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— Agenda

Motivation Transfer Learning Web Application
Data Parked Cars Analysis Results
Algorithm Mobility Analysis Outlook
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Motivation

Bikers are on the same road
as cars, trucks and buses

Too many traffic participations

Infrastructure not well organized

Traffic flow is not fluent

No insight in parking spaces

Too many cars in the center
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— Goal

Become a smart city as a part of project
»~Smart City Model Projects: Urban
Development and Digitalization*

Final vision: Having a slower but fluent
traffic flow without disturbances
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Business Value

Prioritization

Vision1: Nobody
has to stop while

driving through
Kirchheim
(mobility Vision2:
T 2 complexity KP)  Kirchheim wants
- i Evaluation of to generate
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. duration)
= Webservice for ! m of
community: : cars and —_— —
analysis trucks
parking spaces 1 6 m ‘
(infrastr.
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Busstop  parking e
analysis  occupancy  index 2m dist.
mask use....)
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g“‘ I y App citizen:
Activities of Dm Reservation
sHopping 50 children of parking
spots
7
Implementation Feasability (easy - hard)

Parking Analysis

(Web) App Mobility Analysis
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— Data

L

18. February 2020 - 05. March 2020

24 hours/day
4595 videos

Low quality videos

640x360 resolution
8,7 GB

5 frames/second
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High quality videos

3840x2160 resolution
~800 GB

25 frames/second
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— Data

B B Compressed subset > @

18. February 2020 - 05. March 2020

24 hours/day
4595 videos

Low quality videos

640x360 resolution
8,7 GB

5 frames/second
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High quality videos

3840x2160 resolution
~800 GB

25 frames/second

24. February 2020 - 29. February 2020
Mon, Tue, Wed, Thu, Sat
07.:00-09:00; 12:00-14:00; 16:00-18:00;

Compressed videos

960x540 resolution
~11.3 GB

25 frames/second
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— Detection Algorithm
You Only Look Once - YOLOv3

fore non-max suppression
. o

I Non-max suppression
e ; i

3

preprocessed image encoding
(608, 608, 3) (19,19, 5, 85) Non-Max
Suppression
19 :{>
Deep CNN
reduction > 19
factor: 32

\ p. b b b, b, 00clssponaities

g g g g g
g g 8 ¢ ¢
£ 2 2 g2 g
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[class probability (p_), bounding box coordinates (b, by: midpoint, b, : height, b ,: width), detected class (c)]

Picture taken from: https.//appsilon.com/object-detection-yolo-algorithm/ 8 msg | KIMOTION


https://appsilon.com/object-detection-yolo-algorithm/

— Retraining

MOTIVATION

e Challenging camera angle

e Many false negative detection in the area
far away from the camera

e Overlapping objects

SETUP
e Google Colab - GPU (Tesla T4)
e No. of iterations = No. of classes x 2000

e Training time 10 - 25 hours (depending on
the no. of classes and given GPU power)
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LABELLING DATA

PRE-TRAINED WEIGHTS OF
CONVOLUTIONAL LAYERS

+

LAST FULLY CONNECTED
LAYER - RETRAIN WEIGHTS

v

NEW WEIGHTS
FOR CUSTOM DEFINED
CLASSES
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DETECTION OF PARKED CARS
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— Analysis of parking spaces

GOAL.:

Define the parking area

Count the number of free and occupied spaces
Prepare the output for analysis

Visualize occupation of parking spaces
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Data challenges

g NS i

Angle of the
camera allows
us to see cars

only parallel
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Big cars
overlap cars
behind it

12

Same frame
shown on
low quality
video

<

Cars in the back
parking area
hardly visible
Low quality
video affect
detection
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— Methodology

PARKED CARS TRACKING OF PARKING

DETECTION PROCESS

COMBINE BOTH
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— Parking Area

e Customer defined
parking spaces area =
region of interest (ROI)

e Parking spaces on the
right side priority

e ROl is defined with
coordinates of polygon
that is sent as an input
to a model
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e Cars detection using
YOLOvV3 weights
before transfer
learning

e Before: 9/11 detected
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e 209 pictures used for
labeling

e Critical situations with
overlapping

e Training time: 20-25h

e After: 11/11 detected
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— Detection only on the parking area

. I, _J!}-w:., ‘\ . - .v_:ﬂ" - 'C» ] ‘: ;
Cars detection on the ROI - O | ,‘

e Using YOLOvV3 and e ' U ‘
retrained weights on B i
the defined parking
spaces area

e Parked car = Center
of bounding box in
defined ROI
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—Tracking and Detection

