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Traffic Flow Forecasting in Smart Cities using Clustering and Deep

Learning Algorithms

Abstract

Smart cities represent one of the most significant applications of the Internet
of Things (loT), characterized by their diversity and integration of multiple
systems, such as intelligent transportation and pollution detection systems.
Intelligent transportations systems with help of artificial intelligence (Al)
techniques play a crucial role in traffic regulation and congestion detection,
providing real-time information to drivers and pedestrians about road
conditions, accidents, and optimal route selection.

In this study, we used a dataset provided by the CityPulse project to develop
a hybrid model that employs clustering algorithms to identify roads with
similar traffic patterns and leverages their data for predictive modeling. Our
findings demonstrate that Transformer—based algorithms outperform other
Deep Learning methods, while clustering techniques contribute to improving
accuracy, reducing computational time, and lowering the cost of building
traffic flow prediction models by uncovering movement patterns across
different roadways.

Notably, the DBSCAN algorithm exhibited superior performance in
enhancing prediction accuracy compared to other clustering methods. This

can be attributed to its density—based clustering approach and its ability to
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filter out outliers, thereby improving the effectiveness of deep learning

models in traffic flow forecasting.

KEYWORDS: traffic flow, predicting, smart cities, clustering algorithms,

data analysis.
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Aol sla ‘53 M\ U‘“L“;“ C'_l\cb§ e.);:mu Lul.s adaalll sla ‘55 J})A“ :\.S);.: j.uﬂ\
(t1) A Asally 2l

Biglaall Gkl Aga o alieWl g pal) ASay 3l (4) Jgaal)

Avg | Roa | Roa | Roa | Road | Road | Road
spee | d1 | d2 | d3 | I (=] 2(t- | 3 (-
d 1O | ® o | b 1) 1)

vehicleCou

nt (output)

47 | 10 0 3 4 4 3 5

50 | 19 8 5 10 0 3 6

60 | 3 | 6 | 2 | 3 6 2 | 4

Cappaill L) (e 80%) (e sanal ULl de pana sy o s ARl A3l Ailac 2ay
el dal e Ll (el dudlal) iy Axgla Gavay @llg il e 5LasdU 20%
casy oy Ui bl apeas 550 Ay o s L (Clusters) adlic (s Al (3)kl)
L sia a5 Ulall apaal) JSAI [4] JS8) gy sl 3S5ad cas casy o
Cijme 05 umy faa e Ayl @kl dal g e IS8 Gube 9 (31K AS5a)

el Adae (8 Lgalazan ellyg JUal Ja e Sl S iy 58 bl

day 1.0 2.0 3.0 4.0 5.0 6.0 7.0 8.0 2.0 100 ..
road id
158324  5.085062 3.769097 3.335938 5.237847 5.136522  3.366551 3.221354  4.853299 3748264 3427951 ..
158355 5261411 4.083333 3619792 5904514 5555652 3571924 3.428819 5477431 3.980035 4.010417 ..
158386  3.447484 2450751 2488715 3436632 3.615523 2086207 2117391 3.280105 2488294 2208333 ..

il 8 dasiicial) Lpagl) (3 k) ASsa Jaugia (4) JS)
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Sish A abll) aal SLaal s Auball o lehasia (Sa ) bl e pall 2as
LU clill) ad gl Lalatind Uide Camy 0 (338Ul) HUaY1 aaaS iy lsall ool e
(e sliad 40 5 e g liguasll dae cclidall 20 A8 uliall Gl fiahlll (iary g gaiill
<l el [5] Jsaall ey Al ool Jumdl il sl (Bis Cumy eyl IS ASadll 23l
Giadly i ail) o2 o Jaanlly el Juadl) oY) eyl IS DA (e GEa3
IS (San il Juadl 3ia3 il lsiahlll 38 e ISV ASaall pilll (o Ao sana (e

Al

Ly yaall cluaslsdd) e JSU ool Sl (ghad AN cfialldl (5) Jgaad)

P | el paa 2
Jaxa KX Jdra .
338l | (batch size) | ot | . Glidall | dsajledd)
i @l ropou
Al | i Pout |
11 32 0.0002 200 0.2 LSTM
31 64 0.0002 200 0.1 GRU
28 16 0.0001 200 0.2 1 RNN

&y (Overfitting) S JS& bl Adilge (10 zisaill aia & dropout dads aalus
Il 1 Cpnd 8 an bl Laa cappill o U g &Y il 2 & (e A Jlat) DA (g
o [6] Jsaadl gy clpal i) dad (DA (e Lellan] 2 1 el Lo a0 i

