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AutoMCU Results

Fractional Cover (PV, NPV, Bare)
PV NPV Bare

Reflectance (Bands 5, 4, 3; RGB)



Logging Detection
PV & NPV Change
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Logging Detection
Linear Feature Detection
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Logging Detection
Node (Deck) Detection

Augmented Node 
ImageLinear Features

Tests for Density of 
Linear Features and 
Multi-Directionality 
within 15x15 kernel.

Despeckling



Logging Detection

δ

δ

Logging Criteria
• >75% valid data pixels within 7x7 
kernel.
• Non-forested area < 12%.
• 60%< Mean After PV > 93%
• Mean PV Change > 9%
• Mean NPV Change < 2%
• Mean PV Change Std. Dev. > 33% 
• Mean NPV Change Std. Dev. > 46%
• > 6 pixels with PV Change > 80%
• > 6 pixels with PV Change < 85%
• Masked area < 2 pixels

Subset Criteria
• ≥ 2 subsets with PV Change (PVC) ≥
32% Stdev.

• ≥ 2 subsets with Mean PVC ≥ 60% 
Stdev.
• ≥ 2 subsets with ≥ 1 pixel w/PVC ≥ 
80%.

• ≥ 2 subsets with NPVC ≥ 46% Stdev.
• ≥ 2 subsets with Mean NPVC ≤-5%
≥ -65% Stdev.

• ≥ 2 subsets with ≥1 pixel w/ Mean 
NPV Change ≤ -85%.



Logging Detection
Manual Auditing Criteria

High Damage Criteria

• Abundance of logging decks

• Obvious linear features (roads & skid trails)

• Severe canopy damage

• Areal extent > 1 hectare

• Evidence of logging from previous year in
close proximity

•Presence of access roads or rivers



Logging Detection
Manual Auditing Criteria

Low Damage Criteria

• Few to no visible logging decks

• Obvious linear features

• Presence of access roads and rivers

• Linear features are tree-like in formation (graduating
from higher to lower damage linear features)

• Evidence of logging from previous years in close
proximity

• Speckles of recent canopy damage in PV Change
image occurring at density greater than surrounding
forest

• Areal extent > 6.5 hectares



Logging Detection
Manual Audit

Add neighboring areas with related canopy damage. 



Logging Detection
Manual Audit

Remove areas that do not appear to be logging.



Logging Detection
PV Change Criterion

Previous year’s 
logging

Current year’s 
logging
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Logging Detection
Annualization

• Images are not usually collected exactly 1 year apart.
• Length of dry season influences deforestation and 

logging rates.
Dry Season End: 24-Sep-99
Dry Season Start: 27-Apr-00
Harvest Season Length: 150 days
Image Dates: 02-Jul-99 & 18-Jun-00

43 days

1Aug99
27Apr00 1Aug00

54 days 96 days

18Jun00
53 days

WET SEASON

24Sep99

30 days
02Jul99

Scaling Factor = (54 / (54+30)) * (54/150) + (96 / (96-43)) * (96/150) = 1.39 



Logging Detection
Unobserved Areas

• Clouds and cloud shadows that obscured potential logging activity 
within an image were small enough to treat as a level of uncertainty.

• Missing scenes or areas with > 50% cloud cover used logging data
from the next year as an estimate for the current year.

• Areas that showed the most logging also had the fewest clouds.  
Thus, the amount of uncertainty due to clouds was low (< 5%).



Greg Next



Why does selective logging matter in Amazônia?

• Biosphere-atmosphere exchange of 
carbon

• Regional climate and the hydrological 
system

• Biogeochemical processes

• Forest management

• Forest structure, habitat and 
biological diversity

• Land-use legacies and precursors to 
other disturbances



Why is it difficult to monitor 
selective logging in tropical forests?

• Difficult to observe

– Clouds
– Capability of available sensors

• Challenging methods issues

– Low sensitivity to many types of canopy damage
– Biophysically “under-determined”
– Difficult to automate (big region, multi-temporal)

• Biophysics of selective logging

– Canopy structural damage
– Dynamics of canopy regrowth
– Ground-to-satellite signatures



Summary of Sensor Capabilities for Logging Studies

20-25%Lower 80%Medium-high4 (multi-angle)1000 mMISR

Lower 80%

Lower 50%

Lower 60% (trad.)
Lower 40% (new)

Lower 50% (trad.)
Lower 20% (new)

Lower 50% (trad.)
Lower 20% (new)

Lowest 5% (new)

% of Damage Classes
Missed

High

Low

Medium

Low

Medium

Low

Geographic Cover
(freq., footprint, etc)

