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Q(spa) = (1-a)Q(spar) + a(R, 2)
+ ymaxQ(s;, a))
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1. Controller & Energy model 1% Controller @1u19a
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3. Yu1AUes Control packet fANIAU 0 bytes
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Actions: All possible routing paths

Reward function: A1 Reward ¥aalyuaiisl Reward ﬁaaﬁqm
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S = Eyax — Emin (3)
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S = Euin (@)

R, = Min[w; *d(s;) + w, * H(s;) + w3 * E(s;) (5)
+w, xp(s)]
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s 1 °

w,=0 lanaansninin viliganuldnsiaudinism reward
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v
o Y
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ndulUNUMILLEITe [1] foenuuu reward function @93
91wy reward function ves [3] dAnwdslanaasaiiuifn
984 reward function v84 [1] ¥1U5UlY Teefiaunis reward
U849 hop count @unns (6)

Hop_Nbr_to_Sink(s;) (6)
Hop_to_Sink,,q,(s;)

H(s;)) = 1

1-Hj/Hmax - W(0.1, 0.1, 0.8)
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n1511 SDN anldeusiuiu RL viliwuweslddeddnasanuly
funrsveufidudeu wazvihli Controller anusaieunay
fnauladen Action Wiwinzaulisuedetsld Fafnerdunis
Amsngaudvanmdagduvesaiedie iliAnnisauna
WaIusERIYumes Controller axnndunisiiidulule
Tanum (Al possible routing path) 91514 STP Lyl
dunmaiivhliAn Loop Tuafedne

nsIWTuiBuUsEaNENIM Reward function se%314
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AUNISI e [S(Min), R(Min)] wag [S(Max-Min), R(Min)] aiaelA
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AULUU [S(RT), R(Sum)] 289 [3] ‘v“?a FND wag HND 591840195
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13131 Energy model, Wiy Topology discovery waziiy Packet
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Model Accuracy AUC Recall Prec. F1
catboost CatBoost Classifier 0.9797 0.9984 0.9797 0.9798 0.9797
gbc Gradient Boosting Classifier 0.9796 0.9987 0.9796 0.9797 0.9796
f Random Forest Classifier 0.9794 0.9980 0.9794 0.9795 0.9794
lightgbm Light Gradient Boosting Machine 0.9790 0.9985 0.9790 0.9791 0.9790
xgboost  Extreme Gradient Boosting 0.9788 0.9984 0.9788 0.9789 0.9788
et Extra Trees Classifier 0.9762 0.9970 0.9762 0.9763 0.9762
knn K Neighbors Classifier 0.9743 0.9933 0.9743 0.9748 0.9743
mlp MLP Classifier 0.9736 0.9978 0.9736 0.9739 0.9735
dt Decision Tree Classifier 0.9702 0.9799 0.9702 0.9703 0.9702
gpc Gaussian Process Classifier 0.9641 0.9961 0.9641 0.9642 0.9641
rbfsvm SVM - Radial Kernel 0.9618 0.9961 0.9618 0.9619 0.9618
Ir Logistic Regression 0.9485 0.9947 0.9485 0.9487 0.9485
svm SVM - Linear Kernel 0.9394 0.0000 0.9394 0.9417 0.9393
qda Quadratic Discriminant Analysis ~ 0.9372 0.9953 0.9372 0.9449 0.9369
lda Linear Discriminant Analysis 0.8963 0.9858 0.8963 0.9020 0.8972
nb Naive Bayes 0.8930 0.9946 0.8930 0.9162 0.8932
ridge Ridge Classifier 0.8865 0.0000 0.8865 0.9025 0.8848
ada Ada Boost Classifier 0.7497 0.9095 0.7497 0.7445 0.6655
dummy Dummy Classifier 0.2667 0.5000 0.2667 0.0711 0.1123
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®  Accuracy ¥3BAUYNADY D maﬂﬁa‘imuﬂﬁgﬂéfaq

Aanatukas A TuIINKANTTILUNT L

TP + TN

Accuracy == (4.1)
TP + TN + FP + FN

®  Precision vi3oALUI UG AD NAN1TIMUNINENI
\inTungnees WeufuRaNsI N INESTLART LTS
gneisauazliigniewiaun
P

Precision: P = ——— (4.2)
TP + FP

®  Recall AD HAMITUUNIENWAATUTGNFABI 1By
fudnnuiegenaaiuAnTunmLn
TP

Recall R=— (4.3)
TP + FN

®  F-Score o AnAsvasmuusiug way Recall fign
s uiingae B udlaeunfinds F-Score agmnes
F1-Score @wnefisraaeua Precision waz Recall
wawidlo B = 1 F-Score 3aiiamsmunmsal
P*R
P+R

(4.9)

F1-Score = 2%

®  Receiver Operating Characteristic Curve (ROC) Wy
nslduldafivsuenaugndosvesluiag al A1
e uunsine 9 Huiildnsivesdu ROC Bonia
Area under the ROC curve %58 AUC

4.4 NaN1INAABN
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f99gat9 0.9763 Tuanunisalil 1 Nflgns1dnvesnislaud
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3.6.1 Daily Cost

