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Abstract: Objective Robot-assisted endoscopic surgery is performed with the help of intelligent endoscopic surgical robots
to effectively reduce trauma, shorten the recovery period, and improve surgical success rates. Endoscopic surgery scene
segmentation means the use of deep learning techniques to accurately segment the entire surgical scene; the targets include
anatomical areas and instruments. However, endoscopic surgery is completed in a closed human body cavity, and the

whole process is accompanied by frequent cutting, traction, and other surgical operations, making the features of the seg-
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mentation targets complex and variable. In advancing robot-assisted surgery, developing high-precision surgical scene seg-
mentation algorithms that can assist surgeons in performing surgeries is crucial. In this work, we propose an innovative sur-
gical scene segmentation network named multiscale dynamic visual network (MDVNet), which aims to address three major
challenges in endoscopic surgical scene segmentation: target size variation, intraoperative complex noises, and indistin-
guishable boundaries. Method MDVNet adopts an encoder—decoder structure. For the encoder, a dynamic large kernel
convolutional attention (DLKA) module can extract multiscale features of the surgical scene is applied. The DLKA module
consists of multiple branches each equipped with large kernel convolutions of different sizes, allowing the network to cap-
ture details and a wide range of features of targets with different sizes (7, 11, and 21 in this work). The dynamic selection
mechanism also helps to adaptively fuse features to meet the needs of different sized segmentation targets in endoscopic sur-
gery scene. This newly designed module directly addresses the problem of target size variability, which is a major obstacle
faced by previous surgical scene segmentation methods. For the decoder, the following two key modules are proposed: low-
rank matrix decomposition module (LMD ) and boundary guided module (BGM) to solve the intraoperative complex noises
and indistinguishable boundaries challenges in endoscopic images. The core idea of LMD is to separate the noise compo-
nents from the useful feature information in the feature map through the low-rank matrix decomposition technique. In endo-
scopic surgical scenes, noise is generated in surgical images due to motion blur, blood splash, and water mist on the tissue
surface caused by surgical operations. These noises reduce the segmentation accuracy of the network. LMD decomposes
the feature map into a low-rank matrix containing the main feature information of the image and a sparse matrix containing
the noise and outliers through nonnegative matrix factorization. Through this process, LMD can effectively remove the noise
and provide a high-quality feature map for subsequent segmentation tasks. In surgical scenes, the boundaries between dif-
ferent tissues and instruments are highly indistinguishable due to contact, occlusion, or similar texture features. To solve
this problem, BGM uses a combination of boundary-sensitive Laplace convolutions and normal convolutions to compute the
boundary maps of the ground truth and the highest resolution feature maps, respectively. In addition, BGM uses a combina-
tion of cross-entropy loss function and dice loss function to guide the network to learn the boundary features and pay atten-
tion to the boundary region during training, thus improving the ability to recognize the boundary. A split laparoscopic surgi-
cal robot platform was constructed with the practical operational needs of the surgical process, integrating the advanced Lap
Game endoscopic simulator, the Franka robotic arms, and a high-precision endoscopic imaging system, to apply the pro-
posed MDVNet to actual surgical scenarios and verify its effectiveness. Users can manipulate the robotic arm equipped with
surgical instruments through the control handle and complete endoscopic surgical operations such as cutting, freeing, and
suturing in the endoscopic simulator to simulate the process of surgery. The segmentation results of the network are dis-
played on the user console to assist the surgeon in performing endoscopic surgery. Result To fully validate the effectiveness
and potential of the proposed MDVNet, we subjected it to comprehensive comparative analysis with other advanced surgical
scene segmentation methods on three different surgical scene datasets, namely, the robotic surgical scene dataset (Endo-
vis2018), cataract surgical scene dataset (CaDIS), and minimally invasive laparoscopic surgery dataset (MILS). Experi-
mental results show that MDVNet achieves the best segmentation results on all three datasets, with the intersection over
union (mloU) of 51. 19% on Endovis2018, 71. 28% on CaDIS (Task I11), and 52. 47% on MILS. Visualization results on
the three datasets also illustrate that MDVNet can effectively segment multiple targets such as surgical instruments and ana-
tomical areas in surgical scenes. We also conducted ablation experiments on the Endovis2018 dataset with three different
modules, DLKA, LMD, and BGM. The results demonstrate that the different modules in MDVNet complement each other
and can be combined to produce a positive gain effect on the whole method. Finally, the proposed MDVNet was employed
on the laparoscopic surgical robot, and the segmentation results of the network were superimposed with the original surgical
images for output to assist the surgeon in performing laparoscopic surgery. Conclusion To solve the three major challenges
of endoscopic surgical scene segmentation, including target size variation, intraoperative complex noises, and indistin-
guishable boundaries, this work proposes an innovative surgical scene segmentation network named MDVNet. It is com-
posed of three modules, DLKA, LMD, and BGM. For the encoder, DLKA can extract the multiscale features of different
segmentation targets by applying multiscale large kernel attention and perform adaptive feature fusion by dynamic selection

