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LiDAR Sensor based Object Classification System for
Delivery Robot Applications
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Abstract

In this paper, we propose a lightweight object classification system using a LiDAR sensor for delivery service
robots. The 3D point cloud data is encoded into a 2D pseudo image using a Pillar Feature Network (PFN), and then
passed through a lightweight classification network designed based on Depthwise Separable Convolutional Neural
Networks (DS-CNN). The implementation results show that the designed classification network has 9.08K
parameters and 3.49M Multiply-Accumulate (MAC) operations, while supporting a classification accuracy of 94.94%.
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Network (DS-CNN)°]l 7|5tsto] HAE HEYIE & A4 £75 FFol= %%kg}ﬁ AAELE HASIG. 3 A, AT £
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Table 1. OS1 LiDAR Specification.
H 1. OS1 LiDAR MM AR

Item Specification
Range at 10% 90m
Max Range 200m
Vertical Field of View 45°
Channels of Resolution 128
Max points per second 5.2M
Max Frame Rate 20Hz
Operating Tempreature -40 ~60°C
Ingress protection P68 & TP69K

Detection

Quster LIDAR

Raspberry Pl 4
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(1) Collecting Point Cloud Data
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Fig. 1. Configuration of the proposed system.
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Fig. 2. Examples of collected point cloud data.
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Table 2. Class of dataset.
E 2. Ho|gAle S2A

Class Definition
Bicycle Standing bicycle and b.icycle on which a
person rides
Building Building
Car Car that is driving or parked on the road

Manmade |Fixed outdoor facilities such as bus stops and signs

Obstacle Movable objects, such as labacons
Person Pedestrian
Tree Tall tree

Vegetation Vegetation and short tree

2 9F 3,200710]9, 90%<! 2F 2,8007K& train data
2, 10%%! °F 4007HE test data® ARESIAATE
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Table 3. Performance evaluation results for various models.

H 3. CIYGH 20| et 85 87t 2t

Model | Version irrllj;gesdsci)ze Convl | Conv2 | Conv3 | Convé | Fell | Fel2 | Fel3 | Fel4 ACC(‘,Zr)aCY Para(%eters l\&c
Versionl | (24x24x64) | 64 128 256 512 | 512 8 - - 86.98 1210 114
ReNet T erston2 (62x62x64) | 64 | 128 | 256 | 512 | 512 | 8 | - | - | 8833 | 1210 690
Versionl | (24x24x64) | 32 64 | 128 - |2688| 8 | - | - | 9408 133 2
S (24x24x64) | 32 64 - - 1334|1334 8 | - | 9444 | 1930 15
Versionl | (24x24x64) | 64 64 64 - 64 | 128 | 128 8 93.23 58 9
Customized | Version2 | 24x24x64) | 128 | 256 - - | 256 | 128 | 128 | 8 | 934 112 26
DS-CNN" | Version3 | (24x24x64) | 32 64 - - | 64 | 64 | 64| 8 | 920 10 3
Versiond | (24x24x64) 32 64 - - 32 32 8 - 94.94 9 3
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Fig. 3. Flow chart of classification algorithms.
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Table 4. Confusion matrix for classification accuracy.
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7 77k BAY &E0] £oH, ol FAHCE A
E 4 Q7] "lFo|t}. classifications 53T £
£ AAe o= ot EA419 ZRIE S%E HolH
£ Aqtetsior gt et B2 normalizationd}
translation @& A=, tefet Ao ek gk
2GS ATt &, gget 3719 EAE 5L
710 Hlwskal AT 4= A Hok

t}. Inference-PFN, DS-CNN

Classificationg 3T EA9] ZIE Z9-E T
olHE YAl A3t PENQ| g o2 AREs}o], pseudo
imageS AAd3t}. o] pseudo imageS YA st
DS-CNN9| Y=oz ARgste] A9 classifications
SRl

ARt AMH= AIARLS 2ASE & Raspberryi Pi 4
7 ol AARE B =TS SAREH I8
13 A8t 3, Raspberry Pi 4= @A ZH|Yo] £
EAo] gt Classification 23 frame idet 3 %]
&AM og ZH3tt AIZEQl BRI 9J8) classification
T =419 ZRIE STE HOIHE csvitd FHIE A
A &, OY 49 #o] A5 “Predicted Class: 9l&
23 FEiE plotstAth. E 4= DS-CNNQ| class®d
Agtroltt, ® 5% 1000 frame &< classifications

i

E 4 A8 HoT gt &5 &
Predicted
Object Bicycle Building Car Manmade Obstacle Person Tree Vegetation
Bicycle 0.97 0 0 0 0 0 0 0.03
Building 0 1 0 0 0 0 0 0
Car 0 0.02 0.98 0 0 0 0 0
Manmade 0 0.02 0.04 0.82 0.07 0 0.02 0.02
frue Obstacle 0 0.03 0 0 0.93 0.03 0 0
Person 0 0 0 0 0 1 0 0
Tree 0 0 0.05 0 0 0.02 0.88 0.05
Vegetation 0 0 0 0 0 0 0 1
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Zogsto] AKXt frame®] profiling 23} fps(frame
per second)°|t}.

Predicted Class: obstacle

Fig. 4. Experimental environment and point cloud data.
I 4 M 2 & HOIE 22 G|0|E

Table 5. Profiling Results.
B b ZZmE Zn

Profiling Time
Collecting Data / Pre-Process 0.0387s
Pillar layer 0.0275s
Inference Pillar encoder 0.0055s
DS-CNN 0.0082s
Total Time 0.0764s
Performance 13.08fps

v. 822

E =72 LiDAR AlA¢} Raspberry Pigs 59| sig
Al 2EZ R AA &R AlcEs S
PointPillars®t DS-CNNZ ARgsto] AAHLS st
ottt 1 A3}, oF 13fpsC & classifications =35}
Ao, DS-CNN9Q] Class ¥ A= & 49} Zo] U
T AA BEr= oF 94.94%E /35

I 59 AR B L@]E9] profiling 23, pre-
process2t PFNQ| Pillar A/dol 48% AJ7to] Ath=
A & 5 A%tk XS R YEQA B4 ZF
custom DS-CNNQ| pointwise convolution®] ZA|
AAFY] oF 60%E AHAoh= A= & 5 AU ==

A, pre-process®} Pillar A4 &g|ES FHslska,
Lowerings 53+ GEMM(GEneral Matrix Multipli-
cation) sF=9o] AAE 53} pointwise convolution
< 71316 fpsE Al WRFeE ATE X%
< Aglolck.
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