
























































































































































































































































































































properties of vegetation (Gausman, 1977). G;* values are generated from the reflectance 

values to enable such clustering. 

The selection of threshold values to partition the G; * values into image based objects is 

not possible due the local computation of G;* values (Pal and Pal, 1993). A threshold value 

which may successfully create clusters in one image section may not work in another section 

due to changes in forest structure. As a result, a measurement guided spatial clustering 

technique is needed to group the G; * values into clusters based upon local characteristics. The 

generation of tree clusters is undertaken from the segmentation of G;* values. The G;* values 

are well prepared for segmentation as each pixel has a value which indicates the strength of 

the relationship between neighbouring pixels. 

The G/ values computed from the reflectance imagery provide information relating the 

strength of the relationship between pixels and the magnitude of the reflectance values which 

are found in association. The segmentation approach developed for this study utilizes both 

the strength and the magnitude of the G;* to form tree clusters. The following steps are 

undertaken to cluster the G;* values: 

• select reflectance imagery for analysis 

• assess the spectral reflectance characteristics of the selected wavelength(s): 

- near infrared and panchromatic; high reflectance ::::: vegetation 

- visible, such as red wavelengths, low reflectance ::::: vegetation 

• generate G;* from the image data 

• process the G/ values to find local minima and maxima for use as seed points 

(minima are pixels which are found to be the lowest value within a 3x3 window; 

maxima are the greatest value found within a 3x3 window) 

• label each seed point (seed labels are used to populate each pixel or the resultant 

objects) 
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• merge seed points which are directly adjacent; this implemented to avoid equal 

values resulting in multiple adjacent seed points. 

• initiate iterative grouping from each minima and maxima seed point 

- omni-directional clustering based upon G;* similarity 

- place the pixels in clusters where similarity is maximized 

- similarity is calculated as minimum difference between pixels 

The resultant clusters are labeled representations of groups of similar reflectance 

characteristics. The labels enable the extraction of the original spectral values which comprise 

a spatially dependent cluster. In the following section we will assess the ability to match the 

image spatial structure generated c1usters with ground measured forest characteristics. 

7.4. COMPARISON OF FIELD DATA WITH IMAGE CLUSTERS 

A complete consideration of the field data and the G;* clusters to assess the relationship 

between forest inventory and biophysical parameters is undertaken in dedicated chapters. 

This section is intended to allow for a discussion of the problems in matching the field data to 

the image data. In Figure 7.13 we present a sub-image ofraw infrared data and the G;* data 

which were computed from the raw values. As the image data is geocoded and the field data 

have been oriented with a OPS in the field, co-registration of the field and image data may be 

undertaken for analysis. 
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CASI Infrared G;* from CASI Infrared 

Figure 7 .13. Comparison of image spectral and spatial data (DS7) 

As the tree locations are known, and stored in a GIS, the crown dimensions for each 

tree have been computed (see Figure 6.3) and have enabled the generation of plot maps based 

upon ground survey data. The ground measured and delineated stand maps are a reasonable 

representation of the tree distribution within the sample plot based upon ground measurements 

taken from below the canopy (Figure 7 .14). As may be expected, the forest stand appears 

much different from above, and this difference in representation hampers the ability to match 

ground data to remotely sensed data. An exact match of the ground measured plot map with 

the representation derived from image spatial information is unlikely based upon the 

aforementioned errors. Yet, if the image derived plot map contains similar distribution 

characteristics to the field derived plot map some assumptions may be made. The analyst may 

assume, based upon confidence in the ground control and the ability to locate a plot, that the 

variability between plot maps is largely a function of error in relating the field collected data 

to the image data. The ability to "line-up" each of the datum is indeed a difficult proposition. 

143 



Field Data Clusters from G-* on CASI IR 
ID]rree present 
■ Tree should be present Shades denote different objects 
■ Tree may be present 
■ Tree not present 

Figure 7.14. Comparison of field data and clusters generated from 
G;* on casi NIR channel (from image DS7) 

The image derived plot maps and distribution characteristics may be understood as the 

"remote truth", or the best fit data according t<? the limitations of spatial resolution and data 

scaling. The concept of a "remote truth" versus ground truth is an acknowledgment that 

remote sensing instruments, collecting data from above, are unable to record the surface of the 

canopy in the same manner as mensuration data which are measured from below. Likewise, 

factors such as spatial and spectral resolution, view angles, and illumination conditions will 

invariably result in a remotely sensed canopy which varies from ground mensuration data. 

Figure 7 .15 presents the clusters generated for each of the plots studied, which may be 

compared to the field plots (Figure 6.3). 
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DS5 DS8 

DS6 
DS9 

DS7 DSlO 

■= I by Im ixel area (where each shade re resents a different ob·ect) 

Figure 7.15. Image spatial dependency generated clusters 
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7.5. CHAPTER SUMMARY 

The investigation of the spectral and spatial properties of the imagery has presented 

new insights into the spatial distribution of reflectance in image space. The technique of 

assessing the distance at which spatial dependency is maximized in relation to spectral 

reflectance provides new clues to the physical link between a forest landscape and image 

spatial structure. The spatial dependence measure of G; * is capturing image spatial structure 

which is related to forest structure. Subsequently, further analysis to investigate the 

relationship between the image spatial structure and forest inventory and biophysical 

parameters is appropriate. 

The visual agreement between the clusters and the field data is promising. The spatial 

resolution of Im in consideration of deciduous and mixed forests results in a difficulty in the 

cross recognition of image objects to forest objects. Confidence in the match between the 

field data and the image generated clusters is based upon image geocorrection, the plot based 

GPS measures, and field site visits. Further analysis in the estimation of forest inventory and 

structural parameters will provide a means of quantification of the match between the image 

clusters and field data. 
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8. ESTIMATION OF FOREST INVENTORY PARAMETERS 

Chapter Objective: Develop and test a methodology to combine existing 
information extraction techniques with the Getis statistic to 
allow for estimation of forest inventory parameters. 

8.1. INTRODUCTION 

The relationship between the forest inventory parameters of crown closure, stand 

density, and tree species classification with spatially derived image vegetation dusters is 

investigated in this chapter. The relationships between forest inventory parameters and the 

G;* clusters will be limited due to the nature of the clusters. A single tree cluster may contain 

a number of trees resulting in a limited ability to estimate the number of stems in a particular 

area. Yet, clusters as a spatially derived entity are appropriate for relating the extent of 

vegetation within an area, enabling the estimation of crown closure. As a cluster may be 

composed of a number of trees, there is difficulty in labeling the cluster with a single species. 

Cover classes, based on the broad groupings of deciduous, coniferous, and mixed forest, are 

measurable from the spectral information found within clusters. Cover class information is 

valuable for the provision of model inputs and to relate the general characteristics of a stand. 

The investigation undertaken in this chapter will allow for further insights regarding the type 

of forest inventory infonnation that may be collected from the spatial and spectral information 

available from 1 m spatial resolution airborne and forthcoming satellite remotely sensed data. 
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8.2. ESTIMATION OF STAND DENSITY 

Stand density is a quantitative measure of the number of trees found within a unit area 

of forest. Stand density may be expressed in absolute or relative terms. Absolute measures of 

stand density are derived directly from measurements in the stand whereas relative measures 

are comparisons between stands (Avery and Burkhart, 1994). For example, the number of 

trees per hectare is an absolute measure of density, while relative measures of stand density 

are based upon comparison to a known or ideal density. 

As clusters are composed of I or more trees in close association, the ability to estimate 

the number of stems per a unit of area is difficult. The nature of the forest growth through a 

succesional series results in an ever changing forest structure over time, such as the variability 

in stand stratification based upon dominance. Forest structure may change through situations 

such as suppressed trees replacing aging dominant or co-dominant trees. Figure 8.1 illustrates 

situations from co-dominance in an even-aged stand through to a complex situation of 

dominance, co-dominance, intennediate, and suppressed trees found in association in an un­

even aged stratified mixture. The difficulty in the remote sensing of deciduous and mixed 

forest stand density is apparent in such ilJustrations. At a 1 m spatial resolution, with the 

forest type present in the Acadian forest region, the ability to discern individual stems is 

unlikely. Yet, a relationship between stand stratification, based upon dominance, and 

clustering infonnation may exist. 

148 



Even-aged stand 

Balanced uneven aged stand 

Irregular uneven aged stand 

Even aged stratified mixture 

Figure 8.1. Variation in structure of forest 
stands. The first three stands (from the top) 
consist of the same species. The forth is 
composed of several species of the same age 
(after Kozlowski, et al., 1991). 
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The counts of tree crown class levels, such as dominant, co-dominant, suppressed, and 

intermediate, relate the structure found in each stand (Table 8.1 ). Crown classes are 

determined as follows: dominant trees are those which have crowns which extend above the 

general level of the crown cover and receive full light from above and partially from the sides 

and are larger than the average trees within the stand; co-dominant trees are those which form 

the general level of the crown cover and receive full light from above but relatively little from 

the sides; intennediate trees are those which are shorter than dominant or co-dominant trees 

and may extend into the crown cover formed by dominant or co-dominant trees and are 

crowded and receive little light from the top and almost none from the sides; suppressed trees 

are found entirely below the general level of the canopy and receive no direct light (A very and 

Burkhart, 1994). Counts of tree crown class are selected to relate to the image cluster data as 

the stratification of the trees present within the study areas is taken from the crown class 

infonnation. Clusters are expected to develop between dominant and trees in a suppressed 

situation. Clearly dominant trees are relatively infrequent in comparison to co-dominant trees, 

relating the age structure and succesional characteristics of the sample plots. Further, within a 

20x20 m sample plot area, the number of clearly dominant trees is limited. Hy definition, 

intermediate and suppressed trees are found in association with more dominant trees. The 

multi-layered characteristics of the study plots relates the structural complexity present. 

Table 8.1. Counts of tree crown class levels, trees within plots, and cluster 
derived parameters 

Pixels/ 
Dominant Su ressed lntennediate Co-dominant Tree Total cluster No. of clusters Total ixels 

DS5 6 17 21 23 67 22.5 13 293 
0S6 4 8 12 17 41 18.3 13 238 
0S7 6 8 11 14 39 24.3 9 219 
0S8 6 13 15 20 54 11.8 23 272 
DS9 2 7 8 10 27 14.9 17 253 
DSIO 3 7 10 30 50 15.6 11 172 
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As an investigation of the potential density infonnation that may be available from 

image clusters three parameters are extracted (Table 8.1 ). The number of pixels per cluster 

(pixels/cluster) is a mean value generated from the number of pixels found within each cluster 

for each sample plot. The number of clusters (No. of clusters) is a count of the number of 

clusters found within each sample plot. To provide an indication of the coverage of the plot 

by the image derived clusters, the total number of pixels which are expected to be included 

within a plot is generated from the multiplication of the number of clusters by the mean 

number of pixels per cluster (Total pixels). 

Table 8.2 presents the relationships between the field collected tree crown class data 

and the image generated cluster infonnation. Inspection of the correlations between the field 

collected crown class data indicates a relationship between dominant, suppressed, and 

intennediate trees. Suppressed and intennediate trees, by definition, are most often found in 

conjunction with dominant trees. The weak negative relationship between dominant and 

suppressed trees with co-dominant trees is indicative of the stand structure which resulted in 

the categorization of the trees. Co-dominant trees are categorized based upon similarity of 

characteristics of neighbouring trees. Co-dominance often includes local characteristics such 

as even age and height, which results in scant opportunity for growth of intennediate or 

suppressed trees. 

Table 8.2. Correlations between tree crown class, number of trees, and 
cluster derived values for all six plots combined 

Co- Tree Pixels/ No.of Total 
Dominant Su ressed lntennediate dominant Total cluster clusters ixels 

Dominant 1.00 
Suppressed 0.78 1.00 
lntennediate 0.82 0.96 J.00 
Co-dominant -0.22 -0.12 • 0.07 1.00 
Tree Tota) 0.43 0.59 0.74 0.73 1.00 
Pixels/cluster 059 0.17 0.35· -0.16 0.11 1.00 
No. of clusters -0.06 0.34 0.07 • -0.39 -0.19 -0.75 1.00 
Total ixels 0.54 0.73 0.53 -0.74 -0.13 0.02 0.64 1.00 
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Dominant, suppressed, and intennediate tree counts appear to be accounting for similar 

variance when compared to the cluster summary •information. The physical association of 

dominant, suppressed, and intermediate trees in the field results in the generation of image 

clusters due to the proximity of the trees and the image 1 m spatial resolution utilized in this 

analysis. The strong relationship between dominant trees and the total number of trees found 

within each plot is likely a function of the consistent representation of dominant trees in the 

imagery. The negative relationship between co-dominant trees and cluster derived 

information is due to generation of more clusters as the level of co-dominance increases, as 

the association between objects is more clearly defined. Co-dominant trees often possess a 

discrete space in the field, which results in the generation of an increasing number of small 

clusters as co-dominance increases. As the sample space is limited (20 x 20m field plot) the 

size of the clusters generated from the co-dominant trees in the imagery decreases as the level 

of co-dominance increases. Conversely, as the number of dominant trees increases, the 

clusters increase in size. The increase in cluster size for dominant trees is the increased 

potential for the presence of intermediate and suppressed trees in association with the 

dominant trees. In the field plots, the intennediate and suppressed trees will often share pixel 

space with the dominant trees resulting in an undefined delimitation between trees and an 

opportunity for inclusion of intennediate and suppressed trees in clusters spectrally dominated 

by the dominant trees. For example, the strong positive relationship (r=O. 73) between the 

count of pixels included in image generated clusters and the field count of suppressed trees 

indicates the role of suppressed trees in the occupation of pixels along with dominant trees at 

a spatial resolution of 1 m. Manual stem count extraction from aerial photographs also finds 

the greatest success when seeking dominant species (Needham and Smith, 1987). 
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8.2.1. Section Results and Discussion 

The relationships between the field collected crown class data and the image generated 

cluster data indicate complementary information content. Knowledge of the stand crown class 

regime provides a variety of insights to the clusters that are generated from the image data. 

Based upon the complex stand structure, due to the presence of deciduous and coniferous 

trees, individual stem counting at a l m spatial resolution is limited. The cluster data shows 

promise for the extraction of re1ative density information, yet based upon the use of clusters 

which are composed of one or more trees, exact stem counts wm be elusive. While absolute 

stem counts may not be possible, relative density changes within an image area may be an 

alternative approach. Areal based parameters, such as crown closure, which do not require the 

delineation of single trees may be more successfulJy addressed. 

8.3. ESTIMATION OF CROWN CLOSURE 

Crown closure, also referred to as canopy closure, is a measure of the percentage of a 

forest area accounted for within a vertical projection of the tree crowns (A very and Burkhart, 

1994), with the maximum amount of crown closure being l 00 percent. Crown closure can be 

an indicator of stand volume, density, and basal area. As crown closure is the vertical 

projection of vegetation over an area it is well suited to measurement with remote sensing 

techniques. Crown closure estimates are problematic to compare between field, photo, and 

digitally interpreted methods. Field estimates of crown closure are commonly generated from 

the measurement of crown extent in two perpendicular directions that provides a mean radius 

which may then be used to compute individual crown areas that may be aggregated to 

represent a plot area (Cole, 1995), resulting in a ratio value of crown closure. Optical methods 

based upon hemispherical photography may also be utilized (Chan, et al., 1986) to measure 

crown closure in the field from below the canopy. Estimates of crown closure from aerial 
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photographs are often derived from placing a clear plastic sheet over the photograph with dots 

drawn on the plastic at a known interval, allowing for estimates of crown closure to be 

estimated by the amount of crown foliage area found beneath the dots (Avery and Burkhart, 

1994). Estimates of crown closure based upon photo interpretation are often placed into 

closure classes, which are commonly 10% intervals, yet in particular instances may be further 

aggregated to 30% interval classes (Gillis and Leckie, 1993). Digital estimates of crown 

closure are also related in ratio values based upon the automated computation. 

In this study, the crown closure estimates are based upon field measurements after Cole 

( 1995) which generated ratio values of crown closure. These crown closure values, although 

likely of a false precision, are preferred over the placement of the crown closure values into 

l 0% class intervals. The placement of the crown closure values generated from the field 

collected data into 10% classes for comparison to image based estimates of crown closure 

would make comparison difficult. Placement of the field estimates and image based estimates 

of crown closure into 10% classes for comparison would not allow for the full potential of the 

data to be explored. When placing values into 10% classes the actual similarity of closure 

estimates is obscured. Placement of a crown closure estimate of 13 into the 10% class interval 

of 10 to 20% would result in the appearance of 13% as a better estimate of crown closure of 

19% than 21 % which would be placed in the next greater crown closure range. 

