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Intelligent vehicle velocity forecasting based on the real highway data
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ABSTRACT: Accurate vehicle velocity forecasting reduces energy consumption and improves the
safety of intelligent vehicles. Considering the available data in intelligent transportation systems and
the capability of deep neural networks to exploit these data, an intelligent velocity forecasting method
based on deep neural networks is proposed. Velocity forecasting is performed using the velocity
history of the target vehicle and its preceding vehicles. To enhance forecasting accuracy, a novel
normalization method for vehicle velocity data is introduced, which leads to a reduction in prediction
error. Furthermore, to address practical driving challenges, uncertainty in the available length of velocity
history and the number of preceding vehicles is incorporated into the proposed method. In this study,
velocity forecasting is conducted with a very short time step, which is more challenging and has not
been reported in previous studies. The velocity forecasting models are trained using real-world highway
data. The results demonstrate that the proposed method achieves higher accuracy, particularly in the
initial time steps, and is free of offset. Moreover, unlike existing studies, velocity forecasting remains
feasible even in the absence of a preceding vehicle, and the prediction accuracy under this condition
exceeds that of conventional analytical methods. The mean absolute prediction error over a six-second
horizon using the proposed method is 0.2410 m/s, representing the prediction error reduction of at least
a 29.30% compared to analytical models and at least 13.18% compared to cases without the proposed
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1- Introduction

Vehicle velocity forecasting is a key component in
connected automated vehicles, particularly for energy
management [1] and predictive cruise control [2]. In car-
following scenarios, accurately predicting the preceding
vehicle’s velocity is critical, as it directly influences the
follower’s behavior and energy consumption [3].

Existing methods include analytical, statistical, and data-
driven approaches. Analytical methods such as constant
velocity and acceleration perform well short term but degrade
over longer horizons. Data-driven approaches, including
deep neural networks (DNN) [4, 5], long short-term memory
(LSTM) networks [4] and gated recurrent unit(GRU) [6],
generally achieve better performance.

Despite  progress, velocity forecasting remains
challenging due to high uncertainty, especially with short
time steps that require capturing small variations over long
horizons. Incorporating information from preceding vehicles
can improve accuracy. [4, 6].

This study proposes a velocity forecasting method
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using the velocity history of a target vehicle and up to four
preceding vehicles, explicitly accounting for uncertainty.
Unlike typical data-driven methods with large time steps
and short horizons, the proposed approach uses a 6-second
horizon with a 0.04-second step and introduces a tailored
normalization method. Combined with an appropriate model,
this approach outperforms existing methods.

2- Dataset Description and Data Preparation

The high D dataset [7], a large-scale highway vehicle
trajectory dataset, is used in this study.

It is assumed that preceding vehicle data are available via
V2V communication. Velocity histories of the target vehicle
and up to four preceding vehicles over a 10-second interval
are extracted. Using a 1-second sliding window, a dataset of
21,969 samples from 2,564 vehicles is generated, with a time
step of 0.04 seconds.

Anew normalization method, called special normalization,
is proposed to better match the problem characteristics and
improve forecasting accuracy. In this approach, the target
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variable (future velocity) is expressed as a relative velocity
with respect to the latest velocity of the target vehicle, while
input velocity histories remain unchanged. The normalized
target data are computed using Equation (1).

‘_)T,k-#i = vT,k+i _VT,k H (l = Oa 17"7”) (1)

Where Vv, ., and v, .. are the normalized and raw
velocity of the target vehicle at time step k+i and 7 is
number of time steps.

3- Velocity Forecasting Models

In this study, three data-driven approaches, deep
neural networks (DNN), long short-term memory (LSTM)
networks, and gated recurrent units (GRU), are employed for
velocity forecasting. In addition, constant velocity, constant
acceleration, and exponential decay acceleration models are
considered as baseline analytical methods.

The performance of the forecasting models is evaluated
using the mean absolute error (MAE), while the training loss
is defined based on the mean squared error (MSE).

4- Results and Discussion

In this study, the three data-driven models are trained
on two datasets. The first is the dataset processed using the
special normalization method, and the second is the raw
velocity dataset without any normalization. In addition, the
three analytical methods mentioned are used as baseline
comparisons. The dataset is split into training, validation,
and test sets, comprising 60%, 10%, and 20% of the data,
respectively, with minimal overlap between the sets. After
training all models with appropriately tuned hyperparameters,
the performance of all models is evaluated on the test set.

