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Problem: From field observations to maps of
ecosystem variables
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Remote Sensing to derive continuous
information
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Remote Sensing to derive continuous
information

Spatially continuous but it's only reflectances...
e AN

xw how can this be used to derive

A ecologically relevant information?
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How do we get “maps” of ecosystem
variables ?

Predictors
\
‘\b "‘* | N
| | ] Machine learning
, ’ ‘ —re— (e.g. Random Forests)
\ i £ ¥ \\.
v ¥V

Response
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How do we get “maps” of ecosystem
variables ?

Predictors

) Spatial prediction

Response

Py

———— WWUu “__O l< Remote Sensing & Hanna Meyer | 2022

MUNSTER Institut fiif)bandschaftsskologie SpatialMOdelling



Global maps of ecosystem variables based on
machine Iearnlng (a few examples)
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Global maps of ecosystem variables based on
machine Iearnlng (a few examples)
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Machine Iearning as a magic tool to map everything ?
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...but there are increasingly doubts about the
quality of these results

Wenn die KI daneben liegt F“H nEEP
Welche Fehler drohen, wenn Forscher Wissenslucken per o

AUS DER
Computer schliel3en wollen, zeigen zwei aktuelle ZEIT NR. 46/2019
Klimastudien.
DIE&LZEIT

Von Tin Fischer Sehlze .

Secke! 1

= % g BY DOUGLAS HEAVEN
6. November 2019, 16:44 Uhr / Editiert am 9. November 2019, 17:42 Uhr / DIE ZEIT Nature 574, 163-166 (2019)
Nr. 46/2019, 7. November 2019 / 9 Kommentare

Hame 7 N

Researchers Find Flaws in High-Profile Study on Trees
and Climate

Comment | Published: 23 August 2021

Conservation needs to break free from global priority
Four independent groups say the work overestimates the ¢ 2
global forest restoration, but the authors insist their originamapplng

Carina Wyborn &7 & Megan C. Evans
KATARIMA ZIMMER

Nature Ecology & Evolution (2021) ‘ Cite this article
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Have we been too ambitious? When and why might the models fail?
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How do we assess the accuracy of global
maps?

ldeal: Design-based inference using a probability sample

Nearest neighbor distances
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What do these applications have in common?
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What do these applications have in common?
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This is not just an issue for global
applications
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This is not just an issue for global
applications
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This is not just an issue for global
applications
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Does the clustered pattern cause problems?
Let’s explore with this case study...
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Is this a problem? Example of a “classic” land
cover classification

Aerial image overlayed by training sites
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Is this a problem? Example of a “classic” land
cover classification

Aerial image overlayed by training sites Example of predictors
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Is this a problem? Example of a “classic” land
cover classification

Aerial image overlayed by training sites Example of predictors
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Is this a problem? Example of a “classic” land
cover classification

Aerial image overlayed by training sites Example of predictors
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Random Forests

How well can we model land cover with this approach?
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Performance assessment by the default
validation strategy

Variables Validation Accuracy Kappa

all random >0.99 >0.99
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Performance assessment by the default
validation strategy

Variables Validation Accuracy Kappa

all random >0.99 >0.99

Perfect prediction?
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...but it doesn’t look like a perfect prediction

Water
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Meyer et al., 2019
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...but it doesn’t look like a perfect prediction

Predlctlon

| Igl— Larch

Meyer et al., 2019

But statistically it’s a perfect model.

How Is this possible?
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Assessment of performance by default
random cross-validation
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Assessment of performance by default
random cross-validation

Cross-validation
* Divide data into k folds
* Repeatedly train
models
on k-1 fold
* Test on held back data
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Assessment of performance by default
Tandom cross-validation>

Cross-validation
* Divide data into k folds
* Repeatedly train
models
on k-1 fold
* Test on held back data

Answers question how well model performs on very similar locations
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Assessment of performance by default
random cross-validation

Created prediction situations
are comparable to the training
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Assessment of performance by default
random cross-validation

Created prediction situations
are comparable to the training

1.2 5
data
\ ...but we’re not testing ability to
make spatial predictions
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Assessment of spatial performance

...But the aim is to fill the gaps between sampling locations!
Spatial cross-validation is required
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Assessment of spatial performance

...But the aim is to fill the gaps between sampling locations!
Spatial cross-validation is required Random CV
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Convinced? So why is the value of spatial CV
then still discussed?

