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SBW AND ITS IMPACT
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Objectives

YEAR BTK TREATMENT % BTK TREATMENT %
(Areas with all (Areas with severe &
defoliation levels) moderate defoliation)
2022 10.87 31.00
2021 11.59 57.57
2020 1.33 2.89
2019 7.21 1417

=> Project : Optimize suppression activities

Identify vulnerable areas and factors influencing forest vulnerability at the stand and
landscape scale with machine learning models



METHODOLOGY
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Data source:
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- Countries administrative areas (GADM)
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Forest vulnerability

VULNERABILITY = BIOMASS LOSS OF 25% OR MORE

Response variable
in ML models

CLASS 1 CLASS O
Biomass loss No biomass loss

Permanent plots : last outbreak 1967-1991
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Explanatory variables : Composition variables
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Explanatory variables : Landscape variables
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SHDI
Shannon'’s diversity index
m
SHDI = - ) (P, xInP)
i=1

P_i: proportion of class i

Patches per class
NP = n;
n_i : number of patches of class i

Area per class

CA = sum(AREA[patch;;])

Patch_ij : area of patch j of class i



Explanatory variables : Landscape variables

SHDI
LHMI‘;:ETJ':FCHSPZ Shannon’s diversity index
m
SHDI = —) (P, *InP,)
i=1

P_i: proportion of class i

Patches per class

Patch NP = n;

n_i : number of patches of class i
Area per class

CA = sum(AREA[patch;;])

Patch_ij : area of patch j of class i
Hesselbarth et al. (2019)
Wang et al. (2014)
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Explanatory variables : Landscape variables
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Modelling process and algorithms
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Data partitioning

Class 1 Class O
1967-1991 Biomass loss No biomass loss

75% CALIBRATION >
DATA /
@ e

} S

25% EVALUATION A
BALANCING METHOD

Sun et al. (2015)
Tahir et al. (2012)
Kittler et al. (1998) 14



A Class 0 =

— .
75% CALIBRATION 7 Nobiomass loss
e S
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m1 m2 m3 m4 m5 m6 m7 7 calibrated models

L

\m p2 p3 p4 p5 D6 07 7 probabilities
—
ENSEMBLE RULE
SUM, PRODUCT, MEAN, MIN, MAX

FINAL PROBABILITY

Sun et al. (2015) Undersampling : loss of data
Tahir et al. (2012) Oversampling : generated data

Kittler et al. (1998) 15
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Model performance metrics

Kappo AUC (Precision-Recall Curve)
Agreement between predicted and observed data 1
A
AUC
<0 Poor C
: O
0.00-0.20 Slight Proportion of D
0.21-0.40 Fair overall correctly 8
classified Class1 o
0.41 - 0.60 Moderate
0.61 - 0.80 Substantial 0 >
0.81-1.00 Almost perfect Recall

Landis et Koch (1977)

Proportion of correctly
classified Class1 compared
to all observed Class1

» Not a threshold dependant metric
« Model overall performance

> Metrics usually used for imbalanced data
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RESULTS

17



Model performance

MODEL

MLP

RF

XGB

SVM

MLP

SVM

RF

XGB

GLM

KNN

RULE

Minimum

Minimum

Minimum

Minimum

Mean

Mean

Mean

Mean

Minimum

Minimum

Performance per algorithm

KAPPA

0.504

0.495

0.486

0.456

0.454

0.379

0.345

0.341

0.310

0.310

AUC

0.541

0.576

0.511

0.594

0.547

0.564

0.571

0.526

0.385

0.432

Performance per ensemble rule

RULE

Minimum

Mean

Product

Maximum

Sum

MEAN KAPPA

0.385 £0.126

0.293 + 0.096

0.241 £ 0.149

0.209 + 0.056

0.097 + 0.058

MEAN AUC

0.491 + 0.09

0.485 = 0.089

0.485 + 0.089

0.412 £ 0.1

0.485 + 0.089
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Biomass loss probability 2006-2022 ; Minimum ensenible rule -
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Biomass loss probability 2006-2022 : Mean ensemblerule
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Variable contribution

Tmin -+

Stand_height +
Stand_density

Stand_age -

Slope

Prec -

Percentage SH -
Percentage PH -
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Landscape SH_n_patches -
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Landscape PH area -

Elevation - *H—
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6 1IO 2'0 3IO 4'O
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Stand_density
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PCA on 2006-2022 data
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CONCLUSION
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Research perspectives

« Re-evaluate the model in regions where the 2006 outbreak is done : Cote-Nord

-=> Compare to real biomass loss
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Conclusion

1. ML algorithms : satisfactory prediction of biomass loss probability at the landscape scale
1. MLP
2. XGBoost
3. Random Forest

2. Low interpretability : MLP algorithm

3. Regeneration/Plantation : not considered in biomass loss evaluation from permanent plots
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Conclusion

1. Variables contribution :
1. Cumulative defoliation, Proportion of primary hosts
2. Climate variables (Minimum temperature, Precipitations), Elevation, Proportion of secondary hosts,
Landscape diversity
2. Vulnerable areas:
1. Very high probability of biomass loss : 249 km2 224 > 2282 km2 +2003

2. High probability of biomass loss : 3501 km2 +1475 > 15633 km2 4807
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