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e We propose a plug-and-play deformable convolution with globally learned
relative offsets, a module well suited to handle complex zigzag edge fea-
tures. Compared with other existing deformable convolution, the proposed

convolution has the following different characteristics:
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e We add the proposed convolutional module to Unet and propose a deep

learning model for fundus vascular segmentation, called GDCUnet.

e We construct a unified comparison framework with the same data pro-
cessing methods and loss functions and other configurations for the main-
stream existing state-of-the-art medical image segmentation models in our
project. Experiments on the public dataset have verified that GDCUnet

has reached state-of-the-art performance.
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TERMEIR V4 [32] . VABBT V3 mas[E R AR softmax H—1k, MIfii#E—
SR T A SRR ). VA ) E B SRTTRRCR, W2 REAEI T
LR

HAl. R THEAEMSEER NI T REZE, F. Yo EARFBKTIAL
B, IR H TIZACER [33] o BEAh, BERPRREDIRIAT NG AY & G T
AT TOE, RGBS S G (34] .

SR, H AT ARG AR AR I s, XA
BRI i > WK IR, I BAE R IR (IvERE ) mdE A
T AR R R

2. Jiik

2.1. SAFD ##5

BB Ky a8, SR r= 551 WERAIE D,
AR GORFEIA R s S

i,
BB AFHER x(py) , HAS[EARAR N py € Z% , KRN Dy BAREST
FIRH
Y= Y. wp,) X + p,), (1)
PnERK; Dy

o wp,) FREREAE. T HEBUZREN B Mt T LEAE, B
ARG A T — a2 s i (Ap,) -

Yo = D, wp,) x(po + b, +Ap,). (2)

PRk, Dy

o Az — IS TRRAEY

Ap: 7> —R%  pe Ap(p) (3)
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- HCAE AR R 2 T AR R A TSR TSR IR (2) FSRE R A 1
B 23] HBEURES (Ap )Y, o B e T

x(p) = x(p+App)), (4)
, RIEXT X NG

Yooy = D wp,) ¥po+p,)

Pu€Rk;.Ds

= Z w(p,) x(py + p, + Ap(py + p,))- (5)

Pn€RK;.Ds

TR LA Ap(p) | X T4 A X € RPIDWC .
X, = reshape(X, B, HW,C) € RBPN*C (6)

, N =HW | SREFAIGIA—A R E S & SRHGRFFIEAEE . BT X
MESEL, FRAEYEEEE L — AR Z I TR

Xe — Xu WE c RBXNXSC (7)

, Hor WE R RA R, FRiC EC R D o TR MG L AR e
Xe RI7PN=AVKE: Ay, BEAIE:

0=X we, K= X, wk  v= X, wY € RBXNxD ®)

o FRHE VIT, 345KE O« K MV BBl h A3k

On, = chunky, (Q, B, N, dy) e RENx (9)
[zpl‘]Kh’, = Chunkhi(K’ B, N, dh) € RBXNth (10)
[2pt]Vy, = chunky, (V, B, N, dy) c RBXN%d (11)

X dy= 2, hie 1,2, h o SRIEPATHEIITER %

KT
A, = SOftMax(Q”‘—mhf)Vh,. € RENxd (12)
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A = Concat[Ay, --- , A ]W° e RBXNxD (13)
BB WO RN PERURAIE ., 24 A RIS 2 B, TN
XA =A+ Xe c RBXNXD (14)

RIGBAVBRES — DTSR Dhidaen YEMTIBIGRAERE , ik Xa P

PMEMEE:
Xhidden = Xa W}(”l‘)l den € RE*XNXDhidden (15)
Xr = Xhidden W(z) € RBXNxD (16)

B W) RO | WO € REDuD | 5 T 5 A
VERBR IR -

X= (Xr + XA)Wrb;verse e RPMC (17)
XH WE . e REDXC 2 X 5 ] 5 USAE g T X

Xoffser = teshape(X, B, H, W, C) € REXHWxC (18)

IR C WHRTARE 2 B, JAFRA M = C/2 HnEli)a— 4L
RIGFATHS M. 5K BCFIIE AR IR AR Ap(po + p,) » X T A @ E S

it

Wi, TBREMBAPERME 2 (5) PRIRAREES po+ P, - B 2 R
T SAFDConvolution FIBA AIALTEEZ M2 R, EMEHSIT (BRI
KAN) - (BETR2%) PR, AT SR VF S > R I Z e . T T B A
XA IS T SRR R R AL
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Figure 2: SAFDConvolution 54 ARG MM SR, (a) HATAEER, (b) Fil
Ity SAFDConvolution. SAFDConvolution }: A B0 A S RUZ IR, T 2748 TE4SAE e DASS IR
BRUZRIHAR ST . AR R (RS 0 B A B T = AR RS 2 > 8 e v B R i s 4% (4
VAT) SB T x4 Ry AR (IS A SR T et A (e 12

FMAEFME 1 P45 T SAFDConvolution AIEFFRTESEL, H N IEZSE
(FEFRIr 3.4 1) RET — LS HE.