As shown in Table 1, the velocity forecasting model based
on gated recurrent units (GRU) trained on the normalized
dataset achieves the lowest error in both the 6- and 2-second
horizons. In the 6-second horizon, the forecasting error of
the GRU model compared to constant velocity, constant
acceleration, and variable acceleration models is reduced by
58.12%, 33.18%, and 24.30%, respectively. Furthermore,
the GRU model trained on normalized data achieves 13.18%
lower error than the long short-term memory (LSTM) model
trained on raw data, which is the best-performing model
among those trained on raw data.

Although models trained on raw data show comparable
performance to those trained on normalized data in terms of
average error, their performance degrades in the short term,
particularly during the initial time steps. As shown in Table
1, models trained on raw data can exhibit significantly higher
errors in the first step or the first few steps. It is evident that
this early-stage error behavior is a key limitation of models
trained without normalization.

Figure 1 shows velocity forecasting results for different
models. Data-driven models capture trends more accurately
than analytical methods. Models trained on raw data exhibit
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Table 1. Mean absolute error of velocity forecasting in
6 and 2 seconds and maximum forecasting error of first
step on the entire test dataset.

Model Prediction | Prediction | Maximum Mean
in six in two error in absolute
second second first step error in
first step
LSTM 0.2499 0.0613 0.0434 0.0043
LSTM- 0.2776 0.1309 1.5794 0.1212
Raw
GRU 0.2410 0.0578 0.0336 0.0044
GRU- 0.2970 0.1624 1.5127 0.1817
Raw
DNN 0.3240 0.1311 0.0642 0.0073
DNN- 0.3686 0.1793 1.4332 0.1420
Raw
CvV 0.5761 0.1931 0.0900 0.0080
CA 0.3641 0.0603 0.0120 0.0036
EDA 0.3409 0.591 0.0120 0.0036

a noticeable offset (Figure la), while those trained on
normalized data achieve higher accuracy in both short- and
long-term predictions.

5- Conclusions

In this study, multiple deep learning models are evaluated
using both normalized and raw datasets for highway vehicle
velocity forecasting. A prediction model based on the velocity
history of the target and its preceding vehicles is proposed.

Velocity data are first processed using the proposed
normalization method, and models are trained with
a 0.04-second time step. The combination of special
normalization, suitable neural networks, and preceding
vehicle information significantly improves accuracy. Models
trained on normalized data outperform those using raw data,
showing minimal initial offset and lower prediction error.
Additionally, the approach remains effective even without
full preceding vehicle history and is robust to variations in
the number of preceding vehicle inputs.

The gated recurrent unit (GRU) was the best-performing
model among the tested methods and achieved the lowest
forecasting error. The mean absolute error of its predictions
in the 6-second and 2-second horizons is 0.2410 m/s and
0.0578 m/s, respectively. The prediction error in the 6-second
horizon is reduced by 58.12%, 33.18%, and 24.30% compared
to constant velocity, constant acceleration, and variable
acceleration models, respectively. The forecasting error is
also 13.18% lower than that of models trained on raw data.
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Fig. 1. Velocity forecasting plot of six trained models

and constant velocity, constant acceleration and expo-

nential decay acceleration methos in: (a) low velocity
scenario, (b) high speed scenario.

References
[1] X. Li, W. Lin, Y. Jin, D. Chen, T. chen, Dynamic Energy
Management Strategy of Hybrid Electric Vehicles based
on Velocity Prediction, IFAC-PapersOnLine, 54(10)
(2021) 363-369.

[2] B. Li, W. Zhuang, B. Chen, H. Zhang, S. Yu, J. Zhang,
G. Yin, Predictive Ecological Cooperative Control of
Electric Vehicles Platoon on Hilly Roads, Chin. J. Mech.
Eng., 38(1) (2025) 37.

[3]E. Hyeon, Y. Kim, N. Prakash, A.G. Stefanopoulou,

1413

Influence of Speed Forecasting on the Performance of
Ecological Adaptive Cruise Control, in: ASME 2019
Dynamic Systems and Control Conference, American
Society of Mechanical Engineers Digital Collection,
2019.

