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overlap with the coniferous regeneration classes, particularly the medium age conifer class.
The two regeneration conifer classes appear to have greater overlap than the deciduous
regeneration classes. This may be attributed to the smaller degree of change in the canopy
as conifers grow compared to deciduous trees. As a result, the degree to which the
understorey is obscured over time will not vary as greatly as with growing deciduous trees.
Similar to the deciduous regeneration classes, the medium age conifer class appears to have

higher reflectance values than the new conifer class, although this pattem is less distinct.

Training Data - Classes 5,7,8,13
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Figure 6.4. Training data reflectance values for the fen, disturbed, burnt, and grassland

classes.

For the other classes (5, 7, 8, 13), shown in Figure 6.4, good separation is
apparent. Each of these classes (fen, disturbed, burnt, grass) are very different on the

ground and therefore they should have different spectral properties.
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The training data (or trajectories, as appropriate) were input to the M®P software
package and used to generate evidential vectors for the creation of the knowledge look-up
table. The test pixels were then classified based on this evidence and output to a disk file.
The M®P output was compared to the test pixel reference data using a classification
accuracy assessment program written by the author. That program provides tabular output
of classification accuracy based on overall and individual class percent accuracy as well as
individual class and overall kappa co-efficients of agreement. The kappa co-efficient
compensates for change agreement of pixels and therefore is a more rigorous assessment of
agreement between reference data and classification output. Despite this, percent accuracy
remains the more common statistic used, partly because of its simplicity and ease of
interpretation. Both measures of agreement are reported here. The program produces as
output a tabulated set of results for each classification from which a full analysis of
classification accuracy and error is possible for individual classes as well as the overall

result.
6.2.1.4 Classification Procedures

Spectral trajectories were generated for classes 1 - 4. Classes 5 - 8 and 13 were
not suitable for generating spectral trajectories from the reflectance model based on a
varying tree density parameter, since these classes do not have trees. No trajectories were
produced in this research for the 4 regeneration classes (classes 9 - 12). There were several
reasons for this. Firstly, these areas occupy a considerably smaller area compared to the
dominant mature classgs (1-4), and further, they contain smaller trees. Therefore, these
classes have a significantly smaller contribution to the overall amount of biomass at the

regional scale. This may explain why there is only one regeneration tower flux site in SSA,



204

which is the Young Jack Pine (YJP) site. The YJP site would fall into the medium age
regeneration conifer class, however, no other TF sites exist for the other 3 regeneration
classes used in this study. A full suite of end-member field spectra data were collected at
the YJP TF site during IFC-3, however these were not used in the present research.
Secondly, with four regeneration classes defined, additional field work would have been
required. Although not prohibitive, field sampling in these classes would be less straight
forward due to increased variability of the developing understorey for these transitional,
succession classes. This was the case for the measurements obtained at the YJP site.
Thirdly, tree dimension and form measurements were only available for the YJP site, but
not for the other three regeneration classes. Again, while not prohibitive, additional and in
this case different field measurements would be required. In the present research, the four
regeneration classes were classified using training data available from BOREAS, with the
generation of trajectories for these classes deemed to be beyond the scope of the present

work.

In this investigation, two sets of classifications were performed. This was done to
satisfy two objectives: (i) to compare the trajectory and training modes of classification, and
(ii) to assess the ability to classify the full set of land cover classes. For the first objective,
because spectral trajectories were produced only for classes 1 - 4, the first set of
classifications was limited to those 4 classes to allow a direct comparison of the training
and trajectory approaches. This approach excluded classes 5-13, for which only training
data were available. In each mode evaluated, the same set of test pixels was used to
determine classification accuracy, with the set of test pixels restricted to the 4 classes being

considered.
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The second set of tests involved all i3 classes. The training data were classified in
full training mode. The hybrid trajectory-training mode was used to include the 4 spectral
trajectories for classes 1 -4, with the training data for classes 5 - 13 used for the remaining
classes for which no trajectories exist. Here, the ability to include a full set of classes can
be assessed in terms of overall classification accuracy as well as the performance of the
spectral trajectories versus the training data for classes | - 4. However, the fact that the
same training data sets are used for classes 5 - 13 must be taken into account when
comparing overall and individual class accuracies obtained from each classification
method. The use of two separate sets of experiments allows all three modes of the M@&P

software to be tested (training, trajectory, and hybrid training-trajectory modes).

As the objective of the present research is to evaluate these methods for the
application of forest land cover classification and biophysical parameter estimation, only the
land based classes are of interest. Since water is spectrally distinct from land, it is typically
classified with very high accuracies. For this land based evaluation, the inclusion of a water
class would serve to inflate the overall accuracies above that which could be expected for
the land cover classes of interest in this research. Therefore, the water class was excluded
from the analysis. For a mapping application, however, a water class would be added. In
the next two sections, the full set of results generated for the trajectory class comparisons

and the full land cover class sets are presented.
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6.2.2 Comparison of Training and Trajectory Modes

Training data and spectral trajectories exist for classes 1 - 4. Table 6.2 contains the
results of the training mode classification of classes [-4, with the results from the full
trajectory mode classification of these same classes found in Table 6.3. As the goal of this
test is to compare the two methods for generating evidence in the M®P classifier, the
a priori weighting options available in the software were not used here. Assigning weights
to the input data would make a rigorous comparison more difficult since a given set of
weights could affect each set of inputs in a different way, even if identical weights were
used for each class. In the second experiment, when all classes are classified, the absolute
classification accuracy is of greater interest and therefore weights are applied in that

experiment.

TRAINING MODE: CLASSES 1-4

Classification
Label --> 1 2 3 4 Total % K
Class 88 10 0 0 98 89.80 0.8S5

Class 0 210 33 45 22.22 0.14

1:
Class 2: 23 45 21 0 89 50.56 0.41
3.
Class 4 0 0 2 120 122 98.36 0.97

Total: 111 57 33 153 354 74.29 0.64

Table 6.2. M®P training mode classification output for classes OBS, OJP, MIX and OA.
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Using the training data, an overall accuracy of 74% (K=.64) was obtained.
Individual class accuracies ranged from a low of 22% for the mixed class to 98% for OA.
The OBS class had an accuracy of 89%, with OJP at 50%. In terms of classification error
for OBS, the 10 errors of omission (that is, pixels that should have been classified as old
black spruce but instead were omitted from that class and included in a different class) all
occur in the OJP class. As discussed and illustrated earlier, the spectral training areas of
these classes had some overlap. Classification errors of omission for OJP are found in both
OBS and the mixed forest class, likely due to the increased proximity of OJP to the MIX
training data in spectral space as well as overlap with OBS. The MIX class contained many
errors of omission, and these occurred primarily in the OA class, with two site errors into
OJP, however, there were no errors of omission into the OBS class. As illustrated earlier,
the MIX class is located mid-way between the conifer and deciduous classes in training
data spectral space, but is further from OBS than the higher reflectance values for OJP. The
only errors of omission for OA were into the mixed class, for two sites. This is not
unexpected, since lower density occurrences of OA will fall closer to the cluster of mixed
forest training data. The overall accuracy of 74% is reasonable, however, the individual

class accuracies of 22% and 50% for OJP and MIX are not satisfactory.

6.2.2.2 Full Trajectory Mode Results

The trajectory mode results are shown in Table 6.3. Using the spectral trajectories
alone, an overall classification accuracy of 83% (K=0.77) was achieved. This was higher
than the overall accuracy from the training mode result. In terms of individual class
accuracies, three of the four classes showed improvement using the trajectory mode, with

substantial increases of over 30% noted for two of the four classes. The OBS was slightly
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higher (by 1%), class 2 (OJP) improved by 30% from 50% in training mode to 80% in
trajectory mode, and a 30% increase in accuracy was also found for the MIX class, from
22% in training mode to 53% in trajectory mode. Despite this increase in the MIX class, the
largest accuracy of 53% obtained by either method is still less than desired. The OA
accuracy of 90% in trajectory mode was less than the 98% achieved in training mode,

however both modes provided acceptable levels of accuracy for this class.

TRAJECTORY MODE: Classes 1-4

Classification

Label --> 1 2 3 4 Total % K

Class 1: 89 9 0 0 98 90.82 0.87
Class 2: 16 72 1 0 89 80.%0 0.74

Class 3: 0 9 24 12 45 53.33 0.48
Class 4: 0 0 11 111 122 90.98 0.86
Total: 105 90 36 123 354 83.62 0.77

Table 6.3. M@P trajectory mode classification output for classes OBS, OJP, MIX and OA.

The errors of omission found in trajectory mode were similar to those found with the
training mode, with the exception that they were less frequent. In general, for the two
conifer classes, errors of omission were restricted to only within those classes, with
omission errors in the MIX class found with OA and OJP. OA omission errors were
limited to the MIX class. These trends show that the nature of classification error did not
involve errors between deciduous and coniferous classes, with the exception of the MIX

class where such errors would not be unexpected.
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From this first set of results, it is concluded that the new trajectory mode of
evidential classification implemented in this research has been shown to provide good
overall and individual levels of classification accuracy, and that this method has provided
increased levels of accuracy in comparison to the more traditional training data method.
This is a positive first result, particularly since the trajectory method also provides
additional information on forest component fractions for biophysical parameter estimation

together with the land cover classification output.

6.2.3 Analysis of all BOREAS SSA Classes

In this section, the full set of 12 land cover classes for the BOREAS southern study
area are classified using the new M®P software developed here. Trajectories exist for
classes 1 - 4; to this is added training data for the remaining classes for which the full set of
classes is analysed both in full training mode, and also in hybrid trajectory-training mode.
In hybrid mode, the spectral trajectories from class 1 - 4 are used together with the training
sets for classes 5-13. In contrast to the previous section, where a rigorous comparison of
the training and trajectory methods was the main objective, the goal here is to determine the
highest overall classification accuracies possible for these classes using this new software.
Implicit to this objective is a comparison of the training and trajectory methods, however,
this is of secondary importance. Given the current emphasis, the a priori class weighting
options available in the M@P software package are used to attempt to increase individual
and overall class accuracies. As noted in §6.2.2.1, a given set of weights could affect

trajectory and training inputs in different ways, and so this is kept in mind when comparing
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methods. Further, the combined use of training data for classes 5-13 with the two methods
used to characterise classes 1-4 makes it more difficult to make direct comparisons of the
training and trajectory methods. With this understanding, the use of weights to improve
individual classification accuracies is presented as a valid strategy for assessing the
potential of each approach in terms of overall classification accuracies. In the next two
sections, results obtained from the M@P software run in full training mode and hybrid

trajectory-training mode are presented.

6.2.3.1 Training Mode Results

Having evaluated classes 1-4 separately in the previous section, the first
classification done in this section was to isolate and evaluate the new classes necessary to
produce the full classification. Accordingly, classes 5-13 were first processed separately to
gain a sense of the classification accuracies possible within this subset of classes. The
resuit of classifying these 8 classes is shown in Table 6.4. The overall accuracy for this set
of classes was 88% (K=0.86). Individual class accuracies in excess of 80% were obtained

for all classes except fen (64%) and the new regeneration conifer class (66%), with a
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TRAINING MODE: Classes 5-13 ONLY

Classification

Label --> 5 6 7 8 9 10 11 12 13 Total % K
Class S6: 16 0 0 2 0 7 0 0 0 25 864.00 0.61
Class 6: 0 0 O O 0 O O 0 O 0

Class 7: 18 0123 0 0 8 1 0 O 150 82.00 0.78
Class 8: 0 0 057 0 O O O O 57 100.00 1.00
Class 9: 9 0 0 6 44 0 7 0 0 66 66.67 0.64
Class 10: 6 0 O O 045 0O O 0O 51 88.24 0.87
Class 11: 3 0 3 0 1 1 126 0 0 134 194.03 0.92
Class 12: 0 0 O O O O O 119 1 120 99.17 0.99
Class 13: 0 0 O O O O O O35 35 100.00 1.00

Total: 52 0 126 65 45 61 134 119 36 638 88.56 0.86

Table 6.4. M@P training mode classification output for fen, disturbed, burnt, grassland,

and the four regeneration classes..

number of classes having accuracies above 90%. Classification omission error in the fen
class was primarily with the medium age regeneration conifer class. This may be due to
some similarities of the regeneration class understorey with the variable fen surface, which
can also include some occurrences of trees. Similarly, for class 9, the new regeneration
conifer class, the largest source of omission error was also with the fen class, with
omission error also noted for the new regeneration deciduous class. The latter error could
be due to similarities which may exist in the early development of forest understories in
lower density, young stands where the surface cover can be rather variable. In general, this
set of class accuracies is good, as would be expected given the diverse nature of classes

such as burnt, disturbed areas, and grassland. The regeneration classes were also classified
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well, with the exception of class 9. These results are consistent with observations of the

training data plots made in §6.2.1.3 from Figures 6.3 and 6.4.

