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¢ |nfrastructure-based solutions
e Need support from the parking site
e Usually, the vehicle needs to communicate with the infrastructure

Intelligent parking lots




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

J Parking-vacancy detection
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e Surround view camera system is an important ADAS technology allowing
the driver to see a top-down view of the 360 degree surroundings of the
vehicle

e Such a system normally consists of 4~6 wide-angle (fish-eye lens)
cameras mounted around the vehicle, each facing a different direction
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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 P, _,, , mapping a point from
the world coordinate system to the undistorted image coordinate system

 Decide the look-up tableT,_ ., mapping a point from the undistorted image
coordinate system to the fish-eye image coordinate system

i
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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

. I:)B ->W ! I:)W —->U I TU —>F .

a look-up table T, .
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o LEALE A AR IRAL

e Distortion coefficients of a fish-eye camera and also the mapping look-up
table T,_ - can be determined by the calibration routines provided in
openCV3.0

fisheye image undistorted image
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o LEALE A AR IRAL

e Determine B, _,

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

Xy = Ry_uXw

N

i=1"’

If we know a set of correspondence pairs {x,,X,, }

Py_u can be estimated using the least-square method

i
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o LEALE A AR IRAL

e Determine B, _,




(e)
Image is of the size 600x 600

< 10mx10m physical region
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e |tis 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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&9 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)

¢ SSD (Single Shot Multibox Detector) (ECCV 1016)

Accurate enough, fastest!
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(7] 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

[B75F RE B4 £ B



%, 0 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 |[fitis, decide the type of this entrance-line

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

.mm:-
m'-'m o

Typical samples of 7 types of local patterns



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
+ A R
(Q\fox\/% <°®ng @'b*
conv1 conv2 conv3 conv4 FCA1
m es s . 4 + RelU FC2
RelLU RelLU ReLU ReLU + dropout
48x192
image patch kell'nel: [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
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@@ 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 {ng } having different angles

Extract the two patches |, and Ig around A and B after
the direction is normalized

se BN

— % *
o =argmax {1, *T, +1,*T, |

0;
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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
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e Missing rates VS FPPI curves on the entire test set

= = 31.96% HOG+SWVM
—_—42.03% VJ
—31.40% HoG+LBP

= = 28.41% PLS

= 30.33% MultiFtr

- = 24.86% Roerei
—20.61% ACF+Boosting

— —(.35% Yolo-based
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e Statistics of the distances of the detected marking-points with the
matched labeled ones

ACF + Boosting 2.86+1.54 4.77+2.57
YoloV2-based 1.55+1.05 2.58%1.75



AR

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

Jung et al.’s method
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%

52.39%
56.16%
60.41%
70.96%
84.64%
98.76%
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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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o A1 B AT K H Nvidia Jetson TX2-F &
e HTensorRTAE & fT it 41T 5] &

: « 1s 4| plan 1
I m po rt TensorRT Optimizer Se r-lal-lze ”r,_rx
. .
Model See Engine .l (5] plan 2
. . . ' oX
® o r a.]
® O ~| Plan 3
Trained Neural . o
Network TensorRT Optimizer Optimized Plans
": Plan 1 De-ser]al1ze TensorT untime Depl_oy —
- a0 Englne it . Runtime EH —=/)
v ’xiz Plan 2 _ . :::1 : 0 Data center
P Ty ™
-y ®® I
*#| Plan 3 o T
Optimized Plans TensorRT Runtime Engine hitormofive B b
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o &A1 B AT Bl Nvidia Jetson TX2-F 4
e HTensorRT/E iz fT it 41T 7] &

Caffe UF Other Frameworks

TensorFlow

| RSN st } i

Model Importer ‘ o 5

TensorRT Optimizer

b . )
Runtime inference

° o
° o C++ or Python API
o ©

0



CH

s Caffe-SSDAE A 4% 3% 4 TensorRTAE B 5] &5 1& Bl 89 TensortRTHA A&~ : 3.0

TensorRT ¥ 7~ X #4489 W 25 & VAPlugin Layer®y i) R 4 5 4% 3%

SSD " 1% J| #] 49 Plugin Layer:
DetectionOutput
PriorBox

Normalize — 1% ] TensorRT#2 4% &9 plugin AP A%,
Permute
Concat (axis=2)
Flatten
Reshape - B % ITensorRTHIplugin Interface
Softmax (axis=2)

J\

O NOLULAEWN R

—
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Plugin Interface

getNbOutputs() IR 28I HAY TensorfYENE MR TE M BT ER
getOutputDimensions() SRENE H TensorfU4EE LR E X PTER
configure() IREMEESEH, BAEEE 5 |2 aIERT R
getWorkspaceSize() ¥R#EBatch SizelZBEGPUEF 5 | ZEME N ER
initialize() =171 PATINERIIR BT ER
enqueue() IONTRHFITEAS HATRTER
terminate() ERMEENIT HATIMERIEMER
getSerializationSize() SREVFRZ I ES I AN LN ER
serialize() L LN ER
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o ALF BARK M B A ATX2 Loy & I,

YoloV2 (416x416)
VGG-SSD (300x300)
MobileNet-SSD (300x300)
Pelee-SSD (304x304)

