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SETTING THE CONVERSATION

HOW DOES SDImax MODELS INFORM MANAGEMENT DECISIONS?

= We need tools that spatially quantify expert knowledge that can address questions like:
How many trees are too many?

How is “too many” related to stand development stage, species composition, site type
(climate, soil, geology, topography)?

How can we optimize #trees/acre to meet management objectives through initial
planting density, PCT or CT, site-species relationships, while minimizing density induced
growth reduction/mortality

Does projected climate patterns suggest modifying current management strategies?



LET’S VISUALLY DEFINE SDlwvax %‘E

STAND DENSITY INDEX (SDI) = f(QUADRATIC MEAN DIAMETER, TREES PER ACRE)
SDI = TPA x (QMD /10)1-60>

The most productive
site types dominated
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Maximum SDI referenced to a stand with a QMD of 10 inches = ~800 TPA



SDImax Modeling - Model Versions

(dReineke (1933) first described the
self-thinning line utilizing log-log
paper and visually fit a reference
curve to the outer boundary.

dOrdinary least squares

dLinear mixed models

JQuantile regression

dLinear quantile mixed models

JFrontier analysis

¢ 3

Site/Species
influence on
intercept

In (# Trees)

InN = (By + k) + (B, + k;)InQMD

Where k; is the site/species effect on the
intercept and slope of the self-thinning line

\ Site/Species

influence on
—

slope

In (QMD)




HOW DOES SITE QUALITY IMPACT SDI?
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WHERE IS SDIMAX IN THIS CLOUD OF DATA POINTS?

In(TPH)
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SDI — a function of QMD & TPA

How can we pull out site?

For example, if you plot a stand’s
QMDxTPA and if falls within the 75t
percentile of all plots, is it nearing a
maximum density for its suite of site-
stand features,

or is it simply a point along its size-
density stand development continuum?



Looking Back: IFC’s Work on SDImax
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Contents lists available at ScienceDirect

Forest Ecology and Management

journal homepage: www.elsevier.com/locate/foreco

Site sensitive maximum stand density index models for mixed conifer stands | W

across the Inland Northwest, USA =
doi.org/10.1016/j.foreco.2018.11.013

Mark J. Kimsey Jr.”, Terry M. Shaw, Mark D. Coleman

University of Idaho, Department of Forestry, Rangeland and Fire Sciences — Intermounitain Forestry Cooperative, 875 Perimeter Dr M5 133, Moscow, ID 83844-1133, USA
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https://doi.org/10.1111/nrm.12381

Received: 2 March 2023 | Accepled: 19 June 2023

Canadian

PG ARTICLE
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A species-specific, site-sensitive maximum stand density index

model for Pacific Northwest conifer forests’

Ryan R. Heiderman and Mark |. Kimsey, Jr. https://doi.org/10.1139/¢ifr-2020-0426

DO 10111 1/ nrm 12381

@' Natural Resource Modeling WILEY

Pacific Northwest conifer forest stand
carrying capacity under future climate
scenarios

Ryan R. Heiderman | Mark J. Kimsey Jr.


https://doi.org/10.1111/nrm.12381
https://doi.org/10.1139/cjfr-2020-0426
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Development Drivers:
Forest Carrying Capacity Calculator v2.0

Regional Discrepancies:

Feedback reveals: V1.0 overpredicting in South Central
Oregon, East Slopes of Cascades, underpredicting in
North Central Idaho.

Methodological Constraints:

Current V1.0 model relies on Stochastic Frontier Analysis
(SFA), which poses limitations due to specific form
assumptions and linearity in input-output relationships.

Species Coverage Gap:

V1.0 model: Few species, unclear mix impact on carrying
capacity (is mix of shade tolerants, or drought tolerants?)

