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A Methodology for Real-time Risk Assessment of
Freeway Freight Routes using Transformer-LSTM
Time-series Prediction with Traffic Safety Big Data
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Freight vehicle crashes with physical damage and human casualties can significantly affect lead times
at the supply chain level, leading to decreased reliability and lower reorder rates, making it
necessary to consider freight vehicle traffic accidents as a potential risk factor. This study aims to
develop a real-time freight transportation route risk assessment methodology that can predict
short-term traffic flows and detect crashes in advance based on factors that are complexly related to
traffic safety through trafficc weather, and mobile data. First, based on real-time traffic data,
Transformer-LSTM was used to predict time series traffic flow. Next, Xgboost based real-time crash
prediction model for freight vehicles was developed. As a result of the analysis, a false positive rate
of 523% was obtained, and it is judged to be effective for real-time risk assessment of cargo
transportation routes. The results of the study can be used to provide a safe route guidance service
for freight vehicle drivers in the future. Moreover, real-time crash risk warning services can be

applicable to prevent freight vehicle crashes through cooperation with private navigation companies.
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Ma et al.(2015)& MVDSOl| A 31§ 28 @9 w5 F &5 volHE 283t LSTM-NN(LSTM-Neural

Network) 7]%te] ©@7] &5 oZ #4& $3s9on v 29 ElmanNN 59 243 =g,
71k

ARMA (Autoregressive Moving Average)?} Z2 AlAIE E3F, Hl =52 (Non-parametric) 'HE<I
SVM(Support Vector Machine), =<3 (Parametric)y {22 Kalman-filterE 2833t Wang et
al.2016)2 W& F & aﬂ—i—p* #31 eRCNN(Recurrent Convolutional Neural Network) 7-&& ©] &3 §
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52 QA4EFE e sE MVDS(Mlcrowave Vehicle Detection System)E Fal T3E AAIZ 15
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st e ‘:ﬂ/\]‘_ﬂ” 71 & shuRl SVME 283 AR AL A E ASEF S JHESHAT Parsa et

rulo r

[‘

al.(2020)2 ulF, AT-EAS, BEA ol& H X 54z 749 AN HolEE Ve r o5 450l
g Aoz el A A MU EY XghoootE BEGH] AN AL AF ATE FAHAD. L
et al.(2020)S WEF 54, 435 AA L GHA =AY 2 g AEE Vo 271 JdEyd 7|He

Z 33k LSTM-CNN(Long Short-Term Memory Convolutional Neural Network)< &-83l =A] 714 =
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231 HlolE 278 F35gon o= ndo ¥ Hus}

71 918l "ol A b A2~ 37 E3¥, Xgboost, LSTM, CNN, Sequential LSTM-CNN< 7|& EE 2 A A
SHAT Li et al(2022)2 AAIZE AFAL 91 F A S £4 2 s fd e ® ST AF A3 HolHE
39t T ChatGPT(Chat Generative Pre-trained Transformer)E 53] €& odAd wWAYZ
(Attention mechanism)< 2 -8&3F TA-LSTM(Temporal Attention Based LSTM)S.E At1 93 o F 2d&
MEetATh 71€ =8 o] tigk &2 Table 10 A Ak

Table 1. Literature Review

Subject

Author

Detailed

Traffic flow

Ma et al.(2015)

Short-term traffic flow speed prediction study using MVDS
data

[Method] LSTM-NN, Elman-NN, ARMA, SVM,
Kalman-filter

Wang et al.(2016)

Research on improving traffic flow speed prediction
performance by setting non-repetitive congestion situations
as errors

prediction [Method] eRCNN
Short-term speed prediction study applying stochastic
Jia et al.(2016) characteristics of traffic flow
[Method] DBN, BPNN, ARIMA
Research on predicting traffic flow speed according to the
Zhao et al.(2019) congestion status
[Method] LSTM, SVR
Lee et al.(2002) Introduction to the crash precursor concept
Abdel-Aty and Real-time traffic crash prediction based on traffic flow
Pemmanaboina changes between upstream and downstream segments
(2006) [Method] PCA-Logistic regression model
Kwak and Developm'ent of loop'detector'—b'ased traffic flow parameters
and real-time crash risk prediction research
Kho(2016) [Method] genetic programming, Logistic regression model
Real-time crash prediction for freeway weaving segments
Wang et al.(2015) using traffic flow, weather, and road geometry data
Real-time [Method] Bayesian logistic regression model
crash Yu and Abdel-Aty Varie}blfe selec'tion based on CART and real-time crash
diction prediction using SVM
pre (2013)

