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ABSTRACT

DETECTION AND MEASUREMENT OF AMAZON TROPICAL FOREST

LOGGING USING REMOTE SENSING DATA

By

Deborah Jean Janeczek

Because forests are complex, globally distributed ecosystems, remote sensing

provides a valuable means for monitoring them. Satellite data have been used to

determine the rate of deforestation in Brazil’s Legal Amazon. The majority of

deforestation measured thus far has been has been done by Clear cutting,

burning for pasture, and subsistence farming. An apparently new phenomenon

occurring in Brazil’s tropical forests is selective logging; generally, selective

logging can be detected with Landsat TM data, although it is sometimes

camouflaged by the crowns of the residual trees and can be misclassified as

undisturbed forest in most classification techniques. A 1988 estimate for

deforestation reported by Skole and Tucker (1993) and subsequent analyses by

researchers at Michigan State University and lnstitudo national de Pesquisas

Espaciais do not include selectively logged areas. The purpose of this study is to

quantify the area Of selective logging missed in previous deforestation estimates.

It is the first basin-wide study, finding 5,309 km2 of selective logging in the 1992

Landsat TM images.
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CHAPTER 1

THE PROBLEM

Selective logging in Brazil’s Legal Amazon is a relatively new phenomenon not

included in current deforestation estimates because it iS not detected in

unsupervised classifications. Recently, studies have been done on this

phenomenon; however, they have not yet quantified selective logging in the

entire Amazon basin nor has an automated method been developed that detects

selective logging. The purpose of this study is to develop a method to detect

selective logging and quantify the area affected in the Brazil’s Legal Amazon.

BACKGROUND

AS the largest contiguous tropical forest on the planet, Brazil’s Legal Amazon,

has received worldwide attention in natural resource and environmental studies.

The Legal Amazon is an administrative area within the country of Brazil that

includes 5x106 km2 of the nine states of Acre, Amapa, Amazonas, Para,

Rondonia, Roraima, plus parts of Mato Grosso, Maranhao, and Tocantins (Figure

1.1). The most important concern for the Legal Amazon is its dramatic speed of

deforestation. According to a group of NASA-funded scientists, 6% of the

primary forest in Legal Amazon had been cut down by 1988; 90% of this was cut

down after the 19705 (Skole and Tucker 1993).



The rapid and extensive clearing of Amazonia forest is highly correlated with the

beginning of a government colonization program started in 1968, when the

Brazilian federal government decided to “bring men without land to the land

without men” to exploit this remote resource in the Amazon and to promote

Brazil’s economic growth. Road construction and improvement is an important

component of the colonization program (Dale et al., 1993), and are also

considered proximate causes of deforestation in the Amazon (Pfaff 1997,

Mertens 1997). With the extension of the road network, colonists moved into the

frontier of the Amazon and cut the forests adjacent to the roads with the intent of

establishing agricultural settlements.

For more than three centuries, logging was restricted to the floodplain forest

bordering Amazonia’s major rivers (Rankin, 1985). But the construction of

strategic access roads into Amazonia coupled with the depletion of hardwood

stocks in the south of Brazil have transformed Amazon logging from a minor

activity to a major growth industry (Verissimo et al., 1992).

Selective logging has several environmental impacts, including increased fire

susceptibility (Holdsworth and Uhl, 1997), damage to nearby trees and soils

(Johns et al 1996), increased risk of local species extirpation (Martini et al 1994),

and increased carbon emissions (Houghton 1995). Furthermore, uncontrolled

exploration by loggers catalyzes deforestation by opening roads into unoccupied



government lands and protected areas that are subsequently colonized by

ranchers and farmers (Verissimo et al 1995).

ngtic Deforestation

Selective logging is the process of removing four to twenty trees per hectare.

Although this may seem to be a sustainable way of logging forests, it is not.

Selective logging in the Amazon is not planned to minimize effects to surrounding

forest. First, bulldozers are used to open a network of logging roads. Second,

patches of forest are cleared at intervals along these logging roads to serve as

log landings; log landings or patios are areas of forest that are cleared to stack

logs waiting to be transported by trucks. Third, trees are felled and bucked.

Fourth, logs are linked by Choker cable to a bulldozer or skidder by maneuvering

in the bole zone. Finally, the logs are skidded to patios in preparation for

transport out of the logging area (Johns et at, 1996). This process can

devastate surrounding forest. In many instances, the logging roads that are

created by bulldozers are not used to skid the logs to the patios; instead the

bulldozer creates new roads to the patios, destroying even more forest. Also,

vines in the forest canopy connect trees; thus when one tree is felled, it can

potentially take down five to ten trees with it. Selective logging destroys

surrounding forest and Should be considered a form of deforestation. Although

visible in Landsat TM imagery, selective logging is not easily detected using an

unsupervised classification and is not, therefore, included in current deforestation

estimates (Stone and Lefebvre, 1998). Because logging is not readily detected



using most image Classification techniques, some researchers have called it a

“cryptic” form of deforestation (Nepstad et al, 1999). AS such, the area affected

by selective logging in the Amazon has not yet been quantified on a basin-wide

level.

The process Of deforestation by logging is complex, and results in a heavily

degraded forest environment. Selective logging leaves behind primary and

secondary roads, patios or truck loading areas, a mixture Of Intact forest with

treefall gaps, and damaged trees. Loggers do not clear-cut the forest and then

burn it. Logging does not usually kill all trees but it severely damages forests

(Nepstad et al., 1999). Logging companies in Amazonia kill or damage 10-40%

of the living biomass of the forest during the harvest process (Nepstad et al.,

1999, Uhl et al., 1991, Verissimo et al., 1992, 1995). There is little quantitative

information on this new trend despite its potentially large impact in terms of

carbon release, forest biomass, hydrology, sustainable development, and biotic

diversity (Stone and Lefebvre 1998).

Most selective logging can be visually identified in Landsat TM data by its

pattern, or texture, in the forest canopy. Visual cues for selective logging in

Landsat TM data include degradation in the forest canopy and increased

shadow, extensive logging patios, and occurrence of primary and secondary

roads (Figure 1.2). In some areas of logging, degradation in the forest canopy is

not visible, but the secondary roads and extensive logging patios are, indicating



logging activity. In this study, I’ll refer to these areas as cryptic logging areas

(Figure 1.3). Also, for the purpose of this study, the term “canopy degradation”

refers to visible disturbance in the forest canopy around logging patios indicating

an area of extensive logging and possibly has been burned.

Selective Logging and Fire

Uncontrolled fires are an underestimated and underreported disturbance in the

Amazon basin (Cochrane, 1998). Undisturbed tropical forest is generally

immune to fire, while selectively logged forests are susceptible to fire. Except for

tree-fall gaps and areas of unusual fuel structure, in an undisturbed tropical

forest, fire will spread as a thin, slowly creeping ribbon of flames a few tens of

centimeters in height (Cochrane, 1998). Damage from logging, however, can

increase the fuel availability by adding debris to the forest floor, and devastating

fires can result. The effect of logging is to increase forest flammability by

reducing forest leaf coverage by 14-50%, allowing sunlight to penetrate to the

forest floor, where it dries out the organic debris created by the logging (Nepstad

et al., 1999). Although loggers often only extract four to eight trees per hectare,

the resulting forest is fragmented into a mosaic of gaps and forest patches,

where canopy cover is reduced by half (Uhl and Viera 1989). Post-logging fuel

loads in logged forest are three times higher than in uncut primary forest, and

large gaps from logging can burn after only five to six rainless days in the dry

season (Uhl and Kauffman 1990). Most fires in Amazon are set intentionally in

pastures and fields and then spread into nearby selectively logged areas.



