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Overview

- Context
- Framing
e Continuous vs. discrete data

e Continuous distributions in forest biometry

- Hermite distribution in R using package hermite()
- Methods comparison
e Hermite vs. Weibull tree height example
- Possible Applications
2> Q&A




Context

Mast Reforestation: Vertically integrated reforestation
company focused on replanting after wildfire; funded
with ex-ante carbon credits
Current processes informed by distributions:

e Carbon baseline

e Tree lists for Forest Vegetation Simulator (FVS)
Need for improvement:

e Alternative strategies for poorly fit distributions



https://mastreforest.com/

Framing:

Continuous vs. Discrete forest data

Diameter and height

e Continuous phenomena
e Measurement techniques, data storage,
or data usage render discrete

Accuracy limitations

e Diameter: nearest 0.1”
e Height: ground-based 2-5’ v. Lidar <1m

Data storage routines or growth models may
use diameter and height bins (17, 1, 1 m, etc.)




Framing:
Some uses of the Weibuli
distributions in forest biometry

Diameter and height models

Simplification of basic inventory data
e  https://doi.org/10.1186/513595-022-01161-9
° https://doi.org/10.3832/ifor4145-015

Forest Vegetation Simulator
Crown ratio model
° https://www.fs.usda.qgov/fmsc/ftp/fvs/docs/gtr/crown

ratio.pdf

Generic distribution properties

Wood materials science
° https://doi.org/10.2737/FPL-GTR-264
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7.4.1 The Prognosis Crown Model
Equation {7.4.1.1} is used in the original Prognosis model to predict change in crown
ratio. It was developed by Hatch (1980). The model predicts crown ratio as a function of
species, habitat type, stand basal area (BA), crown competition factor (CCF), tree DBH,
tree height (HT), and the tree’s percentile in the stand basal area distribution (PCT):
In(CR) = HAB+b, - BA+b, - BA* + b, -In(BA) + b, - CCF + b, - CCF*
+b,-In(CCF) +b, - DBH +b,- DBH* +b, -In(DBH)
+byy-HT +b,, - HT* + b, -In(HT) +b,, - PCT
+b,,-In(PCT)

{74.1.1}

where:
HAB  is an intercept dependent on species and habitat type
bi-bia  are species dependent coefficients

= 5.0 Weibull density functions
,.-' r for different shape parameters



https://doi.org/10.1186/s13595-022-01161-9
https://doi.org/10.3832/ifor4145-015
https://www.fs.usda.gov/fmsc/ftp/fvs/docs/gtr/crownratio.pdf
https://www.fs.usda.gov/fmsc/ftp/fvs/docs/gtr/crownratio.pdf
https://doi.org/10.2737/FPL-GTR-264

Framing:

Weibull: pros, cons

Pros

Simple parameter estimation
e 2 or 3 parameters

e Flexible

e Ideal for unimodal distributions

Cons
e Less suitable for multimodal distributions

e Can predict excessive kurtosis

Adapted from: https://doi.org/10.1186/513595-022-01161-9
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DBH class at 2 cm intervals

Adapted from: https://doi.org/10.1186/513595-022-01161-9
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https://doi.org/10.1186/s13595-022-01161-9
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hermite()

Generalized Hermite Distribution
Modelling with the R Package
hermite

P(X = k)

“The Generalized Hermite distribution ... is often used
for fitting count data in the presence of
overdispersion or multimodality.”

“..a set of computational tools that allows the user to
face these difficulties by modelling with the
Generalized Hermite distribution using the R package

hermite.”
P(S)=31P(/\(f(5)—1))=eXP(“1(5—1)+a2(52—1)+“'+“m(5m—1)'*'"'), 3 —ay =01 a3=15
g; -=ag=1 2p=0.125
a “rrag=1 mp=2

Morifia, D., Higueras, M., Puig, P. & Oliveira, M. Generalized Hermite
Distribution Modelling with the R Package hermite. The R Journal 7, 263
(2015)



https://journal.r-project.org/archive/2015-2/morina-higueras-puig-etal.pdf
https://journal.r-project.org/archive/2015-2/morina-higueras-puig-etal.pdf
https://journal.r-project.org/archive/2015-2/morina-higueras-puig-etal.pdf

hermite()

gim.hermite() example

Morina et al. 2015

Arthropod sampling: samples with [0,5] insects

Use glm.hermite() to estimate distribution
parameters a and b

Recover predicted sample frequency with
dhermite()

AIC value provided for model comparisons

Microarthropods persample 0 1 2 3 4 5
Frequency 122 40 14 16 6 2

Table 1: Frequency distribution of Collenbola microarthropods.

