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Towards better laparoscopic video segmentation: A Class-Wise Contrastive Learning Approach with Multi-Scale
Feature Extraction. Healthcare Technology Letters 11.2-3:126-136 (2024)
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A novel positive pairs definition method in
Laparoscopic image segmentation task

2= : Positive pairs definition

* Images containing the same category are similar.

* Images captured at the same surgical stage,
with the same tools and organs, are set as

positive pairs. =
Surgical phases

Video A *_ I
Preparatlo Calot Triangle Dissection Gallbladder Dissection

Video B ——

Class: “Black Background”, “Abdominal Class: “Abdominal Wall”, “Liver”, “Fat”, “Grasper”, and
Wall”, “Liver”, “Fat”, in “Preparation” “Gallbladder”, “Black Background”, in “Gallbladder Dissection”

Positive Pairs Negative Pairs
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Experiment result (I0U)

The performance of the proposed methods outperforms related methods,
especially in improving segmentation accuracy for small targets.

Pixel labeled

Abdominal

Connective

L-hook

Samples Background Wall Liver Fat Grasper Tissue Electrocautery Gallbladder

U-Net [1] 1% 0.953 = 0.004 0.519 #= 0.009 0.442 = 0.036 0.761 %= 0.005 0.157 = 0.006  0.007 = 0.009 0.132 =+ 0.005 0.241 = 0.021
5% 0.926 == 0.034  0.664 # 0.052 0.501 £ 0.045 0.796 = 0.024 0.326 £ 0.112 0.265 £ 0.063 0.310 £ 0.123 0.360 £ 0.078

10% 0.941 +0.008 0.612 =0.034 0.461 =0.023 0.767 = 0.004 0.226 £ 0.042 0.091 == 0.120 0.187 =0.132  0.335 =+ 0.038

SimCLR [2] 1% 0.905 + 0.012  0.482 £ 0.007 0.431 £0.023  0.742 = 0.004  0.188 £ 0.030  0.040 £ 0.027  0.200 = 0.057 0.210 =% 0.016
5% 0.901 = 0.008 0.558 == 0.018 0.464 %= 0.023 0.762 = 0.013 0.303 =0.014 0.009 £ 0.006 0.328 = 0.017 0.324 = 0.012

10% 0.932 £0.002 0.633 £0.015 0.403 =0.008 0.780 = 0.005 0.311 £ 0.030 0.342 =0.061 0.401 = 0.008 0.393 =+ 0.027

Ours DCL 1% 0.952 =+ 0.005 0.542 =0.048 0.519 = 0.017 0.755 = 0.000 0.154 = 0.020 0.096 = 0.071 0.128 +=0.148 0.252 = 0.019
5% 0.953 # 0.003 0.606 = 0.066  0.505 *+ 0.038 0.797 = 0.018 0.300 == 0.092 0.246 = 0.139 0.264 = 0.188 0.374 &= 0.111

10% 0.936 = 0.004 0.631 =0.024 0.484 =0.007 0.792 = 0.008 0.310 £ 0.059 0.305 = 0.098  0.420 = 0.059 0.421 =% 0.033

Ours cls 1% 0.955 + 0.000 0.534 = 0.034 0.494 =0.019 0.773 +0.016 0.192 & 0.004 0.053 == 0.047 0.001 = 0.001 0.262 =+ 0.028
5% 0.925 = 0.013 0.576 = 0.057 0.444 = 0.014 0.775 = 0.022 0.245 =+ 0.089 0.182 *+ 0.079 0.356 =+ 0.092 0.320 = 0.076

10% 0.945 £+ 0.005 0.657 = 0.025 0.485 = 0.016 0.796 = 0.019 0.341 £ 0.031 0.400 == 0.133  0.417 = 0.064  0.458 + 0.023

Ours DCL+cls 1% 0.952 +0.006 0.614 # 0.034 0.498 =0.019 0.762 = 0.005 0.178 £ 0.005 0.060 = 0.035 0.137 = 0.019 0.287 + 0.017
5% 0.944 +0.012 0.624 =0.023  0.438 =0.035 0.798 + 0.004 0.296 = 0.070  0.336 &= 0.031  0.338 = 0.046  0.365 =+ 0.027

