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Abstract :

Deep learning algorithms are widely adopted in autonomous driving due to their strong capabilities of classifying the

objects around the vehicle. This paper introduces methodologies for constructing datasets for training deep learning algorithms
that receive LiDAR sensor data. The training datasets were built in a virtual environment using 3D LiDAR sensor models and
different object models. These datasets were used to train the simple CNN model developed in this study. The performance of the

trained CNN model was evaluated using the Waymo open datasets and driving scenarios that include multiple moving objects
interfering with one another. The CNN model proved to be as good as the best benchmark models, which in turn assured the
validity of the training datasets in this study. The proposed method can achieve significant time and cost savings in the generation

of proper training datasets for deep learning algorithms in a variety of autonomous driving complexities.
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Fig. 1 Construction methods outline for deep learning training dataset outline

428 SRASASES =Y AH2sH HeZ, 2020



M 3D 2foict 7|uk 2y 25 Eoid S HOJEA T Wil Bt 917

L =0] ONN Y| ES 2 2o o]w] %], vt 9, Bl 160 [pixel
E AR dolHe 5 S AEste] Bk BE y . B
24 e dolA] Bo] AL8E = 7ot 58] ojn|x) ey ol -
G gho} BFab=] olshu, ONNel o] §5)%= 7} L “
Zte) W 4R A Jwkew 94 HolE s} » " o0 »
obl xite] o]l ALgEL] we elole] w7, L
9% Fol me R Asel 2 9FS WA ok we Y g G oo,
Q14& 7P L "

Fig. 2 3D pointcloud plane projection and conversion to grid map

2.1 CNN QI3 Ho[g{ Az{2]

£ ATl A CNN 98 dlo]El & Fig. 29} 2] 3D 2} wisko 2 3HA|A 5719 FAR AT o2 T
oltt AlA wlolElol A HEE A EE FepsE  dlolEE ALESe] A4 BFH JHuE Y 5 JEs
xy W, yz3 W, xR 0 2 R A 2t A gw o] Solrh
n| X 2 HSkEITh A 7] 9] PESHE 9181, 8x8x8 m’
A719] GAPAA G o]l = (3, 160, 160) = 160x160 2.2 CNN HIEQ3 3
A 73719 A 3o 2 HStA T A F dlo]H A2 E 5o A CNN HIE Y =1 4L Fig, 304 BE A

Al 2y SEQIE ] m 9] 9] 3 Y HE Pixel 9 9] 23t 7} o], & 79| Input Layers} UM 712] Convolution
A B2 WS WS A58 21, 31t2] Pixel =8 m Layer 22|37 271 ] Fully-Connected Layer= -3 3} %1t}
= 160 pixel & LE 72121 0.05 m2] #8714 A € 219 dlolE ] 7= (3, 160, 160) = 374-2] 160x160 I

oh w3k 7} g g o s FY¥ EJEE Fig 29 & Al 5171 9] APl o], Convolution LayerE &3l 374+ <1
o) Ao MFAZ W, § NS EAES SRS A A AVS AR BS FEA] YE D mae
2 UEATIA B, 1 RS FA0E g S A Sl SeAlrIA A
Input Layer Convolution Layer Fully-Connected Layer
A
~ —

() car

() cydlist
() Pedestrian
() Truck

E (3,160,160) .
- (32,80, 80) (64,80,80)
(128,40,40)

OO0O0-000
QOO 0000

(512*20%20)

(512,20,20)

, R(z) =maz(0, z) ”%

—
o
N
w1

-

© u
SEEN)
w
n
©
o
©
=
EessssssssEEEEnEnnn

: . ! Max Pooling
£(3,160,160) (32“;;) 2 2.2)
: (32,160,160) ‘% = 3 5 3 (32,160,160) :

Fig. 3 Convolution neural network
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Table 1 Convolution neural network composition

Layer name Input size Output size Activgtion
function
Convolution layer 1 (3,160, 160) | (32, 160, 160) ReLU
Max pooling layer 1 | (32, 160, 160) | (32, 80, 80) -
Convolution layer 2 (32, 80, 80) (64, 80, 80) ReLU
Convolution layer 3 (64, 80, 80) | (128, 80, 80) ReLU
Max pooling layer 2 | (128, 80, 80) | (128, 40, 40) -
Convolution layer 4 | (128, 40, 40) | (256, 40, 40) ReLU
Convolution layer 5 | (256, 40, 40) | (512, 40, 40) ReLU
Max pooling layer 3 | (512, 40, 40) | (512, 20, 20) -
Fully-connected layer 1 |(1, 512*¥20*20)| (1, 625) ReLU
Fully-connected layer 2 (1, 625) (1,4) -
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Table 3 Test scenario result

Scenario Object Precision Recall Accuracy
number type (%) (%) (%)
. Car 98.75 74.06 86.56
Scenario 1 -
Cyclist 78.39 94.06 84.06
. Car 97.71 100.00 98.83
Scenario 2 -
Cyclist 100.00 97.66 98.83
. Pedestrian 66.33 91.55 92.38
Scenario 3
Car 100.00 87.07 88.87
Pedestrian 100.00 41.73 80.57
Scenario 4 Car 84.17 99.80 90.53
Cyclist 64.41 100.00 90.77
. Car 96.27 100.00 98.44
Scenario 5
Truck 100.00 93.89 96.35
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Fig. 11 Objects different from training dataset in Scenario 4
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