=]

|_ﬁ| Yovy Al e Al ¥ A0Sy dalall ddaal)

Ayt Q@ﬂﬁ)}ﬂj@\}fﬁh@m SLSA il jo o gt A bt A3y

s
Oy s (Hgpan 33 Al A
Unida Zala — Y1 2l bl e gheall alad g L jaall ands i

roaldlind)

Dshis AV aulally oY alaaia) Jae 8 Gsasdl e pugill s Sl aaml el
8Nl yasl ddndat Gilalad Gaaad 8 ¢ daaall Gl e daell Heeda s Gl )
Jea sk (e 13AY Gl (IBM) 48l cuSas a8 oyl o gl slSlae 8 clihuaY)
LS callall 8 i phad e Juadly day el Bl e Sai 53l (Deep Blue) isaaS)
daen Jsl el (AlphaGo) s> W oy joshi e Yo7 Gle dasas 4S50 CuiSad
(GO) sall dal (8 G yina (5 s eV a8

Al L 515 5 pasal) 3 elilaa¥) oS3 2ol il Ay 5 s ) Gl ot
P S P e
il rall elilaal) +1SAL aidle 5 elilaall +SA) )
Akl s gl g5 sa gl 8 e lilaa¥) oS alasiol adl 5 olisiind Y
Uil oS Aot Al U sl b gasaal b ) 23l G se Y
Aokl Ui 55 il 8 (oo Uil ol oSl o b Cualll Ay 5

¢ dgandaill L o) 685 ) gesadl ¢ Gaandl alaill ¢ AW et ¢ elilaca¥) oISA 1 dpaliidy) cilall)
L Sxall ellaayl oISl



»[, A
|‘_ﬁ| YooYW Al o aml) Q1Y) A<y dalal) Alaall

- »

dadda

Jsl sisnesll Jaw & Samdidl (John McCarthy ) GSe g (SopaY) allall 2z
i liel & V401 e Artificial intelligence ety oSA) allaas cini (e
Gl (Alan Turing) @os Oseile OYT Jiwdile daalay (s alady) claaly )l Qe
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) "OMY‘

al o Al o JSiy pani gl V) el olSAL Aalall 4 ja ) culiy pail) cuils S
Merriam ) siews abse (useld (335 Le G5 ol Jie o puailly el e A1V 5,08
AS) Nl pLA) ADA e UiSey figuadl) agle (o g 8 " tadl 4d e 2 (Webster
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'https://www.merriam-webster.com

! (Itis a branch of computer science by which we can create intelligent machines which can behave like a
human, think like humans, and able to make decisions)
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(Yingjie Hu. 2020, p.12) Processes

Yingjie Hu. 2020, p.12
Sl plS) Lgale adiny Al cillaad) (1)JS
Artificial Intelligence Classification stk ¢lS3) ciiiai
Sl Bl il e eliha¥) oIS Cariat b Adiny
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(2017, p.8

Artificial General Intelligence (AGI) alall sUha) glsil) ¥

S R ) Adie ) Ay dlge slaY AV sl 4y sl eliaY) £lSAL Loa)l oy
(e plad) g gl 138 o) elidaal¥l KA Jlae (& Graadiall (e oall 5 g rlal (ikle
G YY) ey ) asenatl) L) atalad Tk (oSl LY g danl dla je ) ey Joay ol 61SA
Aol pe Ll @lat ) dleall gaa) eld) e oSl casanadl elilaall oISA) Aokl
LAl Lol (g 3as) 5 400 5lSlae (3 yaiusl 388 (Aalalall g dusall s Jiad) (Lo gany (531} (5l
S5l B (Y apenal) 5 A sall Agall ) iy (6 81 (B 48RS (am )l sad DU Al

.(Watson ¢« IBM)

Artificial Super Intelligence (ASI) @) slhay) sl3) ¥

15908 )6 Cm calall elihua¥) olSA ihiall g adall ) ghaill (g8l e luall olSA iy
O S oLudl 3 Jadi 4dlae )8 Ma Jedi Gl i) Gl el aes sl e
Alaliie dghle GBe el g o Juaidl

