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Target Prediction Task in Autonomous Vehicle

= Longitudinal Prediction (Cruise Control, Emergency Brake)
» | ateral Prediction (Cut-in, Cut-out)
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Traffic graph (1/2) frafiic Graphs
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= Vehicles interact with each other g ) ;{ ) QI
» Each node represents each vehicle in traffic g g | &
* Two nodes are connected to each other with edge :ﬁ

- B

If they meet 2 conditions:
* They are in same or adjacent lane
at the same frame
* Longitudinal distance is less than threshold tau
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Traffic graph (2/2)

= Feature vector of each node contains:
lane id, vehicle class, vehicle velocity, vehicle acceleration,
relative longitudinal distance from 3 nearest front vehicles
relative longitudinal distance from 3 nearest rear vehicles

* NGSIM [-80 dataset
- Vision based large scale traffic dataset
- 10fps — each data represents 0.1s information
- Average 110 venhicles per single video frame (=110 nodes)
- Average 4 edges per single node (=4 neighboring vehicles)
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GCN Structure
= Distance-aware GCN
HA = a(ﬁ—%ﬁﬁ—%ﬂfwf HNH*'B*’)
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= Mixture Density Network
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GCN Structure

» Baselines
Proposed models are compared with non-GNN models and GAT models
Each model has extra layer of either FC or LSTM

Model layer 1 | layer 2 | layer 3 | MDN layer | LSTM | clip norm | adjacency type
Fully-connected 128 256 128 90 no 5 /
GCN base 128 256 128 90 no 5 binary
GAT 128 256 128 90 no 5 binary
EGCN 128 256 128 90 no 5 binary
DGCN 128 256 128 90 no 5 inverse distance
LSTM 128 256 128 90 yes 5 /
GCN with LSTM 128 256 128 90 yes 5 binary
GAT with LSTM 128 256 128 90 yes 5 binary
EGCN with LSTM 128 256 128 90 yes 5 binary
DGCN with LSTM 128 256 128 90 yes 5 inverse distance
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Evaluation

» RMSE error results outperforms other algorithms

- Prediction Horizon - ~10s

Model Name:
0511 |-~ FC
RMSEPEIQ:‘:&}? = Z Z (VH — ﬁ;;rj —&— LSTM
iR . i— lj_i -8— EGCN
0.4 - —8— EGCN+LSTM
@ ~e— DGCN
TABLE II: RMSE Analysis ¢ [
Model Y RMSE @ 10 s (m) | Velocity RMSE @ 10 s (m/s) é o
Fully-connected (FC) 2.89 0.526 o
GCN base 3.52 0.622 2
GAT 4.13 0.688 > 0.2
EGCN 1.40 0.258
DGCN 1.91 0.360
LSTM 1.61 0.331 0.1 4
GCN with LSTM 3.40 0.653
GAT with LSTM 4.09 0.728 ' ' . ' .
EGCN with LSTM 1.86 0.321 1 ) 3 4 5 6 7 8 9 10
DGCN with LSTM 1.63 0.256 Time (s)
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Evaluation

= Jerk Sign Inversions

- Represents smoothness
» Negative Headway Occurrence Rate
- Represents robustness

Model Jerk Sign Inversions | Negative Headway Occurrence Rate
Fully-connected (FC) 1.5 0.08
GCN base 1.5 0.17
GAT 59 0.27
EGCN 1.5 0
DGCN 7.3 0.03
LSTM 13.7 0.02
GCN with LSTM 6.7 0.17
GAT with LSTM 0.0 0.27
EGCN with LSTM 95 0.01
DGCN with LSTM 7.3 0
True trajectory 6.3 /
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Conclusion

= GCN improves target prediction performance

* (May) considers interaction between vehicles

= Better results in position, velocity prediction

» Unreasonable prediction(which is critical to motion planning) less occurs
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GCN % Source ZE &S 9I8 QA2 EHM

= T-GCN: A Temporal Graph Convolutional Network for Traffic Prediction
- https://arxiv.org/abs/1811.05320

- ITS2019 HH =&

- Traffic forecasting®l GCN1t GRUE XM &% T-GCNS = ¢
- 7|& =89 acceleration forecastingdll GCNIt LSTMS X

- 7|1E =20 EE &2 4 XNEE node2 2%, 21 Ho X E2 edgeE HZESIRACHH, 2 =0
M+ road network GZ graphZ E3idl= AS 2HZ, /1Y T25 node, P ZE £ =25 7H0]
binary edgeS & ™3I0 A spatial relationshipO| graph2t 28 H o 2 [ A &= &2 2 traffic
graph 2780| 7= gt.

Nodel| feature vector= traffic speed(= 2 2| XIH=0|
t+1A| " EH t+T7HX| Q| feature vectorE 0| Z5t= 210

M
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https://arxiv.org/abs/1811.05320

GCN % Source 3 E &2 28t SAH=E B

» 7|& =20 3L 2-layer GCN= ALESIRAS

f(X,A) =0 (AReLU (AX Wo) W)

1

= 7|E =210 S Y5 3HM Layerd= RNN cell2 AHE(LSTM/GRU)

.

uy = o (Wy | f(A, X0), he—1 |+ bu)

ry = o(W; [f(A: Xt), hr—l] + b,)

ct = tanh(W, [f(A:. Xt), (re % hr—l)] + bc)
hy = ur xhi—1+ (1 —up) * ¢

= QOverfitting 2 X| £ 2|3l regularization term2 Z &t

loss =|| Y; — Y, | +ALyeq
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Source Code &L &

= Summary
- Source Code= Tensorflow 7|8t 2 ZEE[RUZ (https://github.com/lehaifeng/T-GCN)
- A A main.py M= B Q1 2 data load, 85 H| & 2|t baselines StLHE EHSHY] St /HAE/Hs 242 A
- Baseline2 HA, ARIMA, SVR, GCN, GRU, T-GCN(GCN+GRU)2| 67/ 2 7 d &0 S
- = Term projectOf| A| = baseline 45 H| 1= StA| ZZSER 10, T-GCN cell0f| CHSHA BF SHE/A A
= Data

- HO|H= &= Shenzhen?| taxi TH Z 20| A 1E 7t =T & traffic speed?t O X UZ(Of 152 0L 7| F &)
- Adjacency matrix €2 d%0= 2 =27t HZ/d0| HSHX| b= H|O|E{0[7| 20| D™E g2 FOH US

- 3B 1567112 ==& AHE (156X156 adjacency matrix)

= T-GCN
- Single T-GCN cell2 & 7H2| GCN Layer2} StLF2| GRU layer2 T+8 |0 AU =.

- Adjacency matrix A2} Al ZF t0]| A 2| feature vector X(t)= 27H2| GCN LayerE M-&%t £, 0| celldA] 72 GRU hidden state h(t-1)=

=22 GRU layerg X210 output Y(t)2 hidden state h(H) & =& %t
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https://github.com/lehaifeng/T-GCN

Result

= Traffic Speed Prediction 21t 0| A| (Single Road)

One-day Result
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