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Study of 3D Object Detection with Normal-map on Point Clouds

TP18051 Jishu Miao

1.Introduction

Object detection is one of the most crucial tasks in
autonomous driving. In this task, both accuracy and
speed are important. There are various methods have
been studied to improve accuracy while accelerating the
detection speed. Although RGB images captured by
cameras are used for object detection, point clouds cap-
tured by LiDAR are also used for this task. Because
it is insensitive to visible light and can capture objects
day or night. However, point clouds are sparse and dif-
ferent from images in that the order is irregular, leading
to a slow processing speed as 2D convolution cannot
be performed directly. Surface normals extracted from
the points have a better ability to represent the shape
features of the object than 3D coordinates, which we be-
lieve will improve the performance of object detection.
In this study, we propose a novel point clouds-based 3D
object detection method for achieving higher-accuracy.
The proposed method employs You Only Look Once
v4 (YOLOvV4) as a feature extractor and gives Normal-
map as additional input. Our Normal-map is a three
channels Bird-eye view (BEV) map, retaining detailed
surface normal vectors. It makes the input information
have more enhanced spatial shape information and can
be associated with other hand-crafted features easily.

2.Bird-eye View Representation

The BEV map represents the point clouds as a 2D
pseudo-image from the bird-eye view as shown in Figure
1. This approach converts the unordered point clouds
into a sequence ordered image. Conventional meth-
ods are to generate three maps by a mapping function
Pai—j, representing normalized point cloud density (R),
maximum height (G), and maximum reflection intensity
(B), as

zr (8;) = min(1.0,log(N + 1)/64) N = |Pai-;|,
Zg (SJ) = max (/PQ’L*U : [07 0, 1]T) ) (1)
2 (8;) = max (I (Paij)) -

Since 2D convolution can be applied to the BEV map,
the detection task can be accelerated by using a fast
object detection network such as YOLO[1]. However,
different points may be arranged to a same pixel in the
BEV map, which is less expressive than original data.
Besides, the object shape will be lost due to the 3D data
is compressed to 2D.

Density Height Intensity
Point Clouds (R) (G) (8)

Figure 1 : Bird-eye View Representation.

3.Proposed Method

We propose a method for 3D object detection using
BEV map with additional normal information. Figure
2 shows an overview of the proposed method.

3.1 Normal Feature Extraction

The normal vector is estimated from the pre-processed
point clouds by Principal Component Analysis (PCA)
with the search radius of 30cm and the maximum search
number of 50 points. To make all normals point in the
same direction, the normals opposing the LiDAR are
reversed by an orienting system. Normal-map is gen-
erated for enabling the 2D convolution of each point’s

Supervisor: Takayoshi Yamashita

P!
Point Clouds

3D Bounding Box based on BEV Result

RGB-map

Figure 2 : Overview of Proposed Method.

normals. The mapping function fps shown in Eq. (2)
is used for creating the Normal-map, which allows us to
use the normal vector Z, ¢, Z of the highest point in
Pai—; when mapping each point into 2D space.

Paisj = {Pm‘ =[z,5,2]"|S; = fPS(Pm,g)} (2)

As shown in Eq. (3), the normal vectors of each point
are extracted as normalg, normaly, normalz from the
Pq,_,, for each axis. The normal vectors are represented

i—h
by a 3-channel 2D pseudo image, as
normalz(S;) = Z (Paj—h) ,
normaly(S;) = § (Paj—n) , 3)
normalz(S;) = Z (Paj—n) -

Since the search range of the normal estimation is wider
than the pixel representation range of the BEV map,
it can include a wider range of information. Moreover,
since the normal-map calculated from the normal vec-
tors is also a BEV map, it can be freely combined with
other BEV maps to be used as the input data.

3.2 Input Details

Our network uses RGB-map and Normal-map as in-
put. The RGB-map is similar to the BirdNet[2], and
consists of the height map, the density map, and the
intensity map. The Normal-map is the normal vectors
in the z, y, and z axes. Thus, the input is a 6-channel
BEV map consisting of these maps concatenated in the
channel axis.

3.3 Object Detection Network

The network predicts the class and size of an object
with the Euler-Region Proposal Network (E-RPN) for
3D object detection as shown in Figure 3. We employ
YOLOvV4 as the basis network for 3D object detection.
E-RPN predicts the height, width, angle, objectness,
and class probability of the bounding box coordinates.
In this study, the number of object classes is 6: Car,
Van, Truck, Person, Cyclist, and Tram. The loss func-
tion is based on Mean-Square Error.

Input Backbone Neck Head ' Output
BEV-map CSPDarknet53 SPP, PAN YOLO +E-RPN : Bounding Boxes
'
+
===

Figure 3 : Normal-YOLO Network Architecture.

4.Evaluation Experiments

In order to examine the effectiveness of the proposed
method, some comparison experiments are conducted
using the KITTI dataset. We also evaluate the accuracy
of the object angle detection by adding a function to
calculate the yaw angle.




Table 1 : Evaluation Results for Bird-eye View Performance on the KITTI Benchmark.

Car Pedestrian Cyclist
Method FPS Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard | Average
BirdNet 9.1 | 84.17 59.83 57.35 | 28.20 23.06 21.65 | 58.64 41.56 36.94 | 45.93
Complexer-YOLO | 16.7 [ 77.24 68.96 64.95 | 2142 1826 17.06 | 32.00 2540 22.88 | 38.68
Ours [ 55 [ 7284 71.52 67.50 | 26.71 21.19 20.17 | 4250 36.06 31.18 | 43.30

Normal-map + RGB-map

Figure 5 : 3D Object Detection Visualization in Camera View.

4.1 KITTI Benchmark Evaluation Results

Table 1 shows the evaluation results. Compared with
the conventional method, the proposed method achieves
the detection accuracy of 72.84% in Car under the Easy
mode, and the highest accuracy of 67.50% at the Hard
mode. It achieves almost the same accuracy as BirdNet[2],
which is also a BEV-based method. Even for the same
class objects with different detection modes, our method
shows a more robust performance by adding normal in-
formation. In addition, we achieve a higher Average
Precision (AP) than Complexer-YOLOI3|, which uses
the same YOLO-based network. Although the input
is BEV map, the accuracy for non-planar objects (e.g.
pedestrians and cyclists) is better for each mode.

4.2 Evaluation of Angle Prediction

Since the normal is the object shape information, we
assume that object angle accuracy can be improved by
adding the Normal-map. Table 2 shows the result of
calculating the average included angle 6, from the esti-
mated object angles and ground truth for 6 classes.

n —1
SCOT€class (ek) = <1 Z arccos Hk) (4)
n
k=1

Normal-map improves the angle accuracy. In particular,
the accuracy of objects with large and flat shapes like
cars is further improved.

