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This thesis proposes the application of a reinforcement learning technique
called proximal policy optimization to train the agent to become an evacuation
leader via the unity ml-agents toolkit. The social force model is used to present the
modification of evacuee dynamics and the a-star algorithm is used to find the
shortest evacuation path of each evacuee from the initial location to the exit.
Evacuation efficiency is assessed by the average number of evacuees who cannot
leave the train station for the specified time under different evacuation situations.
Simulation results show that crowd evacuation with leaders trained by
reinforcement learning can evacuate all evacuees from the train station for the
specified time. However, the time it takes to evacuate will be faster or slower

depending on the location of the evacuees as well.
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Aa vy - = o .:4' aa
L']a']ﬂLﬂ@sUu'lWVlﬂWNﬂ LU?EJ‘UL‘VlEJ‘UGnlIﬂ'ﬁ'UTULUaEJu’Jﬁﬂ']ﬂ,‘Uﬂ'ﬁaW?JW
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SeufuuuasuideiunisenengavunSougunltuaniisaln Ingquiineides fadl Haded

2.1 WUUINADILTINIEIAL (Social force model) w987 2.2 NNSAUNIKLUULDANS (A*

v o

algorithm) de? 2.3 NseanuuukUUTIRBINITONENEaYuULlanauiia idel 2.4 N3

29NLUULUUIIABINTONYNEIYUVUTEUIUARINA Tl 2.5 n1siTeusiuuasuiige
(Reinforcement Learning) Wade# 2.6 msiiuUszansnmuluuiglndiAes (Proximal Policy

v a o

Optimization; PPO) ¥t 2.7 1msgiunisesniuusiiayaaiudnnse

2.1 WUUINADIHTINI9E9AN (Social force model)

= %

1Wedegiaznanifinisaiiawuudiaesnisenenaueeniananiilsalnlaely
LUUT1889N15IT1TAUAUVIL AN wINg AN TTUTes enenneluanll Bedndunasfnm
Uadgndnninanan1saidunureiuuinggos 19gnaed Lagn1siadeuniLagnginssuves

1%

nsiAuvesenenangluanil sxliuegiunuuiasusamadany

wall

vie’ @ target

JUT 2-1 YR INUUUTIABIN NAIAU

[ 1
% =

LUUdNaesImedauniinugiun aiilesainnamans iy Jegniauslag Dirk

Y

Helbing ey Peter Molnar, [25] LﬁaﬁwaaqmimﬁauﬁﬂwﬁmﬁwLLazﬁmeiagﬂ‘Lama‘Lusuaa



UAAALUNITATEUT 1AEFULUUTDILTIEVAEYEN IUTINAN UIUFEANIU UIIP0A Lazlss

lunsduadou Wunu lnguwsaianuailiinavilvauiuniianisiafeuduaziufeuiia
a | = ° o ° Y v 44'

N19n15LAU dounlul a.a. 2000 wuuIaeusInedsandmiunisnaunilaieaiumu

Asznun [14] LHaTuduasinsn huudtandwsaniedsnuusenavuluaie 3 h3e Ao wsan

v [ 1 a

#8401 (the desired force), 1‘iO WU HFUNUSTENI1AUAULYTN (The interaction force

between pedestrians), f; uazussufduitussznirsmuiuiirfusiuns (The interaction
force between pedestrian and wall) lnsusausniluwsswesrusdliganusiniswedoud

7H09N15 FIULS @D ULAL LS E T UL INFLTDUIIAULAULTINS NI UL PN AULAULN

[

LarNINTANATINDUY Tann1snIsiadaundmsuAuAULYN LA Raulafadl
av. - - -
m—L=f+> fi+> f, 2-1)

lagdl - M AowdavatAuAuINle
- Vo Aomnundaiuaie a ey

| v . _'O a v { |
5991784015 (The desired force), f; AomuinlavesnuAuVnIfoINsLTw3e

[

ARANULE N TIIZLARDUNAILANULEINADINTT TIFUNISUDILSINFaINSeulasail

(2-2)

fo_ o WIOE D) -%(1)
7

= 0 a a v
Toe? -V, (t) Aepnusafisioenis

=0 A a Ay = ¢ =t | A o o |
- & (t) Aefianadfesnisdadunnmesuilanirengludsiundad g

—

A < a ]
- Vi(t) Aemnunraudunuy a namiy

- 7 unnesdiunadnvasensiieUsunusiasavesn Ui

—
% v 6 1

LU AR USTENINAUAWT (The interaction force between pedestrians), fij

a Ay o & ! a Y a v 1Y a a o
ﬂ@LLi\‘]UQﬁ@JWUﬁigﬁrJq\iﬂuL@IULVHﬂ‘UV’]UL@uLV]TV]TJizﬂ@Ulﬂ@?ﬂLLiﬁ%ﬁ?WﬂqwqﬂﬁQﬂu (The

. . € ij . _>i- a a
socio-psychological force), fs" LaZLIINNIEAIN (The physical force), fpJ IITANINYD

[ L% s

nederudununldumednivevesnuiuinaesnunreg iesnniulagussu fauiusy



NANAY FILTINA1BAINUIZNOUMIY “UTIU99519n18 (body force)” LWDRBARIUNITAATIU

! « = A . e .. y Ao z:{' a
VDIIWATY LAY " LLIFYANIULUULADY (Slldlﬂg friction force)” WaYAYININITLARDUN LU

[V

duraduiivs Feaun1sveawseUfdunusseninnuAuynd il

fy=f'+f] (2-3)

f=A exp[(r; —d;)/ B In; (2-4)

—

fo =kg(r, —d;)n; + Kg(r, —d,)mAvt,

i ij =G (2-5)

Tnedi - A Ao Aenuussveswdandnsuniadeny (o)

- B, Ao Annasidiuszoymsdnuaizianizvesussdnnadsng (wns)

kK A9 Andulssansnsadsnniuaay (Alansu/wums Juny)

A I v a ¢§ U ! al (% a a !
K A ANFNUIETEANTNITNAVUUBITNNY (ﬂIﬁﬂﬁll/‘a‘Ll'Wl FUN)

- I; Aawasauvesirilaumug

- d; AesyezviesEnIsAuuhARIAY

1 1 42 R R® = s &4 A S e
-y = (nij,nij) = (pi - pj)/dij AoInmasuilaneNTnAunielUs
dnaunilsdadunsadonmudeuniindulufiansnd
- P Wunnwesiumrisussnuiui

f’ _ 2 A1y & ¢ & S o a4 da &
- —(—nij,nij) Aonnmesuilamiledsasaudeaniuideuiiinauly

LUIFUNE

- g(r; - d;) \duilsddungnimualag



(x) = 0, if x<0, 26)
II=1 i x>o.

! = ¥ o 7 (% ¥ ¥ o 1 ¥
sownin1suszendlduuuinasusaniedenuiunisenenyssumedin [15] dewali
AUNTUUUTIABIUTINNFIANVBIAUAU AR HF e Ne NS (The navigational

force ) WWLLANTULNAIL

| d Z Z Fiw + f'ig (2-7)

—

Teit Ty Fousabmng

f am SO0 050
T

1 (2-8)

Tnedl - b woz D, Wududuuseansa Feagvioufuhminvesteiauauurniimg

= |

FeflAiAv 0.05

1d 1 Y A va [V 2 o [
- O Wudpsiiviiu 1 Wegdnmuanunsasuteyavesgienenls
- X (1) Wushumiswesd@inany s antu
- X, (1) Wwshumisvesgihonem o anilu

INNTUTEYNALTUUUTIABIUTIN NI ALMENITRLLTIM dana ling Ans sy
a v = A v 2 Yo v a U Yo =
vospuRuUasuluegenennuiiugiionsn lnensidenenazinuludefieneniive

Sudeyad ;:i"’]éfaﬂﬂ’m]zﬁaaﬁ
2.2 NMSAUAILUULRENTS (A* algorithm)

vhdatosiayndnisdanaiusing  ARedestumadumiduna Tnesjadhuluiing
AUMULUULEES 131USNIT19E 1N UMETana3suNIAUMILUUATIAN (Best-First-Search)
ntusamydanassulaAans (Dikstra’s Algorithm) LLazqmﬁwé’am%ﬁmaam% (A-star’s

a v

. P [y ac o A Y o [y 1Y 1% o &
algorithm) Mtudane3sunaniignlddmiunisaunidumatazimaluanide
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1Y aa &, a Y PN a v a a v
ﬂqiﬂu‘VHLLUU@IW?j@ LUULV]?]Uﬂﬂ']ﬁf’]U'Vi']VlaSL@SWOQQUIUﬂqiLWUWWQQWﬂQWLillﬁu‘hj

o

Wanunglanene tneneeuiasidesdundumeniansalulavianuniiiodeniduniad

winzauigafiazludsuatenne Faduniswaunaiuszninedanassunisdunndadnuas

(Y A

ANBITUMTAUMUUUNIU ST LAgNLAaETUVBINITAUNT NITAUNILUUATIZNITLTDN

' '
= =

anfgnunTuluduneiuvnzaufianiazluialarems waznsiiaensuingalafian

9 9

a a a a

Hannsavldlasodeitsitusidain daitedustafinunsemniogsdivenaindlng
Whmneundesidiedln warlinavesnisindeanunduavuuy edisvendimsluly
wiensle

msfuuuladans WWumalensdmidunisiiduiiasluniafunisingadudy

(%
[y

Lugaganunedatenie Tumsmidunisazmyalnalfediugaisuduilisseeneduingn 4

ee

=)

Y [y N [y A Y o & U = = o &
Indugadalulunisieuiugaiiium wawhwuuilaunsensisganunedaienis Fedndy

9 9

Y
1Y

gAumlunnavseLiioNagAumduNINguNan tneIngaulsen1suilavesdanaituiife
AU

% ¢ ) A A9 Yo o v Y ] ~

MsAUMRUULRERTS [26] [Wudanessuilddmiuaunidunieszninega 2 90 lagdl

WhunngiieAunidunigludigananetaignisiiiuaiiefunuiseiign N1SAURILULLD

¥ L ¥

ansiludinregrzvesisvasiafansinauisaldiundunaidungald saudunisaum
LUURATIgATiaun s U SHANNAIUIE HINaNa3aNNITAUNLTIENLAZTana3 TN AUM

WUUNAIEINIIALD9 LA TA8T U Tn8NLAaSTUTDINITAUNT NISAUNILUULDENNSAILLADN

o w v

lwanAgaialuridune Hserinansrumluudas IuaInuIndunaniaeAun

i 1%

1UNATNAUN LA LAVIINITAUNT NISAUMILUULD AN LURITUNLEUN19ATIAN

©
e
=
=
pd)}
3.

