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Abstract: With the increasingly wide application of surgical robots in clinical practice, it is of great significance to provide doctors with
precise semantic segmentation information of surgical instrument in endoscopic video to improve the clinicians’ operation accuracy and

patients’ prognosis. Training surgical instrument segmentation models requires a large amount of accurately labeled video frames, which
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limits the application of deep learning in the surgical instrument segmentation task due to the high cost of video data labeling. The current
semi-supervised methods enhance the temporal information and data diversity of sparsely labeled videos by predicting and interpolating
frames, which can improve the segmentation accuracy with limited labeled data. However, these semi-supervised methods suffer from the
drawbacks of frame interpolation quality and temporal feature extraction from sequential frames. To tackle this issue, this study proposes
a semi-supervised segmentation framework with spatiotemporal Transformer, which can improve the temporal consistency and data
diversity of sparsely labeled video datasets by interpolating frames with high accuracy and generating pseudo-labels. Here the
Transformer module is integrated at the bottleneck position of the segmentation network to analyze global contextual information from
both temporal and spatial perspectives, enhancing advanced semantic features while improving the perception to complex environments of
the segmentation network, which can overcome various types of distractions in surgical videos and thus improve the segmentation effect.
The proposed semi-supervised segmentation framework with Transformer achieves an average DICE of 82.42% and an average |IOU of
72.01% on the MICCAI 2017 Surgical Instrument Segmentation Challenge dataset using only 30% labeled data, which exceeds the
state-of-the-art method by 7.68% and 8.19%, respectively, and outperforms the fully supervised methods.

Key words: video sequences; spatiotemporal feature; surgical instruments segmentation; Transformer; semi-supervised learning
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AL 525 A8 ) MICCAT 2017 EndoVis Bkl 28 F AR #5023 1 5 425°), % 80dis 45 45 10 BE s 25 A AR ML
BN A G IR F AR, BB 300 W, SNy 1Hz, 43R 1280x1024. o, 8 BEALAR (I RT 225 Witk A
WEREE, RF 75 WOF 53 4815 BLRRA K 300 4 kMR AR, Hd SR AR BAEF AR IIMFAR . O, A
3L S R, ISR IBMECE, YIZREFRATEE R KN REE, 960x960, AR R EA 3 Wi N
T TR LM ) TR IS B SN REAE, B, AR 3. K 1 BB T 1E P AR 3] AR AT
HEATHER, IRV A R ZE B 7 0 R 0 7 BRI A P P, FRATTIEAR Sk (9] AH IR v Al g =X,
A8 R AT 8x225 WA ARAREEAT PUHTAC AR UE. PRAGHE b b T 328 I L ToU 5P DICE R#PY. i+ 7 K
R

pice - XX Y
[ X]+]Y |

lou - XY
X Y |

oA X TGS R, Y A S bRk
AT ERET pytorchl.4.0 SEHL, 15K NVIDIA GTX 2080 & K347 I1Z%, YIZin %M Adam L4657
VE. SE R batch size WE N 2, WA SRR E N le—4, ST MOGEICIRECH 50 K, B 25 YGIEAR S ) HE N
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KR 1/10. 2% AT W S5 8, 455 RS 25 S brfic &, T4 Transformer ) Patch Size W 'H N 6,
blocks & 4 12.

N T 6 Z W ATV, RATE R Zhao 45 A8 SC AR B MU VAP S AT, 138 N+M-1
B 2 D, {INIU,I:(O}L]I. BATE G 52 ME S D UDRUD: £ Zhao M7 EPIIZ4E, ¥
D UDRUD VE A S TN ZRER. gzeh, FRATISR A B R B R WA 4 bR 25 18] h O 2, RS A i
AR SEL) 30%HIbRSE. TR, 7852563 0 X} Zhao %5 A J7 AL b 4 i £/ 2 30 X 4% UNet 11178 AR ) K /N $idie 4
ERERILEAT T R,

3.2 U ER = Transformer 2% 5 75753 LSRR

9 T E B AR SCHE R I B B S Transformer M 4% SSTNet(semi-supervised spatiotemporal transformer
networks) 75T AR B 7 F 7 TH I ALHY, FATPREAS SCHR 1R 8 U7 32 55 B (10 20 W g vk J il o 0 D0 2% 11%) 4 %1
ST XL, 23 AR S0 Zhao 25 NP5 vk AR (¥ 3R 43 0 9 4% UNet 115Vl I 43 b cdis A 30%
e B I ) 2 B 45 R A8 30% bR i 20 i Zhao 25 APHE M 77k KM ConvLSTM MUBEH 5 1) 43 1 45
RER, W1 Prow. WA, JATT7 AL DICE 5 ToU fRFr AT T 82.42%H1 72.01 % 4558, %45 R
AT Zhao %5 N (124 WO HE RPN 43 ) 45 T, 56 be 4 W B 4 B0 vkt — e IO AR A, A SO 43 43 1 4
HEAT T I, Wil 5 s, WTLUE W, AR SCER HA IR U7 2 B 08 o5 3t T AR 2R DR 10 B T Ak 1 2 S o it 26

