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BEFEEENEREFNEBEETS, 2A41-59, BERERFNEBEESBENNEEIINEBR DEKEE.
BRIMNEGERER, W EEFHRXFTESFEEBESETM [1].

1. Tang,Y., Zhang, J., Liu, R.*, & Li, Y. (2022). Exploring the Impact of Built Environment Attributes on Social Followings Using Social Media
Data and Deep Learning. ISPRS International Journal of Geo-Information, 11(6), 325.
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2. Wu, A. N, & Biljecki, F. (2022). GANmapper: geographical data translation. International Journal of Geographical Information Science, 1-29.
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BAT1: Introduction
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i1RAF2: Theoretical Lecture 1
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iRA¥4: Hands-on Lecture 1
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1REf5: Hands-on Lecture 2 . B!

SCIt X B BT REFSE IWAT RS K . 3
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IEAF9: Academic Communication
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OpenStreetMap SESNEN-Drs TTEMIEEE
Googlefi =& BXDEIEE BN’
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52

* Classification and mapping of urban canyon geometry using Google Street View images and deep multitask
learning

* Exploring the association between street built environment and street vitality using deep learning methods
EX 5 E:

* Measuring daily accessed street greenery: A human-scale approach for informing better urban planning
practices

* Daily Accessed Street Greenery and Housing Price: Measuring Economic Performance of Human-Scale
Streetscapes via New Urban Data

= BOENTE:S

* GANmapper: geographical data translation
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1.1 SCI (Science Citation Index ) 4K

* HARSClI (=5IXHEE) @ 21961 FREERFERMRF (Institute for Scientific Information, ISI) €73
HXEieR TR,

* HTARFMWET (Impact Factor, EEA IF, EHNEX—HHNXEEBEFHHNIESIANAER, EHE
FARPTZWON— 1M ERET) .

* SCIEFIAMARTENKX (F SFFHAREAPTNNEREHERSIR, ARFRUILR IF WEREME)

X EEFMME TS % CatOneTwo: AIFIAIT I LW, HIF). HiRA S HIA

Bk, SCIHAFIO X o] LM SCl e X EE—SENMNME, 2XFE—KE
« DRAEFER
- FRANEATIIZBE A HEF
IAFE— LB %99 B L X /F R
HaERNRZRANERRESX (1K, itH Al) FIICRHRX (—H&KicH Q1) . AAE—FfhofgE 2| EEEHE
=B AT (Institute for Scientific Information, f@#R I1SI) B X (—f&IiEH Anl)

ELBE—NEFINDX (PRIFEFICR) —REZMmEF, L ISPRS International Journal of Geo-information 4431,
NBU T =%

« Web of Science (WoS) &F& JCR X E& & K&+

* LetPub EEFERFMNKX

o SCIHREDXEWR: B AXRS RREEXXEER PO XIR
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https://zhuanlan.zhihu.com/p/143270344
https://access.clarivate.com/login?app=wos&alternative=true&shibShireURL=https:%2F%2Fwww.webofknowledge.com%2F%3Fauth%3DShibboleth&shibReturnURL=https:%2F%2Fwww.webofknowledge.com%2F%3Fmode%3DNextgen%26action%3Dtransfer%26path%3D%252Fwos%252Fwoscc%252Fbasic-search%26DestApp%3DUA&referrer=mode%3DNextgen%26path%3D%252Fwos%252Fwoscc%252Fbasic-search%26DestApp%3DUA%26action%3Dtransfer&roaming=true
http://www.letpub.com.cn/index.php?page=journalapp

1.1 SCI (Science Citation Index ) 4K

<

ISPRS International ... ce.

2020 AT 9 KR ALK (X1T)

2020£E128178 %%

ISPRS International Journal of Geo-
Information

ISSN: 2220-9964

Review: &

HERFLFE 3 X

GEOGRAPHY, PHYSICAL E#A#hIE 4 X

REMOTE SENSING &/ 3 X

More

®

ISPRS International Journal of Geo-
Information

ISPRS Internafional Journal of Geo-Information is an international, peer-reviewed, open access journal
on geo-information. It is a journal of the |SPRS (International Society for Photogrammetry and Remaote
Sensing) and is published monthly online by MDPI.

. — free for readers, with article processing charges (APC) paid by authors or their
institutions.

« High Visibility: indexed within Scopus, SCIE (Web of Science), GeoRef, AGRICOLA, dblp,
Astrophysics Data System, Inspec, and many other databases.

« Journal Rank: JCR - Q2 (Geography, Physical) ! CiteScore - Q1 (Geography, Planning and
Development)

« Rapid Publication: manuscripts are pear-revigwed and a first decision provided to authors
approximately 25.3 days after submission; acceptance to publication is undertaken in 2.9 days
(median values for papers published in this journal in the first half of 2021).

« Recognition of Reviewers: reviewers who provide timely, thorough peer-review reporis receive
vouchers entitling them to a discount on the APC of their next publication in any MDPI journal, in
appreciation of the work done.

Impact Factor: 2.8398 (2020 ; 5-Year Impact Factor: 2.971 (2020)

_E Imprint Information i Journal Flyer Cpen Access  ISSN: 2220-9964
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1.2 HthEERE

Iy

Web of science X8 RE

Science Citation Index Expanded (SCI-EXPANDED) 401,111 O Emerging Sources Citation Index (ESCI) 19,635 0 Book Citation Index - Social Sciences & Humanities (BKCI- 5,225
Conference Proceedings Citation Index - Science (CPCI- 285,209 Conference Proceedings Citation Index - Social Science 17,689 SSH)

O S) O & Humanities (CPCI-55H) O index chemicus (IC) 3,330

Arts & Humanities Citation Index (A&HCI) 38,345 [ BookCitation Index - Science (BKCI-S) 9,662 O current Chemical Reactions (CCR-EXPANDED)

Social Sciences Citation Index {S5CI) 30,551

R BEIA 3RS NI OEIT):
* CSSCI (Chinese Social Sciences Citation Index): H 73R AKFHH AT E’\J“Eljiﬁ/z—:\ﬁlf}‘—ﬁli%fﬁlo
JEERARZEBEHAOEAT": Nk, EFEREREXDHPRNEN— ﬁF Y BRI B,

RiZOHATEMNERIEREBIETFE—K, FHR (ERZOATFIEXER) —
« CSCD (Chinese Science Citation Database): A ERZ R X ok Gk F

R ;\EIH‘H:I:[J ) (¢]

ASHITIR SR B RNT ;
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BEAZEIR (BAEZER) ELCSCD