In this section, crown closure as measured in the field is compared to the area of the 

plot accounted for by image clusters. The clusters are generated from G;* values generated 

upon infrared and panchromatic image data. For further comparison, the clusters formed from 

image segmentation are compared to a simple threshold of G;* values. The threshold limit 

was zero, with values above zero assumed to be canopy foliage related. Table 8.3 presents the 
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results of the comparison between field estimates of crown closure and closure estimates 

derived from image spatial dependency. 

Table 8.3. Crown closure estimates from image threshold and cluster data. The 
difference between the estimate and the field data is noted in parenthesis. (Critical 
t = ±2.228, DF = 10, a = 0.05/2, * denotes statistical significance of difference to 
field data) 

Plot/Image Field Data Threshold IR Threshold PAN Cluster IR Cluster PAN 
DSS 0.82 0.58 (-0.24) 0.83 (+0.01) 0.73 (-0.09) 0.64 (-0.19) 
DS6 0.59 0.51 (-0.09) 0.42 (-0.17) 0.62 ( +0.03) 0.38 (-0.21) 
DS7 0.69 0.57 (-0.12) 0.75 (+0.06) 0.55 (-0.14) 0.56 (-0.12) 
DS8 0.74 0.14 (-0.60) 0.38 (-0.36) 0.62 (-0.12) 0.48 (-0.25) 
DS9 0.59 0.39 (-0.20) 0.57 (-0.02) 0.57 (-0.02) 0.43 (-0.16) 

DSIO 0.54 0.23 (-0.30) 0.47 (-0.06) 0.38 (-0.16) 0.36 (-0.18) 
Absolute difference 
from field data 1.55 0.68 0.56 I.II 
StDev. difference from field data 0.18 0.15 0.07 0.04 
t-statistic 2.97* l.06 1.30 3.00* 

An underestimation of crown closure results occurs in most instances. The 

underestimation of crown closure with the image based information is likely related to 

shadowing within the stand. For the six plots available to this study, an ability to estimate 

crown closure to within ~ 10% is demonstrated for estimates from a threshold of G; * generated 

on panchromatic image data and clusters generated from infrared image data. The crown 

closure estimates from Threshold IR and Cluster PAN are found to be significantly different 

from the field based estimates of canopy closure. Insignificant I-statistic values for Threshold 

PAN and Cluster IR do not allow for the rejection of the null hypothesis, indicating a 

similarity between the field based and remotely sensed estimates of crown closure. Although 

the Threshold IR values are significant, the provision of a threshold value is not sensitive to 

spatial dependency variations found within the images and is accordingly unreliable with a 

large absolute difference combined with a large standard deviation indicating the high 

variability of the estimates. The estimates of crown closure with the cluster infonnation have 

a small absolute error with a low standard deviation indicating a lower range to the estimates. 
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The under~estimation of the cluster based crown closure estimates on plot 7, 8, and IO may be 

related to the stand structure and resultant shadow regime within the stand. The 

underestimation of crown closure with panchromatic image data may be related to the lower 

dynamic range of the data in comparison to the infrared image data. The larger dynamic 

range of the infrared image data allows for greater variability between neighbouring pixel 

values for the generation of clusters. 

8.4. ASSIGNMENT OF COVER CLASS 

This section is a demonstration of a technique for assigning species cover classes to the 

image generated clusters. As the 1 m spatial resolution will not allow for regular separation of 

individual trees the clusters are subject to spectral dilution by the inclusion of a variety of 

species within each cluster. As a result, the assignment of a general cover class is undertaken, 

which is broader than individual species and is comprised of hardwood (HW), softwood 

(SW), and mixed wood (MW). It should be noted, however, that softwood clusters are an 

uncommon occurrence in this study. Cover classes may be utilized as an input to predictive 

equations of LAI from high spatial resolution digital remotely sensed imagery (Wulder, et al., 

1996a; J 998). The cover classes predicted for the clusters are applied in Chapter 9 to estimate 

LAI. 

The procedure to generate cover classes for the clusters is as follows; 

• G;* spatial dependence values generated (Section 7.2.2) 

• data segmented based upon spatial dependence (Section 7.3) 

• mean spectral values extracted for each polygon 

• Ward's method of clustering undertaken to group the clusters based upon the 

spectral information within each cluster (Davis, 1986).1 

1 Clustering techniques generally create groups based upon within and between group variance. Pixels are 
placed into a cluster based upon having more in common with one group than another, through minimization of 
internal variation while maximizing variation between groups. Homogeneous and distinct groups are delineated 
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• The groups generated from the clustering are compared to standard spectra to be 

placed in the appropriate cover class. (Once clusters are generated, the spectral 

values which compose the clusters may be investigated to assist in assignment of 

each cluster in a cover class. A wide range of input spectral values results in an 

assignment of MW, a small range of spectral values with spectral characteristics 

similar to conifer spectra collected in the field will be assigned SW. While a small 

range of spectral values similar to hardwood spectra collected in the field will be 

assigned to HW. This process was implemented with the assistance of the 

dendrograms generated from each plot through the clustering process.) 

• the cover classes assigned are compared to field data stored in a raster GIS. 

Appendix 2 contains tables presenting the mean spectral reflectance values for each 

extracted cluster within each sample plot. To assess the success of the assignment of cluster 

labels, tables for each plot have been created which present the class assigned utilizing a . 

statistical clustering technique to the trees which are expected based upon the ground data. 

The image data generated cover class is compared to the tree species which have been noted 

for the field plots in the same locations. The portion of the stand that is not grouped into a 

cluster is characterized as understory (US). The success of the labeling of the image clusters 

is based upon the inclusion of related species from the ground data found for the image 

derived clusters. For instance, an image cluster cover class of hardwood (HW) must have 

hardwood species within the duster to be labeled as matching. Although more complex 

schemes may be developed, such as those which may utilize the areal contribution of each tree 

in the cluster to adjust the labels, these methods assume a less complex situation than is 

actually present. The complexity of the situation is based upon the 3•dimensional distribution 

of forest elements in the field and how remote sensing instruments collect these data. The 

estimation method applied in this study provides for an indication of the ability to classify 

based upon assessment of distances between group centroids, or in the case of Ward's method, an F-test. The 
ability to select a statistical tolerance led to the selection of Ward's method. 
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clusters of a complex forest environment. Also recorded for each sample plot is the number 

of trees which are recorded in the field data and the number which are accounted for within 

the image generated clusters. 

Sample plot DS5 is characterized as having an intolerant and tolerant hardwood 

overstory (Table 6.2). The clusters generated for the sample image DS5, produce classes that 

are correct 9 of 13 times (Table 8.4). Clusters, such as 3497 and 3622, may have been classed 

as MW based upon a strong conifer reflectance signal from the understory. The large number 

of trees found within a single cluster relates the difficulty in differentiation between image 

objects, with similar spectral characteristics, at a l m spatial resolution. 

Table 8.4. Summary of 0S5 image cluster data and field collected cluster 
data. Cluster from segmentation, class from reflectance, number of pixels 
in clusters from image data, trees per cluster and total trees per cluster 
from fusion with GIS data (where* denotes matching class, Adenotes non .. 
matching class; n=67, n in clusters=52) 

Cluster Class # Pixels in Cluster Trees / Cluster Total trees / Cluster 

0 us 108 NA NA 
3427 HW* 24 rM(3) 3 
3444 HW* 27 rM(4), Be, sM, yB 7 
3495 ffWI\ 8 0 0 
3497 MWA 19 rM(5), yB(2) 7 
3523 HW* 2 yB 
3534 HW* 24 yB(2), rM(3) 5 
3563 HW* 32 wB,rM 2 
3579 HW* 21 sM 1 
3622 MWA 24 rM(2), stM, y8(2) 5 
3623 HW* 25 yB(3), Be(2) 5 
3646 HW* 29 rM(4), yB, Be, sM 7 
3700 HW" 40 stM, rS, rM(4), yB 7 
3714 HW* 18 yB(2), rM(2) 4 

Sample plot DS6 is characterized as having a mixed wood overstory and a light hardwood 

understory (Table 6.2). The complex composition of this sample plot, with contrasting 

spectral features in the overstory and understory layers, diminished the ability to spectrally 

classify the image generated clusters to match the field collected data, and resulted in a low 
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success rate of 2 of 13 correct matches (Table 8.5). Table A2.2, in Appendix 2, denotes the 

low variability in mean spectral values extracted, which may have reduced the ability to 

correctly classify the clusters. A greater problem appears to be the lack of trees found to be 

present in five of the image generated clusters. The lack of field values where there are image 

generated clusters may be related to the difficulty in matching the image data to the field data. 

An additional cause for the generation of ghost clusters may be that spectrally significant 

portions of understory vegetation in an open canopy situation are generating clusters based 

upon spatial dependence characteristics. 

Table 8.5. Summary of DS6 image cluster data and field collected cluster data. 
Cluster from segmentation, class from reOectance, number of pixels in clusters 
from image data, trees per cluster and total trees per cluster from fusion with 
GIS data (where* denotes matching class, /\denotes non-matching class; n=42, n 
in clusters=37) 

Cluster Class # Pixels in Cluster Trees I Cluster Total trees I Cluster 

0 us 143 NA NA 
3056 ffW/\ 22 0 0 
3068 HW* 13 rM I 
3071 HW" 28 bf(2). wB(2) 4 
3099 MW* 50 rM(2), bF(S), wA, wB(2) 10 
3125 MW" 9 • rS 2 
3176 HW" 51 rM(6), wB, bF(2) 9 
3242 MW" 8 0 0 
3263 MW" 8 0 0 
3296 HW" 15 rM(3),rS(3) 6 
3320 HW" 5 rM,bF 2 
332) HWA 18 rS, rM(2) 3 
3338 MW" 4 0 0 
3339 MW" 7 0 0 

Sample plot DS7 is characterized as having a mixed-wood overstory and a light mixed­

wood understory (Table 6.2). Table 8.6 presents the agreement between the image generated 

estimates of cover class and the field collected tree data. Agreement between the image 

generated classified clusters and the field data is found in 5 of 9 instances, with 2 clusters 

failing to have any trees present. Tree shadows, from both trees within the sample plot and 
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outside, may cause a reduction in spectral infonnation available for the development of 

clusters. For example, in 0S7 a count of 31 or 40 trees are accounted for within the clusters. 

As a result, clusters are being generated where there may be no tree, or there may be a lack of 

a cluster where there is a tree. The sample plot is dominated by HW species with the SW 

species making a small contribution to the spectral values derived for some clusters resulting 

in mis-labeling. 

Table 8.6. Summary of DS7 image cluster data and field collected cluster 
data. Cluster from segmentation, class from reflectance, number of pixels in 
clusters from image data, trees per cluster and total trees per cluster from 
fusion with GIS data (where * denotes matching class, Adenotes non­
matching class; n=40, n in clusters=31) 
Cluster Class # Pixels in Cluster Trees / Cluster Total trees / Cluster 

0 us 182 NA NA 
3332 MW* 3 rM(2), rS, Be, wB 5 
3352 HW" 29 0 0 
3390 HW* 15 Be I 
3427 MW" 13 wB,rM 2 
3442 HW* 16 Be, stM 2 
3459 HW"' 31 wB(2), rS, rM 4 
3460 MW* 69 Be(S), wB(4), rS(2), stM 13 
3560 MW* 31 rS(2), rM(2) 4 
3586 HW" 12 0 0 

Sample plot DS8 is characterized as having a hardwood/softwood overstory and a 

hardwood softwood understory (Table 6.2). DS8 has the largest number of clusters generated 

in this study with 23 (Table 8.1 ). Table 8.7 presents the agreement between the image 

generated estimates of cover class and the field collected tree data. Agreement between the 

image generated classified clusters and the field data is found in 15 of 23 instances, with 4 

clusters failing to have any trees present. Equal success is found in matching field data to 

image data for both HW and MW cover classes. A low count of trees outside of any cluster, 

with 49 of 55 trees being found within a cluster, relates a strong geometric match between the 

image data and the field data stored in a raster 01S. 
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Table 8.7. Summary ofDS8 image cluster data and field collected 
cluster data. Cluster from segmentation, class from reflectance, number 
of pixels in clusters from image data, trees per cluster and total trees per 
cluster from fusion with GIS data (where* denotes matching class, 
"denotes non-matching class; n=55, n in clusters=49) 
Cluster Class # Pixels in Cluster Trees I Cluster Total trees / Cluster 

0.0 us 170 NA NA 
2929 HW* 5 wB,rM 2 
2960 HW* 7 rM(2) 2 
2973 HW* 10 wB(3) 3 
2974 HW* 32 wB{2), rM 3 
2991 HWA 28 rM, wB(2), bF 4 
3005 HW* 9 rM I 
3040 HW* 5 wB I 
3041 MW* 8 wB(2), rS 3 
3058 HW* 23 rM(2), wB(4), bF 7 
3069 MW* 14 rS,rM 2 
3086 HW* 7 wB,rM 2 
3114 HW* 3 wB I 
3115 HW* 26 wB(5) 5 
3117 MWA 8 wB I 
3158 MW* 13 wB,rS 2 
3161 MW" 8 0 0 
3175 MW" 4 0 0 
3192 MW* 7 rS(2), wB 3 
3213 MW" 12 stM,Be 2 
3237 MW/\ 6 wB 
3260 MW* 17 rS(2), wB(2) 4 
3261 MWA 10 0 0 
3307 MW" 10 0 0 

Sample plot 0S9 is characterized as having a hardwood overstory and a softwood 

understory (Table 6.2). Table 8.8 presents the agreement between the image generated 

estimates of cover class and the field collected tree data. Agreement between the image 

generated classified clusters and the field data is found in 11 of 17 instances, with 3 clusters 

failing to have any trees present. Matching between image clusters classified as MW and the 

field data appears problematic, which may be based upon the contrast between overstory and 

understory vegetation. All 27 trees recorded in the field are found within image generated 

clusters, although 3 clusters are found to have no trees present. The presence of alJ 27 trees 
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within clusters for this low density sample plot relates a good geometric match between the 

image and field collected data. 

Table 8.8. Summary of DS9 image cluster data and field 
collected cluster data. Cluster from segmentation, class from 
1·eflectance, number of pixels in clusters from image data, trees 
per cluster and total trees per cluster from fusion with GIS data 
(where * denotes matching class, "denotes non-matching class; 
n=27, n in clusters=27) 
Cluster Class # Pixels in Cluster Trees/Cluster Total trees / Cluster 

0 us 189 NA NA 
4021 HW* 34 rM(3), wB 4 
4022 HW* 7 rM 
4067 HW* 14 rM(3) 3 
4089 MW" 7 rS 
4097 HW* JO wB 
4111 HW* 23 rM I 
4113 HW" 1 0 0 
4153 HW" 5 0 0 
4167 HW* 10 wB,rM 2 
4183 HW* 18 rM(2) 2 
4184 MW" 0 0 
4186 HW* 34 rM(3) 3 
4206 MW" 15 ltA,rM 2 
4215 HW* 25 rM(2) 2 
4266 HW* 17 rM 2 
4275 HW* 28 ltA, rM 3 
4309 MW" 4 rM 

Sample plot DS 10 is characterized as having a hardwood overstory and a softwood 

understory (Table 6.2). Table 8.9 presents the agreement between the image generated 

estimates of cover class and the field collected tree data. Agreement between the image 

generated classified clusters and the field data is found in 9 of 11 instances, with no clusters 

failing to have any trees present. Yet, although there are no clusters with no trees present, 

there are 17 trees which are in the sample plot which are not accounted for in an image based 

cluster. The geometric match between the image and the field data may be sub•optimal, with 
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the homogeneity of the sample plot vegetation allowing for the strong matching between the 

image and field data. 

Table 8.9. Summary of DSlO image cluster data and field collected 
cluster data. Cluster from segmentation, class from reflectance, 
number of pixels in clusters from image data, trees per cluster and 
total trees per cluster from fusion with GIS data (where* denotes 
matching class, "denotes non-matching class; n=51, n in clusters=34) 

Cluster CJass # Pixels in Cluster Trees / Cluster Total trees / Cluster 

0 us 270 NA NA 
1706 HW* 14 wB(3), stM 4 
1718 HW* 43 rM(3), wB(3) 6 
1734 HW" 11 rM, wB,sP 3 
1782 MW" 16 rM(2), wB 3 
1789 HW* 2 wB 1 
1798 HW* 14 rM(3) 3 
1836 HW* 14 wB(2) 2 
1854 HW* 13 wB,rM(3) 4 
1925 HW* 19 wB(4) 4 
1937 HW* 14 rM 
1958 HW* 12 w8(3) 3 
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8.4.1. Section Results and Discussion 

In general the matching between the trees present in the image generated clusters and the 

field collected data was good considering the limitations of the study. This statement of 

efficacy is based upon limitations of the method, such as the wide spectral range eligible for 

inclusion in a particular cluster and the complex mixed forest composition present. The 

method described is not one which is intended to be automated and implemented at the 

current stage of development, it is more intended as an investigation of the utility of a cluster 

based approach to object grouping. Both the spatial and spectra] data avaiJabJe at an image 

spatial resolution of 1 m are providing information to enable the generation and classification 

of image based clusters. The results demonstrated here indicate promise in the technique and 

a need for further investigation. A future investigation would benefit from utilization of a 

forest of simple structure with an exact knowledge of tree locations~ based upon ground or 

tree markers. The ability to classify and distinguish objects at 1 m spatial resolution is limited; 

a cluster based approach acknowledges the complexity of the forest and the limitations 

imposed through remote sensing instrumentation. The provision of a cover class to vegetation 

objects may prove useful as a model input, such as in the estimation of Jeaf area index. 
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9. ESTIMATION OF FOREST LAI 

Chapter Objective: Develop and test a methodology to combine existing 
information extraction techniques with the Getis statistic to 
allow for estimation of the forest biophysical parameter leaf 
area index (LAI). 

