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% Types of Segmentation

Image Segmentation
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% Key techniques in Image Segmentation

Image Segmentation

Thresholding

» Global Thresholding
» Local Thresholding
= Otsu’s Thresholding
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Edge Detection
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% Applications
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Introduction

Why segmentation is hard to apply?

% Limitations and Challenges

- YEHOHE F5517] /o &2 &2l labeling cost 228

person, sheep, dog -
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https://engineering.fb.com/2016/08/25/ml-applications/segmenting-and-refining-images-with-sharpmask/
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% Approaches

Number of Hand Labeled Samples

: Semi- - .
Unsupervised : Supervised
Supervised
Self Distant Weak o Active
48 4 £ Self Training . ‘
Supervision Supervision Supervision Learning

v’ Labeling CostE Z|23} SIHME £2 452 2 & A= Segmentation YEHE !

https://medium.com/@behnamsabeti/various-types-of-supervision-in-machine-learning-c7f32c190fbe
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Introduction

Badvanced is the image semantic
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2. Paper Review

(1) CutLER : Cut and Learn for Unsupervised Object Detection and Instance Segmentation
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- Unsupervised Segmentation Method : CutLER

O/

% CutLER : Cut and Learn for Unsupervised Object Detection and Instance Segmentation[1]

«  2023H0f X|QtEl Unsupervised Object Detection & Instance Segmentation &#E (CVPR, 2349 118 7|&E 413| 21 8)

« MaskCut, DropLoss, Self-training = &-83%t Y& 2 x|t

Cut and Learn for Unsupervised Object Detection and Instance Segmentation

Xudong Wang!+ Rohit Girdhar! Stella X. Yu?? Ishan Misra'
'FAIR, Meta Al 2UC Berkeley / ICSI 3University of Michigan
Code: https://github.com/facebookresearch/CutLER

Domains paintings sketches cliparts natural images videos traffic i 1mages

Sample
Results

Datasets Watercolor Comic Cllpart COCO 20K coco LvIS Openlmages Objects365 uvo

=144 44444

Figure 1. Zero-shot unsupervised object detection and instance segmentation using our CutLER model, which is trained without
human supervision. We evaluate the model using the standard detection AP%y. CutLER gives a strong performance on a variety of
benchmarks spanning diverse image domains - video frames, paintings, clip arts, complex scenes, efc. Compared to the previous state-
of-the-art method, FreeSOLO [47] with a backbone of ResNet101, CutLER with a backbone of ResNet50 provides strong gains on all
benchmarks, increasing performance by more than 2x on 10 of the 11 benchmarks. We evaluate [47] with its official code and checkpoint.

... Data Mining [1] Wang, Xudong, et al. "Cut and learn for unsupervised object detection and instance segmentation.”
o‘ Quality Analytics Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023




I Unsupervised Segmentation Method

« MY dA739 HAH

«  Object Detection & Segmentation 22 st&Z 2siA= 1H[E2| Annotation 282
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DINO LOST TokenCut FreeSOLO

detect multiple objects v v

zero-shot detector v v

compatible with various s
detection architectures

pretrained model for
supervised detection
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DINO|LOST TokenCut FreeSOLO
detect multiple objects v v

[ ] [ ] zero-shot detector v/ v
n rVI m n I n M compatible with various|
. . v
detection architectures
pretrained model for
supervised detection

< DINO : Emerging Properties in Self-Supervised Vision Transformers[3]

« knowledge Distillation (with NO label) &0 A teacher 20| F&3t EXZ student?t &5

- SHAIH) ot 7HO| objectBt HE 7ts. feature extractor at& B (target taskE T SIE 23

centering

student ggq — teacher gg;

... Data Mining [3] Caron, Mathilde, et al. "Emerging properties in self-supervised vision transformers.” Proceedings of the IEEE/CVF international conference on computer vision. 2021.
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I Unsupervised Segmentation Method

% NCut : Normalized Cuts and Image Segmentation[6]
- O|OjX| & TM HA0| Mz HAEZY Ues A== B FJ EE= 1 0[¢2| 5t

1
« LSt El eigenvalue system= SHERC 2N F SR ER AEE 2ot= HIES 22t &

= Generalized Eigenvalue System
(D —W)x = ADx

* D :NxN diagonal Matrix with d;=};W;;
* W : NXN Symmetrical Matrix

(® ()

Fig. 8. (a) shows a 126 x 106 weather radar image. (b)-(g) show the components of the partition with Ncut value less than 0.08. Parameter setting:
or = 0.007, o, = 15.0, r = 10.