Table 6.5 shows the results of classifying all 12 classes using training data for each
class input to the M®P classifier run in full training mode with no weights used. The
overall accuracy achieved was 69% (K=0.67). The class accuracies for classes 5 - 13 were
similar to those obtained in Table 6.4, where classes | - 4 were excluded. However, in this
classification of all 12 classes, the accuracies for classes 1 - 4 were considerably lower than

the earlier classification which considered these four classes on their own (Table 6.2).

TRAINING MODE: Classes 1 - 13

Classification Label:

Cls 1 2 3 4 5 6 7 8 9 10 11 12 13 Total % K
1: 73 9 0 0 O 0 015 0 1 0 0 O 98 74.49 0.72
2: 1019 5 019 0 013 220 1 0 0 89 21.35 0.19
3: 0 1 528 0 0 0 0 0 3 3 5 0 45 11.11 0.10
4: 0 0 032 0 0 0 0 0 0 090 0 122 26.23 0.21
5: 1 0 0 016 0 0 1 0 7 0O 0O O 25 64.00 0.61
6: 0 0 0 0 0 00 0 0 O O 0 0 o0

7: 0 0 0 018 01230 1 8 O O O 150 82.00 0.79
8: 0 0 0 0 0 0 057 0 O O O O 57 100.00 1.00
9: 0 0 0 0 9 0 0 644 0 7 0O O 66 66.67 0.65
10: 0 0 0 0 6 0 0 O 045 0O O O 51 88.24 0.87
11: 0 0 0 0 3 0 3 0 1 11260 0 134 94.03 0.93
12: O 0 0 0 0 0 0 0 0 0 0 119 1 120 99.17 0.99
13: 0 0 1 0 0 0 0O O O O O O34 35 97.14 0.97

2: 84 29 11 60 71 0 126 92 48 85 137 214 35 992 69.86 .67

Table 6.5. M®P training mode classification output for all 12 classes for the BOREAS
SSA.
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Here, three of the four classes have accuracies less than 30%, with the fourth at 74%.
Class 2 (OJP) had an accuracy of 21%, with the highest commission error found with the
medium age regeneration conifer class (10). The main difference between these two classes
is their age and understorey development. Low density OJP stands could be confused with
medium age regeneration conifer. Here, the incorporation of tree density could be useful,
as provided by the M®P trajectory mode. There was also some error noted with OJP and
the fen and disturbed classes. The new regeneration conifer class (9) also showed a similar
trend, as well as omission errors with the new regeneration deciduous class (11), which is
most likely due to the similar age of both classes and that both have an early successional
understorey. The fen class contains some trees, and this may have caused confusion with
the OJP and new regeneration conifer classes. The mixed class (4) had an accuracy of 11%
in full training mode, with most of it’s omission error falling into the old aspen class.
Similar to OJP, the OA class had a low classification accuracy (26%), and a high rate of
omission error with the medium age regeneration deciduous class. Again, low density,
mature OA stands could be similar to medium age regeneration deciduous stands.
Following this analysis of errors, the main finding which emerges from this full training
mode classification is that, for the dominant mature boreal forest species (OBS, OJP, OA
and MIX), there was considerable error, but that these errors were often restricted to related
classes such as medium age regeneration stands. This would suggest that with some
adjustment to the way the training data are processed, a higher accuracy could be attained
for these important classes. This is pursued and evaluated next using the M@P a priori

weighting option.
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WEIGHTED TRAINING MODE: Classes 1-13

Classification Label:

Cls 1 2 3 4 5 6 9 10 11 12 13 Total % K

~]
[0 0]

i- 8710 0 O O C O 1L O O O O O 98 88.78 0.87
2: 234111 0 0 0 O O 5 8 1 O O 89 46.07 0.43
3: 0 1 733 0 0 0 0 0 1 3 O 0O 45 15.56 0.14
4: 0 0 082 0 0 0 0 O O 030 0122 75.41 0.71
5: 2 1 0 0 0 0 0O 0 913 0 0O 0 25 0.00 0.00
6: ¢ o 0 0 0 0 0O 06 0O O 0 O 0

7: 0 0 0 0 O 01300 911 0 O 0 150 86.67 0.85
8: 1 0 0 0 0 0 056 0 0O O O O 57 098.25 0.98
9: 1 0 0 0 0 0 0 553 0 7 0 O 66 80.30 0.79
10: 0 6 0 0 O O O O 243 O O O 51 84.31 0.83
11: 0 0 0 0 O 0 5 0 1 2126 0 0 134 94.03 0.93
12: 0 0 018 0 0 O O O O O 91 1% 120 75.83 0.72
13: 0 0 0 0 O O O O O O O 0 35 35 100.00 1.00

J: 114 59 18 143 0 0 135 62 79 78 137 121 46 992 76.71 .74

Table 6.6. M@P training mode classification output for all 12 classes, with variable

weights assigned to classes 5, 8, 10 and 12.

Table 6.6 shows the results of classifying the 12 classes using a set of weights as
follows: class 5 = 0.80; class 8 = 0.85; class 10 = 0.90, and class 12 = 0.70. All other
class weights were set to 1.0. These weights were chosen to reduce the allocation of pixels
to these classes, since, as was seen in the previous classification (Table 6.5), the 4
dominant classes (1-4) had varying amounts of omission errors with classes §, 8, 10 and
12. Using these weights, overall classification accuracy was improved from 69% (K=0.66)
without weights to 76% (K=0.74). Most of the individual class improvements were found

in classes 1 - 4. The OBS class accuracy was increased from 74% to 88%, OJP was
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improved from 21% to 46%, with OA accuracy increased from 26% to 75%. This set of
weights successfully eliminated omission errors with the new regeneration conifer and
deciduous classes (10 and 12) for OJP and OA, respectively. In doing so, however, the
class 10 and 12 accuracies decreased somewhat, from 88% to 84% for class 10, and from
99% to 75% for class 12. Also, omission errors into the fen and disturbed classes were
reduced, but again not without some decreases in accuracy for these classes. The fen class
accuracy dropped to 0%, with large errors of omission into the two regeneration conifer

classes, while the disturbed class accuracy went from 100% to 98%.

Some interesting trends have emerged from this first attempt at classifying the full
set of BOREAS SSA classes. Firstly, by using a priori class weights for selected classes,
reasonable levels of accuracy were obtained for certain classes as well as for the overall
result. Despite these efforts, however, two of the dominant mature forest class accuracies
remain below the 50% level (OJP and MIX). These results were lower than the accuracies
obtained when only the four dominant classes were considered alone (Table 6.2). The
patterns of error are interesting and can be explained in terms of ecological similarities
amongst classes. There were few occurrences of error that could not be readily understood
(e.g. a mature black spruce area classified as grassland). Considering the detail and
complexity of the class structure being used, these results show some merit and potential.
Classification error would not be unexpected given that 8 of the 12 classes comprise
healthy stands of trees (4 coniferous classes, 3 deciduous, and one mixed forest class),
with two further classes also containing minor occurrences of trees (fen and burnt). One
can begin to realise the complexities in the task as well as understand the varying levels of
accuracy produced. However, regardless of this, it is clear that improved land cover

classification accuracies are needed, particularly for the dominant mature classes (1-4). For
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example, the class accuracies for these major boreal forest classes would not provide a
satisfactory land cover stratification for the purpose of obtaining subsequent biophysical
estimates. In the next section, the spectral trajectories for classes 1 - 4 are tested together
with the training data for the remaining classes to explore the potential of the hybrid mode

approach to the probiem.

6.2.3.2 Hybrid Trajectory-Training Mode Results

In this section, the hybrid trajectory-training mode of the M®P software was used
to provide an integrated processing environment for land cover classification using the
spectral trajectories generated for classes | - 4 together with the supervised training data for
classes 5 - 13. As with the full training mode, the first test did not use the a priori
weighting option of the M®P software. The results of the hybrid mode classification of the
full set of classes is provided in Table 6.7. An overall classification accuracy of 71%
(K=0.68) was found, which was slightly higher than the 69% (K=0.66) overall accuracy
obtained in full training data mode. The individual class results varied for the dominant
forest classes (1 - 4). For example, OBS was classified with an accuracy of 87% in hybrid
mode compared to 74% in training mode. Similar to training mode, the OJP class accuracy
without weights was low, at 14% in hybrid mode compared to 21% in training mode. In
hybrid mode, the most omission errors with OJP were with the fen and medium age
regeneration conifer class, with a number of errors also found with the disturbed class.
Similar to the results obtained using the training mode without weights, the OA class
accuracy was also low in hybrid mode, with an individual class accuracy of only 20%
compared to 26% in training mode. Again, almost all of the omission errors were with the

medium age deciduous regeneration class. The MIX class was classified considerably
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better in hybrid mode than full training mode, with a 37% increase in accuracy realised. In
terms of the remaining 8 classes, the individual class accuracies were similar in all cases.
This would be expected since the same training data sets were used for these classes in both
the full training mode as well as in the hybrid trajectory-training mode. In terms of the four
major boreal forest classes, the average accuracy of the four classes was increased by 10%
in hybrid mode compared to full training mode. However, improvements in the individual

class accuracies for these dominant classes is still required.

HYBRID MODE TRAJECTORY: Classes 1-4
TRAINING: Classes 5-13

Classification Label:

Cls1 2 3 4 5 6 7 8 9 10 11 12 13 Total % K
1:- 86 9 0 0 0 0 0 3 0 O O O O 98 87.76 0.87
2: 113 1 028 0 020 224 0 0O 0 89 14.61 0.12
3: 0 722 9 0 0 0 0 0 2 2 3 0 45 48.8%8 0.47
4: 0 01125 0 0 0 O O O O 86 0 122 20.49 0.18
5: 1 0 0 016 0 0 1 0 7 O O O 25 64.00 0.61
6: 0 0 0 0 0 0 0 O O O O O O 0

7: 0 0 O 018 01230 1 8 O O O 150 82.00 0.79
8: 0 0 0 O O 0 057 0 O O O O 57 100.00 1.00
9: 0 0 0 O 9 0 O 644 0 7 0 O 66 66.67 0.65
10: 0 1 0 0 6 0 0O O 044 0 0O O 51 86.27 0.85
11: 0 0 0 0 3 0 3 0 1 11260 0 134 94.03 0.93
12:. 0 0 0 0 0 0 0 0 O O O 119 1 120 99.17 0.99
13: 0 3 0 0 0 0 0 O O O O 032 35 91.43 0.91

2 :88 33 34 34 80 0 126 87 48 86 135 208 33 992 71.27 .68

Table 6.7. M®P hybrid trajectory-training mode classification output for all 12 classes.
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This first hybrid mode result suggests the need for adjustment of class weights to
overcome some of the class omission errors found between the dominant mature classes
and the regeneration classes and other classes. To address this, the a priori weighting
option available in the hybrid trajectory-training mode of the M®P software package was
used. The following weights were used to compensate for class allocation errors
determined from the previous classification test: class 5 = 0.85; class 8 = 0.80; class 9 =
0.95; class 10 = 0.90: and class 12 = 0.90. The resulting classification accuracies are
shown in Table 6.8. The overall accuracy is increased by a small amount to 72%

(K=0.69), however considerable improvements were obtained for the major dominant

WEIGHTED HYBRID MODE TRAJECTORY: Classes 1-4
TRAINING: Classes 5-13

Classification Label:

Cls1 2 3 4 5 6 7 8 9 10 11 12 13 Total % K
1-89 9 0 0 0 0 0 O O O O O O 98 90.82 0.90
2: 1259 1 0 0 0 0 4 9 4 0 0O 0 89 66.29 0.62
3: 0 92212 0 0 0 O 0 0 2 0 0 45 48.89 0.47
4: 0 01184 0 O O O O O 027 0 122 68.85 0.64
5: 2 4 0 0 3 0 0 0 313 0 O 0 25 12.00 0.12
6: 0 0 0 0 0 O 0 O O O O O O 0

7: 0 2 0 0 1 01310 312 1 O O 150 87.33 0.85
g8: 8 0 0 0 O O 049 0 0 O O 0 57 85.96 0.85
9: 3 0 0 0 O O O 334 026 0 0 66 51.52 0.49
10: 034 0 0 0 0 O 0 017 0 O O 51 33.33 0.30
11: 0 0 0 0 0 O 5 0 0 2127 0 0 134 94.78 0.94
12: 0 0 044 0 0 0O 0 O O 075 1 120 62.50 0.58
13: 0 3 0 0 0 0 0 0O O O O O 32 35 91.43 0.91

2114 120 34 140 4 0 136 56 49 48 156 102 33 992 72.78 .70

Table 6.8. M®P hybrid trajectory-training mode classification output for all 12 classes,

with variable weights assigned to classes 5, 8,9, 10 and 12.
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forest classes of interest (classes | - 4). A 20% increase in average accuracy for these four
classes was realised. In terms of individual class accuracies, OJP class accuracy was
increased to 66% using the weighted hybrid mode compared to 14% without weights. This
was due to the substantial reduction in omission errors with the weighted classes 5, 8 and
10. Similarly, the old aspen class increased from 20% to 68% as the omission errors with
the medium age regeneration deciduous class was reduced somewhat. The OBS class
accuracy increased from 87% to 90% with the mixed forest accuracy unchanged at 48%.
Individual accuracies for classes [ - 4 were also higher in the weighted hybrid mode in 3
out of the 4 classes compared to the results from the training mode with weights. The OBS
class increased marginally from 88% to 90%, with OJP increased by 20% to 66% and
mixed forest improved by 33%. The OA accuracy, however, decreased from 75% to 68%
using the hybrid weighted mode. Similar to the trend found with the training mode results
when weights were introduced, individual class accuracies decreased for those classes
which were assigned lower a priori weights. In terms of overall accuracy, the weighted
hybrid mode achieved a higher average accuracy (+12%) of the four major classes of
interest (1 - 4) compared to the weighted training mode, however, the overall accuracy for

all classes decreased slightly (by 4%).