[4]M. Wegener, F. Herrmann, L. Koch, R. Savelsberg,
J. Andert, Longitudinal Vehicle Motion Prediction in
Urban Settings With Traffic Light Interaction, IEEE
Transactions on Intelligent Vehicles, 8(1) (2023) 204—
215.

[5]C. Pan, Y. Li, J. Wang, J. Liang, H. Jinyama, Research on
multi-lane energy-saving driving strategy of connected
electric vehicle based on vehicle speed prediction, Green
Energy and Intelligent Transportation, 2(6) (2023)
100127.

[6] S.K. Chada, D. Gorges, A. Ebert, R. Teutsch, Deep
Learning-Based Vehicle Speed Prediction for Ecological
Adaptive Cruise Control in Urban and Highway
Scenarios, IFAC-PapersOnLine, 56(2) (2023) 1107-
1114.

[7TR. Krajewski, J. Bock, L. Kloeker, L. Eckstein, The
highD Dataset: A Drone Dataset of Naturalistic Vehicle
Trajectories on German Highways for Validation of
Highly Automated Driving Systems, in: 2018 21st
International Conference on Intelligent Transportation
Systems (ITSC), 2018, pp. 2118-2125.


https://dx.doi.org/10.22060/mej.2026.25491.7950

75 ool SlSo (owigee g pui

VEPY B V)Y lomio VFF Lo 1) 0,es DY 0,95 ¢5ueS pool SilSo pusigeo 4y il

DOI: 10.22060/me;j.2026.25491.7950

015 )32 (2Bl 0313ds g02m0 (poluwl 52 9,395 Sk pw Mhowigh (S sy

Edewo (s F(Gdodte g g il dlaas

'd‘ﬁ.l ‘)'IM ‘)").*.*3 oty (Sl (W oaSisly

$I9 o d dubyl;b}w@ BVRSWIY S L;LD”J? u.uo.sl wl)ﬁ‘jd))al O o u.,.mlS CS90 9)09> i pw (3490 Sy EWESVES
AR ZARVATARIGITPN

A sy O S dmodly ol Sl gy 030 2 Brae (emas SaeSed Cd )l g Madgr g o> slapii )3 29290 (slaosld
V0T Y0 s ey a1 ookl b sy (i (Gl 00 &) Guas ouas (glaaSis leolatul b cae (s i (gl S
VO YA T ]yl sleedh (g3l Lo (gl lyglgs B9y G e i B (ali8l jelate 4 9 s plodl Gl (gl (slag g3 g Bum (69,055
Jos 248 oGl b aalye sl cnl 2 ogMe 9 o0 (i slad (IS 4 e oS Sl odd (Bpus 9395 Cis
ol Llod didly dxwgi gy 50 gl (slagydes dlisi g Ly piwd )3 Cas s Al 30 )0 Cualad pis ol D9 Sy gly

Pl e 558y e 5085 GBS oty el o8 S o (o P b i st sz ol o

1605 Clols

ossle 553k :
ol el Jley &S a3 o s ol .l odd ool ol S 5 u’él, ooy jl Miadighr Cs o (i s e (hisel (gly (ol o
e Singn clogyogh s> g0 Slidns MBSy ¢ pitrod (Cawl Candl 18 45 atily (6 3YL Cdd gl Jloj slaplS ) 0354 oy g,
e Sl @b b by T ald cpl 3 (i ©83 )b 2929 St p (i Sl 35 (25l (592395 g2 e g0 2
4 G & Casl 4 g2 yia VN Ll (o0lain oy L (sl (b 381 0 (it 3llae (slbad (S0 iy
2o 3 WA JBlas sl ot o3litasl 0as &3] (g5l Jlo s igy 548" (b s G g duo 3 YAYe JBlas  Llos sla o
A o ol ials
Sglio ) (sl @9 Copw Guole Ole ol doddo —3