Ecological Modelling

Volume 457, 1 October 2021, 109692

ELSEVIER

Short ¢ municatio

Spatlal cross-vahdatlon is not the right way to
evaluate map accuracy

Alexandre M.).-C. Wadoux ® & &, Gerard B.M. Heuvelink °, Sytze de Bruin ©, Dick J. Brus
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Convinced? So why is the value of spatial CV
then still discussed?

aE ol Modell . Created CV situations might
e Cd iy even be harder than the actual
S prediction task
Spatial cross-validation is not the right way to ;
evaluate map accuracy _ '
Alexandre M.).-C. Wadoux ® & &, Gerard B.M. Heuvelink °, Sytze de Bruin ©, Dick J. Brus ?;
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Convinced? So why is the value of spatial CV

then still discussed?

" G WVolume 457, 1 October 2021, 109692
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— QOur suggestion: prediction
situations created during CV
need to resemble those
encountered while predicting the
map from the reference data

Ecological Modelling 154

Created CV situations might
even be harder than the actual
prediction task
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Convinced? So why is the value of spatial CV
then still discussed?

Created CV situations might

Ecological Modelli 1.5+
bsa i even be harder than the actual
prediction task
(and random always
Spatlal cross-validation is noflthe right way to ;
evaluate map accuracy '
Alexandre M.).-C. Wadoux ® & &, Gerard B.M. Heuvelink °, Sytze de Bruin ©, Dick J. Brus EIZ,:
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— QOur suggestion: prediction = , | |
situations created during CV ‘ geographic distances (m) -
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encountered while predicting the
map from the reference data

distance function |:| sample-to-sample |:| sample-to-prediction |:| CV-distances

We can do that the trial-and-error-way or....
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Suggestion of a nearest neighbor distance
matching LOO CV

Received: 20 September 2021 Accepted: 8 March 2022
DOI: 10.1111/2041-210X.13851

Methods in Ecology and Evolution E Egﬁ%m
RESEARCH ARTICLE

Nearest neighbour distance matching Leave-One-Out
Cross-Validation for map validation

Carles Mila'® | Jorge Mateu?® | Edzer Pebesma®® | Hanna Meyer*®
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density

10 100 1000
geographic distances (km)

distance function I:I sample-to-sample D sample-to-prediction I:l CV-distances

Reproduce figures: hannameyer.github.io/CAST/articles/cast04-plotgeodist.html
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Suggestion of a nearest neighbor distance
matching LOO CV

10 100 1000
geographic distances (km)

10 100 1000
geographic distances (km)

distance function D sample-to-sample D sample-to-prediction I:l CV-distances

Reproduce figures: hannameyer.github.io/CAST/articles/cast04-plotgeodist.html

Difference between true error

and CV estimate
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Cross-Validation for map validation
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Coming back to our case study...

Variables Validation Accuracy Kappa
all random >0.99 >0.99

Perfect prediction?
We need to assess this by a suitable CV strategy!
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Assessment of spatial performance

Variables Validation Accuracy Kappa
all random >0.99 >0.99
all spatial 0.68 0.61
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Assessment of spatial performance

Variables Validation Accuracy Kappa
all random >0.99 >0.99
all spatial 0.68 0.61

« Standard validation procedures lead to an overoptimistic view on
prediction performance!

ing Hanna Meyer | 2022
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Assessment of spatial performance

Variables Validation Accuracy Kappa
all random >0.99 >0.99
all spatial 0.68 0.61

Standard validation procedures lead to an overoptimistic view on
prediction performance!

* Prediction situations created during CV need to resemble those
encountered while predicting the map from the reference data
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...but the relevance of spatial validation is still
highly underestimated

“I am actually surprised to see the poor performance of your NN
approachl|...]. Typically with sufficient training data a NN approach can
often reproduce the predicted variable very well even if the underlying

reasons are unknown’
(an editor from a high impact journal in the remote sensing community)
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...but the relevance of spatial validation is still
highly underestimated
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reasons are unknown’
(an editor from a high impact journal in the remote sensing community)

Data reproduction is not the same as data prediction!
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...but the relevance of spatial validation is still
highly underestimated

“I am actually surprised to see the poor performance of your NN
approachl|...]. Typically with sufficient training data a NN approach can
often reproduce the predicted variable very well even If the underlying

reasons are unknown”
(an editor from a high impact journal in the remote sensing community)

Data reproduction)is not the same as data prediction!