]

i @

FOREST CARRYING CAPACITY

B CALCULATE SDIyax




Why Machine Learning? A Path Forward

QQ Limitations of Current @ Enter Machine Learning (ML)
Approach
e SFA and traditional regression

assume fixed model forms and
relationships,

e Definition: ML models learn patterns
from data without assuming specific
forms.

e Flexibility: Captures complex, non-

e Difficulty handling: linear, and interactive effects

— Non-linearity

— High-dimensional interactions

— Regional and species-specific
variations

e Adaptability: Can be trained
separately for different regions,
species, or ecoregions

4 ML for Carrying Capacity Modeling

Integrates species composition, site productivity,

and climatic interactions D D n

e Handles imbalanced datasets (e.g. more data
from some regions/species)

e Enables uncertainty quantification and error tracking




What is machine learning? %_,E]

* Machine Learning is the art of turning data into decisions using algorithms
and optimization

* ML is an automated hypothesis testing framework at scale — powered by
data, driven by loss, refined by iterations.

* Machine Learning is how we teach machines to learn like humans — by
experience, from examples, and through correction.

* Machine Learning Is Not Magic: It’s All About Math, Stats, Data, and
Programming



What is machine learning?

The machine learning process

Q- ¢

Receive Analyze
data data

Find
patterns

Make Send
predictions answer
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Supervised
Learning

Mode] tralning with labelled data

TN

Madel tralning with unlabelled data

Machine
/ Learning \

Unsupervised '
Learning Learning

Madel take actions In the environmant than

re<elsed state updates and feedbacks

Classification Regression Clustering
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Logistic Regression Linear Regression Clustering: Q-Learning
Decision Trees Elastic Net (GLM) - K-Means Clustering R-Leaming
Random Forest Decision Trees - DBSCAN TD-Learning
XGBoost Random Forest - Hierarchical Clustering
K-Nearest Neighbors XGBoost .
Support Vector Machines K-Nearest Neighbors Other Unsupervised:
Support Vector Machines -PCA

Neural Networks

- Association

Choosing the Best Supervised ML

Model
Why Data Scientists Test Multiple Models

p No One-Size-Fits-All
e No Free Lunch Theorem*

Every algorithm performs differently on different
data. Data-specific characteristics drive model
performance

Bias-Variance Trade-Off

Model Bias Variance
Logistic Regression High Low
Random Forest Medium Medium
XGBoost/LightGBM Low High
Find the sweet spot by experimenting
4 Practical Strategy
& ¢ Cross-validationis your best friend

¢ Test on actual data, not just assumptions

é AutoML for Speed Then Optimize
¢ Auto-sklearn ¢ Tune hyperparameters
e H20.ai e Compare performance

e Google AutoML metrics

@ Model choice should be data-driven, not
guesswork. Experiment. Evaluate. Evolve.




Preventing Overfitting in Machine Learning

Understanding Overfitting

~~

AValues

Underfitted

T PTHIVHIIANILT 1D T1HIULGT ] DTLLTT UL LTHIT
training data than on testing data,
overfitting is likely

Good Fit/Robust

Bias-Variance Tredeoff

Values

Overfitted

Irain with viore bata

Training error

Cross-Validation 5 b

Early Stopping I

Regularization Testing error
Ensembling lterations




Beyond Accuracy: The Case for Explainability

Great accuracy # Great model

Model explainability (or interpretability) refers to our ability to understand and trust the
predictions made by a machine learning model. It's about opening up the "black box."

Technique

Feature Importance

SHAP (SHapley Additive exPlanations)

LIME (Local Interpretable Model-Agnostic

Explanations)

Partial Dependence Plots (PDP)

Description

Shows which features contributed most to a

prediction

Provides a unified measure of feature impact

across models

Explains individual predictions by

approximating the model locally

Shows the relationship between features and

predictions

Best for

Tree models like Random

Forest, XGBoost

Any model (very popular)

Any model

Tabular data models



Inland Northwest Data

* 145,041 plots/stands info post pre-processing and EDA.
l.e., TPA, QMD, Species BA proportions