£SA .y : Based on functionality il dagh caus 1 S Gulad)
Al e ) ) ) Al L e lidaaY)

SN e g5 s 1 Reactive Machines Al Aelill sUhaY) 83 )
gl clilaayl (<A &\)ﬂ ) sy Al Gl A RS ) sy Y elilaaY)
el ¢ sl S ALl e 8l ey “;u\)mzﬁ”mu?my\dmsmjwﬁmwm
sy AV AS Al aaaty i ladll adad aum e AV L Jelin Al g ladl) Al
2w 8 Lo alaic V) ol Al @l gladl) 1 laill g (S canadll s alBU 4 il A< jally
(Anikita Kar,2020, p.2).Adull dagdl

fSA e g sl 13 Sy 1 Limited Memory Al 38130 agaaa slkaY) olstl) |
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Theory of Mind Al J8al) sllha) ¢lsi) ¥

Dol Lagh iy sa5 ¢ Ln sl il (g Aadiie 4% elibia¥) oM o g il 138 gy
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Theory of Mind
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Artificjal InteIIigepce Levels sthay) s8Y @b giva .z

P lea il Cpn siase e Lnlal g Aaa g Laparal e liha¥) oIS L a Jaladl) o4y
e oelihaY) oSA (e (s siwall 138 adizy 1 Machine Learning 490 aghad )
(bl yall e JS Guki P e Applied Mathematic  &adaill dcaly ) ol
L) At ile olid Adliaall cilill) e dloaliil) cialaa)y JalSll 5 Jualiall s
e Ll Qi 1) el Hl) 2 3lal sda o yed oLl algall 2 8 ATV saclise e 3
pleall 28 4 lgaadind dama y Clgals I Whissd 5 ¢ Algorithms S )l sall
el 418 gl
Alee 4 aadid Huge-Data <ilall (e adia aas dgag AV alal (g 5ie bl
e 3ol 5 el o) i) e Gl e Lo ¢« Data mining <l e cussl)
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W a5 dalisall Wla¥) Cauais (Natural language processing (NLP) 4kl

. &..... (search engines) i)y &l S as 5 (Classification)

da¥) Om ) e s ) el (SA 3 Machine Learning Y1 alss audiy 5

ailly sl cldee 3 adding s (Predictive Model sl AV alad 73 gad i oy

Big Data iesozall cilibll Jilas e saciad) Aldiadl cila g sl eliys cad) sall 5

cligkill 8 a5 «Classification Model Asiaill Ay aded g4 G Laaill g

Glavy aul B (385 Ale ganay clid A clilall Sl el canatll e 40l

Alex ) adbinal dae pll clad A e Whielua &4 Al Gl )yl ) adas &S yide

(Smola,2018,p.7
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alzi e g sl 11 i :Supervised Learning 4asall Y adsil) ciluajlsd v/
Al Aol ) ABQY) e 220 DA e Al il al) (e de sanar Ly 3 a1 AY)
deldaty i) dalles 8 aey L AV L Gl (Training Points )izl
L JSS Sl N ety @l 5 Jae M Y gea

Laill 13 adizy :Unsupervised Learning 4agall € Y addail) claajlsd v/
Jac 5 i) o2a Lalai) (DAY 4l an ol Uil lends o V) aded (e
sLld¥l g Hsall Jo il Sl )l 538 ¢ dliadic e gane () lgapudi g Ll Cayial
Lot Dnaill s aglindl ) saall G day ) Jae 5 seall (o S 23] sl A (4
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Ciatl) g dallaal) ddae Cpnty AV o686 ¢ Tan paall 5 S lise diian ye a0
Laaae Al e ddtadll i) e ) il e falael

22 xlui :Reinforcement learning Jjeall ¥ alaill clwjld v
Ll bl Liallas 5 (o (I 38al) Aleny oLl e 2V cilu ) ) Al
Basa (et (Jladl 290 ) anead DA (e (LD Lgapmiaty UadY) Galing) Jle 5l