S S By s ol iz Cusnl g oS Jlis  Ses eyt 3 S laade I (S 9058 St i
8 gpitar (§9y55 ity oy 1l ot paians joloy oS Jlis  2NeE 23t 0 ke A g dgp00 e 4 B0 5 adge
oS 5 odlital b osls (5,095 (slliod Gty Mimym DpS e ORIN 9990 02l D) (S5l Do (giludliag 5 SIS (sl Sl
B ol 012 (slocs oo Lol el (50711 b oy o8 slolels 9 [TV 551 o a3l (o35 53 sty 5 (S sl 2
Ngd 83) eSS swbn SeiyeSl Bk Ml g A oaalis Caonl cpl Sy cl Jl)95 0 (VU Comal ST Y] ot J5587 59,5
e b 395 plesl (g5 Gyt ot 3 Sl pur oiar s ey Cpyaaby el ws yuw o] @lpis g, 5l aBT &S el
i oyt sty i o pE3l L L ams alS |y il OBl 4 e Sl 29 00,5 el ) S ot Sl
£8 & paitans y5b & 555] Bpo ilS lipe S iy |y Szl 9595 5 e slaggt gld Copdn b dpdie (S S

5] 05 (St o iy ey s g R0 SIS Sl ey (Lo 2 e RS sl Sl (g3lansly
929 Sl @ Solie la (e g g2l sl 9395 Cas 03> wald g iyl osose )l Glp iy lajluleds g 0ad

0313 oo cyms st Sl e Aoy )3 Cpdgdoms Sy Blgi_e oyl 53,5 0] culors

ol JEsl 6550k (e jl lgiee Gl ol J> sl jeee mohsen_mohammadi@shirazu.ac.ir :obe sesge oding ™

(Creative Commons License) _edpe (Sl ule cov dlio cpl ol oad odly pu pal oSty @)l & 156 Gois 5 (Bsimng 4 cuilpe Goi>
BY NC

Asleyd s https:/www.creativecommons.org/licenses/by-nc/4.0/legalcode sl jl (uilud ol Slija (sl ool 48,5 )5 las yoy2ud )


https://dx.doi.org/10.22060/mej.2026.25491.7950
https://www.creativecommons.org/licenses/by-nc/4.0/legalcode

VEEY AV doin VFF Jlo )Y 0yl DY 095 ¢y ool SilSn i 4y

oS aladls VA ,)Y] \‘d,w.c Lsmas 4 4 ylei o 050> oyl )d Joliie
yobods 13,8 0, Ll [YY YV ] 7 clojlgys (iSib ssly Yo W] Cse sl
P g lale o dbls (Keile de3g Jdo 4 iS5L sl Jae (K
L o i 265 3l 6 ying 0Sles ey sla o i

Ssuliw 93 2 Glp e Gnghe gladse Glagy Clodl
el > Jb cnl b oslad,S )18 ) 3590 0555 9 o0 (S,
ous ploml (6 e (SAly S Sy ol 2 s pos iy el
w8)5 )15 oslaul 3)90 (a5l (69355 gl 4 bgrye MBI L
Sy aed e ol b jiagh (Sl &S cwl Jbs ol ol
FBysbar |y ot €8 Nlg o gk 59095 N Ml (i3S
LYY Y] e il ese

2 obgS g b (il 38 Ygane o p CdaoliS ey
4y oS e slopls sl b wlgi e 33 ol Lol oo 48,5 i
Siloosles slp cwlllae (350 )3 39 el (S P8 (L) S
S el 4 e a8 dad o odlatul S5 Sloj slaplS I calinns
ol Jhe (Saeme 3509) cnl 251 25 Snpie slapl
el J..:Iyu.o 9 0dg u.sl.m dlﬁp&).w U_»Lus).) P)L.w.n Lol WA 0
295 e <85 il 5 I gl 13

ot Slp oo (mas el I VY] o Ken 5 S5
ol 0,8 eolaiwl (g5pl Brae Cople Bun b g0 Casyw
Sl S Sy gloodls ol 2 Juo b3 5 Gisel <oty
ot C83 8 )5 I 3 4l Sy it Sloj P 5 A8 pls]
G (g 9y 3 )Sdas g () pB V2 U S Sloj slo3dl sl
A 5155 A8l 352 o3l Heuiy (mas &S S &

s s ko ALy 0l oS alabls a1 edlal L [YV] o), 4 Iols
5i90] slmodld 153,800l 4l Ve 90 (slagdl gl 1 9345
Al /Y b ply ot Sl ol g odel Cansay (gilodns 5 Jae oyl
adb Ve 50 sla 38l ol Cmiin led llas (08 . SShe sl 0dg
By Sy sl b ol b sl o 5,15 VIAY 5 VYO s ity

sy Syt Slx 9o il YU b s s ol 0S50 0

4. Deep neural network (DNN)

5. Long short-term memory (LSTM)
6. Gated recurrent unit (GRU)

7. Zhang

8. Chaining neural network

9. Chada

AEAT

Glp Sy ool acgemme SO g9y 0 o3l Sjgel slaJse jl g 3,8
odlasiwl 3gizce olgmds 00Dy degorme (69, Cus i (sl Jde dlol
[Y]s)