Y 1

17AN71 AALTDUNAULIAWMEUNINNNAUNINILAINIBNED N9 azdanlududung

v |

NiAdesniiunu nszviunisiagineliiios q aunseNideQauie Uanenie Afivenin

q

ASAUNMAUN WUV ERS A5 bULEUN 9 I TUAIUINHIN TUBIS AR N LU UANYDITE 8E NS

f(X) \elazmadunisiiugasswinadunie tneflsidunnardunasinvesassileidu

&
JU

f(x)=9(x)+h(x) (2-9)

Il - X Ao yadaluuuEums
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- 9(X) #e ARunUTaLEUNAnNgasuRuludgalagiu lagenaved

NALEUNNLTUINALTUAUAURIRA T

- h(X) #eo Aruszannstainiivssdiusiunuuesdunaiigniianaings

Uagtudegadmune

- f(X) fio AmasInves f waz ¢ Fududsiazuanitluyalasoly lneden
Aa 4 N

w1gandan f(X) uswnian

ANALANANUIVNTANITAIIUULD AR AT ANDI D UNITAUNNAUNNA LN UDEN

2.3 ANIDDNKUUKUUINADINITON aw@wuuu‘[aﬂmuﬁa

Tuwidegasnauntinnaning quﬁﬁaaameﬂé’ﬂmﬁwﬁumiﬁ’lammimﬁauﬁmm;3

o

angnuazdaneISueanidmsunsAunduniy Fsazgnihnidudiuniveiuuuiiaes
nsenensruuulanauiif 0g19lsnd Wdegesiaznantalusunsugdn wazaunsaliasy
#19 9 MgnihwilddnassnisenengarunseugirvulanauiifiieAnwlviiaaiuiaiy

Wla

U7 2-2 Wsunsugidd

Wsunsugla [27] Wurendwasdenuansovanvatglinn msasavisenaunng
(Game Engine) WuU@dif (2D Game) waganuilf (3D Game) 138n1583190975 (AR) LWag?
973 (VR) #95995UM5vn91uuiiulaid (Windows) leleted (10S) uaunsesd (Android) Lay

Topda (Oculus) lusiu wazaruisaldaulansluneituvesdnseu dnfinw vie yaaa



12

mlunelidennatuaznisldauninda mngldausesnisnislidaunuiniudndudesds
AEIEAIUTINITUSTENAUUA
A5 A a Y] & Y a = 3
wenINULUsWNINELAENANNANNTAVRITRQUY 9 M STEuMwTvISU (CH
language) LAY LU Asiadeudefunisvasenenuazguionenludimiseanniy

WUUTAD9UTINNFIAN N13NTENLFUMIUTUAURE NN TN BMvBIE BN NLAZ e NN

'
Y v a A

melufuiiaonisalidi uddfiniesilouargunsaliaiudn 3 aghefialflunuudiaes
msawaw@wuuﬂaﬂmuﬁaﬁaﬁ
2.3.1 WWsUmas (ProBuilder)
Tusduned [27] Regunsaladudmiuasne ufly uasdmuaiuiisadaves

o aa 1 1 < 1 2/ IS
WUUIEeY 3 AReg1edtenassanse Wi lassassaniisaluin

¥ Cube
Sprite
Prism
Stair
Cylinder
Door
Plane
Pipe
Cone
Arch

Sphere

Torus

31]17'/ 2-3 gunsaliasulusiunes
2.3.2 MIAUNLEUNNUAZNI51MS (Pathfinding and Navigation)

nsAunIEUmaLag s [23, 28] WukwiAafdealdludymnismidunig
Vaunanveunuauif Fenszuiunsaumidunisesgunsaliasuiianunsaiitla
P ) Az aa a a & aa a o 2 v
medanassuiussAnsnmuazilunfeusniantudagdunse nsAumwuLLe
a5 LANAIUIITD 2.2 STUUNISAUTLEUNILEZNITUINIUTENDUAIBAIUR
5 famalUil

- Y (NavMesh) WusitietimnaiasedulaesnlusifannainiAunuia

Jugunanamdeu Jaludoyanesuieiuiamansadulanionulalaly
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lanvasnuwazrsliausarunaunIsaInfinislugdniniadulanvea

wnula

gz/ﬁ 2-4 Wy (NavMesh) [28]

vl wiaus (NaviMesh Agent) Wuasduseneuiidieliishasasiiasnetu
mmiw%ﬂL?iaas?faﬁ’uuazﬁﬂummzﬁLﬂﬁauﬁlﬂéLﬂwwuwslé’uuﬁyuﬁwaamw
W iamlﬂﬁai‘iﬁﬁ%ﬁﬁﬂtﬁﬂﬁqﬁmn’m

~ yawl F9709979 (NavMesh Obstacle) Wussrusznaudfitngesuisdsia

Yy a A 44' 19 Y]
GZJ’JNVImazmmwaﬂLaﬂwmzLﬂa@um‘al‘ﬂENL‘ﬂWimsJ

1N9UIY [29] aqﬂiéf’j’] YL (NavMesh) wazdanassuteanis tuniean

T Y
1Y

NANgalun1swAUgyminsAunduniIsonenidungad msua11ufeInIsmIa

guamnssuludagiu

2.3.3 ML-Agents (Machine Learning Agent)

< o~

gllf ML-Agents [23, 24] \UugunsaliaSuuuuleamugesadmiulusunsugian

9

gnitaulaggdiinalulad (Unity Technologies) aunsaliaSutignasiaiuuy

dnNwINaaN OpenAl Gym wazdeansszning Python API llag Unity C# Engine

£ [ % aa

= 1% = Y oo e Fo a =
Weadalumanisiseuiidedn wenanlidalinislelauss Tensorflow fuydl
ML-Agents dnsuni1seyuIuageandakazn1sinlauman ulAngy1sUNnIvun

YUl LazanInkIndeunIIaesuun lnegunsalasutiaztislviinuuaznis

3129981015019 0 UAN NI AR DUAINSUNITHNDUSUAIAL ATV OLDLAUA R
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'
a o w A

wadiansiSeuduuuiasuindafisonin Proximal Policy Optimization (PPO) &
axnanluiadie 2.5 gl ML-Agents Usznoudne 3 ssduszneuvdndsil
1. 83AUsEnaUNISISEuS (Learning Component) Feusznaudieainuay
AuIndeu
2. Python AP ﬁﬁé’aﬂa‘%ﬁmmsﬁauiuwLa'%uﬁﬂé’aéhaei'mlﬂiu PPO Uag
SAC Fadhasiildfetineusuuasnaaey
3. \p3esilodeansnisuen (External Communicator) ielialauddeans

JeMI9BAUTENBUNSISBUSURAOUNY Python API

External
D — Python API
Communicator

Learning Environment

JUT 2-5 wsunmuansesauszneuvanyeag s ML-Agents [22]

Academy Python API
Communi

Learning Environment

JU 2-6 usiunmaautsznaunigluvesesduszneunisisen; [22]

U7 6 drulsznaunmeluvesesdusznaun1siseus (Learing Component) i

ADE
he

'3 I~ 'Y} a Y a o w a A o [ [l 9
1. 1@ (Agent) LWumazasiuain Imhidideyadndsiinnisdunauisiuiuns
fnaulavesdianad (Brain) autindun1snsgyin (Action) Juun

2. a@ued (Brain) Wudsivihnisdnaulaiazusneaunindesadunisagnalslunsay

an1ue nasntuzdinsanaulatuluiisitelaus
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3. Academy \Judsiivilvinnaegavinnusiuiuld lnelidiesediedoansnieuen
(External Communicator) Wwausiafiu Python API lieisanlgeu Tensorflow

wudgnasulnegninegluanmiindeniisenisiineusudnlusdesaesneulniud

A & s

MIuanIuAI99L01UANLTI1 “Behavior Parameter” way “Decision Requester” &4

a aa

ansUAvasteaudeglugUnsaliaSugilil ML-agents wazougabidniau1veslalnenis

Y

A35198ASUALNUND19D9U1NNAASUAVDILDLAUALNDAINUATITALAL NI TEILNA AN ULDLAURA

1R8EASUAYDWLLIUALUS S ULEL D UALDIVDILDLIURA

Behavior Parameters

Behavior Name MoveToTarget
Observation

6

Vector Action
Space Type Continuous
Space Size 2

Model None (NN Model)
Inference Device CPU

Behavior Type Default

Team Id 0

Use Child Sensors v

F) U] 2-7 behavior parameters AoulNLIUg

'
a

Toefi - Behavior Name ifufsiifmuaynuaslaosmafinesfiauosily

- Vector Observation iurinavesendiseiifunmsdanavesanimuindon
- Vector Action Luenfisdififiuarvesnisnszvirdmiuielauddaiandu
nAdn (continuous) 3o FMuIULAY (discrete)
- Model ihilamaiignilnuds Faazgnldislotoiaudlailéiin
- Behavior Type Wuausdendhdululd Téuwa Ansudu (default) 373afn
(heuristic) Wazn159UNU (interference)

du Decision Requester naxlmuudgnltifiomuausniruesnisnszviilnifigniesue

MnlaaanisiSeuswuuiasuidumanisnsgyiludueaud eludagriusudedunnain

21NN WAladilevi wasndantuAsusIeTa

2.4 NN1329NLLUU LLU‘UQo']ﬁ'eNﬂ']ﬁ]WEJWI?;!\WI‘N‘U‘L!’B'ZH"I‘UE‘IE] NG

a0 1

Tufi U8 NNIUNINAINIDINITNAABULAL UL UANSSOUSVDINITARD UG Y

ee

aa IS4

dlaeansiiunsinavelulanaudflegldlusunsugls Fudidedfeaunsanoiumgnisal
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| A a £ v o = a ' S ° Aa Y DY

ang o MAnTulalndfesaninanuluass egelsna msvieululanauddseddninens

nsiwInkarUsTatanags saty luineriinusatuilagimunlusunsunisinaediienadey

n1siAfeudgNlagaITuNTEUIUARAMY Flundnn1sualazaIusndnaeessuunie
¢l o v A M va ° aa o & Y]

anunsaidaugdudauniedvunnluglafniin1sinassluuaIuis M1z Uy

Fan9apanfdaz gl UswAsU N UANA LT LB N DU ILALA S TIRaN NS WS IN9AIPULN D 1Y

NavINsiATeUNIveIlaYaNs

wuudtasanisenengavuuusrvassdidiamnlaslilusunsulnewiednw
WUUTNABIIINEIAY ImaLLUUﬁi’ﬁammsaW&JW;Jasnu‘uuizm'uaa@ﬁﬁ%umaumsﬁwmw%
sWaley (Pseudo code) it
1. fwussmumisSudusagsumitadivinevesoaud o sim_time wihfiu 0
MuuA delta_time 11AY 0.05