mechanism, effectively reducing the misidentification caused by the change of target sizes. For the decoder, LMD first fil-
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ters out the noise in the feature maps and obtains high-quality feature maps. BGM guides the model to learn the boundary

features of the surgical scene by calculating the loss between the boundary maps of the feature maps and the ground truth.

MDVNet achieves state-of-the-art (SOTA) results on three different surgical scene datasets Endovis2018, CaDIS, and
MILS. Code is available at https://github.com/YubinHan73/MDV Net.

Key words: endoscopic surgical robot; semantic segmentation; large kernel convolution; low-rank matrix decomposition

(LMD) ; boundary segmentation
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SR PR R By N i T ST S B A i
FHAE U 9% BR L, Al Dice 5 5% BREL L, 41 E K
BT R pR S L, IR R
L,=L.(BM.,BM,)+ L, (BM,BM,) (22)

ic:

51 MK ERRAT TR 5 A SCli A L, F1

Ly W PELAL A /E A MDVNet i 88 RB % REk L,. H
h

L =al, +(1 -a)L, (23)

K, o WAE RZE, AR SO HAZ B R 0.5, [HTE
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EYJE , BGM HAE I Zhoad F v B, £ $E 27 B B
LA A o R AT LUTE L AN A
SRS B O T A R S T 4% A R Y 3 R
4R

2 ZWERSHH

ARG 9 MDV Net 5 HoAl e 5 9 R 3 5
Or 07 AR 3 [ TR 3 5 B0 4 Endo-
vis2018, CaDIS (cataract dataset for image segmenta-
tion) Al MILS (minimally invasive laparoscopic surgery
dataset) FHEAT T 525, JF XS SEBAS R T 0. 1k
Hh,ATIR MDVNet $EAT 11 B SE 56, LA AEAS [R5
XS R0 481 BE A 520
2.1 KRIEHIRE

DAL AT ARG 5885 4 Endovis2018. Endo-
vis2018 7£ 2018 4= MICCAI(Medical Image Computing
and Computer Assisted Intervention Society) HL#§ A 3%
SO IR TR R A o IR AR B 19N BT R
PUATZE R, 300 43 15 A YNZRAA, 3 2 235 Wi TR 37
SR LA B AR, 36 997 T AR R,
Hodaok AL I BEFTE da Vined X 80X R 48 B
TG T AR, BRI R 1280 x 1 0241%
R IR S R IER TR R0 12426
ol ELAE T S 3 A DR 8 2R BRI A o

2) I BEF AR B 5 CaDIS. CaDIS H 2541
BT ARSI B, e 3 550,534 #1586 WU T
Y B UE AN, BT BER N 960 x 54018 K . KL
G/ Sp Iy NS BV N R BRI N g e
VERE, P E SCT 34 WORL B B W 1 Ry T4 55 1
55 18 X 8 HI H AR, (46 41l 454 3 IR
BN (AR T FE LA 51 4% ) A 1A 5% B
EERNE 0SSl B | RO 63 S eI R LR N &
PRBCR G NS 174 0 TR SR S SN ULAH DL
7326 I 9 DA . AE 55 T TR
e IEAT SR A R 202 4 A T 485 A 9 i T A
VR B ), A5 25 00 H A

3) H P B A T A B A MILS . i I B i 1)
F AR EHi 4 (minimally invasive laparoscopic surgery
dataset, MILS ) J&— Ml K FA A B B . B8R4 B
)P 2 e = Y BE B S A 1) 8 44 SR i 4 LY R R
5% (total mesorectal excision, TME) F RIS, TME

