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DEVELOPMENT OF ATRAINING SYSTEM FOR LAPAROSCOPIC SURGERY
USING DEEP LEARNING
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In recent years, laparoscopic surgery has been performed in place of open surgery. Compared to
conventional laparotomy, surgeons are required to have a high level of skill for performing laparoscopic
surgery. Therefore, surgeons need to perform training using a dedicated simulator. The purpose of this
study is to develop a training system for laparoscopic surgery in which novice trainees can learn the ideal
ligation by themselves using a box type simulator. Forceps and suture thread are identified using semantic
segmentation, which is a kind of image-based deep learning. In addition, on the basis of the result of
motion identification, appropriate navigation is presented to the trainees. From the result of the verification

experiments, a certain training effect in use of the proposed training system was confirmed.
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Object Background
Image Image Total
(340sheets) (150sheets)
Flip horizontal 1 way
Rotation 6 ways 6 ways
Cropping 9 ways 9 ways 340X24
Gamma correction 4 ways 4 ways +
Edge emphasis Lway Tway 150x23
Gaussian blur Lway Tway =
Random noise 1 way 1 way 11,610
No conversion L way 1 way
Total 24 way 23 way
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Table2 Details of each layer in U-NET model

layer rocessin Filte Number addin stride activation
Y P : size of filters paoding

1 conv 3x3 64 1 1 ReLU + Batch
Norm

2 conv 33 64 1 1 ReLU +Batch
Norm

3 pooling 2 64 0 )

4 conv 33 128 1 1 ReLU + Batch
Norm

5 conv 33 128 1 RelU+Batch
Norm

b pooling %) 128 0 )

7 conv 33 256 1 1 ReLU + Batch
Norm

8 conv 3x3 %56 1 1 ReLU + Batch
Norm

9 pooling 2x2 256 0 2

10 conv 33 512 1 1 ReLU + Batch
Norm

1 conv 33 512 1 ReLU + Batch
Norm

12 up samp %) 956 0 ?




13layer = 12layer + Blayer
3 conv 33 %56 1 1 ReLU + Batch
Norm
14 conv 33 %56 1 1 ReLU + Batch
Norm
5| upsamp 22 128 0 2
16layer = 15layer + Slayer
16 conv 33 128 1 ! ReLU + Batch
Norm
i conv 33 128 1 1 ReLU + Batch
Norm
18 up samp 2 64 0 2
19layer = 18layer + 2layer
19 conv 3x3 64 1 1 ReLU + Batch
Norm
2 conv 33 64 1 ! ReLU + Batch
Norm
softmax +
: o ¥ ! : ! Batch Norm
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Fig.11 Label image and learning result image
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Fig.12 System flowchart
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Fig.13 Area in Thread length adjustment (make short tail)

Table3 Threshold of each area in Thread length adjustment

(make short tail)

| Regiont Region2

Number of red pixels | Overdoo Under 150
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Fig.14 Area in Make thread C-shaped



Table4 Threshold of each area in Make thread C-shaped

. Region? .
Regionl M 29 93 4 Region3
Number of red pixels Under 400 Over 50
Number of green pixels Under 12000

@B T (A, @EFHTHE)EECERE L 7o ik
% Fig.15, FHfE#% Table5 (2"

(400 Wrapping(left axis) 1) Wrapping(right axis)
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Regionl Regionl
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Fig.15 Area in Wrapping (left axis and right axis)

Table5 Threshold of area in ?Nrapping (left axis and right axis)

Table7 Experiment process

Regionl
Number of red pixels Over 1600 and Under 3000
Number of green pixels QOver 4000

OOk KOG IREIE TRE L 72 #l % Fig.16, BfE %
Table6 (27757,

(51D Thread knot tension ® Thread knot tension
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Fig.16 Area in Thread knot tension

Table6 Threshold of each area in Thread knot tension

Regionl Region2

Number of green pixels | Over1000 Under 100
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period : 1lday
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Groupl Group2
method (Use training (No training
system) system)
Watch an ideal Watch an ideal
ligation ligation
video(twice) video(twice)
practice(5min) practice(5min)
1st training systemx training systemx
reference bookx reference bookx
ng training systemO training systemx
9th reference bookx reference book O
10th training systemx training systemx
reference bookx reference bookx
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(3) EBRHER
Groupl & Group2 @ 1 [A] H (Before practice LLT Before)
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rowth rate[Time] Before 1)
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Table9 Experimental results and growth rate (Group?2)

Table8 Experimental results and growth rate (Groupl)

Growth rate[Short tail] = 1

(Before: FARHIFHN  After:BIARHIFHN)

Growth rate[Short tail]

(]11000 — After| — [1000 — Beforel)

=-<

[1000 — After|

(Before: FRARGFAPN  After: ERARHIFH A1)

Growth rate[Short tail]
(|1000 — Before| — 1000 — After|)

[1000 — Before|

(Before: ¥ARGIFHSL  After: BRARGIPHN)
(Before: ¥ARGIFHSL  After: BRARGIFHSL)

(6)