9395 b 995 byl s (bl ol j dawgs cul nogdle
Bl oo C83 3900 lp (wlie plu (Sl L9098 b3
g yoes €8 > Can g Ca s Cambgo Ale  SleMbl Jols sl 03 )
siagloj 9 5B SleMbl & gyt (pizmed g il Sl slaply 3 )b
Cope g Jailiiadisn (65 moual OISl dablis )3 plaial) slagl>
w2y b [A]sjloie walp 255 (Sanly saailebs )3 1) (55l ase
2 oy Sl jste (n Ynke 5| (S Ol Sy (9 GRS 4
ot Sl 383 9 sl BB sl ) dnwgi 9355 S > Cundyg
diedgn (sl ol sbajliin Jl (S lsisdr g9 oy
S () el plejen dgae 4 Nlg oo g 0392 (5998 By e
D95 e 555 5)90 00 9

99 Sy Gaite ly ode lahs) iy Sladl
Sle ) 5,5, 90 ol Clid gy 9 ol Cus gy sl 005 &l
& 3980 2l QLS hg) ) [A] Canl 5355 G i
B 90 s o dsldl ol O yguody 5 Jad Ol b1y 058 <8 > 9065
) 2g3 (ad s 9395 & Sl (pl 123 Sl s p (B9 3 &S
S ot aolS 53 Bies g, 53 ool 435 e L et 5
GaoboS (i )3 ) ol iz [V ] 0,8 o )15 eolital 300
s gy & Cows Gledils Sloj glaojl o il Jod LB 5 Sles
ol yse 03> (sla gy s olyed (gyuins sled L jeenals
oty dan 5l 05800 cile (65530 sl 5 sl slaisby,
035y ey & OlPe 90995 Ce g il lp B4 )l
Sl 223 g5 5 [V V] ey et ogl8 Y Y] 5 o
aliis 9)dg3 ey s, 5l edlatnl @ ygo 45 0,8 o)Ll [VF-VY]
Sloj G ot diwe S glisa plgie | Gep Gngie
NARX" 4 [\Y] ARIMA" sl i) o) opl o 28,5 Ll
ailo ol Ceyw dogio lp @l clabyy des 5IVA W]
ot Slp osdle 63k g, ) oslitel it 9)395 (IS >

by jl il 48,5 )18 g5 550 (glod S jsboay ji5 )093 Cas o

1. Conditional Linear Gauss (CLG)
2. Autoregressive integrated moving average (ARIMA)
3. Nonlinear autoregressive exogenous model (NARX)



FE3 sl Gloj 5 2 i b ol 53 5 39500 il o dlold
Cadld (653848 sy (o (ylg5 oo s ] > Sl Dgng b Ll
03938 9,955 ol G po inih 0 (59 4 dline S b s
52365 5 2,18 (Bloyd 9 1ad Sl 5368 oa] Gy Jas ) 000
OIF S S slagsbyy ) S (o0 C8 o (o8 L S L
P LRl L 5 (e 40 g Cusl o () p 9590 (ol Sl 3 00
b Jgd BB motar b sl g 99800 08 oty b oS
03l L el 58 ol o sl ol Slej p5 WL jezee 03l (sla i,
3l o3lazl oS50 50 9,55 s pos (mpsbay aliws o > 5 G2
9P Sy A5 xsbds S o0 58 (cyp 3)90 0U5S Jlr Sloj P
ool D9 o (s Al /¥ Sloj o5 L o] asl £ 58l ly
lagby) b 99 Copw b dix b (e lp Sl 6 ol ]
sl gy 4> )31 Cuol oduis saalie dLilS gl yingh 40 jeme 0ald
Lol s, 1) Josb b5 zults yney olalllas 5 Jghite (3o Jloyi
P 2 5> ey Sl g obsS (dapin Sloj o6 & alpd
axlas olacodgaze b o yog, cpl w55 0 (Saily aile il Sl
Gulize > gilodloy gy S lgn cnl 3 eyl Wgd e
Sl o3> has Gy (=95 & 9398 Sy (Suaphy At b
Db oo Cus o (il 83 Gl el o (il ey cnl g 95 o0
siwodlel 095 ¥ Jad 5 el pj zab 4 Alie cpl Hlsle

