Assessment of hybrid models developed for
the retrieval of vegetation traits from CHIME
L2A data
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Vegetation retrieval models

Hybrid models were developed for vegetation properties
retrieval within CHIME E2E and parallel scientific studies.
All models are based on GPR: (1) competitive, and (2)
provision of associated uncertainty estimates

Need for a critical review of:
1. All developed hybrid models (>10 variables)

2. Evaluation of alternative machine learning regression
algorithms (MLRASs) given provision of uncertainty
estimates

3. Models’ robustness under noise scenarios

We evaluated hybrid models as developed by:

e EZ2E studies: v.1.9 models
e CNR-IREA: GRO18 models
e Milano-Bicocca-UNIMIB: JDS20 models

Canopy Nitrogen Content (CNC) Uncertainty
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Powerful machine learning regression algorithms for hybrid models

Gaussian process regression (GPR). cpris based on Gaussian

processes (GPs), which generalize Gaussian probability distributions in a function's space.
GPs provide a natural way of assessing the uncertainty of the predictions through the
predictive variance (error bars).

Quantile RegrESSion Forests (QRF) Random Forests is a specific

type of bagging trees that constructs a collection of decision trees with controlled variance. In
QREF, the distribution of responses is taken, allowing the estimation of the full prediction
interval, i.e. uncertainties.

Kernel ridge regression (KRR). krr combines RR with the kernel

trick. It thus learns a linear function in the space induced by the respective kernel and the
data. Uncertainty can be calculated through bootstrapping!

Artificial neural networks (AN N) is basically a pointwise
nonlinear function (e.g., a sigmoid or Gaussian function) applied to the output of a
linear regression. The most common structure is a feed-forward ANN. Uncertainty can be
calculated through bootstrapping!
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Experimental Setup: SCOPE simulations

Simulated scene:

e 300 x 300 pixels; 295 CHIME-like bands

e 3 classes with random sampling: low, medium, high

e Dbroad ranges: evaluation if generic

e Input images of vegetation variables

e Gaussian noise levels added: 5%, 10%, 20%, 50%

Small Mediuvm
Input Varable Acroym Min Max Man Max
Leal Variables: PROSPECT-PRO
Leaf Chlorophyll Content |yig/cm? Cab / LCC 5 20 20 50
Leaf Water Content [g/em?) Cw / LWC 0003 0005 0005 0.015
Leaf Dry Matter Content [g/cm?) Cdm /JLOMC 00005 0002 0002 0006
Leaf Protem Content [g/cm?] Cp 00001 0001 0001 00015
Leaf mesophyll structure parameter N 1 27 1 27
Leal Carbon Based Corstituents [g/em?]  CBC 00004 0001 0001 00045
Leaf Carotencids Content [g/cm?] Cxc 0 20 0 20
Canopy Variables: 4SAIL
Leaf Area Index [m?/m?] LAl 0.1 15 15 40
Leafl Inclination determanation a |-] LIDFa i 1 1 1
Leal Inclination determanatson b |-] LIDFb 1 1 1 1
Soil Variables: BSM
Soil Moisture Content [%] SMC 5 55 5 55
Madd parameter for Soil Brightness -] B 0 09 0 09
Maodel parameter 'lat (] BSMiat 20 4 20 40
Madel parameter ‘Jon’ [-] B5SMlon 45 65 45 65
Hlumination and Observation Angles

Relative Azimuth Angle [deg| RAA 0 180 0O 180
Observer Zemith Angle [deg] OZA 0 25 0 25
Sun Zensth Angle [deg) SZA 0 80 0 80

High

Min Max
S0 8
0015 003
0006 001
00015 0002
1 27
0.0045 00030
0 20
40 8

1 1

1 i
5 55
0 09
20 40
45 65
0 180
0 25
0 &0

{
:

Erargy Gingalvom
‘ll'
}1 v, £ f
w4
n\a'
M
R " .
e o
{ |
3
-
g‘ll |
~
SIS DCy

J

ARTIVGD

RGB output scene with noise added:
10%

no noise 5%

§° )'-.A'n-‘ o
N - \ )"“."t "’-'.
v A

E2E Priority variables:

e specific leaf area (SLA)
e |eaf nitrogen content (LNC)
e canopy nitrogen content (CNC)
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Canopy Nitrogen Content (CNC): E2E v.1.9
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Canopy nitrogen content [g/m?]: CNC (E2E v.1.9) Leaf area index [m?/m?]: LAI (E2E v.1.9)

Noise level

Method  Statistic | 0% 5% | 10%  20% | 50%

- | =R 0.87| 0.83 075 064 | 043
GPR RMSE | 085| 0905 | 113 | 143 | 195

NRMSE |l011) 012 | 015 | 023 | 045 NRMSE | 011) 012 | 014 | 018 | 0.24
"= 0.84 | 0.71 049 022 0.05 ie 080 079 074 059 | 024