9.1. INTRODUCTION 

The ability to estimate LAI from spectral response is strong up to an LAI of 

approximately 3 (Gong et al., 1992), after which an asymptote is normally encountered 

(Wulder et al., 1996a). The flattening of the relationship is due to the inability of NOVI, 

generated from a nadir remote sensing instrument, to sense increases in foliage overlap (Baret 

and Guyot, 1991) as forest complexity increases. As a result, additional infonnation is 

required which still undergoes change as the forest increases in complexity. Forest spatial 

structure varies through levels of forest development (Waring and Schlesinger, 1985). Image 

spatial information may capture some of the variability in forest structure (St-Onge and 

Cavayas, 1997). Digital image processing provides spatial measures which characterize the 

spatial neighbourhood of a pixel, such as, digital image texture (Wulder, et al., 1998) and 

image semivariance (Cohen, et al., 1990; Franklin and McDennid, 1993) capture information 

relating to the variability around a pixel related to the forest structure. 

In this research an alternate approach is presented to the estimation of LAI. Clusters 

generated based upon spatial dependence characteristics are composed of regions of image 

spatial structural similarity. This image spatial structural similarity is understood to be related 

to the forest structure that is being sensed with the remote sensing instrument. Generation of 

clusters allows for an increase in the likelihood that the pixels selected for incorporation in the 

empirical estimation of LAI are indeed the foliage unit suspected. Image spectral response in 

165 



the clusters was compared to field collected spectral infonnation which allowed for a broad 

image object classification into general cover classes, such as deciduous, coniferous, and 

mixed, for inclusion in the computation of LAI. The image spatial infonnation dictates the 

regions from which pixels are selected for spectral data, while the textural infonnation is 

collected to represent the region around the pixel, not merely within the object. This allows 

for the characteristics of the local region to be incorporated in the empirical estimation of 

LAI. 

9.2. ESTIMATION OF LAI FROM THE SPECTRAL RESPONSE 
WITHIN TREE CLUSTERS 

The previous studies have demonstrated the synergy between spatial and spectral 

infonnation present in remotely sensed imagery of forests. In this section we will further 

explore the role of spatial and spectral information in the estimation of LAI. Two techniques 

will be demonstrated with the first using both spatial and spectral information, and the second 

utilizing knowledge of the local maximum LAI and spatial infonnation. The first technique is 

related to previous works (Wulder, et al., 1996a; 1998), while the second technique is based 

upon the hypothesis that the foliage extent present in an area, as indicated with canopy 

closure, may be used to scale maximum LAI to that present in a particular area. 

The prediction of LAI for clusters based upon spectral and spatial information requires 

the following steps: 

• G;* spatial dependence values generated (Section 7 .2.2) 

• generation of tree clusters from spatial information (Section 7.3) 

• mean spectral values extracted for each polygon (Section 8.4) 

• assign cover classes to ~e clusters (Section 8.4), 

• estimate the leaf area for each cluster, 

• rate LAI estimate based upon the size of the cluster, and 

• sum the 1eaf areas for each cluster to generate a LAI for the plot. 
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In Table 9.1 we present the results of the estimation of LAI for the study plot DS5. 

The results for the remaining plots may be found in Appendix 3. The leaf area for each 

cluster is estimated through the generation of a mean NOVI to represent each cluster which is 

then used as an input to a LAI predictive equation. The predictive equations for LAI are 

based upon a study of the regional LAI of the Fundy Model Forest (Wulder, 1998a), where, 

Hardwood LAI - (2.99 * NDVI) + 5.34 

Mixed Wood LAI = (2.47 * NDVI) + 5.94 

Softwood LAI ... (-5.05 * NOVI) + 11.44 

The NOVI values are found to be of limited range, resulting in regression results that are 

also of a limited range. The use of the spectral values from within vegetation clusters appears 

to have further limited the range of NOVI values. The size of the cluster is valuable 

information that enables the spatial information relating the proportion of the stand occupied 

by the cluster to be included in the estimation of LAI. 

Table 9.1. Computation of leaf area for sample plot DSS, from cluster mean NDVI 
and cluster spatial extent (total number of pixels = 400) 

Cluster Cluster NOVI Class Pixels/Cluster LA Pixels per cluster/ LA/Cluster Plot LAI 
Total 

0 0.81 us 108 0.27 
3427 0.79 HW 24 7.69 0.06 0.46 
3444 0.81 HW 27 7.76 0.07 0.52 
3495 0.81 HW 8 7.75 0.02 0.15 
3497 0.77 MW 19 7.85 0.05 0.37 
3523 0.85 HW 2 7.87 O.QI 0.04 
3534 0.81 HW 24 7.78 0.06 0.47 
3563 0.81 HW 32 7.75 0.08 0.62 
3579 0.63 HW 21 7.21 0.05 0.38 
3622 0.75 MW 24 7.59 0.06 0.46 
3623 0.82 HW 25 7.80 0.06 0.49 
3646 0.79 HW 29 7.70 0.07 0.56 
3700 0.81 HW 40 7.76 0.10 0.78 
3714 0.80 HW 18 7.74 0.05 0.35 S.6 

The above procedure for estimating LAI from the NOVI values found within the 

spatial dependence generated clusters is undertaken for all forest plots. Table 9 .2 presents a 
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comparison of the field based estimates of LAI with those computed from the spectral 

characteristics found within clusters. The difference between the field and image based 

estimates of LAI are found to be statistically insignificant. Yet, as the mean difference and 

deviation demonstrate the estimates are variable. 

Table 9.2. Comparison of field based to image cluster 
estimates of LAI. (Critical t = ±2.23, DF = 10, ex = 0.05/2) 

PJot Field LAI Image Cluster LAI Difference between field 
and cluster LAis 

0S5 4.93 4.93 0.72 
0S6 5.87 5.87 -1.05 
0S7 6.88 6.88 -2.71 
0S8 5.25 5.25 -0.52 
0S9 3.28 3.28 1.07 
DSIO 4.30 4.3 -1.38 

average absolute deviation 1.40 
t-statistic 0.31 

The ability to estimate crown closure provides an indication of the areal extent of the 

vegetation. Knowledge of the proportion of an area which is vegetated may allow for the 

estimation of LAI through rating of the maximum expected LAI. In the previous examples 

where LAI was estimated from a species specific equation utilizing NDVI as an input, the 

input range of NOVI is small. The NDVI range within clusters is found to be small resulting 

in small alterations of the computed LAI. Rather than use an LAI estimation model based 

upon NDVI, the proportion of area within clusters may be multiplied by the maximum 

expected regional LAI of 7.75 for the FMF region, that is based upon a deciduous-mixed 

wood species composition (Wulder, 1998a). Table 9.3 presents for comparison to Table 9.1 

the LAI estimation results based upon a static leaf area of 7.75. The remainder of the tables 

demonstrating the estimation of LAI from image spatial information and a standardized LAI 

are found in Appendix 4. 
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Table 9.3. Computation of leaf area for sample plot DSS, from a standardized leaf 
area and cluster spatial extent (total number of pixels= 400) 

Cluster Cluster NOVI Class Pixels/Cluster LA Pixels per cluster/ LA/Cluster Plot LAI 
Total 

0 0.81 us 108 0.27 
3427 0.79 HW 24 7.75 0.06 0.47 
3444 0.81 HW 27 7.75 0.07 0.52 
3495 0.81 HW 8 7.75 0.02 0.16 
3497 0.77 MW 19 7.75 0.05 0.37 
3523 0.85 HW 2 7.75 0.01 0.04 
3534 0.81 HW 24 7.75 0.06 0.47 
3563 0.81 HW 32 7.75 0.08 0.62 
3579 0.63 HW 21 7.75 0.05 0.41 
3622 0.75 MW 24 7.75 0.06 0.47 
3623 0.82 HW 25 7.75 0.06 0.48 
3646 0.79 HW 29 7.75 0.07 0.56 
3700 0.81 HW 40 7.75 0.10 0.78 
3714 0.80 HW 18 7.75 0.05 0.35 5.7 

Table 9.4 presents a comparison of proportional LAI with the aforementioned image 

cluster LAI estimates which required knowledge of cover class for input of NOVI into the 

proper LAI estimation equation. As related in the comparison of the average difference and 

deviation from the field data, the LAI estimates for both the "Image Cluster" spectral and the 

"Proportional" LAI estimation techniques are similar. Both of the estimation techniques are 

not found to be significantly different from the estimate of LAI made from the field data. 

Table 9.4. Comparison of image cluster generated LAI with 
proportional LAI. The difference between the estimate and the field 
data is noted in parenthesis. (Critical t = ±2.228, DF = 10, a = 0.05/2) 

Plot Field LAI Image Cluster LAI Proportional LAI 
DS5 4.93 5.6 (0.67) 5.7 (0.77) 
0S6 5.87 4.8 (-1.07) 4.8 (-1.07) 

DS7 6.88 4.2 (-2.68) 4.2 (-2.68) 
DS8 5.25 4.7 (-0.55) 4.8 (-0.45) 

D59 3.28 4.3 (1.02) 4.4(1.12) 

DSIO 4.30 2.9 (-1.4) 3.0 (-1.3) 

average absolute deviation 1.39 1.41 
t-statistic 0.103 0.962 
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The LAI values predicted with structural information alone, the proportional LAI 

values, are nearly identical to the image cluster LAI estimates which required a cover class 

specific input of NOVI. Yet, similar deviations from the field LAI estimates are found for 

both estimation methods. This may be due to the spatial component, as a function of the 

clusters, being included in both estimation techniques. Due to the similarity of the results, the 

Proportional LAI estimation technique shows promise for further analysis. The estimation of 

LAI from spatial data indicates potential for estimation of LAI from panchromatic data, and as 

a parsimonious solution to the estimation of LAI from spatiaJ information. 

9.3. CHAPTER SUMMARY 

After a review of previous work in the estimation of LAI from spectral and spatial 

infonnation, two new methods for the estimation of LAI are presented. The first method 

demonstrates the estimation of LAI based upon spectral and spatial information. In the 

second example G;* clusters generated to represent image spatial dependency are classified for 

cover class and then processed with an appropriate equation to estimate LAI. The estimates 

of LAI from both techniques are found to be within approximately ±1.4. As all field estimates 

of LAI are greater than 3, the results are promising, yet not of sufficient accuracy for 

addressing ecological issues or for up-scaling. The ability to estimate LAI based on 

vegetation spatial extent and knowledge of regional LAI indicates that estimates of LAI may 

be made from satellite collected panchromatic data. 
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10. DISCUSSION 

Chapter Objective: Discuss issues raised through the presentation of the thesis to 
provide a context for the conclusions. 

10.1. Introduction 

The goal of this thesis is to: 

investigate alternate methods for the estimation of forest inventory and 
biophysical parameters based upon spatial information extraction through 
digital image processing of high spatial resolution multispectral imagery. 

The investigation of alternate methods for the estimation of forest inventory and biophysical 

parameters both acknowledges the variety of existing methods while also attempting to 

address potential shortcomings. Currently, there is a rich "tool box" of image analysis tools 

and techniques available for forest infonnation extraction, yet often situations exist where 

algorithm performance is weak. The investigation and development of additional, or 

complementary, "tools" is intended to enhance the existing suite of methods. As has been 

demonstrated in the review of existing image processing techniques there is no one analysis 

procedure that can be universally or routinely applied. The relationship between forest 

complexity and the ability to capture this complexity from digital imagery for analysis is a 

problematic pursuit requiring the union of an appropriate match between image spatial 

resolution and analysis technique. As a result, additional tools for the analysis of forest 

structural parameters are a valuable remote sensing research pursuit. The following sub­

sections are intended to provide depth to the preceding chapters with a discussion of key 

topics grouped-as following, spatial dependence processing, measures of spatial dependence, a 

comparison of spatial and spectral approaches, and a discussion of research limitations 

accompanied with recommendations. 
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10.2. Spatial Dependence Processing 

FoIJowing the introduction of the necessary statistical background is a discussion of 

spatial dependence characteristics and context. Initially the characteristics will be presented 

generically and then in the context of remotely sensed data. A statistical process is 

understood to be stationary if the distribution function is not altered when the distance is 

altered. The distance is the area around an individual point which is included in the 

assessment. Stationary processes are also said to be spatially homogeneous, as the space 

process-homogeneity is related to the distance between the values under consideration (Bailey 

and Gatrell, 1995). It follows that spatial dependence is a special case of spatial homogeneity 

as identifiable spatial units are related and found to be similar to data for other neighbouring 

spatial units in a spatially identifiable way (Getis, 1994). Measures of spatial autocorrelation 

are often used to provide an indication of spatial dependence (Ord and Getis, 1995). 

The exploration of spatial dependence has been identified as a critical area for future 

research upon spatially representative GIS data (Sinton, 1992). This statement is based upon 

the conception of the spatial dependence between entities as providing additional and valuable 

information. This concept may be extended to remotely sensed data as both site and situation 

indicate unique spatial characteristics. The site, or pixel, has a location, and at that location 

the pixel is found in a particular situation. Each pixel may have an associated attribute which 

describes it's spatial dependence characteristics. Spatial dependence information may 

accordingly be generated to indicate the site and situation of an individual pixel (Getis, 1994). 

The processing of remote1y sensed data to generate spatial dependence infonnation is related 

to kernel approaches for density estimation (Bailey and Gatrell, 1995). In consideration of 

remotely sensed data individual points are pixels. The distance of consideration may be 
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thought of as the size of a kernel around an individual pixel. Remotely sensed data are 

commonly found to be non-stationary, that is, the distribution characteristics change with 

changing areas of consideration. As a result, variability of spatial dependence is expected as a 

characteristic of remotely sensed data. 

Autocorrelation characteristics of remotely sensed imagery are summarized in Section 

5.2 and the pertinent literature is presented in Table 5.1. A variety of techniques to 

characterize remotely sensed image spatial characteristics have been developed, such as image 

co-occurrence (Haralick, 1973, 1979), scanline techniques (Labovitz and Masuoka, 1984), and 

semivariograms (Curran and Atkinson, 1998). In the body of spatial statistical literature, not 

commonly applied to remotely sensed imagery, there may be found an alternate approach to 

the assessment of spatial dependence. The approaches generally have an understood 

statistical distribution and an associated suite of assumptions. Examples of these approaches 

are measured by Moran's/, Geary's c, and the suite of G statistics. Moran's/ and Geary's c 

were initially developed as global statistics but have been adapted to allow for local 

computation (Anselin, 1994). A discussion of the rationale for the selection of Gt for further 

investigation is presented in the following. 

The suite of G statistics (Getis and Ord, 1992; Ord and Getis, 1995) were developed 

for the investigation of local patterns potential1y present in spatial data. Getis (1994) 

subsequently applied an unstandardized version of G/ in conjunction with an analysis of 

variance measure to characterize the spatial dependence trends exhibited. The value of such 

an approach was noted by Wulder and Boots ( 1998b) who altered a standardized version of 

G/ to process remotely sensed imagery. Subsequent investigations were undertaken upon 

Landsat TM data (Wulder and Boots, 1998a), and SSM/1 passive microwave data (Derksen, et 

al., 1998ab ). This current study allowed for an unprecedented investigation of the spatial 
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dependence of spectral values of high spatial resolution imagery with a direct measure of local 

spatial dependence. Understanding of the spatial dependence characteristics of remotely 

sensed data allows for the attachment of an attribute relating infonnation about the site and 

situation of an individual pixel, which is useful supplemen~ry image information. Through 

the development and computation of Gt the investigation of the local spatial dependence 

characteristics on a per-pixel basis presented in the thesis is unique. The application of G/ to 

investigate forest structural parameters is undertaken to assess the characteristics and utility of 

spatial dependence information. (A discussion of limitations and recommendations related to 

the estimation of forest structural characteristics in this thesis is presented in the Section l 0.5.) 

10.3. Measures of Spatial Dependence 

Spatial dependence describes the relationship between neighbouring pixels. 