* Weighted Shade Tolerance & Drought Tolerance
( Niinemets and Valladares (2006))

T4.3%

* Species diversity indices
100000

(e.g., Shannon Diversity Index, Species Richness, Pielou é 50000
evenness, Berger Parker Index) E
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In_QMD vs In_TPA (Dominant Species)

Dominant Species
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In_QMD vs In_TPA (DF_prop > 0.1)
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¢ Northern Rockies
+  Wasatch and Uinta Mountains
« Snake River Plain
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Data Cleaning:

Missing expansion factors, at least 10
TPA, QMD at least 2-inch, questionable
& missing data

—>

Feature Selection: Correlation +
Mutual Information Score (MIS)

J
A 4

.
Step 1: Find Highly Correlated Pairs
o Compute Pearson Correlation between all

feature pairs

 Select pairs with Icorrelation| > 0.7

_J

A 4

Step 2: Calculate MIS

o Compute Mutual Information Score between
each feature and the target

e MIS is non-parametric - supports all data type
J

v

.
Step 3: Eliminate Redundant Features
o For each correlated pair:
o Compare their MIS values
o Remove the one with lower MIS
e Repeat until no correlated pairs remain )
S =

Final Result:

« High relevance to target (via MIS)
o Low redundancy between features (vecorrelation

.

¢ 3



Gradient Boosting

Initial Model Weak Model Weak Model Final
Fy(z) Gr(x) 2Gy(x) Model
® O S
@ ® ®)
©) ® — ./\./
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® o ©
o e
v
o
@®
® o
Final Model

Final Model = Fy(x) + 71G1(x) +vGa(x) + 13G3(2x)

e 3

1 GBMis an ensemble learning method
that builds models sequentially, where
each new model corrects the errors of
the previous one.

O Workflow: Start with a base model (like a
decision tree).

[ Train new models on the residuals

(errors) of the previous model.

J Combine models to minimize the loss
function using gradient descent.



Addressing Challenges: The Analytical Approach

Quantile Gradient Boosting Machine

"
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ERRORS

MODEL MCOEL

|

Quantile GBM predicts upper quantiles of size- % ® AL
) .0. TRAIN {53
density or carrying capacity distributions, targeting .:.’..'. — m B o 0%
extreme values and high-density scenarios, providing ‘
insights into the self-thinning relationship.
Flexibility Accuracy
~ Accommodating complex Capturing non-linearities
Te relationships and and handling high-
interactions in stand density dimensional predictor
data. spaces effectively

=l

PREDICTION

Robustness

Robust to model misspecification,
ensuring reliable estimation of
maximum stand density even in

the presence of outliers and
complex data patterns.



Model Summary: Y

Quantile regression loss function can predict a specified percentile

a folw X Quantile Alpha x (y — f) fory > f
Quantile w X (1 — QuantileAlpha) x (f —y) fory < f
Where:
® 7 is a true response
e fisa predicted response
e w is weight
distribution = "quantile", quantile_alpha =.95
number_of_int |model_size_in_
number_of_trees|ernal_trees bytes min_depth max_depth mean_depth |min_leaves max_leaves |mean_leaves
75 75 32206 5 5 5 19 32 29.493334

Consistent pinball loss (~32) in training and cross-validation signifies robust quantile
estimation.



KEY PREDICTORS OF SDIMAX
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QMD RC_prop : TD Cons_LITH
W _ShadeTol WH_prop PRATIO a socO0_20
W_DroughtTol GF_prop MAPMCMT DEP2RES
LP_prop : Rad_sm | aws0_100
Wiprop i Heatload  :  Slope
DF _prop
PP_prop

TD - Temperature difference between mean warmest month

Partial Dependence plot for "QMD"
temperature and mean coldest month temperature

3000 PRATIO - Ratio of growing season precipitation to total precipitation

MAPMCMT - Interaction between mean annual precipitation and
1500 mean coldest month temperature

Mean Response
N
o
o
o

RAD_sm - Summer solar radiation

5 10 15 20 2 30 % @  Heatload - Interaction between Annual Solar Radiation and Degree
Days between 10 and 40 degrees Celsius
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SDImax estimates
for 100%
Douglas-fir
B“.
I
min 290
25% 348
mean 423 .
50% 434 N DF_PROP=1 -
759 476 DF_SDImax R
95% 527 * e
99% 548 |. s <450
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Vancouver
b o

Salem
.

