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e Contribution

* New task: Panoptic Segmentation
 New metrics: panoptic quality(PQ)

* Basic algorithm: combine PSPNet and Mask R-CNN
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I 01 Panoptic Segmentation

* Panoptic, Instance, Semantic Segmentation

Things: people, animals, tools — received the dominant share of attention

Sthf . grass, sky, road —amorphous regions of similar texture

Task format:

(lz,z,,,) c L xN




I 01 Panoptic Segmentation

* Panoptic Quality
* Segment Matching

loU is greater than 0.5

Ground Truth

Person — TP: {.‘,"}, FNPre?glfl FP: {O}

True Positive False Negative False Positive



I 01 Panoptic Segmentation

Panoptic Quality
* PQ Computation

INCRES

i

Ground Truth
Person — TP: {.

l

PQ — Z(10,9)6 rp 10U(p, 9) 4 42
| TP| + 3|FP| 4 3| FN| RO = 1705
pQ — 2 (p.gyerp OU(D, g) | TP

| TP

Mo -

segmentation quality (SQ)
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recognition quality (RQ)
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I 01 Panoptic Segmentation

* Human Consistency Study

(1) 10U threshold (2) SQvs. RQ balance
=0 BB KA IL AR B 1 45 5
1 RQ™ — | TP)|
——— Cityscapes |TP| + a|FP| 4+ o| FN| '
o R
205 ApEZOk
Q - Vistas
0.18 <
0.25 0.50 0.75 - Segmentat;z}anuahty (SQ) [ Recognition Quality (RQ)
IoU — 85.8 85.7
84.2 - .
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I 01 Panoptic Segmentation

* Human Consistency Study

(3) Stuff vs. things

| PQ PQ™ PQTh| SQ SO sQ™ | RQ RQS RQ™
69.7 713 674 | 842 844 839 |82.1 834 802
67.1 703 659 | 858 855 859 |780 824 764
575 626 534|795 816 779 |714 760 67.7

Cityscapes
ADE20k
Vistas

(4) Small vs. large objects

PQS PQY PQ|SQ® SQY sQ- |RQS RQY™ RQ
Cityscapes | 35.1 623 84.8|67.8 81.0 899|515 765 94.1
ADE20k | 499 694 79.0|78.0 840 87.8|642 825 89.8
Vistas 356 477 694 |70.1 76.6 83.1|51.5 623 82.6




01 Panoptic Segmentation

* Basic algorithm: Combine PSPNet and Mask R-CNN

(1) we combine those segments with semantic segmentation

results by resolving any overlap between thing and stuff classesin
favor of the thing class

(2) Starting from the most confident instance.

(3) For each instance, remove pixels which have been assigned to

previous segments, if a sufficient fraction of the segment remains,
accept the non-overlapping portion

Heuristic Combination

IMask R—CNNa

$-» class
box

plasle (el
o con

Mask R-CNN [He et al. 2017

* PSPNet

-




I 02 uPSNet—A Unified Panoptic Segmentation Network

* CVPR2019
* Uber ATG
University of Toronto
The Chinese University of Hong Kong




I 02 uPSNet—A Unified Panoptic Segmentation Network

e Contribution

A/ Nbackbone+ N PNt H

RESSHITIES

RAFAR L (R SCAN S5 )

A end-to-end network: Unified Panoptic Segmentation Network

Backbone Network

Semantic
Head

Instance
Head

FPN Feature

{

logits

Class

ﬁ—[ Box

ﬂji] Mask logits

Semantic -

Panoptic
Head

—

y

Eﬁnopﬁc
logits



I 02 uPsNet—A Unified Panoptic Segmentation Network
* Instance Head (Mask R-CNN)

ttom-up  top-down
c(s)tnr:e(gz) bt
A :v_ g
0.5x M5 X3——>: P5 :
| Faster R-CNN
convé (C4) 2" w/ FPN [27]
sideig] : Nt class
,J_ Spsassinasacserces 7x7
f ma wo—> P4 TRatll x256 T11024 /_’r1024j}
ResNet i Rol L » box
———] =
i 121 A1 A1 S k= ko + loga(Vwh/224) .
X e 1 4
0.5 M3 xa—>»: P3 i
I g T ol [14x14 28x28] ||28x28
conv2 (C2) 2 Rol || X256 |x4 %256 %80
stride 4 —— 1xi—>»*
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I 02 uPSNet—A Unified Panoptic Segmentation Network