Tsinghua Science and

SCLEILCSCD
Technology
EFAFFIR (BAEER) ELCSCD
EBOBRAFFIR ELCSCD
WIAFEFR (IFWR) ELCSCD
IRTAZFIROEFR) CSCD
Journal of Zhejiang University-
Science A(Applied Physics &  SCLELCSCD
Engineering)
Journal of Zhejiang University-
Science B(Biomedicine & SCI.CSCD
Biotechnology)
BRAFFREZLHT) CSCD
SEFREZAES) CSCD
OB AFFIR ELCSCD
IRRETIWAFEZR ELCSCD
FERFERART CSCD
EFFAFEXEFR) ELCSCD
FRAFZREZAHFR ELCSCD
EHERAEFR (BAEFR) ELCSCD
AEAZFIR (BAHD) ELCSCD
BHAFZIREAEER) CSCD
BNAZFIRAFR) CSCD
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1.26 265 86 Journal of Central South University
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133 83 16 WA FFIREAEFR
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199 124 Journal of Ocean University of
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4 ISSN CN L ISSN CN & ISSN CN
Building and Environment 0360-1323 ACI Structural Journal 0889-3241 ACI Materials Journal 0889-325X
Building Research and Information 0961-3218 Acta Geotechnica 1861-1125 Advances in Structural Engineering 1369-4332
Canadian Geotechnical Journal 0008-3674 Advances in Cement Research 0951-7197 Applied Clay Science 0169-1317
Cement and Concrete Composites 0958-9465 Building Simulation i U4 (3850 1996-3599 10-1106/TU Building Services Engineering Research and Technology 0143-6244
Cement and Concrete Research 0008-8846 Geotextiles and Geomembranes 0266-1144 Canadian Journal of Civil Engineering 0315-1468
Composite Structures 0263-8223 Indoor Air 0905-6947 Computers and Floncrete _ _ 1598-8198
Computer-Aided Civil and Infrastructure Engineering 1093-9687 International Journal for Numerical and Analytical Methods in Earthquake Engincering and Engincering Vibration 1671-3664
Compitts & Swridtines 0045-7949 Gévmeshisnics 0363-9061 Earthquakes and Slr}lclurés _ _ 2092-7614
Compuiersund Gegielinics 0266352X Journal of Civil Engineering and Management 1392-3730 Euro?ean Journal of Envuronfn.emal énd C'Ivll Engineering . 1964-8189
. - - T : Frontiers of Structural and Civil Engineering #5495 £ K T42
Construction and Building Materials 0950-0618 Journal of Composites for Construction-ASCE 1090-0268 B GEI) 2095-2430 10-1023/X
Earthquake Engineering & Structural Dynamics 0098-8847 Journal of Computing in CfV” E.ngmeermg-ASCE 0887-3801 Geotechnical Testing Journal 01496115
Energy and Buildings 0378-7788 Jogme] of Eartindes Brginertiog 13632469 International Journal of Architectural Heritage 1558-3058
Engineering Geology 0013-7952 dosoonil st bl il B giniciring UR3S-Jsnl International Journal of Concrete Structures and Materials 1976-0485
Engineering Structures 0141-0296 Journal of Rock Mechanics and Geotechnical Engineering % & 1674-7755 42-1801/03 International Journal of Structural Stability and Dynamics 0219-4554
Geotechnique 0016-8505 NFHEETARFHR R Journal of Energy Engineering-ASCE 0733-9402
Journal of Bridge Engineering-ASCE 1084-0702 Landscape Research 0142-6397 Journal of Infrastructure Systems-ASCE 1076-0342
Journal of Construction Engineering and Management-ASCE 0733-9364 Landslides 1612-510X Journal of Performance of Constructed Facilities-ASCE 0887-3828
Journal of Constructional Steel Research 0143-974X Magazine of Concrete Research 0024-9831 Journal of Sustainable Cement-Based Materials 2165-0373
Journal of Geotechnical and Geoenvironmental Engineering-ASCE 1090-0241 Marine Structures 0951-8339 Journal of Urban Planning and Development 0733-9488
Journal of Structural Engineering-ASCE 0733-9445 Materials and Structures 0025-5432 KSCE Journal of Civil Engineering 1226-7988
Landscape and Urban Planning 0169-2046 Soils and Foundations 0038-0806 Structural Design of Tall and Special Buildings 1541-7794
Rock Mechanics and Rock Engineering 0723-2632 Steel & Composite Structures 1229-9367 Structures 2352-0124
Soil Dynamics and Earthquake Engineering 0267-7261 Structural Concrete 1464-4177 Urban Ecosystems 1083-8155
Structural Control and Health Monitoring 1545-2255 Structural Health Monitoring-An International Journal 1475-9217 Wind & Structures 1226-6116
Structural Safety 0167-4730 Urban Forestry & Urban Greening 1618-8667 ¥ AR AR 1000-7237 11-2173/TU
Sustainable Cities and Society 2210-6707 KRR 1006-3862 11-3504/TU AT 16737237 21-1540/TU
THiri-Walled Striictures 02638231 W g5 TSR 1673-0836 50-1169/TU i 1002-848X 11-2833/TU
Tunnelling and Underground Space Technology 0886-7798 % KHEK 1002-8471 11-4972/TU AT 1002-8528 11-1962/TU
e — R TURA 1000.8553 TET s HH LALIT 1005-0159 31-1358/TU
SR A 1000-3363 | 31-1938/TU LRI 1006-0022 45-1210/TU e L S
EAHRER 10079629 7 B R AL 1673-9493 11-5583/TU i Tt C O
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1 |EHiFREmESLE UIA World Congress of Architecture ARG (UIA) IE| 22 |EW T EBEHES
2 | mARSERSW Jiemational Symposium on Asia-Pacilic | wmzk, Mk 24| 6 |ww g A%
\ International Symposium of History of . P ERHEEESE
3 [+ ERsEEELR fternational Sympos - T P B 3| 3 |wE A
4 | RERFXHEFER Arehitacture Comterence on East Asia REAFRAER 3F| 3 |
s The Asia Interor Design Institute Association | PE. B&. BE. DREEE. £EH. FEEA \ PEBRNELSEN
5 |EMEAEIHEASFES Annual (AIDIA) | REAETES il B Bt
6 |MEBRBA LTS S e e i Collegtate EEBHFRBA S (ACSA) 14| 4 |i¥E
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International Symposium of EBRA
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9 (#HAEHBERE LS World Planning School Congress (WPSC) R e e 54 o]
10 | IR S APSA Congress MRS S 24 |
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12 |dhsEmbiRfi s ACSP Congress B 24| 8 [¥FW
13 | BAESHCEAREIBEFUES | doora organsation (UNESCOy T | BABSH AR RFRAL 14| 30 |
14 | EFSRREBELES Eﬁﬁ;”ﬁggﬁ,':,g?”“c" on Monuments and EiF S s EES (ICOMOS) 12| 15 |pe
15 | & BEFEWHE T ITERE#H R A< | The * IFLA World Congress [ B SO i I EE (IFLA) 2% | 43 W PEAREkRE
16 | HBEFRETRE TP ERT LS | IFLA Eastern Region Congress B iR AR RSB (IFLAen 15| 40 |¥FW T ERREEES
17 zﬂﬁgﬁiﬂﬂﬂﬁﬁﬁﬁﬂjb%ﬁk The * IFLA North America Region Congress | IFLA 14| 40 |¥FHF FE A RE#ES
18 | B EEHEAREREET LS ECLAS IFLA 14| 60 |iF¥F o B AR
19 | FEXERWETIT=Es * ASLA Annual Meeting EEMWERIT T (ASLA) 148 | 120 |iF% PERBEERE
20 |“ERWHMEHEEERLES (db3E) |* CELA Conference JeERWAHGHHEERL (CELA) 1458 | B9 |
. The * International Landscape Architecture | FERRE#HF£L (CHSLA), HARRRE T
21 |#+EhEHEARERERTITS Symposium of China, Japan and Korea 2o 1| 9 |{F#H o B AR e
International Conference on Intelligent Green . .
2 | BWES. SERASRAPEXL | ond Energy Efciont Buiding (CIGEED) |7 REEH T 22| 3 [3w9 PEENES
23 | BERA SRR AR SN Decion o Technolomag oroen BUIING. | e rep 2 mBAR S U BB RA 2 3| 1|
24 |BRFHSEAYEEFREA LS International Workshop on Building PERHELRANES & 32| 8 |iww

Environment and Energy Efficient Building
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1.4 5. Y. =UHEEF

X frFEARSW

= L EH + HHLiY &il| 2 | LT M ffE
5 hIC AR EILEF ik | W Bl & 1
N s e Computer Aided Architecture Design . e .
25 | - B B R S B R B bRl Research in Asia (CAADRIA) _ TEM - EA SRR A 1#£| 6 |W¥
26 | BB R LS FEHD\rgg?mental Design Research Association e — 12| 1 |wx o BB 2 A
International Association for _ —
27 | NSFEFAEREL AL boople Emronmont Stuties (APS) ASFEFREGES 25| 13 |wE HERBIT N EL
T T T r—— A nual Convention AARRESKEIN | umer) Ramnzs 15| 64 | HERNES
29 | A 5HHSEEe A -BifELT e (MERA) A& )\5FEEE 14| 16 |HE o EFET RS
0 | EAHARILERES EHMRRITRERES (HEEN) BEE#HTEZS 14| 44 (#HE PR E e
M | BFthdEsEg s B i 2 s BA b E e 14| 45 |WH o E L
Seminar of JSPS-MOE Core University B E &g SR
32 | JSPS-MOE i sh S B He 2 BT i 2 Program on Urban Environment AAFARNS 14| 9 \HE HdF
N Annual Conference . e
33 | BEEHEESHAREE S of JSSD HZ& 7+ 1 v LR RFFo BAi#&it¥4 (JSSD) 14| 58 |W#H P E T e
3 | ZRTHEFRAS ENTHEFRKE T e Association 24| 32 |9 SETA
e Asian Design International Conference e e
35 (EMEiHEELS (ADC) 7 & 7 7 ¥4 v ERks BHigiEad 22| T |WH BTl iEitire
36 | EHBRBH LS RKS 7OTRET A v REkE THBRG 22 12| 5 |k Ez;ﬁﬁg*ﬁﬁ‘
ZAFERNERSTHEERMNERES | The USGBC's annual Greenbuild International
M umEn Conference and EXpo XERERARAS 15| 10 |¥H
38 | FREEEES Symposium of space syntax R4 e e e 2&£| 8 |WH
39 | mhmEssis International seminar of urban form HhEEEHFESEE (ISUF) 14| 18 |&#H
. - " Computer Aided Architectural Design Futures | _ - - B £ FEEE
40 | F i AR EE A (CAAD Futures) Eindhoven University of Technology 24| 14 % 35%)
. . " Association for Computer Aided Design In B £ 1 W (3
A1 | M S B B B S American (ACADIA) the state of Delaware 14| 30 A% 20%)
. . .. |Education and research in Computer Aided Department of Architecture Sint-Lucas ELFE(FE
42 | A ARV R R B B ST A S Architectural Design in Europe (ECAADE) Brussels/Ghent, Brussels 15 31 FFR 40%])
43 | RE T s The World Archaeological Congress 44| & |FEW
. International Symposium of Teaching and s
44 | SRR SRS AR R 2 Research on Architecture History _ 29| 4 | W
45 | ERLE Smart.geometry \FI)\I'I:::-F:} ;;;cg;:aggs Foster Partners AECOM 14 4 |BEWE
A6 | P AR T 240 Harvard urban design conference ZEr %R (GSD) 148 ﬁﬁg.'( Hig
47 |ERg ek Annual Acadamic Meeting of History of e - 34| 5 |ipaw

