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Figure S1-a: Results of ANOVA for the selected Vegetation indices applied on HySpex. x : Selected

VI and y : F-value of the ANOVA. All selected VI have a p-value < 0.05

45

IM
IddS

(029 o0L)¥vOW

Tuos|P)O
004 SIS J3ued
0SS STS [0JeD
094 509 Jaued

ZL9 nep
0ETZ 098 IMAN
0StT 00TT IM
IAdS

0SvT 08ZT IM
SOL 0SL IAVSO
1HYIN

0Zr S69-194eD
Ov9T 098 IMON
THan

ZIaN

049 S69 Jaued
ZHSIN

ISW

INL

14d

0SL IANLW

1220

0T 0S4 ¥S
09, 0TL 12ued
€SS 789 IAON
0S5 29 Wep
uuewjaop
ZuuewaBop
aa

“SO 0/9 00, 1¥VDL

049 00 1HVIL
YD

"0 (0£9 00£)I¥VIW

IUO2EW
08L 1ep
0S8 1ep

40
35
30
25
20
15
10

5

0

Figure S1-b:Results of ANOVA for the selected Vegetation indices applied on HYPXIM at 4m. x :
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Selected VI and y : F-value of the ANOVA. All selected VI have a p-value <0.05

45
40
35
30
25
20
15
10

5

0

NEOm_Wu_U
089 008 HSW
IdHS

IN3D

._”c_ﬂ.m__w:w

TIaN

069 Ot S
09/ 509 Jaue)
069 254 HS
ZYS

0S¥T 00TT IMON
IS

IAdS

IAVSIN

049 008 IAVSO
09/ OTL 42ue)
o 1A

008 IALW

OTL 0SL S
YN

749 nep

B}

IAL

0SL IALN
uuewjadop

0SS SIS 192D
0SS 2.9 nep
zuuew|adop
(ER

€55 289 IANON
004 SL9 S
0497569 4a1e)

“SO (049 00L)I¥WIW

0£9 00 IHVOL
aa

14V

0/9 00, Medw
068 1ep

Figure S1-c:Results of ANOVA for the selected Vegetation indices applied on HYPXIM at 8m. x :

Selected VI and y : F-value of the ANOVA. All selected VI have a p-value <0.05



Supplementary material 2

A. Horse chesnut Fir Maple e Dwarf palm Con}mon Southerln Shrub mix Lawn London plane Oak Black locust ~ Silver linden Linden
n hackberry privet magnolia

Horse chesnut 19 0 0 0 0 0 0 0 0 1 0 0 0 1
Fir 0 8 0 0 0 4 2 2 0 0 0 0 0 1
Maple 0 0 4 0 0 0 0 0 0 0 0 0 0 2
Mediterranean hackberry 0 0 1 23 2 1 2 0 0 3 1 1 2 1
Dwarf palm 0 1 0 2 4 1 0 3 0 1 0 0 0 3
Common privet 0 3 0 2 1 13 0 1 0 0 0 1 0 0
Southern magnolia 0 2 0 2 2 0 9 1 0 0 0 0 0 1
Shrub mix 0 0 0 0 2 1 0 3 2 0 0 1 0 2
Lawn 0 0 1 0 1 0 0 2 10 0 0 0 0 0
London plane 0 1 0 0 0 2 3 1 2 133 0 5 0 3
Oak 0 0 0 0 0 0 0 0 0 0 7 1 0 0
Black locust 0 0 0 3 0 0 0 0 1 5 2 9 0 1
Silver linden 0 0 0 0 0 0 0 1 0 0 1 0 4 4
Linden 2 1 4 3 4 0 0 0 2 1 1 3 11 44
Total Training 21 13 10 35 16 22 16 14 17 144 12 21 17 63
Producer's accuracies 90% 38% 40% 66% 25% 59% 56% 21% 59% 92% 58% 43% 24% 70%