Random
cross-validation!

— ({‘/i‘j:::i)!)\
—_— N K (R Sensi Hanna Meyer | 2022
WWU SILOK lemmesemsnge ver



...but the relevance of spatial validation is still
highly underestimated

“I am actually surprised to see the poor performance of your NN
approachl|...]. Typically with sufficient training data a NN approach can
often reproduce the predicted variable very well even If the underlying

reasons are unknown”
(an editor from a high impact journal in the remote sensing community)

Data reproduction)is not the same as(data prediction!

Random Spatial
cross-validation! cross-validation!
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Spatial performance of models needs to be
iImproved!

Water
Spruce
Settlement
Road

Oak

Larch

Grassland
Field
Douglas Fir

Beech
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Spatial performance of models needs to be

improved!

Prediction
T E A T Water
Spruce
Settlement
Road

- Oak

 Larch

- Grassland

~- Field

— Douglas Fir

. Beech

| |
<¢ THEY START LOOKING RIGHT,

THIS 1S YOUR MACHINE LEARNING SYSTEM?

YOP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN (OLLECT
THE THE OTHER SIDE.

JUST STIR THE PILE UNTIL

https://xkcd.com/1838/
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Spatial performance of models needs to be

iImproved!

Prediction Wat
3@ 74 i
S s Spruce

Settlement
Road
- Oak

G Dﬂ- Larch

- Grassland

~- Field

— Douglas Fir

. Beech

Where do these prediction patterns
come from?

THIS 1S YOUR MACHINE LEARNING SYSTEM?

YOP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN (OLLECT
THE OTHER SIDE.

https://xkcd.com/1838/

= " >
——— WWU “__Ol< Remote Sensing &
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An example of the “clever Hans effect” ?

Variable importance

lon o)

lat 0

dem o)

ngrdi o)

pca 9 sd o)

slope O

tgi o)

aspect 0
0
o
o)

uolne|aliodoine
leneds ybiH

gli
pca
blue
pca 3 sd | o
red 0
green o)

pca 5 sd |0
VVi o

I I I |
50 100 150 200

- . ™
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An example of the “clever Hans effect” ?

Variable importance

lon o)

lat 0

dem o

ngrdi o)

pca 9 sd o)

slope O

tgi o)

aspect o
o)
o
o)

uolne|ailodoine
leneds ybiH

gli
pca
blue
pca 3 sd | o
red 0
green o)

pca 5 sd |0
Vi o)

I I I |
50 100 150 200

Suspicion: spatial dependencies lead to confounding variables.
— True relationships not recognized, causing the model to fail in making predictions?

= » >
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An example of the “clever Hans effect” ?

Variable importance Is the model behaving like the “clever Hans” ?

lon o)

lat 0

dem o

ngrdi o)

pca 9 sd 0

slope O

tgi o)

aspect o
o)
o
o)

uolne|ailodoine
leneds ybiH

gli
pca
blue
pca 3 sd | o
red 0
green o)

pca 5 sd |0
Vi o)

I I I |
50 100 150 200

Suspicion: spatial dependencies lead to confounding variables.
— True relationships not recognized, causing the model to fail in making predictions?
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“Unmasking Clever Hans predictors and

assessing what machines really learn”

(Lapuschkin et al., 2019, Nature communications)

Horse-picture from Pascal VOC data set

What is the
information the
algorithm uses to
detect the horse?

Lapuschkin et al., 2019

- " > 3
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“Unmasking Clever Hans predictors and
assessing what machines really learn”

(Lapuschkin et al., 2019, Nature communications)

Source tag
present

!

Classified
as horse

Lapuschkin et al., 2019
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“Unmasking Clever Hans predictors and

assessing what machines really learn”

(Lapuschkin et al., 2019, Nature communications)

Source tag
present

!

Classified
as horse

No source
tag present

|

Not classified
as horse

Lapuschkin et al., 2019
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“Unmasking Clever Hans predictors and
assessing what machines really learn”

(Lapuschkin et al., 2019, Nature communications)

Source tag
present

!

Classified
as horse

No source
tag present

|

Not classified
as horse

Lapuschkin et al., 2019
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“Unmasking Clever Hans predictors and
assessing what machines really learn”

(Lapuschkin et al., 2019, Nature communications)

Source tag
present

!

