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Table 1—1. Summary of obstacle detection

sensors and methods in previous studies

Sensors Object for Detection Detection Method Autonomous Driving Test
Wei et al., 2005 Stereovision Human Disparity Map X
Yang and Noguchi, 2012  OSV Human Optical Flow X
Steen et al., 2016 Monocular camera ISO Test Object Deep Learning X
o Stereovision, thermal
Christiansen et al., 2015 Human Gradient Histogram X
camera, LiDAR, webcam
Christiansen et al., 2016  Monocular camera Human Anomaly Detection X
Jietal., 2020 LiDAR Human, agricultural vehicles RANSAC X
Human, agricultural vehicles,
Ball et al., 2015 Stereovision Novelty Detection 0
branches, bales, etc
Liet al.,, 2019 Depth Camera Human Deep Learning 0
Skoczen et al., 2021 Depth Camera = Deep Learning
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Figure 2—1. ISO Test Object

Figure 2—2. Japanese autonomous tractor test method
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Table 2—1. RGB camera

specification

Maximum Resolution

Frame Rate

Field of View(H*V)

Shutter Type

Connector

Mechanical(L*D*H)

1920 x 1080

301fps

87° x 58°

Rolling Shutter

USB Type-C 3.1

90mm x 25mm X 25mm

Table 2—2. LiDAR specification

Maximum Range
Range Accuracy
Output Rate(pts/sec)
Field of View(H*V)
Rotation Rate

Vertical Resolution
Horizontal Resoultione
Laser Wavelength
Operating Temperature
Environmental Protection
Weight

Power Consumption

100m

3cm

= 3,000,000
360° x 30°
10Hz

90

0.1°

905nm

-10° to +60°
P67

830g

8W

13
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Table 2—3. Embedded PC specification

CPU 6-core ARM 64-bit
GPU 384-core NVIDIA Volta
Memory 16 GB LPDDR4x
Storage 16 GB eMMC 5.1
Power 10W~20W

Mechanical 69.6mm x 45mm

Table 2—4. Carrier board specification

PCB size 170mm x 100mm

Display 2x HDMI

Ethernet 2x Gigabit Ethernet

USB 4x USB 3.0 type-A, 1x type-C
SATA 1x5 SATA

Power 13V~19V DC

Operating Temp. -25° to +80°
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Table 2—5. Perception system hardware configuration and cost

Component Model Name Price ($)
Embedded PC Jetson Xavier NX 399
Carrier Board A205 399
LiDAR Velodyne VLP-16 3999
RGB Camera Intel D435i1 345
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Figure 2—13. Checkerboard for capture

Figure 2—14. Checkerboard captured by LiDAR
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Figure 2—15. Checkerboard captured by RGB Camera
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Extrinsic Parameter Results
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Figure 2—17. Optimization result of external parameters

Figure 2—18. Camera—LiDAR calibration result on the agricultural

field
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Figure 2-19. Object Detection by YOLOv3-tiny
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Figure 2—20. The algorithm flow chart
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Table 2—6. Components of SNU autonomous tractor

g EUdEE TYMike 85uFg TX853
2F
ZPZ S ALEsIg o, FQ AAE Dual GPS A4, IMU AlA,

AME dgsko] HAEEAT. AEFA ENEH Fo Ade vt
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o
=
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E7)

SNU Autonomous Tractor

Base Model TYM TX853
Controller PC ADLink MXE—-5501
GPS SBG Systems Ellipse—D

Network—RTK Device Synerex MRD—1000T
Angle Sensor Comsys Steer Sensor
Electric Power Steering Device Unmanned Solution EPS

Acceleration Valve Motor Dynamixel MX—106R

Steering Type Hydrostatic power
i
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Table 2—7. Tractor Model Specification

TYM TX853 Specifications

Engine Type
Power
Displacement Cubic
Fuel Tank Capacity
Battery Capacity
Alternator

Number of gears/speeds
Steering Type
Brake Type
Dimensions

Weight

Power Consumption

3.3L 4—cyl diesel
85hp

402.5 ci

110.1L

12V 65AH

12V 65A

24 fowrad and reverse
Hydrostatic power
Wet disc’
3.93%1.94%2.71m,
3064kg

8W

Controller PC

RDDF Path Tracking
Controller

Slip-estimation

!