B. Horse chesnut Fir Maple DMt Dwarf palm Con?mon Souther.n Shrub mix Lawn London plane Oak Black locust ~ Silver linden Linden

n hackberry privet magnolia

Horse chesnut 18 0 1 0 0 0 0 0 0 0 0 0 0 0
Fir 0 B 1 1 0 2 3 2 0 2 0 0 0 1
Maple 0 0 2 0 0 0 0 0 1 1 0 0 0 0
Mediterranean hackberry 0 0 1 25 1 1 1 1 0 2 0 3 1 4
Dwarf palm 0 0 0 1 6 1 0 0 0 0 0 0 0 1
Common privet 0 5 0 1 1 13 1 2 0 0 1 0 0 1
Southern magnolia 0 2 0 0 2 0 8 0 1 1 1 0 0 0
Shrub mix 0 0 0 0 1 1 0 B 1 0 0 1 0 0
Lawn 1 0 1 1 0 0 1 0 10 0 0 1 0 1
London plane 0 1 1 1 0 2 1 0 2 129 0 3 1 4
Oak 0 0 0 0 0 0 0 1 0 0 5 0 1 1
Black locust 0 0 0 1 0 0 0 0 0 2 0 8 0 2
Silver linden 0 0 0 0 0 0 0 0 0 0 0 0 1 1
Linden 2 2 3 4 5 2 1 3 2 7 5 5 13 47
Total Training 21 13 10 85} 16 22 16 14 17 144 12 21 17 63
Producer's accuracies 86% 23% 20% 71% 38% 59% 50% 36% 59% 90% 42% 38% 6% 75%‘

Total

Predicted
21

14

6
87
15
21
17|
11
14
150
8
21
10
76
421

Total
Predicted
19,
15
4
40
9
25
15
9
16|
145
8
13
2
101

User's

accuracies
90%
36%
67%
62%
27%
62%
53%
27%
71%
89%
88%
43%
40%
58%

User's
accuracies
95%
20%
50%
63%
67%
52%
53%
56%
63%
89%
63%
62%
50%
47%

421

Table S2: Example of confusion matrices for the SVM classification applied with 10-Folds method on (top) reduced image HySpex at 2m by MNF and (down) reduced
image HYPXIM 4m by MNF
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2-folds Number of HySpex 2m HYPXIM 4m HYPXIM 8m Sentinel2 10m
individuals PA UA PA UA PA UA PA UA

Maple 10 0,0% 0,0%)| 0,0% 0,0% 0,0%|
Oak 12 16,7% 33,3% 41,7% 0,0%
Fir 13 7,7% 25,0% 0,0%
Shrub mix 14 0,0% 0,0% 7,1%
Dwarf palm 16 6,3% 25,0% 25,0%
Southern magnolia 25,0% 33,3% 37,5%

Y Lawn 0,0%
Silver linden 0,0% 0,0% 0,0% 23,5% 23,5% 0,0%
Horse chesnut 23,8%
Black locust 4,8%
Common privet 9,1%
Mediterranean hackberry
Linden
London plane
Maple 0,0% 0,0%|
Oak 0,0% 0,0%)| 33,3%
Fir 0,0% 0,0% 7,7%
Shrub mix 7,1% 33,3%
Dwarf palm 25,0%
Southern magnolia

RF L-awn .

Silver linden 0,0%
Horse chesnut
Black locust

Common privet
Mediterranean hackberry
Linden

London plane

Table S3-1: Producer’s and User’s Accuracies (PA and UA) obtained from the MNF-reduced image
datasets, with RF and SVM classifiers trained with 2-folds for the 14 species training dataset.

Number of HySpex 2m
10-folds individuals PA

Maple 10 40,0%
Oak 12
Fir 13 38,5%
Shrub mix 21,4%
Dwarf palm 25,0%
Southern magnolia
Lawn

SVM Silver linden 17
Horse chesnut 21
Black locust 21
Common privet 22
Mediterranean hackberry 35
Linden 63
London plane
Maple
Oak
Fir
Shrub mix
Dwarf palm
Southern magnolia
Lawn

RF Silver linden

Horse chesnut
Black locust

Common privet
Mediterranean hackberry
Linden

London plane

UA

35,7%)

235% ___400% ___59%
42,9% 42,9% 38,1%

HYPXIM 4m
PA UA

HYPXIM 8m Sentinel2 10m

PA

UA PA UA

20,0%
41,7%
23,1% 20,0%
35,7%
37,5%

0,0% 0,0% 10,0% 33,3%
25,0%
7,7%

0,0%
16,7%
0,0%
7,1%
37,5%

0,0% 0,0%

17,6%
5,9% 33,3% 11,8%

38,1%
36,4% 32,0%

Table S3-2: Producer’s and User’s Accuracies (PA and UA) obtained from the MNF-reduced image
datasets, with RF and SVM classifiers trained with 10-folds for the 14 species training dataset.