Both logging and fire increase forest vulnerability to future burning and release

forest carbon stocks into the atmosphere, potentially doubling net carbon

emissions from regional land-use during severe El Nino episodes (Nepstad et al.,

1999). The average rate and intensity of forest burning and deforestation can be

expected to increase as previously burned forest area expands (Cochrane et al.,

1999).

Selective Logging and Carbon

Deforestation rates In Amazonia are used to determine human effects on the

global carbon cycle. Most carbon studies include only outright deforestation but

do not include logging but only accounts for clear-cut forests because forest

conversion to agriculture is monitored from space easily using Landsat TM

images allowing, large-scale deforestation maps to be developed. The forest

openings created by logging and accidental surface fires are visible in Landsat

TM images, but they are covered over by regrowing vegetation within one to five

years, and are easily missed in the absence of accompanying field data (Nepstad

et al., 1999). This forest impoverishment can cause a significant release of

carbon into the atmosphere, which is not included in existing estimates of the

Amazonian carbon balance. Nepstad et al (1999), estimated that in 1996

logging released approximately 4-7°/o of the net annual carbon release estimated

for deforestation in Brazilian Amazonia. Some Of the studies Of carbon release



may be underestimating carbon loss to the atmosphere due to this new

phenomenon.

Previous Studies

Skole and Tucker (1993) used Landsat satellite data for the Brazilian Amazon

Basin, in 1978 and 1988 to measure deforestation and forest fragmentation. For

1988 they used black and white photographic images using Channel five of the

Landsat Thematic Mapper (TM) and then digitized the deforested areas using

visual interpretation and standard vector GIS techniques. To determine the edge

effects from fragmentation they extracted forest fragments which were <100 km2

and computed edge effects for a buffer zone of 500 m and 1,000 m. They found

that deforestation increased significantly between 1978 and 1988 (78,000 to

230,000 kmz) as did the total affected habitat (208,000 to 588,000 km’). This

study was the first widely published estimate of deforestation using satellite data

analysis, but did not explicitly consider logging and forest degradation.

Stone and Lefebvre (1998) examined 1991, 1988, and 1986 Landsat satellite

imagery to determine the extent of selective logging in areas west and northeast

of the urban center Of Paragominas, Para. They studied how fast selective

logging was occurring and how long logging remains visible in Landsat TM data.

All images were Classified using either a supervised or unsupervised

Classification methods. They state “it is doubtful that an automatic classification

procedure could be developed to define the location and extent of selective



logging.” They therefore relied on a visual interpretation to define the location

and extent of forests affected by selective logging. These areas were digitized

manually on a computer screen. The digitized polygons of selective logging were

overlaid on TM images to define how much selective logging in areas classified

as intact tropical moist forest. When comparing polygons Of selective logging

from 1986 and 1991 data in the western region they found no spatial overlap i.e.,

those areas, which were selectively logged in 1986 were not selectively logged in

1991. Also, there were no apparent visual cues in the 1991 imagery, which

allowed location of the areas that were selectively logged in 1986. Of areas

selectively logged in 1986, 91% were Classified as forest in the 1991 imagery and

only 9% were classified as fields, pasture, and regrowth.

Stone and Lefebvre also tested a texture analysis on TM band 4 (076-09

microns) to investigate whether forest canopy texture was Significantly different in

logged forest from that of undisturbed forest as well as a normalized difference

vegetation index (NDVI) analysis was also computed on the images. They

found that texture and NDVI images were not helpful in defining selectively

logged forest. The tendency was for logged forest to resemble secondary

growth.

Nepstad et al (1999) report that estimates of annual deforestation for Brazilian

Amazonia, where one-third Of the world's tropical forests are found, capture only

60% of the total forest area that is impoverished by humans each year. The



remaining 40%, they Claim, is due to logging. They state that “binary approaches

such as monitoring deforestation by using imagery from Landsat TM neglects

those forest alterations that reduce tree cover but do not eliminate it, such as

selective logging and surface fires in standing forests.” They did not use satellite

data to estimate the amount of selective logging. Nepstad et al (1999) estimated

the area of Brazilian Amazonia forest that is impoverished each year through

logging by interviewing 1,393 wood mill operators, representing more that half Of

the mills located in 75 logging centers. They Obtained each mill’s harvest records

of roundwood (tree trunks) for 1996 and 1997 and the roundwood harvest rate

(m3 of timber per ha of forest). Using this information, they calculating the forest

area required to supply each center’s timber production.

They also estimated the area subjected to surface fire each year by interviewing

202 landholders in five regions along a 2,200 km transect through the states of

Para, Mato Grosso, Rondonia, and Acre. They had the landholders draw onto

satellite images the forest areas on their property that had been deforested and

the forest areas that had burned by surface fire (without prior forest felling) in

1994 and 1995.

Nepstad et al (1999) estimate that 10,000-15,000 km2 of undisturbed forest are

logged each year (1996 and 1997) by 2,300 sawmills Operating in Brazilian

Amazonia. According to Nepstad et al (1999), selective logging in 1996 affected

an area of forest that was three-fourths as large as the satellite-based estimate of



annual deforestation from 1992-1994 and equal to the estimate for 1991 and

1992. Nepstad et al (1999) suggests that cryptic forest impoverishment through

selective logging causes a significant release of carbon into the atmosphere that

is not included in existing estimates of the Amazonian carbon balance. As a

result, the Brazilian contribution to the increase in atmospheric C02 has been

underestimated and its success in curbing the rate of Amazonia forest

impoverishment has been overestimated.

Nepstad et al (1999) found that within properties surveyed for the fire study, the

area of standing forest that was affected by surface fire in 1994 and 1995 (310

km’) was 1.5 times greater than the area that was deforested in those years (210

kmz). They state, “Although extrapolation of this data set to the entire Amazon is

not warranted, these data indicate that the area Of Amazon forest affected by

surface fire each year may be similar in scale to the area affected by

deforestation.”

In a detailed study of logging in a 32,520 hectare area near Paragominas, Souza

and Barreto (1999) present a method for estimating selective logging. They used

Landsat TM images (bands 1-5, and 7) of their study area (path222/row62) for

June 1984, July 1991, and July 1996. They used a linear mixture model to

identify spectrally pure pixels and estimate the soil, vegetation, and shade

fractions within each pixel of their TM images. Soil exposure enabled explicit

detection of logging patios.

10



After identifying logging patios, they used a buffer routine to estimate the total

area affected by selective logging. During field calibration trials, they determined

the buffer Size from data collected in 82.5 hectares of unplanned logged forest.

The total area logged was divided by the number of log landings (n = 10) to

estimate the average area of forest within reach Of a logging patio (8.25 ha). An

average extraction radius Of 162 m was calculated using these data. However, it

was necessary to use a multiple of the Landsat TM pixel Size (30 m) for the

buffer routine, so a radius Of 180 m was used in the final analysis. They found

2,089 ha in 1984; 2,585 ha in 1991; and 662 ha in 1996 of selective logging.

To assess the accuracy of estimates of the area affected by logging Souza and

Barreto (1999) applied the methodology to the 82.5 hectare area of typical

logged forest. Using the estimated 180 m radius Of extraction and the number of

log landings in the logged area they calculated that logging affected an area Of

80.5 hectares, 97% Of the actual area. The area identified as potentially being

logged included 294 of the 326 (90%) trees actually extracted from the site.

In a recent and important study of fire degradation, Cochrane et al (1999) studied

forest fire dynamics in the Amazon to understand the effects of this disturbance

force. They did field studies in the Tailandia region using ten 0.5-ha plots (eight

fire-affected and two control) distributed over 100 kmz. These Sites were

established in 1996 to study fire impacts on forest structure, biomass, and

11



Species composition. After the dry season of 1997, fire recurrence, tree

mortality, and biomass combustion levels within forests of different burn histories

were quantified.

