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A Study on the traffic flow prediction through Catboost algorithm
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Abstract As the number of registered vehicles increases, traffic congestion will worsen worse, which may
act as an inhibitory factor for urban social and economic development. Through accurate traffic flow
prediction, various Al techniques have been used to prevent traffic congestion. This paper uses the data
from a VDS (Vehicle Detection System) as input variables. This study predicted traffic flow in five levels
(free flow, somewhat delayed, delayed, somewhat congested, and congested), rather than predicting
traffic flow in two levels (free flow and congested). The Catboost model, which is a machine-learning
algorithm, was used in this study. This model predicts traffic flow in five levels and compares and
analyzes the accuracy of the prediction with other algorithms. In addition, the preprocessed model that
went through RandomizedSerachCv and One-Hot Encoding was compared with the naive one. As a
result, the Catboost model without any hyper-parameter showed the highest accuracy of 93%. Overall,
the Catboost model analyzes and predicts a large number of categorical traffic data better than any other

machine learning and deep learning models, and the initial set parameters are optimized for Catboost.
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o B4 3120 23S = Ordered Boosting 713 o]t}
Ordered Boosting= ZE& %o 22HResidual Error)
£ AR g5l 7189 RAd ndn gy g7 o
olg9] zto] AL Alibete] HElS wHEH, o] REE
B0l F=2 Hlole 9] 2ol @A4E AAkete 7IHolth E
3t Ordered Boosting®ll Random PermutationS &
3 dlole &A1& 4lolFoEHN 28T (Overfitting)
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Where @ is corresponding weight, P denotes a
. 1
prior value, Z;, = (Z},,,55, ) ) denotes
random vector of m features and ¥y, Z/NVR

denotes corresponding label.

Catboost ¥118|E2 5% information gaing
7 HSES e B 8 ZX3(feature

combinations)& &l ¥ &£Eg& FHAXIT4]. &
gt 2% 9] sto]n mata|HE 27| 45l GridSearchev
Y RandomizedSearchcvE ARESH= thE oME &

2|53 g 27 stol¥ mEhuEgho] 228} Hojg)
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VDS(Vehicle Detection System)& AX|5to] AA7E
O=F WE THolEE &EIISth VDSE AW E AL
23t LSTM(Long-Short Term Memory)S AAI5H51tH
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3t DNN(Deep Neural Network) Ed2 AA 53}
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3.2 TP Labelling

£ dFolMe FFHolH g AF ot I&E
2 Z=FAA71(VDS) HA| Ao dlolE A& ARt
HlolE Al YA AR, FA Al 2LEID, &%, AR &
B, Bt S E0] Q1L o] F 20209 6% 5 &,
124, 19Y, 2699 "ol & AR&sIGiTh E-35tollAl
= A8 I 59A (EF, tha JA|, AA|, oha
A, AR EFotng & A= sigHlolHE 5714
Z Labelling 3%t} LabellingS 3l % AAQ}F ¥
& FESH= A HESI TPI(Traffic Performance Index)
£ A& 0]184(2016)9] Aol WEH TPl 4
()2t 2ol A 4= U6l

(Umax - vi)

v

TPI= @

max

TPI 32 YA v]wsto] Labellingst 23
=3} 2t

Table 1. Result of labelling based on TPI values.

0.8 < TPI 508
0.6 < TPI € 0.8 4(cka A
04 < TPI < 06 3(AIA)
02 < TPI < 04 2(cka AAD
0 < TPI <02 198
3.3 £8& HO[HAIY HAEER HO[EA
£ AollA= HlolEAlelA HA A, & EID, T2,
A=GY, WA IAE 2GR 571K SQus9] Holg
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Table 2. Variables in dataset

Time

Conzone ID

Conzone name

Lane type

Date

3.4 Catboost LIO|Z2}l(Pipeline)

Catboost ¥1FEL G2 AR HFF WP
£ g & 91, 712 getulEEo] M3} FojglojA
AkAQl mAled BAE H2 dAE AXH, glo]x
ghele I-[1]3 Z2oH4l.