... Data Mining [6] Shi, Jianbo, and Jitendra Malik. "Normalized cuts and image segmentation." /EEE Transactions on pattern analysis and machine intelligence 22.8 (2000)
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I Unsupervised Segmentation Method

DINO LOST

[TokenCut|FreeSOLO

detect multiple objects v v
zero-shot detector v/ v
compatible with various v

detection architectures

prelran?ed model _for v v
supervised detection

% TokenCut : Segmenting Objects in Images and Videos with Self-Supervised Transformer and Normalized Cut[4]

« 22 IX|Z X}Z O|0|X|E DINOZ SEE VT MAHN E3H] attention map= ¥
«  O|F NCut(Normalized Cut)2 A3l segmentation =

- SHAIAE) 8t 09| object?t HAE 7h5. pretrained modelZ AHE £7+5
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Feature extraction from
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]
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N e e e e e e e e . 4
(a) Graph Construction (b) Graph Cut (c) Edge Refinement

... Data Mining [4] Wang, Yangtao, et al. "Tokencut: Segmenting objects in images and videos with self-supervised transformer and normalized cut.”
.‘ Quality Analytics /EEE Transactions on Pattern Analysis and Machine Intelligence (2023).
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- Unsupervised Segmentation Method : CutLER

N

«* CutLER - Overview

 J|EEYUEQ AN I2 U A5 Y

elep
pajage|un

Daota Mining
Quallity Anailytics

o O

<\

- VIiT —p QUERNE ¥ Detector —¥ L, self-training

N

MaskCut, Detector(w/ Droploss), Self-training 2| MI7tX|2 T El Ch=dtHA 2 A QI HHEHE A

DINO LOST TokenCut FreeSOL( )|0urs

detect multiple objects v v v
zero-shot detector v v v
compatible with various v v
detection architectures

pretrained model for s Y /

supervised detection




- Unsupervised Segmentation Method : CutLER
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% (@® MaskCut for Discovering Multiple Objects

- MAAHTF(DINO, TokenCut)2| A 2l multi-object detection 2XME
|

Zt ZHH|0fl CH$F Coarse Segmentation Mask A4 =%

patch-wise

masked
patchified input affinity matrix mask 1

* NCut - Generalized Eigenvalue System

YA N — - . D : NxN diagonal Matrix with d;=};W;;
(D n )“E = ADx W : NXN Symmetrical Matrix

> FHRE 22 eigenvalue 1 0f S St= eigenvector x & 78

[ |
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- Unsupervised Segmentation Method : CutLER

ejep
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= 4 Ak d MaskCut

< (@ MaskCut for Discovering Multiple Objects

*

SHATL(DINO, TokenCut)2| oHA 2 multi-object detection EXE =

- M
« Z} 24H4|0] CH® Coarse Segmentation Mask 28 =%

7Dt /"\\ 5 /\ o

patchified input affinity matrix
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if ME. ot
binary mask M® : M}, = b My 2 mean(z’) foreground
(0, otherwise. > background
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= VA d MaskCut
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- Unsupervised Segmentation Method : CutLER

* (@ MaskCut for Discovering Multiple Objects
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- MIMAIDINO, TokenCut)Q| A QI multi-object detection EAME SE57| {8l NCut2 2tE o
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= VA d MaskCut

- Unsupervised Segmentation Method : CutLER
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pajagejun

% (@® MaskCut for Discovering Multiple Objects
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- Unsupervised Segmentation Method : CutLER

