£60% F10H/2023 FE5 B/ B EXBFEHE

It Bl St FFIHE

TR 8 il B 10 2 B i % i I 5 ik

REM, BT, 88, IR, KR4

KRR F AL 500 T TR RO A B R EHE W E AT, K 300072

TE AR YRR AT 4% A 3 RS I SE 0 T BT R, KRG O v BN B ROE Ay B L il A A T
T R AT TR P 2 Ak T A R R v R L A Ak R RS B v AR A AR S — R 3 T MR S A s A A I A
Bk PRSI B AR I = 5 EUR AT Bl A RE Y B AR 285 3R . B B BORTE R S s kAT
TH [ 300 S A0 M TET A 2 908 D RN A RS R UK T ) A S FRR S SRR K B R s I R B e ) S DR SR
PR PG v, B IO 7 A PR A SRR X s i, 1l P A AR B9 ResNet-50 #EA7 H AR 7025 . I 3 580 12 00 S B 46 IAS B Ry
94.84% , #4181 H N 91. 92% , BA B4 (A I % o

FEE R BB BAR; WESS; BB i
RESES TP391 XHtRERS A

=k

gL
DOI: 10.3788/LOP213044

Road Falling Objects Detection Algorithm Based on Image and Point Cloud Fusion
Liang Haolin, Cai Huaiyu', Liu Bochong, Wang Yi, Chen Xiaodong

Key Laboratory of Photoelectric Information, Ministry of Education, School of Precision Instruments and

Optoelectronic Engineering, Tianjin University, Tianjin 300072, China

Abstract

promptly detect and clean up road litter. By summarizing and analyzing the characteristics of falling objects, using the

Road falling objects are an important factor affecting driving safety and causing traffic jams. It is crucial to

characteristics of high positioning accuracy of point cloud processing and high classification accuracy of image processing, a
highway falling object detection algorithm based on image and point cloud fusion is proposed. The proposed algorithm
includes the following three steps: road object extraction, point cloud and image information fusion, and falling object
classification. First, the laser radar point cloud is used to detect the road edge, filter the ground point cloud, and cluster
the point cloud to extract the target point cloud clusters on the road; second, the target point cloud cluster is projected into
the time and space-aligned visual image to obtain the corresponding image region of interest; finally, the optimized ResNet-
50 is used for target classification. The average detection accuracy rate of the proposed algorithm is 94.84%, and the
recall rate is 91. 92% , which has a good detection effect.

Key words image processing; falling object detection; target classification; deep learning; lidar point cloud; visual image

o e H R R BOM AT NS BR o H i T 23 S e,
H RWAE T AL B SR 5 BT R Ty

|

—_
Ju

O3 IR AR B B R Ak . 20 i 22 80 4F X LA
o, T N % R A R VS . S R SR AR GE N, R
] 5 2 O A R B AL G 8 RS R R 5 R
Gt 0N AEUTE W TP AE R AC I Y b TE A AR, S R T
1742 4 s A 30 1 4 100 7 L I RR  TR) Ot o A 5o
R/ /R e O N BN E P A S S RN %
HEYRI ARG S Tk pgE . B AT, #0280
Wy 58 23l ok 2 R PR 2 465 4 5 S B A O ik A T

i 1 Mgk Faster R-CNNY gk 47 LA 5 i 28 45 3%
S a1 (E e E 7 = N TR 11 3/ S {E S T iy ]
R PR o 5 A U 6 T 0 AT 2 A I 5 R A
TR 7] A8

T DR DA 5t 1 R F — Bl R B B AR
W e H s I 400k, VR B 2 2T I 266 5k R 114 AR AIE 12 B
fie ) 5 EE FAEGE 4 I 5% B brde A 32 35 75 =X
FE TR B 2 2 0 B AR A I I 3 0T DL 43 Sk G E A ke T