v =

Throttle Motor

RTK-GPS

Angle Sensor

MU

Figure 2—22. Diagram of SNU Autonomous Tractor Components
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Figure 3—8. Warning zone and hazard zone

Table 3—1. Lag time and running distance of emergency stop

Communication (s) Deceleration (s) Distance (cm)
Test 1 0.313 2.137 54.24
Test 2 0.325 2.122 54.28
Test 3 0.372 2.785 59.98
Test 4 0.311 2.282 55.72
Test 5 0.323 2.547 57.71
Mean 0.329 2.375 56.39
2
=
g 15
e}
g
g !
3 05 |
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Figure 3—9. Velocity change of emergency stop
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Table 3—2. Test 1 results by human posture

Number of Times Detection Number of Collision
a Person has Appeared (#) Fail Rate (%) Avoidance Failure (#)

Standing 16 1.23 0
Sitting 9 1.24 0
Fallen 3 2.71 0

Overall 28 1.28 0

Table 3—3. Test 1 results by relative position of obstacle

Number of Times Detection Number of Collision

a Person has Appeared (#) Fail Rate (%) Avoidance Failure (#)
On-path 24 1.26 0
Off-path 4 1.38 0
Overall 28 1.28 0
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Table 3—4. Test 2 results by human posture

Number of Times Detection Number of Collision
a Person has Appeared (#) Fail Rate (%) Avoidance Failure (#)

Standing 18 4.72 0
Sitting 12 5.14 0
Fallen 5 8.55 1

Overall 35 6.24 1

Table 3—5. Test 2 results by relative position of obstacle

Number of Times Detection Number of Collision

a Person has Appeared (#) Fail Rate (%) Avoidance Failure (#)
On-path 28 5.81 1
Off-path 7 7.77 0
Overall 35 6.24 0
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Figure 3—11. Safeguard function at turning path
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Figure 3—12. Off—path person detection
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Figure 3—14. Fallen person detection

Figure 3—15. Safeguarding fallen person against collision
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Figure 3—17. A person in warning zone

47 = A 2-tf] ¢



1o eolth AlM =

°©

1YES RGB gz AFES 92

1

[e)
=

1

(s

7
A 9142

A 32 EA L

o|J
Jjo

—_
fi%e)
%o

-

€l
H

el

aLE=A

=

=

914
o},
SEEL

;|

o

= H

Al
2

|

a AFE 23 0.24m= )

[e]

Fe oF 13m A 74 98% ©]4e] <

@2k 0.24m,

°

=
=

ol

of
ol
Jlo

B

—_
fie)

ze]
vl
mju
oy

—_—

ni-

48

I Akl A S 42% ©

A

%

-

R

Jolo g

53] EGE7F $49 249t

1

o)



—
fite)

o

iy

o]
Jlo

0

TH

i}

<]

=
o)

o

ARt Apgtel] o

B
file)

=

]_

98% = H.

o]
il
Mo

Eix

i oF

)
—_—

o

<)

7.

ap

o

m

b

il

o EdE S 3y J)Eel o

A9 AEF

T

ey

ol A

T
Top
Ho
B

fite)
B!
ol
o
Top
Ho

NR
s

“nﬁ_wo

3

A

&l

9

ol EE ] npF e

Eix

3)3]

o] FEd 7hsAdol i, =52 E

w2} A

A

540] 9k,

Lo Apae] 7}

T—
T

7o

o]
EdE ] i A4 EL7) sdEojof & Zloft

19 71E2 A

3]

=0

-
o

Hr

A
oy

}

»AO

Eige
Ao A= RGB 7hd| e}

&

Al 3

=
=

&

—_

T

T—

=
|

o|J
Jo

Hr

A

R

0

Aol HAApeA olE &7

=l

G AN,

ZF Aol Al vk

el

98| += RGB 7Hete] 4

v, 247t

(})’)\

AbE AEM Ve

L=
[€)

<!

o

MQTT

—_
fite)