ANUIULSINABINSANNAUNISN 2-2

poLDN

AU JETUEIEnIAUAU BT ULAz kS IUFUNUS SEiaAuLAUYINAY
SunanLaNn1s T 2-3

5. SuSILATIARTY

6. SuwamUIEY @ sim_time Ty 9 suENR1ST 2-1

7. SUAAAILUISUDILBLAUA ad sim_time th

8. UMM sim_time += delta time

9. nauluNTumaud 3

2.5 M3EPUIUUULETUAEY (Reinforcement Learning)

13
v Y ! = a (% o

tegesilaraSuneiiugiu ¥ann1sveTY WaredAUTENoUNANYBIITNTITBUI UL

<3

PN

3
av

ETUAY WeenuIdelilainign1sseusuuuasumaenussendldiun1sdnasanig

anenpssunTountuaniisalni

2.5.1 WUFIUVDINTLTEUTUUULETUAR

nsseusuuBESAAY [22, 23, 30] Wunsinldszuupeuiiunesisuslarenuies

lneldtaya (Machine Learning Algorithm) wuuniladsnalinauiiamasaiuisadnle
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o w A

MUY NSFEUTHUUERIMAinannsYIumilsuiunsiyudisuiu
dauntegemienIsassingadgn kazinsseudiintusenitaniyiinisnseinluug

= = o e & o ° g v
“Vﬁ@lll@ Iﬂﬂll')mqﬂi%aﬁﬂﬂ@ﬂqiaqmawqﬂqiﬂigmqG]']NNIUU']EJVFLCVTN@G]@‘ULLWU3385 g1

nManisgegn
Lud
(agent)
AUz 51978 A15A529N
(state)§ (reward)R (action) 4,
| R daunndou
¢ Ll _
I¢ (environment)
l St+1 4

JUT 2-8 WA INUARINI TN LAY TIUYIN TSI TEUTUU UGS UAIA

Heuvesdiulsznoung 9 lukauAINMsINUlagsImYeInIsseus L uuEE &
s & v % Y A o o aa A % v
- 181AUA (agent) fiB HlSBuiuazdasiiavinisnsyninansenuseduinaeunels
an1ieiuanenaiy
- Awanaau (environment) Ao ssuuielIuAiU U USAE
- MIns¥ (action : A) FiB N13NTVINVBABLAUA B 1181 T FedarauItegiasie
GNIPELGH

- 52998 (reward : R)) fie sneTanliannnmsdnaulaasiievinnisnsgiinuieegne i 1aan

t
a = ¢ Y] Y
- anue (state : S,) Al a@onuzveITEULTINROIUAANTATUSlE o e t

- 39T (reward : R,,;) fie s19dadildainmsdndulaasiiorinnisnsesi s vian t+1

- @0 (state : S,,,) Ao annugrasszuUINAELudaussuile s an t+1
- 2.5.2 MENNIMIVIUNTTEUTRUULES UG

- 9N3UN 8 awnsnedutenannsnIsvhaureinsseuikuuasuiauludnuned

HnliioLaus (acent) Seusulauneviseng@nssy (policy) Awunzauluaninuwinday
g 3 poucy
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(environment) Mfteeg nsuleuiensenginssuazidunisvenielaudinaeses

W@annseinisnszyinle (action) Alavinn1s&eLne (observation) lukmazanius

[

(state) f1n1snsgviiiud Aagldsneda (reward) ge uidnisnseyimuug Aaglasneda

] (%
al Y

o A I3 5 Y] Y
(?]']‘Viﬁaa']QLUUUV]aQI‘WH IWEJL{j"lﬁll']‘ilslla\‘il,aLﬂumﬂaagﬂiﬂiq\i'}aimﬂ%ﬂmﬁﬂ FIUMN

q

Seudiuderanainluefnfiintu s1eiaazay (cumulative reward) ABNATINVEY

sefaluwsazanurdadunisuntayminuulidnedios (discrete task) asnsadeuls

o

J

he

R(r) = Ra+R+Ra+.R = Zrt+k+1
k=0 (2-10)

'
oA

watlasmenisuadgmiuuneiiieg (continuous task) ©19v15197aazandandu

i%
Y YY) a

I3 ) \ A ' | . Ao
atiud  AetuI1TadzaNdzgnasnisendn dauan (Discount Factor () NfiAN

(% '
Y v = [

5211719 0 9 1 Wusasimin wislinasiuveesiataazaududiuiuniaisnda

1Y 1Y

waglvinnuddnyiusedamingulunatagduunnnd Genunsaleulacadl

R(T) = Rt+1+7Rt+2 +7/2Rt+3 +"':Zykrt+k+l
k=0

(2-11)

L) 1

v a= a ¥ a Pt v 1 stddl v a=e a Ya
danessumsseuiuuulasuusenldluiegwiliivesundt saneTsunsieuin (Q-
learning algorithm) & du3sNugiuazdrgaanisiieus 1veani1siiuniy
Y a a o a [ a4 A Yo vy
dane3TuAarldn1319A7 (Q table) luATesolunisavauauiduldainnisaes
a - = v A P = v = ¥ v
AnaesniienIsiseud WetelaudlaiiunszuIun1siieuiuniiesmeudd AN
avaulumsnmggniunldlunisdndulaionmanssiimungausioly Taglugag
Suduiavaualuasefrgnimualisiandumud lusdazasaneudasia

apsgnazinissumnafavAalagldansealuil

QneW(St’at) = Q(Stiat) + a|:rt+1 + ]/maaXQ(SHl’a) _Q(St’a[):| (2-12)

et Q™(s,a,) #e A1dUmalulvesilsidudiiolonudagianius S, o

Y

a0 T wazlaldonnisnseiin @,
Q(s;,a) e Arlagduvesilsndumiliewiauiegianiue S, o haan t uay

lmdennisnsey a,

a Ao MEnIIN13Ie3 (learning rate) lns o €[0,]]
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I, fe sdanlddeweudegiianiug S, ;a1 t waglaldennisnsein @,

t+1

- 4 Aa AUsEnauan (discount factor) ¥ €[0,1]
- mng(sHl,a) Ao ArvesilanduAnliealaudegiantusdaly S, a e

t +1 lnglidonnsnserin a Alvielendudgen
2.5.3 9IAUTENOUNANYDINITLTBUIHUULETUARS

1) ulsuieniengingsy (Policy) Aonnsdug (Map) anuziunisnsgsindidulylaly
anugtufionlsueimnganvionaidndefvindundnnisiiorudldlunig
dnduladennsnsgimdannussiiuanurudiielldnasussiaazaugsga oo
Ulsnevdongnssuanansadiuun 2 Ussandsil

- ulguie@eniuue (Deterministic policy) Ao LolauRasiioninIsnseyn a

wziiissegrnfeandululdluaniue s wWelildilsiduyarigafian 3
ansadeuluaunisned
z(s) =argmaxQ(s,a) (2-13)
a

- ulvneiBsgu (Stochastic policy) fe Lotaudimaazifuiidennismis
mMsnszdi1 a avaremsnsgyiilululdluaniuy s Seanunsnieudy
aunsseil

z(a|s)=Pr{A =a|S, =s} (2-14)

'
o

2) Hantun1slisnata (Reward function) fa HedtunAwIus 1 TaasauLazduaanty

sa a o v

U3zl HUNadNSMIANINAITNTLINVDILDLAUAIANTONE Aatus19TaTuda NVl

2 a A = = a A o o av v o Ao
wlavensongAnssuasy Weoulsuensenginssuiinmuanisnseiiniilasnsiand
Al wewensenginssuizgniuasulilyidennisnszinduluasssie o 1 &

HasdunisirsreTardussannisy 2-11) aaunisesnwuuiendunislisieiall

[ o

AnuddgyegeBslumsiseusnsiasuigg

3) Wedduyadi (Value function) fie #edduiignimualunansuunuiinianivie

Y

iravauvataudluuaauy fanduyarlunisiseusiuuiasumaiaiunsa
uun 2 Uszianeail
- #enduyadraniug (State value function) ¥ UanINanIUENAINUALLA

Wiedladmsuielaudnnseyimuulouie Tngyar1vesaniug s auld
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WlgUIENTINOANITY 7 WINTURANDUWNUNAIANIINI BT TaaEaN 1N

douz s muulovensenginssy 7 fsansalsuduaunisead

Vir (S) = E;z{z yk rt+k+1 | St = S} (2-15)
k=0

- #leiduyainisnsedh (Action value function) a¥ueniinisnseiniiielaud
o :.JI a A Idl o d‘ o 1
uudiieslanaa gt muavzvihauuleus lngyarveanis
nszi a luaniug s aelauleuieniangingsy 7 WnAuNanoulLug
AIANIINIDIINTAZANINEN IS S MUULEUEVTONGRNTIY 7 Wazaelle

#n1snsedin a Feaunsasuduannisaadl

Q.(sla)=E D> r'ru.lS =sA=a} (2-16)
k=0

2.6 nsiuUszanSmwuleunglndiAes (Proximal Policy Optimization; PPO)

Tudedosiiuundunisnetenanseudaiveansnszyiinie o udidennisnsein

AUNAADUWNUNAIANTINT oI Tadzautaziniswasuulouiensanganssuminle

HARDULNUTIAIANIIVTE I TaasaN U Nem Ul U8 3aNgANIIUNRTUNTMAN T UL

=Y

na1afeisnislasgavuleuay (policy gradient method) Fatunisusunulouianie

= E 24

neANITULAEATI NA9NTUIZNaNRRATAnIsINUEENS A wulauelnalAssNgnld

Y

dmiususuoluAlugili ML-Agents

2.6.1 38nslaszauuleune

Bslasgavwlevedudnnadonriladmnsunisseuinsasumaumuuids
an (Deep reinforcement learning) Aan15auA1AY (Q-value) wazlilassrnguszan

WeuduarUszunauleungniengAnssuiimunzaulagn s nuaIen15A1Mun

2 H

W3R8 TUN90819 FaAAe LIneesUminuleutensonginssy (policy weight
vector: 8) wislilailsrtuyarias lnsuleuensenginssufennuinvziluiieaud
A = o o a & |