FARIE W AR E T AR D7 20, HZORAE IR0 0 )2
T 56 B DI B B B R, Lk A 460 40 1t /8 0 B
A P2 S e s 4121, IZBARHEALE 3 000 WA [F]
W Be iy i TR e IR, Horp 2 250 i T Tl 25,
750 WU TR . R HER R 2 048 x 1 024183,
FLAE 8l (1A 5280 1N BURI BT 6 FlAs
) B8 AR o 2K AR v i 0 1 Ak ) 2
S AR B, X S —Fh LY pg JE W PR 4, X ffi A
MILS 5 HAb ) T AR SBIR A A TH]
2.2 XBHREEEE

DR . AT P T SEER S 5L T PyTorch
TR BE 2 S HESL AN B4~ NVIDIA RTX A6000 GPU i 4T
VIR, Endovis2018 1l MILS H i) 4 %y
768 x 768 {8 3 , CaDIS 1 (1 [E1 15 ] 3 % g 768 x
51218% . fdi ] MMSegmentation 1 2 fCRSHE 4L , If:
it P HAR AL B BN A E RN ZR T A 8 A7 3
SRS RLES SR ] T AH W] B £ 40 1 5 O v, AL 4E B AL
PAEE N (REAILER 5T | BEAIL B0 A RE R B LIk
PG PZER I AdamW I Ak T8 1 28 240 L e
B /AMEAR G SR, I E RG> R 6 X 107, K
4% >k H warm-up 5 B Il Zk 200 1~ Epoch, 41 0 K /)
(batchsize ) 1% &M 8.

D)V AR R . T LR G VAR TR L TR X
T Endovis2018 . CaDIS Fl MILS, A S i FH 1 X 43 %1
F 38 FH 16 bR 2E AT PEA L 23 00 O 8 R HE B 3R (pixel
accuracy, PA) . F 3 22 3 H (mean intersection over
union, mloU) 1 1% 2% UE # % (mean pixel accu-
racy,mPA)O
2.3 XK

B AR TR 4R T A9 MDV Net 55 45 B 1 75 (1 15
S5y J7 1 E Endovis2018 , CaDIS Al MILS 3 /44
B EHATICR . W ITE S 34 55 1 A dE
4 Fp L2 RO FR1E Rl 4 )7 B U-Net (Ronneberger AE
2015) | DeepLabv3+ (Chen 5% , 2018) | UPerNet (uni-
fied perceptual parsing network) (Xiao % , 2018) Fl
HRNetV2 (high-resolution network v2) (Wang &
2021b) , ‘EAT/Z Endovis2018 5%, CaDIS A JF % 18
HRE T 0 I 28 AR 5 55 2 AL A5 53 A1 3 R 2 i) 2 R
JERRAE FlA 7 2 OCRNet (object-contextual represen-
tations network) (Yuan % , 2020) . STDCNet (short
term dense concatenate network) (Fan £, 2021)

PSPNet (pyramid scene parsing network) (Zhao %% ,
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2017) 555 3414 HE 3 Fh BB i LB vk 3T
JZ Transformer 45 #4) (1 1 SC 73 #] W 4% SegFormer (Xie
85,2021) BEF RS BUE R 1 0 S0 F) W 4%
SegNeXt(Guo 55,2022 ) FIAE J 55 T A FZ 43 1) 45k
INTF RN EA 777 LSKANet(long strip kernel atten-
tion network ) (Liu %% ,2024) . 2 T e X 52 56 4% S iF
TR AT

1) Endovis2018. 2 1 J&/R T A [R5 1 5 v 18
Endovis2018 #6 45 LA &5 3 . 7e%F b Y 3 40 7 ik
H, LSKANet 3 i3 19 Fi A [ 4 M 25 4 (H BRI T35
(18 R AZ A FR 37 4 ) 8 BB ) 45 A R T AR A )
FHE , 7053 R TR 5 09 e fghFa {5 8. BUs:
WAL #2555, mloU K 2] T 50. 92%. {HAF 1
()52, A SCRT 4 H A9 MDVNet 1253 T 51. 19% mloU
85. 12% PA 11 61. 58% mPA , {E1Z 8 4 [ HUE T
AP AR