From this section, an ability to increase classification accuracy using a priori
weights assigned to input training and trajectory data has been demonstrated. However,
while the accuracies of individual classes of interest such as the dominant mature boreal
forest classes have been increased, a consistent level of individual class accuracy and an
acceptable level of overall classification accuracy has not been attained. Nonetheless, based
on the analysis of trajectory and training data inputs, sufficient information content appears
to be available from these two independent sources. This suggests that an improved result

beyond that obtained in this section may be possible. In the next section, a method for
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segregating evidence from independent classification inputs is proposed and tested for the
purpose of maximising the available information content such that higher classification

accuracies may be attained.

6.2.3.3 Hybrid Mode Two Pass Sequential Weighting

In the previous section, it became apparent that shifting the weighting criteria for
one set of classes (e.g. the mature, dominant forest classes | - 4) would invariably result in
other class accuracies being significantly reduced (e.g. the regeneration classes).
Experience with the weighting factors specified suggested that individual class accuracies
were rather sensitive to small changes in individual weighting factors applied. This is
particularly true for larger numbers of classes where the evidential vector, or mass, can be
distributed over a larger number of candidate propositions. When considering all 12 classes
in the BOREAS SSA, in this research two distinct groups of spectral inputs were used in
hybrid mode, namely, the spectral trajectories for classes |1 - 4, and the training data for the
remaining classes. Further, in each case the class inputs were shown to have good
discriminatory power within each sub-set of classes. Good accuracies were obtained within
classes 1 - 4 in full trajectory mode, as well as for classes S - 13 in full training mode.
However, when used together, the results were less than optimal, even when the weighting
options were applied in hybrid trajectory-training mode. It was difficult to determine one
set of weights that would provide adequate discrimination for all classes being considered.

Therefore, an alternative method was sought to more effectively pool this evidence.

Given that there were two distinct set of spectral inputs, a two stage approach to

classification was implemented which uses the a priori weighting option in a different way
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to produce intermediate classification results which are then merged to create a final
product. No modification to the M®P software was required for this, instead, the program
was run two separate times with different inputs, effectively creating a two-pass, sequential
approach. In each pass, all 12 classes are classified, however, the weights are specified
such that in the first pass, the trajectory class inputs (1 - 4) are given priority by reducing
the weights for all other classes (5 - 13), while in the second pass, the training mode input
data are given priority by reducing the weights assigned for the trajectory mode inputs. In
reducing class weights, it is essential that the same weighting factor be used for all
non-priority classes in a classification, and also that this same weighting factor be used in
both passes. The set of weights used for these classes is termed the non-priority weighting
factor. For each intermediate classification, the absolute magnitude of evidence associated
with the class designated for that pixel (as specified by the evidential reasoning decision
rule of maximum support) is recorded. In the final pass, in which the two intermediate
results are merged, the class labels generated from each pass are first compared. If they are
the same, then consensus on the evidence already exists and the class label is output to
disk. However, such consensus would not be expected to be common, given that the
non-priority weighting factor used should be significantly less than 1.0 compared to the full
weight used for the priority classes in a given pass. If the class labels differ from each
intermediate product, then the degree of evidence associated with each classification
decision is consulted, with the pixel being assigned to the class with the higher amount of
evidence. Keeping the two groups separate at the intermediate stages permits the evidence
to first be evaluated within each group instead of having evidence being directed towards
other spectrally similar classes generated from the other set. Essentially, this method is
analogous to first deciding whether a pixel falls into the mature dominant set of classes or if

it belongs in the other set of classes (regeneration classes, plus the others), and then, once
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the appropriate group has been determined, focusing in on that group to make the final
class allocation. This is an effective way of dealing with larger number of classes,
particularly when a number of classes are somewhat similar, as is the case here with the 8
forcsted classes. For a pixel which does not belong to a given group, the degree of
consensus for the class label determined within that group should not be great. The
supporting evidence within the other group (within which the pixel actually belongs) ought
to be substantially higher.

This hybrid mode two-pass sequential weighting method was tested in this research
using the trajectory (classes | - 4) and training (class 5 - 13) inputs. Several trial runs of
this method were conducted to experiment with different non-priority weighting factors. In
this research, a non-priority weighting factor of 0.75 was used for both intermediate
passes. Use of a non-priority weighting factor greater than this resulted in overall
classification accuracy being reduced. Table 6.9 shows the results obtained from the first
intermediate pass in which the trajectory classes (1-4) were given preference (weights =
unity) with the training based classes (5 - 13) each assigned the non-priority weighting
factor. As would be expected, the trajectory classes yielded higher accuracies than the
training based classes as a direct result of the weights used. The individual accuracies of
classes | - 4 are very similar to the accuracies obtained when only 4 classes were used and
without any weighting applied (Table 6.3). Class 2 (OJP) had a lower classification
accuracy in this intermediate pass as a result of omission error with the new regeneration

conifer class (9) being introduced.
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WEIGHTED HYBRID MODE
TRAINING:

NON-PRIORITY WEIGHTING FACTOR: 0.75

Classification Label:

TRAJECTORY: Classes 1-4

Classes 5-13

TWO PASS SEQUENTIAL WEIGHTING: TRAJECTORY PASS (1)

Cls1l 2 3 4 5 6 7 8 910 11 12 13 Total % K
1:89 9 0 0 0 0 0 O O O O O O 98 90.82 0.89
2: 1671 1 0 0 0 0 O 1 O O O O 89 79.78 0.73
3: 0 92412 0 0 0 O O O O O O 45 53.33 0.48
4: 0 01113110 0 0 O O O O O O 122 90.98 0.88
5: 223 0 0 0 0 0 O O O O O 0 25 0.00 0.00
6: 0 0 0 0 O 0 0 O O O O 0 O 0

7: 036 0 0 1 01130 0 O O O O 150 75.33 0.72
8: 33 0 0 0 O O0 024 0 0 O O 0 57 42.11 0.41
9: 641 1 0 O O O 012 0 6 0 O 66 18.18 0.17
10: 052 0 0 0 0 O O O O O O O 51 0.00 0.00
11: 0 660 0 0 0 1 0 1 066 0 0 134 49.25 0.45
12: 0 0 01200 0 0 O O O O O 0 120 0.00 0.00
13: 0 4 5 8 0 0 0 O O O O O 18 35 51.43 0.51
2,146 250 102 251 1 0 114 24 14 0 72 0 18 992 53.23 .48

Table 6.9. Results of the first intermediate pass of the two-pass sequential weighting

hybrid trajectory-training mode classification. Priority weights are assigned

to spectral trajectory inputs in this pass.
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A similar result was found with the second intermediate pass (Table 6.10) in which
priority weights were assigned to the training data classes (5-13). The accuracies for
classes S - 13 were almost as high as the non-weighted training mode classification which
considered the 8 non-trajectory classes only (Table 6.4). Class accuracies for the
non-priority classes in pass 2 (classes | - 4) were considerably lower, as would be
expected. The grass class experienced some reduction in accuracy as a result of omission

into class 2.

WEIGHTED HYBRID MODE TRAJECTORY: Classes 1-4
‘ TRAINING: Classes 5-13

TWO PASS SEQUENTIAL WEIGHTING: TRAINING PASS (2)
NON-PRIORITY WEIGHTING FACTOR: 0.75

Classification Label:

Cls1 2 3 4 5 6 7 8 9 10 11 12 13 Total % K

1: 86 8 0 0 0 0O 0 3 0 1 0 O O 98 87.76 0.87
2: 012 1 028 0 021 225 0 0O 0O 89 13.48 0.11
3: 0 722 9 0 0 0O O O 2 2 3 0O 45 48.89 0.47
4: 0 01124 0 0 0 O O O 087 0 122 19.67 0.17
S: 1 0 0 016 0 0 1 0 7 0 0O 0O 25 64.00 0.61
6: 0 0 0 0 O O O O O O O O O 0

7: 0 O O 018 0123 0 1 8 0 0O 0 150 82.00 0.79
8: 0 0 0 O O O 057 0O 0O O O O 57 100.00 1.00
9: 0 0 0 0 9 0 0 644 0 7 0 0O 66 66.67 0.65
10 0 0 0 0 6 0 O O 045 0 O O 51 88.24 0.87
11: 0 0 0 0 3 0 3 0 1 11260 0 134 94.03 0.93
12: 0 0 0 0 O O O O O O 0 119 1 120 99.17 0.99
13: 0 3 0 0 0 0 O O O O O 032 35 91.43 0.91

2 87 30 34 33 80 0 126 88 48 89 135 209 33 992 71.17 .68

Table 6.10. Results of intermediate pass #2 of the two-pass sequential weighting hybrid
trajectory-training mode classification. Priority weights were assigned to

training data class inputs in this pass.



225

Once the sequential two pass stage had been completed, the evidential output from
the two intermediate classifications was merged to produce the final classification output.
The result is shown in Table 6.11. An overall classification accuracy of 85% (K=0.83)
was achieved, with good individual class accuracies obtained. This is the best result found
of any of the methods tested, including both the weighted full training mode and the hybrid

trajectory-training mode results.

WEIGHTED HYBRID MODE TRAJECTORY: Classes 1-4
TRAINING: Classes 5-13

TWO PASS SEQUENTIAL WEIGHTING: FINAL CLASSIFICATION

Classification Label:

Cls1 2 3 4 5 6 7 8 910 11 12 13 Total 9% K
1: 8 9 0 0 0 0 0 1 0 1 0 O 0 98 88.78 0.87
2: 1671 1 0 0 0 0 0 1 0 O O O 89 79.78 0.76
3: 0 92412 0 0 0 0 0 0 0O O O 45 53.33 0.51
4: 0 0111090 0 0 0 0O 0O O 2 0 122 89.34 0.88
S: 2 8 0 015 0 0 0 0 0 O O 0 25 60.00 0.59
6: 0 0 0 0 0 0 O O O O O O 0 O

7: 027 0 0 1 01220 0 0 0 0O 0 150 81.33 0.79
8: 0 0 0 0 0 0 057 0 0 O O O 57 100.00 1.00
9: 6 9 1 0 0 0O O 044 0 6 0 0O 66 66.67 0.65
10: 0 7 0 0 0 O O O 044 0 O O 51 86.27 0.86
11: 0 6 1 0 0 0 1 0 1 01250 0 134 93.28 0.92
12: 0 0 0 6 0 0 0O O O O O 114 0 120 95.00 0.94
13: 0 3 0 0 0 0 0O O O O O 032 35 91.43 0.91

2111 149 38 127 16 0 123 58 46 45 131 116 32 992 85.08 .83

Table 6.11. Final result from merging intermediate M®P outputs produced using the two-

pass sequential weighting approach in hybrid trajectory-training mode.
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[n terms of the 4 mature dominant boreal forest classes, OBS had an accuracy of 88%, OJP
was 79%, and OA was 89%. However, the mixed forest class accuracy was considerably
lower, at 53%. For classes S - 13, the accuracies exceeded 80% for all but two classes,
with four of the eight classes over 90%. The four regeneration classes (9-12) had good
accuracies, with the exception of the new regeneration conifer class (9), which had
omission errors with OBS, OJP and the new regeneration deciduous classes. Using the
two pass sequential weighting method, the individual class accuracies approached the
classification accuracies obtained for the priority classes in each pass, and in some cases the

same level of accuracy was achieved.