Tracking of parking process §

e Tracking the cars
e Defined parking lines

e Counting parked cars
based on the
intersection of the
custom-defined
parking lines and lines
of bounding boxes of
cars

https./www.youtube.com/watch?v=33Rsl EN7FtE&feature=youtu.be
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https://www.youtube.com/watch?v=33RsLEN7FtE&feature=youtu.be

— Comparison of Accuracy

Accuracy =
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No of correctly detected cars on the parking space

No of ground-truth cars on the parking space

Video

Low quality %

Compressed
(Higher) quality %

2020-02-24 07:13:00 | 100 100

2020-02-24 08:05:40 | 100 100

2020-02-24 12:05:30 | 100 100

2020-02-24 13:06:40 | 87,5 87,5

2020-02-24 16:05:10 | 81,3 93,8

2020-02-24 17:11:25 | 88,9 100
19
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— Output and Outlook

parking spaces.head()

OUTPUT:
e Dataset used for the future analysis Dits tiss. s, piting, pied._sp
0 2020-02-26 13:01:22 8 10
1 2020-02-26 13:03:06 8 10
2 2020-02-26 13:06:28 8 10
3 2020-02-26 13:08:12 8 10
4 2020-02-26 13:11:34 9 9
OUTLOOK:

e Running data for longer time or on higher computer power

e Analyse the parking spaces on the different times of the year or during
holiday time.

e Change the angle of the camera to achieve the best accuracy.
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TRAFFIC AND MOBILITY ANALYSIS




— 3 Tasks of Mobility Analysis

HEATMAP VEHICLE COUNTING SPEED ESTIMATION
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— Heatmap - Detection and Marking of Objects

e Goal
— Visualize the moving behavior
of pedestrians and bicyclists

e Approach

1. Detect objects at every nin frame

2. Draw point in the middle of the
detection in a class-dependent color

3.  Compare supposed & actual tracks
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— Object Detection - Before & After Retraining

Before

AP-bicyclists: 0% AP-bicyclists:  47.29%
AP-pedestrians: 15.90% AP-pedestrians: 25.15%
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— Heatmap - Output

Output-Table (example):

Time x-val y-val class
2020-02-24 09:15:04 | 0.34 0.45 pedestrian
2020-02-24 09:15:05 | 0.35 0.47 pedestrian
2020-02-24 09:15:05 0.2 0.8 bicyclist
Outlook

e Train on 6 classes
e Direction detection
e Narrowing zone detection
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https://youtu.be/2VcakEroftE
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https://youtu.be/2VcakEroftE

— 3 Tasks of Mobility Analysis

HEATMAP VEHICLE COUNTING SPEED ESTIMATION
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— Vehicle Counting

e Approach
1. Detection- YOLOv3
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— Vehicle Counting

e Approach
1. Detection- YOLOvV3

2. Tracking- SORT
2.1 10U of 2 consecutive
frames
2.1 Index IDs attached and
tracked

SORT: Simple Online and Real-Time Tracking
IOU: Intersection Over Union
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— Vehicle Counting

e Approach
1. Detection- YOLOvV3

ngﬂ'i}iffic:

|

2. Tracking- SORT B Y =BUs B U
2.1 10U of 2 consecutive (FIUDKSY sig s g sl Uck 0 . 3k
frames i . o dly IR =
2.1 Index IDs attached and 4 -
tracked

3. Counter- Line intersection w.r.t
old and new midpoint
coordinates

https://www.youtube.com/watch?v=3K14KYX2Wa8
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https://www.youtube.com/watch?v=3K14KYX2Wa8

— Vehicle Counting - Performance

Observations:
e Trucks mostly detected accurately

e \Wrong detection of cars as trucks (5%)
e Sometimes bus goes undetected
e Good performance by SORT, Counting

inaccuracy mostly due to detector
inefficiency
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Vehicle No. of correct Ground Accuracy (%)
detections truth
Truck 47 50 94
Car 250 272 92
Bus 19 23 82

30
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— 3 Tasks of Mobility Analysis