Classified
as horse

B M T S e
«% Vo7 [t B Nosource
s S /o5 tag present

) :I': ~ @f/ﬁ? l

Not classified
as horse

B ) W

“Right for the wrong scientific reasons” (Schramowski et al.
If scientific reason is not right, the model won’t be able to make reliable predictions for new

samples!

, 2020)? Lapuschkin et al., 2019

= - > X
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“Unmasking Clever Hans predictors and
assessing what machines really learn”

(Lapuschkin et al., 2019, Nature communications)

Source tag
present

!

Classified
as horse

B M T S e
«% Vo7 [t B Nosource
s S /o5 tag present

A @f/ﬁ? l

Not classified
as horse

B ) W

“Right for the wrong scientific reasons” (Schramowski et al., 2020)? Lapuschkin et al., 2019
If scientific reason is not right, the model won’t be able to make reliable predictions for new
samples!

— We already revealed by spatial validation that our case study model is not right...

But how to get it right?

= - > X
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Unmasking “clever Hans predictors” to
iImprove the model?

Variable importance

lon 0
lat 0
dem 0

ngrdi o * Assumption: spatial autocorrelation

9 d 11 - b
2.‘2,1; = leads to “clever Hans predictors

O
O
tgl O
aspect o)
' O
o
O

gli
pca
blue
pca 3 sd | o
red 0
green o)

pca 5 sd |0
Vi o}

| | | |
50 100 150 200

MeanDecreaseAccuracy
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Unmasking “clever Hans predictors” to
improve the model?

Variable importance

lon 0

lat o

dem 0

ngrell9 ; O * Assumption: spatial autocorrelation

O 11 . 7

Slop 5 leads to “clever Hans predictors

tgi o * Removing those variables should

aspect ° improve the results
@]
O

gli
pca
blue
pca 3 sd | o
red 0
green o)

pca 5 sd |0
Vi o}

| | | |
50 100 150 200

MeanDecreaseAccuracy
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Unmasking “clever Hans predictors” to
improve the model?

Variable importance

lon 0

lat 0

dem 0

ngreh9 ; O * Assumption: spatial autocorrelation
O (14 . 7

E{‘c";e —> : leads to “clever Hans predictors

tgi o * Removing those variables should

aspect g improve the results
O
O

gli . . . .
pca » Spatial variable selection required!

blue
pca 3 sd | o
red 0
green o)

pca 5 sd |0
wVi o}

| | | |
50 100 150 200

MeanDecreaseAccuracy

- o
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Unmasking “clever Hans predictors” to
improve the model?

Variable importance

lon 0
lat o}
dem 0
ngreh9 ; o * Assumption: spatial autocorrelation
O 11 . 7

E{‘c";e - : leads to “clever Hans predictors
tgi o * Removing those variables should
Sﬁpe‘ﬂ ° improve the results
pca o e Spatial variable selection required!
blue o
pca 3 sd | o
red 0
green o
pca 5 sd |0 Implemented in R package “CAST”
wVi o}

| I | I

50 100 150 200

MeanDecreaseAccuracy

- o
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Unmasking “clever Hans predictors” to
improve the model?

Variable importance

3
o
8 — __O'O"O . . .
S _o-97F * Assumption: spatial autocorrelation
O " . ’
= leads to “clever Hans predictors
g ° / * Removing those variables should
g = - improve the results
) . . . .
° * Spatial variable selection required!
g ) /
; |
S 0
o
9 Implemented in R package “CAST”
o T T T T T T T T 1
OO T T 0 ®@ ©T 5 T 'S
AR R FE
= 8| P 8| ¥ 8|
o . o fo¥
o + + +
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Unmasking “clever Hans predictors” to
improve the model?

L

Prediction without sele_ction

Water

Spruce

Settlement
Road

_ / : — Oak

: Prediction with spatial selection | |.|— Larch

= . o '

— Grassland
- Field

— Douglas Fir

. Beech

Meyer et al., 2019
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Unmasking “clever Hans predictors” to
improve the model?

Prediction w

ithout sele_ction

L

Longitude

Water
Spruce
Settlement
Road

_ / : — Oak

: Prediction with spatial selection | |.|— Larch

",

— Grassland
- Field

— Douglas Fir

. Beech

Meyer et al., 2019
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Unmasking “clever Hans predictors” to
improve the model?

