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sample of ground based LiDAR data captured in the UW arboretum (2005)sample of ground based LiDAR data captured in the UW arboretum (2005)





HH--resolution trendsresolution trends
in remote sensing technologyin remote sensing technologyin remote sensing technology in remote sensing technology 

Data Source:Data Source:
••AVIRIS, HyperionAVIRIS, HyperionData Source:Data Source:

Applications: Applications: 
•• Vegetation  HealthVegetation  Health
•• Species IdentificationSpecies Identification
•• IInvasive Speciesnvasive Species

Tools:Tools:
S t l A l iS t l A l i

•• MODIS, AVHRRMODIS, AVHRR
Applications: Applications: 

•• Change analysisChange analysis
•• MonitoringMonitoring

Tools:Tools:
ll

RESOLUTIONRESOLUTION

••Spectral AnalysisSpectral Analysis••Harmonic AnalysisHarmonic Analysis

RESOLUTIONRESOLUTION

Data Source:Data Source:
•• Lidar, QuickBirdLidar, QuickBird

Applications: Applications: 
•• Forest InventoryForest Inventory
•• Forest StructureForest Structure

Tools:Tools:
••Feature ExtractionFeature Extraction



HH-- resolution Multispectralresolution Multispectral
ImageryImagery Forest structure characterization Forest structure characterization 

with hwith h resolution remote sensingresolution remote sensing
Average filterAverage filter

with hwith h--resolution remote sensingresolution remote sensing
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Remote SensingRemote Sensing‐‐based based GeostatisticalGeostatistical Modeling Modeling 
for Coniferous Forest Inventory & Characterizationfor Coniferous Forest Inventory & Characterization

Use of satellite imagery & Use of satellite imagery & geostatisticalgeostatistical predictive predictive 
models to map coniferous forest characteristicsmodels to map coniferous forest characteristics

FocusFocus

Classified Nighttime Image with 3 Forest inventory, insect infestation & wildfire Forest inventory, insect infestation & wildfire 

ApplicationsApplications

Levels of Lighting Intensity

Yellowstone National Park satellite-derived 
(regression) forest age map

prediction, damage assessment, change prediction, damage assessment, change 
detectiondetection

Pros & ConsPros & Cons(regression) forest age map
Inexpensive landscape level spatially explicit Inexpensive landscape level spatially explicit 
models models @ coarse resolution@ coarse resolution

Landsat dataLandsat data
Regression estimate Regression estimate 
of basal areaof basal area

Kriging Kriging 
estimate of estimate of 
basal areabasal area

Cokriging Cokriging 
estimate of basal estimate of basal 
areaarea

Jakubauskas & Moskal, 2004 NASA Report



Ecosystem ServicesEcosystem ServicesEcosystem ServicesEcosystem Services
•• Provision servicesProvision services

Energy (biomass fuels)Energy (biomass fuels)
•• Cultural servicesCultural services

RecreationRecreation–– Energy (biomass fuels) Energy (biomass fuels) 
(Lefsky, Cohen)

–– PharmaceuticalsPharmaceuticals
–– EdiblesEdibles

–– RecreationRecreation
–– Scientific discoveryScientific discovery

•• Preserving servicesPreserving services
Bi di itBi di it

•• Regulating servicesRegulating services
–– Rainfall interception Rainfall interception 

(Sellers, Shuttleworth)
–– Carbon sequestrationCarbon sequestration

–– BiodiversityBiodiversity
(Stoms, Debinski, Lefsky, Cohen)

–– HabitatHabitat
(Jensen, Skole, Noss, Tucker)

–– Accounting for uncertaintyAccounting for uncertainty–– Carbon sequestrationCarbon sequestration
(De Fries, Chan, Turner)

–– Nutrient cyclingNutrient cycling
(Waring, Running, Aber)

–– Accounting for uncertaintyAccounting for uncertainty

A i t f l i l li ti i•• Supporting servicesSupporting services
–– PurificationPurification
–– Pest/disease controlPest/disease control

(Roberts, Beck, Foody)

A variety of ecological applications require 
data from broad  to fine spatial extents that 
cannot be collected using only field-based 
methods. Remote sensing data and ( y) g
techniques address these needs.