Table 2 : Yaw Angle Prediction of 6 Classes.

‘ Score of Angle Accuracy

Input Map | Car | Van | Truck | Person | Cyclist | Tram
RGB 10.18 7.49 5.78 2.22 4.44 3.24
Normal 8.76 5.37 5.35 1.69 3.10 3.28
Normal+RG 9.27 6.43 10.09 2.14 3.34 3.55
Normal+RGB | 10.34 | 6.57 8.89 2.06 3.86 5.25

4.3 Evaluation by Distance

Since the density of the point clouds changes depend-
ing on the distance, we evaluate the detection accuracy
by distance. Figure 4 shows average precision over dis-
tance. From Figure 4, the detection accuracy of the
group with added Normal-map does not decrease up to
30m, and the decrease is smaller than no-normal group
even at 40m or more.

100 100

90

A= L
90 / - T \\ 80 "—"/7/{/’777‘:::1;\;\;&\' <
% 85 N S 70 \

80 RGB-map 60 \
~— Normal-map Normal-map \
754 —— Normal-map + RG-map 501 —— Normal-map + RG-map

—»— Normal-map + RGB-map —+— Normal-map + RGB-map

AP(%)

RGB-map

70 40
[0-10]  [10-20]  [20-30]  [30-40]  [40+] [0-10]  [10-20]  [20-30]  [30-40]  [40+]
Range(m) Range(m)

mean AP Person AP
Figure 4 : Average Precision over distance.

4.4 Visualization Results

As shown in Figure 5, due to traffic lights, and traffic
signs are cylindrical and have a height similar to a hu-
man, the no-normal group could easily make false pos-
itive prediction. In contrast, proposed method reduce
the number of such mistakes with the addition of nor-
mal information. This indicates that the Normal-map is
useful in avoiding the false detection of objects similar
to human features.

5.Conclusion

We proposed a novel 3D object detection method with
Normal-map on point clouds. We have confirmed that
the accuracy of BEV map-based object detection is fur-
ther improved when we introduced normal information
to the BEV map. Since the Normal-map can keep high
detection accuracy without intensity information, it is
possible to use synthesized datasets by simulator with
the virtual environment. In the future, to improve the
accuracy of the method, we would like to explore deep
learning methods for object normal estimation.
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— g._’M

or
RelU

Feature extractor

1: Mask A3C D%y N7 —V1EE

BEHE  ILTRE

HiAAJE & Sigmoid B ZEHT 5 Z L TERT 5.

3.2 Attention &

Mask A3C Tl%, Policy branch & Value branch (2
Attention BHEZE AT S, Tz kY, #EL 7~ Mask-
attention M; BB L, FHRKOREIEEET 5. At-
tention ##EIX, 77 v F i MIZB T2 HEORE~ Yy 7
F; 123t U, Mask-attention M; % F\T~ A 27 ILHL % 47
5. W~ v 71269 % Mask-attention % /2 < 2 27 4L
AR (1) IWRT. TIT, st EFANTHBINRE, Fi(se)
77V F i NICBI 2HEREOR~ Y 7, Mi(s:) &7
7 v F i IZHB1F 5 Mask-attention, Fj(s¢) (&< A7 U
BOFEH~y TTH .

Fi/(st) = Fi(s¢) * Mi(s¢) (1)

4. FHflZEER
Mask A3C OH WM %R T 5728, OpenAl Gym [3]
DT =L RAZ % HWTIMBERZ1T 5.

4.1 RREE

#3577 — A%, Breakout ¥ Ms.Pac-Man, Space
Invaders @ 3FEFHTH 5. LIKTFIEIL, A3C & Mask A3C,
BT T FDORIK LT Attention HfE % E A L 72 Mask
A3C (Policy Mask A3C, Value Mask A3C) DEf 4 DT
HbD. AT —LEEOZ LV —A 7 — Ve L, B
THATHIET — LB 28EL TS, ZEEMIR
worker #(% 35, FEHFEHE 0.0001, H5[R% 0.99 & F
%, HEERT &M% global step A% 1.0 x 108 (ZF[FEL 7=
LT 5. /2, TV —RNORTERBEFET—L128
751 7LA#8T, RO step BAY 1.0 x 104 IZBEL 235
GrT5.

4.2 27 &K

BT =L RAZIZET 5100 TV — ROk /SEEA
A7 %2FK1LIZRT. 155, Breakout IZHBIF AR
TIFEFHEIIB VT84 THD. ZDOAATIE, Breakout
THERTELmEAIATTHD. 72, Breakout 125115
SEYHA a7 1E, Mask A3C A3 A3C & HE U IFIFR%E TH
%. Ms.Pac-Man Tl&, &K/ FHA T 7 HIZ Mask A3C
DB EWAIT TH5. Space Invaders Tl, KA T
7 1% Policy Mask A3C, A 371k Mask A3C i H
EBWA37TH5D. Breakout (F/S KNV THR—=IVZFHIKT
DATHY, NNERDIR MR XA THDB. ZDT-
&, A3C & Mask A3C BAIFDRAAT THo72LEZH
Nn3. —7%, Ms.Pac-Man & Space Invaders &, @7 &
ONEX % Z B L TR 2 B8NS 2 B EDH 5. Policy
branch IZ Attention K% & A L 7z Policy Mask A3C &
Mask A3C TlE, 7 v F =4 U R=K=7¥, FHRIZH
L - AT 5. FDd, A3C HEEL AT TR
mELZEEZLNS.

4.3 Mask-attention % A\ =R E /IR EH

&7 — L2815 Mask-attention @ A fb4] % X 2 12
~Y. X 2(a) D Policy 2*5, Frame 1 TR — )L DEST
FiEZEEHRLUTWS. Frame 2 TS RILEEDZR—)L
A ZEGRL, "=V 5K LB TH S Frame 3 Tl
ERL TWBHEEA 2N, 2205, Breakout TlEAR—
NEIBRTERIZEWT, R—ILOET A% FHIL
NEVERIBLTWE EEZS5NS. B 2(b) D Policy
5, Frame 1 T3Sy 7 < VEEZFHL TW5. Frame
2 CTIHEENIZFEET S Yy F—%21EHL, Frame 3 T
1% Frame 2 (281} 21EBMEBIZ Sy 72 VBB LT
5. ZIZh5, Ms.Pac-Man T3/ 3w 7 < > O %2 Z5%;
Uis, 7y F—~[mh1d L5ZHEL VW EEZS
Nna. 2(c) @ Policy #*5, Frame 1 TA Y R—&—
EEMRL, TEIIRELZFERLTWS. £ LT, Frame 3
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(a) Breakout: HKFIZR—IVOETHMEZRT.