WWonnisnilsnisnseyin a Pnvatenisnseyiimlululaluaaiug s wazulouienie

woAnssn 0 Fsasnsalouduaunisead

z(als,0)=Pr{A =a|S, =s,6,=0} (2-17)
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2.6.2 mMsinUszansnnuleunglnaifes

n1siinUszansamuleviglndifes [21] WwdudanesSunanfignldlu

aa

gunsalasugllf ML-agent toolkit wazidunisiseusuuuasumasguwuuniaildy
FBnaslaszavulevisuuuuleviedgy Judunisnszatenruiiazidureinis

° 2 o & d' a a a Y a
NIEYIUNUNITEADNNITNIZIN (Hunseq el unginssunsoulauiglig

lonanagyinisnseyilasieiaas wazanlonianagyinisnseyimlasaianm

a a a Y a [ [ ax o v ' 1 1
nsinyszansamuleviglndinsadudanesdsunlduiisnazAoutig

N dll 2 [ IQAI -] ¥
i@desiliesainlasunisuntesannnissuianulauisvuinlng fvinaiedng
(destructive large policy) 91nn15lasesu (gradient ascent) lngdinnsiuasunyas
2983028901589 Uean uloureidugaaiidnnin [1—8,l+8] W BAIUANNIST
Waguuwdasnginssurseulvuiglunisvigiudazase failenduingusvasAnan

Y

anansadeulaEad
L°®(6) = E,[min(r,(0) A, clip(r,(8),1—-&,1+ &) A)] (2-18)

lagd - 0 fewisdiweswginssunzauleuis

A

- E, Aernumaniateusednylugiia,

[y

- T, Aednsdiumuiziluniunginssuviouleungluluaziiiniudisy

A

- A flemnulalUTeulagysnna o a1 9

£ frlaasniswasntaAwvniu 0.1 %39 0.2
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A<O
[ CLIP A>0
1—€1
| — r
} { T :
0 1 1+e€ LeLP
= CLIP I3 I~ A [ ] ] I~
FUN 2-9 L7 gnwaeaiusilanduvesensiaiuniuuiazidu [21]

2.7 amsgrunseanuuuiivalasnuanfsy

< A

shdetesiaenaniaunnsgiumseenuuuiiietlestusafisy Sefeunsgiuaiuuaende
NFPA 130 (National Fire Protection Association) 55&L“‘ﬂummgﬁua’maﬁﬁuaﬁﬁﬁqﬂuﬂ’1’5
9ONUUUTLULTLAMNATLUTLIMI Weanmlasnisgegalunisuinsuivszuvu Tng
wnsguiina tassnssalivaludssmalnelidiunldduninsnisanulasnsonielu
anilsalwilsuuAuuas iy

uasgIuAMLUasaie NFPA 130 [12] Wunilduinasguiidunauinveansgnis
panuuuIalnvesasndnsusEuUN1sIUaInItnaluun1ls (Fixed Guideway Transit
Systems) wazszuusalilagans Fadumnsguitenlvessunsnarsluyssmandslud
1RsFIUS v MuANNIeeNLUUI T IALLEY [omuUasadugsgalunisiuuinisun

Usevu anuvasndevedylagarsluanazysziiuansseziaiilylunisenen g

NFPA 130 fviunlagai

- nanildlumsenenanyuan mslynatlunisenewliniu 4 und uazasi
nsooniifissnedmiuindeusngnueenanannil ﬁaﬁmiawawwﬁuaq TUNT7
isgvneimnssulaensUssdiuanumsuiiisty

- szegmmsenewangaiavnludigaUasnds mslunatlumaedeusgliniu 6

= o =~ m~ & ad ) Ql'
UMN LL@%F’]%F’]’]UQOQWUVIMU@@W\SLLﬁzﬂﬂi@WﬂWlﬁl@mqﬂﬂqm
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3.1 M3UTEENAlTUUUIIRR I MNITIANTUNITINEWR 9L

P98 08 UL DT UNITTUNTTUIUYIEDINAITTBTINIULN N LTLUUIIADILTINIEIAL

(Y]

wsvenaldiunisenenssuInNunvuInligideil

NITevIeaY [14] Ussgndluuuinasausanedinuasausniun1sengnaigndng

[

Aunszvun Fedodnssvuegluaniunisalanidu WeaInAUNTITeMANANARUBY
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£ A - % adad o v X Y &
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U51n9N150300%30A WUIBINTeIAvIRdiAmNTUUTEANSAIMNITONEN T anAT gAving
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angneanaNesninlumeniu Fuissiuliusegey 2 Hanseinuiu
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UIFYNUBLEY [17] LE@UDITNSUSUMALUNITIARDUNAULA LN IAIULUUINEDILT

edspuivelianasagady wuudnaesilasunsaawdaniulddmiunisaiiuuuinaengy

'
o =

AULAUOUULUUTEN Baimuausausadmiald

=2 Xz o = a ! v = 1
nsanwdldunisinassnisenenesnainaaiisalninisdiuls dauusnisenamn

< A ¥ o k4 ¥ o =
99 UU 2 NTU ﬂ@ﬂ’]i@WﬂWIﬂSUi?ﬁf\]’mﬁﬂluq LANTIDWYNWIDUHUN watlunisenend 3

N =

nsel AB 470 590 kg 720 FUT F9TINUIUAUNEIUITOBNEN AIINNITONLNA TSN AU
451 558 WAL 669 AUMNUAINU FIUINUIUAUNEIUITOBNEN LHAINANTENENN AN
676 826 waz 983 AunuaWU awLuldIddenendunumdrAglunisenenawALLY

28190 UsTaNT AW
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[

anenisvumegiinsluaafvudesaliludies ingusrasaveslaympenisanduyuns

Y

DNYNVAVUAGIT AUNUALTIVOILUIDNEN AUNUVBIIAINITENININUA UAZAUNUA

o

rnuaendeglagansidldlaeneneanatnaniisalnnelunavidmun wenaniiduaues

ad a L%

nagnsiveimuInsenenmei laglitunawisidaiugnssy (Genetic Algorithm) d1wsu

NISMINNDDNTLUUZENAIUANUNITAURILUULOEATS (A* algorithm) dnSUAITNILEUNI

Y

nsenenludaimeeenild waziinsldnalnanusuiiesenindiniiedesiunisifentdunig

Y %
o o o v

iy Wesanmsidenidunisngiiuvesiidmaliiinnisyzasdilunisenennisfinunil

1
v A

TaeddanIunITAlNITONEN 4 anun1saldell n1sengnlagusimangi

a o dyo
J1UIYU

a1 o

NNFONYNAUNUINAUALIAL maawsww%@mﬁmmmzﬁqmeQ’ﬁwﬁmmzam LAZNITONYW

Y 9

wioudwuwaziwiimvingadlagldnalnausiuiloseninegii

HaN19Ia8INUI N1sddenenausaiinUseansamnsenenla lnglides
Adedesiunusgin n1ssryiunisfineg 1 uningananIaiiuUsEaNS AN se N NuAL
annansenenla gavnenisidnalnanusiuiiesyvineiiannsaaniainisenenlaan

Faraduran 10 Juan

UIFYNU8LaY [18] bEUBLUUIIABILTINNAIAUNUSULUALURNWINANTENUVDY

UuLazN1INTEedyyIandureUssdnsamnisenenaulauwinluganisalulaau
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[ o

Unfis wenaniiuwuudiassaruinandulunissuitgnimundudmiumesuiedaiuu
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Wideuaeuni1 50%

NITemneay [16] Wuuusasaweusmsdenuiiodnszidrinavesnnuning
ALETIVOIVIDN ANMILEINFEINS wazatlunsanen

MnnsAnNUIMTineNEidsnisdemaltinainisenenanas Weauning
YOI ONT VLA NBVENAYDIALEIIM D ENILAINARBLIAENENTALIY ioAuning

YDINNBONLUVUIA MY BVENAVDIANUY 1IN BN T INAFBLIABNENILYNATLAY

3.2 myussgnaldnsiteuiiatuniideiunisoneneevy

MUITINRUIYLAY [20] LAUDNTBUITUNITATIAIUAINULDIANTY Multi-Agent

Reinforcement Learning (MARL) lBLAS8NAIEIMSUNTZUIUNITATTINUHURULAUN DN

v

nseuuignuiseenduaudi diuwsn dmuaniswusuesnidungudmivudaziios
wasanlinguvearundl azdendiurenenvenguainyagudnalsuiavesngulugin
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Improved Multi-Agent Deep Deterministic Policy Gradient (IMADDPG) algorithm Ll e
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class Node():

""A node class for A* Pathfinding™"

def init_(self, parent=None, position=None):

self.parent = parent

self.position = position

self.g =0
selfh =0
self.f=0

def eq (self, other):
return self.position == other.position
def astar(maze, start, end):
# Create start and end node
start_node = Node(None, start)
start_ node.g = start_node.h = start node.f =0
end_node = Node(None, end)
end node.g = end node.h = end node.f =0
# Initialize both open and closed list
open_Llist = []
closed list =[]
# Add the start node
open_list.append(start_node)
# Loop until you find the end
while len(open_list) > 0:
# Get the current node
current_node = open_list[0]
current_index = 0

for index, item in enumerate(open_list):
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if item.f < current_node.f:
current_node = item
current_index = index
# Pop current off open list, add to closed list
open_list.pop(current_index)
closed_list.append(current_node)
# Found the goal
if current_node == end_node:
path =[]
current = current_node
while current is not None:
path.append(current.position)
current = current.parent
return path[::-1] # Return reversed path
# Generate children
children =[]
for new_position in [(0, -1), (0, 1), (-1, 0), (1, 0), (-1, -1), (-1, 1), (1, -1), (1, 1)I: #
Adjacent squares
# Get node position
node_position = (current_node.position[0] + new_position[0],
current_node.position[1] + new_position[1])
# Make sure within range
if node_position[0] > (len(mazellen(maze)-1]) -1) or node_position[0] < 0 or
node position[1] >(len(maze) - 1) or node_position[1] < O:
continue
# Make sure walkable terrain
if maze[node_position[1]][node_position[0]] = 0 and
maze[node position[1]][node position[0]] = 2:
continue
# Create new node

new node = Node(current_node, node_position)
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children.append(new node)
# Loop through children
for child in children:
# Child is on the closed list
for closed child in closed list:
if child.position == closed child.position:
break

else:

# Create the f, ¢, and h.values

child.g = current_node.g + 1

child.h = ((child.position[0] - end node.position[0]) ** 2) +
((child.position[1] - end node.position[1]) ** 2)

child.f = child.g + child.h

# Child is already in the open list

for open_node in open_list:

if child.position == open_node.position and child.g > open_node.g:
break

else:
# Add the child to the open list
open _list.append(child)