Juswazidenves Cost TundazTulpoaziuiu
nsuansliiudaldanernsqueusas Tuindaldane
Jueehals

Daily Cost On Class1

3U# 4 Daily Cost

3.6.2 Weekly Cost

WuswaziBenves Cost Tunsazduailneasdiy
Wunswuandiiiudsrnldanensguesusazduaiiing
Alganeduegsls

Weekly Cost On Class1

3‘1]‘7; 5 Weekly Cost
3.6.3 Monthly Cost

Wusreazdenves Cost lunmasiioulnuasiu
Wunsuanddiiiubsanldatennsgesusagifouing

Alganedueesls

Monthly Cost On Class1

gﬂﬁ 6 Monthly Cost

3.6.4 Yearly Cost
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Yearly Cost On Class1

gﬂﬁ 7 Yearly Cost
3.6.5 EC2Usage

5198¢,08AVRIANLYINYVRY EC2 ke EC2-Other
' o £ Y & = 18w
Yaausaziulaeazdudunsivuandliiuiealdaieves

EC2 way EC2-Other whaziu

EC2 Usage On Class1

3Ufl 8 EC2Usage
3.6.6. AllService

TuasLdnATlYI18989 Service YBILARLTUNT
swiulagazuanadumadaedudu Service Aneq uay

YaNTINVDY Service T

All Service On Class1

Service Total Cost (USD)

AWS Key Management Service 0.00033
Amazon Simple Queue Service 0.0
AWS Secrets Manager 0.00014
Amazon Simple Storage Service 0.00063
AWS Step Functions 0.0
Amazon Simple Notification Service 0.0
Amazon SimpleDB 0.0
Amazon Elastic Compute Cloud - Compute 1.7864
AmazonCloudWatch 1.16287
EC2 - Other 0.22688

3U17i 9 AllService

3.6.7 UserUsage

wansdsdeyarldineiiindulaeyldiodlnyay

wanadunsmfituegiv Service Nldasaiuin

UserUsage On Class1

3‘1]17; 10 UserUsage

3.6.8 EC2Detail

wanafatayasneaziden Instance Y99 EC2 374l

avlsthdlngazuanalunmsuanstisdoya EC2 6199

EC2Detail On Class1

Instance ID Instance Type  Launch Time  Cost Per Hour (USD)
i-0fbdeec70e3239bb4 t2.micro 2024-03-07 19:26:53 0.0808
i-00d9228180d034a5c¢ t2.micro 2024-03-07 19:26:53 0.0808

Ui 11 EC2Detall

3.7 Database Design and Import Data to

Database
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3.7.1. all_cost_data
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Service Mifiuannmsisdayaanelald json

3.7.2. ec2 other instance data
\Jumssdmiuiudeyaves Service EC2_Other

3.7.3. ec2 _instance data

Jumsrsdwmsuiiudeyaves Service EC2



3.7.4. s3 data
Jumsndmiuifudeyaves Service s3
3.7.5. cloudwatch_data

v unisieeusuiiut ey aves Service

CloudWatch
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4.1. Deploy
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4.2. Checking Service

o
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« AWS EC2 @314 Instance RaNU9IsEUU

« AWS S3 @514 Storage 99453 UU

« AWS RDS #3514 Database Instance 98953UU
4.3, Install Tool
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FILLNYUUDINUNUNIT Deploy Tusguu@sdmsu Tool %
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4.4. Environment Setup For Script
4.4.1. Script Python (ALLSERVICE.PY)

ﬁmﬂ“z’fﬁﬁﬁyﬂ ce get_cost_and_usage UBY aws
cli uldlaenu script 9990197 python Tasts1aziinishs
Al¥918uuU Unblended Cost wonsanifuudazTulagi
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nauiiArldanedusining neesdl Aray Fe service costs
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mwﬁ'Liwﬁaﬂmsﬁ;uﬁmﬁu%mﬂa Service 7i @14 718
Unblended Cost LLaxL%WﬂTa%aMﬂ array service_costs

wishesnundulyd json



"2024-03-01": {

. I
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I
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gih?i 13 AllService.py Result
4.4.2 Task Scheduler

N1 1518519 script allservice.py 91 491
f99N154a7 151AFasYinsAeaaield Script @unse

PaumuIaEIuaLe

testPW Ready At 1618 every day

gﬂﬁ 14 Task Scheduler Complete

4.5 Script Python to add data in database and

Jjson file

\Ju Script lunsihdeyaiing Database lnenna
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4.5.1. all_cost.py

431991919 all_cost_data 31nv oy av La N1
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#51939uun3nlva json

4.5.2. ec2 detail. py

Wunis query /1w aws cli waztaniulag json
Tneldlnd ec2_detail.py Feazvinisisdoyasivaziden

instance
4.5.3 ec2 instance.py

vnsutesaves ec2 7 Lsld Ll vasluly
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Database W 1579 ¢ a4 Script LAT IINITI
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4.5.4 render_template.py
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4.6 CloudFormation
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31]17i 15 CloudFormation Class1



4.7 AWS Nuke
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