In terms of classification error, there were a number of differences in the
distribution and allocation of omission error for misclassified pixels in the final result
compared to each intermediate pass for which that class was assigned priority. For
example, the omission errors for class 5 (fen) in the intermediate pass #2 (training data
priority) were primarily with the medium age regeneration conifer class, whereas in the
final classification these errors were with OBS and OJP. Similarly, the omission errors for
class 7 (disturbed) shifted from classes 5 and 10 in pass 2 to class 2 in the final product.
Class 9 (new regeneration conifer) omission errors were also displaced from classes 5 and
8 to classes | and 2, with the omission errors for class 10 (medium age regeneration
conifer) shifted from the fen class to OJP. Of the 4 mature forest classes, OJP had the
largest errors of commission. Such errors of commission into the mature dominant classes
is not unexpected for the final product, however these errors are less than the degree of
misclassification found when applying sets of weights to all classes without the 2 pass

approach.
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The two-pass sequential weighting method used here has successfully provided a
good classification output product, and it represents the best land cover classification
accuracy obtained from the various methods tested here. This suggests that the additional
computation and processing time required to perform the two-passes of intermediate
classifications together with the final merging process is worthwhile. In the next section,
the results obtained from the trajectory classes are used for estimating biophysical
parameters using the associated forest component outputs which accompany each pixel

label in the spectral trajectory mode output.

6.3 BIOPHYSICAL PARAMETER ESTIMATION

6.3.1 Biophysical Data

The land cover classification results produced in the previous section were based on
the network of BOREAS Tower Flux (TF) and Auxiliary (AUX) Sites. At these sites, an
extensive set of biophysical data was collected by several other science teams in BOREAS
and made available to BOREAS investigators. The primary source of biophysical
information used here was derived from a data set placed on the BOREAS information
system (BORIS) by Terrestrial Ecology project #6 (TE-06, P.I.: Dr. Tom Gower,
University of Wisconsin-Madison). Additional sources of information included biometry
and auxiliary site data from project TE-13 (P.L.: Dr. Mike Apps, Northern Forestry Centre,
Canadian Forestry Service, Edmonton) as published in Halliwell and Apps (1995, 1996),

as well as canopy architecture information from project TE-23, as discussed in §5.5.1, and
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the BOREAS Experiment Plan Document (BOREAS, 1994). The following biophysical
parameters were available and used in this study: biomass (BIO), leaf area index (LAI), tree
height (HGT), and tree diameter at breast height (DBH). Unfortunately, there were gaps in
the data for net primary productivity for the set of sites used in this research, and therefore
this variable was not analysed in the present study. A brief synopsis of how the biophysical
data used in this study were collected is presented in the following paragraphs, together
with a description of additional processing required by the author to place these data in final

form for the analysis.

The biomass, LAI, DBH and height data were collected by TE-06 personnel at all
TF sites and at a variety of AUX sites. This effort was coordinated with measurements
taken by Canadian Forestry Service personnel which are published in Halliwell and Apps
(1996). According to documentation which accompanies the TE-06 data set on BORIS,
site-specific allometric equations were developed for the dominant overstorey species at
each TF site and for selected AUX sites based on a harvest completed in August 1994.
Using these equations, biomass and leaf area were estimated for trees sampied using a
system of plots established at each site. Four plots spaced 10m apart were identified in the
four cardinal directions from an established site center point to guide sampling.
Measurements of tree height and DBH were taken within these samples, with the latter
determined at standard heights of 1.37m from the base of live trees. In cases where site-
specific allometric equations were not available for a given site, equations developed from
harvests conducted in August 1994 and August 1995 were matched to the AUX site under

consideration based on the study area, range of tree diameters and site characteristics.
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The leaf area data extracted from the data set was the total foliage leaf area
expressed in units of m?/m2. The biomass variable used was total biomass of live trees
expressed in kg carbon/hectare (kgC/ha). In this study, biomass and leaf area data for each
site were subsequently averaged from the four plot directions to produce one measure each
per site. The biomass variable was then converted from kgC/ha to kgC/m (using the
conversion factor 1 ha = 10117.361 m2). The DBH and tree height variables were taken
directly from the data set as site average DBH and site average tree height, respectively, as
determined from the plot sampling scheme. Data for each of the four variables (BIO, LAI,
DBH, HGT) were available for the TF and AUX sites from BORIS TE-06, with the
exception of HGT which was not yet available for TF sites. These measures were obtained
from the TE-23 canopy architecture data set (described in §5.5.1) in consultation with the
TE-13 data (Halliwell and Apps, 1996) and the BOREAS Explan (BOREAS, 1994).

6.3.2 Experimental Design

The biophysical data described in the previous section were compiled and
synthesized into one data file, organised by site land cover class, and sub-sampled to
correspond with the BOREAS TF and AUX sites used in the land cover classification
experiments presented in §6.2. Sites analysed in the land cover experiments for which
there were no biophysical data were excluded from the biophysical estimation analysis in
this section. Further, the analysis was restricted to the four mature, dominant classes
(OBS, OJP, MIX and OA) for which trajectory information with forest components were
available. There was a good representation of each of these classes from the available 26

sites of biophysical data for these classes, with the exception of the mixed class, for which
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there were only three ground validation sites. The final set of biophysical data used in this

analysis is listed in Appendix D.

Although there were a2 number of land cover classifications available for input to
this biophysical estimation process, only one set of classification results was used here. As
pointed out in §6.2, the training data method provided no associated information for
follow-on biophysical parameter estimation. Therefore, only those land cover results
generated using one of the M@®P trajectory modes were appropriate for the biophysical
analysis. These classifications contain land cover information together with sunlit canopy
fraction, sunlit background fraction, shadow fraction, and tree density. In this experiment,
the land cover classification results generated using the two pass sequential weighted
hybrid trajectory training mode were used as input to this biophysical data analysis, as
these results were obtained in conjunction with the full set of 12 land cover classes.
Although more accurate trajectory mode land cover classification results existed for classes
I - 4 from the classifications presented in §6.2.2.2, these were not used since they were

not produced in the context of the full set of classes present in the BOREAS SSA.

Results from the two pass sequential weighted hybrid trajectory training mode
classification (Table 6.11) were extracted and sampled to correspond to the available
biophysical data, as described above. For a given site, the same 5 x 5 pixel window
neighbourhood of satellite reflectance values was used, with the exception of any pixels
that were determined to be a member of a different land cover class (these pixels were
excluded prior to the land cover classification experiments). Since for each site there is one
set of biophysical parameters, the same value for each parameter is used for all pixels in the

5 x 5 window. For each pixel, the available information from the trajectory based land
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cover classification consisted of the land cover class identifier and the set of forest
component fractions associated with the tree density value. The full set of information from
the classification output and the biophysical data set available for a given pixel is listed in
Table 6.12. The tree density value was determined as the position along the spectral
trajectory to which the satellite TM pixel reflectance values had the closest proximity. As
explained in §5.6, this is how the M@P classifier works when run in trajectory mode. The
component fractions output were the set of fractions associated with that tree density point

along the trajectory, as generated by the canopy geometrical optical reflectance model.

The information for each pixel, as listed in Table 6.12, provides an opportunity to
assess the correspondence between the various trajectory outputs (component fractions,
tree density, land cover class) and the biophysical parameters. This was tested by linear
regression analysis using the SPSS statistical package REGRESSION procedures (SPSS,
1988). In these analyses, the biophysical parameters are being predicted and therefore these
are set as the dependent (Y) variable (BIO, LAI, DBH, HGT). The trajectory outputs
(C,B,S,Td) are used to obtain the predictions and therefore these are the independent (X)
variables. A series of regressions were run in which each trajectory output variable was
tested separately for each biophysical parameter. As in Chapter IV, the ability of the
trajectory outputs to predict the biophysical parameters is assessed according to the
magnitude of the coefficient of determination (r2). A level of significance of o = 0.05 was

used for all regressions reported in this Chapter.
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Variable Description
Name

BOREAS Site Identifier of pixel

Image line co-ordinate of sample

[mage pixel co-ordinate of sample

Landsat TM Red (band 3) reflectance value

Landsat TM near infrared (band 4) reflectance value

Land cover class from ground data

Land cover class from M®P trajectory classification

Sunlit canopy fraction from M®P trajectory

Sunlit background fraction from M®&P trajectory

Shadow fraction from M®P trajectory

Tree Density value from M®P trajectory

Biomass fronﬁzound data

Leaf area index from ground data

Tree diameter at breast height from ground data

Tree height from ground data

Table 6.12. Land cover classification and biophysical ground data for each pixel site in the

sample.
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In the next section, the relationships between the M®P trajectory outputs and boreal
forest biophysical parameters are explored. A fundamental aspect of this work at the
regional scale is the hypothesized importance of stratifying the biophysical analysis by land
cover class. This hypothesis is explored through several sets of results. In the first set
(§6.3.3.1), land cover classes are not used, and instead all sites are pooled together to
explore the ability to predict biophysical parameters without a prior land cover stratification.
Then, the analysis is stratified by land cover class and the results compared to evaluate the
importance and need for land cover classification (§6.3.3.2). The third set of results
(§6.3.3.3) is used to evaluate the impact of land cover misclassification and to gain an
understanding of how classification error affects biophysical parameter estimation. In the
final section (§6.3.3.4), the M®P trajectory results are summarised and compared to

results obtained using a vegetation index.

6.3.3 Biophysical Parameter Estimation Results

6.3.3.1 Predictions Without Land Cover Stratification

To evaluate the importance of land cover stratification in biophysical parameter
estimation, it is useful to first do the analysis without land cover classes to determine (i) if
land cover classification is indeed necessary, and (ii) to establish a baseline set of results
for comparing stratified and non-stratified estimates. Accordingly, the full set of M®P
hybrid trajectory training mode outputs were input to a regression analysis with each of the
four biophysical parameters. The results are shown in Table 6.13. In all cases, the results

were poor as evidenced by the very low r? values. The highest overall r? value between
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any trajectory and biophysical variable was only 0.16. This, and the other results in the
table suggest a very weak relationship between these variables, and in some cases, the r?
values were not significant. Clearly, improved results are required. Given that site land
cover classes were excluded from these regressions, it would appear that an improved
predictive capability might be realised if the analysis were stratified by land cover. This is

tested in the next section.

Mé&P Trajectory Outputs Veg. Index

C B NDVI

.09 . . .07

K . .04

k¥

.05

Table 6.13. Predicting biophysical parameters without land cover stratification. Linear
regression coefficients of determination (r2) among the biophysical
parameters biomass, LAI, DBH, tree height, and the trajectory outputs of
tree density (Td) and component fractions sunlit canopy (C) sunlit
background (B) and shadow (S). Results with NDVTI also shown. Best
overall results for each parameter shown in bold. Results not significant at

o = 0.05 shown as **.
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6.3.3.2 Predictions With Land Cover Stratification

In this section, each linear regression analysis between a M®P remote sensing
variable and a biophysical parameter was performed separately for each land cover class for
which trajectory outputs were available. These classes were OBS, OJP, MIX and OA
which are the mature, dominant forest cover classes defined for the BOREAS SSA. In this
section, M@P trajectory output for pixels assigned to their correct land cover classes were
used in the biophysical analysis. This was done for three reasons. Firstly, it was desirable
to determine the potential for the method given correct land cover information. If a potential
for predicting biophysical parameters is demonstrated using an accurate land cover
stratification, then additional work can be directed towards improving land cover
classification methods as required. Secondly, biophysical estimates generated using a
correct land cover classification provides a basis for comparison to assess the impact of
classification error. This is done in the next section. Thirdly, if good correspondence
exists between class specific trajectory outputs and biophysical estimates, then it will be
desirable to derive predictive equations which quantify these relationships. Pixels assigned
to incorrect land cover classes must be excluded from this process since otherwise the
wrong trajectory outputs would be included in the derived equations. Related to this,
although the biophysical estimations based on land cover could also be based on the full set
of ground sites (essentially replacing any digital land cover misclassifications with the
ground observed class), this was not done so that the comparison, and also the derived
equations, would be based upon the sites which the digital classification algorithm actually
classified properly, instead of including additional pixel sites for which it is not clear that a
correct classification is possible given existing algorithms. However, since good accuracies

were obtained for all but one of the mature forest classes from the M®P hybrid mode
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classification (Table 6.11), this factor is not deemed significant. For the mixed class,
which had a lower class accuracy, it is best not to assume that all sites can be classified

correctly given its complex and, on times, highly variable class composition.

The results of using M@®P trajectory output for predicting each biophysical
parameter are presented in Table 6.14. In all cases, considerable improvements were found
when the analysis was stratified by correct land cover classes, compared to the results
obtained without land cover information (Table 6.13). Regression r? values within each
class are larger than those obtained when samples from all classes were merged. Results

from individual biophysical parameters are discussed next.

