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e The surround-view is composed of the four bird’s-eye views (front, left,
back, and right)
e To get the bird’s-eye view, the essence is generating a look-up table
mapping a point on bird’s-eye view to a point on the fish-eye image
e Decide the similarity transformation matrix P, _,,, , mapping a point from the
bird’s-eye view coordinate system to the world coordinate system

* Decide the projective transformation matrix £,_,,, mapping a point from
the world coordinate system to the undistorted image coordinate system

 Decide the look-up table 7, _, ., mapping a point from the undistorted image
coordinate system to the fish-eye image coordinate system
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Bird’s-eye-view World CS Undistorted Fisheye

image CS ) w=) | image CS m—) image

| | | |
I Asimilarity matrix 1 A homography matrix | a mapping look-up table 1

l P | P | T |

B—->Ww wWw—-U U—>F

a look-up table 7;_ ..
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e Distortion coefficients of a fish-eye camera and also the mapping look-up

table 7,,_, . can be determined by the calibration routines provided in
openCV

fisheye image undistorted image
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e Determine £,

The physical plane (in WCS) and the undistorted image plane
can be linked via a homography matrix £, _

_PW—>U w
N

If we know a set of correspondence pairs {XUZ , Wl} oy

B, ., can be estimated using the least-square method
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e Determine £,

A set of point correspondence pairs; for each pair, we know its coordinate on
the undistorted image plane and its coordinate in the WCS

4 main — >

FAHW\2birdView2UndistListwndistimgs Choose Folder Read

Grid Coord X_|_Grid Coord ¥ L =
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Image is of the size 600x 600

< 10mx10m physical region
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Photometric coefficient

Adjust 4 areas in different channels
separately according to the photometric

AT Ax = Ax coefficient
E(x) = ||Ax||3 = xTATAx = 2

Homogeneous linear least square problem
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ROECS:
A Robust Semi-direct Pipeline Towards Online
Extrinsics Correction of the Surround-view System

ACM MM 2021 Paper ID: 1640
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e |nfrastructure-based solutions
e Need support from the parking site
e Usually, the vehicle needs to communicate with the infrastructure

Intelligent parking lots
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e |Infrastructure-based solutions
e On-vehicle-sensor based solutions

e Parking-vacancy detection
e Ultrasonic radar
e Stereo-vision
e Depth camera




e |Infrastructure-based solutions
e On-vehicle-sensor based solutions
e Parking-vacancy detection

e Parking-slot (defined by lines, vision-based) detection

ERaK ynpagnsing ¢ MaTopagyerop LNIP
Mnara pagHanpMEKHKKE » Bapbap manes ARK1

Marcpegysrap UNIP
Bapeep Sonswol ARK2

our focus
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(D Lin Zhang et al., "Vision-based parking-slot detection: A DCNN-based approach and a large-scale
benchmark dataset", IEEE Trans. Image Processing, vol. 27, no. 11, pp. 5350-5364, 2018.

2 Lin Zhang et al., "Vision-based parking-slot detection: A benchmark and a learning-based approach",
Symmetry, vol. 10, no. 3, pp. 64:1-18, 2018.
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e |t is not an easy task due to the existence of
v’ Various types of road textures
v’ Various types of parking-slots
v’ lllumination variation
v’ Partially damaged parking-lines
v" Non-uniform shadow

Making the low-level vision based algorithms difficult to succeed
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DeepPS: A DCNN-based Approach

e Motivation

v' Detect marking-points

v' Decide the validity of entrance-lines
and their types (can be solved as a
classification problem)
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Both of them can be solved by
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DCNN-based techniques
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) DeepPS: A DCNN-based Approach

e Marking-point detection by using a DCNN-based framework

e \We adopt YoloV2 as the detection framework
e R-CNN (Region-baed convolutional neural networks) (CVPR 2014)
e SPPNet (Spatial Pyramid Pooling Network) (T-PAMI 2015)
e Fast-RCNN (ICCV 2015)
e Faster-RCNN (NIPS 2015)
* Yolo (You Only Look Once) (CVPR 2016)
e SSD (Single Shot Multibox Detector) (ECCV 1016)

