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Large scale forest change demands large scale 
forest assessments

USGS EROS Data Center 

New Mexico State Forestry

Hicke, J.A., A.H.J. Meddens, and C.A. Kolden. 2016. Recent tree mortality in the western United States 
from bark beetles and forest fires. Forest Science 62: 141-153. http://dx.doi.org/10.5849/forsci.15-
086



Airborne laser scanning (ALS) provides cost-
effective large-scale assessments

• ALS provides 3-dimensional 
description of forest canopy

• Landscape estimates of forest 
condition

• Cost effective (Kelly and Di Tommaso 2015)

• Field-based: ~ $395 per hectare 

• ALS-based: ~ $205 per hectare

Donager, J., Sánchez Meador, A. (2019). Understanding LiDAR for Forest Applications. Northern Arizona University Ecological Restoration Institute Fact Sheet.



Area-based (cloud) approach

• Summarized point cloud attributes 
within a plot

• Height, intensity, and return 
number descriptive statistics 
(e.g., averages, spreads, percentiles) 



Tree-based approach

• Tree segmentation is often 
contrasted with cloud-based 
analysis

• Provides estimated individual tree 
information (e.g., height, crown 
area)

• Mixed results based on forest type, 
structure, and segmentation 
algorithm



Voxel-based approach

• Volumetric pixel

• Common in terrestrial lidar

• Cloud metrics within a voxel 
summarized to plot level (e.g., averages, 
spreads, point density) 

• Recently shown improvements in 
predicting forest characteristics (Pearse et al. 2019)



How well does each approach do individually and 
ensembled when predicting basal, biomass, and 
volume at the plot level?



Data acquired across four lidar acquisitions

a.

b. c.

d.

a) AZ and NM 
(N = 1680)

b) North Kaibab 
(n= 116)

c) Jemez district
(n = 60)

d) 4FRI phase 1 & 2 
(n = 1245)

• Plots (0.04 ha ): USFS and 
ERI 

• Lidar: USGS QL1 with 
8-bit intensity



Response

• FVS derived 
estimates per plot

• Basal area (m2)

• Biomass (kg)

• Volume (m3)

Cloud (n= 119)

• Height and 
intensity 
statistics (i.e., 
max, min, 
mode, sd, var, 
cv, IQR, aad, 
skew, kurt, 
entropy, L-
moments)

• Percentiles and 
deciles for 
height and 
intensity

• Canopy metrics 
(e.g. 1st returns 
at given height 
bins)

Tree (n= 37)

• Watershed 
segmentation 

• Plot-level crown 
area, and height 
statistics

• Tree densities in 
5-meter height 
bins

Voxel (n=935)

• Resolutions 1, 2, 3, 4, 
and 5 m3

• Vertical complexity 
index

• ENL

• Canopy closure

• Summary statistics  
within or above 
individual voxel
• Intensity

• Height

• # of points
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1091 potential predictors



Modeling with ridge regression, random 
forest, Boruta, and naive ensemble
• Ridge regression: penalized 

regression improves 
performance with 
multicollinearity 

• Random Forest: ensemble of 
regression trees

• Boruta: Feature selection using 
random forest 

• Naive ensemble: average 
predictions of ensembled models 
are new predictions



Multiple comparisons of 10x10-fold cross 
validated SMdAPE
• Symmetric median absolute 

percentage error (SMdAPE)

• Bouckaert & Frank corrected t-
value (2004)
• Correction based on amount of 

repetitions (r), folds (k), and total 
testing (n2) and training (n1) sample 
sizes. 

• p-value adjustment based on 
Benjamini and Hochberg (1995) 
false discovery rate (FDR)



Models show same performance 
improvement across forest attributes

mSMdAPE (%) = 20.5 ± 2.5 mSMdAPE (%) = 19.5 ± 3.2 mSMdAPE (%) = 18.5 ± 2.4• Kitchen sink (all) = All 1091 predictors
• Kitchen sink (subset) = Boruta selected predictors
• Ridge = All 1091 predictors
• Voxel = Boruta selected voxel predictors
• Tree = Boruta selected tree predictors
• Cloud = Boruta selected cloud predictors
• Naive ensemble = average of cloud, tree, and voxel model



Models show same performance 
improvement across forest attributes

mSMdAPE (%) = 20.5 ± 2.5 mSMdAPE (%) = 19.5 ± 3.2 mSMdAPE (%) = 18.5 ± 2.4



Voxel-based variables make up top 20 most 
important across responses



Its all about the voxels! 

• Models including voxel-based 
variables improve predictions 
for biomass, volume, and basal 
area

• Voxel-based variables are 
constantly the most important 
variables to reduce error in 
random forest model 
development

• Expand analysis to other forest 
attributes (e.g., tree density, 
SDI, QMD)
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