slapt oIl & Jad )3 09500 upds oy (gileJley 5 (B)l
alp § Jad 0 a0 e By Copu Suihe Gy ity
aleg 3 g Jelos g @) gl o Slas 5] g WwaSid bl

)l polaid] ¢ pSanis g gl (giuger 40 Juad

831> dc gosxe oy —F
ol 00 03lasiw] jezee 031> s v i sla gy 51K cpl po
03> Kador (gla Juo 5l odlaiwl b g)de3 sy (o yi (glyr doml jd
highD eslses oo 51 Jimgsy cul )3 )ls clio 0313 4 5l yseo
ey 09y (swrp 9 drwg Sl anl (Blg o3dasgerme S oS
o3> ybjel (ly o odliul o3l isw cpl ;5 [YO] cowl ous edlizul

030> (gilwodlel g 5515 095 daldl 13 3945 co oyt gl (gl o3lel

Gl 00 03)9]

uL\M) U9 Og.] 2O (e s L4 \19‘""" ob’9§ u’.ILo)’ sojl 4o
Cogo 05> (65095 N & baye slaedly 18,5 e > 4 A ooy
Db o Jdo B i3l

ot S5 Sl sl ) Copw 355 npin Cuesl
DS sloi 980 3,Skes (5 pomiins 5 &S]l 593 (sla3l
obs{ dladls &m )‘ [Y'] ul)lin.m 9 \&9 [Yf] .))I.) d)))‘ d)am 9
ey Al oolil b o] 4l G e o i 1y e A
VOl )3 b oplS 2las dx ST.008,5 0 00 9,395 CusBye 9
L;Lmralf 30 9 0y ] Ty sl 035y S a0 35 b..\:uj P
Do 05 odnlie u.s9ﬂa.n N U_:‘A.ul

&9} 999 u_‘o).w LSJG} O"?K JJ.A )I odlaswl ‘.} [\\N] ul)&o&b 9‘}59
o b bae 1) 93983 e uiiie (Bres (as S
(2> g Copu dble i SleMbl imgh opl 0,8
D)90 (5999 d‘.ﬁo.}l) uly&d.) dmb €|)> m9 9 u_u.v.: dols
Cand S Al oUgS aladls Juo oS ol lis gl .cé 5 1,8 oolatul
S99 93 4 barpe SlMbI (39331 531> (6 5Vl €8 b by b &
Dgdso b 28es il gm0 g0 (25>

b olomed 9398 Gy iy oy JB G piy 3929 L
.)9..»@ S gato )XJI)JQ«JB alio c_is 9009 OI)AA u.s\jb g,\...vja_‘lrf:.)&
Slopl 3l 5 b oy o o5 & il 2 aipgr il
oty opge Olllhe il 298 e als wll ol oty
o ool 5 b o sloplS b (sladh wi Slej slagsdl (ol
Glais (Sloj p5 ials L ol yen aplS sluws i3l a8 Jls j5 ccnl
Glodl o 500 (gaw I amd o Ll 6 Sedin jba ) dliue
@ 9055 4w D A5 998 e (SVsb Able | Opxa Giagg
Yo 5l (Sl o odlatol il wyiwd )0 0gdll Cygo 4y 9295
ool boodly cpl  (Sidad (1957 (i yiasd )3 (ppeundi pis cpel oy

loodls 1 oslaiwl b CBud (690363 s pw Sy (ibo s Cpl 40
9299 4 92995 bl & ol sl g9995 Jlaz 9 955 ooy il
Ol 53 5> cuabaBpas ond &l b,y ed e ploul Wl e ey
ol 00l 48,5 Ja3 13 ol 5095 dlid 5 Ly yiwd jd Gy dblw