Chinese Architecture
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[+ EVE S . £ | 2 | WwICES HRa#Ex
5 PRI A BIEH B | 3 Bl LAY
Annual Meeting of Association for .
48 |PEE L ESES Archaeology of China TEELTEE 14| 14 |#HE
49 | Z2REHEEERSES Interior Design Educators Council Annual Interior Design Educators Council, USA 14| 49 |iFH gg%i*ﬁiﬁ
. . BEEZEARRTSES 2013 EHEZEAR | FE . TEBEHESEN
50 | AR AEFHES World Interiors Event Hififs. fXRehats # 3 | P L
s . . . . . . . . . PEBEHESENH
5 | REZEAEHELSES American Society of Interior Design Annual | American Society of Interior Design 148 | 37 |BW WitarL
. . International Federation of Interior International Federation of Interior . PEERHESEN
52 | BrE RS RRE A Architects/Designers Congress Architects/Designers 2| M | s
. " The congress International Habitat s BEEANEETER
53 |BEFEARIRESETERESW Engineering and Design BERABIRS®ITFe 2F | 1 |#HH YT
. . EERFA, #F
e Academic Form for Chinese Doctoral EERFHENLHDLE, HHBFAEESH .
54 | £EE L EFARIE candidates FAEW R 14| 10 |iF&H iiggﬂﬁﬁﬁ
55 | TEAFHBA 2l Lux Pacifica B RTESFREAHSS., FERRESS 2 e FE RS
56 |PHERH K CJK Lighting Conference pEEAHEL, HEBEHESELS 1 aai) P EE RS
8 HEFEBEHERE S International Commission on lllumination BHiFEHEE RS 4 27T |{¥Ed# o B B e
58 | HiFthE L International Geographical Union Conference | EHFHERE &< 1GU :E 32 | —
59 |EEHESLES Mational Geographic Society Annual Meeting | £ EE S L L HE| - |#HBE —
60 |t F=r e World Conference on Transport Research it A B T4 (WCTRS) i; 14 |#i% —
61 | EEFRIBIEES Transportation Research Board (TRB) Annual FETEF RIS E LA TS s | - |m N

Meeting

#hNFE:
[E757F K DigitalFUTURES: The International Conference on Computational Design and Robotic Fabrication (CDRF)
The Symposium on Simulation for Architecture and Urban Design (SimAUD)
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1.4 2. AY. EUEFEERFEFRAZIL
Name | Abstract deadline | Submission deadline | Acceptance notice | Presentations
Caadria 2022 (a, u, 1) 19 Sep. 2021 28 Nov. 2021 17 Jan. 2022 9-15 Apr. 2022, Sydney
eCAADe 2022 (a, u, I) 15 Jan. 2022 1 Apr. 2022 15 May 2022 13-17 Sep. 2022, Belgium
ACADIA 2022 (a, u, I) — 1 May 2022 1 June 2022 26-29 Oct. 2022, University
of Pennsylvania
— 15 Mar. 2021 4 July 2021 16-18 July 2021
10 Jan. 2022 (OPT) 21 Mar. 2022 24 Apr. 2022 25-26 June 2022
5 Oct. 2020 (OPT) 27 Dec. 2020 26 Feb. 2021 15-17 Apr. 2021
Space Syntax Symposium 15 Aug. 2021 10 Jan. 2022 1 Mar. 2022 20-24 June 2022
2022 (u, 1)
|CoGB International 15 Mar. 2022 15 Apr. 2022 10 May 2022 24-26 June 2022, Sweden

Conference on Green
Building 2022 (a)

2022FEHERENFSITE 2022E£4H6H 20224E5H29H 2022F6H12H 2022F 11 826-27H, R
MIZITFEFARAZREES (a, K=F
u, l)

(a: architecture, u: urban, I: landscape)
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https://senseable.mit.edu/
https://www.beijingcitylab.com/about-1/in-chinese/
https://ual.sg/
https://www.media.mit.edu/research/?filter=groups
http://researchgroups.pku.edu.cn/s3/zh_CN/index.htm
https://y-f-lab.jp/introduction_eng/message/message_eng.html
http://web.mit.edu/sustainabledesignlab/index.html

2.1 5 AKFEBCLIL R TR =

MREBEETE
()R

W A EE TS T L
AR AL

BHEIERIRT
BRI (=)

AR SR T (=2 [8))

MWILE:  https://www.beijingcitylab.com/

RI=1E:

Liu, X., & Long, Y. (2016). Automated identification and characterization of
parcels with OpenStreetMap and points of interest. Environment and
Planning B: Planning and Design, 43(2), 341-360.

Long, Y., & Thill, J. C. (2015). Combining smart card data and household

travel survey to analyze jobs—housing relationships in Beijing. Computers,
Environment and Urban Systems, 53, 19-35.

Long, Y., & Wu, K. (2016). Shrinking cities in a rapidly urbanizing
China. Environment and Planning A, 48(2), 220-222.
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2.2 It KFEI = K&

5SS RRATIRA
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pUfi]

TR ESHEH A

KEAR T 5 IR 2 (6] 4
BE5STENR, RS
SExRmME+&I, EEX
3t IB K IR L,
REMHSERAOMS EE
RINEARTFR S KB AR RIE,

MIEE: http://researchgroups.pku.edu.cn/s3/zh CN/index/2418/list/index.htm

RRIE:
Zhao, L., Song, Y., Zhang, C., Liu, Y., Wang, P., Lin, T., ... & Li, H. (2019). T-gcn:
A temporal graph convolutional network for traffic prediction. IEEE
Transactions on Intelligent Transportation Systems, 21(9), 3848-3858.

Liu, Y., Liu, X., Gao, S., Gong, L., Kang, C., Zhi, Y., ... & Shi, L. (2015). Social
sensing: A new approach to understanding our socioeconomic

environments. Annals of the Association of American Geographers, 105(3),
512-530.

Liu, Y., Wang, F., Xiao, Y., & Gao, S. (2012). Urban land uses and traffic

‘source-sink areas’: Evidence from GPS-enabled taxi data in
Shanghai. Landscape and Urban Planning, 106(1), 73-87.
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MREBFETE

T EIE SRR IR T AT
wit, BT RERI A
. IR SERRITHE R
ZE, HEIETRITED T
RENEEUDTERFE

7,

MNASEIGZERITT : https://www.tjcud.cn/

RI=1E:

Ye, Y., Li, D., & Liu, X. (2018). How block density and typology affect urban
vitality: An exploratory analysis in Shenzhen, China. Urban
Geography, 39(4), 631-652.

Ye, Y., Richards, D., Lu, Y., Song, X., Zhuang, Y., Zeng, W., & Zhong, T. (2019).
Measuring daily accessed street greenery: A human-scale approach for

informing better urban planning practices. Landscape and Urban
Planning, 191, 103434.

Ye, Y., Zeng, W., Shen, Q., Zhang, X., & Lu, Y. (2019). The visual quality of
streets: A human-centred continuous measurement based on machine

learning algorithms and street view images. Environment and Planning B:
Urban Analytics and City Science, 46(8), 1439-1457.
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2.5 MIT BEeHIE T 32

| gl senseable

ttps://senseable.mit.edu/

wll b b city lab.