KRR RMSE | 501|564 | 701 | 1010 | 19.75 === KRR RMSE | 101 | 106 | 120 | 163 | 3.11
L e—

Noise level

Method | Statistic 0% | 5% | 10% 20% | 50%
R 0.86| 0.81 0.69 045 | 016
GPR RMSE 3092| 432 538 798 | 1590

NRMSE | 014 | 016 | 019 | 0.28 | 055 ! ;‘,,’%{.“f; gg ,-,g_;%,,g;;f;v,,g.:g,,yg:%,
% ~ y .
QRF aMSE | oot | 661 | 6o | 698 | 7o QRE | BMSE | 107|148 | 120 1.9 | 444
NRMSE | 019 | 018 | 019 | 019 | 021 WRMO% ] 013 ] Gla) D131 A6, | I8
P RN Y ER R ar Iy el R* | 083 075|059 | 033 | 008
] - | ' NN | RMSE | 096|118 | 159 | 231 | 334
NN | RMSE |553 | 737 | 1006 | 1311 | 1549 ,‘l aicae | sl are | Bail o o
NRMSE | 015 | 020 | 028 | 036 | 043 - Lese 23 1Bt

Canopy chlorophyll content [g/m?]: CCC (E2E Canopy water content [g/m?]: CWC (E2E v.1.9)

Noise level

_Method | Statistic | 0% | 5% Method | Statistic | 0% | 5% | 10% & 20% | 50%

e )

n-“ 0.83 T RT O [089] 079 | 066 | 050 | 026

GPR RMSE 0.80 GPR RMSE 307.68 | 301,81  477.00 | 55343
NRMSE 013 | NRMSE | 013 | 016 020 | 023

e 0.80 7R T087 | 085 | 080 065 | 027

KRR RMSE 083

: KRR | RAISE | 23669 | 24612 | 27243 | 35125 | 63684
NRMSE | 013 | 013

| EAEAL - U4 | NRMSE | 010 0.10 011 015 0.27 . of *
074073 [ 082 | 080 | 079 | 0.77 [ 072 T LA
QRF BRMSE | 093 | 095 QRF RMSE | 28599 | 20156 | 207.39 = 30658 | 329.70 i
NRMSE | 015 | 015 VRMSE | 012 | 012 | 012 013 | 014 ==
RT 085 | 077 [ R? 087 | 083 | 075 | 054 | 018 o
NN RMSE 064 080 NN RAMSE 23931 25760 30028 40236 62041

| NRMSE | 010 | 011 | 013 | 017 | 026

NRMSE | 010 | 012 |



Specific Leaf Area (SLA) (E2E v.1.9)

SLA (cm2g)
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Leaf Nitrogen Content (LNC) E2E v.1.9

b LNS: (gcm2)
No Noise Noise 5% Noise 10% 2 No Noise Noise 5% Noise 10%

05 1 15 2 25 3 35 4 45

Uncertainty (gcm-2)



Leaf level variables

Specific leaf area (SLA [cm?#g]): E2E v.1.9 Leaf nitrogen content (LNC [glcmz]): E2E v.1.9

- Noise level
Nosse bevel : Method | Statistic | 0% | 5% | 10% | 20% | 50%
_Method | Statistic | 0% | 5% | 10% | 20% | 50% R 044 028 | 0.20 | 0.13 | 0.05
| R 1060 [ 048 | 027 | 006 | 000 GPR RMSE | 000 | 000 | 0.00 | 000 | 000
GPR RMSE | 47718 48145 | 48793 | 499483 | 511.9 NRMSE | 020 | 020 | 0290 | 029 | 029
NRMSE | 024 | 024 | 024 | 025 | 02 o e 042] 007 | 002 | 001 | 000
e 047 | 043 | O | 019 | 007 KRR RMSE |000| 000 | 000 | 000 | 000
KRR RMSE 49059 49123 49279 | 49728 | 50182 NRMSE o211 035 0.51 0.85 1901
NRMSE ) 025 | 035 | 025 | 025 | 025 TRT [ 032 | 014 | 009 | 0.04 | 0.00
£ |88 | GAL Q3. | 842 1085 QRF | RMSE | 000 | 000 | 0.00 | 0.00 | 0.00
QRF | RMSE | 46607 | 46346 | 465.08 |:47640 | S03.56 FeTNmmumwe NRMSE | 024 | 027 | 028 | 029 | 031
NEMSE | 023 | 023 | 023 | 024 | 025 0 2551 o00 To0¢ o051 o1
FT[o70] 056 | 038 | 018 | oo4 oy el
E NN RMSE | 000 | 000 | 0.00 | 0.00 | 0.00
NN RMSE | [464.01| 46324 | 46390 | 47167 | 490.47 | viiree | o2 aas | oae |ozs: | o
NRMSE [|023 || 023 | 023 | 024 | 025 — —d § :
Leaf mass per area (LMA [g/cm?]): JDS20 Leaf water content (LWC [cm]): E2E v.1.9
Noise level -
g Nose level
Method Sla:loc 0% | 5% | 10% | 20% | 50% Method | Statistic | 0% | 5% | 10% | 20% | 50%
R 036 | 012 | 005 | 0.01 | 000 7 0911087 1080 |08 [ 037
GPR RMSE | 000 | 000 | 0.00 [ 000 | 000 CPR axse oool aoo | aoo | 000 | o6
NRMSE | 030 1030 | 0.30 | 030 | 030 ~NrMmSE [[00s | 010 | 012 | 016 | 023
R 0.71]/ 053 | 026 | 005 | 000 11 D |0BA O |0 100
KRR RMSE (|00 |l 000 | 000 | 0.00 | 000 vanpts KRR rmse |oool 0o | 0oo | 000 | 00
NRMSE 11023 )] 025 | 0.28 | 0.38 | 0.80 S NRMSE [013 | 013 | 014 | 007 | 027
R* 051 | 043 ] 029 | 0.11 | 0.00 . fr D82 o2 |08l |077 | 068
QRF RMSE | 000 | 000 | 000 | 000 | 0.00 - QRF rvmseE |looo|looo | oo | ooo | om
NRMSE | 025 | 025 | 026 | 027 | 030 — NRMSE [012 ]| 012 | 012 [ 013 | 018
R 010 003 | OD1 000 | 000 = i D9 lom 05 oD | o0r
NN RMSE | 000 | 000 | 000 | 000 | 000 NN RMSE | 000 | 000 | 001 | 001 | 001
NRMSE | 031 Jo31 | o031 | 032 032 NRMSE [ 014 | 016 | 019 | 026 | 036




