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A benchmark dataset for global
sub-meter level land cover mapping

penEarthMap
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J. Xia, N. Yokoya, B. Adriano, and C. Broni-Bedaiko, “OpenEarthMap: A benchmark dataset for global high-resolution land cover mapping,” Proc. WACV, 2023.
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J. Xia, N. Yokoya, B. Adriano, and C. Broni-Bedaiko, “OpenEarthMap: A benchmark dataset for global high-resolution land cover mapping,” Proc. WACV, 2023.



™ - \ i # h
L -, ke .
& TN
..xm e n !}" Ay ’_gz_'.:, LIEEN

BT — % £ OB

t 2.5M
# Classes
iy 4 .
05 oM 7 OpenEarthMap
S 8 [WACV’23]
AN BHARKIEM
BET—2hHDOKERES T o
7 -E :
I (]
‘ i‘ﬂ!ﬁiﬂ"]@%ﬁ'l‘i TN %1 4 A Y R
r\ i ERR 2 ‘/.57‘
— > = ~
7 / 7T — 3 y a) HHE XgD DynamicEarthNet
(PRARICEEMA T / T —3 3 ) o [CVPRWLS] VPR
LoveDA [NeurlPS’21] i & A=

DeepGlobe [CVPRW’18] Facebook

0 20 40 60 80 100

# Regions

HEE R 4 Z AR 1

. Xia, N. Yokoya, B. Adriano, and C. Broni-Bedaiko, “OpenEarthMap: A benchmark dataset for global high-resolution land cover mapping,” Proc. WACV, 2023.



T - E i)

X u13¥ Viu L - b Ty A A i
NAIP image Chesapeake Bay land cover ma OpenEarthMap m LoveDA model DeepGlobe model DynamicEarthNet model
Wlcarren [ JRoad [l Water Wlcareland [ JRoad [l water Wlcarren [CJroad [l water Wlsarren [ urban Wsoi B water
Eimpervious [l Tree [ Structures [Bopeveloped [l ree Il Building [ eackground [l Forest [l Building B water Wl Forest [Eimpervious [l Forest & other veg
ELow veg [Erangeland & Agriculture B Agricuiture Erangeland [ Agriculture = Agriculture

Dataset Bare Other Road Tree Water Build mloU  QpenEarthMap £ 7_—)[/‘;1:%%%5’\] .
OpenEarthMap 9.29 58.27 49.29 75.72 85.46 63.44 56.91

LoveDA 3.07 40.14 37.71 69.34 80.12 45.85 46.04 é;&'ﬂﬁ E/‘] L:'Tﬂj; jd—f }:—t'féu

J. Xia, N. Yokoya, B. Adriano, and C. Broni-Bedaiko, “OpenEarthMap: A benchmark dataset for global high-resolution land cover mapping,” Proc. WACV, 2023.







b LT
Generalize-acrosg the Globe

// [ 1]
(] Al p- ’):

!
o i “
& 5 ) ~ G —_
__',____h — 2
f {
' ]

// e *‘







%

ize'acrdss 'the|Glgbe










A S 2 Sin "'1

‘,'_ --,_.!,. 2y %7 .4..1







=T

iimm%ﬁ%ﬁiﬁﬂé

c BREMNTONED-DDOEBRFEETILONYF Y — 7 ZigH
s [BEONTEEERESETYE Y ZDI=HIC, NASEFRW-BEETIILOBET

RGB image ] DeepLabVi FT-U-NeiFormer t 20
B | e ®
Hm
e
65 o
@ SparseMask
- . @ FasterSeg
2 ® U-Net (VGG-11)
S @ U-Net (ResNet-34)
‘é 60[° @ U-Net (Ex&ientNet-B4)
U-NetFormer (ResNeXt101)

@ FT-U-NetFormer (Swin-B)
# Params (M) @ DeeplabV3 (ResNet-50)
10 HRNet (W48)

55 80 @ UPerNet (ViT)

@ UPerNet (Swin-B)

@ SegFormer (MiT-B5)
250 @ SETR PUP (ViT-L)

@ K-Net (Swin-B)

200 400 600 800

FLOPs (G) §+§§ #

50
0




=7 S

Mg L <L DEERL L K X A 28

« HEM L R XA VBEILDNY F~¥—7 xRt
o TxHTFEDDAFormer’ (XA 7 7 ILIZB B BE & ZERK

RGH image Reference Source-only DAFormer
DAFormer 62.35
Ed Oracle 1 64.99
i
= Source | 59.32
e e 9 AST I
% ® 6 § OE °o 3 TAST 53.46
% =]
o X °% P = CBST I 5.()|
o o (-] o o
¥ o ° ° 2 TransN 5
& 0000 . % ] ransNorm 1.01
L]
% [e ] o © o CLAN I 3.5 5
-]
o v
o MCD 47.36
o® % - DeeplabV2-hased

UDA (Regional-level) o =1 AdaptScg I | 5.6 "

© Source & SegFormer-based

@ Target FADA I .35

\/ _ Z I\\\ )< /r \/ t & __/7_\_‘ \\/ '\ PyCDA I 37 89
KX A > OHbiE L RIL DD E|

Oracle I 5,65

Source I S(.0 1

Duesseldorf

30 35 40 45 50 55 60 65 70

* L. Hoyer, D. Dai, and L. V. Gool, “DAFormer: Improving network architectures and training strategies for domain-adaptive semantic segmentation,” Proc. CVPR, 2022.
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