Wi A 2021-11-24; 1@ BHY: 2021-12-31; A BH: 2022-01-28; WM& BHX B 2022-02-08

E&WE. REtdsciizs 5ok R A (2019003)
EBEEE: hycai@iu.edu.cn

1010001-1


https://dx.doi.org/10.3788/LOP213044
mailto:E-mail:hycai@tju.edu.cn
mailto:E-mail:hycai@tju.edu.cn

Tk s HERA I 7 vk RN 22 A% SR Al A 1) H AR R
D7k o e MG AT ISR H bR B B R  SU B SRS
B R AR & Z BB IR R ARSI 5 1
A5 Bl DURECH AR R 5 R B =i R M5 B H
RZ GRS (HR ARG, BT AR IR AR IR
e B7 Ay 22 5, BRAGAS I FN 55 2 K I A A [T 55
RIS H ML A HARE AT S5 b, w2 K DU o
T2 T T BRI 5 78 F AR AT 5 b, AR I 11 o
WA & T A i TN BEE Y KN TR A
i, T EL Y& A AR B A (4 R AE 33 (8 45 5 il R4
G0 B8 2 G 00 0 A7 o A 0 40 28 A M B A K, e
DA ST 2 BT 0 T A f R

BT ZALIRIR A A W LT W R IR R
G 0RO TUAYYE RV B TR T LA A8 IR A AN
[l AG AT 45 b A P 38 SR THG IR 1 . 78 2L A &
B 7 ik B T EOE TR IA FARPLAE A R 2 H R B
H b ez I 450 35k b ny FH o5 )T AR | ir ok 2 —
MV 3D [ 45 F1 AVOD 25508 st 2 5 BAZ [6) i A N

% 60% % 10 #1/2023 £ 5 B/ X EXRBFFiHRE

D) 26 By AR TN [m] )5 3D 2 FELAE , B AR I [ )25 3 4%
S ERRAT NS B o RE A e+
5 A6 I 45 1 1 Frustum PointNet' " {iff Fi 53 47 89 )7 1=
W — 7 B B AE R 55— O A F T AR A B b i B
B HAs . DL 200 flA K 35 68 A ROF H 2 4% i
H UL, B8 m B ARSI A A E AR TR R

FEF WO A FUAH AL RL A Y 7 0 o R e
T8, FE R IDORS B 7 1 4 B R L. 8 B R ARk A
D) £ 238 A4 M LA XS RR A AN 8 — B 307K ) S B0 PR S8 O A
2o AR SCH B W 5E O B IR RO PLELG B ik, kit
T — P T B R A SR E AR IR IR UE TR
AT AT .

2 FEARJFH

e 48 B3k (R A D B K SO TR R 4 A Y T
Z TR Y 12 AR W 3 b, 85 Tl IR
B o 2k 2 BE AU DD R TN 25 28 0 SRk R AR A 5] 1
Jis

pavement target extraction module

point road edge ground point point cloud
detection | '| cloud filtering

clustering "|

data fusion module

image target classification module

1
image target 1 output test
i | classification | .' results

P ——— — —
P Y R T R O R e 11

( image J II .| space and time point cloud
1 | synchronization projection |11
!

I
I
I
I
- Inetworktrajm.rgl |
1

T v e 0 5 vk i A I
Fig. 1 Flow chart of algorithm for detecting falling objects
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Table 1 Main equipment parameters used by the system

Equipment Model Parameter
Maximum measuring range 200 m
i . Field of view 360°(H) X40°(V, —25°—15°)
Lidar Velodyne VLP-32C ) ) o .
Vertical resolution minimum 0. 33
Horizontal resolution 0. 1-0. 4°
Resolution 1280<1024
Pixel size 4. 8 pum X 4. 8 pm
Camera DaHua 5131M/CU210 )
Maximum frame rate 210 frame/s
CMOS target surface size 1/2"
) Centimeter-level positioning
GNSS MGI10 .
Maximum output frequency 20 Hz
IMU IMU560 Maximum output frequency 100 Hz
CPU: Intel 17-8700
Industrial PC DT-S2010MB-YH310MC4L RAM 16 GB