Table 1: SAFDConvolution 7ESLIR S EE . Ky -V, Dy -IGHKE, & - ARIREEL, h
B JIRMER, Dhidden -BTBU BB BE o

Setting 1  Setting 2 Setting 3 Setting 4 Setting 5 Setting 6

K; 5 7 3 5 5 5

D, 1 1 2 1 1 1

& 1 1 1 1 2 4

h 4 4 4 4 4 4

Dhidden 32 32 32 64 64 64
2.2. GDCUnet

TEGAS I B, Conv B EHAS 3 x 3 455 . SAFDConv #EHLAE ] 7
MESEIR I SAFD H, HPESHTDRIEE 1 . A, S5
JREERAE F—A 7 X 7 A5 FH .
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3. 24
3.1 —HR Aol FH

PERATITA, SZ24EmR) 75 a8 (Bilan [35] ) AE, HEia e E S5
FBIAE R RN RNZ AL RE I B 2 45— RO HEZR . SECEIE WL . #5128 R AL
H2f o) RAERE PAEAE 2. XBRE] TRk se S fgRe. i1 T —
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3.2. £ My

FMIM LY BT CHASEDBI [36] , X2 AL I A 225 40
o BT 0.86 1 0.14 LB A UIGRETNIIXAE . SLIRPHC AR LR 2 o
P i) L g2 ] Pytorch fIEZR [37] (E47HY, 24 ~) il RIZIB K758 —
Pt FATHEREA IS AUG R RS BB T PR, , i Il 2 i

Table 2: S5 G B % B
Settings Details
Batch Size 4
Initial Learning Rate 1x107*
Minimum Learning Rate 1x 1073
Optimizer Adam [38] (Default 8y = 0.0 , 8, =0.99 )
Input Resolution 256 x 256
Output Resolution 256 x 256
Total Epochs 4,000
GPU Nvidia Tesla V100 32G

AR FH B2 i % BCEDiceLoss £ 5222 YA DiceLoss [39] A, XT
T2 N p A HERI EAR y € {0, 1}, %40 % PN A 2

1 N
Loce =~ ;[yi log o (py) + (1 = yi) log(1 = o(p))], (19)
2Yi0(p)yit+e -5
ice — 1- > =10 ’ 20
Lo o)+ Sivite (20)
L = 05 -ZBCE + LDicm (21)

, Hho(p) = g5+ 1€0,1,2,...,N . N = H, x W, ZFTHBRER L.

3.3. &

FATRA AN O, BEHER 3, Hd P FoRBilmmiR, G %
INEEEHIEE, TP, FP, TN , FN FoRHEIE/RIE/ B
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Table 3: {FAlifabr 45

Metric Formula Interpretation

IoU :Ilzgg: Overlap between prediction and ground
truth.

Dice \ZJ’IIJlel Harmonic mean of precision and recall.

HD max{sup ing d(p, g),sup in;f) d(p,g)} Largest boundary error; lower is better.
g¢eG PE

peP 8€
HD 95 % quantile of HD Less sensitive to outliers than HD.
95
Recall % Ability to find all positives.
Specificity % Ability to reject negatives.
Precision %, Proportion of predicted positives that are
true.
3.4 ERER

# 4 JlR THAT GDCUNet 153 HIMERE DT I & BVPAG, WV T3R 1 1945
PRI o HE A B foef 5 YA AL A 2 2 s B ) I el e A B PR 20 K1 e
BRTHA R (3255 B &R MES) . TN S EARICH I IR A
o

10
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Table 4: 5 ENERIE.

Model(With Re- Speci- Pre-

Type Venue IoU Dice HD HD o5
# Parameters ) call ficity cision
Unet # 496M [3] MICCATI’2015 0.5978 0.7483 15.62 2.000 0.7498 0.9817 0.7469
Unet++ # 36.1M [5] ML-CDS’2018 1 0.6134 0.7604 15.62 1.414 0.7620 0.9826 0.7588
Model Att-Unet # 127M [40] Arxiv’2018 0.6039 0.7531 16.00 2.236 0.7146 0.9868 0.7959
Enhancement Unext # 1.47M [42] MICCAT’2022 0.5007 0.6673 17.26 3.000 0.6594 0.9772 0.6754
Uctransnet # 66.2M [15] AAAT’ 2022 0.5982 0.7486 15.00 2.000 0.7282 0.9844 0.7702
Rolling-Unet # 1.78M [9] AAAT’2024 0.6008 0.7506 15.00 1.414 0.7745 0.9828 0.7568
Prior DconnNet # 25.4M [41] CVPR’2023 0.5863 0.7444 17.76 3.000 0.7929 0.9752 0.7407
Knowledge 2 DSCNet # - -M [34] ICCV’2023 0.6073 0.7521 15.00 2.0000 0.7534 0.9832 0.7638
Setting 1 # 1.15M == 0.6160 0.7623 15.56 2.000 0.7495 0.9844 0.7757
Setting 2 # 1.45M —= 0.6201 0.7655 15.00 1.732 0.7511 0.9848 0.7805
Our Setting 3 # 0.954M — 0.6139 0.7608 15.00 2.000 0.7470 0.9844 0.7750
GDCUnet Setting 4 # 1.17TM — 0.6161 0.7625 17.23 2.000 0.7433 0.9852 0.7827
Setting 5 # 1.40M — 0.6304 0.7733 15.36 1.732 0.7596 0.9853 0.7875
Setting 6 # 2.16M —= 0.6132 0.7602 15.00 2.000 0.7394 0.9852 0.7823