Detector ~¥ L,
< @ DroplLoss (L4,,p) for Exploring Image Regions
o 7|E loss (Lygning) : Ground-Truth@t AX[X| &= OFF L) ol 202 > MaskCutO| & AX= A& AEE X e H

«  MaskCutO|A| % MfEZ UK E B = A F Droploss TEF Xt
o ToU™™ > ¢loU QI objectOf| CHSHAMBE loss A4t (BX|= BHO| HFE 22 Joss ALt ML) > M2 AN A T

ﬁdmp ("-’“1') — ]l([GU?M = TIHU)Emnilla(T'i)
U _5 0 0.01 0.1 02

r; © predicted regions APTAsk 174177 14.4 127
5 : : : :
« tl°U : maximum overlap with any of the GT instances (d) loU g DropLoss.

IoU™™* . maximum loU with GT for r!

Loanina . Vvanilla loss function of detectors v Ablation Study > 7°Y = 0.01 A+&
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B Unsupervised Segmentation Method : CutLER <\

Detector ~¥ L, self-training

N

% @ Self-Training

- HiSoigS Sof ZE g
- RHRM EHA O = MaskCutZ &3l ‘44 El Coarse MaskE Pseudo MaskZ AtE5H0] st&

- t EHAOA 0.75-0.5t O| &2 ME|FEFE 7t predicted maskE > t+1 EHAH 2| pseudo maskE AHE

# of masks

UvoO COCO
APESE APTEE APTSE APETRE APMEK APTEE
I round 20.6 9.0 7.0 17.7 8.8 8.0
2 rounds 22.2 9.6 7.5 18.5 9.5 8.8
3rounds 22.8 10.1 8.0 18.9 9.7 9.2
4 rounds 22.8 10.4 8.6 18.9 99 94
v Self-Training D& & =& pseudo mask2| A, L& 74M0| =0l H v' Ablation Study > = 3= 32|7F HEE
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- Unsupervised Segmentation Method : CutLER
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«» Quantitative Results

« prev. SOTA 22 (FreeSOLO) CHH| &2 =F2°| d& oy

a. zero-shot unsupervised object detection (11712] Zt7| CtE 0| E{ Al

Datasets — Avg. COCO |COCO20K| VOC LVIS uvo Clipart Comic [Watercolor| KITTI |Objects365/0penlmages

# Previous SOTA Metrics — AP50 AR [AP59 AR [AP5g AR |AP50 AR |AP5g AR [AP50 AR |[APsg AR |AP5p AR |[AP5g AR |[AP59 AR |APsg AR |AP5p AR
* CulLER Prev. SOTA [47]| 9.0 13.4| 96 12.6| 9.7 126|159 21.3| 3.8 6.4(10.0 142| 79 151 99 163| 6.7 162| 7.7 7.1| 81 102| 99 149
Wai?:c‘olor CutLER 243 355(219 327|224 33.1|369 443| 84 21.8(31.7 42.8/21.1 41.3|304 38.6|/37.5 446|184 275|216 342|173 29.6

vs. prev. SOTA | +15.3 +22.1|+12.3 +20.1|+12.7 +20.5(+21.0 +23.0 +4.6 +15.4{+21.7 +28.6/+13.2 +26.2|+20.5 +22.3|+30.8 +28.4|+10.7 +20.4| +13.5 +24.0( +7.4 +14.7

— b. unsupervised object detection and instance segmentation
Methods Pretrain Detector  Init. Coco 20K — - COCo valQpU — —
7 Oblastadts AP2Y APYY APPOY APTSE APTE APmak  APDOX APROT APPOX APTUk Apmak A pmask
non zero-shot methods
LOST [38] IN+COCO FRCNN DINO - - - 24 10 11 - - - - - -
MaskDistill [42] IN+COCO MRCNN  MoCo - - - 68 21 29 . = - . . =
Cipart FreeSOLO* [47] IN+COCO SOLOV2 DenseCL 9.7 3.2 4.1 97 34 43 96 3.1 42 94 33 43
zero-shot methods
Y0 s DETReg [3] IN  DDETR SwAV - - - - - - 31 06 10 88 19 33
DINO [7] IN - DINO 17 01 03 - - - - - - - - -
TokenCut [50] IN - DINO - - - - - - 58 28 30 48 19 24
CutLER (ours) IN MRCNN DINO 218 I1.1 10.1 186 90 80 213 I1l.1 102 180 89 79
CutLER (ours) IN  Cascade DINO 224 125 119 196 100 92 219 118 123 189 97 9.2
vs. prev. SOTA +12.7 +93 +78 +99 +6.6 +49 +123 +87 +81 +95 +64 +4.9