[Method] CART, SVM

Parsa et al.(2020)

Real-time crash prediction using traffic flow, demographic,
land use, and weather condition data
[Method] Xgboost

Li et al.(2020)

Real-time crash risk prediction for arterial roads using
data augmentation

[Method] LSTM-CNN, Xgboost, Bayesian logistic regression
model, LSTM, CNN, Sequential LSTM-CNN

Li et al.(2022)

Real-time crash prediction combining vehicle trajectory
data and traffic flow data
[Method] Attention mechanism, TA-LSTM
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Figure 1. Research framework
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2) Transformer-LSTM A|AIE &2

Holesls odn 74

LSTM2 <=3HiZd%(RNN; Recurrent Neural Network)ollAl 7FEXE& ¢

el 4 FA|(Gradient vanishing
BO
Al

(Back-propagation) | Al &4 (Loss)o] HIAZA & ZHAsteE I HIE

problem)E & A3t7] 9&l 1997'd Hochreiter$} Schmidhuber?} AFgE W & o] th(Hochreiter and
Schmidhuber, 1997). =341 A2 WHENAH TYUAE 24 EAE AALL] A7 oA S
& HAe ARE AR HEstA] Xsle &7] &4 EA(Long term dependency problem)E gk
ot LSTM2 293 (Hidden layer)®] #W &2 Ao & Aol E(Input gate), 24| Al o] E(Forget gate), =<
Al c’]E(Forget gate) 5 F7Iete EL Q% AE A1, WG ABE AAHS ol& Tl A7/ &
71719& AA3t] A FEl(Cell state)o] o= =¥t}

Transformer+ AF$19] ] 2| (NLP; Natrual Language Processing) &°FollA] 7]& <13 H (Encoder)-T T
(Decoder) 71RF 214 ™ 7] Al ¥ 9 (Translation) Al28l& 7|4317] $18)] A=A om MY FHo] &
713k Y Eolth, 71E AAE BdE A A A2 (Sequence)d] EE BRE A str] A&l nAH A7
o] WElof Q=3lr] witoll AR &Ho] A= TAZE Aok I8 Y, Transformers S 3S oS3

B

Bt 28tk A AY g oAl i B 2ol ddde] w1 8% Fiol §F(Attention) s}
A mAYEE &8 h(Vaswani et al., 2017).

2 AFdAAE Aol =1 8% R HF5E 4 A& Transformeret THTAE 2 EAE 3
AT LSIM<S A3t @7] g i AAL A5 248 T8t 458 @71 asF #@ef 2a4E 7]
WMo s AFAQ dFAHsE EFste] HlwEr] 98] MAPE(Mean Absolute Percentage Error)<}
RMSE(Root Mean Squared Error)E At=3tATh #ZS7; o, < dS#k yAl el LAE Mo g =Hst=

Amz 54 )3 @)l A AT

—Y;
Yi

2

RMSE = Z ()

1=1

MAPE= L><

N i=1 (1)

3) Xgboost 7|HF AAIZF A3l &5

J]N'

Xgboost= stU=E o3t 77| = 37 R o AA4E ALFoE2HN &Y =d i =
2SS DS F AT dEE TE 2 F syl F 2" (Boosting) 7I1RFE] w4l E%]O (Chen
and Guestrin, 2016). T3}, Hlo]Ele] HEAXEE T3l dSAH 53 AL a&d0] 3 AS0E L4HA
U TH(Parsa et al., 2020). 7] &) F3H thro] AAZE ADL oS ATl A Xgboost= THE HHE thH]

= Aol Holy vlu md=E go] &85 i(Li et al, 2020; Li et al.,, 2023).