Y Al Bl
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Machine Learning  Machine Learning Learning Learning
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s ke & Artificial Neural Networks (ANN) Zelibha¥) sl @il e
$SA (e (5 el 138 5 elibndl (5 ) all Jidad 48y jla SIaS Sy daanan 430 )l
C. Janiesch et ).Features izl ic st faa daduall bl cauliy elilaY)
o Shgia B e (Aaal) AU 4yl Al aeal o4 Cus (al, 2021.p.685
cwe 313 JS Gila aae ead o) e Aaga Gaiatl Al Gl aY) Ae gana (g st JSU c(Julal)
Logo 2 A Yoas cdaaill e dda (5 sie b 5 a0 BY e ) Jedal) <l ol
Big Data dauall bl asal dlalall Jilaill daleal Jledl) x aall & dbicia &Y
il gioall o3a 2ol Lyl Tae Judaill ol 3y ) cciliadally Judaill e <l sical) 038 oyl
(£) JSall Lam gy pualic sac (e Gpelilay) duasll DAY 23000 o Sy ccilidall
PR TR gt
& Wil Ly il Raw Data sall bl JS Jadiis tinput layer JAsy) dik v/

b Gaand) ol (5 siua Legde acing il Jaladl) dlead SAN Balall Jiad ad aaay ¢ V)

Sl MR (e Adlide il gie b Jaladlly Aallaally Wl iy ¢ oelilaa) oS3

Fosae) A 8 Jlad) sie Jias 3 Julal

C. Janiesch,2021, p.686
4o Uha) Al LAY 4S8 araall alad) JSgd) (€) JSi
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00 Gsiume S Clasia disad e V) e 2l sda Jea, cdliadl il
AL glae e lasdall 38 23e (g glun g canls L..S.JM 0 sl OAL T Jadadil) Gl sle
_LB:\A:J\ ‘scb.iam\}(\ <84 ﬁuuaﬁ <5'°' déhﬂ\

O deladll e e uad ) o sladll Jedi:Path of Connection Juai e v/
Jiah A oy il <l sl Jalat il sl cala by S ol s o 5oV 5 bl
CAdliaall cliall 8 cl V) Ml A0S

Ghendl alailly L siall degall 8 Jiah :Output Layer (Aaudall ) dadiall A3 v/
(SR WSy olild) Caieal gl ¢ liall a8l cillee Lggle Gl g dladdis
A Aliaall il g il el

<& Machine Learning ¥ alsi (e Deep Learning Greall alsill iy

Gl 48 =l 5 ¢ Structural Data, ASseall dakiall Gl e 8 S e salaie)

Apgall e bl ) A8LaYU ¢ 4l )l 2l 5 )5a & a5 AliTabular 4 sasl

clile @Bl g cJgis P 5l Jglas (8 auas ¥ U Unstructured Data

(0 JR&) &l Olaals sy 4 sl (o geaill 5 s gl 5 ) pal) 5 geal

sacld 8 Leiy 5ad oy Al dadaiial) ) el clibud) ae dalaill e V) aded iy Laiy

asi yall bl J) Jsa sl Jisi (RDBMS)  relational databasedadle <y

S cpsball f Canlsgl) ST s ias A Adadd) Jglaally saaeY) e () Lgiany

Yasubumi Sakakibara,2009, p.7

B B » @&

Text files and Server, website Sensor data Images
documents and application
logs
Video files Audio files Emails Social media
data

Grand) anlail) Lgale Aaling Al daliilall p& clibnd) Jaladl (0) J8&

(GeoAl) Geospatial Artificial Intelligence & aall slhaY) slsil)
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£SA Jlae & 2kl g Galall o o) g0 aa8ill Ll el ale i Akl o glall (e 5 jiaS
) SSl 2l iy bl el (8 saas ¥l Slaaial L aale s (Al) sl
(Geo Al ) il aall elhal) el allas Gl jelas chuady b sem 8 () jsall
£\SAll 2 I gase el (g AdlR 4 5 i aladl 81 jral) (anadill G medll &3 Cus
Cl 58 e BELY) Sl G Al adail) g 4y il Adadal) G Jelal) (glai (8 ¢ elihal)
2o ddee Cpand B clbasaddl) saaie Glulpall pe Adlisall a3 ol elidaal) (<A