TUSHNTULUUIADILIIN9AIAL (i{awa‘w)

import numpy as np
RED = (255, 0, 0)
# Function to find direction
def normalize(v):
norm = np.linalg.norm(v) # [linalg.norm]return one of eight different matrix norms
if norm == 0:
return v

return v/norm



# Creating Social-Force-Model of each Agent
class Agent(object):
def init (self):
self.mass = 60 # kg
self.radius = 4 # Pedestrian radius (m)
self.desiredSpeed = 1.34 # m/s

self.characteristicTime = 0.5

self.A = 2000 # Strength of social repulsive force (N)

self.B = 0.08 # Characteristic distance of social repulsive force (m)
self.k = 240000 # Coefficient of sliding friction (kg/m s)

self.K = 120000 # Body compression coefficient (kg/s s)

self.position = np.array([100, 400])
self.destination = np.array([700,400])

self.direction = normalize(self.destination-self.position)

self.actualVelocity = np.array([0, 0])

self.desiredVelocity = self.desiredSpeed*self.direction

self.startGridPosition = 0
self.endGridPosition = 0
self.currentGridPosition = 1
self.path =[]

self.color = RED
self.sightRange = 110
self.alpha = 1

self.beta = 1

self.ol = 0.005

self.b2 = 0.005
self.foundExit = False
self.foundLeader = False

self.success = False

def desired_force(self): # change according to velocity

59



60

return (self.mass*(self.desiredVelocity-
self.actualVelocity))/self.characteristicTime
# The interaction force between people
def f_ij(self, other):
r_ij = self.radius + other.radius
d_ij = np.linalg.norm(self.position - other.position)
if d_ij == 0:
d_ij = 0.000001

n_ij = (self.position - other.position)/d_ij

if(r_ij-d_ij < 0):
g=0

else:
g =r_ij-d ij

t_ij = np.array([-n_ij{1],n_ij[0]])
deltaV_ij = other.actualVelocity - self.actualVelocity
#socio-psychological force
s _force = self. A*np.exp((r_ij-d_ij)/self.B)*n ij
#physical force
p_force = self.k*¢*n_ij + self.K*g*deltaV ij*t ij
#value = s force + p _force
value = s force
return value
# The interaction force between agent and wall
def f_iw(self, wall):
r i = selfiradius
vec_iw = self.distance agent to wall(fwall[0]wall[1]],[wall[2],wall[3]])
d_iw = np.linalg.norm(vec_iw)
n_iw = vec_iw/d_iw
if(r_i-d_iw < 0):
g=0

else:



g=rid iw
t iw = np.array([-n_iw[1],n_iw[0]])
deltaV_iw = 0 - self.actualVelocity
s_force = self A*np.exp((r_i-d_iw)/self.B)*n_iw
p_force = self.k*¢*n_iw + self.K*g*deltaV_iw*t_iw
value = s force + p_force
return value
# The navigation force
def f_ig(self, other):
d ig = self.position - other.position
deltaV_ig = other.actualVelocity - self.actualVelocity
n_force = self.alpha*self.mass*(-self.b1*(d ig/(self.characteristicTime)**2 )-
self.o2*(deltaV_ig/self.characteristicTime))
return n_force
# Function to find distance/between point and line
def distance_agent to wall(self, start, end):
line_vec = np.array(end) - np.array(start)
pnt_vec = self.position - np.array(start)
line_len = np.linalg.norm(line_vec) # Find the length of the line vector
(line_len)
line_unitvec = line_vec/line_len # Convert line_vec to a unit vector
(line_unitvec)

pnt vec scaled = pnt_vec/line_len

t = np.dot(line_unitvec, pnt vec scaled) # Nearest distance from Agent and

wall
if t <0.0:
t=0.0
elif t > 1.0
t=1.0
nearest = line_vec*t

dist = pnt_vec - nearest
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nearest = nearest + start
nearest vec = self.position - nearest

return nearest vec

TUsUNIULUUTIABINTONE NN BUUUTEUIUABITAUUUIUIANTA dxd LUAT

import numpy as np
import pygame
import time
from Agent import *
from Astar import *
from Leader import *
class Spot:
def init_(self, row, col, width, total rows):
self.row = row
self.col = col
self.x = row * width
self.y = col * width
self.color = WHITE
self.width = width
self.total_rows = total rows
def draw(self, screen):
pygame.draw.rect(screen, self.color, (self.x, self.y, self.width,
self.width))
def make_grid(rows, width):
grid =[]
for i in range(rows):
grid.append((])
for j in range(rows):
spot = Spot(, j, gap, rows)
grid[il.append(spot)

return grid
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def draw_grid(screen, rows, width):
for i in range(rows):
pygame.draw.line(screen, GREY, (0, i * gap), (width, i * gap))
for j in range(rows):
pygame.draw.line(screen, GREY, (j * gap, 0), (j * gap, width))
def draw(screen, grid, rows, width):
screen.fill(WHITE)
for row in grid:
for spot in row:
spot.draw(screen)
draw_grid(screen, rows, width)
def check position(positionX,positionY,maze):
position = np.array([positionX,positionY])
GridPosition = position//gap
gridPositionX = GridPosition[0]
gridPositionY = GridPosition[1]
while maze[int(gridPositionY),int(gridPositionX)] == 1 or
maze[int(gridPositionY),int(gridPositionX)] == 2 :
position = np.array([np.random.uniform(5,1195),
np.random.uniform(5,115)])
GridPosition = position//gap
gridPositionX = GridPosition[0]
gridPositionY = GridPosition[1]
return position
# Creating screen
pygame.init()
width = 1200
ROWS = 30
gap = width // ROWS
screen = pygame.display.set_mode((width,width-1080))
pygame.display.set caption("SMF Simulator")
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RED = (255, 0, 0)
GREEN = (0, 255, 0)
BLUE = (0, 255, 0)
YELLOW = (255, 255, 0)
WHITE = (255, 255, 255)
BLACK = (0, 0, 0)
PURPLE = (128, 0, 128)
ORANGE = (255, 165 ,0)
GREY = (128, 128, 128)
TURQUOISE = (64, 224, 208)
color_list = [GREEN,BLUE,PURPLE,ORANGE, TURQUOISE]
def main():
# Define envitonment
maze = np.array(([0, 0, 0, 0, 0, 0,0, 0, 0,0, 0, 0,0, 0, 0,0, 0,0,0,0,0,0,0,0, 0, 0,
0, 0,0, 0],
1, 1,0,00001,20000001,1,101,1,1,0,1,1,1,0,0, 2, 1],
[0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0, 0,0, 0, 0])
exits_position = [(90,60),(350,60),(1130,60)]
# Initialize agents
agents =[]
number_of agent = 50
for nAgent in range(number_of agent):
a = Agent()
a.color = GREEN
a.position = np.array([np.random.uniform(5,1195), np.random.uniform(5,115)])
a.position = check_position(a.position[0],a.position[1],maze)
a.startGridPosition = a.position//gap
# In case see exit
for exitt in exits_position:
exit_destinationX = exitt[0]

exit_destinationY= exitt[1]
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distance = (((exit_destinationX - a.position[0]) ** 2) + ((exit_destinationY -
a.position[1]) ** 2))**0.5
if distance <= a.sightRange:
a.destination =np.array([exit_destinationX, exit_destinationY])
a.endGridPosition = a.destination//gap
a.foundExit = True
a.color = PURPLE
break
#In case not see exit
else:
a.destination = np.array([np.random.uniform(5,1195),
np.random.uniform(5,115)])
a.endGridPosition = a.destination//gap
a.destination = check position(a.destination [0],a.destination [1],maze)
a.endGridPosition = a.destination//gap
agents.append(a)
start = (int(a.startGridPosition[0]),int(a.startGridPosition[1]))
end = (int(a.endGridPosition[0]),int(a.endGridPosition[1]))
a.path = astar(maze, start, end)
# Initialize leader
leaders =[]
number of leader = 5
for nLeader in range(number_of leader):
b = Leader()
b.color = RED

b.position = np.array([np.random.uniform(5,1195), np.random.uniform(5,115)])
b.position = check position(b.position[0],b.position[1],maze)
b.startGridPosition = b.position//gap

distance_values =[]

minimum_distance = 0

exit_positions = []
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# Check the nearest exit
for exitt in exits_position:
exit_destinationX = exitt[0]
exit_destinationY= exitt[1]
select_exit = (exit_destinationX, exit_destinationY)
distance = (((exit_destinationX - b.position[0]) ** 2) + ((exit destinationY -
b.position[1]) ** 2))**0.5
distance_values.append(distance)
exit_positions.append(select_exit)
# Define destination of each leader
minimum = min(distance values)
for i in range(len(distance values)):
if distance_values[i] == minimum:
b.destination =np.array([exit_positions[i][0], exit positions[il[1]])
b.endGridPosition = b.destination//gap
leaders.append(b)
start_leader = (int(b.startGridPosition[0]),int(b.startGridPosition[1]))
end_leader = (int(b.endGridPosition[0]),int(b.endGridPosition[1]))
b.path = astar(maze, start_leader, end_leader)
# Start simulation
sim_time =0
delta_time = 0.1
grid = make_grid(ROWS, width)
while sim_time <= 1000:
draw(screen, grid, ROWS, width)
sim_time += delta_time
walls =[[0,40,80,401,[0,80,80,801,
[280,40,360,401,[280,80,360,801,[280,40,280,80],
[600,40,720,401,[600,80,720,801,[600,40,600,80],[720,40,720,80],
[760,40,880,40],[760,80,880,80],[760,40,760,80],[880,40,880,801,
[920,40,1040,401,[920,80,1040,80],[920,40,920,80],[1040,40,1040,80],
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[1120,40,1200,40],[1120,80,1200,80]]
exit walls = [[80,40,80,80],[360,40,360,80],[1120,40,1120,80]]