Vanable 0%
E2E v.1.9.

SLA 055
LNC 0.44
LAI 0.87
CNC 0.86
LCC 0.91
LwC 0.91
dde 0.87
cwC 0.89
FVC 0.90
FAPAR 0.96
ESA-IT-GRO18
LNC 0.16
CNC 0.05
LCC 0.69
CCC 0.79
ESA-IT-1DS20.
LMA 0.15
LNC 0.36
LAI 0.64
CNC 0.66
LCC 0.56
CCC 0.57
LWC 0.88
CWC 0.80

5%

0.48
0.28
0.83
0.81
0.87
0.87
0.83
079

0.90
0.9

0.14
0.02
0.65
0.62

0.15
0.12
032
029
0.49
0.56
0.84

Overview of the model results
R? (GPR: bolded if best result of all MLRAs)

Noise level
10% 20%
027 005
0.20 0.13
0.7 064
0.69 045
0.81 0.68
038 0.66
076 063
066 050
0.88 080
092 0285
0.11 0.06
0 0
058 041
042 021
015 013
005 001
012 003
013 005
041 030
053 043
072 048
034 022

0.48

50%

0.00
0.05
0.43
0.16
04
0.37
0.38
0.26
0.50
0.61

0.01

0.16
0.05

0.08
0.00
0.00
0.01
0.15
0.16
0.16
0.09

NRMSE (%) for 0% noise (best result bolded)

Variable GPR KRR QRF NN
E2Ev.19. -
SLA 4%  25% 23% 23%
LNC 20% 24%  28%
LAl %] 3% 13% 12%
CNC 11%| 14% 19% 15%
LCC 10%| 18% 16% 14%
LWC 8% | 13% 12% 14%
ccc 1% | 13%  15%  10%
CWC 0% 10% 12% 10%
FVC 12% | 10% 18% 14%
FAPAR 8% | 9% 13%
ESA-IT-GRO18 models.

LNC 3%  30% 38% 40%
CNC 9% 28% 31% 2%
LCC 19% 13% 25% 17%
€CC 19%  24%  21%  19%
ESA-IT-JDS20 models

LMA 7% |21% | 23% 25%
LNC 0% [% 5% 3%
LAI 17% 19% 25% 30%
CNC 21% 21% 24% 26%
LCC A%  30% 2% 15%
€CC 21% 23% 2% 25%
LW 17% 14%  12% 15%
W 16% [9% | 1% 18%
~ # Total best models 8 9 2 6
# Total best models <16% NRMSE 5 3 1 4

# Total models <16% NRMSE 8 0 7 9 10/11



Conclusions & recommendations

GPR was evaluated as the best performing, but when fails, KRR is most promising
alternative (in case of low noise levels). QRF appears as first choice as backup model (most
robust in presence of noise). Note: The E2E-L2BV module needs to be adapted for running
these models.

Priority variables: Promising results for canopy nitrogen content (CNC). Also for other
canopy variables (E2E v.1.9).

Retrieval of the priority leaf variables needs improvements through tuning at training
stages (gains can be expected when focusing the training data to specific spectral domains, i.e.,
where variables are most sensitive) and providing an optimized training database in terms
of variable sampling (distribution and ranges).

The available data sets (E2E v.1.9, GRO18, JDS20) were used separately to train
different algorithms for each variable. Merging the data sets into one pool could lead to
more robust models.

A next step is to assess the robustness over varying land covers and differing sun-target-
geometries: multiple PRISMA images.

The hybrid workflows could be easily adapted towards highly demanded variables, such
as carbon content, fresh biomass, or non-photosynthetic (dry) biomass, potentially
providing first generic models of these traits within the E2E chain.
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