2 TB mechanical hard disk+128 GB SSD
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Fig. 6 Extraction results of road objects. (a) Road edge extraction; (b) ground point cloud filtering; (¢) ground point elimination;

(d) point cloud clustering

P 6 (b) o M Tl 58 2= D8 A5 SR o AR TH 3 U
A G5 A D8 A5 T8 B 1) 5 2 SRR (T CSTF 333k
fraizm o #l e T AAL R A B I 4 g Fr T,
T8 I ACUB RS I TR iz Ak PR A
BT 7 X, A 186 (b) v A ) S A A i T )
16 (c) S 2l B 2 €0 3t T i 8 B ) 5 A W 7P ) 3% T
YR R =

K6(d) AP i i) = RRER . HOUEN
T3 B A A 2 [ rp B SRR Xl SR A R T DL K
B, DBSCAN 8k BE 8 Rt s 1T H b A7 2803t 52y 1 (6
HIHE N A 5Lz B B OO B XCIR, T L AT LA 2000
B 1A 6(c) AT A

R R S iz P v A5 S0 e A A s kA5 )
XIS B AL BE G, IR B 5 T i 15 2R i P78 1 B
/0N FRLRE TS A Ok, BIVAT 345 FRTAR b 9 40 35 4200 A
S R 0 2 B 0 ) R T U N R DX B, B TR 7 B
o MR S A5 BT LUK B, i 4 v AR A8 A AU kA T
S TR LA B 5 07, S B A A7 e T A0 A 0 JRR N B X

L7 2 SO HR DX T PR v g I S 295 2R
Fig. 7 Mapping result of point cloud region of interest in

visual image

3.2.2 BEME M I

A 52 % CPU W Intel 19-7980xe, it < & NVIDIA
GeForce RTX 2080Ti, WAF R 32 GB. 7 52 K $i 4 4
A5 1 B 160 PR B 43 PR 224 pixel X 224 pixel, &
TEHK 1245 W& 1% , %143 1045 g I 254 18 1% F11 200 g

1010001-6



XA PR o dd A N TN B TR ) R AT AR i, e
B G0 g JHc A Y T RE R

o VEAR AL S5 ResNet-50 (1A R 4 &S = H AR
e ZESUIICELNNPIR V& S AN & e 0k 2
P RELIES DAY B8 DX PR Oy PR RS HR IX B. 9R e i A e Ak
J& B9 ResNet-50 v #EA7 73 288, X 2 s 48 v 0y A 00 58 2
PEAT RE PEAUE WAL o 18] 8 21 {0 0 HE A A AR 73 3R 7R 1%
DX Jsk P i 7 0 1) B ABE SR T 5006, UL M R R B 3
XoF HR T 0 A I A O ol P 8 Al e BEL AR R Y
ResNet-50 HE JL0F 24 % 47 90 H AT B4 00 G 0 28R
{H A A7 AE D BB R s e ks B s O o 6 9 B
03 1 8 r AL 5 RV A ) ) T ARE 3R o 20 T ARG 0 45

. T

K8 o R Sk e I 45 2R
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Table 2 Experimental results of scattered objects detection algorithm

Predicted

number of

Total Total number

number of of falling

road objects objects falling objects to be true

Number of falling ~ Unpredictable

objects predicted number of falling

Predicted number
of falling objects  Precision /% Recall /%

objects that are false

783 260 252 239

21 13 94.84 91.92

F 3 AR i A I

Table 3 Detection of falling objects of different sizes

Scattered Actual ~ Number of correctly
_ ) Recall /%
object size /cm  number detected
<10 17 6 35.29
10-30 191 181 94.76
=30 52 52 100. 00

K4 LA OLALHT IS WO 25 SRRt
Table4 Comparison of prediction results before and after

network structure optimization

Evaluation Before After

. L L Improvement
index optimization optimization
Precision /% 93.41 94.84 1.43
Recall /% 90. 90 91.92 1.02
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