LY el A Hlsan Aaladl cof syl
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Jsaall | oLyl
22 64 0.001 0.1 1 4 64 daal)

tdsY) Apatll b aasid) dlall z3sail [5] JSl g 1yl

Fillin Fit into
Data missin RNN Get
Load 8 Learning Prediction
data
models

A Ayaall Bsaial) bhhadal) (5) Jsi

tandll) Gunlie 2-2-8

Slilsn ehal iy g ) uleall (e e sane adiinie iyl o3 oldf syl
o= 3)le sa5 (Root Mean Squared Error) (RMSE) a5 [14] & LS Gaaall alaill
by (Pi) sl e Asalll adlls (O) dgdsll sl o 3o 8l Jawgial oanill 3all
23000 Alabaall

1 n
RMSE = EZizl(Oi_Pi)z (1) [14]

el e Aadll) adlly Abedll o O Gl gpad rail i Gl baall iy
Jalas alasin) Sy LS el all (g 505l (o Aa3l al) 0 (530 gy Uil
G dll dalladll el Sleall baugidl e jumy (g3l Mean Absolute Error (MAE)

) e Al adlly ddsal) el o
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n
1
MAE= ~Y'|0-P (@) [14
i=1

A Abslaally Janys R2 Jalas aladind (Say 1yl

20 - pP;)?

R? = L
100, = 0)?

n
1
where 0 = 52 0, (3) [14]
i=1

zsall Gl Laulie sae Bl dalaall iy 2aill A5 Giladl el any
Lol cilS LSy Jaall Jpatia aladinly Wl 5asm gal) Clilall i 530a (2 4l lasayl
ey all il elal e Jy ]

il 3-2-8

s oL AT iy A dgpaal) ey sl L e Juadl 21a) cNgaall (Bias
RNN ilaa i 8 il aslially 35lae Tt Jalil) e suty i JSS ALALl) 2y o585
Gilatl) (e Lgilae G Silaa) )l (B e Toud 2150 RNN a0 )i (i3 Lad 3V
SSH Mg 22a] GRU e lsd zliad Lag L laeldl Camy o3 ) Aludud) 8 gkl
s ARl L sl o s ) LSTM Zuap b (e Aapfy Judl 282 (sl
b sl Jalse Jal e A el ey i) ool aii [7] Jsaal

Gkl aas clily o aladeYl Gaead) alail) cilajlod o) 2 (7) Jsaad

R2 MAE RMSE ey il
0.7504 1.6711 2.5734 LSTM
0.7233 1.8027 2.664 GRU
0.6123 2.1558 3.0451 RNN
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0.8292 1.3917

2.1395

Transformer

sdgliiall 3 k) gﬁ 2ol Asa o alaieYl gl Agjay il 3-8
AR Sl g g pall A< m Agaliall (3pkall apaat Jaddin 5V il g e Ayl 030 oS50
Al Aapall 3 Lab bl el apentll 415 clabeall il Ay asenill ilaa s
S lly Lo alaeY) e Yo sl Adee 3 dglinal 3yl clily aladiuly o

gl & (bl

pandll i ld lsially s 1-3-8

oo Al agliall e ATl s Gaedl leany ge il plal) oldf Djlie JaY
(i pann Sl aead die gAY ey ) elal Jaadly sl LIV G )i
pl (sl Jal (e a Juadl 3ia5 Al < el Juadl aladind 25 Lo L 2liall (ya 222
el Gl dal e deatid) @lid)l) [8] Jsaall mums dus Laadid)

g yaall
tg ) aaail) il i (e JSI daaiioual) el (8) Jgaad)

O lalzall Ay )leall
init= kmeans++, n_init = auto K-Means
linkage = average el el
eps = 1, min_samples = 10 DBSCAN
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tanlil) Lunlie 2-3-8
Silhouette  Jalas Wayedl dalse 330 M e aaeadll Claahylsd oldl o Q3
Alls Jumdl 28l 525 il WS ST Jalaall G il WIS, Coefficient [4]

b(o) — a(o0)
max{a(o),b(0)}

s(o) = 4) [4]
e sana A Lalailly Adasill g Adlual) laugic z(a(i)) @
(oAl e sana Coily Adail) (py Ailis Jangia JA 1 (D(I)) @

S . Fitinto
Data F,'” n Clustering G,e“,mg RNN Get
missing Similar L
Load roads Learning Prediction
data roads data
models