Rl AR TNES HAt IR 2 F 45 R

Ik FRIEEE e (%)  DICE (%)  ToU (%)
UNet11P! 100 76.08 64.87
UNet115! 30 72.44 61.75

Zhao % N\ 30 74.74 63.82
SSTNet 30 82.42 72.01
Zhao%F Al

12
Ground Truth  UNet11 +ConvLSTM 55TNet

ﬁ

K] 5 SSTNet 5 HiAth 77 ik i 43 1) 45

3.3 FEMTALE R 45 R A9 R0 93 4

TATH A SR AR 55 Zhao 25 A\ IV VR SE 6 45 A LU, DL SR 36 3IE A SC R T iy ik
FEH AT K B B I ) — SO S KR 2 R S TR RE . A T A L R TR IR, AR Zhao %
NI S0 v 4 T £ 4 0 190 24 UNet 1158t 5 4l Bi b 4T 20 0. 45 R 2 BizR: £ UNet11PI 4% 1, 411 30%
(R0 bRVE B, A SCH A U7 12:4E DICE A1 ToU P AN b3 53145 Zhao 25 AR 77 12:11.18%H11 0.92%.
G TR T BT A T 5 106 3 1 B 2 R A i $ R 4 I S 45 R 1 B

R 2 ANFAE WU B4 R

RaRFA DICE (%) IoU (%)
Zhao %5 NP+ 74.74 63.82
A SCHE ) 51 75.92 64.74
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3.4 B EEHLEI AT G5 SRR 00 43 4

H T BGAUE A SCHE 2 W B I 4% Transformer 43 H1HE S o I P ML, FRATT HE S P 1) e hod 7 v DA R I T
Transformer $E47 T 525, 3 55 Zhao 2 NPVt LA & H iy 265 4 T 9080 I 15 A0 B2 (¥) ConvLSTM Ak
HEATXHEEG, 20 SIAE R T A SCHR: HS (K 3o 77 3% 5 15 7 Transformer X 42 5 20 B 45 A TTHR, J00F T X PIAMC B (1)
4 3.

FATH ConvLSTM B g A F 43 ) 28 v, %A B AT 2 4> ConvLSTM JZ MY, 7e 4 A SR 2 AR 25 1
RS PG, ATHF o0& EHE T 5, $EICOLR OB E. EIX B, A TH A F 3T
FATT A 3 W VAR BT B SR W e — B T A . SEIR I, FRATIE PN v AR R i BCHE 4 FH A IR 1) 43 )
W 2%, BI7E bottleneck fi7 & 1k A ConvLSTM Ktk UNet1 157/ 2. SZue 45 5 3% 3 iox: 1E bottleneck fi7 &
BN ConvLSTM #ith!'f5 | Zhao 25 A f¥1 77 7: ¢ DICE 1 ToU b4y BIHUAS 76.33%, 64.89%[145 He; FATIK 7
i2:4E DICE Hl IoU 43 J HU 73 76.82%, 66.13%[A145 5, 0T Zhao %5 N ff 7 7L, scit 45 W] AT 4
J7VE R A5 RS O B G 50 R I R A, S ConvLSTM A Hel R AL T ¥ &2 b IA) 7R S0f5 &L, 4 5 47
T3 3 2t 2 18] T AR B AT SRR AE, B T o B M 4 1 A B, B AE T % 7 1R A 1 SR AR ML 4R
7 — 2 A R

3 7 X LG IS Transformer 13t 5 ConvLSTMU M 4b BE 1N 42 B B8 /1, B83IF I8 5 Transformer 2% SR I,
FATHE UNet 11559 %1 1 44 1) bottleneck {7 & ik A B /7> Transformer B4R, i F A SCHE H 1024 5 B4t 5 120 4= i
BB, SRR G BB AT 8. 45 B L3 30 I JF Transformer 73 %145 5% ConvLSTMIM 45 B
7 mDICE 5 mloU J5 T 4} Al 2.12%H1 2.90%[¥1 42 1.