0

&

ol

Q1 7)ol

G

CEEES:

g5

A
3 .
-":r-\ﬁ-! _'q.l.- ]

ofell

=]
RS

A3}

AR
49

Gl

‘.l ] 1 'Iu

ji



A

= Ak

AFA A
v}

A8

=7 A 9

PR A&7

gl

Fias

R

Alg =

AR

it

o

A

&

Al 4

el

A

ez

ofel met ¥

otk

ol

=
[€)

W AYAE WA

o) o
& —

=
=

AL

9

g

—

[e)

3t

}-

pre

kil

71 A7}

3, 9% 4
stel 4

vl efel

S AR

=
=

o

st 5ol

50



A4 EE

A=

%

W
O
Jo

e

0

J)

ol
JJo

E

A% Azt Fulgtel efotio

S ol=

dlo] €]

ok

Y

geakglom,

Sl

e

27N

=

2H g e 7bd el o

oA TrFEt AbA €]

uj

o

1ol A

&5 A
71 e .

N

o

S|
&

)

O

7hH 2}

g% o]

t= dlell 719

of &=

3}

-

o= 7lgett

ol
o

[sid
=

1
ﬂ

ol



Zy 74
1. Ball, D., Upcroft, B., Wyeth, G., Corke, P., English, A., Ross,
P., ... & Bate, A. (2016). Vision-based obstacle detection and
navigation for an agricultural robot. Journal of field robotics,
33(8), 1107—1130.

2. Steen, K. A., Christiansen, P., Karstoft, H., & Jergensen, R. N.
(2016). Using deep learning to challenge safety standard for

highly autonomous machines in agriculture. Journal of Imaging,
2(1), 6.

3. Christiansen, P., Kragh, M., Steen, K. A., Karstoft, H., &
Jorgensen, R. N. (2017). Platform for evaluating sensors and

human detection in autonomous mowing operations. Precision
agriculture, 18(3), 350—365.

4. Christiansen, P., Hansen, M. K., Steen, K. A., Karstoft, H., &
Jorgensen, R.N. (2015). Advanced sensor platform for human
detection and protection in autonomous farming. In Precision
agriculture'l5 (pp. 1330—1334). Wageningen Academic
Publishers.

5. Christiansen, P., Nielsen, L. N., Steen, K. A., Jergensen, R. N.,
& Karstoft, H. (2016). DeepAnomaly: Combining background
subtraction and deep learning for detecting obstacles and

anomalies in an agricultural field. Sensors, 16(11), 1904.

6. Yang, L., & Noguchi, N. (2012). Human detection for a robot
tractor using omni—directional stereo vision. Computers and
Electronics in Agriculture, 89, 116—125.

7. Ji, Y., Li, S., Peng, C., Xu, H., Cao, R., & Zhang, M. (2021).
Obstacle detection and recognition in farmland based on
fusion point cloud data. Computers and Electronics In
Agriculture, 189, 106409.

52 A = 1_l| ol



10.

11.

12

13.

14.

15.

Reina, G., Milella, A., & Galati, R. (2017). Terrain assessment
for precision agriculture using vehicle dynamic modelling.

Biosystems engineering, 162, 124—139.

ISO/DIS 18497:2018: Agricultural machinery and tractors —
Safety of highly automoated machines — Principles for design.
Retrieved 2022, 3 January

Li, Y., lida, M., Suyama, T., Suguri, M., & Masuda, R. (2020).
Implementation of deep—learning algorithm for obstacle
detection and collision avoidance for robotic harvester.

Computers and Electronics in Agriculture, 174, 105499.

Verma, S., Berrio, J. S., Worrall, S., & Nebot, E. (2019,
October). Automatic extrinsic calibration between a camera
and a 3D Lidar using 3D point and plane correspondences. In

2019 IEEE Intelligent Transportation Systems Conference
(ITSC) (pp. 3906—3912). IEEE.

.Rovira—Mas, F., Reid, J. F., & Han, S. (2005). Obstacle

detection using stereo vision to enhance safety of autonomous
machines. Transactions of the ASAE, 48(6), 2389—2397.

Rovira—Mas, F., Zhang, Q., & Reid, J. F. (2008). Stereo vision
three—dimensional terrain maps for precision agriculture.