For biomass, r? values in the range of 0.70 were obtained for OBS and OJP,
suggesting a strong relationship between the mixture fractions and the biophysical
parameter, with moderately strong r? values found within the mixed and OA classes.
Without the land cover stratification, the r2 values were all < 0.10 for biomass. The same
pattern was found for LAI, although the strength of the relationship was greater (0.74) for
OBS and OJP. In both cases, interesting trends are found in terms of the utility of
individual trajectory component outputs. For both biomass and LAI, the shadow fraction
produced the highest r? values in most classes, such as in the OBS and OA classes for
both parameters, as well as showing the strongest relationship with LAI in the OJP class.
In cases where shadow fraction did not provide the strongest relationship, it usually had a
r? value that was only slightly lower (e.g. 0.70 for OJP when the highest r2 was 0.72),
while not having any instances of a weak relationship. Tree density and sunlit canopy

fractions also produced good results, though not at the same level of consistency as with
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Biophy. M®P Trajectory Output
Td C B

Parameter

.14 12 31
.72 .72 .60
.68 33 .19
.46 .51 e

.14 12 33
.74 73 .61
.67 .54 .1

48 .55 Jex

.05 .06 17
.65 .65 .50
.66 53 .19
31 38 Jex

.04 .13
.83 71
54 .18
35 R

Table 6.14. Predicting biophysical parameters with land cover stratification. Linear
regression r? values among the biophysical parameters biomass, LAI,
DBH, tree height and the trajectory outputs of tree density (Td), and
component fractions (C, B, S). Best results within each land cover class for

each parameter shown in bold. Results not significant at ot = 0.05 shown

as ¥**,
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shadow fraction. This first set of results is consistent with those found in the earlier
analysis conducted in the Superior National Forest (Chapter [V). In that analysis, shadow
fraction also produced the best results. The physical basis for shadow fraction being
optimal in both studies for predicting biophysical variables is the increased sensitivity to
tree size and morphology, as explained in §4.5.1. In terms of class differences, biomass
and LAI were more strongly related to M@P trajectory outputs in the conifer classes than
the mixed or deciduous class. For the mixed class, the greater variability of site
characteristics at a given stand density is likely a confounding issue, as well as the variety
of canopy geometries and understorey composition which occurs. The way the spectral
trajectories were combined to depict this class in spectral space may be less appropriate in
some cases. For OA, the different canopy geometry of these stands may not be represented
as well in the spheroid model used. Also, the use of spectral end-member reflectance values
from outside sources may have introduced some inconsistencies in this class compared to
the field based measurements of the coniferous end-members. Overall, a strong predictive

capability was found between the trajectory outputs and biomass and LAIL

Having found strong relationships between the M®P outputs and these biophysical
parameters, it is useful to quantify these relationships through deriving equations from the
regression analysis. This was done for biomass and LAI, with the shadow fraction selected
from the group of independent variables as being the best predictor for these parameters, as
explained above. Equations linking shadow fraction and biomass and LAI were derived
from the statistical output of the regression analysis which computed the regression
co-efficients. The general form of the regression equation describing the line fit through a

set of values is:
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Yi=Po+BiXi (6.1)

where Yj is the dependent variable (the biophysical parameter being predicted), X; is the
independent variable (the trajectory output) and B and Bo are the regression cn-efficients
(slope, intercept). In this analysis, equations were derived for each class for both biomass
and LAI. Each set of equations is listed in Tables 6.15 and 6.16. Using these equations,
estimates of biomass and LAI could be derived as a function of shadow fraction for other

parts of the study area, using the appropriate equation defined for each land cover class.

For DBH and tree height, similar patterns of relationships were found as with
biomass and LAI, however, the strength of the relationships between the trajectory outputs
and these biophysical parameters was considerably lower. For example, the maximum
values for any of the classes with DBH was r2 =0.66, with considerably lower r? values
found for tree height, with the exception of OJP, which had a value of r2 = 0.83. This
may, in part, be due to the smaller variability of tree heights in the OJP class, as evident in
Appendix D. Again, shadow fraction produced the best results for five of the eight class
cases evaluated (4 classes for each of DBH and tree height). As with biomass and LAI,
when shadow fraction did not produce the highest r2 value, it was not far from it. The
weaker relationships between the trajectory outputs and DBH and tree height may be due
to the greater structural complexity of these parameters in terms of their remote estimation.
Biomass and LAI both have a larger overall canopy component than does DBH or tree
height. As a result, DBH and tree height involve greater inference between component
fractions and these measures. This may explain the lower r? values found with these

parameters. However, given this complexity, these results are promising and suggest a
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potential for this method to be further refined such that DBH and tree height estimates could

be improved.

BIOMASS

Equation

BIO =0.54 S - 36.32

B10 =0.35 S - 22.90

BIO =0.48 S - 12.58

Table 6.15. Regression equations for biomass (BIO) as a function of shadow fraction (S)

for the four dominant, mature forest cover classes in the BOREAS SSA.

LEAF AREA INDEX

Class Equation

LAI=0.93S -65.33

LAI=0.13S-8.73

LAL=0.71S -23.30

LAI=021S-3.50

Table 6.16. Regression equations for leaf area index (LAI) as a function of shadow
fraction (S) for the four dominant, mature forest land cover classes in the

BOREAS SSA.
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The main result from this section is that land cover classification has been shown to
be very important for providing improved biophysical estimates, owing to the much
stronger relationships found between trajectory outputs and biophysical parameters when
a priori land cover stratification was performed. Given this, it is useful to gain insight into
how classification error may affect the estimation of biophysical parameters. This is

explored in the next section.

6.3.3.3 Assessing the Impact of Land Cover Misclassification

Results in the previous section were based on pixel sites that were classified into the
correct land cover class by the M®P algorithm. In this section, both correct and incorrect
land cover pixels are evaluated to gain an indication of how classification error contributes
to biophysical estimation error. This propagation of error results from the fact that whatever
land cover class a pixel is assigned to, the trajectory associated with that class is used in the
biophysical parameter estimation process. If a pixel is misclassified, then the component
fractions and tree density estimates would be obtained from the wrong trajectory. As it has
been shown that land cover stratification is important to successful biophysical parameter
estimation, it would seem to follow that incorrect land cover information would have a
negative effect. This would be evidenced by decreases in the strength of relationships
between the trajectory outputs and the biophysical parameters when such misclassification

errors are included.

Table 6.17 contains the results of predicting biophysical parameters using the full
set of site pixels classified by the M®P software as being in one of the four mature

dominant classes (OBS, OJP, MIX, OA). As shown in Table 6.11, there was some
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Biophy. M@P Trajectory Output
Parameter
Td C B
BIOMASS OBS .07 .06 21 .66
OJP .59 .58 .40 .61
MIX .36 .27 .19 .24
OA .39 42 .04 .43
| -
LAI OBS ki .09 .08 .44
oJp 17 .16 .58 21
MIX .43 .34 22 31
" OA 47 .53 k¥ .54
DBH OBS .08 .09 .20 .42
OJP .61 61 47 .61
MIX .29 .20 .16 .18
OA .30 .35 K .36
HEIGHT OBS .05 .06 .16 .37
.80 .65
Kx .03
ki

Table 6.17. Predicting biophysical parameters with land cover stratification, including

errors of misclassification. Linear regression r? values among the

biophysical parameters biomass, LAI, DBH, tree height and the trajectory

outputs of tree density (Td), and component fractions (C, B, S). Best

results within each land cover class for each parameter shown in bold.

Results not significant at o = 0.05 shown as **.
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misclassification of site pixels, and these cases were included in this regression analysis
together with the correctly classified pixels. In terms of the accuracy of land cover
classification information used to stratify the regression analysis, OBS had an accuracy of
89%, OJP 79%, MIX 53% and OA 89%. This provides a useful range to explore how
different levels of stratification accuracy affect biophysical parameter estimation. This is
achieved by evaluating the magnitude of change in the strength of biophysical predictive
relationships for individual classes obtained from the correctly classified sample of
trajectory outputs, and the sample which also included misclassification. However, since
each class sample is different, comparisons among classes are made with some caution.
Accordingly, the focus of the evaluation is on the degree of change as a function of the
level of error, with less emphasis placed on comparing actual r2 values. Further, as shadow
fraction has been shown in the previous section to be best suited for biophysical estimation,
this component will form the basis for the comparison. All components are considered in a

direct comparison of overall results, presented later in this section.

The first observation of interest from the set of results is that the strength of the
relationships between the trajectory outputs and the biophysical parameters is not as strong
when misclassified pixels are included. Using shadow fraction as a predictor for biomass,
r? values decrease between 0.03 to 0.09 in magnitude for OBS, OJP and OA. This
decrease is relatively small, and corresponds to the high overall land cover classification
accuracies produced by the M@P classifier for these classes. The MIX class, however, had
a decrease in r2 of 0.26 when misclassification errors were included. This was because
there were more classification errors with this class (land cover accuracy for MIX = 53%).
This class also had the lowest overall r2 values of any of the classes, both for the correctly

classified sample as well as the sample containing misclassified pixels. This is consistent
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with the lower land cover classification accuracies for MIX, further supporting both the
complexities and increased difficulties in defining and discriminating this class. For LAI,
similar results were found as with biomass, although there appeared to be a greater
sensitivity to misclassification in terms of biophysical parameter estimation for the OBS and
OJP classes. The OA class, with the highest classification accuracy of the four classes
considered, had a decrease in r2 of only 0.01. OBS and OJP, however, decreased by 0.30
and 0.53, respectively. For OJP, this larger change was possibly due to the fact that when
misclassification is included, the sunlit background fraction had a stronger relationship with
LAI than shadow fraction. For that component, the reduction in r? was only 0.03, which
is more consistent with the fact that the level of misclassification is not large (79% accuracy
for OJP). These reductions in r? could also be explained by the nature of errors of
commission with these classes. A large degree of the misclassification in these classes
occurs between OBS and OJP, suggesting that the trajectories applied erroneously in
generating the M®P output for those cases of misclassification created significant outliers

in the analysis which resulted in the reduction in the strength of the relationships with LAIL

For DBH and tree height, again, the level of misclassification controls the strength
of the relationship for predicting the biophysical parameters. For DBH, shadow fraction r2
values decrease by only 0.04 for the three classes with highest classification accuracies
(OA, OBS, OJP), whereas with MIX, the r2 value decreased by 0.32 when misclassified
pixels were included from the overall land cover class accuracy result of 53%. The same
was true for tree height. The r? values remained the same for OA, and decreased by 0.01,
and 0.03 with shadow fractioa predictions in the OBS and OJP classes, respectively,
whereas the MIX r? value went from r2=0.51 to being not significant. These results

suggest the need to perform a priori land cover classification, and that when good levels
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of classification accuracy are obtained, reasonable estimates of biophysical parameters are

possible.

The overall magnitude of error found in estimating biophysical parameters has been
summarised in Table 6.18. In this table, the results for each biophysical parameter have
been averaged over the four classes for both the correct land cover classification sample,
and the ones with errors of land cover misclassification (listed in brackets in the table). The
standard errors (S.E.) of the estimate are also reported to gain additional insight into the
degree of error associated with estimating each parameter. For all four biophysical
parameters, the shadow fraction had the best overall results of the trajectory outputs
(shown in bold in the table). For biomass, an overall r? = 0.60 was obtained with an S.E.
of 2.39, compared to 0.49 and 2.98 when misclassified pixels were included. These results
are good, with the capability to estimate biomass within 2.39 kgC/m representing a positive
result given an appropriate land cover classification. For LAI, the best overall averaged
result was obtained from shadow fraction, with a r?=0.63 and S.E. = 0.76 m?/m?2.
However, there was a greater discrepancy between shadow fraction averaged results from
all four classes when misclassified pixels were included compared to when they were not
(r2 =0.38, S.E.=1.27 m%/m?). As explained above, this discrepancy is more a function of
the fact that tree density and sunlit background fraction showed a stronger relationship with
LAI than shadow fraction for the mixed forest and OJP classes. It is interesting that the tree
density trajectory position was optimal for predicting LAI in both the correct classification
and the one which included misclassification. This could suggest that, due to the greater
natural variability within this class, the stand density as depicted by the trajectory position
provides a better estimate for LAI compared to any of the component fractions. This is

likely due to the weighted averaging method used to construct the mixed forest trajectory as



Table 6.18. Summary of average resuits for each biophysical parameter (biomass, LAI,
DBH, tree height). Linear regression r? values and standard errors (S.E.)
of predictions from trajectory outputs (tree density, component fractions of
C,B,S) averaged from the four mature dominant land cover classes. Results

including misclassification shown in brackets, best results for each

parameter shown in bold. A level of significance of a = 0.05 was used for

all regressions shown.

a function of the OBS, OJP and OA trajectories. In that process, the trajectory fractions are
averaged from each class at each trajectory position, and each position is defined by tree
density. Therefore, tree density is invariant among each class, and so in the merging of the

individual class trajectories, the tree density parameter is not changed, however, the
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fractions are modified as per equation 5.4. For LAI it is also interesting to note that,
despite the fact that only two of the four individual class r? values were best for shadow
fraction with misclassification, the overall shadow fraction average r? and S.E. values
were still best, and by a considerable margin. This lends further support to the overall

recommendation towards using shadow fraction for estimating this biophysical parameter.

For DBH and tree height, similar trends to biomass and LAI were also found. The
overall average from shadow fraction from the four classes for DBH had a r? = 0.49 and
S.E. of 5.15 cm, whereas with misclassified pixels included, the results decreased
somewhat to 2 =0.39 and S.E. = 5.89 cm. Similar levels were found with tree height,
with values ranging from r2 = 0.52, S.E. = 2.79m with correct land cover information,
which decreased to r?>=0.38, S.E. = 3.76m with misciassified pixels. Although with
both DBH and tree height the r? values were not as high as with biomass and LAI, they do
indicate an ability to predict these more complex biophysical parameters. This suggests
potential for this technique to predict complex forest structural variables based on the ability
to provide forest component fractions at sub-pixel scales when stratified by land cover

class.

