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Abstract : This research proposed a method for predicting collisions and trajectories using a transformer network with
parallel computing capabilities for multiple vehicles. The accurate prediction of the driving trajectories of surrounding
vehicles is essential for the decision-making processes of autonomous vehicles(AVs). Furthermore, the ability to predict
imminent collisions can significantly enhance the safety of AVs. However, although several studies have addressed these
issues individually, it is rare to find research that tackles both problems simultaneously. Hence, to facilitate the multitasks of
collision prediction and trajectory prediction, we modified the prediction head associated with the final layer of the network
to enable multitasking capabilities. This study explored two model architectures: one with an encoder-decoder structure and
another with only a decoder. The performance of the proposed algorithm is compared with existing algorithms in the
literature. The results demonstrate that our suggested algorithm outperforms previous methods in terms of parallelization.

Key words : Collision prediction(ZE <), Trajectory prediction(#]] 4 %), Transformer(E $2~3 ™), Deep learning
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Nomenclature

x : longitudinal position of surrounding vehicle Q : query matrix for attention layer

: lateral position of surrounding vehicle K : key matrix for attention layer
v, : longitudinal velocity of surrounding vehicle V : value matrix for attention layer
v, : lateral velocity of surrounding vehicle W?  : weight matrix for query matrix
a, : longitudinal acceleration of surrounding vehicle WE : weight matrix for key matrix
P : heading angle of surrounding vehicle wv - wei ght matrix for value matrix
w : width of surrounding vehicle N, : number of encoders
l : length of surrounding vehicle N, : number of decoders
CP  : collision probability h : number of heads
w : input horizon
T : prediction horizon
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Fig. 1 Snapshot(left) and abstraction(right) of simulation
data

Fig. 2 Snapshot(left) and abstraction(right) of real-driving
data

3. 38 ¢ AH olg €22l
3.1 HEQT0| A2 Yol
Akehs V=S A W A Al dhel) $3 7h
59 AAL AR ¥ S Yo Apgate] Tl A
1 2

x = {xi|]i € N} )
Y = {¥/|i € N} )
o714 N2 Aol A A 2AE ol dich r Al
o] i WA 2pekol] tigh o2& ok} o] gejwch
=[xyvevya,wip ]L_(w_”ﬂ € Rox® 3)

Transactions of the Korean Society of Automotive Engineers, Vol. 32, No. 10, 2024 845



Sungwoo Lee - Younghun Jeong - Bongsob Song

t A9 i A 2ol tig REe] ¢ W= v}
ol 4ol gt
yti =[xy C]Eru:ur] E R “

FE AF(0 HH(Safe)t AR o] FEE A5
(Precrash)Z E sl t}g-3} 7ro] A ojg )

¢ = [¢; ¢;] = [Safe Precrash] ®)

3.2 HEQ3e| 2=

dad-tay EdAIvjel tsir] EJRAZ
(Decoder-only transformer)& AH8-3= 58 9 A4 o5
RES AR v AFFEe] A ARESIA, £,
7HELE, &, Aol Y ZhE Y o ol FE53} v g
AA S o5 elr)

3.2.1 Q3AGH-C|AM EziAZD 2

Fig. 3914 Hi= 3} o] QlFH-v 5 EWAEH
wRe NSl Qs s NRe] BlsEE A gle.
™ Z}Z}2 o]l A, Feed forward, Residual connection =5
2 Aol QIek. Q= sh vl $UE 9 @
S EAFSte] 22} Positional encodingS 4831 kS ¢
etz 7]RA9 NATEHE] 42 ALgaeh )
o 7ho] AP E B V)5 o gy wEG|A o] o]
e}, Z2vzke] HE| = o dlAd(Multi-head attention)-> /4
7M€l 7+ W& o] el (Scaled dot product attention). O =
ol501 4] k. 715 A ol A& ofzle] 2t ko]
2(Query) &E 09 7I(Key)dE K°] WAS Alileh=

34 & Eaa.

T
Attention(Q, K, V) = softmax (Q%) -V (6)
k
2 TS n ] WHES 33l A3 (Concatenate)d Z
& ofe)s} 2o,
Multihead(Q, K, V) = Concat(head,, ---, head, )W? @)

o] 7] 4] head; = Attention(QW;°, KW, vw;") o] m
W:Q € Rmoderdi WK g Rdmoderdi,
H.I'I.V e :Rd!rwdﬂxdnr we e :thuxdnwdﬂ’j =1,+,h O] T;"_.

Folzl QJHol e EdAEH wdo] 72 TE A
ol thell A o] el A(Self attention)S AAFSHH o] =

846 BAASABeAE =2 AR2A H10S, 2024

Collision Prediction Trajectory Prediction

( FC ] | FC )
$ H—0
Positional Positional
Encoding Y Encoding

Fig. 3 Model illustration of transformer network for collision
and trajectory prediction

3l A AL Ugk e R E 35 3) Fig. 3 959
H3ds Ad Y F= o5 249E S8 2719 HE
= orld BHES X3t MTLS 4-83517] ¢35t
vz ] npx] o) 1A Fully Connected(FC) layer= 2
Mz FAA=A Uk 242 A7) S5 45 29 &4
S, oS %13 A(Prediction horizon) 15l ta}le] A& o



Multi-task Prediction of Collision and Trajectories Based on Transformer Network for Safety-Critical Scenarios of Automated Vehicles

Collision Prediction Trajectory Prediction

e |
Safe M

Add & Norm

Feed Forward

Add & Norm X Ny

Masked
Multi-Head
Aftention

Positional
Encoding

Input seed
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Table 1 Specifications of perception sensors

Sensor Detection range | Field of view
Corner radar 80 m +75 deg
Short range 60 m +45 deg
Front radar
Long range 200 m +10 deg
Front vision 170 m +50 deg
(P 'Ohang

Fig. 6 Driving routes for experimental data collection
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Table 2 Training and test data
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Fig. 7 Example of training set extraction from driving data
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Table 3 Performance comparison of collision prediction
based on simulation data

ACU | FNR | FPR | Avgt, | Computing
) | %) | (%0 €] time(r2s)
Collisi
e | 909 | 88 | 94 | 078 12
probability”
CP-CNN” | 950 | 46 | 54 | 0.88 13.2
Proposed (D) | 91.1 | 7.1 | 105 | 0.50 5.8
Proposed (ED) | 93.3 | 3.2 9.8 0.52 7.58

Table 4 Comparison of collision prediction performance
based on experimental data

ACU | FNR | FPR |Avgt,| Computing
) | ) | o) | (9 | timelms)
pi;g:if;z) 92 | - | o8 | - 2
CP-CNN? 99.2 - 0.8 - 285
Proposed (D) | 99.2 - 0.8 - 6.0
Proposed (ED)| 98.8 - 1.2 - 8.01

Table 5 Comparison of trajectory prediction performance

RMSE, (m)| RMSE,(m) | COmPUting

time(ms)
LST™M 0.90 0.53 5.9
Seq2Seq” 0.89 0.35 17.5
Proposed (D) 1.21 0.60 5.95
Proposed (ED) 0.83 0.45 7.84
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