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Sustainable resource management requires multi-scale information across
large areas (landscapes)

- Landmanagers are ever increasingly required to evaluate the impacts

management decisions have upon multiple resources across large
spatial and temporal extents

- The development of effective management protocols often requires detailed

iInventory data across large spatial extents




Research Summary - Goal & Approach

Goals:




Presentation Overview




Myth #1 - Remote Sensing can Do Anything!




Myth #2 - Remote Sensing Eliminates the Need for Field Data!




Operational Forest Inventory Seeks to Answer the Following Questions:
Inventory

Can Remote Sensing Help?
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Supporting Operational Forest Inventory with RS




Supporting Operational Forest Inventory with RS

seldom

few

Satellite remote sensing




Supporting Operational Forest Inventory with RS

Relationship Between Spatial Precision, Extent, and Cost (Source: Franklin, 2002).




Supporting Operational Forest Inventory with RS

Landsat (30 m spatial resolution)




Supporting Operational Forest Inventory with RS

Landsat (30 m spatial resolution) WorldView (50 cm spatial resolution)




Supporting Operational Forest Inventory with RS

LIDAR

Source: USFS PNW Research Station




Supporting Operational Forest Inventory with RS




Supporting Operational Forest Inventory with RS

LIDAR Li D a R




Supporting Operational Forest Inventory with RS

What do LIDAR data look like?

3-D point clouds




Supporting Operational Forest Inventory with RS

Lidar Ht (m)
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Supporting Operational Forest Inventory with RS

Lidar Ht (m)
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Supporting Operational Forest Inventory with RS

What do LIDAR data look like?

Common LiDAR-Derived Vegetation Metrics
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Supporting Operational Forest Inventory with RS

What do LIDAR data look like?

Image Source: Luis Verissimo




Supporting Operational Forest Inventory with RS

What do LIDAR data look like?

Canopy Height
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Supporting Operational Forest Inventory with RS

Operational Forest Inventory Seeks to Answer the Following Questions:

Inventory

Individual Tree Crown (ITC) measurement




Supporting Operational Forest Inventory with RS

Falkowski, M.J., et al. 2005. Evaluating ASTER Satellite Imagery

and Gradient Modeling for Characterizing Wildland Fire Fuels.
Forest Ecology and Management, 32, 126-138.




Example - Direct Measurement of Individual Trees via LiDAR (ITC)

LIDAR Canopy Height Model
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Example - Direct Measurement of Individual Trees via LiDAR (ITC)
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Falkowski, M.J., et al. 2006. Automated estimation of individual
conifer tree height and crown diameter via Two-dimensional

Falkowski, M.J., et al. 2008. The Influence of Conifer Forest
Canopy Cover on the Accuracy of Two Individual Tree
Measurement Algorithms Using LiDAR Data, Canadian Journal of
Remote Sensing, Vol. 34, S2, pp. S338-S350.

spatial wavelet analysis of lidar data, Canadian Journal of Remote
Sensing, Vol. 32, No. 1, pp. 153-161.




Example - Direct Measurement of Individual Trees via LiDAR (ITC)
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Falkowski, M.J., et al. 2006. Automated estimation of individual Falkowski, M.J., et al. 2008. The Influence of Conifer Forest
conifer tree height and crown diameter via Two-dimensional Canopy Cover on the Accuracy of Two Individual Tree

spatial wavelet analysis of lidar data, Canadian Journal of Remote Measurement Algorithms Using LiDAR Data, Canadian Journal of
Sensing, Vol. 32, No. 1, pp. 153-161. Remote Sensing, Vol. 34, S2, pp. $338-S350.




What do we have? How much do we have? How is it arranged? Future

conditions?




Supporting Operational Forest Inventory with RS

Lidar Ht (m)
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Supporting Operational Forest Inventory with RS

Common LIiDAR-Derived Vegetation Metrics
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Supporting Operational Forest Inventory with RS

Falkowski, M.J., et al. Landscape-scale parameterization of a tree-level forest growth

model: A k-NN imputation approach incorporating LiDAR data. Canadian Journal of
Forest Research, Vol. 40, 184-199.




Example - Stand Inventories via LiDAR (ABA)

Rationale:
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Falkowski, M.J., et al. Landscape-scale parameterization of a tree-level forest growth

model: A k-NN imputation approach incorporating LiDAR data. Canadian Journal of
Forest Research, Vol. 40, 184-199.




How much do we have? How is it arranged?
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Example - Stand Inventories via LiDAR (ABA)

Whittaker, 1967

Daubenmire, 1956; 1968; 1980




Example - Stand Inventories via LiDAR (ABA)
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Falkowski, M.J., et al. 2005. Evaluating ASTER Satellite Imagery
and Gradient Modeling for Characterizing Wildland Fire Fuels.
Forest Ecology and Management, 32, 126-138.




Example - Stand Inventories via LiDAR (ABA)
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Unfortunately, Bill has been an outlier his
entire life

Falkowski, M.J., et al. Landscape-scale parameterization of a tree-level forest growth

model: A k-NN imputation approach incorporating LiDAR data. Canadian Journal of
Forest Research, Vol. 40, 184-199.




Imputed Basal Aea (sq. m per ha.)
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Example - Stand Inventories via LiDAR (ABA)

What do we have? How much do we have? How is it arranged? Future
conditions?

Falkowski, M.J., et al. Landscape-scale parameterization of a tree-level forest growth

model: A k-NN imputation approach incorporating LiDAR data. Canadian Journal of
Forest Research, Vol. 40, 184-199.




Presentation Overview

- Discuss recent developments in remote sensing of vegetation composition and
structure, with a specific focus on operational forest inventories

- Demonstrate the efficacy of LIiDAR remote sensing for measuring detailed forest
characteristics across large spatial extents




Application - Assessing Wildlife Habitat Suitability




Application - Assessing Wildlife Habitat Suitability

Life

Hacitat variable recuisite Cover types
Basal area Food Deciducus forest
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Figure 1. Relationships of habitat variables, life reguisites,
and cover types in the downy woodpecker model.
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Application - Assessing Wildlife Habitat Suitability

LIDAR-Derived Snag Density

Downy Woodpecker

Martinuzzi, S., Vierling, L.A., Gould, W.A., Falkowski, M.J., Evans, J.S., Hudak, A.T., and
Vierling, K.T. 2009. Mapping snags and understory shrubs for a LiDAR-based assessment
of wildlife habitat suitability. Remote Sensing Environment. 113(12):2533-2546




Application - Assessing Wildlife Habitat Suitability

Martinuzzi, S., Vierling, L.A., Gould, W.A., Falkowski, M.J., Evans, J.S., Hudak, A.T., and

Vierling, K.T. 2009. Mapping snags and understory shrubs for a LiDAR-based assessment
of wildlife habitat suitability. Remote Sensing Environment. 113(12):2533-2546




Conclusions
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The Cost of LiDAR

Table 4. Estimated per acre cost fo acquire and process LIDAR data.

Arca Damon study costs Minimum costs Average costs Maximum costs
(ac) ($/ac) ($/ac) ($/ac) ($/ac)
30,000 263 2.27 3.03 3.7
50,000 NA 1.88 2.59 3.29
70,000 NA 1.72 2.39 3.07
90,000 NA 1.63 2.29 295
NA, not applicable.

across 100906 of the total area