Q.. Daota Mining
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«» Quantitative Results

Unsupervised Segmentation Method : CutLER

« annotation datal| H|Z0| }E =& BIIE Sl pre-train modelEN 2| d5 =2t0I
« label2| AFE H X (1%~100%) O F25tA 7| & R ES OfE| 250 d5 &2lE
45 39
43 - _. a7
41 | CUtLER S as CUtLER
— 39 = an |
§ 37 % 33 MoCo-v2
a 35 o 3
s C a1 T 27 1
2 o=p Vil - QUEENNY P Detector —P L,,, self-training 0o =BV R P A e
mH "G 29 @
B \\/ o 27 E 23
8 25 o 21
23 w 19
S o1 @ "~/ #-r-t
2 O 17 ;
o 19 c
O 47 $ 154
15 £ 137
13 L
1 3 — 9 +— - — |
1 2 5 10 20 30 40 50 60 80100 1 2 5 10 20 30 40 50 60 80100
% of Labeled Data % of Labeled Data
Fig 5. Finetuning CutLER for low-shot and fully supervised detection
and Instance segmentation.
Daota Mining
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- Unsupervised Segmentation Method : CutLER

«» Qualitative Results

prev. SOTA 2 & (FreeSOLO) LHE| H A2 M55 HAlGILHL A4S M2 & 2|0 ©

FreeSOLO

CutLER (ours)

ground truth
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- Unsupervised Segmentation Method : CutLER

Experimental Results

«» Qualitative Results

« 749 InstanceOf CHEH F120| 25}
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- Unsupervised Segmentation Method : CutLER

v" MaskCut, DroplLoss, Self-Training M[Z7FX] Z4 2| H-& STt Unsupervised Object Detection & Segmentation &

v 205 |10l o =H4|of Chiet &% & 22 7t=

AN
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=
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tsE
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N
k1
0x
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09
Of
H1
o
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=
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1ds E0E

v M AT oA 22 > Z 35t zero-shot M& =HE, supervised detection=2 ?8t pre-train model2EM 2| Hgt 7

DINO LOST TokenCut FreeSOL( )IOurs

detect multiple objects v v v
zero-shot detector v v v
compatible with various
) ) v v

detection architectures

retrained model for
pretrair . / / /
supervised detection
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2. Paper Review

(2) BoxTeacher : Exploring High-Quality Pseudo Labels for Weakly Supervised Instance Segmentation
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Il Weakly Supervised Segmentation Method : BoxTeacher

% BoxTeacher : Exploring High-Quality Pseudo Labels for Weakly Supervised Instance Segmentation[2]

« 2023H0] H|QtEl Weakly Supervised Instance Segmentation & & (CVPR, 23 118 7|& 93 21 8)

«  7|Z2] bounding box annotationg &%t WA0M O LIO7L 1FEZE Q| pseudo maskE AHESH= YHE A

BoxTeacher: Exploring High-Quality Pseudo Labels for Weakly Supervised
Instance Segmentation

Tianheng Cheng'*, Xinggang Wang', Shaoyu Chen'*, Qian Zhang?, Wenyu Liu'!

