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INTRODUCTION OF APPLIED
COMPUTING AND MULTIMEDIA LAB

ACM LABORATORY
Adpvisor: Ching-Chun Huang (E 81 %F)
E-mail : chingchun@cs.nctu.edu.tw

Website : http://acm.cs.nctu.edu.tw/

Fanpage Facebook : https://www.facebook.com/Applied-Computing-and-  melll -
Multimedia-Lab-324057595098662/ e
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® Introduction of Projects
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.. INTRODUCTION OF ACM LAB

Current students p—
* 5 Master students
N ¢ 7 Undergraduate students

Ad Graduated students
* 16 Master students
(O] * 19 Undergraduate students

Taiwanese
students

International
students

Lab activities

Q

Current students
* 1 Ph.D.

* 2 Master students (Vietnam)
* 1 Postdoctoral Fellow

Graduated students
* 2 Ph.D.s
* 5 Master students
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® Introduction of ACM Lab

® Research Topics
® Introduction of Projects
® List of Projects

® International Laboratory Co-operation
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RESEARCH TOPIC

Au’ronomo& Vehicle
2016 ~ 2017, 2018 ~

Depth Completion
2018 ~

Parking Lot System
2013 ~ 2020

'
,{\

s@(

Estimate

S

Smart Sensing




Al Video Compression

Image /Video Restoration
2018 ~ 2021

5{(x.1) |x € image, € label}

(=) Soune imags (5VHN)
Transfer Learning
MNetwork

(&) Tagmetimags (WONIST)

T{(x) |x € image}

Compressed
Information A

) 9|23 -3

A .
Jic) Style-transferred images from sonnce
o target

.._‘ »

(d) Style-transfemred imagss from target

o souTce

Medical Image Analysis
2018 ~

Transfer Learning

2018 ~

/o;%o
'?@s G'<l/)

%, ..

i Sty

Smart Sensing ’o,) o

Machine Learning
Signal Processing
Computer Vision
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RESEARCH TOPIC 8 /

ry,

loT Wearable Device for

Localization and Guidance System

2018 ~

Smart Sensing

m TSMC Smart Office
2018 ~

Al System




RESEARCH TOPIC

Pilot helmet

with markers

Multi-Camera
collecting data

Pilot Training System
2018 ~

Virtual environment

Skeleton-based Human-Computer Interaction

2018 ~

Smart Sensing

Machine Learning
Signal Processing
Computer Vision

AR-VR




RESEARCH TOPIC

2018 ~

Cleaning Robot
2018 ~

Smart Sensing
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SMART TRAFFIC - PARKING LOT SYSTEM
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®* Goal:

deep learning method.

e —

av

—

®* Use a camera (or multi-camera) to detect the entire parking space with

Project Name : 28 X P /MEE U A FEERI R (MOST
105-2622-E-194 -008 -CC3)

Project Period : 2016/11/01 ~ 2017/10/31

Cooperation Vendors : THEEREEE. BFEBRDBEALE
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® Challenges :

distortion.

® Non-unified vehicle size and uncontrollable parking displacement.

-~

* Qutdoor lighting variation, inter-object occlusion and perspective

¢

14



Parking lot system demo : Sunny

Parking lot system demo : Rain

15




K ® Publication: /
\l\] ®* Hoang Tran Vu , and Ching-Chun Huang, "Parking Space Status Inference upon a Deep CNN and Multi-task

Contrastive Network with Spatial Transform", Submitted to IEEE Transactions on Circuits and Systems for Video

O Technology. Accepted (April 2018)

®* Hoang Tran Vu, and Ching-Chun Huang, “A Multi-Task Convolutional Neural Network With Spatial Transform For

Parking Space Detection”, IEEE International Conference on Image Processing (ICIP), Sep, 2017.

\ ® Ching-Chun Huang, and Hoang Tran Vu, “Parking Space Detection Based on a Multi-task Deep Convolutional

Network with Spatial Transform ", Computer Vision, Graphic and Image Processing (CVGIP), Aug, 2017.

® Chingchun Huang and Hoang Tran Vu, “Vacant Parking Space Detection based on a Multi-layer Inference

Framework,” IEEE Transactions on Circuits and Systems for Video Technology, May, 2016.

® Ching-Chun Huang, Yi-Ren Chen, and Hoang Tran Vu, “Vacant Parking Space Detection Based On A Hierarchical
and Semantic Classifier”, Computer Vision, Graphic and Image Processing (CVGIP), Aug, 2015.