Lirban imagination and social i ti The real-time city is real' As layers of networks Not bound by the methodologies of a single MIT’s Senseable City Lab is against racism and
through design & science and digital information blanket urban space, field. the Lab is characterized by an omni- all forms of discrimination. We encourage
new approaches to the stndy of the built disciplinary approach: it speaks the langnage of applications from minorities and other nnder-
environment are emerging The way we describe designers, planners, engineers, physicists, represented groups. Apply today and join us in
and understand cities is being radically biologists and social scientists. Senseable is as our mission of making cities more diverse and
transformed —as are the tools we nse to design fluent with indnostry partners as it is with inclusive.
them. The mission of the Senseable City metropolitan governments, individual citizens
Laboratory—a research initiative at the and disadvantaged communities. Through
Massachusetts Institate of Technology—is to design and science. the Lab develops and
anticipate these changes and study them from a deploys tools to learn about cities—so that cities
critical point of view. can learn about us.
Projects
Y Fs . r "
? - T e
Senseable ' . ' »
i e o
Amsterdam 4 - s b L
Laboratory Fi y -l
: o
Senseahle Amsterdam Lab Space Bubbles Stockhobm- 19 Roboat Pointiest Path Sensing Light ‘Wanderust Liminal Chettos Favelas 4D Diversitree Stockholm Flows Senzeable City Guides Rebound City Ve
2022 2022 022 2 Falvil nn 2021 lira) 201 liFa) N1 liFa) Falvil nn 2020
Consortium Publications News Letter Positions Researchers
. . . ) . - 2022 )
More information on joining our research —= Understanding archnecture age and style ~+ Apply Here Carlo Ratti
efforts, through the _Ser.se.able CityLab ) ;th:gih f:e-p Ia:rr:;ng —_ We always seek outstanding candidates from .:.s;_a"s'de"'nar'
Consortitmm can be found here. Current and un, b, Zhang, F., Duarte, F, Ratti, C. 203 a variety of backgrotmds besides our specific p: oll'z S:::9
past members of the Consortinm include: 2020 poﬂ:..c'l:m.opeu.i.u‘n_;s. “f‘a .=_ﬂ.c.o1:|.rag.e J:nl:—:-‘to Fugiglando
c — —= Favelas 4D; Scalable methods for — 2019 applications from minorities and other
— Current " TS marphology analysis of informal settlements — 2018 under-represented groups. Apply today and Rose Silva
Companies ) ) using terrestrial laser scanning data 2017 join us in our miszion of making cities more Paulina Sterpe
FAE Technolagy, Miphap, Samao Architacts Salazar Miranda, A.. Du, G.. Gorman, C., 2015 divarse and inclusive.
& Engineers, GoAigua, DAR Group, Ordinance Duarte, F, Fajardo, W, Ratti, C. —s Affiliate Scholars
Survey, RATF Anas S.p.A., ENEL Foundation
tes and Regions Subseribe to our newsletiar Pastdoctoral Researcher s Current Researchers
Helsinaborg, Regions Friuli Venazia Gilia | Timur Abbiasov, Lorenzo Benedetti, Tom
ghorg, Heg e 2 — The cost of non-eoordination in urban on- Media Postdoctoral Researcher Benson, Daniel Carmody, Claire Gorman,

Laval, Stockholm, Amsterdam

Research Partners

Weizmann Institute of Science, Universidad
Autdnoma de Occidente, Instituto Politecnico
Nacional, Imperial College Londen, Universita
di Pisa, KTH Royal Inatitute of Technology,
UTEL - Universidad de Ingenieria y
Tecnclogia, AMS Institute

—+ Past Mambers

demand mobility
Kaondaor, D., Bojic. L, Resta, G., Duarte, F, Santi
P. Ratti, C.

Indices Since 2004
Citations

hindesx

i1lHindex

—s Un progetto italiano per riscaldare Helsinki
con le fortti rinnovabili

—s How the Internet of Trees can make our
cities greenar

Postdoctoral Researcher

Postdoctoral and Research Assistant
Positions

Postdoctoral Position

Niklas Hagemann, Cate Heine, Nikita
Klimenko, Yuki Machida, Martina Mazzarello,

Simone Mora, Les lo Nicoletti, Oluwatobi
Oyinlola, Sanjana Paul . James Rodriguez,
Sadegh Sabeuri, Arianna Salazar Miranda,
chtner, Marc-Edouard Schultheizs,
Shipman, Maoran Sun, lacopo Testi,
You Xuan Thung, Ye Tian, Titus Venverloo, An
Wang, Tien-Chun Wu, Fan Zhang, Qinmin
Zheng
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2.6 MIT IRIASLIE =

ISZ=RTA: https://www.media.mit.edu/research/?filter=groups

E'I o 1

Groups Projects Publications Centers Initiatives

I : I affective E I = camera I E city
computing biomechatronics culture science

ﬁ conformable I fluid I EI future human
E decoders L interfaces sketches =

dynamics
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2.7 MIT O R iTSCS = s0e=Mm: http://web.mit.edu/sustainabledesignlab/index html

Mir SUSTAINABLE DESIGN LAB

Home | Projects | Publications | Teaching | Software | News | People

News & Features

Khadija Benis wins Andre
Jordan Award 2020 more>>

ClimaPlus | Climate-responsive design for everybody

090000

Welcome to the MIT Sustainable Design Lab. We are an inter-disciplinary research group with a grounding in architecture \:U Q‘a"‘f”i”ece“"i?
Honorable Mention in Fast

that develops design workflows, planning tools and metrics to evaluate the environmental performance of buildings and Company’ s World
Changing Ideas 2020
neighborhoods. Software tools originating from our lab are used in practice and education in over 90 countries. more=>

Our goal is to change current architectural and urban planning practices by developing, validating and testing analysis
methods that lead to improved design solutions as far as occupant comfort and building energy use are concerned. The
premise of our work is that a more informed design process will lead to better design choices and therefore better

35

performing buildings and cities.
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2.8 NI E I KW T R = ST https://ual.sg/

NUS J{ uter
‘Wr‘. el lﬂ,J analytics about > news publications geospatial resources~ opportunities™ contact Q
& of Singapore n lab

Urban Analytics Lab

Geospatial and 3D urban modelling
research group at the National University of

Singapore

SYSMIrC)

Feel free to follow us on Twitter or through our RSS feed.

Updates from our group r\{ew !)aper. 3D.bUI|dIng recorjstructlon from single street Il |
' view images using deep learning i

A new approach to generate 3D models while tackling the common issue of - g"g

obstructed objects in street-level imagery. I- - ‘4
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cifarf3&10 025, 45l Zairplane, automobile, bird,
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airplane, automobile, ship, truckB{E3 B T A, bird,
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EENMELI0OFERRAHLY, XFEEYISVM and K- IR HIEK-
nearest neighbors (Fl#%%>)) #WEANLEREZ, USVMAREKNTT
%, TR FEHRFHEBEEMNISTY K ERKERE] 70.56%, KA
NBEMMEME (REFS) ARFKNTTE, RlleNetZRFIMELS,
LeNetMZZPEA T19944F, BLIT L RIERTH 1 1998F HILeNet5,
AT 2 FBEAIARA .
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Artificial Intelligence

o

Any technique that enables computers
to mimic human intelligence. It includes
machine learning

Machine Learning

A subset of Al that includes techniques that
enable machines to improve at tasks with
experience. It includes deep learning

Deep Learning

Hl A subset of machine learning based on
neural networks that permit a machine to
train itself to perform a task.

U mnmmmgommey
AT#HEZEM4 (ANN)  E XM (GAN)
PEERTHLZ M 2% (RNN) Transformers
SIRMZ M (CNN) 3
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297 Jaffe Rd

Hong Kong, Hong Kong Islan

An example of street canyon in the Hong Kong Island area. (Source:
Google Maps, 2017).

“Subjectl+Verbl+SP1. Subject2+Verb2+SP2”, HHSP1fISubject2f=4 2 X
FRIBKE.

Background

With the acceleration of urbanization, the sustainable
development of urban environments faces many
challenges, such as the urban heat island effect, air
quality deterioration, and urban greenway design. Many
of these challenges are closely related to prevailing high-
rise, high-density residential and commercial
development in downtown areas, which has made urban
canyons, (also called street canyons), a growing concern
over the past decade. An example of a street canyon in
the Hong Kong Island area is shown in Fig. 1. Researchers
have paid increasing attention to the impact of high-
density built environments on microclimate conditions,
including the local temperature, wind conditions, and air
quality. Street canyon classification based on its
geometric features has become an important basis for
microclimate research in high-density areas.

Hu, C. B., Zhang, F., Gong, F. Y., Ratti, C., & Li, X. (2020). Classification and mapping of urban canyon geometry using Google Street View images 4

and deep multitask learning. Building and Environment, 167, 106424.
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fir (B0, MdE. RE). H, RABEM)SRAEEWRLEMEL. SELH=-WE FARRT AR EHERS

AT ILEARSH— M ERRER.



