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Cilastaall aliis Cilimal) Audia and Condl Aaals Zilasbeall duadigh A 3 Gayda Lladi slaud Lo

Smart City Traffic Flow Analysis

Abstract
The use of machine learning algorithms has become increasingly prevalent
in the loT environment, as they offer valuable services and applications by
analyzing and interpreting data generated within these networks. Smart
cities are among the most important applications of the Internet of Things,
which, in turn, contain a wide range of applications. Such as intelligent
transportation systems, parking management systems, weather and
pollution analyzing systems. Regression algorithms are used to predict
continuous values, and these algorithms are applied in many areas, such
as predicting exchange rates and house prices. In this research, we
analyzed the performance of different regression algorithms to predict smart
city traffic in order to enhance various services such as parking area
management, traffic signal coordination, and avoiding traffic congestion. We
analyze the traffic using attributes like traffic speed and pollution data
provided by citypulse project, we also study the effect of use previously
recorded values in prediction process, models based on previously recorded
values achieved higher accuracy. The study showed that both the gradient
boosting and random forest algorithms outperformed the other algorithms

and achieved good accuracy for the dataset studied.

KEYWORDS: traffic flow, predicting, smart cities, data analysis.
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il o alaieWL gl ddee oy aly A Al A s gl e 5T IS8 i
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REPORT _ID avgSpeed vehicleCount TIMESTAMP
158324 50 5 2014-08-01T07:50:00
158324 50 6 2014-08-01T07:55:00
158324 60 4 2014-08-01T08:00:00
158324 60 1 2014-08-01T08:05:00
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latitude | longitude | NO, | SO, | CO, | PM | O, TIMESTAMP
56.2317 | 10.10498 87 44 49 | 94 | 101 | 2014-08-01T07:50:00
56.2317 | 10.10498 | 86 47 | 48 | 97 | 106 | 2014-08-01T07:55:00
56.2317 | 10.10498 | 85 42 | 49 | 95 | 107 | 2014-08-01T08:00:00

56.2317 | 10.10498 87 44 51 | 90 | 103 | 2014-08-01T08:05:00
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204
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T T T T T T T
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3]

NO, | SO, | CO, | PM 0, avgSpeed | vehicleCount (output)
87 44 49 94 | 101 50 5
86 47 48 97 | 106 50
85 42 49 95 | 107 60 4
87 44 51 90 | 103 60 1

sl clelall Je alaieYh g pall A8y 5000l o83 addg 1 SBI wyaill slacy)
oalsall e abiady Leanads lehaad & Al Al Cile)jall AiLaYL uluall
Oo DLl Ao gane S5 [4] Jsaal) sy coraall 53U aas Cuay Lia Aliad
e hall e Ulias Ul sy AT jaety cJlall Qs e ) (glus 32801 dad Ja]
oelaand) e | 202 Liala Alaalll 038 s sal) A pmy 5l apyig (1) Lo ddasl 3

(1) 5l L AL Adaally sl o3 dlssal

A Ayl B il Akt clild) oo Gl (4) Jsaad

NO, | SO, | CO, | PM | O3 | avgSpeed | NO, | SO, | CO, | PM | O; | avgSpeed | vehicleCount
t=1 | t=1 | t=1 | t=1 ]| t-1 t-1 t t t t t t (output)

Ao | EY | EA | AY | Ve gy 87 | 44 | 49 | 94 | 101 50 5

87 | 44 | 49 | 94 | 101 50 86 | 47 | 48 | 97 | 106 50 6

86 | 47 | 48 | 97 | 106 60 85 | 42 | 49 | 95 | 107 60 4

85 | 42 | 49 | 95| 107 60 87 | 44 | 51 | 90 | 103 60 1
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=
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3l Gl 401 e [2] Aabaall i caiaity 5l ayall (y) A0

Y= myx;+ myX; + -+ p (2)
¥ Lae Jumdl J<G mall el sl dlee o Al cVatie dil) aals
Vil dila) dlee 4B o Gang S (Gl g5l e Judl gl Gle S
(Overfitting) s Acdlall e VAl Jpeasl) cuindl (ugyte JS Alslaal

A JSLaA (e ay

:[24] ridge regression 4. \s3 3-4-8

538 iy Al )andY) oo lsa Lgie il JSLe Jal Asa) sl 534 a3t
lle day5 Jaall Gl e Ak ABDay g A Joaie Fady gl 31S0) e IS
28 daxdiall & dlail) ol AgLd) AASEL) &igaa e o(multicollinearity) o e xig
oW (high variance) Jle cnls 73kl oda ol Jdlly 288y je &3l aad
Tad Al o Jaad lay il Gl 5355 zipall Gl o Ay Al
D A lsa pladinls laslay) s ) LSl A e Jliy G (1) Jalaa
il Gl g sana ich Jally 5latl il Alslae (685 JHial) Js e L Apadl
1[3] Aol (35 Ly oiial) milly Adadll o) oy