Point 1

Frame 2 Frame 3

Policy

Frame 1
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(b) Ms.Pac-Man: HEIZNNy 73 v DTS %R,

Point 1

Frame 1 Frame 2 Frame 3

Policy

State value

[ [ ]
Wy

250 500 750 1000 1250 1500 1750
Frame

Point 2 Point 3

State value graph

(c) Space Invaders: FIRHIIY — LA DHEITHAI%ZRT.
2: Mask-attention O A R{LH: Policy 2812 RO I > b —J1, BHI7 LV —LTETIADHRLZITEITH 5.

R 1: 85 —L817% 100 TV — REOKRK/THRIT:
BEFETHRTTOFEL, FHRATHRRBEVET
IVDAAT %7F. max/mean |EHA/FHAIT TH

% 2: Mask-attention DRERIC & % R A7 HE tnor-
mal ¥ Mask-attention % X# L 72 \Wi54&, in-
verse 13 HE U 72554, random &7 ¥ & LIZ4T

5. FERL-GETH 5.
Att. mechanism Breakout Ms.Pac-Man Space Invaders Att. mechanism Breakout Ms.Pac-Man | Space Invaders
Policy Value | max mean | max mean | max mean Policy  Value max mean | max mean | max  mean
A3C 364 662.0 | 5380 45733 | 19505 185318 , normal || 864 595.8 | 6630 48338 | 19860 191028
v 864 5958 | 6330 4833.8 | 19860 19102.8 fnverse | 4 22 | 290 2689 | 805 3069
; : . . al || 864 640.0 | 6610 5314.1 | 19810 192125
BERT® v 861 606.9 | 4830 40445 | 19675  18537.8 v ool § 86 "]080 (’4"]; “]“94 - 2?50 220 =
mverse 9 . 4 4.4 3
v v 864 640.0 | 6610 5314.1 | 19810 19212.5 random 5 2 1080 9478 160 91

IZHWT Frame 1 TIHEMUZA U R—=Z =28 L TW
5. ZZ75, Space Invaders TIXEHT 51 v R—KX—
ZFML, Yz r bzl TR EERZLoNDS. F
7z, 2(a)(b)(c) ® State value #*5, Breakout T~
v v 2, Ms.Pac-Man Tl&Z v ¥—, Space Invaders Tl
A UR=FZ—=ZEHLTWVWS. TLT, EHRLZWEROR
DZEDOEFEREIR L HENIL T WS, NS DFER»MS,
Policy @ Mask-attention (ZFLUIREEIZ LITENICERET S
Yk, State value ® Mask-attention (ZA 3 72559 5
MikzRLTWBLEEZOND.

4.4 Mask-attention DBEIE

Mask A3C IZ X 2TEIOMBENFEHEEZIT S I2HTD,
Mask-attention A ETFIDHITH 2 HHEIIKF U THELE
HEE A R LU TWADMRGET 5. MGE A7k e LT, Mask
A3C IZ 51} 5 Policy branch ® Mask-attention % iz U
72w TEERL, DY 7% Attention BEREIZ W7
BEDAaT 2HHT 5. Mask-attention % K53 2354
BRI WNGEEIZBIT B AT & HIKT 5 Z & T, Mask-
attention MTEIOGRMHIZER TH S Z & 2 MRS
%. 3212, Mask-attention D KIRIZ & 5 A 2 7 Hik &R
9. K295, BT —LIZBWT inverse ¥ normal & HE
LTELLATIT7HETFL, random & [AEDAITTH
%. L7255 7T, Policy branch (281} % Mask-attention

X, BAAT 2ERT HTENICN LTRSS EER L
EEZ5.
5. 80 YIC

AWZE T, EERLFEOREFNLRFIETH S A3C I
Attention % B A U 7z Mask A3C 28X L 7z. Mask
A3C T, HmRFIZ Mask-attention % AIfifk 35 Z & T,
T—Yx v b OFEEFUTN S 2 MR IO G S %
FH U7z, S8, aRy MR EOEICEERR 2D
ANOEH EAGULIZIN O O FETH 5.
SE Xk
[1] V. Minh, et al., “Asynchronous Methods for Deep Rein-

forcement Learning”, ICML, 2016.

[2] X. Shi, et al., “Convolutional LSTM Network: A Ma-
chine Learning Approach for Precipitation Nowcasting”,
NeurIPS, 2015.

[3] G. Brockman, et al., “OpenAl Gym”, arXiv preprint
arXiv:1606.01540, 2016.
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(1] #radtis %, “A3C 12515 Attention Bl Z W72 BIHIK

AT N THIGE R 2E KL, 2020, (FHEEMEZE)
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1.1 LC®IC

AR, B AN I N — Y — VT
PO -2 ARETH B, CNN 2 Vv
AT [1)[2] 1, AE T PEEA I EEETH B
728, < 7O EHBEH R LR FHFHE A QR A X
nTwa, LHRFHAFAECGHT %4, 24U ZHE%0
Bz TR, BEMOHEMR SEE L BED Lo EME
WP BETH D, Ty, BALEGFRONRZ R
BT EeNTES.

Z AR TIX, B ATV o T A%
BRCHEE U, ZbsEisic Lo @iiE®z A 545 Z 2 A8
TELBLEMEEERIRET 5. BETHEE, vV T 1y
IR TAVTF—=varveBbEREE 1 DODRY FT—2
TEHRTZ. $/2, ¥/ AVvF—vavEFILIOHEL
TR~y T, BALEREETLVOALE LTHHET S
ZET, MARAZDREENLEEMDS.

2. b R DRERE

CNN %R\ 2 b AiE g, RHEER -2 e EEHR—
2D 2DODT T —FIIHETE 3.
BHEAR—ADEbSRHE : CNN L D HiH U 7= 2 ks
W~y TOHEE R S B LS R T T 5. TDD, &
{LEBREDZODFEET—Xy bEBEL L., B
AN ZDREMRFETH S CNNF-F[1] 1, ImageNet
TEFE L7 VGG19 2 H\WT, BT 1SR~ Y
THIH U LA MR T B, REIziZa—2 ) v FEE#E
EMAL, Z2LEBERET 2 -OCBIELEEET. &
(LA D A E R T B2 FETH 270, ZLfERIC BT
595 ENTEAR.
HBER—-2DOEbAREE A bRt o-dDTF -2ty
b % AW CHEGRM O GEEMN) 2789 5720, i
BD7 T80 —F & AR THEED T IR AT RET
H5. FYRX—ZADRKXMNZ2FETH 5 FC-EF-Res[2] 13,
BALEBHE A A7 b2y Tav I T AV TF—Va vk
AT FTNTNHL2DEy VT =T T L, ZOREZE
MET2TFHETHS. 220%v b7 —21% U-Net[3] %
R—2ZHEREIN, BETay 72EALTWS, €7 A
VIF—=Yaviy M=o 5B U Y 0%
Z, BEMRE Y N =22 AFy THRETBRZET
HHRE ORI R IR 27 W RN 5% T 5. L, X
AT Uz ry b= 2 WS-, FEGIC
R AV CHEBREMERMHATZZ N TE RN WS [HE
Nh5.