6747 pure stands of Douglas-fir (20% of total)

Scatter plot with Q_Regression Lines

@ [ata

— 95 Line
— Q99 Line

1.0 1.5 20 25 3.0
log(QMD)

@QMD 10-inch Q95 of TPA = 292 and Q99 of TPA =405
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13622 pure stands of Douglas-fir (10% of total records)

Scatter plot with Q_Regression Lines

9
Data

- 95 Line
— @99 Line

i
s
¢

1.0 1.5 20 2.5 3.0 3.5
log(QMD)

@QMD 10-inch Q95 of TPA = 350 and Q99 of TPA =504




824 stands of Douglas-fir with 90%BA

Scatter plot with Q_Regression Lines

Data
— @95 Line
— @99 Line

10 15 2.0 25 3.0 3.5
log(QMD)

@QMD 10-inch Q95 of TPA = 469 and Q99 of TPA = 670

t




SDImax

estimates for

100% Ponderosa

Pine
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Model showed significant increases in maximum SDI when shifting from pure stands of
Douglas-fir or Ponderosa pine to mixed stands (Other Species BA prop >10%)

1 This increase is due to a mixing of more shade tolerant species as
shown throughout the literature

(d Models reflective of habitat/forest type based SDImax thresholds
J Powell’s Green Book

3




Climate projections

INLAND EVALUATION

»

2 QURRENT SDImax

&y
o d ﬁ R
' h ABINET N4 LEWIS

Helena
)

This study revealed that,
given the greenhouse
gas concentration
trajectories, at least
65% of the forest plots 8000
are expected to show a
reduction of 5% or more
in Carrying Capacity.
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SDI IN A ML ENVIRONMENT

SOLUTION NEEDED

Reineke based SDI Equation

SDI = TPA % (¢

vpy 1.605
10

RD = SDI/SDImax

¢ 3

1.605 exponent a legacy of Reineke’s MaxSDI modeling
and subsequent species, linear based modeling efforts

IFC V1.0 models created using Stochastic Frontier
Regression (linear models) created a revised species
model exponent that could be substituted for 1.605 to
compute Relative Density (RD)

New Machine Learning approach to SDImax modeling is
not linear, exponent is unique to each user input -
f(stand, site conditions)

Exponent critical to compute Relative Density as a
function of predicted IFC SDImax after inventory updates



INTRODUCING IFC SDI FORMULATION

CUSTOM EXPONENT COMPUTATION

One time computation of SDI max for a range of
QMDs and User Inputs (initial stand metrics,
location)

Fit power functions to the X-Y pairs of predicted max
TPA and associated QMD

Power function exponent is the slope required to
compute SDI

Integrate slope coefficients into User database for
future RD computation after inventory updates

No need to re-run SDImax model to update RD

2,657

984

TPA

365

135

50

¢ 3

i i
TPA = 14912(QMD)1-9%5
R*=0.99
1%

3%

2%

QMD



SDImax MODELS AVAILABLE
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Toolsets for managers

Intermountain
Forestry HOME IFC HOMEPAGE
Cooperative
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IFC WEB APP

FOREST CARRYING CAPACITY CALCULATOR

This tool computes maximum stand density index,
SDIlmax. for a defined area of interest using 60-m

-— Calgary

downscaled, gridded base layers.

V2.0 INLAND,

Step 1: Define Areas of Interest g SN A e !