Dataset
Train/Test
Split

h 4

Catboost

| Qutput |
- (Accuracy)

LS

Fig. 1. Pipeline of Catboost
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A3 glo|ElE StandardScaler?t Min-Max Scaler
AR IS 27 AR & waled Bl HEPE
tj StandardScaler& AZ dHlo|€9] H&er}t o &9
7w} 2o] Min-Max Scaler 4l StandardScalerg& A
g3t} o] :Y FM(RandomizedSearchCV) & &
3 stoln mierE FdS JPsta, BE 239 et
& ALk t4l 999 & tidste] AFe A
S Al=gith Y g 2 AqoA AR EE Tl
oMY " Fxto] & 7ol AgsitHal.
z = (x - mean(x)) / std(x)

®
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Fig. 2. Pipeline of Machine Learning Models.
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4.1 Catboost ¥12|5 ZA1}

Catboost €118]F To|ZelQlE wheba] AFE
S I prrpirm
ol Ha ARG Y5t A5l
tjo|Ele} EIAE do|EE EFT oF7] fiol &
o2 Azt 1 A3 93ul HHwst vk
CatBoost ¥ E|E2 HEo] 2o dvht JF
o FLAE w4 9t We ZES sols
23, 22 1D, WA P 2 e AT AE §
o] 19 H2 FFS o)A
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Visualizing Important Features
Lane Type I

Date

Conzone ID

Fig. 3. Feature importance of Catboost
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etulEEo] A3t Holglo] thE FAY Y HEAd
2|29 slo] miEtulE HAS SHA] ot Hrh= Zo]
tH4]. Catboost Tolzejlo] iy TS 715t ¢
90.52%, -3t Q123 Fofl SHAIX 739 87.4%2] 8+
T B} Catboost €AEEE 7|2 AHgtoz

e v HEHE 3%z Aol 7MY Folge.
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i _I

Table 3. Accuracy of Catboost and other models.

Catboost 93%
Random Forest 85.47%
Decision Tree 84.03%
LightGBM 83.57%
Logistic Regressor 83.80%
Gradient Boosting 83.97%
XG Boosting 83.90%
Naive Bayes Classification 44.23%
Catboost(Randomized Searchcv) 90.52%
Catboost(One-Hot Encoding) 87.4%

Accuracy

Naive Bayes Classification

LightGBM

Logistic Regressor

XG Boosting

Gradient Boosting

Decision Tree

Random Forest

Catboost(One-Hot Encoding)

c Searchcv)

Catboost

0.4 0.5 0.6 0.7 0.8 0.9 1

Fig 4. Accuracy of machine learning models
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JXo]=(Sigmoid) T, EZFoAME=
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sparse categorical crossentropy”} A&=3itt.
FHA 292 LSTM(Long Short Term Memory)
BeS ARgSIET], ol HolEe FR F AlAZETG
B £4(Time, Date) ©] £45t1L RNN(Recurrent
Neural Network) 7]4Fe] dlo] AJA G djo]gof A3t
3k A7 YEQA /3ol7] WZeltHIl. LSTMS Y
S 3AHolojof 7] o] REZ AH-8st7] old
reshape & &3 Y35 33 HloJE & wHEo]
Zth. DNN 2eli} 5UsHA 843t g AlTLEo]
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Fig. 5. Pipeline of Deep Learning Models
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opx]eto 2 Bi-LSTM (Bidirectional Long Short
Term Memory) 22& #8519t £ A+ dlolelY
AAE &8 FLFeE 15| s Bi-LSTM &
S Ao, 45 et &4 T 9 F 1Y
I FLsHA AREEATH10]

et 22 B3PS AFS @, DNN 229 3¢
80.05%, LSTM &9l ¢ 80.02%, Bi-LSTM EE9]
735 80.03% o FL=E HAH

Table 4. Accuracy of Deep Learning models.

MODEL Accuracy(%)
DNN 80.05
LSTM 80.02

Bi-LSTM 80.03
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