3. IREFZE

KIS TR, ZLfEEE A TV 2 b2 5 A E BN H#HE
ET DI ENTELEMNMEMHEZIRET 5. REFHEO
2w N —7fEZK 1IRT. *Y b7 —21%, Encoder-
Decoder #i&EZ D22 DDETF AL SHEKINTE Y, &
[bERHEET VIR I A YT —Y a VETILOTKRE D,
St UK~y 72 AT 5.

3.1 B A VYF—=vaVvETI

Y ITAVT—YavETIIE, U-Net ZBR—AEL T 55y
N7 —JETHD. WEBERTOETNETNEMEINIF Y b
J—I~NANT B, e, Xy M —7D&EAIEFL
TWa. ¥ AVvF—a vETFIILOEELERIL, ko
U-Net Ak, 7uxzy hot—iE%kr2{dHET 3.

3.2 BlERBREETIV

ZALEMHEE T VI, 220 Encoder & 1 2 Decoder
THRLUZ2Y N7 =R oTHD, TNEN3E
DBEHAHEZFFD. 2 DD Encoder (2 & b, MG TR
HRHHEERT AN HEETH B, £72, % Encoder
e AvF—yvaveETLVEDBON KRB~y 7%
FTNEFNASL, Decoder (2134 Encoder & W &5 7=
K~y 7% F v V2OV HANISHERE U AT 5.

BEHE  ILTRE

egmentation (past)

Change detection

Segmentation model §5¢9

B 1 Bty b7 —2 OME

3.3 BB aEE L BREHK

REFEIL, AV TF—Ya vETF IV ELLAREE
T L Ok , BBSIN A %2175,
Stepl: £3, R—ALRZLTAVTF—YavyETIL O
AEETL. EOvVEEE N, 75 2A8% S, EfT R
NEt, VI Ty I ZABBOHhE y2T5E, vV
FAVITRTAYTF = a v RAY OEEBB Lse, 3R
(1) TR ZeMTES.

N S
1
Lseg = _N Zzwcti,c log yi,c (1)
i c

ZZT, we IBRZRAIDEATHS. HEHESL EDHSE
fRGE R TR S NE T —& &y b2FHT 554, 7
FAREENEL D, IRUVBPAREEOFFFE T L,
HBMEROE WS 7 226 U TRINZIGRLTL EW», H
HHERDEN T T ADRIFEL A LRI N2 WRELH 5.
DR, R (2) CRT LI, HBERER p. OFHUK
BEEALTS. .

We logpC (2)
&y, BBEBEROEWT TR —=N=T 1y T4
VT B EEBEL.
Step2: KIZ, ¥ T A VF—a vETIL A% DEM% [EH
EL, BAEAMEET V0 228 T 5. KX (2) TEHL
7-EAZMHL, 77 A8%E D T5E, B bkt X
A DERBEE Lpigr 13X (3) TRTZLWTES.

N D
1
Lpisr =~ > D weticlogyie 3)
i c

Step3: F LT, 2 2DETFIVOMHEMBGREHEDD, 699
L0 ZERHZEET 5. HEBGREZED 7O DEELBK
Larur 230 (4) 1239, Step2 & HEFK, Larue OEHITIE
0°t X HIH UK~y TR BT 5.

N D
1
Lyur = N Z Z ti,clog yi,c (4)
7 c

Step4 : % iteration T Stepl #* 5 Step3 %#%E DK .
MLEICR TN R LD, X AJBTHEREHEE
FHU, Wx 227 OREER EPHMETE 5.

3.4 2B —YDANAE

RZEFHEIZ, 10,000 10,000 ¥ 27 2L 08 e i i
ERgE U, FEEISI2x512 ¥ 22Ty XAz y
TI5H. UL, 7T7AREEREL 256, TV XL
Oy FTIRHREROE N 5 ANRRI AT, FEHIR
ZELD. I T, HBHERDENT T A% L ELRY
FHE{GEHTHEL, @EONy FEHEL & HIZFEH 21T
S, THZED, IITAREMNZ X BHEEMZ L &0
TE510, FHOREWIZORNS.
4. FTfsEER

BEFEOEM 2R TOIC, Bk RTE< Y
Fav IR I RAVTF =2 a VOIFMEEREITS.



F2: BIERIBE <YV T 4y 22T A VT = a v OHEBHRER

Semantic segmentation Change detection
Global Accuracy Class Accuracy mean IoU Kappa | Global Accuracy mean IoU Kappa
U-Net Seg 90.96 62.78 45.83 78.56 92.36 48.28 6.86
Diff - - - - 99.25 54.56 17.72
CNNF-F - - - 88.66 - 3.28
FC-EF-Res 89.01 - 71.92 98.30 - 25.49
Proposed 91.46 63.21 53.48 79.24 99.17 59.32 32.20

Proposed

2 REFHRIC & BB AR

4.1 7%ty b

REFRTIE, B2 D HEIRY S W EER R T TH
K& N5 HRSCD F— X+t v b [2] 23 5. HRSCD
TRy M, KB E SRR O Z b T —
2y FTHS. RGBEHGERT &, EE 7L TOLEL
T2 E U2 bl 5 ~L (B bR U, 2R
HY), HHFAEEREMNSE LAV F—vary IR
(WL, ATH), B, Hek, B, i) 28 %
N5, TRREIE 582 MH b, FEIT 292 F (146 A
DT, FMiFHIZ 290 $ (145 MO EIGR R T) % FH
T5. £1ICHRSCD =&ty hDE T T AIZEIT S
HBEEREEAZRT. K1 LD, HEHERINMIWVIZLE,
I GABANKREL LB DN 5.