T3 ORI AL BB () 4) #1455

Jiik DICE (%) IoU (%)
Zhao % AP+3 i+ ConvLS TM!! 76.33 64.89
A SR (2 B8 B 7 ¥+ Conv LS TMIH 76.82 66.13
AT R 2 W B 7 i+ Transformer 78.94 69.03

Kl 6 JE7R T 43 2P 44623 BN ConvLSTM! NN )35 Transformer 22 J, % 4E4E 3 Wi 43 2 45 . ¥4+,
BT REBBW ST S 8 E. W BIG B R mT UG e PR 7 323060 T2 W0 R 16350 0 1 0 SR R I A 2R
i, AEER A0 1R 23 BB AT A S R e, 4 R AT ConvLSTMUN R 23 #1148 BL 20 42 3 2 3% A b Bl D1 6
Gr. #1 WEECE T HEN, A ConvLSTMU! (1 43 1 W0 48 441 i e 1) 4 £ £k R0 4y A 1038 4, i A A
Transformer [¥]43 #1124 AT AL B 73X A il . 55 2 Wi 3 Wigr (o S 4t 5 HE R, A ConvLSTM! ) 43
o 26 444 358 53 32 8 40 DR D Bl A3, DR A R ) S e A R < R A B, 3G T 40 e ) U HE L. R
A FH i 7> Transformer [ 43 31 /9 25 BE X 1 58 43 BEAT IE A o Wr. pB b m] UL: B 3% Transformer B 58 4 3t A 2 1 /7%
R BTN AROCR, aR AL EI 48 X TR B R TS [R5 23 (0 R i 7, BA KR JAth S G R 1) M S e
il ConvLSTM!UPR H HAT S MR v, ik 5 LR e B e RIKBOCR, 2R THIEHEE, FE
AH R 5T A0 LA B S AR I 3 B 35 R B A AEBR B,

DL 5286 36 30F 1 A SCHE H A4 v 5 sk Transformer 6 3 9 R0 A BRI 245 B LA RE ST, EIH T - I &¢
i} 2% Transformer HE 42 /i) 2 LA A 3501
3.5 JHRLSKLE

HET AR I %5 Transformer BLHL, AT T AR G I XS L S8, B AERT )P Transformer 5 7% [H]
Transformer P AN FAEHL KM RE, 4550 W& 4. AT LLFE R A8 1 Transformer 1% B 55 %8 1] Transformer
FEHCAR LU AR 73 HI P 2, 3 F 80 R 3G A (R BE (48 . T (7] B A5 i) 2 Transformer RS8R (1) 43 %1 94 £ I A5 T
SOy EIOR, MIEE T IR A6 5 BIM 45, {6 DICE 1 IoU L4271 75.92% 5 64.74%, HAlf i %% W) Transformer
FRE SR B R 2% (R 25 R T 3.54% 5 4.5%, FAAS TN 5 Transformer RJKE J5UAA 43 1 W9 2% 1 25 B2 TH 3.02%
5 4.49%.
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Efg Ground Truth  ConvLSTM B [@Transformer

Fs e e e
E-E

h-.4 ‘__ _-
K 6 i ConvLSTMP 54 Fl i )3 Transformer 43 45 S vl ¥4k,

x4 AFHA R A 5 H 45 2R
i 7M. WP DICE (%) IoU (%)

N - - 75.92 64.74
v v - 79.46 69.24
\ - \ 78.94 69.03
\ \ \ 82.42 72.1

Bl 7 7R T AXAE AT 7 Transformer AR 1) 23 F1 W9 2 55 J5Uaf 23 S PR 265 (1) 73 ) £ . &5 B3 B2 1) 3 i 18]
%, B TR IEAE R, B S A PR, R B A SRSt A R e A AU U7 ik R
A5 JE T T AR B ) T A 5 R 4 i 2 B, ARER A o BRI 25 WIAE 4> #I 4 I NP Transformer
Je, o 2% RE S X EH LR o MEAT A R o, SR TR OB o BUORE B R BEAh, B 2 iR AR I s
PO, METTHFUE R W, TR 111 SOOGS0 ma 3 51 9 4% )R L. AR50 2 Wi, ASUASE FH et 14 4 51
80T ROGR I A T R I 4> B S5 R MK JF Transformer J, ﬁ\iﬂﬂ?%TU\T)ij‘M\/ﬁlﬁﬁlﬁﬁf@ 7
. DL 5 SAUFH T B Transformer FEHR] LLHS B 43 %) 00 25 A4) 2 o MR ATUAE SR T I 7> 4 Jm b F S B, 42
o 0 D 45 M AT R AR L AN N A 1

l’é"l8)@#71&@"3)44*@Transformer*%ﬁ%ﬂ’]ﬁj\%ﬂﬂf%'ﬁrﬁ%}fﬂlﬁ]%ﬂ’]ﬁ%ﬂ?%,3 sk, AR
AT AR SO NREE RN TAREAE, &RMIEHIRG. WREEI. B 1, G588 0k
DX 3 e TR A 1 55 3 0 2 AR T I 4% A1 A IR AR A VR s B 2 v, B 4y I 4% TR R X )
G S Oy, IR A L D BT SO SRR B T B 3 R, TR 7 A TS o 1 SR 4y
I o0 285 Al RO AR 1. T UG 43 R 4% i N 2¥ 1] Transformer 2 J5, X5 22 IR 0 (19 T R 28 0 43 1) 350 R 15 31
P, REE AR th g v B3R UGG 43 F 9 45 v A7 A8 I i)
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b +BI T