* Semantic Head

DC Upsample 1x1
Subnet Concat ‘ cgm,'l
1/4 scale Semantic logits
512-d FCN feature

P2, P3, P4, P5 P2, P3, P4, P5
256-d FPN feature 128-d FCN feature
Deformable Conv Deformable Conv Deformable Conv
—_— S ——  ——— —_—
3x3, 256 3x3, 128 3x3, 128

Deformable Conv Subnet (DC Subnet)

Deformable convolution
+ »  PSPNet

Multi scale feature cascade




I 02 uPSNet—A Unified Panoptic Segmentation Network

* Semantic Head

Deformable convolution

3 7. L ] @ [ ] L ] . e a
(a) (b) (c) (d)
input feature map output feature map
. DeepLab class-aware RPN Faster R-CNN R-FCN
deformation modules
mloU@V / @C mAP@0.5/ @().,7 mAP@().5 / @(.7 mAP@0.5/ @(0.7

atrous convolution (2,2,2) (default) 69.7/70.4 68.0/449 78.1/62.1 80.0/61.8
atrous convolution (4,4.4) 73.1/71.9 72.8/753.1 78.6/63.1 80.5/63.0
atrous convolution (6,6,6) 73.6/72.7 73.6/55.2 78.5/62.3 80.2/63.5
atrous convolution (8.8.8) 73.2/72.4 73.2/55.1 77.8/61.8 80.3/63.2
deformable convolution 53/75.2 74.5/57.2 78.6/63.3 81.4/64.7




I 02 uPSNet—A Unified Panoptic Segmentation Network

* Panoptic Head

maskj(/]\jj28*28 Kt Hereshape 5 X MW b-box

Instance head:

Semantic
—

head:

X thing

resue/pad — @

Xmaski: EEI Semantm%%éﬁﬁﬁ@ﬁi

HxW

Ninst N stuff

I

B 5% N b-box 1) K 2H A%

Panoptic
logits

{ train: FfRground-truth BB E LI EUE E
NlnSt

predict: Fimaskfy MR E



I 02 uPSNet—A Unified Panoptic Segmentation Network

e 8 Loss function

* RPN
box classification : cross entropy loss
box regression : smoth L1

 |nstance Head

box classification : cross entropy loss
, Py ROL Loss:
box regression : smoth L1
mask segmentation : cross entropy loss To put more emphasis on the foreground objects
* Semantic Head 1. use the ground truth bounding box of the instance to
pixel-wise classification loss: cross entropy loss crop the sementic logits map

ROL Loss: cross entropy loss
2. resizeitto 28 x 28

* Panoptic Head

. . . . 3. crossentropyloss computed over 28 x 28 patch
pixel-wise classification loss: cross entropy loss




I 02 uPSNet—A Unified Panoptic Segmentation Network

* Results on COCO and Cityscapes

Results on COCO (800 x 1300) Results on Cityscapes (1024 x 2048)

826 200 597 1200
180

424 - 1000

822 . 800
120 587

£ 100 600

80 582

4138 . 400

416 I - I I 200
20

414 0 572 0

UPSNet MR-CNN-PSP UPSNet MR-CNN-PSP

m Performance (PQ) ™ Runtime (ms)



I 03 Panoptic Feature Pyramid Networks

 CVPR2019
* Facebook Al Research (FAIR)

e Contribution

* asingle network for instance and
S e m a nt i C S eg m e ntat i O n ta S kS (b) Instance Segmentation Branch  (¢) Semantic Segmentation Branch




03 Panoptic Feature Pyramid Networks

* backbone

‘// /Z Vs

byx1024x1/32 byx1024x1/32 ALY A bex1024x1/32 > P4
bex1024x1/8 = 7280 1
e //// 7
byxS12x1/16 { S12ts byx512x 'llo /bx512x16 / byx512x1/16
T > 7 & t / ?
b_lx.?i()xll's bsx:Sle/S ‘x_‘ﬂbxl/ﬂ / b3:256xl/8 b x256x1/8
(a) Original (b) +Dilation (¢) +Symmetric Decoder (d) +Assymetric Decoder (FPN)

symmetric decoder asymmetric, lightweight decoder

top-down pathway has only one block



I 03 Panoptic Feature Pyramid Networks

* Instance segmentation branch

 The design of FPN same channel applies a shared network branch to predict a
refined box and class label for each region.