HEATMAP VEHICLE COUNTING SPEED ESTIMATION
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— Speed Estimation

e Approach

1. Detection- YOLOv3
2. Tracking- SORT
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— Speed Estimation

e Approach

1. Detection- YOLOvV3
2. Tracking- SORT
3. Speed Calculation
3.1 Speed = (Distance in image) / (Elapsed time)
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— Speed Estimation

e Approach

1. Detection- YOLOvV3
2. Tracking- SORT
3. Speed Calculation
3.1 Speed = (Distance in image) / (Elapsed time) (X)

B pthne! S

Munchnu SU

.v’, &-%
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— Speed Estimation

e Approach

1. Detection- YOLOv3
2. Tracking- SORT
3. Speed Calculation
3.1 Cross-ratio computation

AC BC  A'C' BC
AD BD  AD' BD

Cross Ratio =
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— Speed Estimation

e Approach

1. Detection- YOLOvV3

2. Tracking- SORT

3. Speed Calculation
3.1 Cross-ratio computation in image and world
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| Cross Ratio =

C’_BC’
AD' B
AC' = v
AD' = v
B'C'= v

Munchner S"

B rﬁhc noei sxr en
= 1

Cross Ratio =

v
AD = v
BC =7
BD = BC + (AD — AC)

AD ' BD
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— Speed Estimation

e Approach

1. Detection- YOLOv3
2. Tracking- SORT
3. Speed Calculation
3.1 Cross-ratio computation in image and world
3.2 Speed = (Distance in real world) / (Elapsed time)

)
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— Speed Estimation - Critical Remarks

e \alidation unfinished => unavailability of the ground truth
e Violation of collinearity => some inaccuracy in the results

e More reliable and robust => Camera Calibration approach
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ANALYSIS AND WEB APPLICATION




— Parking Space Usage by Day

Parking space usage by day

e Parking spaces are Mondays and

20.0 1
saturday have a larger daily o
average of 9 0

5 &
v O

e On Saturday, parking spaces are
free with a lot of change

Number of Cars
—
o
=]

v~
o wn
:

Recommendation:
EEE Free parking spaces
BN Occupied parking spaces
4 f—l . mupw
Monday Tuesday Wednesday Thursday Friday  Saturday

™~
w

o
o

There is no parking space problem
overall
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—Parking Space Usage by Times of Day

e Monday to Thursday, there is an increased parking space usage, starting from 6:59
gradually increasing until 8:20.
On Tuesday, additionally, an increase between 11.30 and 12:30 can be seen.

e Inno point of time, all the spaces were occupied.

A
!

Weekday
16 { —— Monday
- Tuesday
14 | — Wednesday
— Thursday
—— Friday
2 12 { —— Saturday
3 —— Sunday
210
v
2
e
= 81
6-
4
06:56:40 0820 09:43:20 11:06:40 12130 13:53:20 15:16:40 1640 18:03:20

——  TUM | DATA INNOVATION LAB 41 msg | KIMOTION ———



— Measured Speed by Days

Class

e Saturday 17% higher average speed

measured z
e Consistency on busses' speeds o
throughout the measured days. £
e Saturday the road is used to drive E::

through instead of being a stopping

[
o

bus
N
I I B truck

location.
5
0
- > - > > o >-
g 3 £ 3 & £ 8
c ] ] ) = = c
7 = = 3 = = A
= S = =
-
Weekday
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— Measured Speed by Times of Day

Observation:
e [From 06:46 to 08:20, drivers tend to speed more on Monday to Thursday
Recommendation

e More speed checks in weekday mornings

70 {

m 4

1 u
§ |
1| MRl /Hl\ ‘ I ' ll’ W‘ !Mf i)
& - Wk ! ; | || 1 b |l (i ‘

y 1| [ ?", " ‘ l y }I \
20 A v ' ‘
10 1
06:56-40 0820 09:43:20 11:06:40 12330 13:53:20 15:16:40 16:40 18:03:20

Time
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— Heatmap for Pedestrians

e Made with Matplotlib library of
Python

e Pedestrians tend to walk near
the wall on the left sidewalk

e No pattern of pedestrians on
the street.

175

150

5

T
5]
=]

Pedestrians detected

Recommendations:

e Acrosswalk can be built

e |arger sidewalks on the left
side

3
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— Heatmap for Bicyclists

e Bicyclists often drive on the
left pedestrian sidewalk

e Bicyclist use the bicycle
parking station on the right

&

Recommendations:
e Create a bicycle lane

&

Bicyclists detected

20

10

——  TUM | DATA INNOVATION LAB 45 msg | KIMOTION ———



— Application

Parking Spaces Object detection

’arking space usage

e Python Dash library

Hourly average parking space usage

Daily average parking space usage

B Empty spaces
W Cars

e \Wrapped in a Docker
container for deployment

e Two Screens: Parking
spaces and Object tracking
results

Parking space usage by times of day

+ Mande
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https://youtu.be/dbIebzTdGIY