6.3.3.4 Comparison with Vegetation Index Results

Having established the importance of land cover stratification in estimating
biophysical parameters, it is desirable to apply this stratification to the computation of
vegetation indices and compare their performance to those obtained from the trajectory

outputs in terms of predicting biophysical parameters. Accordingly, band ratio estimates of



Biophy.
Parameter

Land
Class

Best Indiv.

Trajectory

Trajectory Outputs vs.

Shadow
Fraction

BIOMASS

OBS

.69

.69

OJp 72 .70 34
MIX .68 .50 JEx
OA Sl Sl Jkx
AVG: 65 .60 17
LAI OBS 74 74 .07
OJP 74 .74 .54
MIX .67 .50 **
OA .55 .55 **

.68

.63

42

42

.65

.65

.66

.50

.38

.38

53

49

.38

38

.83

.68

.36

=58

Table 6.19. Linear regression of NDVT values stratified by land cover class with the four
biophysical parameters. Results from shadow fraction also shown, together with
the best overall trajectory outputs per class. For each biophysical parameter, overall
average values are summarised (shown in bold). Results not significant at o =

0.05 shown as **,
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NDVT were computed and input to the linear regression analysis for each correct land cover
class defined by the M@P evidential reasoning classifier. The full set of NDVI results by
class for all four biophysical parameters is shown in Table 6.19, together with a summary
of the resuits obtained from the shadow fraction trajectory values. Also shown in the table
is the best individual result obtained from the trajectory output for each class. This table
serves two purposes. First, it allows a detailed comparison of NDVT results with the
trajectory component of choice. As shown in the previous sections, shadow fraction is the
overall component of choice since it provided the strongest predictive relationships for the
biophysical parameters compared to the other components and tree density. However, as
has been noted, it does not, in all cases provide the best result (e.g. the mixed forest class).
Secondly, this analysis provides insight into the highest overall results possible if one
could selectively choose specific components in different situations such that the strongest
predictive relationship could be made available to a given pixel being analysed. These best
results are shown in the table, together with overall averages computed for each biophysical
variable. Nonetheless, unless it was possible to preferentially select certain components in
certain situations, one must normally choose one of the trajectory outputs for regional scale
use. Therefore, the NDVI results are intended to be compared only with those obtained

from shadow fraction.

Overall, the NDVI had lower r? values than the shadow fraction trajectory outputs.
For biomass, a difference of r?=0.43 was found (shadow fraction, S: r’ = 0.60;
NDVI 2= 0.17). Individual results by class were also rather low for NDVI, with the
exception of OJP which had a r2 = 0.54 compared to a r?>=0.70 for shadow fraction.
NDVT in the mixed forest and OA classes had no relationship to biomass. For LAI, the

same patterns held for all classes as well as the overall case. The difference of averages was
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r2 =047 (S: r2=0.63;: NDVI r?=0.16), with low r* values found for OBS, MIX
and OA. For DBH and tree height, the overall level of r2 values for NDVI was consistent,
and somewhat stronger, at r2 =0.19 for DBH and 0.25 for tree height. However, these
values were lower compared to the shadow fraction results. which had r2 values of 0.49
and 0.52 for DBH and tree height, respectively. Individual class results followed the same
trends as with biomass and LAI. Although the NDVI results improved when stratified by
land cover class (compare NDVT results here to those found in Table 6.13), the overall
predictive ability of NDVI is weak, even when land cover stratification was applied. The
physical basis for the poor performance of NDVT is that it does not account explicitly for
background or shadows which make significant contributions to the overall pixel level
reflectance, nor does it make explicit adjustments for changes in canopy geometry, stand

density, or sun-sensor orientation.

In terms of the best possible resuits obtained from the trajectory outputs, two
important observations are made. Firstly, the overall strengths of the best relationships
between trajectory components and biophysical parameters was found to be quite good,
particularly given the large number of land cover classes considered, and that this set of
classes included a variety of regeneration classes in the initial stratification as well as a
mixed forest class. On average, r? values between 0.65 and 0.70 were found for biomass
and LAI, with average values approximately 0.55 for DBH and tree height. Given that
these results were obtai.led using Landsat TM image data, considerably better results might
be expected from sensors with higher spatial and spectral resolutions. Secondly,
differences were small between the best overall results and those obtained exclusively from
shadow fraction. Overall, the shadow fraction results were only r2 = 0.05 less than the

best results obtained selectively from all trajectory outputs. This is significant since
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normally the analyst would have to choose one trajectory output variable for biophysical
estimation. If the best results varied greatly among trajectory components in terms of class
values and biophysical parameters, it would be difficult to recommend one trajectory output
for use. However, the shadow fraction has been repeatedly shown in this research to be

best suited for the task of biophysical parameter estimation.

6.4 CHAPTER SUMMARY

In this Chapter, the regional scale methodology implemented in the M®P software
package has been evaluated in terms of land cover classification and biophysical parameter
estimation. It was shown that the M@P trajectory mode provided higher classification
accuracies than the training mode, while also providing additional information at sub-pixel
scales for use in estimating biophysical parameters. A two pass sequential weighting
method devised for hybrid mode processing was used to classify the full set of forest cover
classes with greater accuracy than the full training mode. Trajectory outputs within land
cover class stratifications were used to predict four biophysical parameters. Good results
were obtained for biomass and LAI, with a potential shown for predicting tree height and
DBH values. Land cover stratification was shown to be essential for biophysical analysis,
with misclassification errors serving to reduce the overall predictive ability in terms of
biophysical parameters. In all cases, the method implemented here was shown to provide
significant improvements over results obtained using vegetation index methods. In the final
Chapter, presented next, major conclusions are drawn from this thesis research, together

with prospects for future research.
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CHAPTER VII

CONCLUSIONS

7.1 SUMMARY

Understanding the cycling of carbon between the atmosphere and biosphere is of
great scientific and cultural significance as a result of the potential risks to the Earth’s
environment associated with increased concentrations of atmospheric carbon dioxide and
other greenhouse gases from natural and anthropogenic sources, which together are
contributing to change in the physical climate system and possible global warming
(Mitchell, 1989). This is of particular importance in the North American boreal forest,
which is one of the largest biomes on Earth and a major storehouse of organic carbon
within the global carbon cycle (Bonan, 1991a,b). Moreover, this biome occupies vast
tracts of land in the high latitude (45°-65°N) continental interior where a number of climate
models suggest the greatest warming will occur from increased levels of CO, (Pastor and
Post, 1988), with the potential for profound long-term economic and ecological impacts on
agricultural zones as well as boreal forest and Arctic Tundra ecosystems caused by shifts in
major vegetation boundaries (Gates, 1990) driven by feedback mechanisms in the physical

climate system.
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Within these forests, photosynthesis is the key process in which carbon is
sequestered from the atmosphere and accumulated over lengthy growth cycles as standing
biomass and in root systems. Regional scale models of terrestrial carbon flux, ecosystem
processes, biosphere-atmosphere interactions and photosynthetic activity within boreal
forests all require biophysical structural parameters (Sellers and Schimel, 1993). Remote
sensing imagery provides the only appropriate synoptic scale information for determining
these variables such as leaf area index (LAI), net primary productivity (NPP) and biomass
over vast forested areas for assessing and quantifying ecosystem evolution and change.
However, traditional remote sensing processing techniques such as vegetation indices (e.g.
NDVI) have been shown in this research, both theoretically and empirically, to be
unreliable for extracting this information for vegetated canopies, primarily because of the
large influence of background soil and forest floor effects which confound the spectral
signal of vegetation, as well as the variability in canopy cover, geometry, and leaf optical
properties at sub-pixel scales (Sellers, 1985; Curran and Williamson, 1987; Guyot et al.,

1989; Spanner et al., 1990; Lathrop and Pierce, 1991).

To address this problem, this research has investigated a different approach to
proving biophysical estimates from remote sensing data. The approach is based on the
derivation of areal fractions of forest components at sub-pixel scales using spectral mixture
analysis. The forest scene components of sunlit canopy, sunlit background and shadow
fraction have been shown to be useful for providing improved predictions of biophysical
parameters compared to conventional methods. These component fractions were derived
and tested in two separate study areas at different scales. The first study was conducted at
the scale of forest stands using a data set from the NASA COVER Project at the Superior

National Forest, Minnesota USA, located near the southern fringe of the North American
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boreal forest. Spectral mixture analysis was used to derive component fractions from
helicopter MMR radiometer data for 31 stands of black spruce along a gradient of stand
densities. Three geometric-optical reflectance models were compared for estimating sunlit
canopy component reflectance for input to the analysis together with field measures of
background and shadow reflectance. Cylinder, cone and spheroid models of canopy
geometry were evaluated as was the importance of solar zenith angle variations in
reflectance estimates. Component fractions were evaluated against ground data derived
from dense-grid point analyses of coincident high resolution colour photography. In
general, the spheroid model of canopy geometry was better than the cone and cylinder
models, and the importance of correcting for solar zenith angle (SZA) was illustrated with
significant improvements noted for higher SZA as a result of corrections for canopy mutual
shadowing. The best overall results were obtained from the shadow fraction using a
spheroid model of canopy geometry at SZA 45°. Linear regression analyses showed
biomass could be estimated with r2 values of 0.83 and a standard error (S.E.) of 1.7
kg/m2; LAI: r2=0.82, S.E.=0.46; and NPP: r2=0.86, S.E.=0.05 kg/m2/year. These
results were a considerable improvement from those obtained using NDVI, for which

overall r2 results ranged from 0.40 to 0.47 for all three biophysical parameters.

The successful results from the first analysis provided motivation to explore the
application of these techniques to regional scales. That work was performed as part of the
Boreal Ecosystem Atmosphere Study (BOREAS), a large international global change
research project with sites in Saskatchewan and Manitoba. This research used Landsat
Thematic Mapper imagery obtained 2 Septemb=r 1994 over the BOREAS Southem Study
Area. At the regional scale, it was shown that the biophysical analysis needs to be stratified

by land cover in order to provide reasonable predictive estimates of these parameters. An
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integrated land cover classification and biophysical parameter estimation process was
implemented in software to achieve this goal. The approach used a geometric optical
reflectance model to produce spectral trajectories of each major forest land cover class
instead of the more traditional training area approach. These models allowed an explicit,
physical description of forest canopies and trees to be incorporated into the process, as well
as the specification of solar angles, viewing positions, topography and other environmental
factors. Each trajectory is computed over a full range of tree densities. Associated with each
point on the trajectory is a set of pixel level reflectance values together with a set of
component fractions (sunlit background, canopy, and shadow), all of which are derived
from the geometric-optical reflectance model. Using this physically based method, large
training data sets are not required, and further, it is possible to model highly non-linear
multispectral distributions of individual forest classes which conventional statistical
algorithms are not suited to process. In creating these spectral trajectories, a field
spectrometer data collection mission was completed at both BOREAS sites in
Saskatchewan and Manitoba during the 1994 late summer Intensive Field Campaign. A
new software system was written to provide an automated computing environment for
processing field data into surface reflectance end-member values. The end-member spectra,
together with forest canopy dimension information, formed the input to the reflectance
model for deriving the spectral trajectories. These trajectories formed the input to an
evidential reasoning software system, which was upgraded from a supervised training area
based land cover classifier to now include two additional options for physically based
analysis of trajectories, which includes a hybrid trajectory training mode. Each mode was
tested and compared. It was found that higher classification accuracies were obtained using
the spectral trajectories compared to training data for the four major forest classes (Old

Black Spruce, Old Jack Pine, Old Aspen, mixed forest). This was likely due to the
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improved and unbiased characterisation of the full range of stand densities for a class from
the trajectory method, as well as the ability to account for forest components and
understorey reflectance in the overall signal. A full classification of 12 different forest
classes was completed, with the highest accuracy obtained from the hybrid mode with
inputs from spectral trajectories for the major forest classes, with training data used for
classes for which trajectories were not available. For the mature forest classes, an extensive
set of tests for predicting biophysical parameters was performed. Linear regression
analyses showed biomass could be estimated with overall r2 values of 0.60 and a standard
error (S.E.) of 2.4 kg/m?; and LAI: r2=0.64, S.E.=0.76, compared to NDVI results of
r2=0.17 and 0.16 for biomass and LAI, respectively. Potential was also shown for
predicting tree height and diameter at breast height parameters which, from a remote
sensing standpoint, are considerably more difficult to estimate. Major conclusions

resulting from these experiments are presented in the following sections.
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7.2 CONCLUSIONS

A number of major conclusions have been drawn from this thesis research:

* Sub-pixel scale forest component fractions such as sunlit canopy, background, and
shadow derived by spectral mixture analysis provided improved predictions of
biophysical parameters compared to pixel level reflectance values analysed by

vegetation indices.

e Shadow fraction was shown to provide better biophysical predictions than the other
forest components. It is important to specify or correct for solar zenith angle

variations when deriving these fractions for use in biophysical analyses.

