29] 95.87 79.47 98.55 98.86
SCHR[30] 96.35 78.18 98.19 98.10
SCHR31] 96.64 80.75 98.41 98.72

Ours 97.60 81.05 98.71 98.99

3 Ao 1) R AR A ARG/ A, R R T A SR
% 0.22% , ABASSCREHABAE PRSP T30 [28] Bk,
HED R SR B A W A T, ORI RI S5 A
MRTASCE D . B UL BRI 43 51400 0 R 1l 4
MRTE R PEAR .t 5 ATAI7E CHASE DBI $idli4E
HSCHk [26] RO = TASCRIE 0.9%, SCiEk [27]
I ARRAPE A, ARG IR AN R Z0E SRR AR AL
WhnmEsk, REEAR —ERF, EA SRR
Y48 F 3k [27]. 3CRk [25] % Transformer 5] A 3Bk
BRI, XPRMESEATE B gt , (BRI T A
3o ULIIAS SCEEVERE BB R, 7R AL I 53351
RS al bR . & 6 T HITE STARE $di 4 ¢
fik [29] DAKSCHiK [30] REBUE R FASCR M, Sk [29]
TF Rk 2 R ZWURE I BHCR ARG LT UER,
T BV IS T RE ST . SR [30] 385 i B ik
ke RELS, JHESRERL G R R ERE, R
JER S AUE, (BRI  HAAs bn 3 e fl, HAE
DRIVE #1 CHASE_DB1 HlE4E hHaFRI41 5 T 3R [29]
FISCHR [30], FRUIA SR RIZ AR I H00
3.6 HELLIE ST

SR T Ml AR SRR BT AR A A R R
7E DRIVE, CHASE DBI1 Fil STARE %i#i& 4 ¥t 17
THRLSCE:, Horh STARE #dE4E R A HL 438 LI IEAY
T TIE R, ARG 7. 3% 8 Ak 9 PR,
Hiip S1 /8 U-Net; S2 F/RTE ST IR I 145
RGBT S3 RIRTE S2 Jafib i A A H i i 4

# 7 DRIVE #t4% % 7% 8 £ 30 547 1%
Table 7 Analysis of ablation experiments on the DRIVE dataset /%

#.6 STARE %48 &5t 4 R/%
Table 6 Comparison results of STARE dataset /%

AT Acc Sen Spe F1 AUC
S1 96.97 80.19 98.58 82.26 98.66
S2 97.06 79.69 98.73 82.62 98.75
S3 97.06 78.18 98.87 82.36 98.87
S4 97.09 80.38 98.69 82.87 98.81

WiRiS Acc Sen Spe AUC
SCHik[25] 97.11 78.67 98.80 96.70
SCHk[26] 95.48 72.65 97.59 96.86
3CHik[28] 95.86 80.78 97.21
SCHK[29] 96.92 82.98 98.55 98.95
SCHR[30] 96.78 83.52 98.23 98.75
ICHKI32] 97.47 81.90 98.74 97.06

Ours 97.57 80.32 98.99 99.10

% 8 CHASE_DB1 #35 & ¥ #k 52 3 547/ %
Table 8 Analysis of ablation experiments on
the CHASE-DB1 dataset /%

A Acc Sen Spe F1 AUC
S1 97.50 80.79 98.62 80.32 98.66
S2 97.55 79.01 98.80 80.31 98.95
S3 97.59 80.52 98.74 80.85 98.99
S4 97.60 81.05 98.71 81.02 98.99
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SR A S4 EIRTE S3 Y TS I A 2 B AR
Transformer b, RIA &,
A 9 SATRE #t48 4£3¥ 8k £ 1 5 H7/%

Table 9 Analysis of ablation experiments on
the STARE dataset /%

A Acc Sen Spe F1 AUC
S1 97.53 79.22 99.06 83.15 99.05
S2 97.55 79.38 99.04 83.16 99.04
S3 97.55 79.90 99.01 83.32 99.08
S4 97.57 80.32 98.99 83.42 99.10

#£ DRIVE 48 4 7 il 52 56 vh S2 45 46 AR AH #4
F U-Net MZ¥A T, 78 S3 H Spe 5 AUC 5%
, ACC Ftrtily, {1 Sen ik, 7F S4 rhi&{kfs
FRik B4, ACC Fl Sen ¥Jik B &1k ; #F CHASE
DB1 Kr¥a4E 4 B S 86 h S2 [ Sen Fl F1 488040 HoAh
PR A AN FEFEESTE, S3 TR Spe S HAMFE bR Y
HEETH, H Sen FEFRIE T U-Net H.3k, S4 HhaEik
KB, 78 STARE B4 MRl S g, S4 BR Spe
AMERREIREIEAL, (2 ACC K AUC $27HE /N