Cochrane et al also examined characteristics of fires while they were occurring in

four forest types (previously unburned, once-burned, twice-burned, and more

than two previous burns) in December 1997. For each fire Observed, they

measured flame heights and depths. The time the fireline took to move across a

known distance was used to calculate the rate Of spread. Cochrane et al found

that the first fire to enter a forest usually moves slowly along the ground and

consumes little besides the dry leaf litter. In these first fires, 95% of trees >1cm

dbh are killed because of their characteristically thin bark. Second fires are

faster moving and much more intense because of increased flame depth. They

found that large trees have little survival advantage against the second fire during

these more intense fires.

Cochrane et al used satellite images from Landsat TM to conduct multitemporal

analyses of fire in the Tailandia and Paragominas regions. They used a linear

mixture model to separate forest from nonforest and to classify burned forests in

all images, they then cross-tabulated these images, which provided a history of

deforestation and forest burning throughout the study regions. They found that

areas that are minimally forested because of the recurrence Of fire are likely to

appear deforested in satellite imagery analyses.

12



They also conducted a detailed study of deforestation in burned forests, using

imagery of Paragominas for the period from 1993 to 1995 to test whether the

deforestation that had burned in 1992 was intentional or accidentally induced by

fire. In the Paragominas region, they estimated that accidental fire-induced

deforestation increased deforestation estimates by 129% between 1993 and

1995. Cochrane et al state, “This surprising result implies that the basin-wide

jump in estimated deforestation rates may have occurred largely because of the

widespread forest fires of 1992 and 1993.”

The purpose of this analysis was to develop a method, which would be used to

detect selectively logged areas. This study had two steps: (1) developing a

model that can be run on satellite images to detect cryptic deforestation; and (2)

making a visual inspection of Landsat TM 1992 images and identifying selectively

logged areas. The visual inspection identifies areas of canopy degradation

around logging patios and these areas are then digitized. The primary objective

of this analysis was to quantify the area in Brazil’s Legal Amazon that was

selectively logged in 1992 and add this estimate to the 1992 deforestation data

for a total area deforested.
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Chapter 2

Experimental Efforts to Develop Automated Methods for Detection of

Logging and Degradation

Introduction

The purpose of this analysis was to develop a procedure to define the location

and extent of cryptic logging and degradation in the Brazilian Amazon forest, in

order to enhance previous and current deforestation estimates. The area of

selective logging targeted for detection was the portion of the forest canopy

where trees have been removed but the area has not been clear-cut. The

selective logging process removes 4-20 trees per hectare and leaves behind a

mixture of intact forest with treefall gaps, primary and secondary roads, and

logging patios.

The first step before developing a method was to test the unsupervised

Classification technique used on Landsat TM images to derive the 1992

deforestation data. I tested the unsupervised Classification on a Landsat TM

scene that contained selective logging with 45, 50, 55, and 60 classes; in all

cases cryptic logging and canopy degradation was clumped with forest. I was

unsuccessful at defining a separate spectral Class for selectively logged forest.
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Verifying the findings of Stone and Lefebvre (1998). This is because selectively

logged sites are composed of a combination of intact forest canopy, damaged

canopy, secondary growth forest, understorey vegetation, and bare soil, all of

which are spectrally Similar to other Classes in an unsupervised classification. In

most cases the logging patios and roads were also clumped in with forest.

Image classification procedures group pixels into classes or categories based

upon distinctive, multispectral patterns of digital numbers (ON) and are normally

categorized as either supervised or unsupervised. A supervised Classifier uses

training data input by an analyst that are based upon prior knowledge of land-

cover at selective locations. The unsupervised classification determines the

classes by spectral distinctions inherent in the data. The 1992 deforestation GIS

layer was generated from an unsupervised Classification. This GIS has seven

classes: forest, nonforest, cerrado, secondary growth, water, cloud, and Cloud

shadow.

Unsupervised classifiers do not depend on the input of a training data set. They

generate classes based upon Clustering the multispectral values into groups

based upon similarity (Lillesand and Kiefer, 1994). Once the Spatial clusters are

generated, an analyst attempts to determine the nature Of the Clusters and

provide labels.
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All of the attempts I made to detect cryptic deforestation using automated

methods were unsuccessful; however, I was successful at detecting the logging

patios and incorporated this material into my study with a buffer routine

(discussed in Chapter 3). I’ve listed below the methods attempted and a

description of how they worked.

Standard Deviation Focal Analysis

In the visible part of the electromagnetic Spectrum, the Spectral pattern Of

vegetation is dominated by absorption in the blue (450-520 nm) and red (630-690

nm) bands and reflectance in the green (520-600 nm) band. The dominant

pigments in plants are chlorophyll A and B, and light absorption is required by

plants to support photosynthesis. In this analysis, I used TM band 3, the red

band, of the visible Spectrum region because Of the absorption by vegetation.

Cryptic deforestation leaves behind an intact forest canopy, treefall gaps,

damaged trees, patios, and logging roads. Forest leaf coverage is reduced

allowing the sun to penetrate to the forest floor to dry out debris and allow

secondary vegetation to grow. I hypothesized that because of these Changes,

the digital numbers (DN) of the pixels in the red band would have high variation

in areas of cryptic deforestation. Areas of intact forest canopy would have low

DNS because of high absorption, while areas of treefall gaps would have higher

DNS because Of lower absorption and higher reflectance. Also, damaged and

dying trees would have higher DNS than the intact forest canopy. Logging patios
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and roads would have the highest DNS in areas of cryptic deforestation due to

little or no vegetation.

Using the above information, the first automated model I tried was a standard

deviation focal analysis to detect variation in areas of cryptic deforestation.

Using subset, an ERDAS IMAGINE command which breaks out a portion of a

large file into one or more smaller files, I extracted TM band 3 from the full data

set. A standard deviation focal analysis was conducted on the resulting image

using a 3x3-moving window. The focal standard deviation module returns the

standard deviation of the pixel DNS in the focal window around each pixel of the

image. The resulting image was re—scaled and then inserted as TM band 3 into

the spectral subsets 4, 3, 2 of the image. Then an unsupervised classification

was run on the image using 45 classes and 12 iterations. I then analyzed and

labeled the spectral Clusters and found that the resulting Classification captured

logging patios and roads that were not identified in the 1992 deforestation

estimates as deforestation, but classified the areas around the logging roads and

patios as forest. Therefore, cryptic deforestation was not detected.

This attempt was unsuccessful in detecting cryptic deforestation because

variation in the DNS of the disturbed forest canopy were not large enough for a

standard deviation focal analysis to detect. The logging roads and patios did

have enough variation to be detected. This, although when incorporated with an

unsupervised Classification this model was able to detect more detailed land-

uses and could be utilized for future small area studies. However, it Should not
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be utilized for large area studies because it resulted in greater mixing of classes,

requiring more editing time.

Slope Analysis

The second automated model I evaluated was a SLOPE analysis using the DN

values of the pixels in the forest canopy. I used SLOPE to identify the rate of

change of the DN value from pixel to pixel. Since cryptic deforestation is classed

as forest in the 1992 deforestation estimate. I wanted to detect this in the forest

canopy, I masked out all land cover in the image except forest. I hypothesized

that Since areas of cryptic deforestation are highly disturbed with treefall gaps,

logging roads, and patios, the canopy in areas Of cryptic deforestation would

have higher Slope percentages than the surrounding undisturbed forest.

As per the standard deviation focal analysis, I used TM band 3 in this analysis. I

converted band 3 of the image to a grid and in GRID used the SLOPE command

to identify the rate of change from each cell to its neighbors, with the result being

3 percentile. The SLOPE function in GRID fits a plane to the values of a 3x3 cell

neighborhood around the center cell. The actual algorithm that GRID uses to

calculate slope is:

rise_run = SQRT (SQR (dz I dx) + SQR (dz I dy)) degree_slope =

ATAN(rise_run) * 57.29578
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The resulting output file was converted to an image file for analysis. To

differentiate the Sloped pixel values I color-coded them into intervals of twenty,

using the Selection Criteria in the Raster Attribute Editor of ERDAS IMAGINE.