10% 0.948 £ 0.013  0.638 = 0.019  0.485 = 0.008 0.791 = 0.009 0.407 = 0.016  0.404 % 0.042  0.405 =+ 0.032  0.447 =% 0.030
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Double-Mix Pseudo-Label Framework: Enhancing Semi-Supervised Segmentation on Category-Imbalanced CT
Volumes. International Journal of Computer Assisted Radiology and Surgery




/5% NAGOYA UNIVERSITY

Here begins our new MIRAI

———— . "

e ‘-‘..‘.".
" \\ —
\ inem | —
MOONSHOT [l o e
RRRRRRRRRRRRRRRRRRRRRRRRRRR N [ gL

BIAMNDFV )F7—=>3>

ARRER
V)T =230 D7T =% EH

I

.

Y J)T—>32A MehliR

DEOT )T — AT T —5E P o
2EOT IF—AVBLOT—T%
LT, B AT EF VIR

ERDIETIHSDEHUINI Z)

JL\/zCross Pseudo Supervision (CPS)z /&

Fully-Supervised Segmentation Semi-Supervised Segmentation

Labeled Image Labeled Image Labeled Image Unlabeled Image
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Dense Label No Label

Dense Label Dense Label

Annotation cost High ©
Annotation
information Complete © Incomplete @
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Cross Pseudo Supervision (CPS)
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[1] Krogh A, and Jesper V. Neural network ensembles, cross validation, Strong Augmented Weakly Augmented Cross Supervision
and active learning. NIPS 1994.7 Sample Process Sample Process Process

12
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Low Frequency Process High Frequency Process Cross Supervision Process  Supervise with ground Truth
(Only for annotated data)




Here begins our new MIRAI

/5% NAGOYA UNIVERSITY -~ MOONSHOT

ErZENT IV (LU ESIEER

Propose: Double-Mix Pseudo Label (DMP)

Generate category mask M by selected categories Z and pseudo label y*

~y -

INNN ’—’
11

I

6 b_,l EMA Model Selected categoriesZ WS or wdis
: : : Class 1 N
Unlabel data x" L--" T~ o Pseudo Label y* p Class3 |, IIII II
e —
Weight aware category choice

Generate category mask

Category mask M
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Generate mixed sample pair [x, ]

Propose: Double-Mix Pseudo Label (DMP)

Unlabel data x" . Pseudo Label y*
@ clement-wise product

Unlabeled data x"
6 3 ® Pseudo label y*

- Labeled data x!
-'rd‘ Category mask M l
Ground truth y
xM=x*OM+x'®O(1-M)
y"T=y*OM+y O (1-M)

-

Ocuccorymask1-M  Mixed sample pair [x™, y™]

Category mask M

| ‘o i P -
¥ 1 . J -
) - X0 y
k) ey

r | Mixed sample pair [x™, §™] I
w

&

Category mask 1 —

(8

Labeled data x! Ground-truth of labeled data vl
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Different image augmentations

fa, [g:Segmentation models

Propose: Double-Mix Pseudo-label (DMP) fa, f: EMA models of fy, fp

Generate mixed sample pairs [y, x7'] and [y}, x7] based on W*” and W%

Model f, Model f5

—

F~~o =77 I~ T
| 11 | I ' ' l
! EMAModel f, | : EMA Model fz i
Double-mix A | 1 | <t x¥ e : Double-mix B
- - ~ — >
Remixed Remixed Remixed Remixed
label: y’* image:xy’ image: x5 label: y3'
el U
o | D xxes [Tl -
Generated sample pairs A - label: y* Generated sample pairs B
Adif .. +dis
\/Lbj



