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Problem formulation

Input:

I € ROV _ input image
L e [ly,...l,] — set of valid labels

Output:
M c LW _ labels mask




Datasets

STATIONARY VEGETATION

STATIONARY BUILDING

STATIONARY.
CAR
MOVING CAR STATIONARY FENCE

STATIONARY PAVEMENT

STATIONARY ROAD



Datasets

Dataset

KITTI

VOC PASCAL 2012
Cityscapes
BDD100K

ADE20K

Mapillary Vistas
ApolloScape

WAYMO

Labeled Images for
Training

200
2913
3478
8000
20210
20000
147000

600000

Classes

34

21

34

19

3169

66

36



Datasets
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Datasets




Evaluation metrics




Evaluation metrics

accuracy =

TP+TN

TP+TN~+Fp+FN

relevant elements

false negatives true negatives

selected elements

How many selected How many relevant
items are relevant? items are selected?
Precision = Recall =




Evaluation metrics

. 4 lAnB 2T P
che(A, B) =2 |A|+|B|  2TP+FN+FP

__ |AnB| TP

IOU(4, B) = |AUB| = TP+FN+FP
10U = Z?Eiie

ETT’OTtOtal — CO FP _I_ C]_ FN o Intersection and union of two sets A

and B




Architectures: In ancient time

groundtruth

classification




Architectures: CNN

e Cat (0.99)
Dog(0.01)




Architectures: Going deeper into ResNet18

6 10'0 260 300 400 500 600

Label: Sport’s car



Architectures: Going deeper into ResNet18

0 100 200 300 400 500 600

Label: Siamese cat



Architectures: FCN

forward /inference

_ backward/learning

“tabby cat”
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Architectures: Architectures to capture multi-scale
context
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(b) Encoder-Decoder (c) Deeper w. Atrous Convolution (d) Spatial Pyramid Pooling
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CNN: Encoder-Decoder
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Architectures: Deconvolution




Architectures: Encoder-Decoder
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Architectures: w. Atrous Convolution

Blockl Block2 Block3 Block4 Block5 Block6 Block?7
R > —_— —_— —_— I:l —_— 0 — 0O
output
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(a) Going deeper without atrous convolution.
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CNN: w. Atrous Convolutions

Convolution
kernel = 3
stride = 1
pad=1 ]
Input feature . .

(a) Sparse feature extraction

Convolution
kernel = 3
stride = 1

pad =2

rate =2
(insert 1 zero)

(b)



Architectures: Spatial Pyramid Pooling

(a) Atrous Spatial
Pyramid Pooling
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Architectures: All inclusive
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Loss functions

forward /inference
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backward/learning

— — —

L > 2

© o0 21
150 p0?7p0?




Loss functions

4_

Lcrg (pa y) = — Zi\i1 Yo,c log(po,C) 3

T T T 1 1 T
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probability of correct class



Loss functions

LFoca,l( :y) - Zi}il Yo,c * (1 — po,c)’y * log(po,c) 34

T T T T T T
0o 02 04 06 08 10
probability of correct class



Loss functions
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Results

DeeplLab V3 xception_cit: i
Lab V3 _cityscapes_trainfine (GTX980M,
Prediction time: 404ms (2.5 fps) AVG: 36éms (2.7M)fp|:)
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UNet: https://arxiv.org/abs/1505.04597

Deeplab: https://arxiv.org/abs/1606.00915
DeeplabV3: hitps://arxiv.org/abs/1706.05587
DeeplLabV3+: htips:/arxiv.org/abs/1802.02611

SegNet: nitps:/arxiv.org/abs/1511.00561

FCN: https://arxiv.org/abs/1411.4038

Grad-CAM: https://arxiv.org/abs/1610.02391

https://github.com/mrgloom/awesome-semantic-segmentation

Kaggle: https://www.kaggle.com/

ODS (@bes): https://ods.ai/ https://opendatascience.slack.com
Deep Learning BoOK: https:/mww.deeplearningbook.ora/
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