Sl s e bl sl Ll cel ol iboj plS 5l ealic

1. Wang
2. Wegener

AEA NS



VEEY AV doin VFF Jlo )Y 0yl DY 095 ¢y ool SilSn i 4y

O 1o Sl a8 o s )3 Ces pu 450U Sl (S B 9365
P Cuaad pae pl G i sl Jde drwgd 50 Bl ol pun
Ol oyl osd odliul (claodls (c3lo odlel ;> @Bly 4> b 4B )3 s
Wlo (ol Cualad pas aodly Cpl yo3lay )0 .ab 48 )5 a5 (5 3 )lee oyl
ORI 3929 9 (29l 9993 Co p Al (39 JolST L (1395 eyt
wdldas gemmo 3l 03l gl il (gly .l oad a8 )T las 5 Lgls 90395
939 e U e dllo g 8 4l 03 )3 B 9398 oy il
OB 3 BAd 9,393 L p (e Sl S8 Al 03 )3 35290 (29l
ol 00 4.\5/5 )]a) 5 oJu.J 456

48,5 a5 5 5 slasd highD esldacgasee I osly zlyscusl )
Wl ol
Bl yid jlre a1l lagy3gs Copu @
.Ml)b)){é—\a)‘)]))—w.@&l.ﬁﬁ))? o

0y b9y 5l odly degesme I Lagydgs odld 39l oty 3l
gss ey odldas gazme bl (gl 4l G Sloj ooy b )l54
b & gl 9058 Sl ond zlyscil slrodls #8ly p> i 0dlii]
Wged VVAPA Lol ol Candy sy 033dc oo it Sligrad
ol 045 il 50 YO ulS )3 L 2390 0305 .Cawl gy095 YOFY jl 00l
Lol 51,187 sl o sl agli /o ¥ uytwod 3 sleodly Jloj p8
ol 0as odlaiol Sloj p5 ypon

2 5@l Gros 5k slpinysN (3jsel sl bodb g3l Jle s
SraSd 358 o0 el bodly (giluJlo sl (905 390 I (65l
95 9 P9 o daly dodly (ulde 5 4298 (h9d Bres xSOL
Jboy @i ouih o Wil (elie G p> odls ST (pess |,
25 ety S (b 5 (bigel Al® g el Ll oo

b oS ol o dleidy i silodleys sy S GReo cnl
sl ) s moin €83 9 3)b syide )l 35290 laosl>
29 Sl ol b (g g9 S @ly > ool gyl WS (o0
@ oy ilbedleys gy D9 oo 0del 0y il Jloys g, dllie ]
Ban 9)395 oab] Gy lon 45 wBun claodly &5 Canl Sy oyl
Gla gy N o ot BB 9,065 Cafpw (pyS] A Cond ol
9y Silwdyluilinl ¢ dnioaneS gile by wle (gile oy gl

o 9 Asl  gellae ase plaSoun (Jg Cuwl oad Jloe! Waodly

1. Sliding window
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Fig. 1. Schematic of the vehicles used for velocity forecasting, based on the velocity histories of the
target vehicle and its preceding vehicles.
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Fig. 2. Architecture of the deep neural network.
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Fig. 3. Structure of the Long Short-Term Memory (LSTM) unit.
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1. Mean absolute error (MAE)
2. Mean squared error (MSE)
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Table 1. Training hyperparameters of the models.
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Table 2. Final Root Mean Squared Error (RMSE) of the trained models.
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Fig. 5. Training and validation loss curves for different neural network models: (a) LSTM, (b) LSTM-Raw,
(¢) GRU, (d) GRU-Raw, (e) DNN, and (f) DNN-Raw.
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Table 3. Mean absolute error (MAE) of velocity forecasting at 2 s and 6 s prediction horizons, and maximum
one-step-ahead prediction error on the test dataset.
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Fig. 6. Velocity forecasting plots of six trained models and constant velocity, constant acceleration, and exponen-
tially decaying acceleration models in (a) low-speed and (b) high-speed scenarios.
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Table 4. Forecasting error of velocity prediction models in the two scenarios presented in Fig. 6.
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Fig. 7. Zoomed-in velocity forecasting results over a 0.2 s interval: (a) models trained using the proposed ap-
proach, (b) models trained using raw data.
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Fig. 8. Vehicle velocity forecasting in the absence of preceding vehicles under (a) continuously increasing speed
and (b) increasing then decreasing speed.
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