£9160ms
#3189ms
£9131ms
#J118ms

2970ms
#922ms
#£20ms
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B=ER-HXTTE

o ALAIE, Fbdrphotoshopid % B1%49S-curve
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& BRMR-HXGE

o ALAIE, Fbdrphotoshopid % B1%49S-curve
o HFAMH

o (E4 123 mE % (HE, CLAHE, Retinex) : 43T H X BIZ4 IE 94
, kR A E N

o o R XHH: RERSHALEARXE, AmF BT
e A TMEFINHEZX: ATI%, FE2ASHIPE
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&9 #(1109753%: ExCNet

e EXCNet has the following merits

e [t is the first unsupervised CNN-based ill-exposed image restoration
approach

e |t does not require pre-training and is image specific. Thus, it can be widely
applicable to different shooting scenes and kinds of lighting conditions

e EXCNet’s core idea

e The optimal S-curve of the input image is estimated by using ExCNet, a CNN

e Motivated by MRF, the loss function of ExCNet is designed as a block-based
loss function, which tends to maximize the visibility of all blocks while
keeping the relative difference between neighboring blocks

e With the optimal S-curve, the input image can be restored straightforwardly

i
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sEEAH: S-curve

e Scurve: AERILIEEZE, /&2 B4R L E T A K-F
o AIEIS-curve: ¢ A, AR A ARSI 0T =
1 —————

0.9f A
0.8 ®, ]

./ -
K
v

A\

output intensity

©C O 0 o0 o0 o o
= N W H O D~
|

] ] ] ]
0 01 02 03 04 05 06 07 08 09 1

input intensity
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&) 755585 S-curve

e S-curve: AERBBE THE, L B2 IR & T a9 K-F
o AIEIS-curve: ¢ A, AR A ARSI 0T =
e S-curve 2 F 4k

fx: s, dn) = x + s X falx) — pp X fa(1l —x)

fa(t) =ky -t exp(—k2 ' tk?’) (ki =5k, =14,k; = 1.6)
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&g A& S-curve
o S-curve: R ERIZF oL, LB F| L E T oy KF
o LA HYS-curve: P A, A& T ARG I T &
e S-curve 5 H AL :
fx:ds, Pn) = x + s X falx) — pp X fa(1 —x)

o K MS-curve: RHESEKI{ds, pr}
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&9 3£y ExCNet

o X1t B&Y: EE—FREIRI, NEZ A A S—curve 53K
o MZLAER: My

——
¥, E:@
~ o~ Y 4 -
h— 1 J4/ 2k
N 8 CNV ‘
\ A J
| |
RAESH & F M L& RIF T 12 B Loss
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&9 P340 EXCNet
o XIT By MEFE—RKEMI, ANELZEEEL P AT H R AES-—curve SR

o MBIER: HILH
e = NN . 7S 7*]5 - e . . .
o MM U : Loss®$——Block-based energy minimization problem

L= Zi(Ei +2 z E;))

JEQ()

« EEA—AM, E; AT, NAFK

o BONMUE TR S FBRAALI Ty E R T ARAR B Seifef o A8 X 5T b K
TA, FjiRA FiRaGaANFAR IR

o 5/ MU loss B3 FT VALE 3 Ao B AR 3R 69 2 7 =T LR 89 B) B, T AR ARAE
ABAR P A% 3 28] 649 3 b6 B
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&9) 7535410y ExCNet

o Xt By MEEF—RERI, KA EBEL TS H R MES—curve Sk
o FZAEZR: BN
o MY : LossyF——TAE;

E; = sign(l; —0.5) - (I = 1;)

o [ Folf AR B Fakz G BARIC % i3 69 -F 35 52 B

e [FISRTREIEN0.5, NIAELFEARIBERERE T

« ZL KT CIF) 0.5, f—=2 KT ChF) 0.5, MRz X/IF XA
BHRENMARATRE/BX
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ExCNet

o T HAY:
o MR
o RMAZS:

sHEE— R EARL, KA B @ E L+ A& R K S—curve 54k

745

Lossfy ¥ —— LIME;

E; = sign(l; —0.5) - (I = ;)

0.754

0.50 4

0.25 4

0.00 \

-0.25 4

02504 | 0.6 08

li
when [;=0.2

1.0

0.4
0.2
0.0

0

-(0.2
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when [;=0.7
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&) 3x#0): ExCNet

o« MZIER: A3y
« RMMZC: LossByi—AAE;;

o [; (I7) A=l (I7) R ki) e JR B AR R JG BARIS W &) -F 39 52 K AR
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« B RIAAL:
e ExCNet /& #F 2 /7 1% s £ S—curve
o | FS—curve Z 7 W% x K ilia
o Xt AR & K48 18 AR EL AP 0 B
o« B RAM:
o 3F T & —7K4032X 30245 #F F 49 1%, 1£3.0GHZ Intel Core i7-5960X
CPU #= NVidia Titan X GPUL4Ezk £, K% F £1.0s

i

B35 RE R FBR



EREIRIEHIXILLE

e CDIQA is a no-reference quality metric for contrast-distorted images, which can
be considered as a metric for richness of image details. Higher CDIQA value
roughly corresponds to higher contrast.

HE 2.8757
CLAHE 3.0602
Retinex 3.2021
Picasa 3.0667

Wisfilter 2.7608
Lapfilter 2.7790
Yuan and Sun 2.9451
Li and Wu 3.2494
ExCNet 3.2616
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e |deally, if the restoration approach does not violate the order statistics of pixel
values of the input image, the associated LOD (luminance ordinal distortion)
measure would be zero.

HE 4.4820
CLAHE 3.5214
Retinex 3.9602
Picasa 2.2694

Wisfilter 3.7365
Lapfilter 5.0398
Yuan and Sun 4.6261
Li and Wu 4.9643
ExCNet 2.8030
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