F£1: K875 ABITLHEMRLEEA

Semantic Segmentation Change Detection

L | ANTY) | R | Ak | N | ki | &b L | Zkd D
B (%) 17.70 11.51 61.84 8.36 | 0.02 | 0.58 99.23 0.77
27 AHEA 0.0 2.16 0.48 2.48 | 8.54 | 5.15 0.01 4.87

4.2 EBRBE

HRSCD ¥—X v M, ¥FI Y TABDRniD,
A, A X% D Data Augmentation % 47\,
NYIT—YavEENT 5. Gk, HEeEfg gz
512x512 ¥ 7 2 VO e LT RAIVIKIZE D U TAN
35, EENFHMAEZEE LT, ZsldE, vtxrTay
7¥ AT —3 a T Global Accuracy, mean IoU,
Kappa @z HW5. v vTav ok AVyTF—vay
TlE, ¥ 512 Class Accuracy W 5. £7z, REFIED
PERELLER & LT, U-Net 8 & F CNNF-F, FC-EF-Res %
i35, U-Net &, E—Dxv b7 —27 2 L TELAKR
HiZ 22 U-Net (Diff) L2 YT 49 22T AV F— 3
V& A2 U-Net (Seg) TNENDFEEEIT.
4.3 BEYRVITH T ZFHERER

BEFEEMFHLUZRO, ZlamtiecrTov ok
TAYT = a3 v OERNRZ % 212, EVERREIGZ X
2 B LUK 312”7, U-Net (Seg) Tl, &MFIZxIT 2
Y ITA VT =V a VEEREMAL 2 RIE 21T TH
D, WEETY T AR B EEEZLERE T 5.
ZibmtR R 2 L 0, REFEIREEFEL L, mean
ToU & Kappa REICEWVWTERBETH D Z L BERTE
%. —H, U-Net (Seg) TlEE T AV F— a VHEEILE
WHEDOD, MHBEEIMET L2, Zhld, ¥ Ay F—va
URERIZBWT Y T ABROBEGRNNL L H B2, 21k
g OmMmEEBWZEEZONS. £, K2 L 0iRE
FEILER 2R OIS OMINTTEETH 5 Z L DR T

Ground Truth U-Net (Seg)

M 3: &FHEORITAVF—v a3 Ul

Proposed

5.
EYUTav I TAVTF—vay K2 kY, BEFE
R TOFMMIEE TR ERBETHD Z L HHRTE 5.
FZ U-Net (Seg) &, IREFHEOLITAVYT—VavET
NEF—D3y b7 —2HETH BN, FIKEEIPRKH
0.7 KAV rAIELZ. Zhid, ZAZBTHEREZHEELR
AllroThdrrEZOND. £z, 3 ko R
2 EDEBDIENY T AL, MDA 7 &R AN
WO I AZBVWTEERERE A VT —2aryBNTET
W ZENNIND.
4.4 77 AR HEICIT T 2EMMEOREE

ANTHZ A%y FHEGZEBNT 2 Z LT L 5K
B AT S, £ 312, BIET BB ZNENOERN
iz R Y. HEEROMEWNY 522 &8y FHE# & B
e 52 e TEEPLEL, EELTDOI I ATHERL
ERER Uz, F7z, HBIEROE W R IR O 3G 3
DUTZ T, BT S5 ZADFMAKEELI 35.7 B1 > b
A E U7,

£ 3 AJIHIREHEIC X B ikt
Semantic Segmentation Change Detection
AW | REEME | Ak | WM | K | Bk U | ZkHY
BN | 67.51 85.27 37.81 | 0.0 | 31.56 | 99.20 17.74
JEft% | 68.97 | 89.88 | 73.55 | 0.0 | 35.01 | 99.17 19.47

5. 8b VI

AR TIE, ZEROA TV 22 NS ARHET S
Z2DTELEALFMHEERRBE L. 2 D00FET &M
fAT5ZeT, BRERE/IEBEOMEEZERL, B—0
U-Net @D TR v F—Y a VEERER L. 51813,
HIRMERDOEN Y 5 ADFE RS EE W L2RETT 5.
SE HER

[1] E. Amin, et al., “Convolutional neural network features
based change detection in satellite images”, First Inter-
national Workshop on Pattern Recognition, 2016.

[2] R. C. Daudt, et al., “Multitask Learning for Large-scale
Semantic Change Detection”, CVIU, 2019.

[3] O. Ronneberger, et al., “U-Net: Convolutional Networks
for Biomedical Image Segmentation”, MICCAI, 2015.

DETES
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v ay 7, 2021.
(Mt 1 1F)



BER2BEEBROEAMEER LZBEZEMHFTRAETIVICET 2R

TP19010 HEERE

1.1 LC®IC
FEMEFANL, ADSR - B2 RFD &5 X 5N B
Ee—bvwy Itk O ERHET S, EHENETYHOT o —F
LT, A IZEZREEYT Yy VR ML L CiEE
S EHETLFELDHS. £7-, Convolutional Neural
Network (CNN) OFREIZ & D, AOFME»SME 5 N7-8H
FMe~y TEREE - HEERICH WS BRI s BT TR
bIEEINTWS., —h5T, EEMETROIGHEE LTH
BEIRY AT LEBET S L, THHKEZITTIERLAE
DM E BRI RIS O EMEAREE D, £ 2T, A%
TRAERYHERZRLL ZHEZEEFHE TV E2IRET
5. X5, NIA=RDDBRVET N CTEBEICHET
5717, BHEEEOIEEO—BENEZE L %Y
FELRET 5.
2. B8R

BAEVEFRORKXN R FEE UT, RARE2012 [1] A%
FH5 3. RARE2012 T, EEOOWIZE DT —F %
VAINVEIZAMEETS. TD®%, BoNZEBRIIR LT
TIVFAT—IVDHR—IT 4 VR CHEEEHET 5.
BRI, FONRBEORREEZFHEL, HAlHRE
IZEREDWTHHEME P Z1T 5. 7277, RARE2012 Tl3fg
MRFER 8 NOFERTHERIZE & O BEEMDE W EZET
ERVWEWSELNH D, -, NOHBESRZFMAL =
CNN IZ & 2 BifSE B M E ik D 5. SalNet [2] T
%, BAAME 3 E, EEE 2 @roBINns 2y b
J—2HAWTHEHEEY Yy TR OTE. 2y T—20D
FEIZRAOHMT — 2 2B Iz U~y TRHEIE LT
HAw3, £72, EML-Net [3] Tl, #&5F—&Z&y bT
HWEEH U ER Ay N -2 OBERMERE T &
TEkERZRYHDAEETH S, L L, EML-Net i, K
iz ry b — 2 2 MAEL THEME 2T 720, T
NDINT A—=REWIERE 72D, FHEKHR 25 REN
H5.
3.IREFE

AW TIE, A€V HEE L OFHHERHE O REHE L Tl
Eom L2 2HEEEFRNFEE2RETS. £7, A
TV HER L FEFEOEH D12, MobileNetV2 &
Mixed Depthwise Convolution ZF[HLTxy h T —72
ERETSE. 2L, RIA-REEYIHTES. IX
12, PHNEE 2R EXE57010, AOHBEMRMEIZED
WP RARE ORISR SR L < EE T BN E
RET 5.
3.1 Xy b7 —UHEiE
BEFETHWS XY b7 =22 112587, XU
®HIZ, MobileNetV?2 % Rt Hds & U THi» & R % 15
5. ZDOHF, MobileNetV2 1% IRL, Batch Normalization
(BN), ReLU6 Z#lAEb¥7-5 7TEOMKRTH Y, B
D3BLBLDABIOSRHEES.