# Check exit in sight range of follower
for exitt in exits_position:
exit_destinationX = exitt[0]
exit_destinationY= exitt[1]
distance = (((exit_destinationX - a.position[0]) ** 2) + ((exit_destinationY -
a.position[1]) ** 2))**0.5
# Define destination-of each follower
if distance <= a.sightRange:
a.destination = np.array([exit_destinationX,exit_destinationY])
a.endGridPosition = a.destination//gap
# Calculate the social force model of each follower
for i in range(number_of agent):
a = agents|i]
if not a.foundExit:
for exitt in exits_position:
exit_destinationX = exitt[0]
exit_destinationY= exitt[1]
distance = (((exit_destinationX - a.position[0]) ** 2) +
((exit_destinationY - a.position[1]) ** 2))**0.5
if distance <= a.sightRange:
a.nowGridPosition = a.position//gap
a.destination =np.array([exit_destinationX, exit_destinationY])
a.endGridPosition = a.destination//gap
start = (int(a.nowGridPosition[0]),int(a.nowGridPosition[1]))
end = (int(a.endGridPosition[0]),int(a.endGridPosition[1]))
a.path = astar(maze, start, end)
a.foundExit = True

a.color = PURPLE



a.currentGridPosition = 0

break

if a.currentGridPosition < len(a.path):
x = (np.array(a.path[a.currentGridPosition])*gap)+(gap/2)
else:
x = np.array([0,0])
a.direction = normalize(x-a.position)
a.desiredVelocity = a.desiredSpeed*a.direction
aDesired force = a.desired force()
people_interaction = 0
for j in range(number_of agent):
if(jl=i):
b = agents[]]
people_interaction += a.f ij(b)
for j in range(number of leader):
c = leaders[]]
people_interaction += b.f ij(c)
wall_interaction = 0
for wall in walls:
wall_interaction += a.f_iw(wall)
navigation force = 0
for k in range(number_of leader):
c = leaders[K]
distance = (((c.position[0] - a.position[0]) ** 2) + ((c.position[1]-
a.position[1]) ** 2))**0.5
if distance <= a.sightRange:
if a.foundExit == False and a.foundExit == False:
a.foundlLeader = True
a.color = TURQUOISE

a.destination = c.position
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a.endGridPosition = a.destination//gap
a.nowGridPosition = a.position//gap
start = (int(a.nowGridPosition[0]),int(a.nowGridPosition[1]))
end = (int(a.endGridPosition[0]),int(a.endGridPosition[1]))
a.path = astar(maze, start, end)
a.currentGridPosition = 0
navigation force += a.f ig(c)
else:
navigation force += 0
if distance < 15:
if a.foundLeader == True:

a.destination = c.destination
a.endGridPosition = a.destination//gap
a.nowGridPosition = a.position//gap
start = (int(a.nowGridPosition[0]),int(a.nowGridPosition[1]))
end = (int(a.endGridPosition[0]),int(a.endGridPosition[1]))
a.path = astar(maze, start, end)
a.currentGridPosition = 0
navigation force += 0

totalForce = aDesired force + people interaction + wall_interaction +

navigation force
a.actualVelocity = (totalForce/a.mass)*delta_time+a.actualVelocity
# Calculate the social force model of each leader
for i in range(number_of leader):

b = leaders][i]

z = (np.array(b.path[b.currentGridPosition])*eap)+(gap/2)

b.direction = normalize(z-b.position)

b.desiredVelocity = b.desiredSpeed*b.direction

bDesired_force = b.desired force()

people_interaction = 0

for j in range(number of leader):
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if(jl=i):
c = leaders[j]
people interaction += b.f ij(c)
for j in range(number_of agent):
C = agents[j]
people interaction += b.f ij(c)
wall interaction = 0
for wall in walls:
wall_interaction += b.f_iw(wall)
totalForce = bDesired force + people interaction + wall_interaction
b.actualVelocity = (totalForce/b.mass) * delta_time + b.actualVelocity
# Check if the evacuation/is-successful ornot.
for i in range(number_of agent-1,-1,-1):
a = agents|i]
a.position = a.position + a.actualVelocity*delta_time
if len(a.path) > 1:
if tuple(a.position//gap) == a.pathla.currentGridPosition]:
if a.currentGridPosition < len(a.path)-1:
a.currentGridPosition += 1
elif a.foundExit == True:
a.success = True
agents.pop(i)
number of agent -=
else:
a.destination = np.array([np.random.uniform(5,1195),
np.random.uniform(5,115)])
a.endGridPosition = a.destination//gap
a.destination = check position(a.destination [0],a.destination
[1],maze)
a.endGridPosition = a.destination//gap

start = (int(a.startGridPosition[0]),int(a.startGridPosition[1]))
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end = (int(a.endGridPosition[0]),int(a.endGridPosition[1]))
a.path = astar(maze, start, end)

a.currentGridPosition = 0

elif a.foundExit == True :
a.success = True
agents.pop(i)
number_of agent -=
else:
a.destination = np.array([np.random.uniform(5,1195),
np.random.uniform(5,115)1)

a.endGridPosition = a.destination//gap

a.destination = check position(a.destination [0],a.destination [1],maze)

a.endGridPosition = a.destination//gap
start = (int(a.startGridPosition[0]),int(a.startGridPosition[1]))
end = (int(a.endGridPosition[0]),int(a.endGridPosition[1]))
a.path = astar(maze, start, end)
a.currentGridPosition = 0
if number_of agent == 0:
break
for i in range(number_of leader):
b = leaders]i]
b.position = b.position + b.actualVelocity*delta_time
if len(b.path) > 1:
if tuple(b.position//gap) == b.path[b.currentGridPosition]:
if b.currentGridPosition < len(b.path)-1:
b.currentGridPosition += 1
else:

b.success = True

for i in range(number_of agent):
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a = agents|i]
if (a.success == False):
pygame.draw.circle(screen, a.color, a.position, round(a.radius), 2)

# Draw leader
for i in range(number of leader):

b = leaders]i]

if (b.success == False):

pygame.draw.circle(screen, b.color, b.position, round(b.radius), 2)

# Draw wall
for wall in walls:

start_posw = np.array([wall[0]wall[1]])

end_posw = np.array([wall[2],wall[3]])

start_posx = start_posw

end posx = end_posw

pygame.draw.line(screen, BLACK, start_posx, end_posx, 3)
# Draw exit
for exitt in exit_walls:

start_posw = np.array([exitt[0],exitt[1]])

end_posw = np.array([exitt[2],exitt[3]])

start_posx = start posw

end_posx = end posw

pygame.draw.line(screen, RED, start_posx, end_posx, 3)
pygame.display.update()

main()

YovuALarNan1SENBUTULBLIUAMENT S U ILUULESUIEY

Microsoft Windows [Version 10.0.19044.2251]

(c) Microsoft Corporation. All rights reserved.
CAUNity\ML-Agents-Test04>venv\Scripts\activate
(venv) C:\Unity\ML-Agents-Test04>mlagents-learn

config/EvacuationConfiguration.yaml --run-id=TrainingEvacuation3
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Version information:
ml-agents: 0.28.0,
ml-agents-envs: 0.28.0,
Communicator API: 1.5.0,
PyTorch: 1.7.1+cul10
[INFQO] Listening on port 5004. Start training by pressing the Play button in the Unity
Editor.
[INFOJ Connected to Unity environment with package version 2.2.1-exp.1 and
communication version 1.5.0
[INFO] Connected new brain: Evacuation?team=0
[INFO] Hyperparameters for behavior name Evacuation:
trainer_type: ppo
hyperparameters:
batch size: 1024
buffer size: 10240
learning_rate: 0.0003
beta: 0.005
epsilon: 0.2
lambd: 0.95
num_epoch: 3
learning_rate_schedule: linear
beta_schedule: linear
epsilon_schedule:  linear
network_settings:
normalize:  False
hidden_units: 256
num_layers: 1
vis_encode_type: simple
memory: None
goal_conditioning_type: hyper

deterministic: False
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reward_signals:
extrinsic:
gamma: 0.99
strength: 1.0
network_settings:
normalize: False
hidden _units: 128
num_layers: 2
vis_encode_type: simple
memory: None
goal_conditioning_type: hyper
deterministic: ~ False
init_path: ~ None
keep_checkpoints: 10
checkpoint_interval: 150000
max_steps: 1500000
time_horizon: 64
summary_freq: 10000
threaded: False
self_play: None
behavioral cloning: ~ None
[INFOJ] Evacuation. Step: 10000. Time Elapsed: 145.208 s. Mean Reward: 4.000. Std of
Reward: 5.000. Training.
[INFO] Evacuation. Step: 20000. Time Elapsed: 272.869 s. Mean Reward: 7.500. Std of
Reward: 1.500. Training.
[INFO] Evacuation. Step: 30000. Time Elapsed: 408.689 s. Mean Reward: 13.667. Std of
Reward: 11.441. Training.
[INFO] Evacuation. Step: 40000. Time Elapsed: 546.346 s. Mean Reward: 10.000. Std of
Reward: 5.000. Training.
[INFO] Evacuation. Step: 50000. Time Elapsed: 668.177 s. Mean Reward: 17.667. Std of
Reward: 7.587. Training.
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[INFO] Evacuation. Step: 60000. Time Elapsed: 786.091 s. Mean Reward: 14.000. Std of
Reward: 1.000. Training.

[INFO] Evacuation. Step: 70000. Time Elapsed: 905.025 s. Mean Reward: 5.400. Std of
Reward: 6.499. Training.

[INFOJ Evacuation. Step: 80000. Time Elapsed: 1024.465 s. Mean Reward: 25.000. Std
of Reward: 6.000. Training.

[INFO] Evacuation. Step: 90000. Time Elapsed: 1142.301 s. Mean Reward: 20.000. Std
of Reward: 0.000. Training.

[INFO] Evacuation. Step: 100000. Time Elapsed: 1263.407 s. Mean Reward: 9.000. Std
of Reward: 8.124. Training.

[INFO] Evacuation. Step: 110000. Time Elapsed: 1382.253 s. Mean Reward: 15.250. Std
of Reward: 15.817. Training.

[INFOI] Evacuation. Step: 120000. Time Elapsed: 1501.267 s. Mean Reward: 31.000. Std
of Reward: 17.000. Training.

[INFOJ Evacuation. Step: 130000. Time Elapsed: 1612.941 s. Mean Reward: 9.500. Std
of Reward: 4.717. Training.

[INFO] Evacuation. Step: 140000. Time Elapsed: 1730.265 s. Mean Reward: 18.167. Std
of Reward: 15.699. Training.

[INFOJ Evacuation. Step: 150000. Time Elapsed: 1843.638 s. Mean Reward: 37.000. Std
of Reward: 15.000. Training.

[INFOJ Exported results\TrainingEvacuation3\Evacuation\Evacuation-149989.onnx
[INFOJ Evacuation. Step: 160000. Time Elapsed: 1951.984 s. Mean Reward: 31.500. Std
of Reward: 31.500. Training.

[INFO] Evacuation. Step: 170000. Time Elapsed: 2070.250 s. Mean Reward: 66.500. Std
of Reward: 42.500. Training.