R Y EE A iU T T R ik B AR SO A3
F ARG 3 F 85 K47 7 ol AL, an &l 7 Bios o
M ETARAL S S AT LA H, MDVNet 7] LUAT R 3R
[l RS H bR, 4 s 1 A7 T g o B bR OB 5250 Fi/s
HAR(FARE) o AHECT HAl Y P28 855, MDV Net

() FAREIE

(b) br%: (¢) HRNetV 2

5 JEILH4 ZEIRAT

*1 AEFETEEndovis2018 FHXTbE SRI6 45

Table 1 Comparison experimental results of different

methods on Endovis2018

1%

WIReS mloU PA mPA
UNet(Ronneberger %5 ,2015) 3722 7475 4871
DeepLabv3+(Chen % ,2018) 4450 8136  54.66
UPerNet(Xiao %:,2018) 4585  80.16  55.58
HRNetV2(Wang%,2021b) 46.64  81.04  59.76
OCRNet(Yuan,2020) 48.09 8223  59.67
STDCNet(Fan%,2021) 4524 8224  56.56
PSPNet(Zhao % ,2017) 4581  80.63 5521
SegFormer(Xie %5,2021) 4936 82.62  60.16
SegNeXt(Guo%F,2022) 50.34  83.66  59.82
LSKANet(Liu%s,2024) 5092 84.47  60.75
MDVNet(4<3C) 51.19 8512  61.58

T O TR R R 4 5 e L4 R

X T i P 2 A 4 0 SRR S S, A 2 AT S
SR LR 1 5t . MDV Net 38 REXT A7 7E MR 75 T
YA AR FEAT e 3 ), 2R 3 47 b Hh Bz S OR]
F18) s MU 21 Wy A2 A R 7 5

wmikmm | mwkere | RE

(d) SegFormer (e) LSKANet  (f) MDVNet (4530)

K7 RIEIJTEETE Endovis2018 b 1] Ak 4%
Fig. 7 Visualization results of different methods on Endovis2018
((a) surgical images; (b) labels; (¢) HRNetV2; (d) SegFormer; (e) LSKANet; (f) MDVNet(ours))

2)CaDIS. A 3CAE H N FET AR G4 CaDIS |
XF T MDVNet FUHAR 7 v, 5250 25 RN 2 B .
SegFormer Y 2 A 78 K T 43 )2 Transformer 25 4
B A BRI 2 A e Bk #1750 B B, i
— )2 P REAE BB 25 38 3 A O 8 & R4k 1 i O AR

BUHT B RRAE B, 45 2 ORFAE 2Z 18] 19 38 Bl A (15
SegFormerﬁﬁﬁjﬁE@ﬁ&ﬁ@%ﬁ J1F CaDIS B9 34>
5% LA TIEF A m g I R . AR SCH i
) MDVNet 7E 12 80 48 R 6, fE A 4155 -
#B ARG T B A B mloU 48 #5 , 40 %I 4 86.03% .
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Table 2 Comparison experimental results on CaDIS

/%

i 1255 1 (82%) 551 (1728) 155 1 (252%)

ik mloU PA mPA mloU PA mPA mloU PA mPA
UNet(Ronneberger 5 ,2015) 8332  94.43 88.89 7021 9434 8023 5933 9414  71.64
DeepLabv3+(Chen%5,2018) 85.63  94.82  91.54 7584 9474 8492 6593 9474  78.09
UPerNet(Xiao%5,2018) 85.94  94.73 91.68  77.04 9473 84.93 70.11 94.43 80.45
HRNetV2(Wang%§,2021b) 8552 9454 9159 7625 94.53 85.10  68.00 9450  78.60
OCRNet(Yuan % ,2020) 85.48 9479  90.88 7628 9452 8538  70.17 9460  80.80
STDCNet(Fan%5,2021) 84.02 8440  91.00  73.75 94.21 8428 6448 9422 7652
PSPNet(Zhao % ,2017) 85.07  94.64 8427 7558  94.68 84.16  66.05  94.43 77.48
SegFormer(Xie %,2021) 8538 9448 9138 7774 9440 8628 7022 9435 81.09
SegNeXt(Guo%5,2022) 8583 9477  91.92 7751 9462 8567  70.04 9464  80.46
LSKANet(Liu%%,2024) 86.02 9497 9128 7797 9470 8540  71.02 9454 8124
MDVNet(4230) 86.03 94.80 91.66 78.18 94.73 86.00 71.28 94.65 81.46
TE I AR R & S R 45 24
78.18% F171.28%. 7 B ILOMIFMAGAR (3T MK,