Characterization of the relationship between pixels has led to the development of a variety 

methods to mea~ure spatial dependence, such as second-order statistical co-occurrence, image 

semivariance, and more recently, local indicators of spatial association. In this section, a 

selection of measures of spatial dependence are described. Following the description of the 

range of measures of spatial dependence, the rationale for development and introduction of the 

measure of spatial dependence G/ to the remote sensing and forestry communities is 

presented. 

Second-order statistical co~occurrence (Haralick, I 973, 1979) and image semivariance 

(Curran and Atkinson, 1998) are the most common methods for characterizing image spatial 

characteristics. Second-order statistical co-occurrence provides an indication of the 

relationship between digital numbers in a feature space which is then used as a measure of 

local characteristics. Second-order statistical co-occurrence is valuable for the description of 

image textural features. A second-order statistical measure is so defined as it is not made 
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directly upon the numbers under consideration. In the computation of co-occurrence values, 

pixel digital numbers are placed into a co-occurrence matrix from which the actual second­

order statistical co-occurrence measure is derived. The placement of values into the co­

occurrence matrix is undertaken by defining a set of parameters to indicate the pixel 

interrelationships. The parameters required are window size, angle for comparison, direction, 

quantization level, and step size. Once the parameters are defined each pixel in the image is 

consistently assessed. Within the predefined window, each pixel is compared based upon the 

user defined rules for angle of comparison, direction, and step size. Co-occurrence is said to 

happen and an increment is added to the co-occurrence matrix relating the numbers which are 

found together at the location within the window based upon the comparison rules. The 

quantization level is important as it defines the bounds of the co-occurrence matrix, for 

example 8 bit data may have a range of co-occurrence from 28, or the 256 values from 0 to 

255. Once the pixel inter-relationships have been processed based upon the defined co­

occurrence rules the values within the co-occurrence matrix are processed to provide an 

indication of possible relationships such as entropy, homogeneity, contrast, dissimilarity, 

mean, and standard deviation (Haralick 1979). Differing results may be expected from co­

occurrence based upon changes may to any of the rules for inclusion in the co-occurrence 

matrix. The selection of window size is particularly problematic (Franklin, et al., 1996). An 

additional short coming of co-occurrence processing is the inability of the statistical 

representations of the co-occurrence matrix to indicate the actual spatial relationships 

measured. The co-occurrence relationships are computed upon the entire matrix resulting in 

an inability to relate what spatial inter-relationships are occurring between the input digital 

numbers. 
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Semivariance is a measure of the variance found between pixels of a remotely sensed 

image. A description of semivariance computation and application is presented in Section 

4. 7. In summary, the spatial domain found at a pixel location may be computed based upon 

changes in the variance found around a particular pixel location. The ability to characterize 

the region of spatial dependence around a pixel has been a valuable addition to the remote 

sensing tool box. As summarized, studies using semivariance may compute semivariance 

along a single transect (Woodcock, et al., 1988b) or in multiple directions around a pixel 

(Wulder, et al., 1998). A shortcoming with semivariance is that it is a positive valued 

function that indicates a region of spatial dependence without reference to the values 

processed. Yet, semivariance and the structurally based information derived is unique and 

versatile in remote sensing studies (Curran and Atkinson, 1998). The versatility and utility of 

semi variance for providing image structural information related to the structure of the 

remotely sensed sutfaces leads researchers to either enhance semivariance analysis or to seek 

complementary measures. Local indicators of spatial association (Anselin, 1995) and the 

suite of G statistics (Getis and Ord, 1992) provide infonnation that describes the relationship 

between an obseIVation and the values around that obseIVation and are seen as a logical 

complement to semivariance and a research opportunity worthy of further investigation. 

According to the characterization by Anselin (1995, p. 94) a local indicator of spatial 

association (LISA) is a statistic that meets the following requirements, 

l. the LISA for each obseIVation gives an indication of the extent of significant spatial 

clustering of similar values found around that obseIVation; 

2. the sum of LISAs for all observations is proportional to a global indicator of spatial 

association. 
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While a measure of spatial association, the suite of G statistics are not a considered as a LISA 

in the terminology due to the lack of a relationship to a global statistic of spatial association. 

The requirement of a relationship to a global measure of association is not problematic in the 

identification of significant 1oca1 clusters. Moran's /, and Geary's c can be transformed to 

• meet the LISA criteria and this is demonstrated in an application and compared to G; by 

Anselin (1995). The local Moran's I is a standardized normal value, with positive values 

representing a spatial cluster of similar values and negative values indicating a clustering of 

dissimilar values. In comparison, positive G; • values indicate an association of high values, 

while negative Gt values indicate a clustering of low values (Ord and Getis, 1994). Based 

upon the infonnation inferred from the statistics, and in the context of processing of remotely 

sensed imagery, Gt initially appeared more applicable to the generation of infonnation from 

remotely sensed imagery than a local Moran's/. As neither has been applied in a per-pixel 

basis upon high spatial resolution remotely sensed data, algorithm development and 

programming was required. The utility of Gt in a remote sensing context has indicated the 

potential for adaptation of the local Moran's I to enable processing of remotely sensed 

imagery. 

The G/'° statistic is a means of generating information to characterize the level of 

spatial dependence associated with a location. In the case of remotely sensed imagery the 

locations are pixels. A full description of the background, computation, and application of Gt 

comprises Chapter 5. Applying the method presented by Wulder and Boots (1998b), an 

image of spatial dependence values may be computed from original image spectral values. 

The result is that for each pixel the strength of spatial association ( or spatial autocorrelation) 

and the magnitude of the input values is quantified. Clusters of high values are noted with a 

positive sign while clustering of low values is denoted with a negative sign. Also stored is 
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infonnation indicating the distance at which Gt is maximized, previously noted as MOD - the 

Maximized Getis Distance. The absolute maximum value of Gt indicates the size of the 

spatial domain found around a particular pixel. 

Provision of each pixel in an image with a value relating the strength of association to 

its neighbours while also indicating the magnitude of input values allow techniques to be 

developed which exploit both spectral and spatial characteristics of the imagery. As noted 

earlier, computation of image semivariance is a useful image processing technique to generate 

a value, such as the range, which indicates the size of the region of spatial dependence through 

consideration of the relationship between values along a transect. The computation of G; • is 

undertaken to indicate the strength of the association, or the level of autocorrelation, found 

within the range. Comparison of the links between G/ and the semivariance range is 

problematic based upon factors such as how each is computed and what is being measured. 

G/ is computed within a square kernel and represented by the absolute maximum value, while 

semivariance is computed along a transect and is by nature a positive valued function. 

Further, visual plot comparisons between proportional values and direct data measures 

illustrate relationships of little spatial meaning. 

A unique feature of G/' is the underpinnings of a statistical distribution. As presented 

in Section 5.3, Gt is based upon knowledge of a known mean and variance. While G/ is 

based upon global mean and variance values, global stationarity is not required for 

computation. The Gt values generated for an entire image are not necessarily nonnally 

distributed; it is at the individual location, or pixel level, that normality occurs. A minimum 

of 8 values are required at a location for the assumption of normality to hold (Griffith, et al., 

1996). In comparison to other measures of spatial dependence, such as second-order spatial 

co-occurrence, this is unique. Second-order statistical co-occurrence requires the user 

178 



intervention for a number of parameters, such as angle, step size, direction, quantization level, 

window size, and choice of which statistic to compute from the co-occurrence matrix to 

represent the relationships. For one-off studies this is likely not too large an issue, but in 

cases when attempting to characterize the spatial relationships between multiple image dates, 

the second-order statistical co-occurrence settings may no longer hold. Sma11 changes in 

spectral values may alter the co-occurrence results. In comparison to Gt, it is postulated that 

small changes in digital number values are minimized, as the spatial relationships still hold 

although the reJative values of the digita1 numbers may have changed. 

When processing Gt the relationship between the input digital numbers and resultant 

G;* values is strong. The high correlation's are due to the nature of the computation of G;*. 

Consider what Gt relates; the strength of spati~.1 dependence, and the magnitude of the values 

found to be dependent. The provision of a sign to the G; • values to represent the magnitude of 

the association results in the fact that high digital numbers have positive signs that may also 

be high values, conversely, low digital numbers have negative signs that may also be low 

numbers. This situation results in high correlation's between the spectral and Gt values. The 

result is that computation of G; • acts as a moving proportion filter transforming the original 

spectral values to relate both the character of the initial spectral features while also providing 

information related to the level of spatial association present at a particular location. The data 

transformation indicates the potential of building clusters from spatial objects generated out of 

the spectral data. For example, a shortcoming noted for the well developed and successful 

valley following techniques is the erroneous division of individual objects that contain 

spectral variability (Gougeon, 1995a). To reduce this problem the imagery is often 

preprocessed with a mean filter, or additional rules are added to the crown delineation 

procedures based upon factors such as inter-pixel curvature (Held and BiJlings, 1998). The 
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availability of a smoothing function based upon spatial dependence may also aid in future 

development of rules for influencing crown delineation. The work presented in this thesis 

may provide some insights to researchers implementing valley following techniques upon 

deciduous forest cover. 

10.4. Comparison of Information Extraction Approaches 

Measures of forest structure may be estimated based upon spectral or spatial information 

extraction approaches. The estimation of forest structure characteristics based upon spectral 

relationships implies a meaningful relationship between the spectral response and forest 

structure. Spatial information extraction approaches to the extraction of forest structural 

infonnation are based upon the spatial inter-relationships of the pixel values. Further, 

approaches which acknowledge the complexity of remotely sensed representation of forests 

have resulted in hybrid approaches to information extraction. The clustering approach, based 

upon spatial dependence, demonstrated in this thesis may be considered a new and separate 

approach. In this sub-section, an overview and comparison of the varied approaches to forest 

structural information extraction from remotely sensed data are presented. A variety of 

outstanding issues, such as the effect of the modifiable areal unit problem and the effect of 

different cover types, especially hardwoods, are also presented. 

10.4.1. Spectral Approaches 

Spectral approaches to the estimation of forest inventory and biophysical parameters, are 

commonly empirical in nature, and use the spectral values found at a location to relate to the 

ground measured properties at the same location. These spectral approaches to the estimation 

of forest inventory and biophysical parameters are based upon an understanding of the 

reflectance characteristics of vegetation. For example, vegetation absorbs visible 

electromagnetic radiation while scattering near infrared radiation (Curran, 1980). This is a 
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result of pigments, especially chlorophyll, which absorb visible wavelengths, while the air­

water interfaces between the intercellular spaces and cell walls cause multiple refraction, 

resulting in high net reflectance values in the near-infrared wavelengths (Gausman, 1977). 

The reflectance characteristics are generally distinct for each surface cover type and are 

thought of as spectra) signatures (Avery and Berlin, 1992). 

In the estimation of forest stand parameters, relationships may be developed empirically or 

deterministically. Empirical approaches are based upon relating, often through regression, 

field measured parameters to the spectral response found at the same location. There are a 

variety of examples using mid-resolution imagery, pixels greater than I Om spatial resolution, 

for the empirical estimation of forest inventory (Franklin, 1986; Danson, 1987; De Wulf, et 

al., 1991) and biophysical parameters (Spanner, et al., 1990; Fassnacht, et al., 1997). In the 

case of forest inventory parameters, success is generally limited by the low resolution of the 

sensors utilized. The estimation of biophysical parameters, such as LAI, is hindered by both 

low spatial resolution and an asymptote of the relationship between LAI and spectral 

information at approximately 3 (Peterson, et al., 1987). 

Landsat TM has a spatial resolution of 30m which allows for regional estimation of forest 

stand parameters. A standard full scene measures 185 x 175 km resulting in regional coverage 

of approximately 31,450 km2 (Avery and Berlin, 1992). The trade-off for the regional 

coverage, is the spatial resolution, which results in estimates of forest stand parameters which 

are often of too low an accuracy for operation forest management. The interpretation of the 

suitability of a particular accuracy level depends on the goals of a particular analysis. In 

comparing spectral values to basal area and biomass, Franklin et al. (1986) found that 

correlations are strongly dependent upon the spectral channel, with the strongest relationships 

found in TM 1, 2, and 3. Danson (1987) applied SPOT-I HRV imagery to correlate digital 
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numbers to a suite of forest stand parameters. Significant correlations were found for density, 

mean DBH, mean height, and age, but not for canopy closure. One of the findings of this 

study was that variation in efficacy in the estimation of forest stand parameters is not a 

function of vegetation amount, but is due to the amount of shadow found within the canopy. 

De Wulf et al. ( 1990), also using SPOT imagery, found moderate relationships between forest 

stand parameters and both infrared and panchromatic spectral response. Model inversion was 

also undertaken to estimate the suite of forest stand parameters. The stand parameters with 

the greatest influence upon shadowing within the canopy, stand density and canopy height, are 

reported to have reasonable accuracies of between 60 to 70 percent. Estimation of forest 

biophysical parameters, such as volume (Gemmel, 1995), biomass (FrankJin, 1986), and LAI 

(Spanner, et al., 1990), all reach an asymptote, where the digital information changes little 

while the parameter still increases. Fassnacht et al. ( 1997) found in regression relationships 

between LAI and image spectral response variability in success related to species 

composition. The LAI of conifer species was measured within a range of r2 from 0.69 to 0.73, 

while the best relationship found for hardwoods was an r2 of 0.35. 

Empirical estimation of forest parameters with high resolution imagery of less than 1 Om 

spatial resolution is a less established methodology with differing limitations. The lower 

resolution techniques consider the forest in terms of multiple objects within a single pixel, 

whereas the higher resolution techniques deal with a higher variance environment. In the high 

variance environment abrupt changes in digital numbers can occur as the pixel contents 

change from tree to between tree reflectance. In the lower variance environment, the changes 

in pixel contents occur more slowly as the transition areas are often contained within pixels. 

As a result, new techniques have been developed to address the variance rich environment 

present with high resolution imagery. The estimation of forest parameters with high spatial 
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resolution imagery spectral values is an active research area. Techniques have been 

investigated which utilize the spectral information present in high spatial resolution imagery 

for the estimation of forest inventory (Baulies and Pons, 1995) and biophysical parameters 

(Smith, et al., 1991 b; Spanner, et al., 1994; Seed and King, 1997). In acknowledgement of 

the difficulties inherent in undertaking a forest inventory with high spatial resolution 

multispectral data Leckie et al. ( 1995) present a methodology which prepares digital data for 

visual interpretation. Baulies and Pons (1995) attempt a spectral approach to forest inventory 

parameter extraction and cover type mapping. The spatial resolution of the casi data for the 

study by Baulies and Pons was 5 x 5m with a dominant vegetation cover type of coniferous 

pines. Multiple regression relationships developed from one flight line were applied to an 

adjacent flight line. A discussion of the results of the application of the relationships to the 

adjacent flight line illustrates a correlation of 0.87 for crown closure (p = 0.01 ), while for 

density an insignificant correlation is found. Based upon the study parameters, such as cover 

type and image spatial resolution, Baulies and Pons indicate that spectral response can only be 

related to forest structural parameters when there is a homogeneous spatial distribution. The 

homogeneous spatial distribution desired may be related to image spatial resolution, 5m data 

is an L-resolution environment with each pixel containing a variety of objects. An increase in 

spatial resolution allows for the imaging of an H-resolution environment, where each object is 

composed of a number of pixels. The availability of H-resolution data has not led to a variety 

of studies based upon empirical spectral estimation of inventory parameters. The variance 

rich H-resolution data has more commonly been approached spatially or with combined 

spatial and spectral analyses. 

Forest biophysical parameters have seen more success with spectral estimation with high 

spatial resolution data. An early empirical study by Smith et al. ( 1991 b) related optically 
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collected LAI values to pixels with a spatial resolution of either 1.58 to 2.34m on a side, over 

an LAI range of 2.6 to 9.5. The straight empirical relating of digital numbers to LAI values 

were found to corroborate lower the spatial resolution results reported by Peterson et al. 

( 1987) and Spanner et al. ( 1990), that correlations may be found but are limited by an 

asymptotic relationship. In an empirical study based upon the spectral characteristics of 

shadow, rather than tree spectral features, Seed and King (1997) report promising results. The 

shadows between trees are broken into three components based upon user defined thresholds 

and are used to develop multivariate regression relationships with LAI as the dependant 

variable. Undertaking image analysis upon 0.25m spatial resolution digital camera data, over 

an LAI range of 1.12 to 4.92, an R2 of 0.90 with a standard error of 0.34 is reported, with a 

sample size of 15 plots. 

10.4.2. Spatial Approaches 

While infonnation extraction from spectral data is often undertaken, the use of spatial 

information to detennine forest structural para1]1eters is becoming increasingly common. 

Information extraction approaches based upon spatial data are based upon the premise that 

forest structural information is captured in the image spatial structure. The image spatial 

structure refers to the way in which pixels are related to one-another, not solely on the 

magnitude of the actual pixel digital numbers. In a spatial approach, it is the way pixels are 

found together, not merely the digital number that is important. As a result, the knowledge of 

the relationship between image spatial resolution in relation to the size of the image object of 

interest is often required. 