[INFOJ Evacuation. Step: 180000. Time Elapsed: 2183.542 s. Mean Reward: 73.000. Std
of Reward: 9.000. Trainins.

[INFO] Evacuation. Step: 190000. Time Elapsed: 2300.568 s. Mean Reward: 95.000. Std
of Reward: 0.000. Training.

[INFOJ Evacuation. Step: 200000. Time Elapsed: 2416.316 s. Mean Reward: 149.000.
Std of Reward: 15.000. Training.



[INFOJ Evacuation. Step: 210000. Time Elapsed: 2532.632 s. Mean Reward: 175.000.
Std of Reward: 25.000. Training.

[INFO] Evacuation. Step: 220000. Time Elapsed: 2642.321 s. Mean Reward: 93.000. Std

of Reward: 0.000. Training.

[INFOJ Evacuation. Step: 230000. Time Elapsed: 2755.934 s. Mean Reward: 89.333. Std

of Reward: 29.238. Training.

[INFO] Evacuation. Step: 240000. Time Elapsed: 2867.167 s. Mean Reward: 194.000.
Std of Reward: 0.000. Training.

[INFOI] Evacuation. Step: 250000. Time Elapsed: 2982.377 s. Mean Reward: 102.000.
Std of Reward: 36.286. Training.

[INFO] Evacuation. Step: 260000. Time Elapsed: 3095.031 s. Mean Reward: 79.000. Std

of Reward: 0.000. Training.

[INFOI] Evacuation. Step: 270000. Time Elapsed: 3211.049 s. Mean Reward: 173.500.
Std of Reward: 46.500. Training.

[INFOJ Evacuation. Step: 280000. Time Elapsed: 3328.471 s. Mean Reward: 130.250.
Std of Reward: 57.578. Training.

[INFO] Evacuation. Step: 290000. Time Elapsed: 3439.830 s. Mean Reward: 139.000.
Std of Reward: 0.000. Training.

[INFOJ Evacuation. Step: 300000. Time Elapsed: 3556.415 s. Mean Reward: 131.333.
Std of Reward: 82.661. Training.

[INFO] Exported results\TrainingEvacuation3\Evacuation\Evacuation-299944.onnx
[INFOJ Evacuation. Step: 310000. Time Elapsed: 3688.889 s. Mean Reward: 227.500.
Std of Reward: 6.500. Training.

[INFO] Evacuation. Step: 320000. Time Elapsed: 3817.791 s. Mean Reward: 214.000.
Std of Reward: 11.000. Training.

[INFOJ Evacuation. Step: 330000. Time Elapsed: 3944.569 s. Mean Reward: 225.000.
Std of Reward: 0.000. Training.

[INFO] Evacuation. Step: 340000. Time Elapsed: 4064.820 s. Mean Reward: 211.000.
Std of Reward: 23.000. Training.

[INFOJ Evacuation. Step: 350000. Time Elapsed: 4193.476 s. Mean Reward: 244.500.
Std of Reward: 9.500. Training.



[INFOJ Evacuation. Step: 360000.
Std of Reward: 99.253. Training.
[INFO] Evacuation. Step: 370000.
Std of Reward: 4.000. Training.
[INFOJ Evacuation. Step: 380000.
Std of Reward: 79.672. Training.
[INFO] Evacuation. Step: 390000.
Std of Reward: 9.500. Training.
[INFO] Evacuation. Step: 400000.
of Reward: 35.008. Traininsg.
[INFO] Evacuation. Step: 410000.
Std of Reward: 0.000. Training.
[INFO] Evacuation. Step: 420000.
Std of Reward: 54.585. Training.
[INFOJ Evacuation. Step: 430000.
Std of Reward: 67.000. Training.
[INFO] Evacuation. Step: 440000.
Std of Reward: 54.707. Training.
[INFOJ Evacuation. Step: 450000.
Std of Reward: 44.000. Training.

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

4318.957 s.

4433.655 s.

4547.927 s.

4663.709 s.

4783.327 s.

4896.419 s.

5015.781 s.

5131.620 s.

5248.871 s.

5363.667 s.

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:
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125.250.

150.000.

135.333.

267.500.

89.500. Std

257.000.

115.333.

217.000.

168.667.

238.000.

[INFO] Exported results\TrainingEvacuation3\Evacuation\Evacuation-449980.onnx

[INFOJ Evacuation. Step: 460000. Time Elapsed: 5481.453 s. Mean Reward: 119.000.

Std of Reward: 80.337. Training.

[INFO] Evacuation. Step: 470000. Time Elapsed: 5599.479 s. Mean Reward: 105.667.

Std of Reward: 11.614. Training.

[INFOJ Evacuation. Step: 480000. Time Elapsed: 5719.272 s. Mean Reward: 90.700. Std

of Reward: 90.104. Training.

[INFOI] Evacuation. Step: 490000. Time Elapsed: 5838.179 s. Mean Reward: 129.000.

Std of Reward: 89.869. Training.

[INFOJ Evacuation. Step: 500000. Time Elapsed: 5951.010 s. Mean Reward: 183.000.

Std of Reward: 0.000. Training.



[INFOJ Evacuation. Step: 510000. Time Elapsed: 6070.275 s. Mean Reward: 206.333.

Std of Reward: 33.290. Training.

[INFO] Evacuation. Step: 520000. Time Elapsed: 6185.647 s. Mean Reward: 278.000.

Std of Reward: 4.000. Training.

[INFOJ Evacuation. Step: 530000. Time Elapsed: 6302.406 s. Mean Reward: 171.333.

Std of Reward: 91.376. Trainins.

[INFO] Evacuation. Step: 540000. Time Elapsed: 6419.698 s. Mean Reward: 150.333.

Std of Reward: 66.620. Training.

[INFO] Evacuation. Step: 550000. Time Elapsed: 6535.632 s. Mean Reward: 212.500.

Std of Reward: 58.500. Training.

[INFO] Evacuation. Step: 560000. Time Elapsed: 6651.050 s. Mean Reward: 220.667.

Std of Reward: 35.198. Training.

[INFO] Evacuation. Step: 570000. Time Elapsed: 6768.637 s. Mean Reward: 182.000.

Std of Reward: 112.395. Training.

[INFOJ Evacuation. Step: 580000. Time Elapsed: 6884.348 s. Mean Reward: 140.333.

Std of Reward: 77.590. Training.

[INFO] Evacuation. Step: 590000. Time Elapsed: 6998.359 s. Mean Reward: 102.000.

Std of Reward: 79.022. Training.

[INFOJ Evacuation. Step: 600000. Time Elapsed: 7114.810 s. Mean Reward: 250.500.

Std of Reward: 37.500. Training.

[INFO] Exported results\TrainingEvacuation3\Evacuation\Evacuation-599937.onnx

[INFOJ Evacuation. Step: 610000. Time Elapsed: 7232.958 s. Mean Reward: 146.000.

Std of Reward: 63.131. Training.

[INFO] Evacuation. Step: 620000. Time Elapsed: 7346.150 s. Mean Reward: 254.500.

Std of Reward: 15.500. Training.

[INFOJ Evacuation. Step: 630000. Time Elapsed: 7459.890 s. Mean Reward: 244.000.

Std of Reward: 0.000. Training.

[INFO] Evacuation. Step: 640000. Time Elapsed: 7573.948 s. Mean Reward: 165.000.

Std of Reward: 76.912. Training.

[INFOJ Evacuation. Step: 650000. Time Elapsed: 7690.652 s. Mean Reward: 144.500.

Std of Reward: 104.186. Training.
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[INFOJ Evacuation. Step: 660000. Time Elapsed: 7807.936 s. Mean Reward: 104.667.

Std of Reward: 100.599. Training.

[INFO] Evacuation. Step: 670000. Time Elapsed: 7918.610 s. Mean Reward: 175.000.

Std of Reward: 120.000. Training.

[INFOJ Evacuation. Step: 680000. Time Elapsed: 8032.077 s. Mean Reward: 231.000.

Std of Reward: 21.000. Traininsg.

[INFO] Evacuation. Step: 690000. Time Elapsed: 8140.885 s. Mean Reward: 182.000.

Std of Reward: 47.000. Training.

[INFOI] Evacuation. Step: 700000. Time Elapsed: 8258.913 s. Mean Reward: 137.500.

Std of Reward: 68.485. Training.

[INFO] Evacuation. Step: 710000. Time Elapsed: 8375.758 s. Mean Reward: 175.667.

Std of Reward: 98.253. Training.

[INFO] Evacuation. Step: 720000. Time Elapsed: 8492.273 s. Mean Reward: 229.500.

Std of Reward: 49.500. Training.

[INFOJ Evacuation. Step: 730000. Time Elapsed: 8608.367 s. Mean Reward: 159.000.

Std of Reward: 126.200. Trainins.

[INFO] Evacuation. Step: 740000. Time Elapsed: 8723.352 s. Mean Reward: 109.000.

Std of Reward: 70.370. Training.

[INFOJ Evacuation. Step: 750000. Time Elapsed: 8835.131 s. Mean Reward: 200.000.

Std of Reward: 54.000. Training.

[INFO] Exported results\TrainingEvacuation3\Evacuation\Evacuation-749969.onnx

[INFOJ Evacuation. Step: 760000. Time Elapsed: 8951.261 s. Mean Reward: 280.000.

Std of Reward: 10.000. Training.

[INFOI] Evacuation. Step: 770000. Time Elapsed: 9064.491 s. Mean Reward: 280.500.

Std of Reward: 4.500. Training.

[INFOJ Evacuation. Step: 780000. Time Elapsed: 9180.653 s. Mean Reward: 266.500.

Std of Reward: 3.500. Training.

[INFOI] Evacuation. Step: 790000. Time Elapsed: 9296.067 s. Mean Reward: 143.750.

Std of Reward: 47.804. Training.

[INFOJ Evacuation. Step: 800000. Time Elapsed: 9408.810 s. Mean Reward: 237.000.

Std of Reward: 0.000. Training.
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[INFOJ Evacuation. Step: 810000. Time Elapsed: 9524.103 s. Mean Reward: 180.667.
Std of Reward: 102.925. Training.

[INFO] Evacuation. Step: 820000. Time Elapsed: 9637.791 s. Mean Reward: 270.000.
Std of Reward: 8.000. Training.

[INFOJ Evacuation. Step: 830000. Time Elapsed: 9753.491 s. Mean Reward: 110.667.
Std of Reward: 98.191. Trainins.

[INFO] Evacuation. Step: 840000. Time Elapsed: 9865.220 s. Mean Reward: 245.000.
Std of Reward: 44.000. Training.