15554 34 AR ) th 0 S T FE bi | BUS T e b (0 45
B WAL RIAH ., MDV Net 75 5085 40 4E 55 F 3K
BT HERMEE (mloU T MBI ) o X sl
Rkt — 2P UE R T A SO IR A R . AR 2 AT
L& i, MDVNet 75 1% 55 1 F14E 55 11 59 PA Fil mPA
JE AT AT B A, 3 AT AE 2 PR R i A4 55 4 kE
FE RS, AR ) 8, RERS IER R
A3-E) H AR BY IE 56 26 PA FI mPA 9 75 43 51 48 b5 5%

B
§ \

() FAREE (b) bR%E (c) HRNetV 2

K8 A[F AR CaDIS L iy AT ¥ Ak 4k
Fig. 8 Visualization results of different methods on CaDIS
((a) surgical images; (b) labels; (¢) HRNetV2; (d) SegFormer; (e) LSKANet; (f) MDVNet(ours))

W 8 fras , A SCIRRE rT A AR 1 3 o0 A8 2 7
CaDIS(HES5 D) L A4 2R, JR (5 RE 2R HEA QSR I 28 57T
YU AR > o ISR AT LU ), MDVNet i AR
U FI 2 A HARASSIE LA 30 5, e e k41 i Y
MGh G FRIIEE , A 217 MIEH 317 B O LRAE
IER o3 o [RIIE, 7R3 1 47 8 00 R 2 HE A 788 7 10 7
PR A TR R A N D0, BT AR AT e v
F AN HARI L5

WRTLEIN e Rycroft

il i

| J \i/.-.
hq }1

e 5 2

K2

A |

\

_

(d) SegFormer (e) LSKANet () MDVNet (430)
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3)MILS, A [A] X 48 A5 78 A MILS |- 1) 52 50 45 2R
W3 FrR. FEXF A 341074, OCRNet 8 1 2
BAR R GG X B B OC R, 7R 86 4 h UG
TSR . (EHARE A Z, T i1 9 MDVNet 7£
MILS H U5 T SOTA (state-of-the-art) £ 5, mIoU iy
52.47%,PA N 95.59%, mPA K 71.94%, xLbgk IR
FWIA SOy 1 R AE ROEAREAS T2 £ ) 43351
PERE

843 I 245 B R A MTLS b 8 m A4k 45 SR 4 9
iR o AT AR AL GG SR BT, MDVNet fE 9% e 1 15 510 2
A AHALERAE I TR FR A, 20 mT LIOKS o b 43 E0 56 147

TR G A 3 B A [] i B8 300 S, At o 26 A5 A
ToE RPN X — B AR Bah, % T 2H 2] B
XA AENIYE R B BR , 28 3007 8RB A B 7 2 T 40 )
Foh A, an a9 v s 2 47 ANERS 3 4T v A9 AL SRS B
MDV Net J&ME— 1] LA T HERf 535 AR
2.4 HEASEIESHT
9T L MDV Net [ 45 rfv a4~ BT 19 26 P i
1) 5% M) 1 P 48 152 T A A R, A S DLKA L LMD F
BGM 3 M [RIBEHHEAT 1 4 THT 9 71 il 552 35 Fn 235 SR 53
Mo THEISZIGAE Endovis2018 BG4 k4T,
1)DLKA B H Rl 525 . 5 ik DLKA HhoAs [a] #62