ETH-WHIGSVyr &R 5SS AT HHEAIEL 3L

[Lat, Lon] [22.4533, [22.3293, [22.3134, [22.3287, [22.2675,
113.9705] 114.1434] 114.2252] 114.1654] 114.1839]
(a) Field g ' ¢ “,
H/W H/W=0 H/W=0.98 H/W=1.22 H/W=4.50
(b) GSV- 7
based
H/W 0<H/W<] 1<H/W< 2<H/W<4 HW=>4
North-South orientation ‘West-East orientation
[Lat, Lon] [22.3173, [22.3199, [22.2843, [22.3276, [22.3263, [22.28637083,
114.1698] 114.2119] 114.1535] 114.1607] 114.1819] 114.1510025]
(a) Field _ " ' E o3
Survey ’
1 A '3
[H1, H2, W] [87.90.22 [42.4. 26] [26.40. 7] [29.18.14] [12.23.32]
(b) GSV- g
based
HEADING [180.0] [180.0] [90.0] [270.0] [90.0]
AsystmelEy HI = H2 HI > H2 HI < H2 HI > H2 HI < H2 HI = H2
or symmeftry

ERARRERERSNAANEES
DANEFEI00N R, EEEWIEIH S
(&R, TREFNSBRERRINE,
WIE2R D RER,
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- Kdometess

Kowloon and Hong Kong Island

Legend

Aspect Ratio

H/W

0 < H/
1 < H/

@
@
® 2<HN
@
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Rating Rating Instruction Reference Image

5 Very high stay willingness
4 High stay willingness
A gt 43 M4 61 =2 =34 4=
AR EHRHOEMEBREBETIT,
3 General stay willingness
7 A1-5, 5135
2 Low stay willingness

1 Very low stay willingness
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(4203 B RE, EP70uB TR, 2008 T,
10%FHFEE) , HBIF=UEZEHIMURFEHENE
THIBXF X & B R H 1T

B3R, KT A REHAICNNIZR, NDenseNet-121,
SENet-154. ResNeSt-50dfllInception-v4, FFELbiR 7 M4
ETCNNH D SRR AERMRITER (B2) . &/,
E%ﬂ?ﬂ’a%%ﬂ’qﬁﬁx (78205 #yiE

=&) B, fE£MAInception-vARE#HTT 7 E R EHIHI
Ealid

¥ T Inception-v41EHY

FEFUN1RI 5K IFB RIS, Inception-vAIRE A ERE S
FIEZE|62%, 65%. 74%. 53%F179%,



)

9~

N

N,
-

WREHENEEER

AY

=

)

xf k

8
/
> .
s.
2L S
.o L] '
B o0y B .
e u
c.. a
B .
. .
d
~ -
-
| 1
- . o
1 0w N e
e — e e
.4 . o
T
.
.

wn
A 1 e
4.0 . 4
YA\ e <
\ ) &
. ¥ f A
Mo K, ¢ Fan | S\’ @
/. . \. |
R s et RS Y ™
™ - 8
. » ’
o2 4
A . R
- > .
- . as o , v
R e AR N
L y . .y
™ 4 -Q A
.. » - \
T e
.-b.a o L o I . ‘o
- - - -
®w X o «—
e vm Ok o
W ’ - DO ang o %Y \\ .
v o -vo { .
o & e .'...x.o.‘ w8 O 5 -4
b - » e Y . ..‘\
- A .v. .. L™ -.). . N
A ‘\.-.lv. v.*- 53 -’; ¢-3'-...' r..f o\
uc . - e Y S ‘..a -c‘ )‘ﬁ,
¢ % . - " e \
* ‘\n. v ﬁv. tn.o.. .v/..o.tn.-(
= & S h » -
< » lr.u K ..Aﬂjhﬂ e » 4 Fe lu J g
S TR o By by s
5 vM.,.O e o.FL l.‘...... - TR
\ 6 ot E 5. " i Aok Nt »
't-l..L .v-\Q. o Y .‘ - A..V«.«.. O s - »
¥ R S N2 B W Pt
A Y A : * B S -
R N
o1 -. e .4 ﬂ .{J\l\l.,-co oS St
. - - R ..l " .v . . (..l‘
° " o’ A o ﬂ. ' t.. A -.-w\' .‘ “
o o oWuIWv . -y lﬂ L o ot .
™ e 4 [ | .- -.r e " N Ve ' o
¥ o . wiot . % . .
) .'v ) - N s °
¢ . 4 - 5 | - ‘a
4 ' - - » -
s -~ r... e L «C
!.Q > ‘
o P ./ .\V
LI ; X
N ——




{ERiE

STEP1: #IEXR&E

1: SREUVEIE A R A R A AR AR

2: 7| AL AR R B i =

STEP2: #2EI[Zx |

3 B HRETIEAE RO KBRS, BUEED

A&, Wik&k. WiKE

4: IGREF IR, wENE FERRENEE

STEP3: Verification
and Mapping

5: 7 LA AR E TR BB E

6: 1 AT ZR R B XS BN 17 H00  (predict)
/HEWT (infer)



5= B HY R ER

et @ A\ i 3. 1BitGoogleMap APITEE N S AL EIH A& R

' ; GoogleStreetViewE &, W THIPTR:
https://maps.googleapis.com/maps/api/streetview
/metadata? size=400x400&location=LAT,
LON&heading=HEADING&FOV&pitch&key=APIK
EY

4. Size HCEXE F/ HYK/)

5. HALATHILONAG RIRSGEMAE

6. FOV (field of view) #ER&RBIKENR 7

7. HEADINGRREB LTI

8

9

PITCHERIZRG LM ETAE

HEXERE. APIZARIEE K Z R PR R,
2. {EFIBEHOSM2GMNSXT B M 34T 1k 10. AT EAE=ERED, heading=0; 90, 180;
3. BITArcGISHENE R EHIEHITIIIRIERER TR, LML, 270), FOV=120, Pitch=0.,

1. OpenStreetMap (https://extract.bbbike.org/) kBT i A HBIE 25 5]

12


https://extract.bbbike.org/

T XEERIE20228

h. BRaREGREHRRF
HINA (2)

AdiEl: 2022.7.20



B R

RE2EMBEXHE—MRAD LT, ENEFZEEFENER, MWAEFRANER, KIMRNMODEIRE.
BRI, MTRFENEGRDERRE, € N2 A1) EMFEXRANNE GRS, (2) FRANERRDE,
1% (3) LBIRE R D E=KHKH.

SIS SaES

REF R T B M — MRS

A AR R B 2 T MBS RS RINERF £, 2



B R

BR KR :

EENMELIOERKAHEL Y], ZIFEAEHISVM and K-laiEEEK-
nearest neighbors (#1285 3) #{FEAMLLERE, MUSYVMAKRFKET

%, TR FERFHEIEREMNIST

3T IS

RREARE] 7 0.56%, 1EAFD

B URMAEMNE (REFY) ARKRMNTTE HlLeNetRFIML,

LeNetM &4 F19944F, FRE ZRAIENRT B 7 1998F fLeNet5,
AR 2 B A AR A
BREE, BRPRXEEFZREELEANEREZIEINGE

(https://paperswithcode.com/sota),

[ 1 2 3 4 5 & 7 8 9

Olo[o[o]o]o[s[o]a]0
~ === =~

o
1]

S N N (R (S Y ES Y
5 ) 0 N ) ) 1

5
it

HODEENEENN
120 227 23 1 31 EN (A 1 R )
NG S Y S N EN NN S
NSNS NG

0o [ [ 4 [ [0 [ [ow] o [

S

o]a [~ [wlbolwlolaloo

LeNet5
AlexNet
* VGG

GooglLeNet/Inception

ResNet
DeseNet
ResNeSt

— BIRMZ ML (CNN)

Artificial Intelligence

Any technique that enables computers
@ to mimic human intelligence. It includes
machine learning

Machine Learning

A subset of Al that includes techniques that
enable machines to improve at tasks with
experience. It includes deep learning

Deep Learning

Hl A subset of machine learning based on
neural networks that permit a machine to
train itself to perform a task.

’ 6 L KO SRR S ST A AR
AT HZEM%ZE (ANN)

Transformers

B M % (RNN)

3

R XTI (GAN)

Diffusion model


https://paperswithcode.com/sota

E:: ReS N e t M 2% ;[g*l\,] H[]\ E ':II- 5} gs WRIH201 2FMAlexNetFF B TIREZIINAIT,
b - BB ResNet{E15 2 MEE T RIER E LI T KL IiHk!