When viewing the color-coded result, I could not determine any spatial pattern to

map out selective logging areas. I then reclassed the color code, trying intervals

of 30, 40, 50, and 60. None of these efforts indicated any Spatial pattern;

therefore, this method was also unsuccessful in detecting cryptic deforestation.

_l\I_Q_\_I_I

The normalized difference vegetation index (NDVI) was also evaluated.

Characteristically, green plants strongly absorb visible electromagnetic radiation

and strongly scatter near-infrared radiation (Curran, 1980). The NDVI was

developed to emphasize the difference between the absorption in the visible and

the reflectance in the infrared through mathematical processing of multi-spectral

bands, such as ratioing and differencing (Wulder, 1998). The NDVI is a

commonly used vegetation index, calculated from the red (R) portion of the

visible Spectrum and the near-infrared (NIR) radiance in the form of:

NDVI = (NIR - R)I(NIR + R)

NDVI has been demonstrated to assist in compensation for changing illumination

conditions, surface slopes, and viewing aspects (Avery and Berlin, 1992).
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After running an NDVI analysis on the image, I ran a texture analysis. This

texture analysis is discussed below. I then analyzed the pixel values and

removed all undisturbed forest, by the DN value Of the pixels. After removing all

undisturbed forest the image was analyzed and I determined that this method

was unsuccessful. Like the standard deviation analysis, however, it also detected

logging patios and roads.

Texture Analysis

The last model I tried was a texture analysis on TM bands 2, 3, 4, and 5 of an

image to determine if cryptic deforestation could be detected. A texture analysis

can be used to segment an image and classify its segments, giving the image

Sharper edges. It generally indicates the Spatial variation in neighboring pixel

values; further the addition Of texture to an image may add structural information

that will aid in the detection Of cryptic deforestation.

The first step in this analysis was to mask out all land cover in the image except

forest using the 1992 deforestation data. The second step was to, using subset

in ERDAS IMAGINE, separate out the TM bands. The analysis was then run on

each TM band using a variance algorithm with a 3x3, 5x5 and 7x7 window.

The algorithm is:

Variance = 2(xii —M)2

n-1
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where:

xij = DN value Of pixel (i,j)

n = number of pixels in a window

M = Mean of the moving window, where:

Mean = 2_"_u

n

The areas of undisturbed forest were then subtracted from the image. This

method was also unsuccessful. Again however, the logging roads and patios

were classified as deforestation in TM bands 3, 4, 5 Of the images tested; these

were particularly evident in TM band 5.

Conclusion

Although canopy degradation due to selective logging is visible in the Landsat

TM images, it cannot be detected with the any of the above methods. This

concurs with the findings of Stone and Lefebvre (1998) who were also

unsuccessful at detecting selective logging using automated methods. Although

the above methods were unsuccessful at detecting selective logging three of the

methods were able to detect logging roads and patios that were previously

classified as forest in the 1992 deforestation data. This was especially evident In

the texture analysis run on TM band 5. Therefore, I incorporated this method into
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my research with a buffer routine and a visual interpretation. This method is

discussed in more detail in chapter 3.
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Chapter 3

Methods Employed for Mapping Logging and Degradation

Rationale

The various attempts to detect cryptic deforestation using automated methods,

discussed in Chapter 2 were unsuccessful. Therefore, I incorporated techniques

I developed along with methods in previous studies to quantify selective logging

in the Legal Amazon basin.

Souza and Barreto (1999) developed a method to detect logging patios based on

their Spectral characteristics and then used a buffer routine to quantify the area of

selective logging in a region in the state of Para. By taking ground

measurements in an area of logging, they estimated the radius of logging around

a patio to be 180 m. I incorporated the texture analysis on TM band five from

Chapter 2 into my study to detect the logging patios and used the 180 m radius

to buffer the patios that were detected. This method quantified areas of cryptic

logging.

Watrin and Rocha (1990) and Stone and Lefebvre (1998) used a visual

interpretation to quantify an area Of selective logging. Stone and Lefebvre

quantified the area Of logging for a study site in the state of Para. They visually
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identified areas Of selective logging and manually digitized them on each image

in their study. Logged forests were identified by the patterns made by primary

and secondary timber access roads and truck loading areas or patios (Stone and

Lefebvre, 1998). l incorporated this method into my study, but only digitized

areas Of selective logging with obvious canopy degradation. If areas of logging

with visible patios and logging roads did not have Obvious canopy degradation,

they were not digitized but captured in the texture analysis on TM band five.

Data set

This study used Landsat 5 Thematic Mapper (TM) satellite images and the1992

Landsat Pathfinder Humid Tropical Inventory data set derived from these images

by the project at Michigan State University (MSU), supported by the US.

National Aeronautics and Space Administration (NASA). The Basic Science and

Remote Sensing Initiative (BSRSI) in the Department of Geography provided the

Landsat TM images for this study. As one of the leading institutions Of the NASA

Landsat Pathfinder Project, BSRSI has the largest non-govemmental Landsat

imagery archive of the tropics consisting of 4000 scenes. The entire satellite data

set is referenced by geographic location as well as the Landsat World Reference

System path/row footprint (WRSZ). The WRSZ tile system provides an

organized spatial structure for data acquisition, cataloging, processing, and

overall data management.
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The deforestation GIS layer was derived from more than 200 Landsat TM images

covering the Legal Amazon. The imagery was classified into seven thematic

Classes: forest, deforestation, regrowth, cerrado, cloud, cloud shadow, and water.

This was done using an unsupervised image classification procedure. Although

selective logging is visible in Landsat TM images, no attempt was made to

classify the areas of selective logging automatically and it was not included in the

1992 estimate of deforestation.

Data Preparation

The first step in my research was to examine the more than 200 Landsat TM

scenes that encompassed the Legal Amazon Basin at a 1:60,000 scale to

identify indicators of selective logging. I identified selective logging areas by first

observing a logged area that has been verified in a study done by Uhl (191994)

(Figure 3.1). I found thirty scenes that contained selective logging indicators and

canopy degradation. The scenes that contained visible selective logging are

found mainly in a crescent along the eastern and southern Legal Amazon.

These are the scenes that the automated method to detect logging patios

identified and on which manual digitizing was done (Figure 3.2) to get a

quantification of selective logging in the Legal Amazon Basin.

I then had to rectify the thirty images using nearest-neighbor resampling with the

four points derived from ephemera data. These points were supplied with the

images at the time of ordering and does not take into consideration correct the
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image to < 500m of the true ground (Chomentowski, personal communication).

This was tested at BSRSI by collecting GPS ground points in the Amazon and

testing them on several TM images.

Automated Detection of Logging Patios

In this step of my research I used an automated model to detect logging patios in

the forest canopy. The patios were detected using a texture analysis on band

five of the TM images. However, so that areas of deforestation and other land-

uses did not interfere in the analysis, I masked out all land-uses except forest,

using the 1992 deforestation data set. After the patios were detected, a buffer

routine was used on them to obtain a measurement of the logged area.

The first step was to convert band five of the image to a grid using export in

ERDAS IMAGINE. The image may include several bands of information. Each

band is a set of radiance values for a specific portion of the electromagnetic

spectrum (red, green, blue, near-infrared, Short wave infrared, thermal infrared,

etc.) or some other user-defined information created by combining or enhancing

the original bands from other sources (ERDAS FIELD GUIDE, 1997). A grid, like

a coverage, describes the distribution Of one or more spatial variables. A grid

generally describes a Single Characteristic or theme, such as land-use, soils or

elevation (ESRI, 1994). Unlike a coverage, which stores geographic information

in terms Of lines, points, and polygons, a grid divides space up into discrete units,

called cells (ESRI, 1994). A cell has a value describing its characteristics, a size
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that determines the resolution of the grid, and a position or location defined by a

row and column in the grid. The ERDAS image is converted to a GRID format in

order to extend all of the GRID GIS software capabilities to the image. This

provides access to the actual pixel values in the image.