! School of EIC, Huazhong University of Science & Technology
2 Horizon Robotics

Mask AP
35
34 @1 Schedule
.. B3x Schedule

33

Abstract

Labeling objects with pixel-wise segmentation requires a
huge amount of human labor compared to bounding boxes.
Most existing methods for weakly supervised instance seg-
mentation focus on designing heuristic losses with priors
from bounding boxes. While, we find that box-supervised

3Ly

. . & i 5
methods can produce some fine segmentation masks and we \‘4_\ &"& <&
wonder whether the detectors could learn from these fine BoxInst, 30.7 AP Ground Truth & <
masks while ignoring low-quality masks. To answer this (a) (b)

Data Mining [2] Cheng, Tianheng, et al. "Boxteacher: Exploring high-quality pseudo labels for weakly supervised instance segmentation.”
.% Quallity Anailytics Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.




- Weakly Supervised Segmentation

What is Weakly Supervised Segmentation?

O/

% Weakly Supervised Segmentation
- X|EStz 7|2E2| SegmentationEs oA = A 7(|He] HEO| Hag

O

o EAM7IH HEHCE oS H H (weakly label)E 223810 segmentations X

[ Fully Supervised Annotation ] [ Weakly Supervised Annotation ]

a) bounding box b) scribble

Ll !

c) point d) image level

pixel-wise

https://www.superannotate.com/blog/image-segmentation-for-machine-learning
https://velog.io/@injokim/Weakly-Supervised-Semantic-Segmentation

Daota Mining
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- Weakly Supervised Segmentation

What is Weakly Supervised Segmentation?

O/

% Weakly Supervised Segmentation

« X==g 7|29 Segmentations ?ISiAl= HE 7|Eo| HEO| 2ad

O

o EAM7IH HEHCE oS H H (weakly label)E 223810 segmentations X

pixel-wise label

weak label (bounding box)

(a) Input image (b) Ground truth (c) Box

Example Output after After After Ground
input rectangles | training round 5 rounds 10 rounds truth

N
/
recursive learning

Q.. Data Mining [7] Khoreva, Anna, et al. "Simple does it: Weakly supervised instance and semantic segmentation." Proceedings of the IEEE conference on computer vision and pattern recognition. 2017. 37
ob Quallity Anailytics




Il Weakly Supervised Segmentation Method

O/

% BoxInst : High-Performance Instance Segmentation with Box Annotations[5]

« CondInst[8] & AFE3I0 image?| instance 71=2FF 2| mask headE =&

« Condlnst : Rol7l 8l Fully Convolution &4/ 9 Z instance M&3}

Condinst

T 2510 mask A

mask head k

-

mask head 1 '
. foreground / background

features instance-aware
w/ rel. coord. mask heads

Data Mining [5] Tian, Zhi, et al. "Boxinst: High-performance instance segmentation with box annotations.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2021.
.% Quality Analytics [8] Tian, Zhi, Chunhua Shen, and Hao Chen. "Conditional convolutions for instance segmentation.” Computer Vision-ECCV 2020: 16th European Conference, Glasgow, UK, August 23-28, 2020




Il Weakly Supervised Segmentation Method
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O/

+ Bounding Box AnnotationZt &

- 77777 )

Y1

Xo | Xy

box mask

pairwise relationship the 8 consistency maps

Daota Mining
Quallity Anailytics

[5] Tian, Zhi, et al. "Boxinst: High-performance instance segmentation with box annotations.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2021.

% BoxInst : High-Performance Instance Segmentation with Box Annotations[5]

. Instance MaskO| CH$} lossE MAH S5t= 20| 2=

@ Mask Projection Loss term for Global Localization

Lyroj = L(Proj, (1), Proj, (b)) + L(Proj, (), Proj, (5)) - 1, ) :dice loss as in Condinst

- - - Proj, : projection the mask on x-axis
= L(max,(m), max, (b)) + L(max,(m), max, (b)) - Proj, : projection the mask on y-axis
— T (1 7 - 1, : 1-D segmentation mask on x-axis
= Lla;la) + Lty by), - 1, : 1-D segmentation mask on y-axis

@ Pairwise Relations Loss term for Local Boundaries

1
Lyairwise = N Z Yelog P(y. = 1) - E;, : set of the edge containing at
e€Ein least one pixel in the box
-y, . label for the edge
color +(1 — ye) log P(ye = 0), g e
similarity