Transformer

Ground Truth {Riheh

fhb+ 2

Transformer

8 {1 &% A Transformer [543 2145 a4k

PS5 B U A A mT LAAS H s DA 40 B X 45 76 D N ) Transformer 8¢ %% (8] Transformer Ji7, #5528 14
AefS 2080 AR T, ALBHE A4 4F F A D4y 4 H e 0 A3 B G 58, 3X 46 W I8 ¥ Transformer 5% % [H] Transformer
BB IR 1) 53l 2 (1) 4 85 3 N7 4 SRR G R, BRI (R B 5 1) B R 25 8, Sk T B IR o) i 0 SRR AE (¥ B AR
3.6 it it

ARSCERRE H AT B AN R . ST R A RIACR 2 5 ), S T —ROR A R B A RIAE AL, TR
Tk A i i %) 2550 SR Sk Dy T bR B AR v, SR T AR B D B, SR T R N B S 2R R
780 R 505 (R, 2 X TR BN A IS BhAF1E, 421 T )P Transformer W45, a4k S REAT 1K 1 7> 1
FE RV B R SUE B, R T CNN 48852 B /N DA b — R A5 2 S bR 5 2 A5 8
My i, $2 T 23 F P 2% 1) 4y E ROR

TG AE S B 25 v In A 2% Transformer FRAE2: X 2 J5, FARBSMALT /> 814 1E %43 248 &, HE%5 SR
PBLBE T AR IR 22 R BT, WU AT — Lo il 2 A SO VR g it B 9 s, B 9(a) 26 2 i TF AR S MUG VA4 1
iR A 5 o, TR PR A] RS2 AR 0E i P S BUE BRI, B 9(b) R, BT U7 16 TR B Bk A 3 a0 TR AR 8
2, TG PR AT B8R B Y I 1 T SO O X Sl FE g R T mE AN . B 9(e) A i B R AR B 9(d) ok
T AL AR B0 T T AR 28 10 80 52 ok 4 ) D09 8 4 0 0. 3 A DG R I TR I E 28— — IR EP A
TR, BB B AT ) B BRI 4> B 7R R A RAE BB B R, SRz
TRE I AN, B IE BIX B E I, N — DA 7 19 & 2t Transformer 5 43 %1 W 4% 1) % 4 7 5, SELN &
IR G SCREAE 1A SE N 2 0 5 A, 3R i B 1 A Je i JE B AN A% 0, AN T S UL S RS M 110 43 S 5 R
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19 oI R RBUZE I DL

4 & i

A SCEE S N BB AT 4 o) L, 5 A WU 5 I S Transformer ALER, 42 H T — AN 3 F I =¥ Transformer
e MR RL AT A3 I HE 2L BRATIR FH T0I 6 I8 7 3 5 ot oot B A O A 2 SR i o A g o 8 0 A 1 I — B
55 28, £ M4 bottleneck 7 E N K 2¥ Transformer B, ¥ gmfith 45 A2 B 16 =1 208 SCRRAE Hi
N Transformer $EE, 4K I 8] 5 2% [R] A A P 0] 1R 2 i SCRe AE 4T 186 5t 5 40 2 4 SRV ARG, RIS, 76 LSRR
WG BN G R BRI TEE, GR0CM T FRB &RERWZZ, 1B& T WBBIL,
SRR A (0 A B SOR . RATE L VR SR E, 3 BAE T AEMUT V. B Transformer 5 %% [A] Transformer
b B AR, S&)a, RAIFEATFEEE EXT I T AKESE S J0Ab - 0B 5 4 B BRI oy ) 1 e, S
GERLN]: ANELEAEAUE I 30% bRyt B4 #hAT VIR G LT, & 20 JF i [F) 2824 I B sl 4 a5 23 1 194 &% 1)
EIUER R

EEXTEE 3.6 R B AKE L TTVER BRI IE DL, AT — 25 RIS 7 10 B0 T T 1 40 R 4 %
FhREAE 2 A) B 7 20, et 4 4 B R SCAE 8 BA R BB 40715 R N e 0, KA i 3 %1 4% 55 Transformer ¢
AETH B RE D7 AR BT 2 A e D AN TR 1 ] R
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