A Ayl Bgaiall hbadall (6) Jed

t okl e ASal) 7 ilad aaail auaadl) ciluajjled £ anis 3-3-8
oo U a8lall sae aladi) vie T jaal) eyl e JS 6ol il [7] IS8 maasy
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Silhouette Score Evaluation Silhouette Score Evaluation
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-02
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DBSCAN a KMeans DBSCAN A KMeans AGG

a b

Silhouette Score Evaluation

DBSCAN AP KMeans AGG

slihouette score
o
o

dage ilic s aladin) dis asendl) cilualsd lal i (7) JS&)
ps & el € pg dl e D s e 2
el ool Jumdl cilia )il (it i asanil] Fala oy 3l e i) ool o oDl
all bhugia Ao aldeYh @lblbl apead ae (addhg ag JSG QUL sl de
eVl aantll A1 3ins [7] Ahall aliia <5 g ag ayy o) (oo ol <
il aae aladind (e Juadl 210 gyl LY A yla e Aasll) adlall 2o e
Jalaall Ao Jliy Lae amaall Lelie cansy J81 2121 DBSCAN (33a5 L [7] 8 dediiosdl
Slo 2l Ghll ppeat Aigyh Biay LS gAY Glegend) e Ll aeli ey bee
Saelindll il e il lsall Gang ol s cag Chualy ag IS8 Bkl S
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e il [4,5] Gdsanll 8 Lexdial) CDlelaall (i pladinly ogiin L[4] 8 dersind)
el alaill eyl ]

raaadl) Slalled pladialy jgal) ASay il dples Gauat 4-3-8
Gplall 4818 Aot (e Yoy 5l Alee 3 Agpliinall 3kl calily alasind 3B e Cuatin
19, 10, 11, 12] sl zasi LS cdisad) 3 835m5a]

ol ciliajled aladicd aa LSTM dua)jlsd sl gili (9) Joaad)

R2 MAE RMSE (LSTM) i) sl
0.7542 1.6773 2.5004 Agglomerative Clustering
0.7513 1.6732 2.5154 Affinity Propagation
0.7292 1.7727 2.6244 Kmeans
0.54336 1.19575 | 1.8323 DBSCAN
el liaj g ala3in) e GRU Loajlsa i ili (10) Jgoad
R2 MAE RMSE (GRU) e )5l
0.7587 1.6763 2.4780 Agglomerative Clustering
0.7554 1.6817 2.4952 Affinity Propagation
0.7127 1.8238 2.7039 Kmeans
0.5503 1.2218 1.8188 DBSCAN
gl e lgd aladiad o RNN Luajlgd s gili (11) Jgaald
R2 MAE RMSE (RNN) daa; 153
0.7145 1.8495 2.6953 Agglomerative Clustering
0.7087 1.8445 2.7228 Affinity Propagation
0.6493 1.9824 2.9875 Kmeans
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0.5407 1.2721 1.8378 DBSCAN
il il led aladiad aa cifgaall e jled andl @il (12) Jgaad)

R2 MAE RMSE (Transformer) 4. )5l
0.7307 1.7089 2.6175 Agglomerative Clustering
0.7442 1.6791 2.5514 Affinity Propagation
0.7016 1.8061 2.7555 Kmeans
0.5821 1.1870 1.7530 DBSCAN

eyl IS e mallly aldie Wl gl 8 deadiual) Gyhall aae [13] Jsaall asy

i) Ciliajled (Gadad a5l Ades A daddiicial) 3kl 230 (13) Jgaad

G Reiudl Gl e g sl
)

448 No clustering
68 Agglomerative Clustering
68 Affinity Propagation
35 Kmeans
265 DBSCAN

el aleil) Wl slsd elaf e aaeatl) cilaadslsd 50 elal aps [8] ISl el
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B RMSE ® MAE mR2

Gaand) alail) cilualed o)) o auandl) ciliajled aladiad il (8) Jsad
e S sl e o) Uadll Qs 8 aalus DBSCAN dujlsa aladiud of Jaadls
Gilaiylsall e e ALY e sadinall pyeatll Al (s (RMSE, MAE) cdlalas
Ji R2 A A8l ey lsal) (38a5 Ladh il e palil) o g8 Gl (5 AY)
Galaa (o Cplil) A JI8 Laa Gl Lpnmns (e L) )l s ()31 ey lsal)
Gy e Jalaadl 13a Jal e el s dlla i (6 aY) @l lall (Se e R2
RN e 3aaizall | dayyh sl
A5y 5l Greall alaill z3lad oLy adats 24K J6 8 apeatl) Dlba))lsd aaldy LS
Gilaal sl Aaalin S [14] Jsoal) ping o L) il Ciliulad ae unliiy Lea g all
Apbeall Glleall Caddls dga o LS Qi (Al il ae S P e aeadl)
Jal 0e @lly; FLOPs (Floating Point Operations) Zagsll 2l y1 e 4wl

:LSTM ey s
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alail) 7 Mlad £ U Aglaad) 48N o aandll ciliajled aladiad il (14) Jgaad)
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B (2t A | Slledl e | A ) e daa sl
Al Aplall Ly iy
(FLOPs)

-1 296,531,232 842,601 No clustering

35.98% | 189,804,832 539,401 AGG-

Clustering

35.98% | 189,804,832 539,401 Affinity

Propagation

39.12% | 180,512,032 513,001 Kmeans

17.28% | 245,280,032 697,001 DBSCAN
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