I used band five because in this middle-infrared (mid-IR) TM band, bare soil has

a pattern in which high digital number (DN) values are found. This is consistent

with relatively high visible reflectance from mineral matter in low organic soils and

very high mid-IR DNS in dry soils that have little water to depress mid-IR

reflectance (Mausel et al., 1993). In the mid-IR, leaf spectra are dominated by

water absorption, giving the forest canopy smaller DNS than bare soil, which is

dominated by reflectance. Therefore, the texture analysis is able to distinguish

the difference between logging patios and forest using DN values.

The 1992 deforestation vector coverage was rasterized using the POLYGRID

command in GRID. The POLYGRID command creates a grid from polygons in

an ARC/INFO coverage. The 1992 deforestation grid was reclassified into a

forest/non-forest map and used to mask the band 5-grid (Figure 3.3). This was

done in order to find selective logging Sites and ensure that logging areas already

classified as deforestation in the 1992 data set were not Incorporated into this

study and accounted for twice.
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The band five grid was converted back into an image and submitted to a texture

analysis in order to detect logging patios. Texture analysis detects spatial

variation in neighboring pixels. According to Pratt (1991), many image portions

of natural scenes are devoid of sharp edges over large areas. In these areas,

the scene can often be Characterized as exhibiting a consistent structure

analogous to the texture Of cloth. Image texture measurements can be used to

segment the image and then Classify its segments. 1 used a variance algorithm

with a 5x5 window.

The algorithm is:

Variance = 2(xij —M)2

n-1

where:

xij = DN value of pixel (i,j)

n = number of pixels in a window

M = Mean of the moving window, where:

Mean = f"_ij

Both a 3x3 and a 7x7 window were also tested. The 3x3 window included too

much noise, while the 7x7 window excluded too much texture. I then analyzed

the texture image to determine the threshold pixel values Of the forest for

removal. A portion of the undisturbed forest was selected and the statistics were

then calculated for that area. Many randomly selected areas Of undisturbed

forest were tested to find the maximum value for removal. The texture image
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was then converted to a grided data set using the export option in ERDAS.

Using a GRID command, the forest was removed from the image, leaving

detected logging patios (Figure 3.4). Figure 3.5 is an example of the same

image in Figure 3.4 displayed with a color composite of 4, 3, 2, with visible

logging patios for comparison. The detected logging patio image was then

converted into a polygon coverage. This coverage was then edited to remove all

noise but the detected patios. The image with bands displayed at 4, 3, 2, was

used to aid in the editing.

After identifying logging patios, I used a “buffer” routine to estimate the potential

forest area affected by selective logging. In the case of Paragominas, studies

within a section Of logged forest indicated an average extraction radius of 180m

(Souza and Barreto, 1999). Because this is the only basin-wide detection of

selective logging, the 180 m buffer was utilized for the entire basin. Figure 3.6 is

an example of buffered logging patios.

Digitizing Maps

In this step of my study I relied on visual interpretation at a scale of 1:60,000 to

identify the location and extent of selective logging from the 1992 images. These

areas were verified and digitized manually on each image at a scale Of 1:30,000.

The areas were generally found in or around areas of high land-use change and

were identified by the characteristic logging patios and logging roads along with
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Obvious canopy disturbance around the areas. Logged areas leave a

characteristic pattern of white points, which are the log landings or patios,

embedded in the red hues of the forest canopy. In the areas around the patios

canopy degradation may be evident and, if so, was digitized. AS stated earlier in

this study, I will refer to the digitized areas as the areas of canopy degradation

because these areas not only include selective logging, which is a precursor to

fire, but also selective logging areas that have been burned. These burned areas

may go beyond the area Of selective logging but are also considered

deforestation and result from selective logging.

After identifying areas of logging, l digitized these areas into vector GIS layers

using ERDAS IMAGINE. The digitizing was done on the very edge of canopy

disturbance. l separated the logging areas into two separate vector coverages

obvious logging and subtle logging. Obvious selective logging includes spectrally

bright patios, roads, and obvious canopy disturbance (Figure 3.7). Subtle

logging refers to areas in and around highly logged areas that exhibit obvious

canopy disturbance and faded patios and roads, or no patios and roads (Figure

3.8). Logging patios that did not have canopy disturbance were not digitized but

were captured in the first step of this research. Because of the 10% overlap of

the satellite sensor, some areas of selective logging were in more then one

scene, so digitizing was done along with adjacent scenes so that logging areas

would not be counted twice.
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These areas were digitized on the computer screen with the polygons registered

to the Universal Transverse Mercator (UTM) raster coordinates of the images.

Each x-y coordinate of the polygons digitized was recorded (Table 3.1).
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Chapter 4

Results

Analysis of Total Logging Detected in 1992 Landsat TM Images

Thirty Landsat TM scenes with less than 20% cloud cover found to contain

selective logging were used to detect selective logging using an automated

model following Souza and Barreto (1999). These thirty scenes represent 20%

(~1,015,399 km?) of the area of the Legal Amazon and 64% (151,127 km’) of the

deforestation. The analysis for the 1992 deforestation estimate Showed that 67%

(~3,351,158 km’) of the Legal Amazon was identified as forest and 5%

(~237,664 km’) was identified as deforestation due to agriculture.

Using the TM band five-texture analysis on the masked images and incorporating

Souza and Barreto’s (1999) 180 m radius, I found 1834.001 km2 Of cryptic

logging that was not detected as deforestation in the 1992 deforestation estimate

(Table 4.1). In order to verify that this estimate did not include areas previously

counted in the 1992 deforestation estimate, I took the 1992 deforestation data

and the 1992 cryptic logging found in the analysis with ARC/INFO intersect

computes the geometric overlay of two coverages, but only those features

common to both coverages will be preserved in the output coverage (ARC/INFO,

1994). For the 1992 logging, I found that 26.863 km2 was already included in the
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1992 deforestation estimate as different classes (deforestation, cerrado,

secondary growth, water, cloud, cloud Shadow). l subsequently subtracted

26.863 km2 from the amount Of logging, giving the total cryptic deforestation

found of 1834.001 km’. Of the 26.863 kmz, 9.55 km2 is deforestation as

agriculture in the 1992 estimate (Table 4.1).

Analysis of Canogy Degradation Digitized in 1992 Landsat TM Images

The same 30 scenes I used above were interpreted for canopy degradation by

means of visual analysis. As discussed in Chapter 3, l digitized canopy

degradation into obvious logging and subtle logging. The amount of canopy

degradation by obvious logging is 3349.616 krn2 (Figure 4.1) while the amount of

canopy degradation due to subtle logging is 1269.359 km2 (Figure 4.2). The total

digitized canopy degradation area for the Legal Amazon Basin is 4618.984 km’

(Figure 4.3). Figure 4.4 shows that canopy degradation due to obvious logging is

much greater than that due to subtle logging.

In order to verify that this estimate did not include areas that had been counted in

the 1992 deforestation estimate, the same procedure as discussed above was

used. The 1992 deforestation data and the 1992 canopy degradation estimate

found in the analysis were intersected in ARC/INFO. I found that 393.724 km2 of

Obvious logging was already included in the 1992 deforestation estimate as

different classes (deforestation, cerrado, secondary growth, water, cloud, cloud

shadow). I thus subtracted 393.724 km2 from the amount of obvious logging to
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get the total, 3349.616 km’. Of that overlap, 214.464 km’ is deforestation as

agriculture in the 1992 estimate (Table 4.1). I found that 82.844 km” of subtle

logging is already included in the 1992 deforestation estimate as different classes

(deforestation, cerrado, secondary growth, water, Cloud, Cloud Shadow). I thus

subtracted 82.844 km2 from the amount of subtle logging to get the total

1269.359 km”. Of that overlap, 43.766 km2 was deforestation as agriculture in

the 1992 estimate (Table 4.1).