® Ching-Chun Huang and Hoang Tran, “A Multi-layer Discriminative Framework for Parking Space Detection”, IEEE

International Workshop on Machine Learning for Signal Processing, Boston, USA, Sep, 2017.
16




K ® Publication: /
\l\] ® Ching-Chun Huang, Hoang Tran Vu, and Yi-Ren Chen, “A multiclass boosting approach for integrating weak /

classifiers in parking space detection,” IEEE International Conference on Consumer Electronics - Taiwan, Taipei,

O Taiwan. Jun, 2015.

® Ching-Chun Huang, Yu-Shu Tai, and Sheng-Jyh Wang, “Vacant Parking Space Detection Based on Plane-based

Bayesian Hierarchical Framework,” IEEE Transactions on Circuits and Systems for Video Technology. 201 3.

N\ ® Ching-chun Huang, Yu-Shu Dai and Sheng-Jyh Wang, "A Surface-based Vacant Space Detection for an Intelligent

Parking Lot", IEEE International Conference on ITS Telecommunications (ITST), Taipei, Taiwan, Nov. 5-8, 2012. (El)
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> SMART TRAFFIC - PARKING LOT SYSTEM

"AUTOMATIC MANAGEMENT OF ROADSIDE
PARKING SPACES BASED ON DEEP LEARNING,
GEOMAGNETIC SENSOR NETWORKS, AND LORA
COMMUNICATION?”




A
®* Goal :

®* We dare going to propose well-designed deep learning networks for

recognizing the sequential patterns of magnetic signails.

Project Name : JEFIIRE2E . HARGAHEER. ELoRaYEMEAA BRI ZFEEE
B &1k B EERMTIZE (MOST 106-2622-E-194 -006 -CC3)

Project Period : 2016/11/01 ~2017/10/31
Cooperation Vendors : TR . ERIFERIABREL T

19
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K ® Challenges :
\l\] ® Environment noise.

®* The diversity of magnetic signals due to sensor locations.

O
® The interruption from environment magnetic fields.

®* The variety of magnetic signals due to vehicle types
® The interruption by moving vehicles.
® The non-unified coordination of magnetic sensors.

®* The annoying magnetic responses caused by the status changing of

neighboring spaces.




/1

Not occupied

Occupied

SIGNAL

21
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®* Publication:

May, 2019 (Best Paper Award)

—

on-street parking space status inference”, Multimedia Analysis and Pattern Recognition (MAPR),

¢

® You-Feng Wu, Hoang Tran Vu, Ching-Chun Huang, "Semi-supervised and multi-task learning for

22
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SMART TRAFFIC — AUTONOMOUS
VEHICLE

“LANE DETECTION?”




\ ®* Goal : 4
\l\j ®* Create a robust vision-based lane detection and tracking in different ¢

/
scenarios.
O
AN :
g gl
A .—\
Front-view image Lane detection result

24
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K ® Challenges :
1\] ® Noises from various lane marking

O

Intersection, Curve lane

l * Shadows cast from vehicle, tree and building

25







® Publication: /
\l\\g ® Thanh-Phat Nguyen, Hoang Tran Vu, and Ching-Chun Huang, "Lane Detection and Tracking based on Fully /

Convolutional Networks and Probabilistic Graphical Models", IEEE International Conference on Systems, Man, and

O Cybernetics, Oct., 2018.

Thanh-Phat Nguyen, Hoang Tran Vu, Ching-Chun Huang, "A deep segmentation network and a probabilistic
graphical models for lane detection and tracking”, Computer Vision, Graphic and Image Processing (CVGIP), Aug.,

\ 2018. (Excellent Paper Award)

®* Chao-Yi Peng, Zhi-Yi Peng, Hoang Tran Vu, Nguyen Thanh Phat, Wei-Chen Chiv and Ching-Chun Huang , “A
robust bottom-up framework for lane detection in urban streets”, Computer Vision, Graphics, and Image

Processing (CVGIP), Aug., 2017.

27
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SMART TRAFFIC — AUTONOMOUS
VEHICLE

“TRAFFIC SIGN CLASSIFICATION?”
“VEHICLE DISTANCE ESTIMATION”




O

®* Goal :

®* Create system to detect the traffic sign on city street and estimate the

N, -2
\

distance between ego vehicle and other vehicles.