BTFRBRAINREREES
CNNHEFR: EUWFE R AYSLHICNN
ResNetie XA — /'3 7 HYIRELE A HAL?

SVA
SO ETResnetSLIMAMAE D, E TResNet18HI R0 K FITRIDFHR

CNNBE S IE B low/mid/high-level (Y HF{E, MEZNEEE L, BWREREBIEI
FAElevel WFHERFF . FFH, HRNMNGRRNVFFLHHR, HARIE
MXER

B2, MEEEEMN, FNEELINERRANEMEEZTET . XM EERE
& Aoverfitting (IIILE) , B Hoverfit N iZRIM A ENSGE L RILEHF A 3T,
R[] @ R 7 R BN AR IR fa] B b e (R dF H L4k

FEAMNR, ANTAREEZ T ERBERM ME? — M ES56FEMME—1=E20
BrML, MilGaAERISERE, S6EMNMERERTEAME, REE
ES6EMEMNR=EEE T20EMNENE=[E, BERANEIEMNEHNZE
FEVLEEE T RERES, TEREINAZERRMNE, MERBIRLE.

— layers

—1

—1

56
layers

A 4202 L 56 B REF?


https://www.bilibili.com/video/BV15P4y1K7WR?spm_id_from=333.337.search-card.all.click&vd_source=38ac96a8be6ca414246c250389840b53
https://www.bilibili.com/video/BV1vZ4y1h7X9?spm_id_from=333.337.search-card.all.click&vd_source=38ac96a8be6ca414246c250389840b53
https://www.bilibili.com/video/BV1Di4y1o7vX?spm_id_from=333.999.0.0&vd_source=38ac96a8be6ca414246c250389840b53
https://www.bilibili.com/video/BV1XU4y1X7b5?spm_id_from=333.999.0.0&vd_source=38ac96a8be6ca414246c250389840b53

E:: ReS N et M 2%;[%*,@ Elil E }:II- 5} gs MERiH201 2FMAlexNetF B T 3REEINA,
- - BB ResNet{E1SHZMEEE RAVER EXM T KT EEHL!

BTFRBRAINREREES sl
CNNHEFR: EUWFE R AYSLHICNN
ResNetie XA — /M5 7 HIRELE A HAL?

SO ETResnetSLIMAMAE D, E TResNet18HI R0 K FITRIDFHR

CNNBE S IE B low/mid/high-level (Y HF{E, MEZNEEE L, BWREREBIEI
FAElevel WFHERFF . FFH, HRNMNGRRNVFFLHHR, HARIE
MXER

B2, MEEHEM, EIIEELNEREPEMEZTET .. XPIEERE
& Aoverfitting (IIIAE) . FH Aoverfit i izFRzIM AENSGE LRIMELGF A 5T,
IR{k 6] BR 7 R E M A e IR B R b i AR ar b L1k

FEAMNR, ANTAREEZ T ERBERM ME? — M ES56FEMME—1=E20
BrML, MilGaAERISERE, S6EMNMERERTEAME, REE
ES6EMEMNR=EEE T20EMNENE=[E, BERANEIEMNEHNZE
FEVLEEE T RERES, TEREINAZERRMNE, MERBIRLE.

ResNet X %%


https://www.bilibili.com/video/BV15P4y1K7WR?spm_id_from=333.337.search-card.all.click&vd_source=38ac96a8be6ca414246c250389840b53
https://www.bilibili.com/video/BV1vZ4y1h7X9?spm_id_from=333.337.search-card.all.click&vd_source=38ac96a8be6ca414246c250389840b53
https://www.bilibili.com/video/BV1Di4y1o7vX?spm_id_from=333.999.0.0&vd_source=38ac96a8be6ca414246c250389840b53
https://www.bilibili.com/video/BV1XU4y1X7b5?spm_id_from=333.999.0.0&vd_source=38ac96a8be6ca414246c250389840b53

#HEBBIRA{ES

Semantic Classification Object Instance
Segmentation + Localization Detection Segmentation

GRASS, CAT, CAT DOG, DOG, CAT DOG, DOG, CAT
W TREE, SKY U ) ¥
No objects, just pixels Single Object Multiple Object

BXAENENZEATNEREEREGHIAR, FARRTHENMESE—IIRE.

Y RER —KETRNE—EXNATRANMEDBIHREAS? Mask R-CNNEEFSBEINRFZE BRFIHEFENFIEX D
FMER, BEBETRURENETRSEGEERINNRS], BB BT B IR M HIMaskii B 3K 6



CUDA

1. EF AV CUDALRBENERCRR A https://zh.m.wikipedia.org/zh/CUDA

KEARITARGBEEFER, [REFBH->REES->AHMSF

o] LB R AL ZFFRIRCUDALLIR A, RITHBAZFFESRA
. WREART RS, UgSXITFESHRA, tHogA=E.
Fr Gt B 2 35 CUDALL LG Iy . 525
https://blog.csdn.net/Roaddd/article/details/115449155

2. THfZE3ECUbAa
2.1. T#;CUDA

TZiHbil: https://developer.nvidia.cn/cuda-toolkit-archive

atest CUDA Toolkit
Latest Release
CUDA Toolkit 11.7.0 (May 2022), Versioned Online Documentation

Archived Releases

CUDA Toolkit 11.6.2 (March 2022), Versioned Online Documentation
T t 11.6.1 [February 2022), Versioned Online Doc entation
t11.6.0 [January 2022), Ve
11.9.2 [February 2022), V
t11.5.1 [November 2021), Vers
11.5.0 (October 2021), Versi
11.4.4 |[February 2022], Vers
t 11.4.2 [November 2021), Vers
4.7 |September 2021), Ver
t11.4.1 [August 2021), Ver
11.4.0 [June 2021), Vers
t11.2.1 [May 2021), Versio
t11.2.0 [April 2021), Vers
t 11.2.2 [March 2021), Ver
t11.2.1 [February 2021), V
2.0 [December 2020), Vers
11.1.1 (October 2020), Versio

ccccCcCcccccccoccococccoc
[ I o T o T o Y e O o B e O s I I s O B I o B s B
s O =~ I

fF
tE RS R ~
3D EE
& nvGameS. d11 27.21.14.... FVIDIA 3D Settings Server
nriGameSE. 11 27.21.14. ... WVIDIA 3D Settings Server
@ NYCUDAS4. DLL 27.21.14.... FVIDIA CUDA 11.1 114 driver I
Tk
ln¥ss, 11 27.21.14.... HVIDIA Workstation Server
i nrWsSE. 411 27.21.14. ... HVIDIA Workstation Server
TEE
jrjnvﬂevTools. d11 27.21.14. ... HVIDIA 3D Settings Server
j.‘_)'nv]]evToo].SR. d11 27.21.14. ... HVIDIA Licensing Server
B
ljnlr]]isps. d11 27.21.14. ... HVIDIA Dizplay Server
'jnv]]ispSR. d11 27.21.14. ... HVIDIA Display Server
R
'jn\rViTvS. 411 Z7.21.14. ... HVIDIA ¥Video Server
(BovViTeSE. d11 F7.21.14. ... HVIDIA ¥ideo Server ~
£ >
BEG i1

B & F A cuda 5 pytorchZE X 7

EILZHCUDA10.2, FAAFZANZEL0.2, INRLZESIRA,
Ja 4R FKpytorchth ZE 2 3548 I iR A



https://blog.csdn.net/Roaddd/article/details/115449155
https://developer.nvidia.cn/cuda-toolkit-archive
https://zh.m.wikipedia.org/zh/CUDA

CUDA

2.2. %235 CUDA

—H N, . FTA%Kim, BEiEZimf Afrsnvce --version, B0 B7R

—version
T option ~ -version

C ——verslon

ight Time 2020

3. TH M %K FcuDNNXS Rz kR A

BiUSZ*: https://blog.csdn.net/Roaddd/article/details/115449155



https://blog.csdn.net/Roaddd/article/details/115449155

Pytorch

4B serings
!