Analysis of Logging and Canogy Degradation in 1992 Landsat TM Images

I combined the above two analyses, cryptic logging and total canopy degradation

(Obvious logging + subtle logging) to estimate how much selective logging was

missed in the 1992 deforestation estimate (Figure 4.5). In ARC/INFO | used the

union command, which computes the geometric overlay of two polygon

coverages but all polygons from both coverages will be Split at there intersections

and preserved in the output coverage (ARC/INFO, 1994). After combining

cryptic logging and canopy degradation, and accounting for the overlap in the

1992 deforestation estimate with the intersection command, the total

deforestation missed in the 1992 estimate of deforestation was 5308.906 km2

(Table 4.1). Because the texture analysis on TM band five detects logging

patios, some logging patios that were digitized into the canopy degradation

layers were also detected. This means that part of the total logging estimate of

1834.001 krn2 is also included in the canopy degradation estimate of 4618.964

km’. The union command accounted for this.
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Using the data from the 1986 and the 1992 deforestation data supplied by

BSRSI, I estimated the rate of deforestation to be ~18,000 km2 y“. In Stone and

Lefebvre (1998) study, they found that areas of selective logging and surface

fires are visible in Landsat TM images but are covered over by regrowing

vegetation within one to five years. They found that logging sites in a 1988

Landsat TM image were not visible in the same 1991 Landsat TM image. If I

assume that the amount of selective logging found in 1992 was the result of two

years of logging activity, then the new rate Of deforestation is ~20,655 km2 y‘1

with selective logging accounting for ~13% of this rate.

Comgarison of1991 and 1997 Landsat TM

In this study, I compared selective logging on the 1991 and 1997 Landsat TM

images for path 226 row 63. I used this scene because Of data availability. I

found that in 1991 there was 5.187 km2 of selective logging, and in 1997 there

was a total of81.589 km’ of selective logging. In 1997, cryptic logging accounted

for 17.514 km2 and total canopy degradation accounted for 74.275 km2 of the

overall total. The 1997 Landsat TM image had 20% cloud cover; therefore,

logging could be even greater. I found no spatial overlap when comparing the

logging areas from 1991 and 1997. Those areas that were selectively logged in

1991 were not selectively logged in 1997. Also, there were no apparent visual

clues in the 1997 imagery indicating the logging Sites in 1991. The area
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selectively logged in 1991 was classified as forest in 1997. Selective logging in

1997 was more widely distributed geographically then it was in 1991. In the Six-

year comparison, logging increased 16-fold.

Analysis of Basin-wide Verification

To verify that all selective logging in the Legal Amazon was captured, I took a

random 5% sample of the Images where selective logging was not found. This

encompassed 103 images in the western Legal Amazon; five of these images

were selected for the verification. Images in eastern Amazon that did not include

logging were not used in this verification because the dominant land-cover is

cerrado. I ran the automated model on these images to detect logging patios

and did a visual analysis to digitize areas of canopy degradation. I did not detect

any logging patios in the scenes sampled; in two of the scenes, however, I found

a small area of canopy degradation with logging indicators. l digitized these

areas and found that 1.08 km2 was missed in path 231 row 67 and 7.581 km2

was missed in path 225 row 65. This equals 8.661 km2 that was missed in my

estimate of selective logging. Using this estimate Of logging missed, I calculated

that using the methods in this study, I captured 99.8% of visible selective logging

for 1992.
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Analysis of Accuracy Assessment of Logging Patios

I conducted an accuracy assessment on the automated model for detecting

logging patios by dividing the 30 images in this study into four regions of logging

(Figure 4.7). I used the extent Of logging to define the regions and then took a

random sample from each region. Two Of the regions were regions of high

logging and two were Of low logging. Image path 226 row 63 and image path

002 row 67 were not included in the random sample. I took the random scene

from each region (four scenes) and in ARC/INFO built a grid over the image with

18,000 km2 by 18,000 km2 cells. The grid cells were numbered starting with 1,

and a random 5% sample was taken from the grid cells for each of the four

images. I opened the grid over the images and counted all of the patios within

the grid specified in the random sample. I then overlaid the detected logging

patio coverage and counted how many patios were detected to get a percent

accuracy.

The four scenes used in this analysis were path 222 row 63, path 223 row 64,

path 226 row 68, and path 230 row 68. In scene path 222 row 63, four cells were

analyzed. Only one cell contained logging patios. In this cell I counted one patio

and the analysis captured 1 patio. In scene path 223 row 64, four cells were also

analyzed. Only one cell contained logging patios, 17 were counted and 16 were

captured. In scene 226 row 68, five cells were analyzed. Two of the cells

contained logging patios; in the first cell, nine were counted and five were

captured; in the second cell, 27 were counted and 24 were captured. In scene
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230 row 68, four cells were analyzed. Only one cell contained logging patios,

two were counted and one was captured. These analyses Show that 84% of the

logging patios detected were captured in the TM band five-texture analysis.

In this analysis, when counting logging patios, I counted all patios that were

visible. Some of the logging patios that were counted were not highly visible and

were within areas of canopy degradation where the texture analysis did not

detect them. To verify that these areas were included in the estimate Of selective

logging, l overlaid the canopy degradation layers onto the Images. So although

this analysis Shows that only 84% of the logging patios were detected, some of

the patios that were excluded were quantified in the digitizing of canopy

degradation.
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Chapter 5

Discussion

The integration Of remote sensing and GIS information has provided important

insights regarding selective logging in the Legal Amazon Basin for 1992. I have

found that although selective logging is difficult to capture using an automated

method, it is possible to quantify selective logging using a visual interpretation

combined with an automated detection of logging patios. An important issue was

quantified in this study: the extent of selective logging in the Legal Amazon

Basin. Results at the basin level Show that ~13% of the rate of deforestation

from 1986 to 1992 is due to selective logging.

In the 30 Landsat TM scenes where selective logging is found, 19% (~649,499

km’) of the area is forest and 64% (~151,127 km’) of the area Is deforestation

due to agriculture. This indicates that selective logging occurs within a proximity

of high deforestation. Furthermore, while doing the visual inspection of the

Landsat TM images it is evident that the process of selective logging is only

occurring in areas of urbanization.

The rate logging identified in this study as ~2655 km2 yr1 varies significantly from

the Nepstad et al (1999) study where it is estimated that 10,000 to 15,000 km2

39



yr‘ of forest logging is not included in deforestation mapping programs. It also

varies, although not as significantly, from a study done by Uhl and Holdsworth

where they cite from IMAZON (Instituto do Homen e Meio Ambiente da

Amazonia) an estimate that ~8,000 km’ yr‘ is selectively logged.