4

P

29
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K ® Challenges : /
\l\j ®* Traffic Sign Classification * Distance Estimation -

® |llumination ® Occlusion from other vehicle
O
® Various poses and viewpoints ® Various scale of vehicle from different
e Occlusion distance
RS TS B T
\ -~
- d N
.‘.\ -
[llumination Various poses
: - . | and viewpoints

Occlusion




Bz 34 A4

National Chiao Tung University

- (50)

/

6/06/24 16:02:17 42 km/h
N23* 30'0.4"E120° 27'0.5"

31 29 km/h

_ 201

i 4 16
N23* 29'33.3'E120° 27'8.8"
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® Publication:
\l\] ® Zhi-Yi Peng, Hoang Tran Vu, Wei-Chen Chiu, Ching-Chun Huang, Chia-Wen Lin, "Traffic Sign Classification Based

On Deep Convolutional Network With Domain Adaptation”, Computer Vision, Graphic and Image Processing

O (CVGIP), Aug., 2017.
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SMART TRAFFIC — AUTONOMOUS
VEHICLE

“DEPTH COMPLETION”
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®* Goal :
® Depth completion (

® Borrowing useful information from RGB image to complete the sparse

K\’ -7 /
\

depth image

DEN

Input (Proposed) Ours Ground truth

34




fy,

emerge in the depth maps

= Chqllenges

@ Solution: new depth representation, classification problem, cross entropy loss

® on color images cause undesired depth estimation results
@® Solution: disentangle only useful information from RGB image to complete depth

@ Solution: use both color image and sparse depth image

35
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® Result:

® Comparison with State-of-the-art Methods

—

Obs. Method REL! RMSE! tRMSE! 1.257 1.252 1 1.25% 1
Bilateral[27] 0.0844 0.4118 0.2539 0.9073 0.9412 0.9584

B Zhang et al.[13] 0.0877 0.3201 0.2284 0.9213 0.9588 0.9764
Ours(GDC) 0.0748 0.3043 0.2195 0.9247 0.9621 0.9794
Bilateral[27] 0.0494 0.2485 0.1710 0.9588 0.9757 0.9857

Y Zhang et al.[13] 0.0490 0.2484 0.1709 0.9588 0.9757 0.9856
Ours(GDC) 0.0470 0.2300 0.1636 0.9617 0.9786 0.9877
Bilateral[27] 0.2266 0.6974 0.4098 0.7560 0.8398 0.8781

N Zhang et al.[13] 0.2016 0.4714 0.3460 0.8113 0.9092 0.9492
Ours(GDC) 0.1567 0.4574 0.3332 0.9160 0.9134 0.9551

Comparison against state-of-the-art algorithms on ScanNet dataset. (units in m)
(B: GDT>0, Y: GDT>0 & RAW>0, N: GDT>0 & RAW=0)

Best result show in yellow.




® Result:

® Example depth complehon results on ScanNei test set.

!”‘_

Input

Ground truth

Estimate

Error

37
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N, -
®* Goal :
\l\j ® Learn Deep Image Structure Prior for Ultra-Low Bit Rate Image

Compression.

O

Deep learning based Compressed
Compression Model Information

Deep learning based ..
. Tranmission
Decompression Model
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® Challenges :

which prior information that deep learning model provides.

® The image quality is usually degraded at very low bitrate.

®* How to find out that which necessary information should be transmitted and

{

40
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Without fusion network, BPP: 0.577, MSE: 30.995, PSNR:
30.864, SSIM: 0.906, CMSSIM: 0.729, Lab: 2.45, RGB angle:

1.802.

(7], BPP: 0.489, MSE: 49.436, PSNR: 29.122, SSIM: 0.911,
CMSSIM: 0.537, Lab: 2.903, RGB angle: 1.805.

Wwith fusion network, BPP: 0.596, MSE: 28.503, PSNR:
31.451, SSIM: 0.911, CMSSIM: 0.762, Lab: 2.346, RGB
angle: 1.551.

Original
Image

BPG Result

()ur Result

41




K ® Publication: /
\l\] ® Ching-Chun Huang, Thanh-Phat Nguyen and Chen-Tung Lai, "Learned Prior Information for Inage Compression”, -

Workshop and Challenge on Learned Image Compression (CLIC), in Conference on Computer Vision and Pattern

O Recognition (CVPR), 2019.

® Ching-Chun Huang, Thanh-Phat Nguyen and Chen-Tung Lai, "Multi-channel Multi-loss Deep Learning Based

Compression Model For Color Images”, 2019 IEEE International Conference on Image Processing(ICIP), Sept. 2019.