* Geometric optical reflectance models provide important physical descriptions of forest
canopies that are useful for modelling end-member reflectance values and for
generating spectral trajectories for input to classification and biophysical estimation
algorithms. The spheroid based geometric optical reflectance model was shown to be

better than cylindrical or conical models of canopy geometry.

* An integrated physically based approach provided a more appropriate framework for
land cover classification and biophysical parameter estimation compared to
conventional statistical classification methods and vegetation indices. In this research,
a modern multi-source evidential reasoning classifier was coupled with physically
based model inputs from which both land cover classes and biophysical information

was derived.
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* Using advanced remote sensing image processing algorithms and models it is possible
to provide accurate land cover stratification and good estimates of biophysical

parameters such as biomass, leaf area index and net primary productivity.

7.3 CONTRIBUTIONS TO RESEARCH

Contributions to the research community from this work are in the areas of
methodological advances, software products, environmental applications, as well as data

contributions to BOREAS science. These are discussed in turn below.

* Methodological advances

I. The use of spectral mixture analysis has been validated and refined for biophysical
parameter estimation in forest stands. Improvements in the areas of optical

modelling, solar zenith angle correction, and scene fraction validation have been

provided.

2. At the regional scale, a physically based methodology has been implemented which
combines optical reflectance models, image classifiers, and the concepts of spectral
mixture analysis to provide an integrated method for land cover classification and

biophysical parameter estimation.
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¢ Software products

. A computer macro program has been written for automated processing of field

spectrometer data into reflectance values (SPECTRA XLM, Appendix A).

2. A program was created which provides a direct interface to the geometric optical
reflectance model for the purpose of generating spectral trajectories.

(BAT_GOMS.C, Appendix B)

3. A significant upgrade to an evidential reasoning software system (MERCURY®)
has been implemented in software. In addition to the supervised training mode, the
new M®P software now provides options for full trajectory mode processing as
well as a hybrid trajectory-training mode. The full training mode has been shown
in other studies to provide improved accuracies for classifying multi-source data
sets compared to maximum likelihood, linear discriminant analysis and neural
network algorithms, with the new upgraded M@P version run in trajectory mode
providing the highest accuracies compared to full training mode results in

BOREAS (M®P code is listed in Appendix C).

¢ Environmental applications:

1. An improved method for determining land cover and estimating biophysical
parameters has been developed. These could be of interest to other scientists who
require these parameters for input to ecosystem or carbon models. These methods

could also be of interest to forest scientists and managers who require these data
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over larger areas. The longer term goal for these efforts is that they might
contribute to a better understanding of global change processes over vast tracts of

land in the boreal forest, and possibly elsewhere.

e Contributions to BOREAS:

The BOREAS information system (BORIS) contains the full archive of field and
remotely sensed data collected by BOREAS investigators. These data are quality
checked and are currently available to all BOREAS scientists on the World Wide Web.
Access to the general scientific community will be provided after a nominal post
experiment period, providing a significant and complete data set to the international
scientific and global change research communities. Contributions to BORIS from this

research include:

1. Field spectrometer data collected during the BOREAS 1994 FFC-T and IFC-3 field
campaigns at both the SSA and NSA study areas have been processed to

reflectance and delivered to the RSS-19 central data archive and BORIS.

2. Results from the BOREAS SSA land cover classification and biophysical
parameter estimation work completed here will be evaluated for submission to

BORIS.
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7.4 FUTURE RESEARCH

A variety of areas for future research have been identified. These include follow on
work using the Superior National Forest and BOREAS data sets, as well as applications to

other environments. These are discussed in sequence.

As part of the BOREAS project, a large and comprehensive remote sensing data set
from a wide array of airborne and satellite platforms has been assembled. Many options
exist for applying the algorithms developed here to other image products such as airborne
CASI, AVIRIS, ASAS and MAS as well as satellite SPOT and AVHRR. As the author is
a member of BOREAS remote sensing science project RSS-19, the CASI image products
collected within this project are of immediate interest. This data set alone offers a wide
selection of band sets, resolutions and bi-directional imagery (Miller et al., 1995). The
spectral mixture and optical modeling methods implemented here could be applied to these
data, and possibly linked to spatial analysis methods such as texture measures which have
been useful in studies with CASI elsewhere (e.g. Franklin and McDermid, 1993; Franklin,
1994; Wulder et al., 1996ab; see also the review of texture in Jensen, 1996 p.187-192).
For the regional scale, it would be of interest to explore improved radiative transfer models
and further develop the integrated physically based classification and biophysical
algorithms developed here. It would also be useful to explore new ways of deriving
biophysical estimates in a more direct fashion, instead of the regression analysis approach
used in this work. A good approach would be to attempt to describe the physical
relationships that exist between shadow fractions and biophysical parameters, using an
empirical approach to test and refine theoretical hypotheses. The BOREAS project also

contains a large muliti-temporal data set with acquisitions ranging from winter through late
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summer, including a near continuous characterisation of the growing season. It would be
particularly interesting to apply the algorithms developed here to the winter time or winter-
spring thaw periods (FFC-W, FFC-T) to evaluate the ability to extract forest parameters
during these times. The advantage here would be the more homogeneous snow cover
understorey, however, the significantly higher solar zenith angles would need to be
characterised properly. The mutual shadowing geometric optical reflectance model (Li and
Strahler, 1992) used in this research would be well suited for these higher SZA. Field
spectrometer data collected by the author during FFC-T could be used in such analysis. The
NASA COVER data set from Superior National Forest is also of interest for additional
research. These data were acquired over a decade ago and therefore provide an excellent
basis for multi-temporal analysis. Further, given the location of the study site near the
extreme southern fringe of the boreal forest, this area may be particularly sensitive to global

change (Hall et al., 1992).

The methods developed here could also have applications to other forested areas as
well as other environments. Of immediate interest here is the application of these methods
to the Brazilian Amazon as part of the International Geosphere-Biosphere Programme
(IGBP) LBA project (IGBP, 1994), for which the author is a collaborating scientist with
NASA GSFC and the Brazilian Space Agency. That work will involve the remote
estimation of biophysical properties in the tropical rainforest. Another line of research
evolving from this thesis work is to apply methods developed here to high relief,
mountainous terrain. This would involve extensive use of digital elevation models and also
the modification of the geometric optical reflectance model inputs to incorporate
topographic slope and aspect. The author has previous experience with land cover

classification in mountainous terrain. For example, the original MERCURY® software
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package was developed for alpine land cover classification and permafrost remote sensing
experiments (Peddle, 1993, 1995a,b; Peddle and Franklin, 1993), and has since been
applied in several studies in the Colorado Rockies (Peddle and Duguay, 1995, 1996;
Duguay and Peddle, 1996). Extending the BOREAS biophysical research into a
mountainous setting therefore represents an area of immediate interest towards providing a

more comprehensive regional scale analysis of forested areas in Canada.

The concepts of spectral mixture analysis have also been shown to be useful in
studies of marine environments at several tropical and polar ocean based sites in
collaboration with researchers at the University of Waterloo. One line of work involves the
analysis of tropical coral reefs in which mixture fractions computed for coral and water
targets have been used to adjust coral fractions for the optical attenuation of water, with the
longer term goal to assess environmental degradation resulting from coral bleaching
(LeDrew et al., 1995b). An initial study completed in Fiji has shown positive results using
this technique at individual sites and over larger areas (Peddle et al., 1995a, 1996a). It may
be possible to apply new capabilities of the M®P algorithm for merging scene stratification
with mixture fraction output towards a more regional scale coral reef inventory analysis. A
second marine application involves the analysis of multi-temporal Arctic sea ice
concentrations. [n that work, the idea of spectral mixture analysis has been recast into the
time domain to create a time series analysis approach which we have called “Temporal
Mixture Analysis” (Piwowar et al., 1996a,b). Beyond this, the intuitive appeal of sub-pixel
scale analysis linked to regional scale applications resuits in the possibility of applying

these methods to a variety of other environments.
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Clearly, many opportunities for future work have evolved from this thesis research.
Of immediate interest is continued work within the forestry context. As described above,
the thrust of the next phase of work will involve new dimensions and analysis within the
BOREAS project, as well as the development of new approaches for obtaining biophysical
estimates in other environments such as mountainous study areas established in the Rocky
Mountains of southern Aiberta and Colorado, and the tropical rain forest of Brazil. The
contribution of the present work sets the context for future research. In this work, the goal
has been to implement new approaches to the estimation of biophysical parameters which
are important in studies of the carbon cycle and global change. The continued increase in
data quality and availability provided through projects such as BOREAS and LBA, together
with the approaching launch of the EOS system and other advances in airborne and satellite
remote sensing systems create the possibility for new opportunities to further refine these
approaches, consider smaller spatial scales (e.g. larger regional areas, continental scales),
and transfer these techniques to other environments. These next steps will be important as a
contribution towards providing improved land-surface parameterisations as one component
within complex numerical models of environmental processes and change. The underlying
motivation is to contribute to efforts by the scientific community to provide quality
information to society and policy makers regarding the current and future state of the

environment.



265

REFERENCES

Adams, J.B. and Adams, J.D. 1984. Geologic mapping using Landsat MSS and TM
images: Removing vegetation by modeling spectral mixtures. Proceedings of the
3rd Thematic Conference on Remote Sensing for experimental Geology, Colorado
Springs, Colorado, (Michigan: ERIM). 615-622.

Adams, J B., Smith, M.O. and A R. Gillespie, 1989. Simple models for complex natural
surfaces: a strategy for the hyperspectral era of remote sensing. Proceedings of the
International Geoscience and Remote Sensing Symposium (IGARSS’89)/12th
Canadian Symposium on Remote Sensing. 1:6-21.

Adams, J.B., Smith, M.O. and A.R. Gillespie, 1993. Imaging spectroscopy:
interpretation based on spectral mixture analysis. /n Topics in Remote Sensing 4
Remote Geochemical analysis: Elemental and Mineralogical Composition, p. 145-
166. Pieters and Englert (eds.). Cambridge.

Adams, J.B., Smith, M.O. and Johnson, P. 1986. Spectral mixture modeling, a new
analysis of rock and soil types at the Viking Lander | site. Journal of Geophysical
Research 91, B8:8098-8112.

Ahern, F.J,, J. Sirois, W.D. McColl, R.P. Gauthier, T.T. Alfoldi, W.H. Patterson and
T.A. Erdle, 1991. Progress toward improving aerial defoliation survey methods by

using electronic imagers. Photogrammetric Engineering & Remote Sensing,
57(2):187-193.

Ahern, F.J., D.J. Leckie and J.A. Drieman, 1993. Seasonal changes in relative C-band
backscatter of northern forest cover types. /[EEE Transactions on Geoscience and
Remote Sensing, 31(3):668-680.

Ahemn, F.J., R.Landry, J.S.Paterson, D.Boucher and I.McKirdy, 1995. Forest landcover
information content of multi-frequency multi-polarized SAR data of a boreal forest.

In, Proceedings, 17th Canadian Symposium on Remote Sensing, Saskatoon, SK,
Canada. Vol II, p.537-549.

Ahern, F.J., LMcKirdy and J. Brown, 1996. Boreal forest information content of muiti-
season, multipolarization C-band SAR data. Canadian Journal of Remote Sensing.
22(4): 456-472.

Anger, C.D., S. Mah, and S. Babey, 1994. Technological enhancements to the compact
airborne spectrographic imager (casi). In: Proceedings of the First International
Conference on Airborne Remote Sensing, Strasbourg, France. Vol II, p. 205-213.

Apps, M.J., 1993. NBIOME: A biome-level study of biospheric response and feedback to
potential climate changes. World Res. Rev. 5(1):41-65.

Apps, M.J.,, W.AKurz, R.J.Luxmoore, 1.O.Nilsson, R.A.Sedjo,R.Schmidt, I.G.
Simpson, and T.S.Vinson, 1993. The changing role of circumpolar boreal forests
and tundra in the global C cycle. Water, Air and Soil Pollution. 70:39-53.



266

Apps, M.J., D.T.Price and J. Wisniewski (eds), 1995. Boreal forests and global change.
Kluwer Academic Publishers, Dordrecht. 548 p.

Arai, K. and Terayama, Y. 1992. Label relaxation using a linear mixture model.
International Journal of Remote Sensing, 13(16):3217-3227.

Arrhenius, S., 1896. On the influence of carbonic acid in the air on the temperature of the
ground. Philosphical Magazine, 41:237-276.

ASD, 1993. Analytical Spectral Devices Inc. Personal Spectrometer II - Reference Manual.
ASD Inc., Boulder, Colorado. Variously paged.