Spatial information extraction approaches generally require a greater level of processing 

than spectral approaches as a greater number of pixels are involved. Mid-resolution imagery 

has a been processed for forest inventory and biophysical estimates based upon techniques 
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such as texture (Kushwaha, et al., 1994), and image semivariance (Cohen, et al., 1990). 

Kushwaha et al. (1994), following the efforts of Peddle and Franklin ( 1991) integrate texture 

to improve the results of multi spectral image classifications. These results demonstrate the 

relationship between forest structure and cover type. Semivariance is a means by which the 

link between forest structure and cover type may be further explored. Cohen et al. (1990) 

applied image semi variance to a set of image spatial resolutions including 1, l 0, and 30m. 

The spatial variability of coniferous forest cover varied in relation to the image spatial 

resolution. At a spatial resolution of l m the semivariogram ranges were best related to mean 

tree canopy size. At a spatial resolution of 10m the semivariance indicated only whether tree 

canopy sizes were less than 1 Om or between l O and 20m. With a spatial resolution of 30m 

only the sills of the semivariograms related any forest structural infonnation, even though the 

differences between the sills were small. Based upon these results, the potential for 

semi variance processing of high spatial resolution imagery is indicated. The low variance 

environment present in mid-resolution imagery hampers the efficacy of textural and 

semivariance processing. Examples of the utility of semivariance processing of high spatial 

resolution imagery are provided by Levesque and King (1996) and St-Onge and Cavayas 

(1995). Levesque and King (1996) present a multi-sca)e analysis illustrating the relationship 

between infonnation content and image semivariance. Levesque and King (1996) indicate that 

individual tree crown closure and the semivariance range have a 0.80 correlation when 

processing 0.25 metre resolution imagery, while a decrease in correlation between 

semi variance range and crown closure to -0.16 occurs with 0.5 metre resolution imagery. St­

Onge and Cavayas ( 1995) have utilized the infonnation inherent in the directional variogram 

as a method to estimate the stocking and height of forest stands. St-Onge and Cavayas ( 1995) 

found that the relationship between actual and predicted stand level values changed little with 
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a change in image spatial resolution from 0.36 to 2.16m. The robust nature of the directional 

semivariance technique for characterizing forest structure indicated the possibility for creation 

of absolute spatial signatures, as the spatial structure is not hampered by radiometric factors. 

High spatial resolution imagery has enabled the development of a variety of spatial 

infonnation extraction techniques. 

High spatial resolution imagery provides an image environment rich in spatial 

information. The spatial structure contained in high spatial resolution digital imagery is a 

function of the size and distribution of objects within the imagery. The avaiJabiJity of high 

spatial resolution imagery has allowed for the investigation of the utility of spatial information 

in the estimation of forest stand parameters. The most common approaches to extract forest 

inventory and biophysical parameters from high spatial resolution imagery based upon spatial 

infonnation are, texture (Gougeon and Wong, 1986; Section 4.3), image semivariance 

(Levesque and King, 1996; Section 4. 7), local maxima filtering (Hay, et al., 1996; Walsworth 

and King, 1997; Section 4.4), and valley following (Gougeon, 1995a; Section 4.4). In an 

early study of the relationship between texture and forest stand parameters, Gougeon and 

Wong ( 1986) present a segmentation approach based upon texture segmentation and region 

growing. Local maxima filtering is considered as a spatial infonnation extraction approach 

as it is based upon the spatial context of where a pixel is found. Local maxima filtering may 

indicate tree locations for the development of object specific textural classifications (Hay, et 

al., 1996), to indicate stem locations to estimate density (Burnett, et al., 1998), or to provide 

seed points for the generation of tree objects (Walsworth and King, 1998). Walsworth and 

King ( 1998) applied a radiance peak filter to isolate individual tree locations, with further 

steps taken to ensure the accuracy of these locations. The transitions between stems, 

computed from automata and Markov transition matrices, demonstrate differing forest 
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structural information content for pixel based and neighborhood based estimates. Changes in 

forest composition over time are captured in the neighbourhood based estimates of forest 

structure. 

10.4.3. Hybrid Approaches 

This sub-section on hybrid approaches is intended to present combinations of spatial and 

spectral information extraction. The two previous sections described the nature of both 

spectral and spatial infonnation content in the context of a remotely sensed image. In short, 

the spectral approaches tend to attempt to account for characteristics related to vegetation 

content, while spatial approaches tend to relate structural information. As a result, the 

combination of both spectral and spatial information appears desirable in attempting to 

explain forest structure. 

In Section 4.3.1, a summary of the union of spectral and spatial information is presented. 

Described is the work of Wulder et al. ( 1996a, 1998), which is an investigation of the 

relationship between LAI, NOVI, and texture. Wulder et al. (1996a) assessed the change in 

variance explained with empirical estimation equations with LAI as the dependant variable. 

The independent variables were combinations of NOVI and first- and second-order texture 

variables generated upon 2m spatial resolution casi imagery. The ability to estimate LAI 

based solely upon spectral infonnation generated a bivariate r2 value of 0.67 with a standard 

error of 0.70 over an LAI range of 2.39 to 7.05. For the same range of LAI, texture alone only 

accounted for an r2 of 0.56 and a standard error of 0. 77. The combination of the spectral and 

textural information for the complete range of LAI, resulted in a multivariate R2 of 0.92 with a 

standard error of 0.68. Stratification by species demonstrated the association of accuracy with 

LAI range. The deciduous stands in the study occupied a limited LAI range of 2.39 to 3. 70 

and had a larger proportion of the variance in the empirical relationships explained than for 

187 



conifers which occupied a larger LAI range from 3.45 to 7.05. While not as large an amount 

of the variance was explained for the conifers, the results are nevertheless encouraging as the 

entire range of LAI values is above the usual asymptote of 3. Shortcomings with this study 

were identified as sub-optimal texture measures and small sample size. As a result, a follow­

up study was undertaken upon deciduous mixed-woods with 1 m spatial resolution casi 

imagery (Wulder, et al., 1998). In this study the range of deciduous LAI spans from :::::1.5 to 

7, resulting in weaker relationships than were found in the previous study. The initial 

bivariate relationship between LAI and spectral data resulted in an r2 of 0.42, which increased 

to an R2 of 0.61 with the integration of texture. The computation and selection of texture 

measures is often problematic. First-order texture measures, those computed directly from the 

image spectral values, best improved regression relationships involving homogeneous 

surfaces. Second-order texture measures, those computed from a transfonnation of spectral 

values (such as co-occurrence), explained the greatest amount of variance when involving 

heterogeneous surfaces. In an attempt to integrate the proven ability of semivariance to 

differentiate subtleties in forest structure, a new texture measure was developed based upon 

discrete locations extracted from variograms. Semivariance moment texture measures are 

sensitive to the spatial characteristics of the stand such as crown closure and density and as a 

result are useful in the estimation of a variety of cover types. 

An additional exploration of the relationship been forest stand LAI and textural 

information is presented by Olthof and King (1997). Imagery of a high spatial resolution of 

0.25m, over an LAI range of 1.2 to 4.9, sensed over a stand dominated by hardwood species 

were used in this study. Correlation relationships were developed with and without texture, 

with more of the model variance explained when including texture. For example, the 

following correlation relationships are present between LAI and the dependant variables: near 
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infrared reflectance (r = 0.56), texture from measure of co-occurrence contrast (r = 0.64), near 

infrared reflectance and texture (0.79). These results corroborate those of Wulder et al., 

(1996a, 1998) further demonstrating the utility of the combination of spectral and spatial 

infonnation. 

Yuan et al. ( 1991) investigated changes in the structure of sugar maples based upon 

spectral and textural analysis of multispectral aerial videography. Spectral and textural 

features computed for individual trees were compared through correlation to manually 

interpreted colour and colour infrared photography. Indices were developed from the imagery 

and photos to relate forest decline. These results were also found to be compatible with 

ground surveys. As a result, the authors stated that the aerial video data is appropriate for 

analysis of maple decline on a single tree basis. 

10 .. 4.4. Clustering Approaches 

Clustering is an approach by which pixels identified as representing a single discernable 

object are joined. The single discemable obje~t, in the context of this research, may be 

characterized by a situation such as, a single large tree sensed with high spatial resolution 

imagery, a group of trees that are layered by dominance, or trees that are close together but 

undiscernable in lower resolution imagery. As a result, image spatial resolution is an 

important consideration when undertaking a clustering approach. The conceptual frame of 

clustering, as opposed to segmentation, is that it is a process of building image objects from 

seed points based upon simi)arity, rather than splitting objects found to be dissimilar. 

Clustering approaches are complementary to existing segmentation and image processing 

techniques. In a forestry context, clustering acknowledges forest complexity and limitations 

based upon image resolution. 
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In this thesis a clustering approach based upon statistically generated spatial dependence is 

developed (Chapter 7). This clustering approach was developed to account for the spatial 

structure of forest canopies composed of both coniferous and deciduous trees as represented 

by 1 m spatial resolution multi~spectral imagery. Factors such as the large size, irregular 

shapes, and overlapping that occur within and between deciduous crowns indicated a need for 

investigation of alt~mate approaches to delineate crowns than those developed for coniferous 

tree species. This clustering approach based upon spatial dependence does not require the 

user input of threshold values for qualification of a given pixe1 to a cluster, the clustering is 

based upon the similarity of neighbouring pixels. A key component of this research is the 

development of a statistically robust clustering approach. The derivation of forest inventory 

and structural parameters faced a variety of limitations, which will be discussed in a following 

section (Section I 0.5). Despite the study limitations, several observations are made: the 

clusters generated represent unique spatial infonnation; the clusters are related to the size and 

distribution of trees within the imagery; the clusters are related to the amount of crown closure 

present; density is difficult to measure with clusters; leaf area index may be computed from 

the combination of spatial and spectral information, as well as, from spatial infonnation alone. 

In this research the cluster development was based upon as little user intervention as possible, 

allowing for local spatial similarity to dictate the size, shape, and number of clusters. 

Intervention of additional rules, such as size and shape limits, or threshold specifications, may 

allow for an improved cluster integrity in relation to the field measured data. Following is a 

summary of the primary findings of the spatial dependence clustering approach to object 

detennination for estimation of forest structural parameters. 
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Section 7.2.4 presents the data to support the statement that clusters generated represent 

unique spatial information. The spatial distribution of spectral values is illustrated through a 

series of tables and plots. For example, it is shown that, 

• image spatial structure relates to the size of objects found in forest imagery which is 

also related to the spatial resolution, 

• image spectral values have a unique distribution in the spatial domain, and 

• image spatial processes are not all operating at the same scale. 

These statements provide a context for research through indication of the complexity present 

in the spatial dependence characteristics present in a forested area. A related study undertaken 

to generate spatial dependence information, represented by Gt, upon Landsat TM data 

produced clusters which explored stand level characteristics (Wulder and Boots, 1998b). In 

contrast, the clusters generated in this present study, as a function of the image spatial 

resolution, grouped pixels representing individual or groups of trees. 

As mentioned, cluster generation is a function of image spatial resolution and the forest 

structure under investigation. As a result, the forest characteristics present and represented at 

a spatial resolution of 1 m result in mixed pixels and clusters composed of more than one tree. 

The presence of more than one tree within a cluster results in a limited ability to estimate 

forest stand density (Section 8.2). Crown closure, in contrast, is represented moderately well 

with n·ee objects based upon spatial dependence (Section 8.3). The small sample size limits 

the confidence in relating the results, which found for clusters generated upon infrared data, 

an absolute difference of 0.56 to the field data, with a standard deviation 0.07. In general, the 

cluster based estimates of crown closure are found within approximately JO percent of field 

based estimates. These accuracies must be weighted against the small possible range of 

crown closures and the large relative error. 
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A statistical clustering approach was undertaken to place each tree object into a cover 

type class (Section 8.4). The typing of cover class varied in success by plot. The method 

used to place objects in clusters was good considering the limitations of the study but would 

not be repeated in a subsequent analysis. 

Leaf area index was estimated using two techniques, one which required an input of 

cover type to aid in the selection of the most appropriate LAI estimation equation, while the 

second used a regional stand for maximum LAI and rated the estimate based upon areal 

contribution of the objects within the plot area (Chapter 9). The caveats of the previously 

mentioned interpretation based upon sample size are also present for this analysis. The 

estimates of LAI from both techniques are found to be within approximately ±1.4. As all field 

estimates of LAI are greater than 3, the results are promising, yet not of sufficient accuracy for 

addressing ecological issues or for up-scaling. The ability to estimate LAI based on 

vegetation spatial extent and knowledge of regional LAI indicates that estimates of LAI may 

be made from satellite collected panchromatic data. 

In reference to the field data available for this study, the relationships between-the 

image generated clusters and forest inventory and structural parameters are not conclusive, 

nevertheless a worthwhile approach appears to be under development. The spatial 

dependence data may be used to generate clusters or be used as attribute data to describe 

pixels to be utilized by techniques such as valley following or threshold based approaches. 

The use of spatial dependence infonnation in concert with valley following methods will 

allow for increased knowledge of the pixel inter-relationships to be integrated as a possible 

qualification rule. In threshold based clustering approaches, spatial dependence infonnation 

may be used as a rule to allow for relaxation of threshold boundaries. 
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In a recent work, Culvenor et al. ( 1998) present a threshold clustering approach based 

upon 2m spatial resolution digital multi-spectral video data. The rationale for the clustering 

approach is based upon the forest structural characteristics found to occur in Australian native 

forests. The clustering approach was developed to account for low foliage density and 

complex crown structure and to allow for a minimization of crown segmentation. The 

approach developed is referred tc, as the Tree Identification and Delineation Algorithm 

(TIDA). The generation of tree clusters from TIDA is based upon identification of maxima 

and minima pixels, of an infrared image channel, to represent crown centroids and crown 

edges. A user defined parameter is used to calculate a threshold value for acceptance or 

rejection of a pixel's membership to the crown under consideration. Pixels are clustered into 

a given crown object if the reflectance present is greater than the defined threshold value and 

is not already identified as a boundary pixel. This process is repeated for all pixels until all 

have been added to a crown or have been found spectrally invalid. A sensitivity analysis was 

undertaken to assess the efficacy of the approach by comparing a stand constructed from 

geometrical optical properties to the remotely collected imagery. The maximum number of 

trees identified by TIDA was 92% at an off-nadir viewing angle of 2 degrees. The optimum 

crown delineation was achieved at mid-day with the average crown area reported as 6lm2 for 

the imagery and 67m2 for the simulated data. It is noted, however, that in this case no attempt 

is made to distinguish between vegetation and non-vegetation pixels; therefore, improved 

results may be possible for this procedure. 

The utility of the TIDA clustering approach has been identified as appropriate for the 

characterization of Australian forest cover types and is the subject of further investigation. 

The TIDA tree clustering results have been compared to forest type and structure maps 

produced through the interpretation of 1 :25,000 colour air photos (Preston, et al., 1998). In 
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this study a comparison of estimates of species, tree size and density, tree development index, 

and height, among others, from multispectral video are compared to the values determined 

from air photo interpretation. The estimates made from the digital multispectral video 

incorporating the TIDA clusters explained approximately 20% more variance than the 

parameter estimates determined from air photo interpretation. The success of this 

methodology prompted the authors to state in their conclusions, 

Despite these operational constraints the research presented in this paper is sufficient 

to indicate that an entirely new approach to forest mapping is becoming available. 

Mapping of detailed forest attributes, based on tree clusters and high resolution 

imagery, will require a major rethink of procedures for mapping, monitoring, and field 

assessment of forests (Preston, et al., 1998). 

The cluster based approach to looking at forests is seen to incorporate the importance of both 

forest species and structural characteristics. As a result, the clustering approach m:eds to be 

assessed over a variety of forest cover types, and an assessment of costs and timing is also 

necessary to determine a measure of model reliability. 

10.4.5. Comparison of Approaches 

In discussion of some of the factors which affect the remote sensing of forests, the most 

appropriate image analysis technique is shown to be related to cover type (Section 3.4). In 

summary, Strahler et al. ( 1986) present some of the primary concepts in remote sensing, 

which is then built upon by Woodcock and Strahler ( 1987) through illustration of the 

importance of scale in selection of image analysis approach. Single pixel based approaches 

may be appropriate for homogeneous entities, while methods that account for spatial pattern 

are suitable for more heterogeneous surfaces, such as forests. As a result, the image analysis 

approach is related to surface cover and heterogeneity, which limits the universal application 

of any methodology. The selection of an image processing approach should be based upon an 
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understanding of the relationship between image spatial resolution, tree species, tree size, and 

tree distribution. In the previous sections, addressing the efficacy of a variety of spatial, 

spectral, hybrid, and clustering approaches for forest structural information extraction, the 

relationship between image spatial resolution, tree species, tree size, and tree distribution is 

demonstrated. The direct comparison between studies is problematic, as the conditions 

present in each study vary. The variation may not be primarily a function of the approach 

undertaken, but due to differences in conditions resulting from differing spatial resolution, 

spectral resolution, temporal resolution, forest cover type, crown closure, or stand density. 