- n p 2 P
Fraage =argmin{zi=1<yi—ﬁo—zjzlﬁ,-xi,-) va) O

JAX Aaadivally A yaadl (alsdl) sae (P) edaall @las 23 e (M) sl Cas

ey leadl a2 U Al LSl (B, ) ¢ el Aglee B
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:[24] (Elastic Nets) 4iall ciluill 43 \93 4-4-8

ls 1asso regression 4 lsag Adball Ay lall e Apa)lsAll sda s
Ledlsin DA (e Lete JS L ety mAd) e il 3690 alsall waas b acls
Jalally 3 15l G Al bl &K Janmn b palisy (530 (01) Jalaal) Lo
ddee A aladin A 4Bl aldl) Woaasy sl (L1 ratio) o cayny 3 (B)
) () i [3] Alalaall s Ly oo Uiga 5l

fov=argmin(y. (n=po= Y fy) +a®Y. Bl+a-pY ;@

:[22] (Decision Trees) il jladl 4ua),lsa 5-4-8
Ae gane o 8yaill (g5ints 8 yainnalls Dygitll wlly 5ul) Loagl dua) ol o3a pasind
G gyl et Lgle HLEaY! el A Lo dpald o8 i Al 4dalal) diall e
Bl Lo it A Aaadyl) Aadll (geas Gl al ALY L Bpatll e 4Shuin
ve (splitter) bl Gub oo Woast dme Hulae Guh oo 38l jladl) a
Gl (random) (e Yy (Dest) dall araivs L sale s dpa )il (iad alasind
Daalls R e (e G AT (385 Raa bl Jexd Bpadl) skl Al Jud]
- 5ll Taliall Al ypaal Jaa e ST A e Laal 06 Cum Bl g5 o
il g i) Leaal Ul 3yas dal e ledasia oS0 S bl e 33al) a3
Dals (min_sample_split) Gys) amiil DU clinl) 222 ((Max depth)
Dby a5l AUl i) 28lS J8Y) 3 yaill saley axiiig (53l (@) e

() A o iy 2aS ST el Al 3yl
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:[22] (Random Forest) 4ulgdall wlilall 6-4-8
sl Alee A aadid N LA Hladl e sae e slaeWU Glal) o2 ol
JS 8yl IS (Bee s ey (n_estimators) i)l b e Laua ais
o Al all danigia 38T 5y Jledl) pall Glaalds DA Sl ey lsad 4ilia
e il 8 Aa))lsall o sl WAL o2 am Bad JS i (e g0 3l
(Ji palss e HlaiV) sda aldie) ae Alagy el oLy DA e 520050 4Dl
7] JSE a sy WS bl 3 mamadn 3535 e JSUe (g (Jlad o (Sags WS

Test Sample Input

"l'rcc 1 .'l'rcc 2 ) Tree i* "l'rcc N

C.)

Prediction 1 Prediction 2 Prediction®  Prediction N

Average of all ;;r:dlcuons

Random Forest
Prediction

[22] Asilgdal) cililad) aladiindy §paical) adlly 5uiil) (7) Joid)

:(Gradient Boosting Regression) _aaill jlasi¥l 4 lsa 7-4-8
Tassia (g5t JAN il aan o Lo WU ol 505 s hals Lua sl 020 Tas
by eliy o A0 55laally chae) lsall Alaaal) lill) (o JS) gpall Jsaie e
Caags Ll o yanil) o Uy s Al Gaalsdldl ans Jaall Qs ddys DA
{otiiall aidllg Aaladll assl) o (30 Jias 53 (loss function) 3)leall s dad Julss
Cuny Slgll Cataal) o lid s ye € Aailll i) pen 3y 2 Aage S gy
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301 [8] JSal) gy [22] Aailil) 5l Gad (et 3l Ciiadl) GISAL aay ol

r eIl Ayl dee

) v, 3=ry— 1
t t t
1 \ T
s s s
I ‘ ]
Tree | Tree 2 Tree 3 . Tree N
‘T\ sh N /r
‘ \
X, ») X, r) X, r;) X, rvy)

[23] o) JIaaiy) alsdiol; §paioad adlly a0 (8) Jedi
e Ll gsaty dlatiall G Gaa ol ailie (K Baa) Al o3a Lasia o
Al Ly asi s3I (leaming rate) alall JaseS (55891 el (an
Al daill e dae)lead) Lale Al ddiall Slaa) lsal)