2 AFA e dF Aol Hold Xgboost WHES &8t AT =2 AL AFRY S LSt
ATt dSFH = < vlastr] 94 AUC curve(Area under the ROC curve)®} 7] B & (False

o)
-alarm ratio) S &83FATE ROC curves B2 EF/ 7|02 8= o] 9A & Ao nE A%
AEA dEd YAHES gttt FPE(TPR; True Positive Rate)e A& (Recall) v ¥TE
(Sensitivity) 2= E2] 0 AA LA AT T B¥o] AALE A3 oSS Bl &S vty 52 Al
Attt AR EolgasE B & 9 YA E(FPR; False Positive Rate)2 HAZE WAY3IA] @2 ALl <
REgo] AR ERt AR AFT Bl &S orlstH 2 (4)9 o] A F 5| =(Specificity)Fe] A}
2 AhEgin
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value) . & =23t YA Fk(threshold)= 7|FLoE oS ghol IAY &S A At 2A1), && 25
At mpEA0) o2 ERITH 5 YA @S B

H 2, 4] 2%

oL

Huo B =3
FYol= 275D Ax vjYOoE
stk mebd, A4S Beshe 7%
AUCSE 0AR &2 o5 A% /Zo= 4ystart

= 3 + At A A (Crash precursors) 7l'd < €83t uF
F 54 WHEE ARE At Aol A S Aol 8 Th(Lee et al, 2002; Abdel-Aty and
Pemmanaboina, 2006; Kwak and Kho, 2016, Wang et al.,, 2015; Yu and Abdel-Aty, 2013; Li et al., 2020;
Li et al,, 2022). ¥ AT &= 1% + VDS tloJEl & 7Hte ' A-&3F wEF 54 2
)% AR HESe] A Ax AT TR AYNSE A gath A0A LEF Ao] AL(TXD;
Temporal traffic flow difference)v= &L 73 W At A A3 Ao 5% A wEd, AF&, B

&5 5 WEF AR Aoz Hesgon S ()0 4E4E ANFA,
TXD; = Traf fic,.;— Traf ficy pore (i) (X : speed, volume, occupancy) (&)

22 AT ¥ A=

1) A7 B4

ARILEERE RARFS B2ty wFFH Ao A7t 7P g2 AEER F SUE 74 UES
FE A HE57HA 416.1km A 7he HH HA R AT B, SRUFAEERE =4} v
o] g LEEE ] 12 2R WA E71F- A F8 BH=57kA 301.7km TiHE $3HE R 9ol
F7retdoh. B AT-9 303 W= Figure 20 AT & A= 2021'd~20221d F¢ BHAEE
29} FHRYWFEIEE R A BAT SHEAF wFARL 1,1967, I3 9F &3 oW E 932,40871-% £A 0
283ttt AFolA Z&3 dolEel te 7]& 5 A= Table 20 AASA S, 3| ~E 192 Figure 3
of AR tlolEE 1km &2 HA SR eH T3 vlolE AS T3
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M B16|0|E{Q} Transformer-LSTMS E2%H AHE BEF O

oK
Xgboost 7|9 MA|Z NAEZ BESEFE YHE B

Jungbunaeryuk
Expressway

Gyeongbu
Expressway

Figure 2. Research scope

Table 2. Data description

Variable Mean 85 PCTL S.D. Min Max
Volume(veh/5min) 141.33 290 117.77 0 487
Occupancy(%) 4.01 7 3.15 0 49
Speed(km/h) 95.59 103.8 8.91 22.24 121.76
Temperature(C) 14.10 24.6 10.38 -14 32.9
Precipitation(mm) 0.29 0 117 0 14.5
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Figure 3. Histograms of traffic and weather data
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DEQHH HIH|0|E{Q} Transformer-LSTMS 8% AAIE RER 0= &
Xgboost 7|dt HA|Z N&r2 FESSAE T "ot YHE