MixConv

High feature

- =
Feature Extractor Refinement layer Decode |
(MobileNetv2) y ecode layer

B 1: BEFEORY b7 — 2K
P ORI, BWErSFOoNLFEDRETH S A

BEHE  ILTRE

PR & X7 2 BIEHRPHNIC A AR T Y Ul & OBl
HERE b, 72, BPLEOREIE, BOE»r /SN DR
B ORET b ke E OKRIB G IEBRE 05, R,
195 N 72K % Refinement layer (Z AJ19 5. Refinement
layer X135 N7 R HIBL S A€V a— L2 > TED,
A DFRRIE % 2555 L 72\ Encoder-Decoder #i& 5 5
I TWnwa., X512, Refinement layer (Z13bk~ 725
B E 1 EOBIAABIZERN %17 5 72 Mixed-depthwise
Convolution (MixConv) ZH\W5 Z & T, HEEZIIX
DOHENA MO 2175, mf&IZ, Refinement
layer 7* 5185172 2 DDREIZ KA L, Deconvolution J&
ERAWCHEHEM,E Y Y TOHmEITD.

3.2 BREH

BGRRAR R L BEE M~y TORBMRMEIZ DWT, ADBIR
ZPE LB L TENH S 4. Zhickd e, g%
32001 FTY YA AU EBROFEEN: < v TIE T OMRER
EDWEEN < v 7T IRFICHBELRE W Z LRI T
L. ZOMRZEEDIL, TOMMRED S FHlX N5 BEEN
<y TEARIRGIEAL U iR S FHIX N B EEE < Y 7
OEEMEEBELLLTKRD S, ZhzEfMbTs e (1)
DEOTEHRTES.

N
Lyes = BOE(SST,8™) + > BCE(S™,5%) (1)

i=1

H—IHIE, N FV BRI MO —%HWEEMEE
TCDRREP S FHIS W BHEEN~ Y TOEATH S, H
TIHIE, JTTOERENS PRI NDEEN Y v T L RS
AL L 2B S FHIT N BBEENE Y v TH 5 DIEETH
3. ZZT, BCE@R3NAF)r7uzxzy hpt—, §67
WREEEME <y TOEAE, ST Xt OMRED S FRIET N
SEEME <y 7, ST I3REEZ 20 HD 112 LzHoHHR
WE, NEEo o3y IV snichds. M2ILR8T &
517, ARG DEGIZ T OMEEDOEG % 2° 5D 112
BTN T, N TN & 0 O fRGRE
ANT YT TY T LR L, ETVIZATS.

High resolution
i oy IyLy
112 [

l NA)=T
w#H

Low resolution B

BCE(SPer ,SPv)

B 2 ARGEROBAM2ZZE L 2 —BMHEE

4. FT =R
BEFEOEYMEZRTOIT, #IEEIZHIT 2 A0
MT— 2P oFoN-HEEEEZNELEZT -2y b2 M
W, FHMHisRERETT .
4.1 EBRBE

FHM T — & 121, SALICON KU CAT2000 % H\5
SALICON %, B4 7% EHAEGD SRS E 5 MS-COCO
T—XEv b5 20,000 BEHRKEL, #60 % OHERE D
SHFEMEEZHEELTCNELEEDTHS. £7-, CAT2000
It 120 L OBERE & Mgz, BE, T— N ATV
b, (EREREmE, BN, B, 7UX LR, SRmE
Wo B 24 TOY ==L, 20 DT TV
MOBEINTWS., HED ATV X% 640 x 480 T



# 1: SALICON, KO CAT2000 F— &+t v NI & % &2 MR

SALICON CAT2000
Params | SIM T | CCT [AUC T [ NSS T [ KL | | Params [ SIM T [ CC T [AUC T | NSS T [ KL |
EML-Net[1] 47.08M 0.765 0.878 0.864 1.987 0.520 47.08M 0.782 0.885 0.866 2.060 0.298
Vanilla 4.72M 0.686 0.779 0.844 1.577 0.393 4.72M 0.740 0.833 0.858 1.731 0.321
Vanilla+R 5.75M | 0.714 | 0.811 | 0.850 1.673 | 0.338 || 5.756M | 0.757 | 0.842 | 0.860 1.799 | 0.311
Vanilla+R+Lyes 5.75M 0.742 0.847 0.861 1.762 0.282 5.75M 0.776 0.851 0.866 1.875 0.299
High
Low
GT Vanilla REFX : Vanilla+R RBEFE : Vanilla+R+L, EML-Net
3 BFRIRICLDHEM~ v TOHeEEH]
&»%. SAICON IFFE I 10,000 &, FHHIZ 5,000 ] [
%, CAT2000 (&%E Iz 1,600 #, i 400 H % M 0s0] T e
Wb, F£7z, FHEFNVOPAMREOE I SHTMIE E U T .
TANMESE [0,1] ~NEBML, ROEARKED T — 2 ik >
7> TWa. FHliCFIHT 2R FELETFTLVEUTOD 071 %
o \

EOIEHETD.

EML — Net : EML-Net &, #8OHFFEFAET IV
EWAUZEEEITS 28T, HEfCTy a— FInzil
BN B RS RH R E SRIIZ RIS 2 FRTH 5.

Vanilla : MobileNetV2 ® 5 32— R &55E&E 2 5 De-
convoliution % 3 JEIZEHE T 5 Z & T, BHEMTHIMIZ
Iy NI =D EEHLUEZETVTHS.

Vanilla + R(Ours) : Refinement layer %0 MixConv %
TEA U TS L 7R & #i4 U T Deconvolution JE~N AN
TEIETILTHS.

Vanilla + R + Lyes(Ours) : Vanilla+R ®E T ILIZH L
T, BBEOBENEEZE L B Les ZEAL
7~ETNTHD.

4.2 R—T4 v EDEEN - EMMLRILE

BB PRI B 1 2 EENEHfERE & LT, SIM(Simila-
rity), CC(Correlation coefficient), AUC(Area Under
Curve), NSS(Normalized Scanpath Saliency), KL(KL
divergence) Bd 5. 15 OFHbifEEE AW T, SALI-
CON F—2Z+tw b & CAT2000 T—&Xtvy MZBIF 5%
FEEDHEBFERE N A =2 2L 1ITRT. BEFE,
LM Z DB Lres £ Refinement layer 12 &0,
TR L B L TRIEASO/ETH D Z L ibnrd.
%7z, IRL & MixConv 2RI 5 &Ii2kD, NI A—
2E STINHIETE T WD Z L DR TES.