Leaf Area Index (LAI)Leaf Area Index (LAI)Leaf Area Index (LAI)Leaf Area Index (LAI)

•• is the ratio of total upper leafis the ratio of total upper leaf•• is the ratio of total upper leaf is the ratio of total upper leaf 
surface of vegetation divided surface of vegetation divided 
by the surface area of the land by the surface area of the land 
on which the vegetation growson which the vegetation growson which the vegetation grows on which the vegetation grows 

•• LAI is highly correlated to NPP, LAI is highly correlated to NPP, 
rainfall interception, carbon rainfall interception, carbon 
sequestrationsequestrationsequestrationsequestration

•• RS used to estimate at the RS used to estimate at the 
landscape levellandscape level

•• heterogeneous (urban) forestheterogeneous (urban) forest•• heterogeneous (urban) forest heterogeneous (urban) forest 
LAI particularly difficultLAI particularly difficult



Leaf Area Index Measurement TechniquesLeaf Area Index Measurement TechniquesLeaf Area Index Measurement TechniquesLeaf Area Index Measurement Techniques

DirectDirect IndirectIndirectDirectDirect
•• Destructive sampling Destructive sampling 

relies on taking a relies on taking a 

IndirectIndirect
•• NonNon--destructivedestructive
•• Contact and nonContact and non--contact contact 

th dth d
gg

statistically representative statistically representative 
sample of the leaves sample of the leaves 

methodsmethods
•• Some instruments measure Some instruments measure 

the difference between light the difference between light 
l l b d b ll l b d b llevels above and below levels above and below 
canopycanopy

•• Hemispherical photographyHemispherical photography
•• Remote SensingRemote Sensing

–– PassivePassive
–– ActiveActive



Geostatistical modeling of LAI in post fire regenerating standsGeostatistical modeling of LAI in post fire regenerating stands
Yellowstone National ParkYellowstone National Park
Landsat TM (1999) Landsat TM (1999) 

Regenerating site plotRegenerating site plot

Regenerating sitesRegenerating sites

LAILAI
LAI based on field dataLAI based on field data LAI based on SAVI & field dataLAI based on SAVI & field data ErrorError 1.641.64 4545--degree linedegree line

Best Best -- fit fit -- lineline

Regenerating sites Regenerating sites 
Landsat TM (1999) Landsat TM (1999) Regenerating sites Regenerating sites 

Landsat TM texture (1999) Landsat TM texture (1999) 
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Regression Coefficient (1.0 = perfect fit) = 1.54 Regression Coefficient (1.0 = perfect fit) = 1.54 
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g ( p )g ( p )
Proportion of Variation Explained by the Model (rProportion of Variation Explained by the Model (r22) = 0.881) = 0.881
Noise in the Model (y intercept) = Noise in the Model (y intercept) = --0.051 0.051 
Standard Error of Prediction = 0.023Standard Error of Prediction = 0.023

Moskal & Jakubauskas, 2003



LiDAR LiDAR 
Light Detection And RangingLight Detection And RangingLight Detection And RangingLight Detection And Ranging

•• The time for the light to travel out to The time for the light to travel out to 
the target and back to the LiDAR is the target and back to the LiDAR is 
used to determine the range to theused to determine the range to theused to determine the range to the used to determine the range to the 
targettarget

•• Currently high density LiDAR is only Currently high density LiDAR is only 
flown on aerial platforms and requires flown on aerial platforms and requires 
er precise real time flight inertialer precise real time flight inertialvery precise real time flight inertial very precise real time flight inertial 

measurement unit (IMU) and GPS measurement unit (IMU) and GPS 
coordinatescoordinates

•• Three dimensional dataThree dimensional data



HyperspatialHyperspatial Remote SensingRemote SensingHyperspatialHyperspatial Remote SensingRemote Sensing