/5% NAGOYA UNIVERSITY

i

__Method | Average Dice | __ASD __

SS-Net
DST
Depl
CPS

CReST
CLD
DHC

Ours w/o DMP
Ours

49.7
62.3
63.6
62.0
61.5
62.4
64.1
64.3
66.5

7.9
5.6
5.1
5.5
6.4
5.9
6.7
6.0
6.0

Here begins our new MIRAI

~ MOONSHOT

RRRRRRRRRRRRRRRRRRRRRRRRRR




Here begins our new MIRAI

w NAGOYA UNIVERSITY *moonsHoT I

RRRRRRRRRRRRRRRRRRRRRRRRRRR

Sub task 3 : ¥FEmdp D Scribble)? /5>—<3>%Z AU\
e OA>FT—2a3>EFIVDONL—=2D

Cross-Neighbor-Information based Pseudo-Label for Better Semi-Scribble-Supervised Medical Image Segmentation.
International Journal of Computer Assisted Radiology and Surgery
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Semi-scribble supervised medical image segmentation

* Semi-scribble supervised: less annotation cost

Fully-Supervised Segmentation Semi-Scribble-Supervised Segmentation

Labeled Image Labeled Image Labeled Image | Unlabeled Image Labeled Image Labeled Image Labeled Image Unlabeled Image

Dense Label Dense Label Dense Label No Label Scribble Scribble Scribble No Label

""* )( -n- X

Hard to annotate Easy to annotate
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Semi-scribble supervised medical image segmentation

* Training Structure

——l

Strong Augmented Sample Process Weakly Augmented Sample Process CMIPL Generation Process ~ Unsupervised Learning
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Semi-scribble supervised medical image segmentation
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Semi-scribble supervised medical image segmentation

S

Right Ventricle

UniMatch

DMPL

Myocardium

S4MC

DFCPS

Left Ventricle

Table 1. Segmentation outcomes between our method and other semi- or scribble-
segmentation methods using different counts of scribble-annotated ACDC cases. The
best performance is denoted using bold, and the second-best performance is marked
by underline. The results are presented in the form of “mean(std)”.

Method RV Myo LV Avg.
) Dice(%)T HD95(mm)|| Dice(%)T HD95(mm)]| Dice(%)1T HD95(mm)/ |Dice(%)T HD95(mm)|
8 Scribble-labeled cases + 92 unlabeled cases
DAN [19] )1 0(84) 349(6.8) |61.9(4.9) 234(7.1) |64.3(8.7) 126.3(30.1)| 59.1 61.6
CPS [2] 85.8(0.7) 10.1(1.7) |81.2(1.3)  5.9(0.6) |88.7(0.9) 6.8(0.8) 85.2 7.6
DMPLS [11] 85.8(0.5) 8.0(0.9) |81.3(1.3) 5.7(0.6) 89.0(0.8) 6.7(0.5) 84.7 7.7
S4MC [5] 83.9(0.8) 9.6(0.4) 80.2(1.2) 6.6(0.6) 88.5(0.4) 7.0(0.6) 84.2 7.7
UniMatch [17]| 86.2(0.5)  10.1(0.9) [82.2(0.9)  6.0(0.8) |[88.9(0.4)  6.7(0.5) 85.8 7.6
DFCPS [3] 81.0(2.0) 19.5(7.2) |79.9(0.8) 7.8(1.6) |88.2(0.5) 10.9(2.0) | 83.0 12.7
ours 88.0(0.6) 9.2(2.4) |(83.2(0.7) 5.5(0.4) |89.3(0.7) 6.6(1.2) 86.8 7.1
16 Scribble-labeled cases + 84 unlabeled cases
DAN [19] 79.3(15) 17.5(5.2) |80.6(1.8) 11.5(3.5) |83.9(1.3) 63.3(24.5) | SL3 30.8
CPS [2] 86.0(0.9)  8.8(1.8) |82.2(0.8) 7(0.3) | 88.9(0.5)  8.1(1.6) 85.7 7.6
DMPLS [11] 85.8(1.3) 13.6(4.9) | 82.1(0.9) 8.6(3.1) 88.7(0.8) 16.2(10.0) 85.5 12.8
SAMC [5] 85.9(1.1)  8.4(1.9) |82.7(0.9) 5.2(0.6) |89.5(0.4) 6.7(1.3) 86.0 6.8
UniMatch [17]| 82.7(1.3)  19.2(4.3) |81.1(1.2) 83(1.4) |88.4(0.5) 11.7(1.9) | 84.0 13.1
DFCPS [3] 87.5(0.6) 8.5(1.4) 84.1(0.5) 5.0(0.4) (89.7(0.4) 6.6(1.3) 87.1 6.7
ours 88.1(0.4) 8.2(1.5) |84.4(0.3) 5.3(0.3) |89.5(0.2) 6.3(0.9) | 87.4 6.6
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Sub task 4 : (EDDIHZE