PR SRR, EARIRE T, X2 —DRASREmNIH . JLFET
A7#) GDCUNet BEHRIG T HA ST SRR, B8 5 78 loU Fll Dice 4%
IR S T AR R, OO LAOM SRR, [, A — R
e (RE 3), ESHHOLASFEIMEREZ 03K F) T4, DeonnNet HA f i 1)
A, ERA FA. 1535 T SAFDConvolution 42 J5) H AU %5 FAFAE
MRAERE 7, GDCUNet & 5 3838 T HRGUEM LR AKF-.

4 JER TSRO E ML . DeonnNet #37 T 4EIAIAEIAL, HA A
X B ELSE R i) 43 BIHERD , (ELL I TSR AR FHIE G 1. GDCUnet #1440
WIS EIRCR, BERS /M BN R e R A Z M O B LA o RV deedfe i Y
B 3 MREAE A TEA I ERE.

IHeld in conjunction with MICCAI 2018.
2We emphasize conducting experiments under the unified benchmark and configuration.

However, the model based on prior knowledge characterizing the vascular topological structure
involves separate settings for data processing, loss functions, etc., and experiments need to be

conducted under separate configurations.

11
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Figure 4: 7} FIGPRAGIIELBL . WFHORASRAS AP B RRRR
4. iHADESE

J.1. SAFD %443 2

GDCUNet AT 2o 2 LA B FE P T SAFDConvolution, M
IS RO e R A 2 R H AU 2 2% Ry . 5 HA A A n] AR T B R
F¥EF L, SAFDConvolution B DATE A &AL BE 42 R R iE . F-ATTH HiAth 5 7
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(Bi—K K/ 5%x5 ) #ih T SAFDConvolution Block H#5FH, &4
W 5 Frs.

Table 5: HEPVBEIHA SAFD BRIAYHE .

Conv Variant IoU Dice
Conventional 0.5833 0.7368
Deformable V1 0.6053 0.7472
Deformable V2 0.5992 0.7438
Deformable V3 0.6130 0.7601
SAFDConvolution 0.6304 0.7733

S5 LAEME, SAFDConvolution HAA W& 5 m i fabr. Mo i 5
Fim. RIS V3 ML, B e e SCR O A B L

Input V3 SAFDConvolution Ground Truth

Figure 5: BRVERRIHE (WA V3 FIFLATH SAFD £1).

4.2. HAEF I 04 E R

SAFDConvolution X 4xJ5) H AR 2% a1y e F Uk 8 T REX —
&, FATHFE GDCUnet gafidlir Bz SAFDConvolution 45 2 Y FRHE FE G 77
Ji7R o

L HABHFEIR RS T, SCEHE AR SAFDConv B () B AR S ok Sy i AR
TEAA R B RAFIRHAE B AN E 6 Fs .

IThe main focus of V4 is on the efficient computing of CUDA and the optimization of
memory access. Its essential structure is similar to that of V3. For dynamic snake convolution,

we have presented the results in DSCNet in Table 4.

13
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158 FE H AR AR 0 A AT 8, I BRSSO B Ards 2 () B R
ik, FRIHEHEAEmE . SAFD BRI > f4RFAEZEA [A) SR 38 N B PRI A H
PRIEEA Z [ R SR ESE, RX GRS A SdR U A4S Hos R
FIAR R, BARSSmA, RAMmRAZIkEE
5. 45

T R R 2 ST R SRR SR A R AH R R A UL AR A RO BE FT, FRAT)
PEH THER S SAFD B, X —Midimn] B ER . SEAa M2 EEH
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FHE, SAFD BAHAEMSSCBUMINALTE , I SO BT 28 (A B A A% a7 > R 2%
SAFD BRUNT LB th A HR IR I 70 FIEL GDCUNet. RATEISL T4
G SRR EME . ARRHE T LT R W], GDCUNet sk 2| 1 KT H AL
FIE T SAFD B AA MMM FRFNZALRE ), W LARZE 2] REERE, IF
BEREBIMERE. KRR AR PAKTE SAFD BAVEHA UL A H AL
ARIEAT S5 N -

JRBRPERNE . TR AR AR L P R T STFR . X BT 2
Transformer S5HRH UL TR, F RG] TIERRIERE GPU _ERGIIZAIMER . 3,
A1 B AR SR e o o P s 3 3 ) 45 5 Ak itk SAFD Convolution, PABE—234
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