*R3 FEMILS EHIXFLE R ER

Table 3 Comparison experimental results on MILS

1%

ik mloU PA mPA
UNet(Ronneberger 25 ,2015) 35.62 93.44 56.69
DeepLabv3+(Chen % ,2018) 46.67 95.12 67.65
UPerNet(Xiao%:,2018) 45.70 94.76 63.22
HRNetV2(Wang%%,2021b) 48.14 95.13 68.14
OCRNet(Yuan2§,2020) 48.70 94.87 67.71
STDCNet(Fan%%,2021) 47.38 95.16 68.35
PSPNet(Zhao %,2017) 45.84 95.09 64.42
SegFormer(Xie % ,2021) 46.70 95.11 66.98
SegNeXt(Guo%5,2022) 47.86 95.35 69.90
LSKANet(Liu%,2024) 52.09 95.58 70.45
MDVNet(4<3¢) 52.47 95.59 71.94

T L TR R % P e LA 2R

—_—
a

() FARKIG

(b) b2

(c) HRNetV 2

(d) SegFormer (e) LSKANet

E9  RFEJEAEMILS 1AW ks
Fig. 9  Visualization results of different methods on MILS
((a) surgical images; (b) labels; (¢) HRNetV2; (d) SegFormer; (e) LSKANet; (f) MDVNet(ours))

(f) MDVNet (4<37)
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Py K% B R R sl B A T R, 48 3
FE T 3AMEAY i 338 19 3 x 3 B AR KRS
FRURG g T AT 15 ff T R 5 R A3 S mi AN il sl 2
ACE BT A EE T LAY 25 [ it R A% A B T AN
B ASBCE TR TR 3, ST 4k AN 4 TR .
AT DL B A% A R B (B 2) o ]
DAAR 55 M 2% A PERE L 302 B T 00 A KR8 B e 1
BT DAY KA AU RS2 B, iR AT K I B R A
B EAAY 2 (Y LRl T VSN sl A A A B (AL 3)
AL LA AN [R] 08 RAZ A R SR A, 1 2% [ 3
Jof b 27 2] AN ) RUBE B AR 37 SRR AR . TS 52 B Y
DLKA A& FALAY 1 7E Endovis2018 £ #ii 4 L5 2] T
3. 09% mloU #13. 88% mPA 427},

2) A R T A5G . A Y ) s e AR
SCBT TR RR A B 43 fif A e LMD A1 55| s Bk
BGM. A T B0 ik A A i rb R A AR B A 30k, AR S
P T 3 BEARL 43 0 & B A 3 NS i LMD Al
BGM) A 4( L7 A1 LMD) FI %L 5( LA BGM)
SEER AR MK S s . NE A LUE i, LMD
BGCM #ARREFE ALY MERE . MU T A BB B, 52
4 MDVNet BUS T 51. 59% mloU F161. 58% mPA,
XU 4 L AN TR e 2 ) 2 B R, O A
LR AT I 8 AR 7™ A= T o] ()1 4 R

3) LMD fo IS i @l S . AEEAT S BT R
F AR 25 B2 Fh 2R A (e 7S | 2 204512 3
BRI RIZK 55 P4 45 | 33X Bl P 2368 TR 19 i 2y 58 N
AR AR o SR T UE AR Rk B 4 A S Bk
LMD 7] DL R #R v Z R M S (0 T8, A0S %
Hendrycks #ll Dietterich(2019) i) TAE , AHLEF A TR
Y5 B4 45 Endovis2018 TN T 32 shAU Ak 25 7
e 7, FEAR B 4 10 B o

AT LRGN IR 7S PR ER s b X IR AR P o0 A B
LMD A7 IH S5, SC e 4 SR 6 R o S22
MDVNet 7£ iz sf B R 1K 2530 $4 70 Fl g 5 7 4 0
T, mloU 43 42 T+ T 1. 62% 1 4. 78%, X 6 W] T
LMD &b HEAR H Z2 5 e 7 (1845 R0ME

R T G b U B AR T AR AR SO
S FAREUG I - F a5 R 04T Tl gk, a5 SR il 11
Ji7R o MRTAALZE ST LA 3], 12 sh O 1K 55 %)
o 28 A5 AL (14 - HUAR O, I SR R 2 B DR 41
AR H ) MDV Net 764 1275 T4 A1 B0 S 75 REAR
L b 3 B R A H AR 5 R, R U A L D

