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Abstract : In this study, collision prediction networks for vulnerable road users (VRUs) are proposed and evaluated using
simulations of safety-critical scenarios. While several networks for collision prediction are found in existing literature,
predicting the potential collision of relatively small and occluded VRU with high dynamics might be limited. To enhance
collision prediction performance, an attention-based convolutional neural network (ACNN) is proposed with collision
probability (CP), so-called CP-ACNN. More specifically, simplified bird eye’s view (SBEV) images including trajectory
prediction as well as CP involving a body-fixed coordinate are generated based on simulation and real-driving datasets. It
subsequently introduces a soft attention mechanism with four-region partitioning (front/rear—left/right) for more adaptive
learning of spatial importance. Based on attention-based CNN, both feature extraction and classification are performed to
predict collision for VRUs. Finally, evaluation results demonstrate that CP-ACNN consistently outperforms the other two
networks in terms of accuracy and false positive rate.

Key words : Collision prediction(% % <]l ), Safety-critical scenario($] & A]1}2] 2.), Collision probability(F & 2H&),
Attention-based(©] €1 7] W), Convolutional neural network(%d & 417 ™), Vulnerable road user(3l g A}

Nomenclature
x : relative longitudinal position h : flattened hidden feature vector of each area
: relative lateral position w + attention weight
v, : relative longitudinal velocity b  bias
v, : relative lateral velocity s : attention score for each area
a, : relative longitudinal acceleration a : attention weight vector
0 : heading angle to surrounding vehicle ¢ : context vector
t : collision prediction start time Leg  :cross-entropy loss
t, : prediction time Lt attention entropy loss
t, - collision oceurrence time A : weighting factor for attention entropy loss
ta : collision prediction time, t, — ¢, CP :collision probability
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Table 1 Number of VRU scenarios to virtual dataset

Table 3 A summary of training and test data

Road type
Scenario — - Total
Non-junction (NJ) | Junction (JN)
Car-to-pedestrian 9 5 14
Car-to-cyclist 6 11 17
Car-to-e-scooter 2 9 11
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from the left with obstacle % I ofrjunction
A
Pedestrian crossing - - 'h. Non-iuncti
from the right while passing % I on-junction
A
411
E-scooter crossing - Ao . .
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Table 4 Number of samples in training dataset

Unsafe Safe Total
Scenario-balanced 193,740 67,875 261,615
Class-balanced 72,000 67,875 139,875
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Table 5 Performance comparison of collision prediction
with respect to virtual dataset

ACC FPR Avg ty
(%0) (%) ()
CP-CNN 87.13 21.95 1.05
VRU ACNN 81.55 29.07 1.23
CP-ACNN 89.14 18.51 1.08

Table 6 Performance comparison of collision prediction
based on simulation data (only occlusion scenarios)

ACC FPR Avg ty
(%) (%) ()
CP-CNN 51.44 79.15 1.12
VRU ACNN 81.51 30.39 1.10
CP-ACNN 60.12 66.09 1.09

Table 7 Performance comparison of collision prediction
based on experimental data

Acc FPR Avg ty
(o) (o) ®)
CP-CNN 93.83 6.17 1.09
VRU | ACNN 90.91 9.09 1.01
CP-ACNN 98.48 1.51 1.07
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Fig. 9 SBEV, visualization results, and collision prediction to
pedestrian crossing scenario (a) SBEV at t = 10.21, (b)
CP-CNN Pred: Safe, (c) ACNN Pred: Safe, (d) CP-ACNN
Pred: Safe, (e) SBEV at t=10.77, (f) CP-CNN Pred: Safe, (g)
ACNN Pred: Collision, (h) CP-ACNN Pred: Collision
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