[1] SemiOrth: A Novel Orthogonal Dual Network Architecture for Enhanced Semi-Supervised Medical Image
Segmentation. SPIE Medical imaging 2025

[2] EHEE LEEREIBIRICE D RSN RE{LIC LD MRIBURDEBEFHDScribbleI A T—33>FiE.
JAMIT 2025

[3]1 SYHLRIREN A+ ) ERRBS NIV EREEE AW ECTSRD S DS hiasE BT HDEIAST—33>. 533
BAIDE1-9RZFEEAS
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Supervised Medical Image Segmentation.

X process

Model f;

A\

Orthogonality
Loss

Model f,

—_—

Xy process

i

Ensemble

_____ >

Pseudo Supervision

[1] SemiOrth: A Novel Orthogonal Dual Network Architecture for Enhanced Semi-

Average RV Myo LV
Methods
Dicet HD95|| Dicet HD95|| Dicet HD95|| Dicet HD95|
DMPL[4] [80.3 119 | 79.2 127|817 110|801 11.9
ICT[5] |81.8 159 | 827 114|804 219|823 145
UA-MT [1]|83.1 156 | 825 19.0 | 80.2 14.7 | 83.5 13.2
S4MC [6] |83.2 114 | 845 10.7 | 820 13.3 | 83.1 10.2
DFCPS[7]|84.6 98 |88 98 |821 113|859 8.3
Ours* |850 83 |80 7.2 |825 11.2|86.0 83
Ours 85.2 86 | 8.1 78 |[83.0 9.0 |8.4 7.8
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[2] [EFEE L IEREB¥RICE (%EM?/\‘)I/ 11 IS(LotZaMRIﬁ%’%G)——%ZEﬂi

HOScribblett X>57—33>5F;

Decoder i

Prediction py
] Supervise . .
-f\ Table.l Segmentation outcomes between our method and other semi- or
’ . - . .

I scribble- segmentation methods using 8 cases of scribble-annotated
i - 2
a (0,11

ACDC cases. The best performance is denoted using bold, and the

A’

Shice X Drropout 0.5

R [ 0! predetion e pecudo second-best performance is marked by underline.
Prediction p, Method RV Myo LV

Dice HD95 Dice HD95 Dice HD95 Dice HD95

Lincoder &

Avg.

Decoder 1},

@D Union DMPL[3] | 858 80 | 813 57 | 8. 67 | 847 77

—
S — I ® & And S4MC[1] 839 96 | 802 66 | 885 70 | 842 77
Scribbley° Distance d Mask mé tord e sl UniMatch(5] | 862 101 | 822 60 | 889 67 | 8.8 7.6

Refined pseudo label y"

. DFCPSJ6] 81.0 19.5 79.9 7.8 88.2 10.9 83.0 12.7
(o C -

outs 86.7 8.4 83.4 5.9 89.1 6.5 86.4 6.9

A e

Pseudo|label y¥ Confidence m® Union mask m*
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ETILDOFE ﬁ?mﬂi?’\)lz