10.4.6. Information Extraction from Mixed- and Hardwood Forests 

This section will summarize the utility of the previously presented approaches in reference 

to cover type. As presented by Fassnacht et al. ( I 997) the ability to characterize softwoods is 

greater than that of hardwoods. Much of the previous research has focused upon softwoods, 

with the more difficult to characterize hardwoods subject to fewer research initiatives. 

Hardwood tree species are characterized by large and overlapping crowns. The presence 

of large and overlapping crowns is problematic for construction of methods for parameter 

estimation from remotely sensed data. For example, Fassnacht et al. ( 1997) found in 

regression relationships between LAI and image spectral response, accuracy related to species 

composition, with the LAI of conifer species measured within a range of r2 from 0.69 to 0. 73, 

while the best relationship found for hardwoods was an r2 of 0.35. A variety of detailed 

calibration projects have been undertaken to assess the nature of deciduous spectral response 

based upon vegetation indices and particular spectral locations (Vogelmann, et at., 1993), 

seasonal variability (Blackbum and Milton, I 995), spectral directionality (Milton, et al., 

1994), and in relation to the local ecology (Blackbum and Milton, 1995-568). Multi-date casi 

imagery was collected to produce a map of canopy gaps which was used to quantify the 
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character of the canopy gaps and tree canopy (Blackbum and Milton, 1995). This information 

was used to assess the relative ecological status of the different forests. 

A variety of approaches have been applied to extract deciduous forest structural 

infonnation from high spatial resolution remotely sensed imagery. A number of the 

approaches have been presented in previous sections, and will be described here. Following is 

also a selection of additional research undertaken to relate the structural characteristics of 

deciduous forests. The accuracy generated from the classification of 2.5m spatial resolution 

casi data has been shown to be sensitive to view angle geometry and terrain effects (Franklin, 

et al., 1991 ). Aerial videography has also been applied in the classification of deciduous 

forests (Slaymaker, et al., 1996). This classification of deciduous forests, flown in transects 

to characterize a sub-sample of the larger area, was undertaken to provide validation for a 

Landsat TM based classification program. The increased spatial resolution of the aerial video 

data over the Landsat TM allowed for the re-labeling of classes generated upon the Landsat 

TM data. 

Following is a summary of the previously mentioned studies to use image processing of 

high spatial resolution imagery to assess forest structure. Spectral estimation of the LAI of 

deciduous forests is reported on by Seed and King ( 1997) in an empirical study based upon 

the spectral characteristics of shadow, rather than tree spectral features. Image analysis of 

0.25m spatial resolution digital camera data, over an LAI range of 1.12 to 4. 92, an R 2 of 0. 90 

with a standard error of 0.34 was reported, with a sample size of 15 plots. Spatial estimation 

of crown closure, utilizing semivariance is presented by Levesque and King ( I 996). 

Individual tree crown closure and the semivariance range have a 0.80 correlation when 

processing 0.25 metre resolution imagery, while a decrease in correlation between 

semivariance range and crown closure to -0.16 occurs with 0.5 metre resolution imagery. 
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Radiance peak filtering exploits the spatial relationship to indicate tree crown locations. 

Walsworth and King (1998) applied a radiance peak filter applied to isolate individual tree 

locations, with further steps taken to ensure the accuracy of these locations. Changes in forest 

composition over time are captured in the neighbourhood based estimates of forest structure. 

The estimation of LAI from spectral infonnation alone, and including textural information is 

undertaken by Wulder et al. ( 1996a, 1998) and Olthof and King ( 1997). In Wulder et al. 

(1996a) the deciduous stands in the study occupied a limited LAI range of 2.39 to 3.70 and 

had a larger proportion of the variance in the empirical relationships explained than for 

conifers which occupied a Jarger LAI range from 3.45 to 7.05. A fol1ow-up study was 

undertaken upon deciduous mixed-woods with 1 m spatial resolution casi imagery (Wulder, et 

al., 1998) with a range of deciduous LAI from ~1 .5 to 7, resulting in weaker relationships 

than were found in the previous study. The initial bivariate relationship between LAI and 

spectral data resulted in an r2 of 0.42, which increased to an R2 of 0.61 with the integration of 

texture. An additional exploration of the relationship been forest stand LAI and textural 

information is presented by Olthof and King ( 1997). Imagery of a high spatial resolution of 

0.25m over an LAI range of 1.2 to 4.9 sensed over a stand dominated by hardwood species 

were used in this study. The following correlation relationships are present between LAI and 

the dependant variables: near infrared reflectance (r = 0.56), texture from measure of co­

occurrence contrast (r = 0.64), near infrared reluctance and texture (0. 79). These results 

corroborate those of Wu Ider et al., ( 1996a, 1998) further demonstrating the utility of the 

combining of spectral and spatial information. Using a different approach, Yuan et al. (1991) 

investigate changes in the structure of sugar maples based upon spectral and textural analysis 

of multispectral aerial videography. Indices are developed from the imagery and photos to 

successful1y relate forest decline. These approaches demonstrate the variety of methods 
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which may be undertaken to assess the structure of deciduous forests. Radar data has also 

been utilized to assess the structure of deciduous forests (U stin, et al., 1991; Mead and 

McIntosh, 1991; Wu, 1987). 

10.4.7. Modifiable Areal Unit Problem 

In discussion of the factors which affect the remote sensing of forest canopies (Section 

3.4), the following issues are discussed: spectral response of forest canopies (Section 3.4.1 ), 

scale in remote sensing (Section 3.4.2), the nature of models in remote sensing (Section 

3.4.3), and scale and the representation of geographic data (Section 3.4.4). In the dicussion of 

scale and the represtation of geographic data, the issue of the modifiable areal unit problem, or 

MAUP, is introduced. In brief the MAUP is comprised of two key issues, 

• a variety of different results may be computed for the same data as it is increasingly 

aggregated (scale problem), and 

• the data may also be aggregated in a variety of ways (aggregation problem). 

The scale problem refers to the variation of results that can be obtained when the same areal 

data are combined into progressively larger units of analysis, and indicates a failure to 

discriminate the objects of geographical inquiry. The aggregation problem arises from the 

large number of ways in which these areal units can be combined, and reflects a failure to 

understand the processes at work between scales. The integrity of the analysis is dependent 

upon the knowledgeable integration of the data during analysis through an understanding of 

the geographical phenomenon taking place and the scale of the initial data collection. 

The MAUP is deserving of further disccusion due to the effects of spatial aggregation 

and scale upon what information is represented by remotely sesend imagery at different 

scales. In the context of this thesis, spatial infonnation is applied to generate objects, yet the 

compostition of the objects is a function of the image spatial resolution. The infonnation 
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content that is available from the image processing of remotely sensed imagery is related to 

the spatial resolution of the data. This point can be best illustrated using the results of Cohen, 

et al. (1990) and Levesque and King (1996). 

Cohen et al. (1990) applied image semivariance to a set of image spatial resolutions 

including 1, 10, and 30m. The spatial variability of coniferous forest cover varied in relation 

to the image spatial resolution. At a spatial resolution of 1 m the semi variogram ranges were 

best related to mean tree canopy size. At a spatial resolution of 1 Om the semivariance 

indicated only whether tree canopy sizes were less than l Om or between 10 and 20m. With a 

spatial resolution of 30m only the sills of the semivariograms related any forest structural 

information, even though the differences between the sills were small. In a multi-scale study 

undertaken by Levesque and King (1996), a strong correlation of 0.80 is evident between 

individual tree crown closure and the semi variance range upon 0.25m resolution imagery, yet 

when the imagery is degraded to a spatial resolution of 0.50 there is a decrease in correlation 

between semi variance range and crown closure to -0.16. In contrast to the individual tree 

based predictions, St-Onge and Cavayas ( 1995) found that the relationship between actual and 

predicted values of stand based measures changed little with a change in image spatial 

resolution from 0.36 to 2.16m. The robust nature of the directional semivariance technique 

for characterizing forest stand structure indicated to the authors the possibility for creation of 

absolute spatial signatures, as the spatial structure is not hampered by radiometric factors. 

These results indicate the complex nature of forest structure and the current lack of a single 

commonly accepted approach. 

In applying spatial dependence to generate objects, the effects of the MAUP must be 

considered. In this thesis, based upon l m spatial resolution imagery, the spatial dependence 

characteristics of the imagery resulted in the generation of objects representing individual or 
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groups of trees. Using the same techniques upon Landsat TM data, the objects generated 

represent forest stands (Wu Ider and Boots, 1998b ). 

10.4.8. Context of Thesis Research in Field 

The intention of this sub-section is to indicate where the research presented in this thesis 

fits in the larger context of high spatial resolution remote sensing of forest structure. No 

single study can be expected to answer all the outstanding issues in the high spatial resolution 

remote sensing of forest structure, but each study can act to make small but significant 

contributions. The body of work cited in the previous sections are aJJ important in cJarifying 

the complex interpretation of high spatial resolution imagery. The interpretation of high 

spatial resolution imagery to address issues in forestry has been likened to the programming 

of an artificial intelligence, 

Photointerpretation is an art as well as a science, so teaching a computer to recognize 

individual trees successfully is akin to teaching Deep Blue to play competitive chess -

not impossible, but not easy either (McGraw, et al., 1998). 

The complexity of the digital interpretation of high spatial resolution imagery, while not 

impossible, requires flexibility. The ability to adapt to changing conditions, related to factors 

such as differing image spatial resolutions, cover types, densities, etc., requires an 

understanding of a variety of approaches. Often the image characteristics dictate the 

information content, requiring the analyst to either choose the image specification carefully 

beforehand or to be able to adapt to the resultant image spatial structure. The growing toolbox 

of image processing approaches appropriate for high spatial resolution imagery is indicative 

of a maturing application area. The work undertaken in this thesis allows for a new way of 

understanding the relationships found in high spatial resolution imagery. The ability to 

characterize a pixel location with attribute information relating the spatial dependence of that 
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pixel is useful information. In this thesis, the spatial dependence information was used to 

generate objects which were subsequently related to forest structural parameters. The limited 

field data hampers the interpretation of object relationships to the forest structural parameters, 

yet it is evident that spatial dependence, with little user intervention, is sensitive to forest 

structural information represented by image spatial structure. 

10.5. Research Limitations and Recommendations 

To address the objectives stated in the introduction of this thesis, a variety of tasks were 

undertaken. To investigate the forest structural issues of importance in this thesis, an 

understanding and implementation of a wide array of subject areas was necessary, such as 

computer programming, image processing, field spectroscopy, airborne multispectral 

scanning, spectral physics, global positioning systems, spatial statistics, geographic 

information systems, and forest mensuration. Forests are varied and complex ecosystems. 

The ability to measure and/or estimate characteristics related to forests faces a variety of 

limitations. The key limitations present in this research are presented in this sub-section 

accompanied with recommendations on how improvements may be made. The primary 

limitations of the research undertaken in this thesis are, number of plots, image spatial 

resolution, and other potential sources of error. 

10.5.1. Number of Plots 

The number of plots available for analysis in this study is a key limitation. The available 

six plots may be considered not sufficient for full statistical validation of the relationships 

found. Recommendations for future research efforts are an increased number of plots for 

ground validation. To enable a greater number of plots, field sampling techniques utilized 

may be improved upon. The mensuration of plots for inventory parameters is a time 

consuming process due to the intensity and rigour of the sampling. The measurement of LAI 

201 



for this study required the generation of new allometric relationships between leaf area and 

sapwood cross sectional area at breast height. In a subsequent study these new locally 

appropriate equations could be used without the need for the expensive and time consuming 

development. Also, optical approaches to the estimation of LAI have improved allowing for 

an alternate LAI sampling technique. 

10.S.2. Image Spatial Resolution 

The image spatial resolution available for the analysis undertaken in this study was l x 

l m. As has been presented through the discussion, the infonnation content that is available is 

a function of the relationship between image spatial resolution and the size and distribution of 

the tree crowns. The pixel based representation of tree crowns is also limited by the irregular 

shape of the tree crowns and the differing tree heights. In this study, the l m spatial resolution 

pixels were found to be both spectrally mixed and pure. The cluster based approach 

undertaken in this study was intended to account for the spectral situation of both mixed and 

pure pixels. A clustering based approach is an attempt to extract the most infonnation 

possible from the Im spatial resolution data, found at the threshold between H- and L-­

resolution. The difficulty to delineate individual trees in this study location with l m spatial 

resolution data indicates some possible limitations for 1 m spatial resolution satellites. 

Further, forest structure generated from tree clusters is likely unable to account for the 

variability occurring within tree crowns. Higher spatial resolution imagery may allow for 

forest structure to be derived from the clustering found within an individual tree crown. 

10.5.3. Potential Sources of Error 

In a large and integrated project the sources of error are plentiful. The strategy employed 

in this thesis to avoid aggregation of error is to minimize the error at each stage of analysis. 

In the previous discussion section, the time and monetary expenses associated with the 
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collection of field validation data was discussed. A particularly expensive process is the 

generation of allometric equations between sapwood cross-sectional area and leaf area. For 

this study we developed new allometric equations for the most common species in the study 

area. For species which occurred less often we relied upon allometric equations found in the 

peer reviewed literature. While the estimates of LAI made from these equations are good, the 

intensity of the field data collection to derive sapwood cross-sectional areas limited the extent 

of the field data campaign. In some instances the bivariate regressions between the intensive 

and summary field data sample may have produced sub-optimal LAI results for a particular 

tree within a plot. The difficulty and expense associated with the application and 

development of allometric equations spawned the development of optical methods for the 

estimation of LAI (Section 3.3.1.2). 

The matching of clusters to the field plots is also a problematic area (Section 7.4). The 

variability of tree heights and the complex dominance regimes result in overlap of foliage as 

well as shadowing of trees. Mixed pixels add to this problem through the obscuring of the 

edges between where a tree begins and ends. Further, the construction of a digital plot map 

accentuates the problems with relating the field and image data. Analog approaches pennit 

analysis with more flexibility in the comparison of the field and image data. The spatial 

relationships between pixels processed with an algorithm that generates G;* values for each 

pixel provides an indication of the distribution of vegetation in an area. A prediction of forest 

objects is made from the G;* values and is tested for agreement with ground collected data 

representing the canopy. Problems are found in the matching of the continuous ground data to 

the discrete objects. The compiling of errors which occurs when converting continuous 

ground measurements to a discrete pixel based mask hampers the ability for comparison. The 

physical characteristics which govern the spectral reflectance of a stand result in a differing 

203 



vision of the stand than is expected from ground data. The remotely sensed mosaic of shadow 

and reflectance is difficult to compare to the ground data. High spatial resolution data may 

aid in improving the ability to match the field data precisely to the image data. A vector 

based approach to the development of a ground validation tree map may also reduce the errors 

introduced by gridding the tree data. An understanding of the clusters not as tree objects, but 

as radiometric objects may also improve the interpretation. Understanding of the clusters as 

radiometric objects, subject to view angle effects as a function of the forest structure and 

imaging geometry, may allow for interpretation of the clusters as relating the structure over 

plots and stands, and not necessarily of individual trees. View angle effects may have also 

contributed to introduction of error in the data. In designing the study an attempt was made to 

have the plots well centred in the flight line. Flight path navigation errors may have caused 

plots to be less than perfectly centred. For future satellite borne instruments, view angle 

effects should be kept to a minimum through the high orbit altitudes (:=::500 km depending on 

the sensor) resulting in small angular differences. 

The plots selected for measurement in this study had a limited range of values. The 

conditions present in the study forest region are indicative of the common forest types present 

yet not of a sufficient range conducive to extensive modeling. When selecting plots, the final 

conditions are estimated, but not exactly known until measurement is complete. As there is a 

short window of opportunity for measurement of the field validation sites, in concert with the 

airborne data acquisition, the resultant sample may not be exactly as desired. Long tenn 

analysis of sites within a single region would allow for an increased knowledge based from 

which to select plots. Plots which meet desired conditions may be re-measured on subsequent 

imaging campaigns, while plots found as undesirable may be dropped in favour of a more 

representative sample. 
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10.6. Potential Modifications to G;* 

As stated earlier in this thesis, the application of local spatial statistics to remotely 

sensed data is a nascent approach. Accordingly, there are still many questions remaining to 

the utility of local spatial statistics in the processing of remotely sensed data. The 

implementation of G/ in this thesis is not an exclusive fonn. Changes may be made to the 

manner in which G/ is computed and implemented. Following is a variety of modifications 

that may be made to alter the information content offered through the computation of the local 

spatial statistic of G/. Examples of potential modifications to the computation of G/ are 

alterations such as, allowing for distances of greater than four, customization of the weights 

matrix, non-square windows, image sub-setting, and implementation in concert with 

semivariance. Further research would also be appropriate to compare G/ to another measure 

of local spatial association, such as Moran's/. Investigation of G/ with through a range of 

image spatial resolutions and on a variety of surface cover types is also of interest. 