> library("hermite”)
> data <- c(rep(@, 122), rep(1, 40), rep(2, 14), rep(3, 16), rep(4, 6), rep(5, 2))
> mlel <- glm.hermite(data ~ 1, link = "log"”, start =NULL, m = 3)$coefs

(Intercept) dispersion.index order
-0.2875851 1.8905920 3.0000000
Microarthropods per sample 0 1 2 3 4 5
Frequency 118.03 49.11 1022 1456 5.61 1.15

Table 2: Expected frequency distribution of Collenbola microarthropods.

> a <- -exp(mlel$coefs[1])*x(mlel$coefs[2] - mlel$coefs[3])/(mlel$coefs[3] - 1)
> b <- exp(mlel$coefs[1])*(mlel$coefs[2] - 1)/(mlel$coefs[3]*x(mlel$coefs[3] - 1))
> exp <- round(dhermite(seq(®,5,1), a, b, m = 3)%200,2)


https://journal.r-project.org/archive/2015-2/morina-higueras-puig-etal.pdf

hermite() > integer_height_vecto

Adapting to a forestry problem

2021 Lidar-derived tree heights
° CA Sierras, confidential client

Hermite expects count data ranging from [0,n] her‘mite_he.ight_model glm.hermite(int?ger‘_height_vector‘ i
) ) _ Link = "log", start =NULL, m = 3)
° Height by 5’ interval shifted to 0
° Frequency of trees by ‘count’ of interval

Estimate distribution parameters
° Hermite: a, b with gim.hermite() using orders 2 - 5

e  Weibull: shape, scale with fitdistrplus(), option “weibull” expected_frequency dhermite(seq(@,max(integer height vector),1),
a, b, m = 3)*length(integer_height vector)

Recover expected frequency and compare model ihv integer height vector; ihv ifelse(ihv=-0,0.0001,ihv)
. ibull_height model fitdist(ihv, "weibull"
performance using AAIC s teronhen oot itdisE(hy, e sbulle)

° Hermite: dhermite() with a, b, largest height, TPA
° Weibull: rweibull() with shape,scale, TPA

expected frequency w rweibull(length(ihv), shape = wshp, scale = wsca)



Model comparison:

gim.hermite() and fitdistrplus() comparison using RMSE or AAIC

Hermite Order 3 vs. Original
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Model comparison:

gim.hermite() and fitdistrplus() comparison using RMSE or AAIC

Hermite Order 2 vs. Original
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Hermite vs. Weibull A RMSE

X Hermite order 2 Hermite order 3
Model comparison: o 0
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Hermite vs. Weibull AAIC
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Advantage/Disadvantage Modes for Hermite vs.

Weibull Distributions

Hemit Order 31, O
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Model comparison:

Alternative statistical tests and
future investigations

Alternative tests

e Nonparametric tests—K-S
e Mean Absolute Error

ldentifying suitable problem types

e Continuous quantities measured on
discrete scales (DBH, Height)

e Measurements not requiring scaling to
zero (sapling diameter)

e True count data, particularly
zero-inflated

£gMast



Applications
Mast Reforestation -

current investigations

Baseline inventory height distribution

e Lidar-derived tree height

» Standing carbon inventory

* Projected yield subtracted from total carbon

e FVS tree list expansion

e Improve accuracy of base-ground yield projections
by modeling height distributions for PLANT keyword
* Ongoing sensitivity analysis of impact on predicted
carbon sequestration

e Timber inventory diameter distribution

* Presale cruise for salvage using UAV Lidar
* Hermite AAIC < -3 for 56% of sample stands



Applications
Other potential uses

Lidar inventory data compression

e Describe one attribute with a, b, max, TPA
» Additional attributes, for example, intensity,
require only a, b, and maximum

Replacement for Weibull where better suited

e Multimodal, discontinuous, high kurtosis with gaps
 Simplified inventory descriptions, model
components

e Census- or stand-based growth models

* Fit hermite distribution to multiple time points

e Construct models describing change over time of
parameters a, b, TPA, max height as f(T)

* Predict height list at time T using parameter models



Connect

Tom Baribault

Carbon Program Manager

tom.b@mastreforest.com
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