:[22] support vector regression i 53 8-4-8

el (classification) caiaill Jilua Caia lealadinly Zaa) loall sda il
e A lsall o3 adiniy Byl il 525l A AS QLAY Gany b pasid
chall soaaidl aaang Al (kernel) 580 degddl Gl e degana
il G Jeadll edasal) aadiin Lad diaidio Clua 4K 54835 s (hyperplane)
obd oo 3)le sas (decision boundary) Il asaa sed CEN iahldl L
[9] U gy L ALl oill 215 A pall il 2ny (palsie
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Decision +£

Boundary ~ ™~ {

+ 4
F\

Decision
Boundary

Output (y)

+ Hyperplane

Input (x)
[22] SVR alaiiul; §aicsall aiblly 35 (9) Sl

Lall a0 Cumy Ll e 230 581 (gong phan Jumdl e L lsall Cas
Jae B e diad S (@AY b lsall e o gl dlae (& padinl
«(predicted values) sl (e 43l adlls (actual values) ddedl) asl) (pu s
e Aaa)loall oda 2ty () Al dad aie Cond) el Tadll Golaty ¥ Camy
g 1sag de gl ) il s pe et L) gl 8 dle day5 (sl

[22] b

(Root Mean Squared S jyleall (iary aadivies ALl Gl sl o1af syl
(O1) 2utdal) asdll pur 39 8 Janigial 2n il H3al) e 8)he ga5 Error) (RMSE)
([S] Aalaally Jasyy (Py) 3aiill (o daslil) Al

1 n
RMSE = ;Z =1(0i - P) (5)

i

o Al Aodlly Aladll ) (o o) el ranl) 3l Ll leal) ey
Koy WS Lihadll il o 3l ge A Al G sde g Ml gl
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Fhall b gidl ey Al Mean Absolute Error (MAE) Jalas aladiul
il e Aadlll ally Addall adl) (35,8l dillaall daall

n

1
MAE = = |0, [’ 6)

i=1

A Aol Jaeys R2 Jalas aladind (Say sl

11(0; — P)?
?:1(01' - 0)2 ,

n
1
RZ=1- where 0 = ;z 0; (7)
i=1

==y (Coefficient of Determination) waaill A€ e Gl Hlaal) o

UL i B3sa 520 5l V) #dgall Ul daulie a0 Goladl Jalaall

Juadl )l Ja ST dadl colS LK Jaall Jsaie aladinls Lal 3 4asal)
3 9 J2e o 2 239

Ol Cplalaal) GSe e daa))lsall

Lo Lule Comy A b (e e gana e sl o3a el b LS5 LS
Gub oo sl o3 Joaeiy Auhall sda & Ly (7] @bl zdgally oSall JaY
Corgs Leie JS) Alainall ail Ao gana (e ALl i o Jundl e a
Jpeanll 5 Sl il [5] Jsaad) mazass ((RMSE) s Uad Jana Ji e Jgeaal
ALl ey sl liahl e JSI LSl all Juadl e Ciad) 3k oo lede

dgtall cilbajledd) e daddiviall cliahld) (5) Joad)

D lalaal) Laaj,lsal)
alpha=0.005 Ridge Regression
alpha=0.005, 11 ratio=0 ElasticNet Regression
random_state=42, max_depth=3 Decision Tree
min_samples_split=2
ccp_alpha = 0, splitter = 'best’
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random_state=42, max_depth=10

n_estimators=20

min_samples split=5

Random Forest

random_state=42, max_depth=2

n_estimators=20, min_samples split=2
learning_rate = 0.3

Gradient Boosting

kernel="'rbf', C=1

SVR

: 3250 Ldes o (Window Size) 538U aaa il 5-8

) Al clulaall Gleld aae e e Al 338U aaa 550 Ay V) a5k
Aoy Adlia] (o Ayl Cypelaly AiSan 53 Anis Jumdl (Biad Cumy Lgalatial ang
An a5l AU 50 aaan J 8 aals Cuglil) il aa gl AS)a
bl 3l [6] Jgaad) mas ale IS oz 3laill o1l G [5] Auball o g al)
Ngie JS0 Qi1 33800 aaa e iy lsad)

g paall claai edd) Jal (e AiSan 33U Ll (6) Jgaadl

(RMSE) Wt 2 | 538Ul dai Juadl da)lsall
4.104438 44 Linear Regression (LR)
£ EETVA £ Ridge Regression
4.175865 43 | ElasticNet Regression (EN)
¢,Yyvioed 99 Decision Tree
3.827373 104 Gradient Boosting (GB)
3.630251 115 Random Forest (RF)
YLAYVYVY 104 SVR
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a4l Can opall BSay sl Alee e 33U aan 86 [10] JSEN maay
(linear clulsall Jal (e cllyy gl ddae 8 S5yall Uadl) da 223 £ £ dagl