Zi LTk, GFF BEALBRAFAL AR 73 B 55 h 2 R
FEIR L, ST IE# - EIRU NS RE ST, H23X) Sen
H—E M ; A AEA £ )5 Bk DRIVE 4 4
Sen FEARFEARSP HABFE bR A T, W] AEA Bk
BB TH BR 7T SRS JF BRI B ON S T4 IJE A
CGT #it, Sen F8FRAHEL T ARMA CGT B A i
KEEF, FW] CGT BEHRAEHEL I I BN 48 )= 3
FHIERYRE ST o THRISEER K AFCT-Net A2 H A HE,

4 HEHRIE

L TP A0 X BT 5 1) e R 2 Sl — 0 i A5
SEN T H ShZ Wil B 2 e, A SRR
PR BB 11 45 3 R FP AR AR R S S D LA R L B T
PR AT S AR M T o0 L EEARAE R, $E i A
38 ERE BiE 9E Transformer £ IR IR 1ML 45 0 361 340k
5% AEA BH AT DK A [F) 38 38 FR RS B 7 R
P& i o3 25 R AE R HL BRGS0 4y s HOR GFF 43
Yol gt i E B RG , $RIHRESR FHZE, Bgsmin
B &5 CGT BRAE g Z ARG b
oA E SUF R, R 55NN Ree T iE
Feo ASCHE SR FIF B BT BR G 4TS i B il 487 5%
TR, AR QAT R B 43 1 e Ak i 4554 2 PR )
FEE I 553 5 S — A A TR A T R
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Adaptive feature fusion cascade Transformer
retinal vessel segmentation algorithm
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Adaptive feature fusion cascade Transformer retinal vessel segmentation algorithm

Overview: Retinal blood vessel images contain rich geometric structures, such as vessel diameter, branching angle, and
length, which allow ophthalmologists to prevent and diagnose diseases such as hypertension, diabetes, and
atherosclerosis by observing information about retinal blood vessel structure. However, the topology of the fundus
blood vessels is intricate and difficult to extract medically, so it is important to study a retinal vessel segmentation
algorithm that can be efficient and automatic for clinicopathologic diagnosis. The contemporary retinal vessel
segmentation methods are mainly categorized into traditional machine- and deep-learning-based methods. Traditional
machine learning methods include morphology-based processing, matched filter-based, and wavelet transform, etc.
Such methods usually do not require a priori labeling information, but rather utilize the similarity between the data for
analysis. The deep learning method is an end-to-end learning method, that can automatically extract the bottom and
high-level feature information of the image, compared with the traditional segmentation methods to avoid the process of
manual feature extraction, and at the same time reduce the subjectivity of segmentation, and its generalization ability is
significantly better than that of the traditional methods. However, the fundus retinal segmentation task still suffers from
pathologic artifact interference, incomplete segmentation of tiny vessels, and low contrast between the vascular
foreground and the nonvascular background. To solve the above problems, an adaptive feature fusion cascade
Transformer retinal vessel segmentation algorithm is proposed. The original image of the retina dataset was first
subjected to dataset expansion to ensure adequate training and prediction of the model, and operations such as gamma
correction were performed to perform dataset image enhancement and to improve the contrast of the blood vessel
texture. Secondly, the adaptive enhancement attention module is designed in the encoding part to improve the
information interaction ability between different channels, and at the same time, the background noise information of
the image is eliminated to reduce the interference of pathological artifacts and enhance the nonlinear ability of the
vascular image. Then the cascade group Transformer module is added at the bottom end of the codec to effectively
aggregate the contextual vascular feature information and fully capture the local features of tiny blood vessels. Finally, a
gated feature fusion module is introduced in the decoding part to capture the spatial feature information of different
sizes in the codec layer, which improves the feature utilization and algorithm robustness. Validated on the public
datasets DRIVE, CHASE_DBI, and STARE, the accuracy reaches 97.09%, 97.60%, and 97.57%, the sensitivity reaches
80.38%, 81.05%, and 80.32%, and the specificity reaches 98.69%, 98.71%, and 98.99%. The experimental results show
that the overall performance of the algorithm in this paper is better than most of the existing state-of-the-art algorithms,
and it has a certain application value for the diagnosis of clinical ophthalmic diseases.
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