Se = S(eij.cLr) = exp <_w)

- S, : color similarity of edge e
- ¢j . - color vectors of the pixels

! i,j) and (1, k) linked by ed
Lpairwise = N Z lig,>-ylog P(ye = 1) (i,j) and (I, k) linked by edge

- 6 : hyperparameter
EEEin




Il Weakly Supervised Segmentation Method

O/

% Boxinst : High-Performance Instance Segmentation with Box Annotations[5]

«  Box-Supervised HAl 0 2 MMt high-quality maskE pseudo label £ &

BoxInst = high-quality segmentation masks
(accurate localization / fine boundaries)

N

BoxInst2| ZIIE2 pseudo label2 E-85}0]
weakly supervised instance segmentation?| 452
S O & A2 = UAX| 32

Prediction Ground Truth
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Il Weakly Supervised Segmentation Method

% Naive Self-Training with Pseudo Masks

«  BoxlnstE Sl M8t Pseudo MaskE &8¢t Self-Training
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Il Weakly Supervised Segmentation Method : BoxTeacher

<+ BoxTeacher - Overview
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Il Weakly Supervised Segmentation Method : BoxTeacher

% (@ Teacher (fy)
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Il Weakly Supervised Segmentation Method : BoxTeacher

% (@ Box-based Mask Assignment
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Il Weakly Supervised Segmentation Method : BoxTeacher

< ® Student (f;)
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Il Weakly Supervised Segmentation Method : BoxTeacher

/

% (@ Training Loss
« BoxTeacherQ| ZE : High-quality Mask& 283t fully-supervised &A1 9| 5t& > noisy or low-quality instance mask XA

- i —|
«  pseudo maskZ} ZHX| 1L QU= noiseE 2t2tA|7|7] 2l pixelZt FAHI S 28510 loss A2t (noise-reduced mask affinity loss)

# Training Loss O| 2 M t9| refined pixel probability > local context 1124
L= Ly +L L Lot Y
== _ + _ z' Jz 93
det box—sup =g 2 |P| jeP P : set of neighboring pixels
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=1
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-m? : i-th predicted mask
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Il Weakly Supervised Segmentation Method : BoxTeacher

/

«» Quantitative Results

« Box-supervised ¥ E T 71T 5ot ds= 29

a. COCO Dataset b. PASCAL VOC Dataset c. Cityscapes Dataset

Method | Backbone Schedule | AP APy APr5 | AP, AP, AP Method Backbone | AP AP2; AP5o AP;o APrs Method | Data | AP AP,

Mask-supervised methods. SDI [28] VGG-16 - - 44.8 - 16.3 Mask-supervised methods.

Mask R-CNN [23] | R-50-FPN 1x 355 57.0 37.8 | 195 37.6 46.0 BoxInst [51] R-50 343 - 591 - 342 Mask R-CNN [23] | fine 31.5 -

Condlnst [49] R-50-FPN 1% 359 57.0 382 | 19.0 386 46.7 DiscoBox [31] | R-50 - 714 59.8 41.7 355 CondInst [49] fine 33.0 59.3

CondInst [49] R-50-FPN 3x 377 589 403 | 204 402 489 BoxLevelSet [33] | R-50 36.3 76.3 64.2 439 35.9 CondInst [49] fine +COCO | 37.8 63.4

CondInst [49] R-101-FPN 3% 39.1 609 420 | 21.5 41.7 50.9 BoxTeacher R-50 386 776 66.4 46.1 38.7 Box-supervised methods.

olois, My wwme mus we 8 mwon em [ G0 o wiaw Bl | w0
_ . . : . . . Aruneral.[2] | R-101 - 731 57.7 335 312 BoxInst' [51] fine+COCO | 24.0 51.0

Box-supervised methods. BBAM [32] R-101 - 768 63.7 395 318 BoxLevelSet' [33] | fine 20,7 43.3