42
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IMAGE ANALYSIS /RESTORATION -
TRANSFER LEARNING




7 4

®* Goal:
®* Use a deep learning framework to learn data relationship among g

different domains

Project Name :BENRFRESE . EEENES. B
HE‘ZLFHE:FE%M‘IE%’F}E

(106-2628-E-194 -002 -MY3)

Project Period : 2017/08/01 ~ 2020/07/31

Cooperation Vendors : 1TE Tl &R

44
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K ® Challenges :

1\) ® Lack of training data for new domain

® Transfer label and knowledge across domains

O

®* The negative transfer

® Partial transfer learning ACGHEER 910121~ .|

1

" Source oo

Disentangled
Network

<

Disentangled

Network

OrNEBRA A DK

45
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z & =
National Chiao Tung University

/ACM

B CMEHIREEY] O8N Al OWHRINES

w

(a) Source image (SVHN) (b) Target image (MNIST) (a) Source image (Syn. Signs) (b) Target image (GTSRB)
W . B = F — i . r:vi v ﬁ
1 92132 3]l 0l OB i AJQGIE\A
(c) Style-transferred images from source  (d) Style-transferred images from target (c) Style-transferred images from source  (d) Style-transferred images from target
to target to source to target to source

NOPEIEE @ (110 OBA Al SREEIWS

(e) Source’s common part (f) Target’s common part (e) Source’s common part (f) Target’s common part

&) ~HbibbbIM ®@xr AL @ﬂhﬂﬁ

(8) Source’s specific part (h) Target’s specific part (g) Source’s specific part (h) Target’s specific part




60.1+1.1
63.1
71.1
73.9
82.7

No converge

76.0
84.7

82.0
90.23
Experimental results on unsupervised adaptation

Without Lfeedback and LEntropy 75.22%

Without LEptropy 89.50%
Proposed method 94.78%

Experimental results on partial transfer learning between MNIST and USPS

47
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®* Publication:

® Vu-Hoang Tran, and Ching-Chun Huang, "Domain Adaptation Meets Disentangled Representation Learning and

K\) T
\

Style Transfer", |EEE International Conference on Systems, Man, and Cybernetics, 2019.

48
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IMAGE ANALYSIS /RESTORATION —
MEDICAL IMAGE ANALYSIS




O

® Goal:

® Build up a deep learning model for accurate and robust

\\
\

segmentation of abdominal organs on CT scan

deep learning model

<> P |
i \
- S (Y ow
\ L z on
CI G
=t }: o

Input CT scan segmentation of
abdominal organs

50
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National Chiao Tung University




@ 2 18 KW

National Chiao Tung University

Background Kidney (R)
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(
N, Y/
®* Godal :
1\) ® This system can automatically generate the parameter settings of AHU to lower g

the power consumption and satisfy the expected setting at the same time.

O Besides, this system could improve itself using reinforcement-learning.

(g
= -

l Outdoor Temperature ] ™ User

il

BA System

N

™

.

L0
L

\l

N Al System

/"
AY |\

y ==

R
ot
0

Project Name : Smart building system

Project Period : 2018

Cooperation Vendors : EEHIE BIR B ERIDBRE LA
54
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K ® Challenges :
\l\j ® The extreme and rare dataset problem :

®* The network tend to fit data with wrong tendency

O

O_X_AHUT1001_TS.PV
(7/3-7/17)

Maxoss : 11917322
Minoss : 001795657 . 5 50 75 100 125 150 175 200
0 500 1000 1500 2000 2500 til'l'lE'EtEl]S

timesteps

Fix environment, compare with different set points.

55
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K ® Challenges :
\l\j ® The extreme and rare dataset problem

® Rare and extreme data may leave too much uncertain space for the network

O

Correct solution

/\/\ —s Wrong solution




r
® Result:
\l\j ® Learning Property —
ol T W R |
—u”i_ﬂxl M

O

[ I ]

By M
in

Mean error: +- 0.125 degree

[y

3
0.5

expectation : 25
original setpoint

— Al setpoint

out door temperature
temperature near by window

indoor temperature
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® Result:
\l\j * Learning Property 4

O

Mean error: +- 0.25 degree

energy saving mode expectation :
25.25 degree(C)

original energy saving mode setpoint

—=—indoor temperature
simulation model based Al setpoint




| " ~
]
® Result: 4
\l ® Learning Pr s

Mean error: +- 0.25 degree

temperature setpoint
—out door temperature
—temperature by the window
N\ indoor temperature

. positive correlation
to energy saving

-
¥ expert controlling

Al controlling

The heat load increasing
moment / switch to working mode

59
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®* Publication:

Man and Cybernetics.

