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Abstract As the demand for outdoor autonomous mobile robots increases, zero-shot methods that
identify safe traversable areas while minimizing dataset construction and additional training are gaining
attention. However, existing monocular vision-based approaches often show limited generalization in
unstructured outdoor environments with ambiguous boundaries and diverse surface conditions. This
study proposes a zero-shot fusion algorithm integrating image segmentation, depth estimation, and
feature extraction to distinguish obstacles and hazardous regions without additional training. The
segmentation parameters are adjusted to generate dense masks that include small obstacles, while a
depth estimation model calculates pixel-wise relative distances. Feature extraction is then used to
identify highly activated masks corresponding to traversable paths, and distribution-based cosine
similarity and hierarchical clustering merge over-detected regions to improve detection stability. Finally,
average depth values are assigned to each mask to incorporate spatial information. The proposed
method achieved accuracies of 92.6% on a self-constructed dataset and 95.5% on the ORFD benchmark.
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outdoor
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[Fig. 3] Feature activation maps

7] BW B4 sk, AR
T2l 745 E Fojshe 71 slAETD
T8 ARo| sigots B4 RaE Fx3t o
& HF EX vw ojv] 294}, A4 #HilE

AHW RS goe o anxor T 4 9l
A DINOv3E 4 272 830 4 1U1
oA o9 EAL F2ol,
Act.

a9 3& B9l 5O £ AAolA
Bgst glo] F Ao Yehte 2g 9
of whet s 2] M gkt Mgk
I B T T EROIA 22 A8 g 71% d
2 oot w2 B4} g 9L 7B 4=
o] &/gste o= Hogith AT Mo
%k W VE AYsta A4 5 WelE B

Basto] 72 SARIHS ALK

V; = {v, | reM;) ey

olo] we} FstE 718 S| AEIHE that o
Aol W oA 7ke] ke WEghe o]
ot 7} bin2 XA WS +5 BIsto] FoHt b
AR L [eh.0,0)00H, o= 79 FREE U
U= 71530]1, 2 008 Wit BAS IA5] 9
St A2 Ageoltt.

w, ;Vl(ve leyes 1)

B

Y o, EZVI(OE lepe,i)) +e

7MA wps T AR ¢, 7F QAR col ol w,
%A ghow 12 MdgE.

_|w, if e =1

ol

E

=

o
=

ilKe)

==

g

1

@

1, otherwise ®)
ol& B3l w2 B4} 71t o & 7SAE Foist

o, o S| L= Melo] © 7oA WHEES

t}. ol AA 2A Y= wAI AT AEskaL, RE}

)

W8] Lol Qi vhaTel: ARl Qe 45t
2| o] ofait.

ols} EBol, &o WA G AF BuE B
o Gk weist] Slel roliel ghEe thgow 8
20 A% SAEIHE PATE oI k)7 T T,
O1Z S V2 AL, T2 [r, )2 BAY
7RO BEle] Siot e HAEIY AAE F7H
o= Ayt

o 27} o] i A8
A3 gt 2 Aeolek. o HAS B9 7 mkaa
of B2 WElE B9 WE R AR, ol% SAE A
o] Arjael A7]urh Bxo] e Abgo] FE,

d.
4)

Ex HE9 12 normo]f’%, e

di=

1

dl = [hi;hi,high]’ W

A7she T ukaa M9 Mo BE e d.9) 4,
FAEE FAR FAEES o83l AbEditt. AL
A= T e 2717t ofd WEnks wwste
2, utad i B o] Aol QIt SIAETH Nl
Aogre] wgo] FALE ALte] 7H?JHX1
L2 35t OS] sk geolMe

o] Al fAMES}l et o g FA|7} E]Eq o= 7431
2 AR gho] ASA ZeAEYY A FEol ﬂ%j
&g sl gatshd F ukaao] B HE7E f
T thad) o] AEEH, F ukado] £ Hy} &

(A
(o]

=

AeeE 5= AR, AR D= Ropet,
Y Hle Ha?-H2 Y Y
£ AToAE olEgt Al 3 7IRteR upAF 71
72 FEE % 7, ASH SLEIZS 6
SARE HPATES =9 J2oZ Wk
I9 4014 33 75 Yol BEHYE npAIE

o1 B3 A ST 5 Uk v Be B g ot
L FA glo] Ue Fe skl 2 Aol

°ﬂ et Y gA A2 HET HFH o Wi



226 AEQEHUSESH=EX| M12¥ M45, 2026

[Fig. 4] Mask merging results before and after
hierarchical clustering
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(Table 1) Dataset Class Overview
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(Table 2) Detection Performance Comparison with
Baseline Methods

Method Acc Pre Rec F1
SAM 2 0.852 0.674 0.828 0.743
class1 DA V2* 0.845 0.722 0.671 0.696
Ours 0.938 0.860 0.906 0.882

SAM 2 0.818 0.647 0.846 0.732
class2 DA Vv2* 0.826 0.726 0.690 0.708
Ours 0.919 0.838 0.899 0.868

SAM 2 0.799 0.640 0.849 0.730
class3 DA Vv2* 0.819 0.744 0.706 0.725

Ours 0.919 0.848 0.9M1 0.878
SAM 2 0.832 0.648 0.832 0.728
class4 DA Vv2* 0.832 0.721 0.673 0.696
Ours 0.927 0.843 0.901 0.871
SAM 2 0.825 0.652 0.838 0.733
total DA Vv2* 0.831 0.738 0.685 0.706
Ours 0.926 0.847 0.905 0.875

*Note: DA V2, Depth Anything V2
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(Table 3> Quantitative Results on the ORFD Dataset

Method Modality Accuracy Precision Recall F1-score loU
U-Net[29] RGB 0.959 0.637 0.537 0.583 0.411
DLV+-MNet[30] RGB 0.976 0.743 0.847 0.792 0.655
DLV+-R101([30] RGB 0.980 0.781 0.871 0.824 0.700
FuseNet[31] RGB+LIDAR 0.874 0.745 0.852 0.795 0.660
MFNet[32] RGB+LiDAR - 0.896 0.903 0.899 0.817
RTFNet[33] RGB+LiDAR - 0.842 0.967 0.900 0.818
SNE-RoadSeg(34] RGB+LIDAR 0.938 0.867 0.927 0.896 0.812
OFF-Net[28] RGB+LIDAR 0.945 0.866 0.943 0.903 0.823
Ours RGB 0.955 0.926 0.910 0.918 0.874

[Fig. 5] Qualitative visualization results on the
ORFD dataset
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