_ Accurate enough, fastest!
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DeepPS: A DCNN-based Approach

e Marking-point detection by using a DCNN-based framework
e \We adopt YoloV2 as the detection framework

e Manually mark the positions of marking-points and define regions with fixed
size centered at marking-points as “marking-point patterns”
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@9 DeepPS: A DCNN-based Approach

e Marking-point detection by using a DCNN-based framework

e \We adopt YoloV2 as the detection framework

e Manually mark the positions of marking-points and define regions with fixed
size centered at marking-points as “marking-point patterns”

e To make the detector rotation-invariant, we rotate the training images (and
the associated labeling information) to augment the training dataset




DeepPS: A DCNN-based Approach

e Given two marking points A and B, classify the local pattern formed by A
and B for two purposes

e Judge whether “AB” is a valid entrance-line

e |f it is, decide the type of this entrance-line

Local pattern formed by A and B
(48*%192)

size normalized
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DeepPS: A DCNN-based Approach

e Given two marking points A and B, classify the local pattern formed by A
and B for two purposes

e Judge whether “AB” is a valid entrance-line
e |f it is, decide the type of this entrance-line

We define 7 types of local patterns formed by two marking-points

et 1

Typical samples of 7 types of local patterns
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DeepPS: A DCNN-based Approach

e To solve the local pattern classification problem, we design a DCNN
model which is a simplified version of AlexNet

\ Nz
o o @
L LL Sy
¥ e R
(Qfox\/% (Qfox\gk ®®+
\ conv1 conv2 conv3 conv4 FC1
F S N @ N @ N + @ + RelLU £C2
RelLU RelLU RelLU RelLU + dropout
48x192
image patch ke.rneI: [3 9] kernel: [3 5] kernel: [3 3] kernel: [3 3] output: 1024 output: 7

stride: [1 3] pad: [2 0] pad: [1 1] pad: [1 1]

output: 40 output: 112 output: 160 output: 248

e Samples for slant parking-slots were quite rare, we use SMOTE!! strategy to
create more virtual samples

[1] N.V. Chawla et al., SMOTE: Synthetic Minority Over-sampling Technique, J. Artificial Intelligence Research 16:
321-357, 2002



@@ DeepPS: A DCNN-based Approach

e For a slant parking-slot, how to obtain the angle between its entrance-
line and its separating lines?

Prepare a set of templates {Tej} having different angles

Extract the two patches [, and /; around 4 and B after
the direction is normalized

A I.l




T

e We collected and labeled a large-scale dataset

e |t covers vertical ones, parallel ones, and slant ones

e Typical illumination conditions were considered
e Various road textures were included

e 9827 training images

e 2338 test images

e Test set is separated into several subsets

indoor parking lot 226
outdoor normal daylight 546
outdoor rainy 244
outdoor shadow 1127
outdoor street light 147
outdoor slanted 48

[B75F K=
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Wang et al.’s method
Hamada et al.’s method

Suhr&Jung’s method

PSD L
DeepPS

98.38%
98.27%
98.29%
98.38%
98.55%
99.67%

e Precision-Recall rates of different parking-slot detection methods

Jung et al.’s method

52.39%
56.16%
60.41%
70.96%
84.64%
98.76%

[E5F K
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e Precision-Recall rates of two best performing methods on subsets

indoor-parking lot (99.34%, 87.46%) (100%, 97.67%)
outdoor-normal daylight (99.44%, 91.65%) (99.61%, 99.23%)
outdoor-rainy (98.68%, 87.72%) (100%, 99.42%)
outdoor-shadow (97.52%, 73.67%) (99.86%, 99.14%)
outdoor-street light (98.92%, 92.00%) (100%, 100%)

outdoor-slanted (93.15%, 83.95%) (96.15%, 92.59%)
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Point X Y Z AX AY AZ AD

No.1 -3.61 -0.83 15.77 0.01 0.03 -0.04 |0.051
No.2 -3.60 -0.82 15.70 0 0.02 0.03 ]0.037
No.3 -3.62 -0.83 1575 0.02 0.03 -0.02 |0.041
Ref. -3.60 -0.80 15.73 0.022 0.041 0.054 | 0.075
Point X N Z AX AY AZ AD