—

® Tzu-Yin Chao, Manh Hung Nguyen, Ching-Chun Huang, CHIEN-CHENG LIANG, Chen-Wu Chung,
“Online Self-Learning for Smart HYAC Control”, 2019 IEEE International Conference on Systems,

¢

P

60
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SMART BUILDING — MUSEUM
\ GUIDANCE SYSTEM




K ®* Godal :
1\ ® Achieve personalized guidance.

S ® Improve the efficiency and the quality of the museum services.
-1 \Q\\ b f‘(\ '“ N '\\,»" I V, F o
H AV it — D e S N i s s

EE20AR
EHWAR

Project Name : FEFAZ ERXAIBE O NIRERRABERM 2 EERN--FE1E2 - ERER
TR RERE ZEANAYEHBIT (MOST 104-2221-E-194 -044 -MY2 )
Project Period : 2015/08/01 ~ 2017/10/31

Cooperation vendors : 1T B &R 62
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® Challenges :

® Indoor localization under large scenes.

—

4

—

®* Need to consider user requirement and environmental conditions.

63
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SMART BUILDING — INDOOR
\ LOCALIZATION




O

®* Goal :

®* Wi-Fi signal based Indoor Localization.

K\) -
\

GPS

RSSI: Received Signal Strength Indicator (unit: dbm)

66




Indoor Environment \
B
o 0
o O
- ® o
KRSSI = -50 der kRSSI = -80 db@ _ : ' :
\_Signal received by different devices )
_Similarity Inconsistency .
~ N ) —
I I .
I I o
® ™
— g
o
o o
J
$ ]
Module Wi-Fi




7 —
mparisons on multiple devices — 4
Multiple devices (Training device: Asus, Lenovo — Testing device: Asus, Lenovo, Samsung) /
\l aining (60 samples/location) Testing (20 samples/location) |
0 0 0 O 0 0
O ®m o m ®m o @ A U @B B 0O @ B O @ B 0O H
0] = 0 O 0 0
“ <. B O @ O H O B O
0] O 0 O 0 0
[] [ O O 0 O
K K ? K K K
0] =
B O B B - @
(] 0
| O B O
0] 0O
[] [
K K

68
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Localization performance of comparison methods on testing round

( —
7ACH
® Result:
1\) * Multiple devices (Training device: Asus, Lenovo — Testing device: Asus, Lenovo, Samsung)

O

Samsung




K ® Publication: /
\l\] ® Wei-Yuan Lin, Ching-Chun Huang, Hung Nguyen Manh and Nguyen Tran Duc, "Wi-Fi Indoor Localization based on /

/] Multi-Task Deep Learning”, IEEE International Conference on Digital Signal Processing, Nov., 2018.

O ®* Hoang Tran Vu, Hung Nguyen Manh, Wei-Chi Chang, Wei-Yuan Lin, Hung-Sheng Cheng, Yi-Ning Chuang and
Ching-Chun Huang, “A Hybrid Method for Visitor Localization and Tracking in a Museum Environment,” The 9th
|IEEE International Conference on Ubi-Media Computing, Moscow, Russia. , Aug. 2016.

N\ o PRISHE, FHIKE, MIEHN, 2R, " EARESRABBEE2ZNEMERERE ", 20172ESE TEH
e, 28, 86, 11,2017

70
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SMART BUILDING — SKELETON-BASED
HUMAN-COMPUTER INTERACTION




®* Create a motion tracking system with multiple Kinects to track the user in

K\) - 4
N\ e '

/
S 360 degree (marker-free system).
L4
‘ _"'l"i;.‘\,
IR\
® Skeleton from ® Fused the ® Control the
each camera information 3D model

Project Name : BHE R TS ZXEBREZHMN T EEEHRH RN
Project Period : 2018/4/6 ~ 2018/12/10
Cooperation Vendors : B2 A7 1L} 8 5[5 72




> Chqllen

1\} *Sol

® Solve

|

:
i

-8 m
3 :__ el Front ' Back
: - view | view
= ; = l
/] Occlusion problem Left-right problem
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®* Publication:

OpenPose and a Probabilistic Tracking Framework,” |IEEE International Conference on Systems,

Man, and Cybernetics (SMC), 2019.

