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Navigation for Outdoor Autonomous Mobile Robot Using Monocular

Image Depth Estimation and Image Segmentation

Based on Foundation Models

O Kosei SATO (Kyushu University), Kohei MATSUMOTO (Kyushu University),
and Ryo KURAZUME (Kyushu University)

Abstract: This study proposes an autonomous navigation system for outdoor robots that relies solely on camera-based sensing,
using a minimal sensor configuration without range sensors. By applying one-shot semi-supervised learning in real-world
environments, the system segments images into traversable and non-traversable regions. In addition, depth estimated from
monocular images enables inference of traversable areas in 3D space. Point clouds generated from these monocular depth
estimates are further utilized to perform obstacle avoidance. This paper presents the results of applying the proposed techniques
to a mowing robot, including recognition of trimming areas and obstacle detection during weed-trimming tasks.
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Fig. 1 A sequence of software components that generate 3D point cloud data of the target area. The black-bordered blocks
enclosed by dotted lines indicate software elements, while the orange-bordered blocks indicate hardware elements.

DINOv3

Linear [
classifier |

Fig.2 System configuration of image segmentation

BRDEEE %152 177:21%, FI
* RGBD 1 X 7 2 FIfH3 % ik

o [Hif5 L [AH L7 3D-LiDAR 2 5BU58 3 2 5
o R 5 DEEHEEIC X 5 51k

DEFoNDL. ZOHTH, AT LI THWSE
WEREIN D, BADOORY M ADEH & Hlld D aEI
WBWTHREDPDETDH 2 7-0iE)T T b @fFHRED
KEZEONZZE, vRy F26BELNEA FX
VIEMZMA THEEOREZ R L 7= 3 RITRAEZ
AT 2B D 25 - DMNRERFONL L, B
Ry PANOEAZEZRBLEELENZETANBLET
HBIr, LWSERERITEBETNCL DRE
HEE & D IREHIRES 2 Tk RA L.

2.3 EREESE

TRER S 2 HGEE T B TR, DINOV3Y &, 5 2 KX 4
7 — V) TR (RFF)® 12 X 2 R, Positive-Negative-
Unlabeled Learning (PNU “#3#)7” & Autmated Spectral Ker-

Original Image

Fig. 3 Label data and original images for the comparison

nel Learning (ASKL)® Z A& OE THEE T 2 8l
MICK o THERE NS, AW THW 2 H{GREER D
DI DRERL % Fig. 2 1TRT.
2.3.1 DINOvV3

DINOV3 3t HEBET LO—ETHH, FED
RGB B0 5, t~xV T4 v 72T XY T—=2ar®
HIRVREHEE 72 ¥ DRk & T2 X 2 72 ATREZR LA 1%
DEWVWRHEEEZMHTE 2. AT, YET—X
ZHWTHh»D, FEREZINZ 2BERFEFITBNT
b E VI EHERE 2 5285 % 72912 DINOV3 Z i 5.
2.3.2 Positive-Negative-Unlabeled Learning

G TD 7 NAUNHEEDH T ORBD =20, FX
AT —=ZD—HRIC L NG TWRWGEZIFAE
T 57T PNU¥EZHH T 5. PNU #EEIE, EH]
RO NNFETFT—RBLI TR LT —R%E
FEHLUTHEED D EEZIT O O DFEEFIETDH D,
RN I DR RIET = Z DB DEEDARETDH 5.
AWFFETIE, EHle UTET LRV (FEXD 217
W Wi E 2 E), Bfle LTETLTIELL R
WIHIEZE DBEEE L THEE TS

-1972 -



Fig. 4 Results of segmentation using ASKL + RFF + PNU
Learning

Fig. 6 Results of segmentation using PNU Learning

Fig. 5 Results of segmentation using RFF + PNU Learning
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Fig.7 Results of segmentation using Logistic Regression
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(b) Tripod for camera as an ob-
stacle

(a) Test field

Fig. 8 Settings for the obstacle avoidance experiment
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(a) 3D point cloud of the surrounding environment

(b) Result of path planning

Fig. 10 Results of the obstacle avoidance experiment
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Fig. 11 Test field for the area estimation experiment

Fig. 12 3D point cloud of the target area (left side), and
results of area estimatioon (right side)

MMPF LT — &2 2HWT, BINEE 21T FiEE2MH
LTV,

BE XMk

[1] MRPAE, Kk 20, 158 5%, TEE, /hE A, BN
St A GNSS Z W BEBEIEX D o Ry b
DOBFE, HABW A RT 4 7 AXhbr=r X
FES 2021 (2021), 1P2-A12.

[2] MRPRE, KUk ZE0), 158 53, TE &, /D E A, BN
5t EFEE GNSS Z HW/-BEBEIEX] D oKy b
DHFE, 8 22 FIFHH EEGIEER S AT 04 VT
7'V —3 a VPR S S12021 (2021), 1G3-05.

[3] KA #EF, KRI850, 8 &2, FEE, /M E A B
JT\ 52 B GNSS 2 W= B EIEX D o R v
k DBAZE -5 =¥ QZSS ¥ Visual SLAM # X F1Z &
LA BHEE & BB IEER-, HABW SR R T 4
7 AXF ba =2 ZFEHEE 2023 (2023), 2P1-B03.

[4] L. Yang, B. Kang, Z. Huang, Z. Zhao, X. Xu, J. Feng, and
H. Zhao: Depth Anything V2, (2024), arXiv: 2406.09414.

[5] O. Siméoni, H. V. Vo, M. Seitzer, F. Baldassarre, M.
Oquab, C. Jose, V. Khalidov, M. Szafraniec, S. Yi, M.

- 1975 -


https://arxiv.org/abs/2406.09414

Ramamonjisoa, F. Massa, D. Haziza, L. Wehrstedt, J.
Wang, T. Darcet, T. Moutakanni, L. Sentana, C. Roberts,
A. Vedaldi, J. Tolan, J. Brandt, C. Couprie, J. Mairal, H.
Jégou, P. Labatut, and P. Bojanowski: DINOv3, (2025),
arXiv: 2508.10104.

A. Rahimi and B. Recht: Random features for large-scale
kernel machines, Advances in International Conference on
Neural Information Processing Systems (NeurIPS) (2007),
pp. 1177-1184.

T. Sakai, M. C. du Plessis, G. Niu, and M. Sugiyama:
Semi-supervised classification based on classification
from positive and unlabeled data, Proceedings of the
International Conference on Machine Learning (ICML)
(2017), pp. 2998-3006.

J. Li, Y. Liu, and W. Wang: Automated Spectral Kernel
Learning (2020), pp. 4618—-4625.

- 1976 -


https://arxiv.org/abs/2508.10104

	緒言
	システム構成
	全体構成
	深度推定
	画像領域分割
	DINOv3
	Positive-Negative-Unlabeled Learning
	ランダムフーリエ特徴
	Automated Spectral Kernel Learning
	比較結果


	実験
	障害物回避実験
	実験環境
	ロボットの構成
	結果

	走行領域推定実験
	実験環境
	ロボットの構成
	結果


	結言