Allowing for distances larger than 4, which in the current context is a 9x9 window, 

would allow for discrimination of larger regions of association. Larger regions of association 

may indicate the presence of different spatial processes. Non-square windows may also allow 

for the integrity of the pixel of interest to be better maintained. Any assumptions that dictate 

an altered window shape will alter the spatial associations indicated and may create a bias. 

Further, customization of the weights matrix is also a possibility. Currently the weights 

matrix is binary, which allows a pixel either to be included in computation or not. The 

weights in the diagonals may be altered to better represent the physical ground distances that 

are being incorporated. The weights matrix may also be altered to either accentuate or 

diminish the effect of pixels at a particular location in reference to the central pixel of interest. 

As the computation of Gi • is based upon global measures of variability, an image pre-
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segmentation may be undertaken to dictate regions of homogeneity to be considered as the 

popu1ation for the generation of the global statistics to enable a maximization of the values. 

The notion of an image pre-segmentation indicates the potential to compute G/ in concert 

with semivariance. The approach of St-Onge and Cavayas (1995), utilizing directional 

semivariance, illustrates a structurally sensitive image segmentation procedure. Computation 

of G/ within the segmented regions would allow for the range of standardized G/ values to be 

related to similar structural characteristics. An additional exercise that would provide insights 

into the values generated by G/ would be a comparison to a Jocal measure of spatial 

dependence such as Moran's/. The link between local Moran's/ values measured at the first 

lag and global Moran's/ could through comparison to G/ enable an investigation of local 

spatial statistics within different levels of non-stationarity. 
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11. CONCLUSIONS 

Chapter Objective: Synthesize the results of the combination of spectral and 
spatial information extraction techniques on forests of complex 
multi-species structure and relate these findings back to the 
primary thesis objective 

Globally, forests are the most widely distributed ecosystem which, as a result, affect 

the lives of most humans daily, either as an economic good or an environmental regulator. 

Approximately 40% of Earth is forested, of which I 0% is in Canada, accounting for 51 % of 

the Canadian landscape. The diversity of the interests upon which the presence or absence of 

forests has an effect indicates the need for responsible stewardship of forests. The number of 

high spatial resolution optical remote sensing satellites that are soon to be launched will 

increase the availability of imagery for the monitoring of forest structure. This technological 

advancement is timely as current forest management practices have been altered to reflect the 

need for sustainable ecosystem level management. The findings presented in this thesis, 

based upon an analysis of Im spatial resolution-data, provide a variety of insights to the type 

of data that will be collected with the forthcoming high spatial resolution satellites. 

In the initial thesis chapters we provide a summary of the methods by which remote 

sensing may be applied in forestry while also indicating the various limitations that are faced. 

The application of spatial statistics to high spatial resolution imagery is explored as a means 

of increasing the infonnation which may be extracted from digital images. The Getis statistic 

is presented as a means to extract infonnation which relates the strength of pixel inter­

dependence and the magnitude of the values which are present. The Getis statistic also 

enabled the extraction of the spatial distribution of spectral values within image space. The 

spatial dependence infonnation is then applied as a means to generate clusters representing 

groups of similar vegetation. The image structure at the high spatial resolution of Im is 
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capturing.~ representation of the actual forest structure which enables the estimation of forest 

inventory and biophysical parameters. 

The low accuracy level with which forest structural parameters have often been 

estimated in the past is partly due to low image spatial resolution, such as for the 30m 

Landsat. A large pixel is often composed of a number of surface features, resulting in a , 

spectral value which is due to the reflectance characteristics of all surf ace features within that 

pixel. In the case of small pixels, a portion of a surface feature may be represented by a single 

pixel. When a single pixel represents a portion of a surface object, the potential to isolate 

distinct surface features exists. At the 1 m spatial resolution analyzed in this thesis, the image 

objects of interest are of a variety of sizes. The variability in size of the image objects, in this 

case the trees, is important as few of the trees are large enough to enable digital reconstruction 

with a number of pixels. As a result, techniques suitable for either high or low spatial 

resolution data are not universally applicable. Spatial statistics, such as the Getis statistic, 

allow for an image processing means to isolate distinct surface features, such as the generation 

of distinct image objects into clusters, representing individual or groups of trees. 

Tree clusters are a means to deal with the inevitable foliage overlap which occurs 

within complex mixed and deciduous forest stands. The generation of image objects, clusters, 

is necessary to deal with the presence of spectrally mixed pixels. The ability to estimate forest 

inventory and biophysical parameters from image clusters generated from spatially dependent 

image features is tested in this thesis. The inventory parameter of crown closure is 

successfully estimated from image dusters, yet the grouping of trees into clusters causes 

mixed results when estimating stem counts. The assignment of a cover class of each cluster is 

also undertaken. The knowledge of cluster cover class has enabled the estimation of leaf area 

index. Further, spatial infonnation alone may be used to estimate LAI with knowledge of the 

regional maximum LAI. The ability to use image spatial infonnation to assist in the 

selection of pixels appropriate for the extraction of spectral infonnation improved the 

reliability of the empirical models through the input of consistently derived data. 
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Based upon the primary thesis objective to, 

Investigate alternate methods for the estimation of forest inventory and 
biophysical parameters based upon spatial information extraction through 
digital image processing of high spatial resolution multispectral imagery 

the following material is presented to summarize the thesis contents, results, and 

accomplishments. An initial presentation of the importance of forests globally and in Canada 

illustrated the vast coverage and the importance of forests in the regulation of the atmosphere 

and climate to provide context for the thesis. Analysis of forest structure, either in the context 

of forest inventory or biophysical parameters, is a means for the characterization of forests to 

allow for monitoring. 

Techniques for the measurement of forest structure may be undertaken at the field 

level or from remotely sensed imagery. Measurement techniques from remotely sensed data 

are often based upon either image spectral or spatial data. In this thesis we presented the use 

of spatial infonnation, as measured with the Getis statistic, as a means to extract forest 

structural infonnation. In consideration of the limitations present in this study, the Getis 

statistic results provided an illustration of the spatial distribution of spectral values in image 

space. The spatial dependence information generated from the image spectral values enabled 

the generation of vegetation clusters. The spatial dependence information generated with the 

Getis statistics appears complementary to spatial techniques which have been previously 

applied to remotely sensed imagery, such as semivariance. The spatial dependence clusters are 

a representation of the forest structure as a function of the spatial resolution of the imagery. 

The clusters generated from the spatial dependence clusters are also suitable for labeling with 

a forest cover-type. In general, the matching between the trees present in the image generated 

clusters and the field collected data was good. Based upon both the spatial and spectral data 
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available, at an image spatial resolution of 1 m, information is present to enable the generation 

and classification of image based clusters. 

In this thesis, in the context of the issues presented in the discussion chapter, we also 

estimated the forest inventory parameters of crown closure and stand density. The areal 

extent of the spatial dependence generated clusters allowed for estimates of crown closure to 

within ± 10% of field based closure measures. The same level of success was not found in the 

estimation of stand density, due to the stratified multilevel forest present in the study area. 

Yet, the relationship between the field collected crown class data and the image generated 

cluster data indicate complementary information content. Knowledge of the stand crown class 

regime provided a variety of insights to the clusters that are generated from the field data. 

Based upon the complex stand structure, and due to the presence of deciduous and coniferous 

trees, individual stem counting at a 1 m spatial resolution is problematic. 

As a representation of forest biophysical structural in this thesis we estimated leaf area 

index (LAI). Through the application of two new methods we are able to estimate LAI to 

within ±1.4, for a range of field measured LAI from ~3.28 to 6.88. The estimation of LAI is 

undertaken from a combination of spectral and spatial data, as follows: 

I. extraction of spectral information, in the form of the vegetation index NOVI, from 

within spectrally classified G;* clusters as an input to a species specific LAI 

estimation equation. 

2. combination of crown closure information re)ating the areal extent of Jocal 

vegetation extent with maximum regional LAI. This is the most parsimonious 

technique~ which aJso shows potential for estimation of LAI with high spatial 

resolution satellite sensors. 

This research focused upon which forest inventory and biophysical parameters may be 

extracted from 1 m spatial resolution imagery of deciduous and mixed forests. The complexity 
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of the digital image data collected with remote sensing instruments, as a result of the 

landscape cover and spatial resolution, requires the availability of a number of methods to 

approach a problem. Analysis of the potential of G;* spatial dependence information has 

served to identify an additional method for the estimation of forest inventory and biophysical 

parameters based upon spatial infonnation extraction through digital image processing of high 

spatial resolution multispectral imagery. The results presented in this thesis indicate a 

valuable infonnation source available from the analysis of the spatial information inherent to 

remotely sensed data. Spatial and spectral characteristics extracted from digital remotely 

sensed imagery are a rich and complementary infonnation source, resulting in many 

opportunities for both pure research and applications development. 
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12. FUTURE RESEARCH 

Chapter Objective: proposition of a future research agenda based upon the results 
generated and discussed in this thesis. 

The future composition of forests that may result due to the effects of climate 

variability can currently only be hypothesized upon. The ability to monitor changes in forest 

structure will provide the ability to assess forests from a measurement baseline and monitor 

changes against this baseline. The techniques made possible through the collection of 

remotely sensed data and image processing improve the ability to evaluate changes in forest 

structure. The incorporation of techniques and methods from forest science and inventory 

with H-resolution imagery is providing for unique approaches to unsolved problems. The 

spatial distribution of Canadian forests in terms of species and related structure is complex at 

the local scale. Improvements at the local scale translate to an increased accuracy of data 

scaled to represent a region. Due to the economic and scientific importance of Canadian 

forests, any effort to improve upon the ability to characterize forests is worthwhile. 

Based upon continuation of the primary thesis objective, to develop improved methods 

for assessing forest inventory and biophysical parameters with remotely sensed data, the 

following research potential is evident: 

• further investigation, with improved field data, will attempt to address the ability to 

partition forest layers of overstory and understory with a spatial dependence clustering 

technique 

• data collection above a forest which has had the understory removed to enable 

calibration of understory contribution to forest spectral response 

• crown delineation of deciduous and mixed stands on H-resolution imagery utilizing 

spatial infonnation 
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• using fine resolution, aerial images as training for analyzing satellite imagery to 

estimate LAI 

• estimates of mean crown size may be used as an input to the inversion of geometrical 

optical models (Woodcock, et al., 1997) 

• spatial autocorrelation as ancillary data in both H- and L-resolution image classification 

• use of spatial dependence information to create fuzzy boundaries around L-resolution 

image objects 

• scale dependency of spatial autocorrelation assessed on multi-scale imagery of conifer, 

deciduous and mixed forests, with casi, SPOT, Landsat TM, and AVHRR. 

• assessing the impact of spatial resolution on LAI estimation using remote sensing data 

• the relationship between spatial resolution and forest structure properties affecting LAI 

estimation 

• application of landscape ecology techniques to high spatial resolution image objects 

• invert the approach of this study, which clustered high pixel values, and generate 

clusters to estimate the extent and spectral characteristics of stand shadow fractions. 

The utility of image based spatial infonnation is not limited to high spatial resolution 

imagery. The discretization of a continuous surface into a grid of regularly sized and shaped 

pixels will result in spatial dependence between neighbouring pixels regardless of the scale. 

As a result, spatial information such as the Getis statistic, may prove to be valuable as an 

information source at a variety of scales in a remote sensing context. 
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APPENDIX 

Appendix 1. Data Collection in Support of Airborne Remote 
Sensing 

The required needs of a particular mission will dictate the mode of operation to be utilized, the 

desired resolution, flight line azimuth and location, desired illumination conditions, and 

acceptable flight conditions (Wu]der, et al., 1996d). Once the mission parameters have been 

decided upon, data collection may begin. A typical mission is divided into pre-, during-, and 

post-flight portions to enable a summary of necessary mission components to be presented. 

Table 2.10 presents an outline of what to be aware of when contracting out an airborne 

multispectral scanner. The level of table detail would be greater if all the instrument operator 

concerns were also displayed. 
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Table Al.l. General issues to address for successful image acquisition (from 
Wulder, et al., 1996d) 

Pre-flight 
Location of flight line(s) 
• azimuth 
• length 

Survey GCPs and/or Markers 

Resolution 
• elevation (across track pixel size) 
• aircraft velocity (along track pixel size) 

Spatial mode: 
• selection of bands and bandwidths 

Spectral mode 
• number oflook directions 
• where to locate the looks 
• bandwidth of the scene recovery channel 

Enhanced spectral mode 
• spectral resolution (eg, 1.9nm, 3.8nm ... l 1.4nm+) 
• spatial coverage (eg, 101 adjacent looks, 203 ... 51 I) 

During flight 
Co11ection of atmospheric data 
• collection of pseudo invariant features (PIFs) 
• operation/monitoring of the Incident Light Sensor mounted on aircraft 
• weather conditions (eg, calm, clear, solar position ... ) 

Dark data acquisition for improved radiometric quality (automatic with the motorized aperture 
lens) 

Optimize Signal Levels 
• 25 to 75% of full scale 

Geometric positioning data 
• GPS base station data collection, for possible differential correction 

Post flight 
Image Quality Assurance 

Radiometric Corrections 
• conversion to spectral radiance units (SRU) 

Spectral reflectance detennination 
• processing of Incident Light Sensor (JLS) data 
• incorporation of PIFs 

Geometric Corrections and Bundle Adjustments 
• differential correction of the airborne GPS data with the base station data 
• GPS, aircraft attitude measurements and casi imagery time synchronization 
• terrain height corrections using a digital elevation model 
• remove sensor alignment offsets 
• creation of a geocoded/orthorectified grid 
• image resampling 
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Appendix 2. Within Cluster Spectral Values for Each Study Site (All 
Plots) 

Table A2.1. Cluster ID, mean spectral values for each channel, and 
assigned class for sample plot DSS 

Cluster CASil CASI2 CASl3 CASI4 CASIS Class 

0 14.5 4.5 3.1 19.9 40.8 us 
3427 22.5 7.3 5.3 33.0 60.3 HW 
3444 21.1 7.0 5.3 33.7 65.6 HW 
3495 22.8 6.9 4.9 33.9 62.4 HW 
3497 26.0 8.7 6.0 40.3 68.0 MW 
3523 17.0 4.5 3.0 25.0 53.5 HW 
3534 19.8 6.5 4.8 31.5 62.0 HW 
3563 22.8 6.9 4.8 34.2 63.5 HW 
3579 25.3 12.2 10.2 33.6 52.9 HW 

3622 26.] 8.7 6.1 37.2 60.0 MW 
3623 21.0 6.7 4.7 33.2 67.4 HW 

3646 23.4 7.7 5.7 34.l 63.6 HW 
3700 23.0 7.1 5.2 35.8 68.2 HW 
3714 22.3 7.0 5.1 34.9 63.6 HW 

Table A2.2. Cluster ID, mean spectral values for each channel, and 
assigned class for sample plot 0S6 

Cluster CASI1 CASI2 CASI3 CAS14 CASIS Class 

0 16.1 5.7 4.4 21.9 40.1 us 
3056 28.2 9.3 6.8 40.4 67.6 HW 
3068 23.0 7.6 5.8 34.2 66.7 HW 
3071 24.1 7.7 5.7 34.8 63.8 HW 
3099 21.6 7.0 5.3 31.8 60.7 MW 
3125 19.l 7.4 5.8 30.9 56.4 MW 
3176 26.7 8.6 6.1 38.9 65.1 HW 
3242 18.8 6.1 4.4 28.8 51.9 MW 
3263 22.9 8.2 6.1 35.4 60.9 MW 
3296 24.5 8.1 6.0 37.4 63.7 HW 
3320 27.8 8.2 6.0 41.6 70.0 HW 
3321 25.4 7.8 5.5 37.5 65.4 HW 
3338 21.5 5.8 4.0 25.8 50.5 MW 
3339 24.3 7.3 5.1 33.1 55.9 MW 
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Table A2.3. Cluster ID, mean spectral values for each channel, and 
assigned class for sample plot 0S7 

Cluster CASll CASl2 CASl3 CASI4 CASIS Class 

0 21.1 7.2 5.2 27.0 44.2 us 
3332 21.3 8.0 6.0 33.7 56.0 MW 
3352 33.3 11.1 7.5 46.4 71.4 HW 
3390 31.l 10.1 6.7 42.9 64.5 HW 
3427 26.4 8.0 5.2 31.8 46.5 MW 
3442 33.6 11.0 7.2 50.6 75.1 HW 
3459 35.4 11.3 7.5 50.5 72.3 HW 
3460 28.4 9.4 6.7 40.3 67.3 MW 
3560 30.3 10.1 6.8 44.6 68.1 MW 
3586 30.7 11.7 8.7 42.1 63.7 HW 