Wz, B3 IZEFIEIC K BBHENE Y v TOHEH %2R
B3 &b, Vanilla TIEPAMTRENMFRETY
VEORENEET HMAE IS THEEFHN TV S,
—F, $FEFIEL Refinement layer & Ly.s DEAIZLD
O DODIBRVEHEET Y T o TV,

4.3 BEBBOEMEOHE

B 412, Rz EEROERE AT L Lz ED CC
IZEBHEEE M ERT. b, TOMBEEZHHO 1 &L,
HABBIZONTHRBEN 2D 1 TOEFLTWS. X
495, —EMELE AW TWARY Vanilla+R (Without
Lyes) £, Vanilla+R+Lyes (With Lyes) TIRAERMRES
ETEHEIMENLUAVWHEIHRATES. AMOBIETH,
32450 1 £FTOMBETHNIE-EDOHTEM < v THE
5NBTens, KGEROESEEZERL -—HME

| =- Without Les
—o— With Lpes

1 12 1/4 8 1/16 1/32 1/64
Resolution

4« EEIRBIE TN 2 IRETFIRDRE

KEMMTZZ LT, NHITEWERENREEZFETET
WBHEWRD.

5. 80V IC

ARFGETIE, BEEM: THNIZ BT MobileNet V2 % Mix-
Conv ZH[HU7=% Y P T =T DFEEHI L DINT A —=XE
R8T T%HIB U 7=, 7z, RIRGEROEEENE DA
TR DL Lyes DIREIZE Y, Lyes ZHAH LR
HLHRBEN EL, RERFELERTRT A —2E%
I L 7225 b 53, IFIFRASEOHE L5 I L 2R
U7z, 513, BRsBEmL2ZES> bz 37
EFNR AutoML IZ & 5%y b7 — G0 sE /L E 1T
SFRETH 5.
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1.1IECIC

HEnEERHIEIE, FROBRBE O, B, =kl
ZIERATS 7 7a—FRHEVSN5. —JF, Convolutional
Neural Network (CNN) OFERIZ XD, Hr7z 7 BBz
WE LT, HEAH A SEGH S B2 EEtE T 2 —&
ZEUR—ZQFEIMEREINTWS [1]. ATFEIEZ, AM
PIEBIZ R U B O A2 BT — % & U TR %
75, AMZEEIZEHEDHW SN, EHIZIFERRED
EELHIEC MR R EE L EEND 2 DB, ZD
B, CNN 2N o6 DAEREZERT S L, ELWH
HEZHEETCERVWIEREZONS. ABMOHEE Y AT
LiF, HEBEIZ L > THEEL L EREESL T, HE
MIZERRZT S 2o TWwWb., I TARIIE T,
RGBT TR L 2 —EBEH I L 28T
HiE KT 5.
2. —EEBAR— A0 ENEERHITH

REFW 2 —HFEEHR— 2D HE#EETFIE L U T, Bojarski
SOBE (1) B 5. ZOWZETIE, 5BOBRIANE L 48
DEKEEED CNN ICHEGEE AL, ATT Y v IEE#EE
9 %. 7z, Conditional Imitation Learning RS (CILRS)
2] 1%, ResNet ZFHEHiitHERIZEAL, Y VFRZZEL
THmHREHRTEZEMT B iz kb, MR 2L
TW3. CILRS Ti&, &8 TR L 72 )18 % B
XPEERE WAy ROBETHELTWS., av Yy
RIZJEUCTHIHEYI 0 BEZ 52T, —EFEEN—2D
EEREIEIC B WTHEETH 572, R4 TOERE R
EEHLTWS., ULHL, Skl BEGae W E 3
LRfEEMH TS Z 2T, HlEEOEL W ERT 5
WS HENEZSND.
3.IREFE

AWML TIE, AOESMERZMMAT 5 Z 2T, HEiKIZ®n

BRI R BT E A HIRHIEE T VA RET 5. BET
LBETNDRY T =2 %K 1IZRT.
3.1 HIRHEET IV
HERERERIZ, AMPEHRT A EZEICFHHT 201 A
ANDEHERNKEN., FZT, NOFEHEEERT LR~ Y
TEWETAGHHEEE TNV EER L, HE L -SRES
ZEMEHIE FIOVCRAT S, 22k b, ANORFRKRIER
EHWSZ &L, HIEHHEE TV OZEEE L OFHEA
BEE D, HlEHEETLDOXY N =213y a—&E
FOFa—-XTHERTS. T03—-X1E VGG-16 DEHEA
AAEE, TaA—XX 4 ED deconvolution % H\\ 5.
RERDGMETIE, #EITHAICEL > TERT 2K E
KERB., 20728, HEERTHLIT Y Rex2ry b
U —2Z8NT 5 Z 2T, HEERRICA O RS 2
FETL, av VR, Tya—RhoEEINREES Y
FTEEY A RIZVY AL AL, Fy RV ARICESELTE
s 5. SEEEE TV O¥EIZE, X (1) 12”7 Binary
Cross Entropy (BCE) Loss Z HH\%. ZZT, G, G lx
FTNENERE~ Y TOEME THIETH 5.

W H
1 N .
Lo =g Z Z —GijlogGij—(1-Gi ;) log(1-Gi 5)
i g

(1)
3.2 EEHIEETIL
FEEEHIE 7 VI2id CILRS 2 RX—ZIZHWS. (R
WEEET D720, FHHEEEKT % Res. Block
ORI~y 7 Fi(x) KB~y 7 G, 2EFRFICEFET 5.
Gi X G % i ZHOD Res. Block IZ 81} 38~ v TOfE
BEIZXD YT T U DTHSL. FLT, M
FEI A DRFSEE AL T E D& <72, R (2) ITRT
EOICRERI OB~y TEINET 5.

Fl(z) = Fi(z) ® Gi + Fi(x) (2)
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XM 1:RBREFEOXY NT—iEE
B, Bty Dk O3 EE
LU, BAiET& O RRKZZEMRMSE ST 5. KTET
1, TR AEX DRRD A FHITENT 5. Zhick
D, AT —)IVORRLIFHT LIZEERFIRERHATE 5.

FBlEHEE T LVOREIZ I Yy R ICHET . O
XY R TG U R A EIN L T, filEEE H T 5.
L, BT T L OKH T LT L1 Loss %
BRIV, 22T, EiEHEE T Vo L, il
WELXZT7 VYT, 2Aav b, TV—FDEETH 5.
4. FT s R

BREFHEOAEZFET 5720, FHEEROAHEIZ X
5 IEIEAEE D IR 21T .