-~

® Ching-Chun Huang and Manh Hung Nguyen, “Robust 3D Skeleton Tracking based on

¢

75
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SMART BUILDING — PILOT TRAINING
SYSTEM (HEAD POSE ESTIMATION)




localization

r

® Estimate head position and rotation using code/marker based

Pilot helmet
with markers

Training Cockpit

Data processing Virtual environment




K ® Challenges :
\l\j ® High refresh rate estimation

® Multi-cameras data fusion

O
®* Wide range operation of human head




N

1\) ® Result:

3D Regis.




SMART ROBOT — CLEANING ROBOT




®* Goal :
® Simultaneous Localization and Mapping (SLAM)

* Automatically build a 3D map of the mobile robot’s surroundings.

® Simultaneously localize the robot.

e \xl"
{
&= )

|

"TWWR

wu

Project Name : IF5T& = E/*%ﬁ/\ﬁﬁiﬂ’,*g%%gkQIHH#E’LLEE.QL_LZEHL

(MOST 104-2622-E-194 -011 -CC3)
Project Period : 2015/11/01 ~ 2016/10/31
Cooperation Vendors : {ITHIZEI R El. EEEALZABRELDE]

81
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® Challenges :

®* Quickly estimate robot location

—

® Quickly extract the landmarks and build 3D map

/

-

82




\ ® Result:
1\ s td@ppLH
3 o

O - = e i By | 19 cmake_modules

et

result

party

S sh run_

viewer

(x=575.v=528) ~ R:47 G:47 B:47
|
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SMART ROBOT — UAV BASED DENSITY
ESTIMATION




O

®* Goal :

®* Given the crowd image, we build the Deep Learning model to estimate

\\ -
\

the crowd density map and count number of people.

Full-resolution density map
and crowd counting

AN e

Deep Learning Model

Number of people = 1095 individuals

85




O

Example of low-resolution density map

K ® Challenges :
1\) ® The significant scale variation in highly congested crowd

® The estimated density map has low resolution

Examples of high crowd density

86




® Re

Yera

@z 3

National Chiao

Est count: 670

GT count: 199

e 2
o\'o:.‘.
s TE 9 e
L 2s *"e ™
» . -

Est count: 175

GT count: 682

Est count: 736

87




K ® Publication: /
\l\j ® Van-Su Huynh, Vu-Hoang Tran, and Ching-Chun Huang, "IUMI: Inception U-net Based Multi-task

Learning For Density Level Classification And Crowd Density Estimation”, IEEE International

O Conference on Systems, Man, and Cybernetics (SMC), 2019.

® Van-Su Huynh, Vu-Hoang Tran and Ching-Chun Huang , "DaNet: Depth-aware Network For Crowd
Counting”, 2019 IEEE International Conference on Image Processing(ICIP), Sept. 2019.

88
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LIST OF PROJECTS

BEREZRESTE RN EFRERRERMN
FEFRM B RE B AR 238 2 = HEBABD R RB RN E L R
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2019/01/01 ~ 2019/12/31
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2018/01/01 ~ 2018/12/31
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2018/01/01 ~ 2018/08/31
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LIST OF PROJECTS
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2015/11/01 ~ 2016/10/31

2014/11/01 ~ 2015/10/31

2013/01/01 ~ 2013/06/30

2012/08/01 ~ 2013/7/31

2011/09/01 ~ 2011/12/15
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it &t
ERA

EHFA

THRER A, REEMRMAFRLE
TR A, REEMRAAHRAE
BEHE

TR D

TRZXMBAERR

90



O

LN
\

OUTLINE
® Introduction of ACM Lab

® Research Topics
® Introduction of Projects
® List of Projects

® International Laboratory Co-operation

\
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® Internship program. (Co-adyvising)

| INTERNATIONAL LABORATORY
CO-OPERATION

® Duration : 3 — 6 months

O

® Participants: senior undergraduate student, master student

® Master/PhD program. (Co-advising)

®* Number of applicants: 2-10 persons/year

-~

®* Number of applicants: 2 — 3 persons/year

® Visiting program.

® Duration : 3 — 6 months

®* Number of applicants: 2 — 3 persons/year

® Participants: Lecturer
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THANKS FOR YOUR LISTENING

FEEL FREE TO VISIT US:
http: / /acm.cs.nctu.edu.tw /

jAboutUs News | Member | Course | Research | ProjectList | Publication | Demo | Links | Private | Spomsors | Honor

1... Xem thém

""Semi-supervised and Multi-task Learning for On-street Parking Space Status Inference'" got Best
Paper Award at MAPR Conference 2019.
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Best Paper Award

Vlsua!l Computmg ford mpute
' 'Intelllgent Transportation System

In conjunction with IEEE AV8S$2019