How will you specify your area(s) of interest:

V]..O K-S’ @® Upload Shapefile with parameters (Directions)

> Draw areas on a map
V 1 .0 PACI F I C Choose File | No file chosen

Step 2: Density Management

Do you want to calculate %SDImax?

PNW Forest Regions

Il Westside
Inland
B Klamath

Denver
Sacramento

Leaflet | @ OpenStreetMap contributors

CALCULATE POLYGON STATISTICS

Universityofldaho @ POWERED BY

College of Natural Resources



TOOLSETS FOR MANAGERS

JUPYTER NOTEBOOK

INPUTS

Shapefile

}

Narror

Csv-files

nf Yty

Mask the Convert the raster data
| Java Model | Read the features

shapefile

Pass it to the java-

and feature properties
with raster to the csv file

based model(Mojo
File)

Result in CSV

Get the SDImax
Values

¢ 3



TOOLSETS FOR MANAGERS

ARC TOOLBOX

EEmOrTr s

Project Catalog Insert Analysis

=~ =

Project Geoproc g Deep

Learning | Style~ Tool~

View

v Servicev

Package E] Share As

Contents v X

4 [ Project

4| == Toolboxes
&7 SDImax Toolbox.athx

= Databases
&5 Styles
# Folders
#! Locators
4 &4 Portal
& My Content
My Favorites
‘#% My Groups
‘&' My Organization
— ArcGIS Online
B¢ Living Atlas
4 [ Computer
3 Quick access
@ This PC
a Kimsey, Mark (mkimsey@uidaho.edu
‘ra Libraries
b ¥ Network
fa Hexcuity LTD

[ University of Idaho
@ OneDrive - University of Idaho
v W Seagate Backup Plus Drive (E:)
o Toshiba Canvio Hard Drive (F:)
L@ CD Drive (G:) WD Unlocker
I« OneTouch (H:)
= Extreme 55D (J:)
Desktop Files
sqliteadmin

Favorites

< »

Catalog

m

Imagery Share Help

N

Neb Web Locator Geodata lobs Data Replace
i Stores Web Layer

ral Status Manage

Ej 5DImax Toolbox atbx

Project Layout Task

SDImax Toolbox | 2 Command

Available Summer 2025

Mark - University of Idaho MK » ?

3

[E~ Project v Toolboxes ~

J | Search Toolboxes

=

024 6363

EDImax Toolbox.atbx

oolbo

Therm 1 ltem Selected

Metadata Geography Table

SDImax Toolbox
Title sDimax

Description

Summary

Python machine learning script for computing SDImax as a function of site and stand

variables.
Tags
SDImax Toolbox

Credits

University of Idaho, Intermountain Forestry Cooperative,
Kimsey

Use limitations

am Poolakkal and Mark

Funded by Intermountain Forestry Cooperative members and is for their sole use.

Citation »

SDIm

s Forest Carrying Capacity

Citation Contacts »

Responsible principal investigator

of Idaho

Contact information »
Phone

875 Perimeter Dr

ea |daho
844-1133

Director, Intermountain Forestry Cooperative




Take home points
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CUSTOM SOLUTIONS FOR DENSITY MANAGEMENT

SDImax predictions customized to your
ownership, and stand inventory — leveraging the
power of machine learning

Climate projections for both the broader Pacific
Northwest indicate a range of 5-20% reduction in
carrying capacity on average (RCP 4.5 models) -
summary report to be provided

Customized SDI exponent solution incoming for
computing Relative Density as a function of
SDImax models
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Intermountain
Cocperative

ABOUT TEAM RESOURCES ANNUAL MEETING PROJECT REPORTS

Thank You! _§i

ey 31

UNIVERSITY OF IDAHO
INTERMOUNTAIN FORESTRY COOPERATIVE

Customized Forest Management Solutions

IFC - Home
(intermtnforestcoop.com)



https://www.intermtnforestcoop.com/
https://www.intermtnforestcoop.com/
https://www.intermtnforestcoop.com/
https://www.intermtnforestcoop.com/
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