Faster R-CNN
— w/ FPN [27]
- bsx1024x1/32 7 4 |
,/;f'? /XIX256><]/32 i/ // %7 /| /| Class
7 ) A ; ! o Rot|| x256 T 11024 [J>{ 1024 |J box
/ / / /
¥ LseOkee /1x256x1/16 P )
\ b, 5 |
KII ¢ / /
bx256x1/8 /1:256x1/s
A 14x14| 28x28
Rol || X256 |x4 %256
(d) +Assymetric Decoder (FPN) /

‘X 4’ denotes a stack of four consecutive convs.



I 03 Panoptic Feature Pyramid Networks

* Semantic segmentation branch




I 03 Panoptic Feature Pyramid Networks

* LOssS

L =X (Le+ Ly + Ly) + AsLg

Xa mloU AP APsq APz PQ™ i mloU AP APsq pQ™
0.0 339 55.6 359 46.6 0.0 32.2 58.7 51.3
0.1 37.2 34.0 55.6 36.0 46.8 0.1 68.3 325 59.2 52.9
0.25 39.6 33.7 533 3555 46.1 0.25 71.8 32.8 59.6 52.7
Insta nce: 0.5 41.0 333 54.9 35.2 45.9 0.5 72.0 32.7 59.5 52.9
0.75 41.1 32.6 53.9 34.6 45.0 0.75 734 32.8 58.8 32:3
1.0 41.5 32.1 53.2 33.6 44.6 1.0 74.2 33.2 59.7 524
+0.1 +0.0 +0.1 +0.2 +1.0 +1.0 +1.1
(a) Panoptic FPN on COCO for instance segmentation (A; = 1). (b) Panoptic FPN on Cityscapes for instance segmentation (A; = 1).
Ai AP mloU floU PQ" As AP mloU iloU PQ™
0.0 40.2 67.2 279 0.0 74.5 55.8 62.4
0.1 20.1 40.6 67.5 284 0.1 274 753 57.6 62.5
Semantic: 0.25 25.5 41.0 67.8 28.6 0.25 30.5 75.5 58.3 62.5
0.5 29.2 41.3 68.0 28.9 0.5 32.0 75.0 58.2 62.2
0.75 30.8 41.1 68.2 28.9 0.75 32.6 74.3 58.2 61.7
1.0 32.1 41.5 68.2 29.0 1.0 33.2 74.2 57.4 614
+1.2 +1.0 +1.1 +1.0 +2.5 +0.1

(¢) Panoptic FPN on COCO for semantic segmentation (As = 1). (d) Panoptic FPN on Cityscapes for semantic segmentation (As = 1).



| 04 panoptic-DeepLab
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® CVP RZOZO z Semantic Segmentation
« UIUC (fRATHE R )E EN-EEE 43 1)

* Google Research

Panoptic Segmentation

e Contribution

* abottom-up . one-stage approach could deliver state-of-the-art
results on panoptic segmentation



] 04 panoptic-DeeplLab

* Difference between the top-down and the bottom-up

* the top-down methods(UPSNet, Panoptic FPN)

e Two —stage
e attaching another semantic segmentation branch to Mask R-CNN

* the bottom-up methods(Panoptic-Deeplab)

* One —stage
 semantic segmentation + class-agnostic offset regression



04 Panoptic-DeepLab

 Network
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] 04 panoptic-DeeplLab

e Simple instance representation

* max-pooling with kernel size 7 & 88 PoolH Ja RS AT KA FR, AF NS5 A H L
* top-k highest confidence scores are kept (k = 200)

* Simple instance grouping

e e m—————— -




] 04 panoptic-DeeplLab

e Post processing Semantic Segmentation

_ _ _ Foreground Mask
* generate the final panoptic segmentation result by

the "majority vote” proposed (% Al 22 5v0)

Instance Segmentation

Center Prediction

T

Center Regression




04 Panoptic-DeepLab

e Loss function

A= )‘SETTLESE?TL + }‘heatmapﬁheatmap + }"foSEt‘cﬂffSEt

£sea"n, ﬁheatmap ﬁoffset

distance between the predicted heatmap and mask