2-folds Number of HySpex 2m HYPXIM 4m HYPXIM 8m Sentinel2 10m
individuals PA UA PA UA PA UA PA UA
Shrub mix 14 0,00 % 0,00 % 14,29 % 7,14 % 11,11 % 7,14 % 33,33 %
Arecaceae 16 12,50 % 40,00 % 31,25% 31,25%
Lawn 17 5,88 %
Magnoliacea 21 33,33% 38,89 % 28,57 % 35,29 % 28,57 % 35,29 % 28,57 % 37,50 %
Fagaceae 22 9,09 % 22,73 % 26,32 % 4,55 % 5,88 %
swm  |Oteaceae 23 435% 17,86 % 0,00 % 3,57 % 8,70 % 6,90 % 0,00 % 0,00 %
Fabaceae 26 30,77 % 29,63 % 42,31% 38,46 % 43,48 % 11,54 % 37,50 %
Sapindaceae 29 34,48 % 31,03 % 4091 %
Pinaceae 32 40,63 % 38,24 % 34,38 % 35,48 % 15,63 % 16,67 %
Ulmaceae 49 26,53 % 30,23 %
Tiliaceae 80| 40,29 %
Platanaceae 144
Shrub mix 0,00 % 0,00 % 0,00 % 0,00 %
Arecaceae 6,25 % 25,00 % 43,75 %
Lawn 23,53 % 29,41 % 5,88 % 25,00 %
Magnoliacea 23,81 % 9,52 % 28,57 % 14,29 % 42,86 % 23,81% 29,41 %
Fagaceae 0,00 % 0,00 % 0,00 % 0,00 % 13,64 % 27,27 %
RE Oleaceae 0,00 % 0,00 % 20,83 % 0,00 % 11,76 % 0,00 % 8,33 %
Fabaceae 15,38 % 19,23 % 45,45 % 23,08 % 19,23 % 38,46 %
Sapindaceae 34,48 %
Pinaceae 28,13 % 12,20 %
Ulmaceae 30,56 %
Tiliaceae 36,50 %
Platanaceae

Table S3-3: Producer’s and User’s Accuracies (PA and UA) obtained from the MNF-reduced image
datasets, with RF and SVM classifiers trained with 2-folds for the 12 families training dataset.

10-folds Number of HySpex 2m HYPXIM 4m HYPXIM 8m Sentinel2 10m
individuals PA UA PA PA UA PA UA
Shrub mix 14 21,43% 30,00 % 0,00 % 0,00 % 28,57 % 40,00 %
Arecaceae 16 12,50 % 22,22 % 42,11 %
Lawn 29,41 % 38,46 %
Magnoliacea 28,57 % 37,50 %
Fagaceae 40,91 %

WM Oleaceae 8,70 % 5,56 % 4,35% 8,00 % 8,70 % 0,00 % 9,52 %
Fabaceae 42,31% 39,29 % 38,46 % 30,77 % 26,92 % 29,17 %
Sapindaceae
Pinaceae 21,43 %
Ulmaceae 43,14 %
Tiliaceae
Platanaceae
Shrub mix 14 0,00 % 0,00 %

Arecaceae 16

Lawn 17 17,65 % 33,33%
Magnoliacea 21 38,10 % 23,81 % 33,33% 36,84 %
Fagaceae 22 0,00 % 0,00 % 45,45 % 40,91 %

RE Oleaceae 23 0,00 % 17,65 % 0,00 % 19,05 % 0,00 % 0,00 % 0,00 %

Fabaceae 26 26,92 % 30,77 % 26,92 % 19,23 % 45,45 %
Sapindaceae 29 41,38 %
Pinaceae 32 28,13 % 21,88 % 28,00 %
Ulmaceae 49 39,68 %
Tiliaceae 80 45,08 %
Platanaceae

Table S3-4: Producer’s and User’s Accuracies (PA and UA) obtained from the MNF-reduced image
datasets, with RF and SVM classifiers trained with 10-folds for the 12 families training dataset.



