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Surgical Instrument Segmentation Method of Double Encoding
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[ Abstract ]

tion method was proposed based on improved Swin Transformer. By taking advantage of different coding advantages of Swin Transformer

In order to achieve accurate segmentation of surgical instruments, a dual-encoding network surgical instrument segmenta-

and convolutional neural network (CNN) , the global semantic information and local details of image features can be effectively captured
to improve the expression ability of the model. To compensate for the loss of feature details during the downsampling process as much as
possible, the multi-resolution feature pyramid pooling( MFPP) block was constructed to obtain more scale context information by combi-
ning different dimensional features and enhance the expression of local detail information. Finally, a coordinate attention block was
added in the skip connection to fuse target position information with feature information for precise perception of the surgical instrument
targets. The experimental results show that the proposed method achieves more accurate segmentation results in both binary and parts
segmentation of surgical instruments, further verifying the effectiveness and accuracy of the proposed method.
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Swin Transformer H P~ 22 Swin Transform-
er YA RY, , i JZ IH— 1k (layer normalization, LN) 2
JZ B ( multi-layer perception, MLP) (% 123k H
2 77 ( windows multi-head self-attention, W-MSA )
Mg sh & O £ 3k H 1 & 77 (shifted windows multi-
head self-attention, SW-MSA ) ZH i, #f Swin Trans-
former WG 4EE X BN 96, H K/NMEE N 8, W-
MSA FI SW-MSA FRAHV ) head 00 3 .6.12 .24,

%FTF Swin Transformer £, 25 [ & W-MSA .
SW-MSA i th 43 2" 2" it 1) i, HLAAT
GV

Z' = W-MSA[LN(Z"")] +2"' (1)

Z' = MLP[LN(Z") ] + Z (2)

1 1
D :
D7 D7

Kl 1 Swin Transformer 254

Fig. 1  Swin Transformer blocks structure
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Fig. 2 Network model structure of this paper
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Conv3x3
Rate=18

Conv3x3
Rate=12

Convlx1 i
Stride 2 SE
Block
A
Conv3x3
PHE+ReLU _>
Conv3x3
Dilation 2 Conv3x3
Rate=1

,
a5z L Convlxl —E

Stride A2 ; Rate " % ; Dilation (B FR 25 W EF) A
TEABURAE T A 2507 5O, DA I B (Y g2 1Y
(receptive field) A NS HCEE
B3 ZRE PR E S i A

Fig. 3 Multi-resolution feature pyramid pooling block
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2.1 ZIOHIESE

1E EndoVis 2017 2 HE 48 4 b3k oy 48 4 19
MR BRS8N NIRIAT 51, B A
HIEAT 225 i, 3 1 800 M, T AR 7 AR AR A4 X
] L 43 R 8l (shaft) B8 (wrist) AR i 22 3 (end

tip) , HLEAsicfE ARG
2.2 SLIGFEREMIILGSE

A SCRE I 548 FH 9 GPU %525 NVIDIA RTX
A6000 (48 GB INFE) ,CUDA AN 11.6, fEHEAT
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AL BRI /ING 5 B R 160 F1 8
2.3 RBEEIER
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mloU 1553757 , /3 ERCR By, B AR,
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: 1 2TP

che_k+1§‘)FN+FP+2TP (8)
k

mloU = | D P 9)

E+14 FN + FP + TP

ok N BE R TP FP RN 20501 g B i
FF P AR B )
2.4 DEERESH

T R TR T 1 S A e R o BT R AT
FAREGE AB TR SLIEXT L 5N 1 PR,

MR 1 AHL A SO A ZAE 5 TP S T R
UF 1 43 H AR, Dice & EUH 89.60% , mloU
83. 15% , f bl A 70 HIKG BE A B A B4R T, H2ET
Swin Transformer ¥4 A% Swin-UNet #H ¥, Dice %%
1 mloU 43 B3 T+ 2. 21% 3. 47% ;5 Lt U-NetPlus 43
LA S 1.33% 1 1.83% ., M TER 1
Hoty 7351971 A SCOTVE AR A8 {8 73 F1 A
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A ARBCT AL AR % 07k A5 R O
%1 AREFHELE EndoVis 2017 HiEE L _EHBER

Table 1 Binary segmentation results of different

methods on the EndoVis 2017 datasets

ZAESE Dice/% mloU/%
Swin-UNet[ 4] 87.39 79.68

U-Net!'®] 84.37 75.44
Unet + + (1% 87.09 78.91
TernauNet 2! 88.07 81.14
U-NetPlus!?"] 88.27 81.32

LIRS 89. 60 83.15
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(a) JRARER

(b) Pl
K4 AIFJTETE EndoVis 2017 Bfiidl b 871 AT $AL 45 2R oL

Fig. 4  Comparison of visualization results of binary segmentation using different methods on the EndoVis 2017 datasets
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RS 353 1 S B P A AR 1% T 2K 0910 A 4 (i L AR
VA Y At , il softmax PREEUN 015 2 A [F] 28
FE TN 25 5 | softmax PRELTTE AR

e

(10)

softmax(x;) = —;
F(10) TN RHZGNEG e L AR IR i
TEZEAE AL b BEAT 0 TR 88 AR 23 0 1 S 5
5 AR 2 IR R A R a3k 2 PR,
1 2 AT, AR SCOT R TE T AR SR B 5343 1 vh
S T RAF 05 FIRCR | Dice REUHT mloU 43 514