The difference in logging estimates 2,655 km’ yr“1 verses 15,000 km2 W1

respected from my study and the Nepstad et al (1999) study may differ for

several reasons. The first is that the Nepstad et al (1999) estimate is based on

Interviews of 1,393 wood mills Operating in the Brazilian Amazon and did not use

direct observation satellite imagery. The second reason may be because the

Nepstad et al estimate is for 1996 and 1997, while my study was done on 1992

Landsat TM imagery and logging rates may have increased. As my analysis on

the 1991 and the 1997 Landsat TM image comparison shows, selective logging

in one image increased by 16-fold in six years. Nonetheless, this may be an

isolated incidence and further investigation in other areas may have a different

result. Souza and Barreto (1999) found in their study area that selective logging

in 1984 was estimated at 2,089 ha and, in 1996, at 662 ha. The study area

Souza and Barreto used has been selectively logged Since the early 19803 this

fact may help explain the low level of logging activity detected in 1996. If this is

an accurate explanation of the decrease in selective logging for their area, then

the Nepstad et al (1999) study estimate of selective logging at 10,000 to 15,000

km2 yr”1 for 1996 and 1997 may be an overestimate of selective logging.
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Using my data and the data available from the study done by Nepstad et al

(1999) I conducted a sensitivity analysis. Using my data I considered the

possibility that logging encompasses a larger radius extraction around a patio

then 180 m. To test this assumption, l doubled the extraction radius to 360 m,

thereby calculating cryptic logging for a larger area.

The area captured using a buffer radius of 360 m is 7336 km’. It is not likely that

this estimate is higher because the overlap of buffers, and other land Classes,

that would decrease this value are not figured into this estimate. Adding this

estimate to the area of canopy degradation is 10,811 km’. With the assumption

that selective logging is visible for two years the rate of selective logging is

~5,406 km2 yr". Thus the rate Of selective logging per year based on satellite

data might range from ~2,655 to ~5,406 km2 yr" (Table 5.1).

Table 5.1: Sensitivity analysis calculating a possible lower bound annual logging

rates for Nepstad et al (1999) data and upper bound estimate for the data in this

study.

 

 

 

 

 
 
  

Negstad et al (1999) This Study

Date Reported Based Total 180 m 360 m

Estimate on High Canopy Radius Total Radius Total

Km2 Intensity Degradation Buffer Buffer

1992 1,737 917 2,655 3,668 5,406

sz yr" Krn2 yr" Krn2 Km’ yr" Km2

Jr" yr"

96/97 10,000- 6,177

1 5,000 sz        
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The data used in the Nepstad et al (1999) study calculated the selective logging

rate by determining the log production (m3) in the logging centers. Their estimate

was calculated using a range of logging intensities, most of which were high

Intensity logging (low-intensity, 19(14-24); moderate intensity, 28(24-32) m3 ha";

high intensity, 40(35-45) m3 ha"). I calculated a high intensity logging estimate

on roundwood production with their data to determine the rate if it was calculated

with high intensity logging; using their estimate of 45 m3 ha'1 for volume per area.

Table 5.2: Calculation of a lower bound estimate of the Nepstad et al (1999)

 

 

 

data.

Roundwood Low Med. High Logging Assuming

Production Logging Logging Logging 96-97 100%

(106 m3) Intensity Intensit Intensity (km’yr’l) Intensity

% y % % 45 msha yr’1

Total 27.8 49 41 10 9,730- 6,117 km’

15,090

        

Thus if we assume that all logging is Closer to the high intensity logging this

calculation gives a possible lower rate Of6,117 krn2 y'1 (Table 5.2). Taking Into

account my upper bound estimate of 5,406 km2 y’1 there is not much difference

in the two estimates. If we also consider the state of Rondonia, where in this

study selective logging was not identified whereas, Nepstad et al (1999)

estimates between 1,320-1,920 km2 y'1 logged In 1996 and 1997 in Rondonia.

Subtraction of the Rondonia estimate from the lower bound estimate of the

Nepstad et al (1999) study is 4,497 km’ y", which is lower than the upper bound
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estimate in this study. Indicating that the Nepstad et al (1999) study did not

consider the possibility of counting areas already included in deforestation

mapping programs. For instance, in many cases ranchers allow logging on their

property before they themselves clear-cut the land for pasture. These instances

are included in deforestation estimates. This further indicates that the estimate

by Nepstad et al (1999) IS an overestimation.

The logging estimate in the study done by Uhl and Holdsworth’s (1997) paper

does not state what year or years it’s estimate represents. IMAZON’S estimate is

~8000 km2 yr". The different estimates Show the varying results in this area of

concern. It is unknown if any of the above estimates are credible numbers.

My study is by no means an overestimate of selective logging, but a Significant

indicator that selective logging is evident in Landsat TM imagery and that a large

portion of it can be captured as deforestation. More work needs to be done to

capture cryptic deforestation.

Areas Of new logging may be easy to identify in Landsat TM imagery and

captured in this study, but as secondary growth fills in logging roads and patios,

the logging Sites become cryptic and harder to identify in satellite imagery. If

areas of cryptic deforestation cannot be identified, then there is no way of

knowing how much logging was not accounted for as deforestation. Some

cryptic deforestation may not be visible in Landsat TM imagery; however,

because of the degradation Of the forest, the loss Of biodiversity and the
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increased susceptibility to fire and carbon release into the atmosphere, the areas

that have been missed Should be considered deforestation. Also, small logging

Sites are excluded from this study due to the resolution of Landsat TM data (30

m), i.e., they cannot be visually identified.

In the study conducted by Stone and Lefebvre (1998), Lefebvre visited the Sites

of selective logging, found in their study in Landsat TM images, several years

after logging to verify their classification. He found that the intensity of selective

logging varied greatly, and the extent of damage to the forest was also highly

variable. It was evident that soil compaction by heavy machinery impeded the

establishment of new vegetation in roads and patios for several years following

harvest. At one site in their study identified as logged, he found that former

access roads still had no trees and little other vegetation rooting in the densely

packed soil several years after it had been harvested. However, he found that

the surface Of the ground was covered with vines and other creeping growth that

hid the soil from the satellite. From the ground, Lefebvre identified that dramatic

changes in the forest canopy were still evident five years after logging; those

trees not logged exhibited some canopy expansion, while fast-growing

disturbance-following species (eg. Cecropia spp.), together with vines and

understorey growth, combined to form a multilayered and closed canopy. A view

of this altered forest canopy from a satellite image would be composed of mixed

pixels of partially shaded but vigorously growing vegetation interspersed with the

occasional large canopy of a remaining broadleaf tree. The spectral mixture of
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partially Shaded vigorous growth with the texture provided by these emergent,

residual trees, makes distinguishing this from an unlogged forest very difficult

using satellite data (Stone and Lefebvre, 1998). Lefebvre found that when

viewed on the ground, there was no mistaking a logged forest from an unlogged

forest.

Automated Detection of Logging Patios

Logging patios can be identified in Landsat TM images. The vicinity around

these patios is where selective logging occurs, within 180 m in the state of Para

according to the study done by Baretto and Souza (1999). The reason I used an

automated model to detect logging patios was so I could quantify the area

around the patios to obtain an estimate of selective logging. Although Souza and

Barreto (1999) determined the Size of the buffer on only 82.5 hectares it was

incorporated basin-wide. While visually inspecting the Landsat TM images it was

evident that logging patios generally occur In symmetrical patterns and If the Size

Of the buffer was increased, as in the sensitivity analysis, a considerable amount

of overlap would occur between buffer zones. Also, as shown in the sensitivity

analysis even if the buffer was increased in size the selective logging estimate for

1992 would not be as high as current estimates found in studies such as Nepstad

et al (1999). In future research it would be beneficial to further test the accuracy

Of the 180 m buffer, such as measuring the distance between patios to determine

the spatial variability.

45



Some patios in Landsat TM images have evident canopy degradation around

them while others do not. I used the automated model to capture areas Of

logging that were not evident with canopy degradation to capture the whole of

logging impacts 1 digitized in the'areas of degradation.

Legal Amazon Basin Digitizing Mags

Areas identified as Obvious logging may be areas Of recent logging. These areas

have highly visible patios, and the canopy disturbance is identified as lighter

Shades of red and darker Shades of gray. Areas identified as subtle logging may

be areas Of older logging that burned. These areas had either faded patios or no

patios, and the canopy disturbance is identified by Shades of gray in contrast to

the surrounding undisturbed forest. Secondary roads and patios are clearly

discernible in some of these areas.