7

3

6

9

6

180

Number of Optical
Channels Used

20-25%1000 mMODIS

60-70%20 mSPOT MSS

60-70%30 mLandsat 5 TM

70-80%30 mEO-1 Advanced 
Land Imager

70-80%30 mLandsat 7 ETM+

80-95%30 mEO-1 Hyperion

Precision of 
Logging 
Analysis

Spatial 
Resolution

Sensor

Tough choices; no clear winners; many compromises

Low geographic coverage

Low spectral resolution

Low coverage, low spectral resolution

Low spectral resolution, lower signal performance

Low spectral resolution, low coverage

Low spatial resolution, low spectral resolution

Low spatial resolution, low spectral resolution

(Presented at 2004 LBA meeting, Brasilia)



Field Studies to Improve Our
Understanding of the Biophysics of Selective Logging

1999 – 2004

• Canopy structure
• Ground damage (roads, log decks, skids, tree falls)
• Canopy damage – gap fraction
• Environmental spectroscopy

June 2000 field crew



Canopy Disturbance and Logging Damage Projects
Tropical Forest FoundationTropical Forest Foundation
US Forest ServiceUS Forest Service
Carnegie InstitutionCarnegie Institution
EMBRAPAEMBRAPA



Landscape Components of Selective Logging
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Canopy Disturbance and 
Logging Damage Projects

Detailed field surveys of ground 
damage caused by timber harvest.

Conventional logging (CL)
Reduced-impact logging (RIL)

Roads
Log decks (patios)
Skids
Harvested trees

Asner et al. 2004
Global Change Biology



Canopy Disturbance and 
Logging Damage Projects

Geo-located field surveys of forest 
canopy gap fraction and in situ
spectroscopy.

Conventional logging (CL)
Reduced-impact logging (RIL)

Roads
Log decks (patios)
Skids
Harvested trees

37 logging areas in total
42,300 meters of data collections

Asner et al. 2004
Global Change Biology



Canopy Disturbance and 
Logging Damage Projects

To gain a clear idea of what is going on in terms of 
canopy gap opening and closure following timber 
harvest

Detailed field surveys of ground damage 
caused by timber harvest.

Conventional logging (CL)
Reduced-impact logging (RIL)

Roads
Log decks (patios)
Skids
Harvested trees

Asner et al. 2004
Global Change Biology



Correlation Matrix (r) of Logging Variables

0.830.920.240.160.410.390.31Damage/Tree

---0.980.660.630.150.500.55Total Damage

---0.520.490.950.940.91Skids

---0.310.460.330.42Patios

---0.530.310.53Roads

---0.250.45Trees/ha

---0.96Trees Felled

---Harvest Area (ha)

DamageSkidsPatiosRoads
Trees/

haFelled
Area 
(ha)

TotalTreesHarvest

Asner et al. (
Asner et al. 2004
Global Change 2004)Biology



Photosynthetic Vegetation Fractional Cover (PV) and Canopy GAP

1999

Asner et al., Ecol. Apps. (in press)
Asner et al. 2004
Ecological Applications2000
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Some Properties of CLAS
• Core module based on changes in sub-pixel forest 

canopy cover
– not based on absolute values

• Pattern recognition based on local-kernel (landscape 
scale) changes in the sub-pixel results 

– not based on phenology or regional atmospheric variation

• Manual audit – essential in any “automated system”

• Directly linked to forest gap fraction
– Allows for logging intensity analyses
– Allows for carbon loss (gross flux) analyses
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Why the forest gap fraction approach?
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Pereira, Zweede, Asner, Keller  (2000)Pereira et al. 2002
Forest Ecology and Management



Why the forest gap fraction approach?

Gap Fraction and Coarse Wood Debris
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Logging Area Results
1999-2002
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State 99-00' 00-01' 01-02' 99-02'
AC 272 229 387 888
RO 1100 1332 1064 3496
MT 4840 4683 4196 13719
PA 3089 4211 3225 10525
RR 33 110 69 212

Amazon 9334 10565 8941 28840

# logging polygons per state yr-1



Acre deforestation and logging in year 1999-00



Mato Grosso 

deforestation and logging in year 1999-00



Spatial overlap with deforestation in a given year = 6% + 5%

Spatial overlap with deforestation up to 3 years after logging = 19% + 11%

Asner et al. 2005
Science



Primary sources of uncertainty in CLAS analyses of selective 
logging extent in Amazonia

Square root of sum of squares of all other 
errors11-14%TOTAL ESTIMATED 

ERROR

Standard error of diff between auditor 
estimates, on a per km2 of logging basis+ 12.8%Auditor

Standard error of the difference between dry 
season length for matched pairs of 
consecutive years from 1979-1996.

+2-9%Annualization

Percentage of cloud- and shadow- covered 
area compared to total logged area+ 5%Unobserved Area

Determine the percentage difference in 
automatically detected logged area between 
the atmospherically corrected image and an 
image with randomly selected atmospheric 
characteristics.

+ 0.7%Atmosphere

Method
Percentage of
Total Logged Area Source

Asner et al. 2005
Science
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