(c) TernauNet

(d) Swin-UNet (e) KX Hi ik

%2 AREFHEE EndoVis 2017 iEE SR LR
Table 2 Parts segmentation results of different
methods on the EndoVis 2017 datasets

4343 Dice/ % mloU/ %
Swin-UNet[ 4] 68.06 56.79
U-Net! 8] 60.75 48.41
U-Net + + [ 53.69 42.52
TernauNet 2! 74.25 62.23
PlainNet 2] 73.53 64.73
Pal-Net[?) 73.02 61.45
Ik 75. 64 65.03

75. 64% F1 65. 03% , [t TernauNet 43 51 &5t 1. 39%
F12.80% , 5 Swin-UNet AL, Dice %A1 mloU 4>
BT 7. 58% F 8. 24% , AR SCH kA& T HiAth 43
FJ7 i AR oy G e U T A 1) 43 FI AL
B, F AR 5353 F 0Rs AR 2 — 20 827t
AN B AR5 Swin-UNet Fll TernauNet F
ARAE A7 ) 7 B BN TRALBY Dice R %X, mloU K
Hausdorff 7 25 FEAT 140 L 45, Hausdorff #2527~ 9
AR FENE S fE RS B AN ES
FEEE (EAUN R, 2R UK 3 iR,

R3 FARBHARECIH S BIER LK

Table 3 Comparison of segmentation results for different parts of surgical instruments

= Dice/% mloU/ % Hausdorff FiEg
ik Shaft Wrist End tip Shaft Wrist End tip Shaft Wrist End tip
Swin-UNet!'*! 68.91 74.52 60.74 56.45 66.29 47.62 8.55 10.20 10. 60
TernauNet 2] 74.20 80.63 67.92 60.14 73.08 53.47 8.13 8.70 10.08
AR 74.56 80. 88 71.48 63.03 73.46 58.61 7.88 8.54 9.76
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% 3 afLIAEH, #H3 T Swin-UNet £ Ternau-
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Sy FEEE TR ) REAR 2 A A5, T AR B AN [
(A ENHERD 7, 50 B B N sE 8 S A WA
WA 2T,

2.5 HELIE

HEHIE Swin Transformer A1 CNN X 15 45 #4) |
MFPP BIHLF CA B A RN, DO Gt 4544 R
FLERAR BEE 4 4T S0 g AT X FE ISR, 25 SR n
x4 P, B, LA Dice ., mloU il Haus-
dorff #E BS540 KK K 73. 19% .62. 36% Fi1 8. 96 ,
B X2 it 235 ) %o T AR 28 A %) 43 1) 5L A B o A 4
YEFT ., Hk, BLLR AR + CA FISELLR A + MFPP 7E

FELRMIR Y LT oy E M A 15 2] T g — A A
o AL, AR bR B AR K ST AL B AN T )
- REMEAE R AR I B AROR 5C R R AR S, T Bl
R B 5 (50 AR F- AR 2808, MFPP B ) 5
A 22 RUBE (R RRAE [ A T 22 ROBE R AE 4R B, DTG 35
U Z2 1418 A5 B, VAP AR 4R 70 A5 R g i 3 2
s A5 B ER NS, fa, ZELRR +
MFPP + CA H[l A 3C 5 ¥, Dice A1 mloU 43 5] 4
75. 64% F165. 03% , T 115 il 5 56 v B e s 1549,
Hausdorff FEE1553 0 8. 73,k 14 fil S5 56 1 F AE 5
A% UEIA T 7R S5 3R B R B 235 K | A8 AR TR R AR
YR MFPP BB A 250

3 it

P —Fh i Swin Transformer A1 CNN F4 1% %) XL
Yfih 28 FAR AT )%, HET Swin Transform-
er SRR B TR IHLE], 7Rk CNN 345 R 3¢
R BRI )8 58 5 BT MFPP REER A7 55 b il
AANTE G 5 2 R 1 4R BOE 2 ROBE 98 AR
B ARPRTE B )R B e DA 1 R e HOGTE
THIEAF B, 2 AH A B A5 B B [l S X R

R4 TRBREBHES T

Table 4 Effectiveness analysis of different blocks

A CA MFPP Dice/ % mloU/ % Hausdorff #7245
HELR AR — — 73.19 62.36 8.96
FLRBT + CA vV — 74.68 63.86 8.84
B + MFPP — vV 75.36 64.73 8.78
FELAET + MFPP + CA vV vV 75.64 65.03 8.73

T VRN HIZB — RN AR LR

(RS (b) FEFAE

(¢) TernauNet

(F) ASCT7 ¥+ RIRER

(d) Swin-UNet (e) &L F %

B AR T AR AR S8 053 5 6 €0 T AR AP A 5 TR €027 S TR e A ) At 20
K5 ARIJFETE EndoVis 2017 Hidlidl 19 HR 573 #1 T AL S5 R UL

Fig.5 Comparison of parts segmentation results of different methods on the EndoVis 2017 datasets
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