— Application

e Interactive heatmap for
pedestrians and
bicyclists

e Front-end filtering with
Plotly plots

e Daily and weekly
aggregations for speed
and parking spaces
measurements

Prvaniran
Pocyctng

https://youtu.be/SiO5ko1QPmMY
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— Conclusion

Close collaboration with customer lead to focussed and fast development
Optimized Object Detection through Retraining

High demand on computational power and time

Statistically reliable recommendations possible with more data throughout a
year
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— Future steps:

e Integration of all algorithms possible
e Extend functionalities to
o narrow zone detection betw. bicyclists and vehicles OR COVID-19 1.5m distance
o citizen app for parking occupancy prediction
o Parking lot analysis more accurate if camera is placed differently and parking lots are
marked
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THANK YOU !
Questions?




—— Backup Slides
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—YOLOvV3 Benchmark

backbone AP AP5() AP75 APS AP]VI APL
Two-stage methods
Faster R-CNN+++ [5] ResNet-101-C4 349 5547 374 15.6 38.7 50.9
Faster R-CNN w FPN [¥] ResNet-101-FPN 36.2 59.1 39.0 18.2 39.0 48.2
Faster R-CNN by G-RMI [6] | Inception-ResNet-v2 [21] 34.7 555 36.7 13i5 38.1 52.0
Faster R-CNN w TDM [20] | Inception-ResNet-v2-TDM | 36.8 0 39.2 16.2 39.8 521
One-stage methods
YOLOV2 [15] DarkNet-19 [15] 21.6 44.0 19.2 5.0 224 355
SSD513[11, 3] ResNet-101-SSD 312 50.4 33.3, 10.2 34.5 49.8
DSSD513 [7] ResNet-101-DSSD 332 533 352 13.0 354 51
RetinaNet [V] ResNet-101-FPN 39.1 59.1 423 21.8 42.7 50.2
RetinaNet [Y] ResNeXt-101-FPN 40.8 61.1 44.1 24.1 44.2 51.2
YOLOV3 608 x 608 Darknet-53 33.0 579 34.4 18.3 354 419
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38 W voLovs
—z— RetinaNet-50
~ RetinaNet-101
36 [c] Method mAP_time
{B] SSD321 280 61
aal [C] DSSD321 280 85
[D] R-FCN 299 85
m [E] SSD513 312 125
L [F] DSSD513 332 156
[G] FPN FRCN 36.2 172
E RetinaNet-50-500 325 73
| RetinaNet-101-500 34.4 90
30 @ RetinaNet-101-800 37.8 198
YOLOv3-320 28.2 22
| YOLOv3-416 31.0 29
28 YOLOv3-608 33.0 51
50 100 150 200 250

inference time (ms)
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Our Vision of Mobility Analysis

Outgoing:

s Cars:15
¢ Trucks:2
¢ Busses:2
*  Bycycles:

TUM | DATA INNOVATION LAB

20 km/h
46 sec

Incoming:

Cars:5
Trucks: 3
Busses: 5
Bycycles: |

53

® Pedestrians

Bicyclists

® Cars

\:l Supposed bicycle track
Supposed pedestrian
track
40 km/h: average velocity
21sec: duration crossing the city center

Frequent Stop and go zone
(velocity decreases to < Skm/h)

Narrowing zones betw.
Vehicles and bicyclists
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—— Vehicle Counting Analysis
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Distribution of vehicles

54

Tuck

Bus

\ehicle
mm Car
[ Bus
[ Tuck
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— Speed and Parking Space Aggregations

Weekday Class Speed

0 Monday bus 31.696429
1 Monday car 29.562825
2 Monday truck 29.477477
3 Tuesday bus 31.071429
4 Tuesday car 29.050574
5 Tuesday truck 30.756098
6 Wednesday bus 33.829787
7 Wednesday car 32.014991
8 Wednesday truck 32.978261
9 Thursday bus 31.892857
10 Thursday car 30.557563
11 Thursday truck 32.426230
12 Friday bus NaN
13 Friday car NaN
14 Friday truck NaN
15 Saturday bus 32.771429
16 Saturday car 36.509188
17 Saturday truck 37.619048
18 Sunday bus NaN
19 Sunday car NaN
- 20 Sunday truck NaN

Weekday free_parking_spaces occupied_spaces

—h

2

3
4
5
6

Monday 9.0
Tuesday 7.0
Wednesday 8.0
Thursday 7.0
Friday NaN
Saturday 9.0
Sunday NaN
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9.0

11.0

10.0

NaN
9.0

NaN
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