Computers and electronics in agriculture, 60(2), 133—-143.

Xu, H., Li, S, Ji, Y., Cao, R., & Zhang, M. (2021). Dynamic
obstacle detection based on panoramic vision in the moving

state of agricultural machineries. Computers and Electronics
in Agriculture, 184, 106104.

Li, Y., Li, M., Qi, J., Zhou, D., Zou, Z., & Liu, K. (2021).

Detection of typical obstacles in orchards based on Ideep

53 .-':r'-\.ﬁ-! "%IJI' 1_-li [

T



16.

17.

18.

19.

20.

21.

22.

convolutional neural network. Computers and Electronics in
Agriculture, 181, 105932.

Reina, G., Milella, A., & Galati, R. (2017). Terrain assessment
for precision agriculture using vehicle dynamic modelling.

Biosystems engineering, 162, 124—139.

Kragh, M., Jergensen, R. N., & Pedersen, H. (2015, July).
Object detection and terrain classification in agricultural fields
using 3D lidar data. In International conference on computer

vision systems (pp. 188—197). Springer, Cham.

Korthals, T., Kragh, M., Christiansen, P., Karstoft, H.,
Jorgensen, R. N., & Rickert, U. (2018). Multi—modal
detection and mapping of static and dynamic obstacles in

agriculture for process evaluation. Frontiers in Robotics and
Al, 5, 28.

Kragh, M., & Underwood, J. (2020). Multimodal obstacle
detection in unstructured environments with conditional
random fields. Journal of Field Robotics, 37(1), 53—72.

Kragh, M. F., Christiansen, P., Laursen, M. S., Larsen, M.,
Steen, K. A., Green, O., .. & Jergensen, R. N. (2017).
Fieldsafe: dataset for obstacle detection in agriculture.
Sensors, 17(11), 2579.

Han, X., et al., Application of a 3D tractor—driving simulator
for slip estimation—based path—tracking control of auto—
guided tillage operation. Biosystems Engineering, 2019. 178:
p. 70—85.

Han, X., Kim, H. J., Jeon, C. W., Moon, H. C., Kim, J. H., & Seo,
I. H. (2021). Design and field testing of a polygonal paddy

infield path planner for unmanned tillage operations.

54 A = 1_l| ol



Computers and Electronics in Agriculture, 191, 106567.

23. Skoczen, M., Ochman, M., Spyra, K., Nikodem, M., Krata, D.,
Panek, M., & Pawlowski, A. (2021). Obstacle detection
system for agricultural mobile robot application using RGB—
D cameras. Sensors, 21(16), 5292.

55 . _H ‘._ 1_'_]'| B

1

I

1L



Abstract

Development of Sensor Fusion—based
Obstacle Detection
and Collision Avoidance Technology for
Autonomous Tractor

Ye Been Hwang
Biosystems Engineering

The Graduate School

Seoul National University

Collision avoidance systems are essential for unmanned autonomous
agricultural tractors. The autonomous tractor should detect obstacles
on the path and respond appropriately to the relative location of the
obstacles to avoid collisions. Although obstacle detection and
classification algorithms based on the use of various cameras have
been being developed, the accurate measurement of distances to
various objects in real—time 1is limited due to a difficulty in
discriminating the objects under the varying illumination conditions.
Since a LiDAR can determine the relative location of obstacles over
a wide detection range, it is possible to compensate for the
shortcomings of the monocular camera by using 3D information from
LiDAR. The purpose of this study is to develop a collision avoidance

technique for autonomous tractors. An obstacle detection algorithm

was designed based on sensor fusion of a camera and a LiDAR sensor.

In principle, the camera performs obstacle detection based on YOLO,
and the LiDAR determines the relative distance to the obstacle

detected by the camera through coordinate transformation. In field
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experiments, the proposed algorithm was applied to an autonomous
tractor to verify the object detection and collision avoid performance.
The autnomous tractor drove along the cultivation path, and stopped
when the collision with an obstacle was predicted. The detection
performance was over 97% and the success rate of collision

avoidance was over 98%.

Keywords : Autonomous Tractor, Sensor Fusion, LiDAR, Collision
Avoidance, Machine Vision
Student Number : 2021—-24813
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