4.1 57549ty k

AREBRTIX, ABEREY I 21 —X ThD CARLA[3)
IZ TR E vz CARLAL00 ¥ — & & v b Z2Eighfe 7
VDEEIZHWS. CARLAL00 F—& v M, HigD
AER(ESHEDIRIEZ: ¥ OREERY S BEEIEZ21T5 T
FANRN—PZ—=VzV MEHWVT, 100 FFEIZE & 35ETE
T—REVIal—X ECTHBMINELZT—XEY b
Thsb.

TR EE TV OEEITIE, CARLAIOO T—& 05 5
VALTERUZ 2,000 KD TF— 212/ LT, iRz
NEULET—2%y h2HWS. 1 7L —LmI2+4 78
BEHWAEENDE X127 570, HikEIZ T 2 Gk
AT 5. HRMEROEEIZIX Tobii Pro X3 130 %
L, 1 O#EIEEZ T+ AT L1125 BWERRTSZ
ETHMT — 22 INE L. AT —XL2y ORFHET —&
DOl %E K 2 1Z5RT.

(c) =4 (d) &
2 : EBER L =tRIRIEER DA
4.2 EBRBE

HHHEEE T LD ASIIZ 400x 176 12V 1 XL 7- RGB
R ZE2 AW, BiE{bTHI21E MomentumSGD % FAWY,
FEKE 003 2T 5.

YEELHIEE T VIE, CARLAL00 F— &ty hH 5 10 I
oY 7wy s 2FFIZHWS., 22T, ANIE 200 x 88
@ RGB i % W5, sl TiEicid Adam 2HHL,
R A 0.0002 LT 5.

T 2 BEIZAT TS, BUOICHBHEET LR
HET B, LT, SgHEETIVOEAREEE L TEET



IRV R Eﬁi_ﬁ steer : 0.02, throttle : 0.00
(a) H17&E

vy R /F, steer : -0.27, throttle : 0.00
(b) 1558

aY VR E#EHE steer 1 -0.02, throttle : 0.02
(c) h—7

av Y K A, steer 1 0.01, throttle : 0.61

(d) RESR
3. WREg~< Y THER : steer IFAKTE, FEHTHD
AT TV v TR £ T, throttle 1%, IEHTT 2
IV EEE KT,

HEET L EFEET 5.

AHEEER T, ¥ I a2l —&BE LT CARLA 2\
7o EATERZATS. FHMEEENICIE, NoCrash Benchmark
[2] ZHW5. NoCrash Benchmark Ti%, CARLA LT
BB 2 A7 %FETL, BEEEROMELFHMT 5. &
192xy 7, FEEEETH S Town0l & RABREED
Town02 TH 5. XAZE, HYIARDEIZ LD Empty
town, Regular traffic, Dense traffic ® 3 FEIZ531T 61,
B BB SGERIUC BT B EERVERE & M9 2 Z &A%
ARECH 5. FHHFEER I THIREHZEA 256, <

YV —RRkBEz, HNIAZET 22Ty —
N7 5.

4.3 IR E O E MERIFTE

Bk E ARG R OHl % K 3 uﬂtj' B 3(a) DA1THE A
Wrd % —Tld, WROWREMED S WATH TR~ v
7ﬁ&mb,ﬁﬁéﬁofwé.l3() &, BIADORME
TG U, EERICBBERYREZERTETNS. X 3(c)
@iitﬁ—fkﬁbf H—TDIFERITIELTH Y,
3(d) DRERIIBWTI, RERDE AL T
m . ZOFERDP S, EERICEDE T2 TR
TETVWBZehbhrd

4 EERMERE T

F£LIEFEROBIIREZRT. £1 &0, FAED
R AT R OBESMAIZE VT CILRS & D IR AE N
EHMERTE D, ZHUT kY, FREROSEERE R i
HEALTWB Z P bnb. £, HEMERR Coxx
ZIZBWTHMRTE, UMK BYERDOES 5128
WTERERVERTH S Z 2230 h 5.

Fl—DEERIZBITATVEYY — REBRFERO S 5, WY
e DEENFRDOIY Y — REREREFK2ITRT. 22
T, Col. Ped. 13#51748 & OE22Z & 558K, Col. Veh.
IEHEE OBFEIZLBEMTHD. £2 &0, BREFHEITT
RTCDEMERTRZAZIZBENTHE)HE & OHWERIE N
EWHERTE D, BRIRBMET U COWAERAREEZEDE

# 1: NoCrash Benchmark FINZED &R [%)]

ES e REAF | CILRS Ours
Training Empty 92 95
o Regular 63 77
condition
Dense 15 25
Empty 92 96
New weather | Regular 64 60
Dense 8 28
Empty 54 66
New town Regular 29 46
Dense 8 12
New town & Empty 72 66
weather Regular 44 42
Dense 8 12
Rz 45.8  52.1
£ 2 BEEHCLZIEY — NRBEOLBHER (%]
EIRGAM: RS LUK | CILRS  Ours
Col. Ped. 9 4
. Regular
Training Col. Veh. 21 11
condition Col. Ped. 21 16
Dense
Col. Veh. 57 47
Col. Ped. 6 14
Regular
Col. Veh. 22 18
New weather
Col. Ped. 14 16
Dense
Col. Veh. 68 48
Col. Ped. 9 9
Regular
Col. Veh. 30 16
New town
Col. Ped. 10 16
Dense
Col. Veh. 68 58
Col. Ped. 6 10
Regular
New town & Col. Veh. 24 16
weather Col. Ped. 14 20
Dense
Col. Veh. 70 52
B Col. Ped. 11.1 13.1
Col. Veh. 45.0 33.3

HIZBVWTEHRRPWEIN TS Y, CILRS IZHEART
& D HEEL Emf%fwé bbb, —F, HiTHE
EDOHEHRIF, FHRBIIBVWTREEINTVEE, R
ﬂ@?ﬁ:iﬂvti%ﬁﬁﬁwébfwme:aﬁb#é
ZhiE, FETFT—R2y NADSTENEGEENE Y — VN
REL, ZOMD Y — > & R THTE I 2 8 E
DR THDZeNEZONS.
5. 80 IC
AT, BIEEEER L2 HEER— 20 EH)
%?&%%%bt.ﬁﬁ%i%rwéﬁvf,ﬁ%/—
BB EERERERMHT LT, YIalb—4& Lk
f@iﬁi% BOWTHIRHEE S REIND Z L 2R L
7. H5#lE, BITHE Y-V ORER EXFREEE T LD
Kt % SRR E TOVICRIA U 2 FEOEZE R R ¥ 2 et
5.
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