[INFOI] Evacuation. Step: 850000. Time Elapsed: 9982.004 s. Mean Reward: 225.000.
Std of Reward: 51.000. Training.
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[INFO] Evacuation. Step: 860000. Time Elapsed: 10093.954 s. Mean Reward: 217.500.

Std of Reward: 26.500. Training.

[INFOI] Evacuation. Step: 870000. Time Elapsed: 10209.347 s. Mean Reward: 251.000.

Std of Reward: 15.000. Training.

[INFOJ Evacuation. Step: 880000. Time Elapsed: 10325.585 s. Mean Reward: 238.500.

Std of Reward: 35.500. Training.

[INFOI] Evacuation. Step: 890000. Time Elapsed: 10440.796 s. Mean Reward: 273.000.

Std of Reward: 13.000. Training.

[INFOJ Evacuation. Step: 900000. Time Elapsed: 10554.113 s. Mean Reward: 224.500.

Std of Reward: 4.500. Training.

[INFO] Exported results\TrainingEvacuation3\Evacuation\Evacuation-899960.onnx

[INFOJ Evacuation. Step: 910000. Time Elapsed: 10669.686 s. Mean Reward: 223.000.

Std of Reward: 56.000. Training.

[INFOI Evacuation. Step: 920000. Time Elapsed: 10785.483 s. Mean Reward: 283.500.

Std of Reward: 3.500. Training.

[INFOJ Evacuation. Step: 930000. Time Elapsed: 10897.808 s. Mean Reward: 260.500.

Std of Reward: 18.500. Training.

[INFOI Evacuation. Step: 940000. Time Elapsed: 11014.524 s. Mean Reward: 224.333.

Std of Reward: 46.686. Training.

[INFOJ Evacuation. Step: 950000. Time Elapsed: 11130.447 s. Mean Reward: 280.000.

Std of Reward: 0.000. Training.
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[INFOJ Evacuation. Step: 960000. Time Elapsed: 11242.858 s. Mean Reward: 215.000.
Std of Reward: 63.013. Training.

[INFO] Evacuation. Step: 970000. Time Elapsed: 11359.260 s. Mean Reward: 116.000.
Std of Reward: 101.181. Training.

[INFOJ Evacuation. Step: 980000. Time Elapsed: 11470.591 s. Mean Reward: 255.500.
Std of Reward: 35.500. Training.

[INFO] Evacuation. Step: 990000. Time Elapsed: 11585.616 s. Mean Reward: 251.000.
Std of Reward: 0.000. Training.

[INFOI] Evacuation. Step: 1000000. Time Elapsed: 11700.404 s. Mean Reward: 222.000.
Std of Reward: 67.000. Training.

[INFO] Evacuation. Step: 1010000. Time Elapsed: 11816.884 s. Mean Reward: 278.500.
Std of Reward: 0.500. Training.

[INFOI] Evacuation. Step: 1020000. Time Elapsed: 11931.935 s. Mean Reward: 285.500.
Std of Reward: 5.500. Training.

[INFOJ Evacuation. Step: 1030000. Time Elapsed: 12048.586 s. Mean Reward: 207.000.
Std of Reward: 75.419. Training.

[INFO] Evacuation. Step: 1040000. Time Elapsed: 12165.631 s. Mean Reward: 297.500.
Std of Reward: 1.500. Training.

[INFOJ Evacuation. Step: 1050000. Time Elapsed: 12280.072 s. Mean Reward: 230.000.
Std of Reward: 0.000. Training.

[INFO] Exported results\TrainingEvacuation3\Evacuation\Evacuation-1049985.onnx
[INFOJ Evacuation. Step: 1060000. Time Elapsed: 12397.121 s. Mean Reward: 171.000.
Std of Reward: 100.257. Training.

[INFO] Evacuation. Step: 1070000. Time Elapsed: 12513.859 s. Mean Reward: 186.500.
Std of Reward: 44.500. Training.

[INFOJ Evacuation. Step: 1080000. Time Elapsed: 12631.776 s. Mean Reward: 221.333.
Std of Reward: 67.460. Training.

[INFO] Evacuation. Step: 1090000. Time Elapsed: 12753.182 s. Mean Reward: 293.000.
Std of Reward: 0.000. Training.

[INFOJ Evacuation. Step: 1100000. Time Elapsed: 12871.792 s. Mean Reward: 188.000.
Std of Reward: 106.518. Training.



[INFOJ Evacuation. Step: 1110000.

Std of Reward: 74.906. Training.

[INFO] Evacuation. Step: 1120000.

Std of Reward: 77.500. Training.

[INFOJ Evacuation. Step: 1130000.

Std of Reward: 3.000. Training.

[INFO] Evacuation. Step: 1140000.

Std of Reward: 79.049. Training.

[INFO] Evacuation. Step: 1150000.

Std of Reward: 5.500. Training.

[INFO] Evacuation. Step: 1160000.

Std of Reward: 0.000. Training.

[INFO] Evacuation. Step: 1170000.

Std of Reward: 22.450. Training.

[INFOJ Evacuation. Step: 1180000.

Std of Reward: 9.500. Training.

[INFOJ Evacuation. Step: 1190000.

Std of Reward: 0.000. Training.

[INFOJ Evacuation. Step: 1200000.

Std of Reward: 77.644. Training.

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

12993.089 s.

13109.679 s.

13225.839 s.

13345.249 s.

13462.660 s.

13578.650 s.

13696.321 s.

13814.632 s.

13932.691 s.

14051.309 s.

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:
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171.333.

167.500.

292.000.

208.000.

285.500.

238.000.

247.000.

256.500.

286.000.

194.000.

[INFO] Exported results\TrainingEvacuation3\Evacuation\Evacuation-1199990.onnx

[INFOJ] Evacuation. Step: 1210000. Time Elapsed: 14167.572 s. Mean Reward: 191.333.

Std of Reward: 117.284. Training.

[INFO] Evacuation. Step: 1220000. Time Elapsed: 14286.044 s. Mean Reward: 169.333.

Std of Reward: 109.180. Training.

[INFOJ Evacuation. Step: 1230000. Time Elapsed: 14402.445 s. Mean Reward: 280.500.

Std of Reward: 6.500. Training.

[INFO] Evacuation. Step: 1240000. Time Elapsed: 14522.583 s. Mean Reward: 231.000.

Std of Reward: 40.000. Training.

[INFOJ Evacuation. Step: 1250000. Time Elapsed: 14643.517 s. Mean Reward: 223.333.

Std of Reward: 51.526. Training.
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[INFOJ Evacuation. Step: 1260000. Time Elapsed: 14763.516 s. Mean Reward: 115.000.
Std of Reward: 102.853. Training.

[INFO] Evacuation. Step: 1270000. Time Elapsed: 14882.272 s. Mean Reward: 269.000.
Std of Reward: 26.495. Training.

[INFOJ Evacuation. Step: 1280000. Time Elapsed: 15000.654 s. Mean Reward: 295.000.
Std of Reward: 0.000. Training.

[INFO] Evacuation. Step: 1290000. Time Elapsed: 15117.938 s. Mean Reward: 274.000.
Std of Reward: 19.000. Training.

[INFO] Evacuation. Step: 1300000. Time Elapsed: 15236.767 s. Mean Reward: 220.000.
Std of Reward: 91.699. Training.

[INFOJ] Evacuation. Step: 1310000. Time Elapsed: 15355.143 s. Mean Reward: 200.000.
Std of Reward: 81.000. Training.

[INFOI] Evacuation. Step: 1320000. Time Elapsed: 15471.993 s. Mean Reward: 272.000.
Std of Reward: 23.000. Training.

[INFOJ Evacuation. Step: 1330000. Time Elapsed: 15591.408 s. Mean Reward: 118.400.
Std of Reward: 109.870. Trainins.

[INFO] Evacuation. Step: 1340000. Time Elapsed: 15710.445 s. Mean Reward: 217.000.
Std of Reward: 53.000. Training.

[INFOJ Evacuation. Step: 1350000. Time Elapsed: 15826.968 s. Mean Reward: 286.000.
Std of Reward: 12.000. Training.

[INFO] Exported results\TrainingEvacuation3\Evacuation\Evacuation-1349977.onnx
[INFOJ Evacuation. Step: 1360000. Time Elapsed: 15944.122 s. Mean Reward: 278.000.
Std of Reward: 0.000. Training.

[INFO] Evacuation. Step: 1370000. Time Elapsed: 16061.706 s. Mean Reward: 285.500.
Std of Reward: 4.500. Training.

[INFOJ Evacuation. Step: 1380000. Time Elapsed: 16178.704 s. Mean Reward: 232.000.
Std of Reward: 10.000. Training.

[INFO] Evacuation. Step: 1390000. Time Elapsed: 16295.398 s. Mean Reward: 277.000.
Std of Reward: 14.000. Training.

[INFOJ Evacuation. Step: 1400000. Time Elapsed: 16411.483 s. Mean Reward: 262.000.
Std of Reward: 0.000. Training.



[INFOJ Evacuation. Step: 1410000.

Std of Reward: 12.500. Training.

[INFO] Evacuation. Step: 1420000.

Std of Reward: 29.010. Training.

[INFOJ Evacuation. Step: 1430000.

Std of Reward: 29.000. Traininsg.

[INFO] Evacuation. Step: 1440000.

Std of Reward: 9.500. Training.

[INFO] Evacuation. Step: 1450000.

Std of Reward: 0.000. Training.

[INFO] Evacuation. Step: 1460000.

Std of Reward: 28.709. Training.

[INFO] Evacuation. Step: 1470000.

Std of Reward: 28.000. Training.

[INFOJ Evacuation. Step: 1480000.

Std of Reward: 14.500. Training.

[INFOJ Evacuation. Step: 1490000.

Std of Reward: 16.500. Training.

[INFOJ Evacuation. Step: 1500000.

Std of Reward: 110.780. Trainins.

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

Time Elapsed:

16529.716 s.

16649.024 s.

16768.686 s.

16882.442 s.

16994.461 s.

17110.110 s.

17226.183 s.

17342.298 s.

17455.359 s.

17572.857 s.

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:

Mean Reward:
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282.500.

253.333.

253.000.

283.500.

254.000.

250.333.

178.000.

280.500.

277.500.

106.500.

[INFO] Exported results\TrainingEvacuation3\Evacuation\Evacuation-1499965.onnx

[INFOJ Exported results\TrainingEvacuation3\Evacuation\Evacuation-1500029.onnx

[INFO] Copied results\TrainingEvacuation3\Evacuation\Evacuation-1500029.onnx to

results\TrainingEvacuation3\Evacuation.onnx.
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