Table A2.4. Cluster ID, mean spectral values for each channel, and 
assigned class for sample plot DS8 

Cluster CASII CASI2 CASl3 CASI4 CASIS Class 

0 17.3 6.1 4.6 24.3 44.7 us 
2929 29.8 9.2 6.2 40.4 65.2 HW 
2960 43.6 16.4 10.0 61.1 70.6 HW 
2973 23.4 8.2 6.2 36.4 63.6 HW 
2974 28.1 9.1 6.5 41.4 65.5 HW 
2991 30.8 10.6 7.0 40.9 60.1 HW 
3005 24.2 8.3 6.0 38.4 64.1 HW 
3040 27.8 9.2 6.4 39.4 61.0 HW 
3041 18.5 7.0 5.5 26.4 50.9 MW 
3058 23.5 8.4 6.1 35.5 60.3 HW 
3069 23.4 7.8 5.9 36.6 63.I MW 
3086 17.7 6.7 5.6 28.9 54.7 HW 
3114 24.0 7.0 5.3 36.7 63.7 HW 
3115 26.6 8.8 6.2 38.5 61.3 HW 
3117 18.4 6.9 5.5 29.9 57.4 MW 
3158 19.5 7.5 5.7 30.1 55.8 MW 
3161 17.5 6.2 5.0 25.3 51.1 MW 
3175 21.8 8.2 6.2 34.8 59.0 MW 
3192 18. l 6.7 5.1 26.0 48.9 MW 
3213 21.5 7.7 5.8 33.2 60.8 MW 
3237 16.3 5.2 3.8 21.7 47.0 MW 
3260 22.2 8.2 6.0 33.9 60.4 MW 
3261 19.4 7.1 5.4 29.5 61.1 MW 
3307 )9.9 7.J 5.5 32.0 61.0 MW 
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Table A2.5. Cluster ID, mean spectral values for each channel, and 
assigned class for sample plot DS9 

Cluster CASI I CASI2 CASI3 CASI4 CASIS Class 

0 IS.IO 5.60 4.20 19.90 35.70 us 
4021 28.60 9.80 6.80 39.80 59.90 HW 
4022 26.00 10.70 8.30 36.30 54.60 HW 
4067 20.90 7.80 5.60 31.70 53.90 HW 
4089 17.10 5.10 3.90 21.00 41.40 MW 
4097 28.30 10.20 7.00 39.90 59.60 HW 
4111 25.30 8.30 5.90 34.30 55.00 HW 
4113 28.00 10.00 7.00 37.00 60.00 HW 
4153 22.80 8.80 6.40 35.40 55.60 HW 
4167 25.50 9.00 6.40 36.50 59.80 HW 
4183 21.60 8.50 6.70 31.00 57.60 HW 
4184 17.00 6.00 5.00 25.00 49.00 MW 
4186 24.70 8.30 5.90 37.00 60.50 HW 
4206 19.50 6.30 4.60 25.30 43.90 MW 
4215 25.60 8.90 6.30 35.60 59.10 HW 
4266 21.80 7.20 5.10 31.60 53.10 HW 
4275 25.60 8.60 6.10 35.60 55.30 HW 
4309 17.30 6.80 4.50 24.00 41.80 MW 

Table A2.6. Cluster ID, mean spectral values for each channel, and 
assigned class for sample plot DSIO 

Cluster CASil CASI2 CASI3 CASI4 CASIS Class 

0 21.6 7.6 5.6 29.1 47.9 us 
1706 26.6 11.4 8.6 36.8 62.6 HW 
1718 28.3 8.8 6.2 40.9 67.8 HW 
1734 31.2 11.7 8.1 44.5 60.7 HW 
1782 26.1 7.8 5.4 34.0 54.4 MW 
1789 28.5 9.5 6.5 41.5 60.5 HW • 
1798 29.8 10.0 6.8 43.4 63.9 HW 
1836 33.6 10.6 7.2 48.6 71.6 HW 
1854 28.2 10.0 7.0 41.5 61.6 HW 
1925 33.5 I 1.3 7.2 46.2 58.3 HW 
1937 31.2 10.4 6.9 41.6 58.7 HW 
1958 29.8 9.8 6.6 43.0 63.4 HW 
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Appendix 3. LAI from NOVI and Clusters, Plots DS6 to 0S10 

Table A3.1. Computation of leaf area for sample plot DS6, from cluster mean 
NOVI and cluster spatial extent (total number of pixels = 380) 

Cluster Cluster Class Pixels/Cluster LA Pixels per cluster/ LA/Cluster Plot LAI 
NDVI Total 

0 0.75 us 143 0.38 0 
3056 0.76 HW 22 7.6) 0.06 0.44 
3068 0.79 HW 13 7.72 0.03 0.26 
3071 0.78 HW 28 7.69 0.07 0.56 
3099 0.79 MW 50 7.90 0.13 l.04 
3125 0.77 MW 9 7.84 0.02 0.19 
3176 0.77 HW 51 7.63 0.13 1.02 
3242 0.79 MW 8 7.88 0.02 0.17 
3263 0.76 MW 8 7.82 0.02 0.16 
3296 0.77 HW 15 7.66 0.04 0.30 
3320 0.79 HW 5 7.71 0.01 0.10 
3321 0.79 HW 18 7.70 0.05 0.36 
3338 0.80 MW 4 7.9) 0.01 0.08 
3339 0.77 MW 7 7.84 0.02 0.14 4.8 

Table A3.2. Computation of leaf area for sample plot OS7, from cluster mean NOVI 
and cluster spatial extent (total number of pixels = 400) 

Cluster Cluster NOVI Class Pixels/Cluster LA Pixels per cluster/ LA/Cluster Plot LAI 
Total 

0 0.72 us 182 0.45 0 
3332 0.75 MW 3 7.79 0.01 0.06 
3352 0.73 HW 29 7.52 0.07 0.54 
3390 0.73 HW 15 7.53 0.04 0.28 
3427 0.71 MW 13 7.69 0.03 0.25 
3442 0.74 HW 16 7.57 0.04 0.30 
3459 0.73 HW 31 7.52 0.08 0.58 
3460 0.75 MW 69 7.80 0.17 1.34 
3560 0.74 MW 31 7.78 0.08 0.60 
3586 0.69 HW 12 7.41 0.03 0.22 4.2 
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Table A3.3. Computation of leaf area for sample plot DS8, from cluster mean NOVI 
and cluster spatial extent (total number of pixels = 420) 

Cluster Cluster NOVI Class Pixels/Cluster LA Pixels per cluster/ LA/Cluster Plot LAI 
Total 

0 0.76 us 170 0.38 0 
2929 0.75 HW 5 7.59 O.oJ 0.09 
2960 0.62 HW 7 7.20 0.02 0.) 1 

2973 0.77 HW 10 7.65 0.02 0.17 
2974 0.76 HW 32 7.61 0.07 0.55 
2991 0.71 HW 28 7.46 0.06 0.47 
3005 0.77 HW 9 7.64 0.02 0.)6 

3040 0.74 HW 5 7.55 0.01 0.09 
3041 0.76 MW 8 7.82 0.02 0.14 
3058 0.76 HW 23 7.61 0.05 0.40 
3069 0.78 MW 14 7.87 0.03 0.25 
3086 0.78 HW 7 7.68 0.02 0.12 
3114 0.80 HW 3 7.74 0.01 0.05 
3115 0.75 HW 26 7.59 0.06 0.45 
3117 0.79 MW 8 7.89 0.02 0.14 
3158 0.77 MW 13 7.83 0.03 0.23 
3161 0.79 MW 8 7.88 0.02 0.14 
3175 0.76 MW 4 7.81 0.01 0.07 
3192 0.76 MW 7 7.81 0.02 0.12 
3213 0.78 MW 12 7.86 0.03 0.21 
3237 0.80 MW 6 - 7.93 O.Dl 0.11 
3260 0.76 MW 17 7.82 0.04 0.30 
3261 0.79 MW JO 7.90 0.02 0.18 
3307 0.79 MW 10 7.89 0.02 0.18 4.7 
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Table A3.4. Computation of leaf area for sample plot DS9, from cluster mean NOVI 
and cluster spatial extent (total number of pixels = 420) 

Cluster Cluster NOVI Class Pixels/Cluster LA Pixels per cluster/ LA/Cluster Plot LAI 
Total 

0 0.73 us 189 0.43 0 
4021 0.72 HW 34 7.49 0.08 0.58 
4022 0.68 HW 7 7.38 0.02 0.12 
4067 0.75 HW 14 7.58 0.03 0.24 
4089 0.78 MW 7 7.87 0.02 0.12 
4097 0.71 HW IO 7.46 0.02 0.17 
4111 0.74 HW 23 7.56 0.05 0.39 
4113 0.71 HW 1 7.48 0.00 0.02 
4153 0.73 HW 5 7.53 0.01 0.09 
4167 0.74 HW 10 7.56 0.02 0.17 
4183 0.75 HW 18 7.57 0.04 0.31 
4184 0.78 MW 7.87 0.00 0.02 
4186 0.76 HW 34 7.62 0.08 0.59 
4206 0.75 MW 15 7.79 0.03 0.26 
4215 0.74 HW 25 7.55 0.06 0.43 
4266 0.76 HW 17 7.62 0.04 0.29 
4275 0.73 HW 28 7.53 0.06 0.48 
4309 0.72 MW 4 7.72 O,OJ 0.07 4.3 

Table A3.5. Computation of leaf area for sample plot DSlO, from cluster mean NDVI 
and cluster spatial extent (total number of pixels = 420) 

Cluster Cluster NDVI Class Pixels/Cluster LA Pixe)s per cluster/ LA/Cluster Plot LAI 
Total 

0 0.73 us 270 0.61 0 
1706 0.69 HW 14 7.41 0.03 0.23 
1718 0.77 HW 43 7.64 0.10 0.74 
1734 0.67 HW 11 7.36 0.02 0.18 
1782 0.75 MW 16 7.80 0.04 0.28 
1789 0.73 HW 2 7.52 0.00 0.03 
1798 0.73 HW 14 7.53 0.03 0.24 
1836 0.74 HW 14 7.56 0.03 0.24 
1854 0.72 HW 13 7.50 0.03 0.22 
1925 0.68 HW 19 7.37 0.04 0.32 
1937 0.70 HW 14 7.43 0.03 0.24 
1958 0.74 HW 12 7.54 0.03 0.20 2.9 
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Appendix 4. LAI from Standardized LA and Clusters, Plots DS6 to 
DS10 

Table A4.1. Computation of leaf area for sample plot DS6, from cluster mean 
NDVI and cluster spatial extent (total number of pixels= 380) 

Cluster Cluster Class Pixels/Cluster LA Pixels per cluster/ LA/Cluster Plot LAI 
NOVI Total 

0 0.75 us 143 0.38 0 
3056 0.76 HW 22 7.75 0.06 0.45 
3068 0.79 HW 13 7.75 0,03 0.26 

3071 0.78 HW 28 7.75 0.07 0.57 

3099 0.79 MW 50 7.75 0.13 1.02 
3125 0.77 MW 9 7.75 0.02 0.18 
3176 0.77 HW 51 7.75 0.13 1.04 
3242 0.79 MW 8 7.75 0.02 0.16 
3263 0.76 MW 8 7.75 0.02 0.16 
3296 0.77 HW 15 7.75 0.04 0.31 
3320 0.79 HW 5 7.75 0.01 0.10 
3321 0.79 HW 18 7.75 0.05 0.37 
3338 0.80 MW 4 7.75 0.01 0.08 
3339 0.77 MW 7 7.75 0.02 0.14 4.8 

Table A4.2. Computation of leaf area for sample plot DS7, from a standardized leaf 
area and cluster spatial extent (total number of pixels = 400) 

Cluster Cluster NOVI Class Pixels/Cluster LA Pixels per cluster/ LA/Cluster Plot LAI 
Total 

0 0.72 us 182 0.45 0 
3332 0.75 MW 3 7.75 0.01 0.06 
3352 0.73 HW 29 7.75 0.07 0.56 
3390 0.73 HW 15 7.75 0.04 0.29 
3427 0.71 MW 13 7.75 0.03 0.25 
3442 0.74 HW 16 7.75 0.04 0.31 
3459 0.73 HW 31 7.75 0.08 0.60 
3460 0.75 MW 69 7.75 0.17 1.33 
3560 0.74 MW 31 7.75 0.08 0.60 
3586 0.69 HW 12 7.75 0.03 0.23 4.2 
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Table A4.3. Computation of leaf area for sample plot DS8, from a standardized leaf 
area and cluster spatial extent (total number of pixels = 420) 

Cluster Cluster NDVI Class Pixels/Cluster LA Pixels per cluster/ LA/Cluster Plot LAI 
Total 

0 0.76 us 170 0.38 0 
2929 0.75 HW 5 7.75 0.01 0.09 
2960 0.62 HW 7 7.75 0.02 0.12 
2973 0.77 HW IO 7.75 0.02 0.18 
2974 0.76 HW 32 7.75 0.07 0.56 
2991 0.71 HW 28 7.75 0.06 0.49 
3005 0.77 HW 9 7.75 0.02 0.16 
3040 0.74 HW 5 7.75 O.DI 0.09 
3041 0.76 MW 8 7.75 0.02 0.14 
3058 0.76 HW 23 7.75 0.05 0.40 
3069 0.78 MW 14 7.75 0.03 0.25 
3086 0.78 HW 7 7.75 0.02 0.12 
3114 0.80 HW 3 7.75 0.01 0.05 
3115 0.75 HW 26 7.75 0.06 0.46 
3117 0.79 MW 8 7.75 0.02 0.14 
3158 0.77 MW 13 7.75 0.03 0.23 
3161 0.79 MW 8 7.75 0.02 0.14 
3175 0.76 MW 4 7.75 O.QI 0.07 
3192 0.76 MW 7 7.75 0.02 0.12 
3213 0.78 MW 12 7.75 0.03 0.21 
3237 0.80 MW 6 7.75 0.01 0.1 I 
3260 0.76 MW 17 7.75 0.04 0.30 
3261 0.79 MW 10 7.75 0.02 0.18 
3307 0.79 MW 10 7.75 0.02 0.18 4.8 
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Table A4.4. Computation of leaf area for sample plot DS9, from a standardized leaf 
area and cluster spatial extent (total number of pixels = 420) 

Cluster Cluster NOVI Class Pixels/Cluster LA Pixels per cluster/ LA/Cluster Plot LAI 
Total 

0 0.73 us 189 0.43 0 
4021 0.72 HW 34 7.75 0.08 0.60 
4022 0.68 HW 7 7.75 0.02 0.12 
4067 0.75 HW 14 7.75 0.03 0.25 
4089 0.78 MW 7 7.75 0.02 0.12 
4097 0.71 HW 10 7.75 0.02 0.18 
4111 0.74 HW 23 7.75 0.05 0.40 
4113 0.71 HW ] 7.75 0.00 0.02 
4153 0.73 HW 5 7.75 0.01 0.09 
4167 0.74 HW IO 7.75 0.02 0.18 
4183 0.75 HW 18 7.75 0.04 0.32 
4184 0.78 MW 1 7.75 0.00 0.02 
4186 0.76 HW 34 7.75 0.08 0.60 
4206 0.75 MW 15 7.75 0.03 0.26 
4215 0.74 HW 25 7.75 0.06 0.44 
4266 0.76 HW 17 7.75 0.04 0.30 
4275 0.73 HW 28 7.75 0.06 0.49 
4309 0.72 MW 4 7.75 o.m 0.07 4.4 

Table A4.5. Computation of leaf area for sample plot 0S10, from a standardized leaf 
area and cluster spatial extent (total number of pixels = 420) 

Cluster Cluster NOVI Class Pixels/Cluster LA Pixels per cluster/ LA/Cluster Plot LAI 
Total 

0 0.73 us 270 0.61 0 
1706 0.69 HW 14 7.75 0.03 0.25 
1718 0.77 HW 43 7.75 0.10 0.75 
1734 0.67 HW I I 7.75 0.02 0.19 
1782 0.75 MW 16 7.75 0.04 0.28 
1789 0.73 HW 2 7.75 0.00 0.04 
1798 0.73 HW 14 7.75 0.03 0.25 
1836 0.74 HW 14 7.75 O.o3 0.25 
1854 0.72 HW 13 7.75 0.03 0.23 
1925 0.68 HW 19 7.75 0.04 0.33 
1937 0.70 HW 14 7.75 0.03 0.25 
1958 0.74 HW 12 7.75 0.03 0.21 3.0 
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