LiDAR (LiDAR (hyperspatialhyperspatial remote sensing)remote sensing)LiDAR (LiDAR (hyperspatialhyperspatial remote sensing)remote sensing)

LiDAR and aerial imagery in Fusion software 
(Bob McGaughey, USDA Forest Service)



LiDAR(LiDAR(hyperspatialhyperspatial remote sensing)remote sensing)LiDAR(LiDAR(hyperspatialhyperspatial remote sensing)remote sensing)

LiDAR based  forest characterization in Fusion software 
(Bob McGaughey, USDA Forest Service)



Easy to get:       Stem location
Height
Density

Harder to get:    Species
Crown diameter
Height to crownHeight to crown

Can not get directly:       DBH

Height

aerial LiDAR data

ground-based LiDAR data
Zheng & Moskal 2008
Kato, Moskal et al. 2008



Tree crown segmentationTree crown segmentation
Orthophotograph

Automated tree crown segmentation 
using rasterized LiDAR data

Rasterized LiDAR segmentation transposed 
back onto original point cloud data

Segmentation with gaussian model 
with spatial autocorrelation

Pilot test using UW Pilot test using UW 
arboretum dataarboretum data

Segmentation with gaussian model 
with spatial autocorrelation

Moskal & Kato 2007

LiDAR point cloud 
(colored by height)



UW Arboretum LAIUW Arboretum LAI!.

(a)

(b)

(c) (d)

The most simple metric, the ratio of all canopy returns to the number of ground The most simple metric, the ratio of all canopy returns to the number of ground 
first returns (LiDAR Canopy Return Index), is well correlated to ground LiDAR, but first returns (LiDAR Canopy Return Index), is well correlated to ground LiDAR, but 
suffers from  a tendency to saturate at LAI larger than 3.suffers from  a tendency to saturate at LAI larger than 3.

fl

Richardson, Moskal & Kim (forthcoming )



Geovisualization based on remotely sanded and geospatial dataGeovisualization based on remotely sanded and geospatial data

Old growth characterization from high
Three decades of LULC change 
monitored with satellite imageryOld growth characterization from high 

resolution optical imageryField photo, YNP 2001
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LiDAR based  forest characterization in Fusion software 
(Bob McGaughey USDA Forest Service)

Post-fire regeneration characterization 
from high resolution optical imagery

Field photo, YNP 2001

Temporal geovisualization of landuse change in the Ozarks, MO (1972-2000)

(Bob McGaughey, USDA Forest Service)

Moskal, 2001 & 2007
Huggins & Moskal, 2006
Hunsinger & Moskal, 2006

Predictive modelingTemporal geovisualization of forest cover change 
in the James River Basin, MO (1972-2000)



Example of the new research directions at the Precision Forestry Cooperative (PFC)Example of the new research directions at the Precision Forestry Cooperative (PFC)

ECOSELECOSEL
A forest ecosystem service marketing toolA forest ecosystem service marketing tool

ECOSEL is an analytical 
modeling tool that aids 
forest landowners and 
managers in selling 
ecosystem services from 
their working forestlandtheir working forestland.

What ecosystem 
services should the 
l d b thi kilandowner be thinking 
about producing?

Viewshed aesthetics, ,
carbon sequestration, 
water quality, habitat …?

http://faculty.washington.edu/toths/ecosel_prod.shtml



Examples of LiDAR research @ PFCExamples of LiDAR research @ PFCExamples of LiDAR research @ PFCExamples of LiDAR research @ PFC

GPS Performance (Dense Canopy)GPS Performance (Dense Canopy)
LiDAR Performance (Chaparral)LiDAR Performance (Chaparral)LiDAR  Performance (Chaparral)LiDAR  Performance (Chaparral)
Field Sampling Optimization Field Sampling Optimization 
Forest Inventory (FIA)Forest Inventory (FIA)
Species IdentificationSpecies IdentificationSpec es de t cat oSpec es de t cat o
Stand DelineationStand Delineation
Volume EstimationVolume Estimation
Fire SusceptibilityFire Susceptibility
Biomass (LAI)Biomass (LAI)
Data FusionData Fusion