) @)

®)

Group2(No training system)
Before  After ~ Growth  Before  After  Growth
practice  practice  rate  practice  practice  rate
Subject F G
Cloop 63.8 84.8 -33% 36.0 354 2%
Time{s] D loop 1732 65.2 11% 1084 24 79%
Cloop 433 39.6 9% 1544 0.1 81%
Total 1803 189.6 -5% 298.8 81.9 1%
Cloop Cloop | 1108 2086 88% 251 1980 -19%
[Piel] Dloop | 1396 2084 49% 2541 1399 -45%
Cloop | 1215 1734 43% 2058 2118 3%
Short il Cloop | 2812 2577 13% 1553 511 20%
[Piel] Dloop | 2736 2397 20% 1534 915 84%
Cloop | 2941 1958 51% 2140 799 82%
Subject H |
Cloop | 932 50.2 46% 66.4 R4 51%
Tinefs] Dloop | 335 20 31% 94.0 2.0 76%
Cloop 56.3 2.1 59% 41 49.0 -11%
Total 1830 96.3 47% 2045 1044 49%
C loop Cloop | 1011 1358 3% 2141 2840 33%
Pirel] Dloop | 806 984 2% 1662 2088 26%
Cloop | 1606 145 -01% 4113 2116 -49%
Short til Cloop | 2339 1762 43% 1584 1699 -20%
[Piel] Dloop | 1770 1448 42% 951 1339 100%
Cloop | 1744 1670 10% 1837 1788 6%
Subject J
Cloop 454 217 52%
. D loop A7 a7 -120%
Ml oy | a3 700 51
Total 1134 1394 -23%
Cloop Cloop | 2124 1680 -21%
Pirel] Dloop | 979 2285 133%
Cloop | 366 697 90%
. Cloop | 2880 2288 31%
5{‘;29‘3" Dloop | 3219 278 %
Cloop | 2459 2568 -1%

Tablel10 Significant difference test for each Growth rate
Growth rate

Growth rate

Growth rate

[Time] [C loop] [Short tail]
Welch’s p ‘ 0.008495 0.02079 0.08840
Man-Whitney’s p 0.008865 0.01318 0.02486

Growth rate[Short tail]® t #E LS CHEZEN A b,
% 7=, Groupl & Group2 ® + L—=2 7% ® C loop & Short

Groupl(Use training system)
Before  After ~ Growth  Before  After  Growth
practice  practice  rate  practice  practice rate
Subject A B
Cloop | 2018 488 6% 178 37 1%
Tinefg Dloop | 647 524 19% 88.6 16.7 81%
Cloop | 1359 517 62% 405 16.0 60%
Total 4024 1529 62% 246.9 66.4 73%
Cloop Cloop | 2835 4052 43% 1757 2192 59%
Pivel Dloop | 1032 3036 1% | 1203 350  195%
Cloop | 2366 4004 69% an 218 5%
Short il Cloop | 1743 1653 12% 1307 1536 -43%
[Piel] Dloop | 1669 1091 86% 1393 1459 100%
Cloop | 2465 13713 5% 936 1565 -89%
Subject C D
Cloop | 1937 326 83% 126.0 86.6 31%
Time[s Dloop | 597 56.7 5% 1355 264 81%
Cloop | 1062 31 63% 89.8 470 48%
Total 359.6 1284 64% 3513 160.0 54%
Cloop Cloop | 1738 3109 9% 498 3744 652%
[Piel] Dloop | 2320 2919 26% 3295 4445 35%
Clog 2417 3108 29% 1907 2645 39%
Shart il Cloop | 1435 1353 100% | 1724 1060 92%
Pvel Dloop | 1567 1099 83% 1302 928 100%
Cloop | 1599 1479 20% 1405 1058 100%
Subject E
Cloop | 68.7 Kin 55%
Tinels] Dloop | 67.0 34 50%
Cloop | 1181 1179 0%
Totl | 2538 1824 28%
Cloop Cloop | 3122 3040 -3%
Pirel Dloop | 2079 3705 78%
Cloop | 1122 3887 246%
. Cloop | 2194 1139 88%
Safirxtetla]" Dloop | 2066 &7 8g%
Cloop | 2142 1874 50%

Groupl, Group2 @ Time, C loop, Short tail D[R] EF(Z
BAL T, FHHEDOMRETH D Welch D tIRE, HRAEOMK
TET&H B Man-Whitney @ U FE D 2 DD E & F IR E,

FKYE0.05 TITo7-. Table 10 IZHEDFE R Z /<.

tail OF — & L& 17 > 72. Groupl & Group2 @7 — & 3
NN BRI B 213, Groupl 13X 73.3%(11/15),
Group2 1 0.0%(0/15) T & - 7= (Fig.17).

Groupl, Group2 @ k L —="1 7% Time, C loop, Short
tail {ZB9 L C, Welch @ t #%E, Man-Whitney @ U fR7ED 2
DDORGE A FAIOE, AEKYE 005 T7o72. Table 11
(ZHUE DRE R 2T
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