.regression, ridge, elasticNets)

Linear Regression evaluation with time dependency Ridge with time ¥ Elastic Net Regression evaluation with time dependency
1 1 .I
A [ » | 2] =1
/A J |
I 1 |
\ aal | |
| « \ .
| o E \ E |
| f | f |
\ / \ / |
I". .-/f I". .-/f | . _\'\
\ \ \ ,
- / _ 4 \ ’ ~
S V S A \ P
| S S/ AN _
L o~ . e T -
S e, S —
Py ) P w
of lags # oflags lags
a b c

(a): LR, (b): ridge, (c):(EN) : sl ciluaj i Ao 538U ana a0 [10] Jsi

G Cua A8y S A et s ST bl p U D 5ad daa)ha Ul
[11] O meamgns Alladl o sl (pa Tond 2101 a2 dpa) 58l 230 (o syl
e LDy WS LAl Bas daay s dal e il ke o 33U aas il
G Bagale J3 5ol ddee Cpuat b aalud asentl) il lsa of [12] J2a)
Gind (Al dea e Aen e Byl Ciliay lsall BL (e J81 3386 aaal zliag
Aeaiiveall i) 200 Al Tyl Aandiinal) (6 5AY ) Cilia)ylsa0l 5 lie (s Jasa 8
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Decision Tree Regressor evaluation with time dependency

4.4

mse

T T T T T T T
0 20 40 60 80 100 120
# of lags

- i v N -ty . ¥ P
DAY Jladl Aajled Ao 538U ana a3l [11] Jsdd
Random Forest Regressor evaluation with time dependency Gradient Boosting Regressor evaluation with time dependency
|

\ |

N,

o 20 40 60 80 100 120 o 20 40 60 80 100 120
# of lags # of lags

a b

(a): RF, (b): GB : 3.l ciluajled Ao 338U ana i3l [12] gl

Gl e sl 2l GEa3 ally SVR A lsa elal sl [13] Jall mamasyy
3 e S Uaall aan (80 J5 8380 aaa Jal e Tam 2100 Ginsy ey ylsal)
- Slaaylead)
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SVR Regressor evaluation with time dependency

5.6

5.4 4

mse

5.2 4

5.0

T T T T T T T
0 20 40 60 80 100 120
# of lags

SVR 4 lsa Ao 538U aaa 8l [13] g

5l Adas B AGLd) cule AN aladiia) 5l 6-8

Jare Jil e Janlly fag ia J8Y) e 44 5380 aaal il il alaes 7 ias
o siins AL e Dl alasiiad A0 A5lealy 13 gl Alee o)l cpuays Sae Uad
338U aaa e Gluluall Q5L cle )il alasin) e bl Uadll dasgie Gl
cosboall Ll e L) aladtind e Undll 305 455605 120 s 44

Linear e Jay du s yaall aniill Jalse Jal oo ol Uasl) [14] JSaN el
J<h il dade puat 44U ulal) @) 8 aladinl jelay &us Regression
Jaadl Agl) cle ) Aot (e bl 2 3sall (Y 12 SCOre dad 5 LS cdass

a3l Cua ElasticNets 5 ridge ise) s dal (e ol Uasd) [15] JSal) jeday,
Ay i (30 Lag . dadd (paluaall llad) cle DAl alasiin wie 3aLall il ylsadl ¢l
sanil) 8 AL (elual) Clel ) alasiud xie Juadl 514 ridge
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Linear Regression Performance (Time independent vs Time dependent) Data
6

B mse
B mae
L

4.4877

3.38436

Evaluation Metric values
w
L

0.248272

time independent

4.32636

3.25586

0.32493

time dependent

(LR) Laaj s s\ aui [14] Jel

} Data

F;lage R Per & (Time i vs Time ) Data Elanstlcuet Regression Performance (Time vs Time
- mse . e
- mae - mae
5| ==n g ==
4.32636 g7