1 T FFPycharm https://zhuanlan.zhihu.com/p/26635366 s - s ey

| * Appearinc & Behavior Project Interpreter: ) Python 3.6 (landuse)
S Show Al
| 7 Editor Package Versian Latest versi +
RY H Plugins backeall 020 020
2 ¥THE T fat&imterminal e :
* Project: ImageClassification certii 2021530 - 2022615 o
] erpreter colorama 044 - 045 =
55 Project Structure cudatoolkit 10289 - nan
= 64 else: € 5 Bulld, Exccution, Deployment  decorator 511 514
i . . . . 1 entrypoints 03 04
- criterion = torch.nn.MultilabelSoftMarginLoss() el -
=1 —_— frastype 2102 a 2104
- args. num_class =3 -t 2010.0.0 201000
intel-openmp 20201 A 202200
record[ “train"].update({"auc”: []}) ipykerme! s34 801
wn ipython 7181 a0
a w_qm w_
£ record["val"].update({"auc”: []}} ipython_genutil 020 020
g jedi 017.0 - 0181
= ipea 9b - g
il 7a model = create_model( jupyter client 712 PR
* jupyter_core 481 - a100
et args parser libpng 1637 1637
g - g _p O libtiff 410 - 420
P 4Run =6 TODO | B Terminal @ Python Console fet-c 82 -l
mikd 20201 202200
[} mil-serv 230 a 240

B EHAIREE, # A conda create -n urbandata python=3.6
EFE RN EIMEEM: conda env list

Microsoft Windows [Version 18.8.19842.1645]

(c) Microsoft Corporation. All rights reserved.

Linux and Windows

# CUDA 9.2
conda install pytorch==1.6.8

# CUDA 10.1
conda install pytorch==1.6.0

torchvision==0.7.0

torchvision==0.7.0

cudatoolkit=9.2 -c pytorch

cudatoolkit=18.1 -c pytorch

(landuse) D:\pythonProjects\ImageClassification>conda env list # CUDA 10.2

# conda environments: conda install pytorch==1.6.0

torchvision==0.7.0

cudatoolkit=18.2 -c pytorch

torchvision==0.7.8

cpuonly -c pytorch

# # CPU Only

base C:\ProgramData‘\Anacondal conda install pytorch==1.6.0

'erandata C:\ZProgramData‘\Anaconda3ienvsiurbandata |

labelme C:\UsershZHANG Jiaxin‘AppData‘local\condal\cghdatenvsilabelme

landuse *  C:\UsershZZHANG Jiaxin‘\AppData’Locallconda)conda‘envsilanduse

pixplot C:\UsershZHANG Jiaxin‘\AppData’Locallconda’\conda‘envsipixplot H H H

tensorflow-gpu CiZ\Users\ZHANG Jiaxin‘\AppData‘Locall\gdnda’conda\envsitensorflow-gpu 4 plp InSta” -r reqUIrementS'tXt

3 File-settings-project interpreter-add-j A b1t - &5 F7python.exe

T4ARKE: AIREGE, E—4HBENRAKE, EZHTHERAZMNKE, E3ETERA=MKE, XRZHEARNE,

BImIFH AR,



https://zhuanlan.zhihu.com/p/26635366

R 93 R E A AT

BRI EEIAIAIER, BFRpytorch_env
conda create -n pytorch_env python=3.6

pip install -r requirements.txt
conda install it/ EHEZF
BERENE

conda list

& Ecuda
NVCC --version

Train
15line TEF R - - FEtimm-models &
TESET A multi_label & #Ftruesf| & false

25line img_size B LR K/ N HIEHE

32line inference 24MEE A &2

35line dataset——dirZ 1|1 & B B8 12

37line building_train.csvia il R csviIiRZ B R (TRt NBRIAENO F Type)

data loader
31line ratio=0.821E X%k
34line convert ABC 33 0] PAB{ERESE, A {*A™" 0, “B™: 1, “C" 2, “D":3}

Test

line39 model_name NiZMtrainfIXt N, fEsaved _model 2
Hlabel 2R B

Zlabelf5Z|ROCE]

inference

HEXHEPHE R 2EFHFT Acsy, csvE ATIIZRIRE Z
line57 StrainfltestYEEIXN Y, FE—H

BB AEEHX

WIELAERS: python train.py
MRAERY: python test.py

HEMN . python inference.py 10
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THIBXF X & B R H 1T

B3R, KT A REHAICNNIZR, NDenseNet-121,
SENet-154. ResNeSt-50dfllInception-v4, FFELbiR 7 M4
ETCNNH D SRR AERMRITER (B2) . &/,
E%ﬂ?ﬂ’a%%ﬂ’qﬁﬁx (78205 #yiE

=&) B, fE£MAInception-vARE#HTT 7 E R EHIHI
Ealid

¥ T Inception-v41EHY
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RIEREPE

BAMREE T ENFEREEXA—1TER, B EFION, ERFEFR. KA—NNREAREHSES. WIINHSAEHES LM XA—N,
BTKRZ, BEMK=, W, ZBEFSMURFSAELXPRX FTHAE, & KLF3SNMEZE, TEEHFILE.

R, XA EHEREA O] IUE X AL S R AV FUN S B T E X 5K R

BB LBAEAHBAe | K=, =@, EXF5AF «
IR B LRRBAC| AR, =&, ALE3B A ¢

HTRZD, RREXKREER—ZY, EEITEXPREANAE, RIKRTEE HUAZENETXHE, EIOTEREZXREANAE, 2N
HFER—_EFNARLEREY, TALE T AL,
AR, BN EERIMI-T, oTBREI TEXKE:

t SRRATE R -
& SRR EE T LBRRBAC SRR S B LBRMAC |© o Em# (TP) « BR% (FP) « ®
Tt ELPEMAC | %=, ZME4A @z © |ZELIAA @y < |0 ‘ TR | FUAE, SHEOIE. © | FUAE SHEAE. <
: FN TN ¢
TR ERBRAA] TR, —B2A man © | KL% 33 A sein i 10 B ) = RRE) =
! W AR, KFELEHE, BAAE, Kb i

MHHEE—T LEXKE.

E EANBIRIR T WESRITA XA, FEXREOE T ZRANAL, —HFHM. EEERED TP, BA—RIEXE D HEERM M EAY (True Positive, FFRTP)
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3 ETERENEHERSDE

Classification and mapping of urban canyon geometry using Google Street View images and deep multitask learning,

BT XERNRMEEFTE—F
4.3. Future work

In this work, we used natural street view imagery instead of hemi-
spherical or panoramic images, which require accurate geometric and
photogrammetric parameters to reconstruct the 3D environment.
Nevertheless, the latter approaches have an advantage in understanding
extremely deep street canyons. Therefore, in our future work, we will
consider combining street view images with natural, hemispherical and
panoramic view to improve the perfﬂrmance of street canyon classifi-
cation. Furthermore, it is promisﬁlg to use the local adaptive histogram
equalization algorithm [44] to repair GSV images that are disturbed by
sunlight. It can be achieved by first detecting the region affected by
sunlight in a GSV image and then recovering the image based on the
local adaptive histogram equalization algorithm. The above solution
may be applicable to general GSV images affected by sunlight. Last but EIRD ERGSVER SR PEYE AN .
not least, it is expected that developing automatic tools for analyzing
dvnamic changes/differences from longitudinal GSV images, which is
important in urban planning and development.
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Measuring daily accessed street greenery: A human-scale approach for informing better urban planning
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Type Price Neighborhood Facilities Facilities Features ' y v ;

Regression Model

Standard Coefficients

l

Analyzing the impact of
daily accessed street
greenery on housing price

I1IEIJIL$E.

HETEEEMNRER

l

Comparing the relative significance
of daily accessed street greenery
with other indicators about greenery
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(Rosen, 1974)

Hedonic Price Model

. BEGENEHESRK

The hedonic price of a good is defined by its
associated attibutes, and each atiribute has a
unigue implicit price in an equilibrium market.

{Average rent, average value,
population density, etc.)

Demographic Features

(Morancho, 2003,
Kong et al., 2007,
Chen and Jim, 2010)

(Distance to CBD)

Physical Features of
Built Environment

(Housing ages,

housing protection,

number of rooms,

{Patch density/
richness of the
neighboring land-use

(Travel time to the
nearest park/plaza/

(Accessibility, ratio /
visibility of the

{Current study)

etc.) in a 500m radius) scenery forest, etc.) greenery)
Housing Density of Distance of Attribute of
Features Facilities Facilities Facilites
Housing and Density of Distance of Location Daily Accessed
Neighborhood Facilities Facilities Features Street Greenery

Building/neighborhood
conditions

Numbers of facilities
within a specific radius

Distances from a block
to its nearest facilities

Distances from a block
to the location reference

Visible street greenery, street
accessibility, and combined

RMHE TR

assessment of these two issues
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H AT HMLE Generative adversarial network (GAN)

£ XIHMLE (Generative Adversarial Network, #RGAN) RIEBEREIN—F7FE, BHIIEIMMENEZBEEFNARH#TES. 1%
TEHFR HEFREFAT20UFRE . £ EE— N ERMNE S —DHIRINEHER . £RMEMEBETE (latent space) HFEHIEUEE
EAmAN, HAXERFTERERMIIGEFTNEIHER, HANENBMAN N ELHEARSERMENRE L, HBENERBERMENEHMESL
MARRI S HE K, MAERMENERTREMEIRAFIME, BPONEEEXNT. FHIBESE, &£ NEEHHINE T I W4 M2
NP EREGES. (Z53E)

