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0o ABSTRACT O

Artificial intelligence technology has grown significantly in recent years and has
become a major tool in all sectors .One of the advantages of artificial intelligence is that it
can process huge amounts of data effortlessly, quickly and effectively.Machine learning is
one of the most important sections of artificial intelligence. Therefore,this paper presents
using of a set of machine learning algorithms in order to comparing their predictability
over a range of sensors readings, it was obtained by deploying dual temperature and
humidity sensors, In an attempt to take advantage of machine learning techniques to
provide additional processing needed by Big Data, of which wireless sensor networks are
one of the most prominent sources.

We accomplished this work with a set of machine learning techniques , k-means , k
Nearest Neighbor , Random Forest , Support Vector Machine , and Linear Regression
algorithm .Comparing them in terms of accuracy in predicting, Note that the prediction was
in the case of predicting continuous values (as in the case of linear regression) and in the
case of classification( in the rest of algorithms).

Key Words:Machine Learning, Sensing Dataset, K-means ,KNN, RF, SVM,LR
algorithms ,Sensed data analysis, Python
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(3-b)Jsanll ming WS aa s (MAE) (3llas Uadys 100% Ly 48y cueli RF
lbd) A gana & AV ighaall 1(3-a) Jgaadl

year month sample average Tia

2020 spring 1 21 229 0
2020 spring 3 21 229 1
2020 spring 5 21 229 2
2020 spring 7 21 229 3
2020 spring 9 21 229 4
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(RF Evaluation) auiill :(3-b) Jgaall

test set 30% test set 20% RF
99.9% 99.79% accuracy
0.04 0.05 MAE

:daanal) clinl) Ll SVMA) i (3uki 4-4
s «(SVM library) dals cilsl daidl Sklearn issdl ye ol 3al Hasaul o
elediuly Lied ¢ Cariuai Aleny o g8 W ol 3291 gay ¢ Ailise SVM ciliey s e laysa g5a3
Jsaall & me 5 i Kernel. Typed sk ) (Support Vector Classifier) SVC
( Skernel. Type I usi ae Ersnadl) bl Ao sene Caiai 8 SVMAI 230l 480 )

iy Jlia) wlly J) dataset I sl (il ey sl e sigmoid srbf «d=8)poly
(SVM Evaluation) auiill: (4) Jgaall

sigmoid rbf poly Kernel
SVM
49% 73% 16% Accuracy
(20% test set)
50% 68% 17% Accuracy
(30% test set)

Op 4y Juadl 8 (RBF) el ail) of odel (4) doaad) cin WS il (e Jaadls
G S Al 13 G Gas 138y SigmMOidY ae 50% s ) 383 caaissl Ly kernels
dcgena o 483 c5ul A8 Polynomial Kerneld) Loy (L cpiia) hid S Cuall ol Jls
L] deadiudl) by

rdaapall clindl Jlo:Linear Regression hall jaai¥) dujled (gauds 5-4

& olwally 3391 ae (Linear Regression Algorithm) aall jlaat¥) d3ela slacl &
panily Ay La) all i @5 Jlall e sl & Al dapys Jiiud) sl 8 (el
Cola) ally 20% 5 ey bl 80% ) cbll)
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= Predicted

30 I

;5 I

20

E)

@
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"

5l
(actual Vs. Predicted) il ajlls dadgial) ail) :(14) JSidl
fitting) diless Caymt Lo sas LAY cilily we 43)lie ol o (15) JS&D
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MSE dag of (16) JS&) & Ladl Cum zhgall ayii gd Aagalls 5,aY) s5hadll W
S L ol e ylead) G ey Al g MAEY dad (e Galeal dusad Jliny 5:8(20.3)
eas ) s gty ol o LeslSals JBY (S0 B8 4e

ciluagilly clabisiuay) -5
KNN s SVM(RBF) 5 RF (e S ¢y 883l (3 435l (17) JI JS0 gy
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3 sl UK 4 Loy gailly Bhall Gl p Ailadl) ALY 558 s v
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il 48y L] RF KNN) s

slla 3 W (Kernel RBF) alaaiu xie Lis 13 sdiaddy SVMI culs v

Aald ) el o aalil 138 s 0585 o By 483 Camal s sigmoid - gpolynomial
- alial B ae Jolas IS Ll 35 430N Copalll Vs pe (S Alliy (Dlaxy Sigmoid
! Glua gl
o) i Clily desene e it ALl N alad eyl JLES) (8 SLaall a3adl 1
flee S3 Ll sde eVl e 2als
- cpdll degana A Bagagall Gliall 22 @
. sadiadll(features) il 2e o
Overfittingd) s underfittigl) AlKas asay i @
e gl Ay Aiguaall Gl Jie Gueal Y el @yl ) Gl e 2
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