Acinkail) s 185 ) 5 soad) Lgie i) (A5 ¢l dpmpdall Al Dl S (0 Je il @l ol

AV V) 8 AN sl e aaedl e ) pad) el olSA Gl ) L aainy

.Land cover Classification a_¥! sUazll <l sSa oyl v/

. Spatial Representation Learning <l jaUall 1Y) Sl Jéall v
.Spatiotemporal Prediction <_atall jla 3l g (A<l sl v

. Spatial Interpolation <ttall Sl slaguy) v

. Monitoring of Geographic Resources aé jall 5 ) sall 28 o v/
. Change Detection _sill caiS v/

. Cartography kil &l au; v/

(GAO Song,2020,p.2)

el oA ¢ 5alS Taas oL@l oda (o Leud aliiey 1 ddndail) il gall aaai
b Lo Ll (g g Aol L g1 68 ) g gual) (B 1 i)
sl Bl e a3l pi g oa gd g ) e guall padll byl ga -
Adliaall il (8 oo o168 ) 5 gan JalaS GLdY) g0 anlig da ) -
R DN R PVA 5 RPN [ W PR S SEN G P - U YOS (- P
CAdaludl alabial) 505 Jalud) Jad el 5 il 0 -
<l aniall e sall 38 e ddag ) UadY) apiig aa -
Lol s A sall ol (al saly sl -
s andl saill Janl gt g 4y puaall L gl g5 ) e gl -
LgieliS ad ) 5 (5 kall Sl adadil A gl 6d ) ga sl Lol puall -
L et C¥ama y A il mlall (ailiadd) (8 i) aadiig ua ;-
At 5l 5 4aaY) el aY) aea s 4y Suuall Lin sl sy sasanll -
Aiudadl) L gl b g s e gl B olihaY) clSA) aladin ad) g elalind 1 Ll

Len slsh ) s sl & elilaaV] clSA aladiuly Aalal)l & ga ) cliafinl dlee 8 daie Y &
Casial daild & (Q1) IV @l Bl ¢ A dpde dlae ydie gaal o Akl
sSA dlae o (QY) S all e Ll saaly Uil sl dudall el
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Management
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Remote Sensing

9.58 23 Q1 | Geo-spatial Information Science | ¢

5.42 13 01 Artificial Int_elligence in .
Geosciences

8.75 21 Q1 water resource manage \

7.50 18 Q1 Journal of GIS 8

4.58 11 Q1 journal of Hydrology 9

6.25 15 Q2 Applied Artificial Intelligence 10

5 42 13 01 The Eg_yptian Journal of_Remote 11

Sensing and Space Sciences

100 | Y¢. - g gaxall 12
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4. Geo-spatial Information Science slSall 4d) jaall Cilasladl ale dlaas
Gl ) eoei i1l Je (%904 ¢ %)+ £Y ) Caly s lagha JS 4 et
Al L o168 ) ga gall 3 e lidaial) o1SAN) (Gualaty ddlaial)

Lo dadine doliiceall Loaiilly L sl s paell il 3 8 Laadiall Elaall il aind v/
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A future vision for the development of artificial intelligence

studies in applied geomorphology
By
Prof. Dr. Abdel Razek Bassiouni El Komy Radwan
Professor, Department of Geography and Geographic Information

Systems, Faculty of Arts, Tanta University

Abstract:

The great progress and unprecedented expansion in the use of the
Internet and computers, the development of software, and the
emergence of many programming languages helped achieve applied
successes for the capabilities of artificial intelligence in simulating
human behavior. The best chess player in the world was defeated,
and in 2016 Google managed to develop the AlphaGo system to
become the first software to defeat a professional human player in
the game of Go.

The research aims to develop a vision for the development of the use
of artificial intelligence in applied geomorphology through the
following:

V. Artificial intelligence and its relationship to geographical artificial
intelligence.

Y. An investigation of the reality of the use of artificial intelligence in
applied geomorphology.

¥. Presentation of models for studies in applied geomorphology using
artificial intelligence.

¢. The researcher's vision in developing the use of artificial
intelligence in applied geomorphology.

Keywords: Artificial Intelligence, Machine learning, Deep learning,
Applied Geomorphology, Geo Atrtificial Intelligence.
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