No.1 -16.73 -1.77 35.08 -.0.06 -0.01 -0.03 |0.068
No.2 -1678 -1.77 35.07 -0.01 -0.01 -0.02 |0.024
No.3 -16.84 -1.77 35.03 0.05 -0.01 0.02 |0.055
Ref. -16.79 -1.78 35.05 0.079 0.017 0.041 |0.091
Point b4 ¥ zZ AX AY AZ AD
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Y(m) -17.07 -0.45 10.31 0 0 -0.04 | 0.04
Z(m) -17.06 -0.45 10.28 -0.01 0 -0.01 |0.014
Ref. -17.07 -045 102 0.014 0 0.046 |0.048

- BSSBAFIIBRER, JRURERSR, WEEFZE, HbE
el (—RFRERE=ELIL) , R TREEITEl

- FEHRAFNIESHER, EUNMASLICRIRASIR, XMALER
RIAZE 4R

- THMNRAERENSWIEE, ZEE—BHATSY, RERS
RRYERENLNR EFERMUE

« FEEINRERE10cmZ Y

al]
i
>+

i



@,

&) 2Eisrs: BB HEIEES

- BT EERNSARD R, BRBEFEUADZHNNREESH, FRLEMNTLIET TR
HBBRFENAIEE G EZERIRE

Parking Slot 1 2 3 4 5 6 7 8 9 10 11 12 Mean Std
Before 0.80 011 032 023 0.09 0029 021 0 020 027 025 019 023 020
AFter 0.18 0.18 0.074 0.073 0.09 0.060 0.11 029 0.077 0.060 0.073 021 012 0.072
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First row of parking-slots

@ Xuan Shao, Lin Zhang*, Tianjun Zhang, Ying Shen, Hongyu Li, and Yicong Zhou, "A Tightly-coupled Semantic SLAM System with Visual, Inertial and Surround-
view Sensors for Autonomous Indoor Parking", in Proc. ACM Int'l Conf. Multimedia, 2020

@ Xuan Shao, Lin Zhang*, Tianjun Zhang, Ying Shen, and Yicong Zhou, MOFIS, ,,,: A Multi-Object Semantic SLAM System with Front-view, Inertial and
Surround-view Sensors for Indoor Parking, IEEE Trans. Circuits and Systems for Video Technology, vol. 32, no. 7, pp. 4788-4803, 2022
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Tianjun Zhang, Lin Zhang*, Yang Chen, and Yicong Zhou, CVIDS: A collaborative localization and dense
mapping framework for multi-agent based visual-inertial SLAM, IEEE Trans. Image Processing, vol. 31,
pp. 6562-6576, 2022

Xuan Shao, Lin Zhang*, Tianjun Zhang, Ying Shen, and Yicong Zhou, MOFIS; ,: A Multi-Object
Semantic SLAM System with Front-view, Inertial and Surround-view Sensors for Indoor Parking, IEEE
Trans. Circuits and Systems for Video Technology, vol. 32, no. 7, pp. 4788-4803, 2022

Tianjun Zhang, Nlong Zhao, Ying Shen, Xuan Shao, Lin Zhang*, and Yicong Zhou, ROECS: A Robust Semi-
direct Pipeline Towards Online Extrinsics Correction of the Surround-view System, in: Proc. ACM Int’l
Conf. Multimedia, 2021

Xuan Shao, Lin Zhang*, Tianjun Zhang, Ying Shen, Hongyu Li, and Yicong Zhou, A Tightly-coupled
Semantic SLAM System with Visual, Inertial and Surround-view Sensors for Autonomous Indoor
Parking, in: Proc. ACM Int’l Conf. Multimedia, 2020

Xiao Liu, Lin Zhang*, Ying Shen, Shaoming Zhang, and Shengjie Zhao, Online Camera Pose Optimization
for the Surround-view System, in Proc. ACM Int'l Conf. Multimedia, 2019

Lin Zhang et al., Vision-based parking-slot detection: A DCNN-based approach and a large-scale
benchmark dataset, IEEE Trans. Image Processing, vol. 27, no. 11, pp. 5350-5364, 2018
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