Evaluation Metric values

time independent

125586

time dependent

3.38435

325814

Evaluation Metric values
w

0.248272

time independent time dependent

(a): ridge, (b): EN : i) lga £l i [15] Jedl
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Aalall eyl oall e s pasd 2101 2085 Lo ¢ bl Zaliad) e Ll olasind die lag)l

ol fiail dal o

Decision Tree Regressor Performance (Time independent vs Time dependent) Data
6

B mse
B mae
vl

4.46819

4.31013

3.29473
3.09281

Evaluation Metric values
w

0.254793

time independent time dependent

.(DT) daajlsd o)l aniii [16] Jsi
Gy Ea (RF, GB) e ylsd dal (e Aldl cdlabeall api [17] JSal el
Agllall e hall alasiud (e ST @bl pladiul die € IS8 RF 4l ¢l
21l ant ¥ ES) ey plsall LS GB A lsa elal uaty L cdad uluall
ple U8 RF Zuaj i (e Jumdl
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Random Forest Regressor Performance (Time independent vs Time dependent) Data  Gradient Boosting Regressor Performance (Time independent vs Time dependent) Data

. mse . mse
- mae - mae
- -

5 = 54 2

it 4.39500

402331

&
'

3.84228

328304

2.65817

Evaluation Metric values
w

~
~

Evaluation Metric values
w

0.415788

o
o

time independent time dependent time independent time dependent

(a): RF, (b): GB : /i lsa s)af ani [17] Jed

Tousl 2100 33 Ll W) el il SVR dpa i elal ai [18] JSl sglay s
Dsale JSG @bl (Sl e

Support Vector Regressor Performance (Time independent vs Time dependent) Data
6

E mse
B mae
[__Bivi

5.38761

3.6489

3.46923

Evaluation Metric values
w

time independent time dependent

((DT) Zpa g £1af i [18] Jeil

O gl iyl 0T ey ALl Sl A ool anii 5 [7] Jsaall s
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g ) ey i) £1af anis (7) Jaad)

Al 4y el S Ayl

daay gl
R2 MAE RMSE | R2 MAE RMSE el

0.3249 3.2558 | 4.3264 | 0.24827 | 3.3844 | 4.4877 | LR

0.3249 3.2558 | 4.3264 | 0.24827 | 3.3844 | 4.4877 | Ridge

0.32414 3.2582 | 4.3289 | 0.24827 | 3.3844 | 4.4877 | EN

0.3296 3.0928 | 4.3101 | 0.25479 | 3.2947 | 4.4682 | DT

0.46729 2.6582 | 3.8423 | 0.24025 | 3.283 4.5115 | RF

0.41578 2.8736 | 4.0233 | 0.27897 | 3.2182 | 4.3951 |GB

-0.001 3.6489 | 5.3876 | 0.03131 | 3.4692 | 5.0943 | SVR

dal e A8l ey lsal) elal A3jlae il [20]5 [19] culSall (e JS muiasy
Ot 2l (g il

Time independent Performance for all algorithms

N RMSE

. R2

Linear Regression  Ridge ElasticNets  Decision Tree Random Forest G- Boost SVR
Algerithms

coabeall lal) e LAl aladiad de A jaal) cilbaai lsadl o)l ands [19] Jsid)
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Time dependent Performance for all algorithms

EmE RMSE
S MAE
5| . oR2
44
34
o
2
=]
&
24
14
0
T T T T T T T
Linear Regression  Ridge ElasticNets  Decision Tree Random Forest G- Boost SVR

couball A5Ludlg Adlal) e AN aladiad de dug jaal) cilsajledd) ool avis [20] Jsdl
L i) )l e S platinly sl e Aasll) dejl) ALl [21] JSaN maa sy
Gl bl laeY) gas 383 (g0 HLEAY) Glly ae apall laaiVls G el
sl dlee 8 Guluall 48,

Traffic Flow Prediction (Time Independent) using Random Forest & Gradient Boosting

354

— test
—— Random Forest
—— Gradient boosting

24 25 26 27
Se
2014

Llod) Guleal) clplh o slaied) oot il Llee oo Aadlil) Judlad) [21]7 Jea
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Sl s yleal) alasinly sl e Aanlil dedl Al [22] JSal s
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Traffic Flow Prediction (Time Dependent) using Random Forest & Gradient Boosting

35 4
— test

—— Random Forest
301 —— Gradient boosting

Se
2014

Bld) uleal) clplh o slaiel 5t Ades oo Asll Judlall [22] Jeil)

sl diBla -4
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o)) Jolas ) GB dpap ) 3 WS gl Lacs daddieall ciliiadll ce 4l
T 2100 Al ciliay lsall iy LS L ASae A6 i (iny (S gz dgad Juadl
i) aaad Tylas cilay lsall Bl 4jlia B 5100 2385 30 SVR de) )iy 45 )lie
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to ilies Gaeal) alell Gl la alasials Al o ek S of oS
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