DH Proposed

I
- | i
2 Pred:l:tlon ‘ IIa’ieel;x;?l I '
| I SIMIS Ground Truth
With Low Frequency Mask K\A ! | Table 1 The result (Dice) of our experiments and related works. Each
HiTid YD ! experiments used different count of labeled cases, and repeated 3
N ' times with different dataset splits
With High Frequency Mask : \\ : Labeled Data Used
P i e Methods 2 case 4 cases 9 cases
» Pn I labely, | Ccpsl) 63.1+1.1 70.8+0.2 75.3£0.5
' | Depl? 62.3+0.8 70.9+0.2 75.4+0.6
T . Dst3) 64.4+0.4 70.7+0.6 74.9+0.1
2 SIMIS# 66.410.7 73.410.2 76.0£0.3
Low Frequency Process High Frequency Process Cross Supervision DHC> 06tld 72.1£0.2 707407
By S4MC®) 65.3x1.0 72.5+0.6 75.6+0.8
Proposed 67.6+0.9 73.810.1 77.1+0.3
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[4] CTI&RN S ORES gz I A>T — /3/0)72_2950)&}_%?%3&%
BRIE L DIEER

position

Contrastive Loss

fe Extracted I Pair Matching 1(m)
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Emm Random Initialization
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3D CTRU1—AbSDEHRLRK— NEEVERR DT DVLMEIFE

* The need of an automatically report generation

* Japan leads the world in CT device density, “ N — (Z) = e
resulting in the execution of approximately g | Sees, 2l | N
30 million CT scans each year B | e £ e e U

* Interpreting CT volumes poses a significant Ty i
burden on the already understaffed radiology P - .t
workforce, leading to delays in clinical decision- R =
making and a decline in diagnostic quality. S PP EE S SIS D S TP Pt P D

The trend in the density of CT devices and CT cases

* The potential of Vision Language Models (VLMs)

* Recent advancements in in text and 2D images, even with
complex languages like Japanese.

* Extend to 3D CT images is challenging because 3D images requires the model to handle much more
information.
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Overview of our method

Pretrained 3D Vision Encoder
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C BT EFRELR— FEERLT RS

cﬂ THRLEL. CTXAFv OB EITV. MEICEAT3MELR— b EERVLE

e
1 b {
.1 . .1 e SRR AR, B, EEEIEEIE L DB, BRERSKRIEHETIEA. B
BHHD, FEBE L, BABIONIABEERESD. B4 L, HTEBEES
Previous Visit Current Visit Do BEK7% Lo B3 2 INERER Lo

® RA> TPreviousVisit] F7zl&
[CurrentVisity Z27Jwo 33k
WL/WW D' AETE X9,

Clear conversation history and start a new one

REY: HRY. CTEBRFAIN L -ETLEBAREOMEXZER ~HEEEED
ZBE S FEIZHATE ~ NU Research Information http://localhost:8501/



http://doraemon24:8501/
https://www.nagoya-u.ac.jp/researchinfo/result/2025/04/ctai.html
https://www.nagoya-u.ac.jp/researchinfo/result/2025/04/ctai.html
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RESEARCH & DEVELOPMENT PROGRAM

SAEEET IILDIER

Model output
=R
Score

Expert written

ERX (FRRER (X WD 7 #FELT LWET
LAR—k:[RRE X fi@/h £ #EFLT &N

BLEU-1 0.889
ROUGE-L 0.889
Ours 0.0

Input text

(Translated)

T R X ZE R L TIZELY, FEFEECCRT#,

Please create a report. After CCRT for cervical cancer.

Model output

(Translated)

RERRNEHFLTOES  EREY A XD/ EIEKRZL, B
ERZHOSOLEL, FERSHY, ABEEBHY. KL, MG IEHE
WmTEEE A BKEL,

The primary lesion remains reduced in size. There is no significant
lymph node enlargement. No suspicious SOL indicating liver
metastasis. Liver cysts are present. Bilateral kidney cysts are
present. No ascites. No evidence of lung metastasis. No pleural
effusion.

Expert written

(Translated)

RERTRWNEHFLTOET . FERVTHEXGL, FEEBLEL.
fEEResL . MEAKEL.

The primary lesion remains reduced in size. There is no significant
lymph node enlargement. No liver metastasis. No lung metastasis.
No pleural or peritoneal effusion.

Score=0.92MD 5l
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