R . Prediction without selection

] [

“////// Longitude

Water

Spruce
Settlement
Road

— Oak

| H‘— Larch

— Grassland
— Field

— Douglas Fir

. Beech

Prediction with

spatial selection

0

Elevation

Meyer et al., 2019
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What we have learned so far...

* Cross-validation strategy affect:
— Performance estimate
— Selected hyperparameters
— Variable selection
* Conseguences of using an unsuitable CV:
— Unreliable performance estimates

— Models that can well reproduce but not necessarily predict
(“clever Hans effect”)

* Hence, CV strategies that fit the prediction task are required during
model selection and validation!

——— WWU
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* Cross-validation strategy affect:
— Performance estimate
— Selected hyperparameters
— Variable selection
* Conseguences of using an unsuitable CV:
— Unreliable performance estimates

— Models that can well reproduce but not necessarily predict
(“clever Hans effect”)

* Hence, CV strategies that fit the prediction task are required during
model selection and validation!
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What we have learned so far...

* Cross-validation strategy affect:
— Performance estimate
— Selected hyperparameters
— Variable selection
* Conseguences of using an unsuitable CV:
— Unreliable performance estimates

— Models that can well reproduce but not necessarily predict
(“clever Hans effect”)

* Hence, CV strategies that fit the prediction task are required during
model selection and validation!

But is this sufficient for reliable mapping ?

——— WWU

K Remote Sensing & Hanna Meyer | 2022
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Limits to accuracy assessment

* Mapping requires prediction far
beyond clustered reference data

* Transfer to new space required

* New space might differ in
environmental properties

Based on van den Hoogen et al., 2019

— = WWu i @tejs-ng& Hanna Meyer | 2022
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Machine learning models are weak in
extrapolations

* Machine learning can fit very
complex relationships.

Response

Predictor

= > 3
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Machine learning models are weak in
extrapolations

* Machine learning can fit very
complex relationships.

* But gaps in predictor space are
Ay 7 problematic (the model has no
knowledge about these areas!)

Response

Predictor

A e
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Machine learning models are weak in
extrapolations

* Machine learning can fit very
complex relationships.

0 * But gaps in predictor space are

§ Ay 7 problematic (the model has no

% pe knowledge about these areas!)

* ? * A measure for the “unknown” is
needed!

Predictor
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MUNSTER Institut filLandschaftsskologie

Spatial Modelling




Suggestion: Area of Applicability (AOA)

. . BRITISH
Methods in Ecology and Evolution EEEETE'?J“‘ We try to derive the area...
RESEARCH ARTICLE = & OpenAccess () @ .

to which the model can be applied because it

Predicting into unknown space? Estimating the area of has been enabled to learn about relationships

applicability of spatial prediction models

* where the estimated performance holds
Hanna Meyer ¥4, Edzer Pebesma
———— WWU SILOK: {enotesianee, Hanna Meyer | 2022



Suggestion: Area of Applicability (AOA)

BRITISH

Methods in Ecology and Evolution [ e

SOCETY We try to derive the area...

RESEARCH ARTICLE = & OpenAccess () @ .

to which the model can be applied because it
Predicting into unknown space? Estimating the area of has been enabled to learn about relationships
applicability of spatial prediction models

ot s * where the estimated performance holds
anna eyerm, Zer rebpesma

Sentinel-2 scene and

training data points of leaf Predictions Predictions limited to the
‘area index | - | .O

y 8 s s \
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Why is it relevant to map “unknown space”?

Results are not just nice maps but used
for...

* subsequent modeling
* nature conservation
* risk assessment

[ J
; (ff/:r,;f;:;g;:\ § \
_ = < 1 R Sensi Hanna Meyer | 2022
———— WWU SLOK [nossenee ver|



Why is it relevant to map “unknown space”?

Results are not just nice maps but used Eﬁ,@(\

for... COMMUNICATIONS
* subsequent modeling
* nature conservation COMMENT

https://doi.org/10.1038/541467-022-29838-9 OPEN

Machine learning-based global maps
of ecological variables and the
challenge of assessing them

Hanna Meyer® ™ & Edzer Pebesma® 25

* risk assessment

Our opinion: predictions should only be presented for the area of applicability
to avoid error propagation or misplanning
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