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Current problem

* Species proportions are manually photointerpreted from aerial images

— Time consuming > Expensive

— Experience dependent > Subjective > Errors are introduced

* Errorsin species composition can lead to
— Suboptimal management decisions (harvest too early or too late)

® 1h

— Wrong valuation of forest (incorrect bids on purchases or public tenders)
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Objective

* Improve and develop an automated remote
sensing method to predict species
composition for forest inventories

* Specific questions:
1. Which remote sensing data sources to use?
2. Which modeling techniques to use?

3. How do errors in prediction of species 60.0°N fg
composition affect valuation of forests?
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1. Which remote sensing data sources to use”?

* Most common and available RS data sources in forest inventories
— Airborne laser scanning (ALS):
— Provide structural information of forest
— Provide some spectral information called intensity
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1. Which remote sensing data sources to use?

* Most common and available RS data sources in forest
inventories
— Airborne laser scanning (ALS):
— Provide structural information of forest
— Provide some spectral information called intensity
— Aerial imagery:

— 3-4 spectral bands (RGB and NIR) with pixel resolution of 0.1-
0.5m
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1. Which remote sensing data sources to use?

* Most common and available RS data sources in forest
inventories
— Airborne laser scanning (ALS):
— Provide structural information of forest
— Provide some spectral information called intensity
— Aerial imagery:

— 3-4 spectral bands (RGB and NIR) with pixel resolution of 0.1-
0.5m

— Satellite imagery:

— Sentinel-2: 13 spectral bands (4 infrared bands) with pixel
resolution of 10 m

— Revisit time: 2-3 days in Norway - Time series that capture
phenological changes
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1. Which remote sensing data sources to use”?

e Most common and available RS data sources in forest

inventories
— Airborne laser scanning (ALS): _
: : : : Intensity
— Normalized heights, density metrics from ALS

— Intensity metrics
— Aerial imagery:
— RGB and NIR metrics
— Satellite imagery:
— Band metrics Aerial
— Vegetation indices images
— Seasonal metrics

* |n total, 22 combinations were tested
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1. Which remote sensing data sources?

* Findings:

— AlL ALS metrics > Intensity metrics alone 10
— BUT intensity metrics were highly 22 .. :
valuable ' L
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2. Which modeling techniques to use?

* Parametric models
— Dirichlet regression
— Multinomial logistic regression (MLR)

* Non-parametric models
— Random forest (RF)
— K nearest neighbours (k-NN)
— XGBoost
— Multilayer perceptron (neural networks)

Parametric Non-parametric

Easier to interpret

Less complex

Limited flexibility

Smaller data
requirement

Can extrapolate
outside training
range

Harder to interpret

More complex

Very flexible

Larger data
raquirement

Can not extrapolate
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2. Which modeling techniques to use?

Implications in forest inventories:

e Parametric models

— Simpler implementation and lower data requirements.
— Recommended when sample data are limited, as they generalize well with small datasets.

* Non-parametric models
— Can capture more complex relationships but require larger training datasets.

— Suitable when larger datasets are available and the goal is to model complex species
distributions.



Independent validation
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2. Which modeling techniques to use?

* Findings:

— Similar perfomance parametric models, RF and k-
NN.

— More advanced models (XGBoost and neural
networks) performed very poorly in some areas
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2. Which modeling techniques to use?

* Findings:
— Similar perfomance parametric models, RF and k-NN.

— More advanced models (XGBoost and neural
networks) performed very poorly in some areas

* Typical numbers of sample plots in Norwegian FMI
(120-180):

— might not be sufficient for the most advanced machine
learning models but

— less complex non-parametric models (RF and k-NN)
provide similar accuracies as parametric models, with
the advantages of being more flexible and adapt to
more coplex scenarios.
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3. How do errors in prediction of species composition affect
valuation of forests?

» Study area: production forest in Valer.

* Predict species proportions Forest : Net present value

~—> Predicted dominant species 7~ > Growth (NPV)
“~—> Predict site index Assumptions Simulator
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3. How do errors in prediction of species composition affect
valuation of forests?

» Study area: production forest in Valer. 50,000 times

of Predict species proportions Forest

i “~—> Predicted dominant species ? E Growth
“—> Predict site index Assumptions Simulator

5 Net present value
(NPV)

e Calculated NPV was compared to the reference NPV for evaluation.



3. How do errors in prediction of species composition affect
valuation of forests?

* Additionally, a calibration step was included to correct for inherited RS-predictions
bias
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3. How do errors in prediction of species composition affect

valuation of forests?

Results:

e Calculated NPV was 11% lower than the
reference.

* Calibration of RS-predictions improved NPV
calculations to 8%.

Error (%)
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Conclusions




Github repository
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Model and Predict Species Proportions

This repository contains an R Markdown tutorial for modeling and predicting tree species proportions using remote
sensing data. The methodology combines airborne laser scanning (ALS) and Sentinel-2 imagery, toguether with

Random Forest modeling, to predict species proportions at the stand level.

Ranncitarv C anntante



Thanks for your attention

Jaime Candelas Bielza
jaime.candelas.bielza@nmbu.no

SM~RTForest —

www.smartforest.no smartforest
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