Random L Generator
Vector Network

Discriminator

LR Real/Fake

Random | Training Real
Index Set Image

$1I5Y88(D) 4


https://www.bilibili.com/video/BV1kT4y1B787?spm_id_from=333.999.0.0&vd_source=38ac96a8be6ca414246c250389840b53

H AT HMLE Generative adversarial network (GAN)

Labels to Street Scene Labels to Facade BW to Color

input ouput input output
Edges to Photo

'\

“H.
DA & Lo

Fe T\
‘ Tw\
——

output input output input output

Image-to-Image Translation with Conditional Adversarial Networks (pix2pix) 2017

FRRAIE. BRI R TF L RIEES X E S mARKRE R AENNEHER. XERTBEABENNAREERLE, RE
RELDEMEERN FEREMRHFIBE. FAEMNDNEE—TTBRNBRTR, XERTTIZIEE/LTEELNER (AN
B ol ) . AEIRGIS, ERERNMNERE, AZEARNEEE D#TII%.
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Image-to-Image Translation with Conditional Adversarial Networks (pix2pix)

Github code: https://github.com/phillipi/pix2pix

Demo: https://affinelayer.com/pixsrv/

#edges2cats by Christopher Hesse Background removal Palette generation Sketch— Portrait

by Kaihu Chen by Jack Qiao by Mario Kﬁngemann

( pix2pix
¢ =)

Skctc‘l: — Pokemon “Do as I do” #fotogenerator
. E ..~ \.\..{ 3
e
sketch by hvy Tsai by Bertrand Gondouin by Brannon Dorsey sketch by Yann LeCun ‘

LML EFpix2pixRIBEF L HIN FASLH, #edges2cats FHChristopher HesseFF %, Background removal EHiKaihu Chen
Fr &, Palette generation HJack QiaoFF 4, Sketch — Portrait FFMario KlingemannFF 4., Sketch — Pokemon EiBertrand
Gondouinft%, "Do As | Do" pose transfer EBrannon DorseyF %, AKX #fotogeneratorBBBosman& A% -


https://github.com/phillipi/pix2pix
https://affinelayer.com/pixsrv/
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ZTAEMR TGAN (pix2pix) A—NMZEEHIFEBER D — N ZEHIE. XMERTLUERIZATANRIE, EENE, USEAKERFETE, MERYEE.

R 7 —FhE A B ME X P28 (GAN) B = B EIREIHT 7375 . BATAYTLRR 55 FARIR AN 2 o] VIR = B8R, Sad eI Z 5K
ARG B EEKSETHNE), ERFIMEF RHEN LB &R > o] AR E,

XM TER, BAMEALF ARBEFEEMNBEARMARERBREE, FESIKIMHMHAITIE. A ERERNAFLHH
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1 GANmapper: HIEHIEENIE

1. Black and
White

R RFBMARIREE

2. CRHD

3. Land Use
Mask

=MARNRARE ., EAGMRASIESEERETARENER, EEXED, PEERSTHRISE (Colored Road
Hierarchy Diagrams CRHD; £ —17) #IFARRIRGFHMALIESE. Fit, BMNEFENLEPER/RERAXFRENERTE.
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Recognition

Output Ground Truth Input Output Ground Truth
I 4
No. I\o
255
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Generation
Input Oulput Ground Truth lnput Output G round Tmth
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BEEEERANER, HFEMRETENBEWSIAZIRITIE, SEHTHEVNEMRITNAR. TEREIERITNES, BT RERRIER
B BERITHERBEEEE. VISFIEA—TARIE, AFSIEBE T ZREA. ET AR TAEEEFTNARKNEL, Z4X
P (GAN)ZAL =R F I PR —MREMER . ©R L AFIMENR B BUSHER R AV B EHRMIZITHY . Pix2PixHDZGANIE AR A,

EF I EGREIENFRER AL ER . (EENHPix2PixHDIRBIA 4 RERNEAR, AARMMEICHEE, KRBT pix2pixHDA A B H
B, HX, A7 T7THRIENZNTIERE, EE0FTENNES, FBETNEN=ATHERE, BERE. WRNEFRHNRERE. &5,

AT TRAEABRFAME, EEMNRRNEXNAR G RREE, HFEERTREIRERR. ﬁﬁkﬁ 2NV EENFITEE R

W FE I FEATBEFREENSE T . BENKZNRAMIGEAHNEN, EPNRFEEEEMEETEN . X—ARTESYERAXNRITT
ABFEX.
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Input " Generated

ALEFHTARTEEN, RITZFLEERHE—HERNLENRR., S—TETHFFERREREN, X—3EEEERT T/ EFE
wRERE. Fi, Rt 7T RENNERAFRNHTRHITLGER. BN, NKFIEIRRIEATSIESFE T 2HNEH. £
XTI E ML (CAN) B2 F I F N —MEIER, TR TEINEMEGEIE. BAlt, AMREEKCANN BT RTINS, FEix
TEESENHTHFAT B ERBRALSHTINAT . BEIRGNNYIGRES, SRERTHHFFERE. K. TR)SBALSHRR.
X— BT TR T UFEBIEBE T AR E MR EERE, REABTRIHEFRER I BRALTEATE . BEXKEAREHT
MEFRIGHNAENREIREN DT, BRTETRITIMERRZ A THRITRBETR .
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Label

Ground Truth

Training Results-
Original Dataset

Training Results-
Augmented Dataset
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Wk
python pix2pix.py --mode train --output_dir facades train

RS TE)  --max_epochs 200 --input_dir facades/train
(4 N\ AHE51%)  --which_direction BtoA

# Resize source images
python tools/process.py --input_dir photos/original --
operation resize --output_dir photos/resized

# Create images with blank centers
python tools/process.py --input_dir photos/resized - -
operation blank --output_dir photos/blank

# Creating image pairs from existing images
python tools/process.py --input_dira --b_dir b --
operation combine --output_dir ¢

M3

python pix2pix.py --mode test --output_dir facades test
H XA E1E)  --input_dir facades/val  (BIASFESIE) --
checkpoint facades_train (5 1)I|%kaY%r i S B2 —2)

(% (%

dataset

python tools/download-dataset.py facades
400 images from CMP Facades dataset. (31MB)
Pre-trained: BioA

python tools/download-dataset.py cityscapes
2975 images from the Cityscapes training set. (113M)
Pre-trained: AtoB BioA

python tools/download-dataset.py maps
1096 training images scraped from Google Maps (246M)
Pre-trained: AtoB BioA

python tools/download-dataset.py edges2shoes

50k training images from UT Zapposo0K dataset. Edges are computed by HED edge
detector + post-processing. (2.2GB)

Pre-trained: AtoB

python tools/download-dataset.py edges2handbags

137K Amazon Handbag images from IGAN project. Edges are computed by HED edge
detector + post-processing. (8.6GB)

Pre-trained: AtoB
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STEP1: #iEXR&%E

Google Street View images
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STEP3: Verification
and Mapping

5: 7 LA AR _ E TR R AR E

6: {F AT G AR B XS AN T i TH0N  (predict)
/HEWT (infer)
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GREENERY EXTRACTION & INFORM BETTER URBAN
STREET VIEW COLLECTION CLASSIFICATION PLANNING
. Applying machine  Applying support vector
Collecting GSV leaming segmentation  machine (SVM) to .
images from each method (SegNet) in analyse collected SompRing TNTOWLY
sample location GSV ima y -sensed green cover
: mages preferences ith accessed greene
; h_a b
) : Ratio of visible street| [High or low values of T e
Google Street View (... 97 ... greenery in each visible street Top-down
(GSV) street segment greenery i P
e Human-scale :
i Generating : :
sample a
: locations STREET ACCESSIBILITY Integrating Measuring daily
‘ ............. from OSM in o accessed greenery
every 50 Applying space syntax
metres analyses with different
radii High or low values ~
street accessibility |  : Identifying streets
S L .. mm— in pedestrian & |’ with priority for
(OSm) commuting scales potential greening
N ]
THERRE
N BRETEEBENRE

Is this place green enough?

Density of samples corresponding to = | Labelling participants’ judgements on
the distribution of all GSV images Low High sample images

i Support Vector
| Machine (SVM)
¢ | a supervised leaming
- J ; model with associated

| learning algorithm that 01 G
| analyses data used for  an exmaple of how SVM
classification (linear kemel) works

‘ high medium low
I greenery To achieve a clear classification of high / medium / low values
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