2) Az FH 2 ALY

2 ATE @] BER AAY A3S FET AN HEA AL o ATE AN Ao nEE
ARAL o] H AL R, WS HIolH, 71” Eﬂ olf] ¥ EulY HloHE FHSAT. I =2 FTAA= B
AEERE WFeE VDSE A 8 Bt 9loeH 30%, 5% 5 HE 1EEE FFUCH XES
8l HelHE AlEsta Ak aFF{ vlolB = A& HA 7oA "X‘E]h VDS YA EE B ATodA=
5 &9 HvEE, BEE, A& S&AT 71 AA Bt e 71 B AREE A4S
#AZ7H] (Automatic  Weather Station, AWS)$} &
System, ASOS)©] Uth. AWSE = A A1 7|4dd &

m >(¢

H7) ¢ #S A 25l (Automated  Synoptic  observing
Z HlolE & st ZRIE A= 51070 A A

Ao} o u, 55, 71¢, 1% 5o A4 248 147 B2 £7T & Aok ASOSE FH FE
o] GHE Tetaly] Sla) Aal Az mE %éiow A0 ANate AABSE ojvlate TR
B22 st FuE A7 103 Aol AX o] Yom 143 w9l Holg F3lo] sbseih mu}

Y dlolE = SKT T-mapol A A&t e 445 -‘H"ﬁ +7 oM E HolE & &ttt vE A%
7 oM EE Aol 323t 40km/h ] &t oHIEVE HAE u Azt YXE V1S5S F, )
W o2peE ) AulEE GPS AAE 2] sbEET) oF -37m/s2 olatd W 93 A4S A e
T-map 8A &9 Aul27t AlFAT. 2 AFoHE 9F

A8 o] 7174 #5 ARlE WAAA AL olgAg, AAZF AEF dolH, E4 HolEE dte] He

23 4 2%
1) Transformer-LSTM 7|8t 2 &/ AAE 4= A3

2 A5 VDS HolHE &85ty 7] s/ AAE dF #4&
LSTM WH &2 AAE dF & vt 589 £5, 1sF
23 e Z&FHAT F VA AAE dSEP 158 A HolHE

stttk 2 st 93 ggvHE oA 20, viA A7]E 32 &3 St dlolE], HZ Hlo]
B, H2E HolH9 HE&L 6222 HAAHsHT Transformer-LSTM«] e 3709 LSTM &3 1719
Attention %—% L sl o LSTMS] F&+= 3719 LSTM F°o.& FASAY. 84 Z3} Transformer
-LSTM 2l &7 AAD o5 Egeo] LSTM RFHT 3} Hle_r—a— Ul #3H= MAPE o] Yo} o &4 %50
H 53 Aoz Yeiwt. 2319 775 2ulstE RMSE 7]|&9 A4 = Transformer-LSTM R & o] Hlw
EPEG wsFS AL UA "o s dEAse] Holun @] nEF AAE A5 Ade
Table 39 A AR T £ Ao A= Transformer-LSTMS 7|HE0. 2 o S8 w5/ AAE dlelHE vty
st sEAF AAZE AR oS 2E sk 8353t

og)(:::
ol
2
o

™ Transformer-LSTM 3}
AAZE S EA} AFAL 4

5% o|F HolHE 9

1o

N
l"O

Jo
o
§

AN e
=
o

PN»R
i:)

FIF lo

Table 3. Analysis results of short-term traffic flow time series forecast

Performance Transformer-LSTM ISTM
measure Speed Volume Occupancy Speed Volume Occupancy
MAPE(%) 2.731 14.951 17.878 2.946 15.953 20.131
RMSE 3.134 14.346 0.825 3.318 14.001 0.924
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2) Xgboost 7]HF AAIZF ALl oS Az

2 dFdAes @7 aE:F AALE dF e F8F AT A9 A
ol¥], A5 Hl°olH, H=E HolE 9 H &L 6228 HdAson gy H A

A2=g Z&3 wo|xt HA3LE FP35HATE Xgboost IHetP]E| 5 learning rate, max depth, subsample
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Figure 4. Analysis result of real time crash prediction model for freight vehicles
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