BoxInst [51] R-50-FPN 3% 321 551 324 | 15.6 34.3 435 Boxlnst [51] R-101 364 - 64 - 370 BoxLevelSet' [33] | fine+COCO | 22.7  46.6

g;f;’i‘;;i;” E:zgiii ‘;’i zg'g ;i'? gig 1;1 22; ji“; DiscoBox [31]  |R-101 - 728 622 455 375 BoxTeacher fine 21.7 475

BoxTeacher R-50-FPN 3x 350 568 367 | 19.0 385 459 BoxLevelSet [33] | R-101 | 38.3 77.9 66.3 464 387 BoxTeacher fine +COCO | 268 542

BoxTeacher R-101 40.3 78.4 67.8 48.0 41.3

BBTP [25] R-101-FPN 1x 211 455 172 | 11.2 220 29.8

BBAM [32] R-101-FPN 1% 25.7  50.0 233 | - - -

BoxCaseg [53] R-101-FPN 1x 309 543 30.8 | 121 328 46.3

BoxInst [51] R-101-FPN 3x 332 565 336 | 16.2 353 451

BoxLevelSet [33] | R-101-FPN 3x 334  56.8 341 | 152 368 46.8

BoxLevelSet [33] | R-101-DCN-FPN 3x 354 59.1 36.7 | 16.8 385 51.3

DiscoBox [31] R-101-DCN-FPN 3x 358 59.8 364 | 169 387 52.1

BoxTeacher R-101-FPN 3x 36.5 59.1 384 | 20.1 40.2 479

BoxTeacher R-101-DCN-FPN 3x 37.6 60.3 39.7 | 21.0 41.8 49.3

BoxTeacher Swin-Base-FPN 3x 40.6  65.0 425 | 23.4 449 54.2
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Il Weakly Supervised Segmentation Method : BoxTeacher
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«» Quantitative Results

rlo
x
orr
1(_)'_I-
>
Lot
O
Lull

«  BoxInst CHH| SF230k 74 MM 0| OHE R EH Naive-self trainingdt = 2| BoxTeacher®| A &=

Mask AP

35
W 1x Schedule 542

Method Backbone | Schedule | Pseudo Label AP" | AP? AP  APs5q AP+ 34

CondlInst R-50 1x BoxInst, R-50 30.7 | 30.7 | 31.0 53.1 31.6 33 W 3x Schedule
CondlInst R-50 3x BoxInst, R-50 30.7 | 31.8 | 31.3 53.8 317 31.8
Condlnst | R-50 3x | BoxInst, R-101 33.0 | 31.8 | 325 549 33.2 32

CondInst R-101 3 BoxInst, R-101  33.0 | 33.0 | 32.9 554  33.7 31

BoxTeacher | R-50 1x End-to-End - - 32.6 953.5 33.8 30

BoxTeacher | R-50 3% End-to-End - - 342 56.0 354

BoxTeacher | R-101 3x End-to-End - - 35.2  57.1 36.8 29

28
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Il Weakly Supervised Segmentation Method : BoxTeacher

Experimental Results

«» Qualitative Results

- ST O|OIX|ME MES AAE 7HEI high-quality segmentation 21t BHS0] H
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Il Weakly Supervised Segmentation Method : BoxTeacher

v 7|Z9| Box label2 AIRT

= oA 2 noisy pseudo mask= TG
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3. Summary
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- Cost-Effective Methodologies for Instance Segmentation

v" Image Segmentation2| =27} S7I5t= BHH =2 labeling cost= 218 H20| O{z{=2

~

v labeling costE Z[A2ISHHME L0t 52| Instance Segmentationg TA5t7| ¢
1. CutLER : MaskCut, DropLoss, Self-training2 8% Unsupervised Learning & E

2. BoxTeacher : High-Quality Pseudo MaskE &-&%t teacher-student 7|2t Weakly Supervised Learning &8 &
v & H EBE XY label?] 1EEZ} O 8= 72 U=

v' Segment Anything(META Al, 2023) 2| S& 22 Segmentation 72| Tt= 7t HHR YLt
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