T35 BRI LMD 14 I 24510 (RRL 5 ) sl 0Pk SE e
i FAR X, S A 008 T RJE T HAR A X, 32

%4 DLKAHRILIER
Table 4 Ablation experiment results of DLKA

- (7821 Endovis2018
B KB HIEMNE  mloU/%  mPA/%
AL 1 - - 46.46 57.56
Y 2 N - 48.39 59.04
3 N N 49.55 61.44

Y IR0 220 45 91 B D5 e 0% (B R R O AR
SRR

%5 MBI R AR MRG SR

Table 5 Ablation experiment results of modules in encoder

[ENEY Endovis2018
FiA
LMD BGM  mloU/%  mPA/%
P 3 - - 49.55 60.83
A 4 J - 50.96 61.44
HiH 5 - N 50.57 61.28
MDVNet(A3%) ¥ N 51.59 61.58

VL PR S e 5 S N F o BRI RO B
CTRARAREA

(a) FARIEHE (b) BB

(0) IKZIEY

FI10  VRANIE S (1 Endovis2018 Y FE A5 51
Fig. 10 Image examples of Endovis2018 with added noises

((a) surgical images; (b) motion blur; (¢) water mist)

F6 LMDHIEFEHASIIREAR
Table 6 Ablation experiment results of LMD in

processing noises

e Endovis2018(mloU)
T
LMD BRI % KRR /%
P 5 - 35.92 42.76
MDVNet(43) J 37.54 47.54

VI HIDHL P A7 44 B L L N s (B R R,
R
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PO IALK o X gt — Ul 1 LMD Ak BAR Hh 22 8
g 7 AT ST
2.5 EESHSH

R TR T AR g FA RN SCAE Y
MDVNet ) Z %i & (Params) | ¥% s iz % 1 (floating
point operations per second , FLOPs ) 1 % £ 4 il 3 i
(frame per second, FPS) . K R )% & F 768 x
512182, HIR K/ (batchsize ) 5 4 1.

MR F2 FIMETALLE H, MDVNet 1E
ROMNEIE775 4IRS AE/TE s EE N3 TN UEE
AR % F SOTA £5% % LSKANet, 2 % & W /> 1
62. 83%, IF SIS R T 74, 29% , 38 T B I
T 26.35%. L5 G 4545 R0 B0RS T AN Z 50 i
MDVNet 1] LA7E QR GIE R 4570 FR0R 09 564t L, S8

(a) FARIEG (b) b

IR E MR BE T AR YA
3 SFEKEREFAIEA

N T R BT AR A4S N B SE PR R O
I R I B T AR HLAR A B S, 2T Lap Game JI| i
R 2% | Franka HUARE F1 P9 8T8 AR 2 4855 %
#IE T B R U T ARG A IR
we N LIz A7 P b th o 2% o P A A Y Js i T R
PLas NN 12 o, 34> T ARYUHUE o P PR
5 TR AR, — DL 5 OO H N B
FH P AT LA a4 o] 4 0 4 4 280 T R e A L
e TR MR AR AL v S LU R T R A S A
JE B TR B B R I A . AR Y

(c) MDVNet ()

(d) FA5

Fig. 11

E 11 ETINMEEE B Endovis2018 [ (1] ik 45

KT TRFENSE

Table 7 Parameters of different methods

Visualization results on Endovis2018 with added noises ((a) surgical images; (b) labels; (¢) MDVNet(ours); (d) model 5)

i E el FLOPs/G FPS/(i/s)
UNet(Ronneberger 2 ,2015) 29.06 405.02 29.27
DeepLabv3+(Chen%5,2018) 15.25 136.27 42.01
UPerNet(Xiao%%,2018) 66.42 469.32 40.09
HRNetV2(Wang%5,2021b) 65.86 186.62 13.33
OCRNet(Yuan%§,2020) 70.38 322.34 10.47
STDCNet(Fan%§,2021) 12.61 23.48 53.42
PSPNet(Zhao % ,2017) 48.98 356.00 13.66
SegFormer(Xie %5,2021) 24.73 35.83 17.41
SegNeXt(Guo%,2022) 27.57 63.91 15.28
LSKANet(Liu%,2024) 72.23 189.09 13.66
MDVNet(4<3C) 26.85 48.61 17.26

T L P SRR 25 8 B A2 2R
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Fig. 12 Operation of endoscopic surgical robot
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