I was very conservative in my digitizing; consequently, the digitizing of the logged

areas may underestimate the selective logging. l digitized the logged areas right

on the perimeter of where canopy disturbance was identified. In areas where the

canopy disturbance was vast over large distances, I could not determine the

edge of logging; therefore, digitizing was done as close to the logging patios and

roads as possible. These areas may have been areas of a different terrain or

forest type, possibly even areas of large fire disturbances. If primary and

secondary roads and logging patios were not evident in the areas of canopy
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degradation, it was difficult to determine if they were logged areas. If these areas

occurred where there was not evident logging, then they were not included in this

estimate. This shows that there will be oversights in any large-scale inventory of

selective logging in the Legal Amazon Basin using satellite imagery.

Considerations about the accuracy of the method

During this research project, remote sensing and geographic information systems

were combined to provide a quantified estimate of selective logging. I

considered three potential problems with the accuracy Of this methodology:

logging patio detection, selective logging digitizing, and total area affected by

logging.

There were two effects that I considered in the detection of logging patios: (1)

vegetation recovery and (2) topography. Regrowing vegetation in logging patios

quickly covers the bare soil making detection of the patios more difficult with

time. In areas of high topography, logging patios may not be detected using a

texture analysis because they will be camouflaged by the topography.

Visual interpretation is difficult for defining the limits between logged and

unlogged forest because disturbance in the forest canopy must be visible, and

delineation is considered subjective because it is interpreter dependent.

This methodology is conservative and is expected to be an underestimate of the

area affected by selective logging.
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Chapter 6

Conclusion

The objective of this research was to conduct the first basin-wide study to

quantify the amount of selective logging in the Legal Amazon Basin for 1992

using Landsat TM images. Selective logging is a recent trend, which has

researchers concerned. It may have irreversible influences on ecological

systems, biodiversity, and carbon release into the atmosphere. This trend, is, in

fact, SO recent, that to conduct this research I had to rely on manuscripts in

review.

I quantified the amount of selective logging in the Legal Amazon Basin using

automated model to detect logging patios and by digitizing in selective logging

with obvious canopy degradation. This estimate was then included in the

deforestation rate from 1986-1992 for a rate of ~20,655 kmzy", with selective

logging accounting for ~13% of the deforestation rate in the Legal Amazon Basin.

Since selective logging is difficult to detect and regrowth covers the ground in

one to five years, the estimate found in this study Should be considered

conservative. This estimate is a starting point for future studies that need to be

conducted to automate the detection of cryptic deforestation. I have shown that
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selective logging is difficult to detect using statistical Classification techniques but

can be quantified using visual interpretation techniques; visual interpretation,

however, is a time-consuming undertaking, especially for large areas.

Furthermore, visual interpretation is difficult for defining the limits between logged

and unlogged forest since disturbance in forest canopy must be visible and

delineation is considered subjective because It is interpreter dependent. Further

research in this area is important. Integrating this study with high-resolution

satellite information, such as IKONOS with 1 m resolution, would add to the

accuracy of estimating logging. Including ground verification using a Global

Positioning System (GPS) to reference ground points in satellite imagery would

also increase accuracy. Although the methods used in this study are time-

consuming it would be beneficial to do this analysis of the 1996 Landsat TM data,

to help researchers understand the trend of selective logging, and Its impacts on

carbon release, forest biomass, hydrology, biodiversity, and sustainable

development.

The need to monitor selective logging is immense, and integrating remote

sensing and GIS is a useful scientific method for monitoring selective logging and

land cover change on a region-wide level. I am hopeful that this research will

provide some insight into the detection of selective logging and will help advance

future research related to this important issue.
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Figure 1.1: This is a map of Brazil's Legal Amazon. This study area is an

administrative area within the country of Brazil that includes 5x106 km2 of

the nine states of Acre, Amapa, Amazonas, Para, Rondonia, Roraima,

plus parts of Mato Grosso, Maranhao, and Tocantins.
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Figure 1.2: Landsat TM color composite image Of Para, Brazil, for path 222 and

row 63, acquired on 24 July 1991. Areas of tropical forest, deforestation,

regrowth, logging patios, and canopy degradation.
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Figure 1.3: This image is a close-up view of figure 1.2, showing an example of

cryptic logging and obvious canopy degradation.
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Figure 3.1: Landsat TM color composite image of southern Para state, Brazil, for

path 223 and row 65 acquired on 6 June 1993. A selective logging area of

Mahogany that Christopher Uhl (199) used as a study site.
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Figure 3.2: The thirty images that contain visible selective logging and were used

in the logging analysis. These images are highlighted in gray and found in a

crescent along the eastern and southern Legal Amazon.
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Figure 3.3: Band five of a Landsat TM image in the state of Mato Grosso, Brazil,

for path 227 and row 69, acquired on 5 July 1992. All land cover but forest has

been masked out of the image.
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Figure 3.4: An example of logging patios that were detected using the texture

analysis on band five of a Landsat TM image. Mato Grosso, Brazil, 19 May

1992.
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Figure 3.5: Landsat TM color composite image of Mato Grosso state, Brazil, for

path 226 and row 69 acquired on 19 May 1992. This image is the same image

as in figure 3.5 showing the visible logging patios that were detected using the

automated method.
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Figure 3.6: Landsat TM color composite image of Mato Grosso state, Brazil, for

path 226 and row 69 acquired on 19 May 1992. Logging patios that have been

detected with the automated method and buffered using the 180m buffer

specified by Souza and Barreto (1999).
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Figure 3.7: Landsat TM color composite image of Mato Grosso state, Brazil, for

path 226 and row 69 acquired on 19 May 1992. Areas of obvious selective

logging that have been digitized.
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Figure 3.8: Landsat TM color composite image of Para state, Brazil, for path 222

and row 62 acquired on 24 July 1991. Areas of subtle selective logging that have

been digitized.
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Table 3.1: x-y raster coordinates for each polygon that was digitized around

areas of selective logging. x-y coordinates for row A is obvious logging polygons.

x-y coordinates for row B is subtle logging polygons.
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Table 3.1

IMAGES

23

063071 1 9223‘

coordlnates

t221

t227067
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Figure 4.7: Images in study divided into four regions by extent of logging for the

accuracy assessment of the detection of logging patios.
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Table 4.1: Selective logging estimates for each method used in this study. Also. estimates of selective

logging that was captured as agriculture in the 1992 deforestation estimate.

2 3 4 6 7 9

Obvious Pathfinder Subtle Logging Total Canopy Cryptic Logging and

Logging Captured km2 Pathfinder Degradation Logging Captured Degradation

Image km2 in (digitized) Captured in km2 Captured in in 1992 Missed in 1992

1 km2 km2

1 1 .1 . 0.155 38. 10.1 . 1 1

t222062 . . . 1 61 1 . 7 .177 . 1

1 . 1 1 .1 .

t223062 263.779 12.522 456.973 97.271 0.

. . . . 1 14. 1 1

1 . . . 1.

. 74

1224067

 
Column 1 I image Path/Row

Column 2 I Digitized obvious logging Includes spectrally bright patios, roads.

and obvious canopy disturbance.

Column 3 I Digitized obvious logging previously captured as deforestation In the

1986-1992 Pathfinder analysis.

Column 4 I Digitized subtle logging includes areas In and around highly logged

areas that exhibit obvious canopy disturbance and faded patios and

roads, or no patios and roads.

Column 5 I Digitized subtle logging previously captured as deforestation in the

1986-1992 Pathfinder analysis.

Column 6 I Obvious logging + subtle logging.

Column 7 I Cryptic logging captured with the 180 m radius buffer.

Column 8 I Cryptic logging previously captured as deforestation in the

1986-1992 Pathfinder analysis.

Column 9 I Total cryptic logging and degradation.
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