Asrar, G. and J. Dozier, 1994. EOS: NASA Science Strategy for the Earth Observing
System. Office of the Mission to Planet Earth. AIP Press, Woodbury NY. 119.

Asrar, G., 1990. Mission to planet Earth: a global change programme. i-v. In Remote
Sensing and Global Change. Proceedings of the 16th Annual Conference of the
Remote Sensing Society. Coulson, M.G. (ed.). University of Nottingham,
Nottingham, England. 488.

Babey, S.K. and C.D. Anger, 1989. A Compact Airborne Spectrographic Imager (CASI).
Proceedings of the International Geoscience and Remote Sensing Symposium
IGARSS’89 / 12th Canadian Symposium on Remote Sensing. 4:1028-1031.

Band, L.E., P. Patterson, R.R. Nemani and S.W. Running, 1991a. Forest ecosystem
processes at the watershed scale: incorporating hillslope hydrology. Agricultural
Forest Meteorology 63:93-126.

Band, L.E., D.L. Peterson, S.W. Running, J.C. Coughlan, R. Lammers, J. Dungan, and
R.R. Nemani, 1991b. Forest ecosystem processes at the watershed scale: basis for
distributed simulation. Ecological Modelling 56:171-196.

Baret, F. and G. Guyot, 1991. Potentials and limits of vegetation indices for LAI and
APAR assessment. Remote Sensing of Environment, 35:161-173.

Barker Schaaf, C. and A.H. Strahler, 1993. Solar zenith angle effects on forest canopy
hemispherical reflectances calculated with a geometric-optical bidirectional
reflectance model. [EEE Transactions on Geoscience and Remote Sensing,
31(4):921-927.

Birnie, R.V. 1986. Pixel-mixing effects and their significance to identifying snow
condition from Landsat MSS data. International Journal of Remote Sensing,
7(7):845-853.

Boardman, J.W., 1993. Automated spectral unmixing of AVIRIS data using convex
geometry concepts. In Proceedings, Fourth Annual JPL Airborne Geoscience
Workshop, October 25-29, 1993. R.O. Green (ed.). NASA, Pasadena,
California. p. 11-14.



267

Bolin, B, 1981. Carbon Cycle Modeiling. Proceedings and Book Chapters from a
Workshop on the Global Carbon Cycle, La Jolla California USA. International
Council of Scientific Unions (ICSU),Scientific Committee on Problems of the
Environment -SCOPE 16. 390 p.

Bolin, B,. E. Degens, S. Kempe and P. Ketner, 1979. The Global Carbon Cycle.
Proceedings and Book Chapters from a Workshop on the Global Carbon Cycle,
Ratzeburg, Germany, 1977. International Council of Scientific Unions (ICSU),
Scientific Committee on Problems of the Environment - SCOPE 13. 528 p.

Bolle, H.J., 1991. Land surface transformation processes. In, Report of the earth
observation user consultation meeting, European Space Agency, Enschede, The
Netherlands. Vol. SP-1143, p. 181-192.

Bonan, G.B., 1991a. Atmosphere-biosphere exchange of carbon dioxide in boreal forests.
Journal of Geophysical Research, 96(D4):7301-7312.

Bonan, G.B., 1991b. Seasonal and annual carbon fluxes in a boreal forest landscape.
Journal of Geophysical Research, 96(D9):17,329-17,338.

Bonan, G.B., Shugart, H.H. and D.L. Urban, 1990. The sensitivity of some high-latitude
boreal forests to climatic parameters. Climatic Change, 16(1):9-29.

Bonham, C.D., 1989. Measurements for Terrestrial Vegetation. John Wiley & Sons,
New York. 338 p.

BOREAS, 1994. Boreal Ecosystem Atmosphere Study Experiment Plan Version 3.0, May
1994. P.J. Sellers et al. (eds.), NASA Goddard Space Flight Center, Greenbelt,
MD. 4 volumes, variously paged (orange covers).

Borel, C.C. and S.A.-W. Gerstl, 1994. Nonlinear spectral mixing models for vegetative
and soil surfaces. Remote Sensing of Environment, 47:403-416.

Caselton, W.F., and W. Luo, 1992, Decision making with imprecise probabilities -
Dempster Shafer theory and application. Water Resources Research, 28(12): 3071-
3083.

CGCP, 1989. Canadian Global Change Program, Report # 3: Contributions of Satellite
Observations to the CGCP. Royal Society of Canada. Ottawa. 40 p.

Chappellaz, J. J.M. Barnola, D.Raynaud, Y.S.Korotkevich and C.Lorius, 1990. Ice core
record of atmospheric methane over the past 160,000 years. Nature
345(6271):127-131.

Chen, J.M., and J. Cihlar, 1995. Quantifying the effect of canopy architecture on optical
measurements of leaf area index using two gap size analysis methods, /EEE
Transactions on Geoscience and Remote Sensing, 33(3): 777-787.



268

Chen, J.M., and J. Cihlar, 1996. Retrieving leaf area index of boreal conifer forests using
Landsat TM images, Remote Sensing of Environment, 55:153-162.

Chen, J.M., 1996. Evaluation of vegetation indices and a modified simple ratio for boreal
applications, Canadian Journal of Remote Sensing. 22(3): 229-242.

Chen, Z., Curran, P.J. and J.D. Hansom, 1992. Derivative reflectance spectroscopy to
estimate suspended sediment concentration. Remote Sensing of Environment,
40(1):67-77.

Chikara, R.S. 1984. Effect of mixed (boundary) pixels on crop proportion estimation.
Remote Sensing of Environment, 14:207-218.

Cibula, W.G. and M.O. Nyquist, 1987. Use of topographic and climatological models in
a geographical data base to improve Landsat MSS classification for Olympic
National Park. Photogrammetric Engineering & Remote Sensing, 53 (1):67-75.

Cihlar, J., L. St. Laurent and J.A. Dyer, 1991. Relation between the normalized
difference vegetation index and ecological variables, Remote Sensing of
Environment, 35:279-298.

Clark, R.N., G. Swayze, T. King, A. Gallagher, and W. Calvin, 1993. The U.S.
Geological Survey Digital Spectral Reflectance Library, Version 1. In, Proceedings
of the Fourth Annual JPL Airborne Geoscience Workshop, October 25-29, 1993.
R.O. Green (ed.). NASA, Pasadena, California. p. 37-39

Cohen, W.B., 1991. Response of vegetation indices to changes in three measures of leaf
water stress. Photogrammetric Engineering & Remote Sensing, 57(2):195-202.

Craig, M., 1990. Unsupervised unmixing of remotely sensed images. In Proceedings of
the 5th Australasian Remote Sensing Conference, Perth, Australia. p. 324-330.

Craig, M., 1994. Minimum-volume transforms for remotely sensed data. IEEE
Transactions on Geoscience and Remote Sensing, 32(3):542-552.

Crist, E.P. and R.C. Cicone, 1984. A physically-based transformation of Thematic
Mapper data - the TM tasseled cap. IEEE Transactions on Geoscience and Remote
Sensing, GE22(3):256-263.

Cross, A.M., J.J. Settle, N.A. Drake, and R.T. Paivinen, 1991. Sub-pixel measurement
of tropical forest cover using AVHRR data. [International Journal of Remote
Sensing 12(5), p- 1119-1129.

Curran, P.J. and H.D. Williamson, 1987. GLAI estimation using measurements of red,
near infrared, and middle infrared radiance. Photogrammetric Engineering and
Remote Sensing, 53(2):161-186.

Curran, P.J. and J.L. Dungan, 1989. Estimation of signal-to-noise: a new procedure
applied to AVIRIS data. IEEE Transactions on Geoscience and Remote Sensing,
27:620-628.



269

Curran, P.J., 1985. Principles of Remote Sensing. Longman, London. 282 p.

Curran, P.J., 1989. Remote sensing of foliar chemistry. Remote Sensing of
Environment, 30:271-278.

Curran, P.J., Dungan, J.L., and H.L. Gholz, 1990. Exploring the relationship between
reflectance red edge and chlorophyll content in slash pine. Tree Physiology, 7:33-
48.

Curran, P.J., Dungan, J.L., Macler, B.H. and S.E. Plummer, 1991. The effect of a red
leaf pigment on the relationship between red edge and chlorophyll concentration.
Remote Sensing of Environment, 35:69-79.

D’Arrigo, R., Jacoby, G.C., and LY. Fung, 1987. Boreal forests and atmosphere-
biosphere exchange of carbon dioxide. Nature, 329:321-323.

De Abreu, R.,1995. Personal Communication, Earth Observations Laboratory, University
of Waterloo.

Dean, K.G., Kodama, Y. and G. Wendler, 1986. Comparison of leaf and canopy
reflectance of subarctic forests. Photogrammetric Engineering and Remote
Sensing, 52(6):809-811.

Deering, D.W. and P. Leone, 1986. A sphere-scanning radiometer for rapid directional
measurements of sky and ground radiance. Remote Sensing of Environment. 19:
1-24.

Deering, D.W., Middleton, E.M. and T.F. Eck, 1994. Reflectance anisotropy for a
spruce-hemlock forest canopy. Remote Sensing of Environment, 47:242-260.

Demetriades-Shah, T.H., Steven, M.D., and J.A. Clark, 1990. High resolution derivative
spectra in remote sensing. Remote Sensing of Environment, 33:55-64.

Dempster, A.P., 1967, Upper and lower probabilities induced by a multi-valued mapping.
Annals of Mathematical Statistics, 38:325-339.

Detchmendy, D.M. and W.H. Pace, 1972. A model for spectral signature variability for
mixtures. In Remote Sensing of Earth Resources, Volume I, F. Shahrokhi (ed.),
Tullahoma Tennessee, 596-620.

Dick, K. and J.R. Miller, 1991. Derivative Analysis Applied to High Resolution Optical
Spectra of Freshwater Lakes. Proceedings of the 14th Canadian Symposium on
Remote Sensing, Calgary, Alberta: 400-403.

Duffett-Smith, P., 1990. Practical Astronomy, Cambridge University Press.
Duguay, C.R. and E.F. LeDrew, 1991. Mapping surface albedo in the east slope of the

Colorado Front Range, U.S.A., with Landsat Thematic Mapper. Arctic and Alpine
Research, 23(2):213-223.



270

Duguay, C.R. and D.R. Peddle, 1996. Comparison of evidential reasoning and neural
network approaches in a multi-source classification of alpine tundra vegetation.
Canadian Journal of Remote Sensing. 22(4): 433-440.

Farish, D.J., 1986. Introduction to Biology: A Human Perspective. Jones and Bartlett
Publishers, Inc., Boston. 574 p.

Farrand, W.H., Singer R.B. and E. Merenyi, 1994. Retrieval of apparent surface
reflectance from AVIRIS data: a comparison of empirical line, radiative transfer,
and spectral mixture methods. Remote Sensing of Environment, 47:311-321.

Fleming, M.D. and R. M. Hoffer, 1979. Machine Processing of Landsat MSS and DMA
Topographic Data for Forest Cover Type Mapping. Proceedings, Fifth Annual
Symposium on Machine Processing of Remotely Sensed Data, LARS, Purdue
University, Indiana, USA. p. 377-390.

Foschi, P.G. 1993. Estimating land cover proportions within mixed pixels using a
moving-window algorithm. ASPRS/ACSM conference 102-107.

Frank, T.D., 1988. Mapping dominant vegetation communities in the Colorado Rocky
Mountain Front Range with Landsat thematic and digital terrain data.
Photogrammetric Engineering and Remote Sensing, 54(12):1727-1734.

Franklin, J. and A.H. Strahler, 1988. Invertible canopy reflectance modeling of vegetation
structure in semiarid woodland. [EEE Transactions on Geoscience and Remote
Sensing, 26(6):809-825 (plus erratum).

Franklin, J., S.D. Prince, A.H. Strahler, N.P. Hanan and D.S. Simonett, 1991.
Reflectance and transmittance properties of West Africa savanna trees from ground
radiometer measurements. International Journal of Remote Sensing. 12(6):1369-
1385.

Franklin, J., 1995. Predictive vegetative mapping: geographic modeling of biospatial
patterns in relation to environmental gradients, Progress in Physical Geography,
19(4): 474-499.

Franklin, S.E., 1987. Terrain analysis from digital patterns in geomorphometry and
Landsat MSS spectral response. Photogrammetric Engineering & Remote Sensing,
53(1): 59-65.

Franklin, S.E., 1989. Classification of Hemlock Looper damage using SPOT HRV
imagery. Canadian Journal of Remote Sensing, 15(3):178-182.

Franklin, S.E., and B.A. Wilson, 1991. Spatial and spectral classification of remote
sensing imagery, Computers & Geoscierces, 17(8): 1151-1172.

Franklin, S.E., 1992. Satellite remote sensing of forest type and land cover in the
subalpine forest region, Kananaskis Valley, Alberta. Geocarto International. 4:25-
3s.



271

Franklin, S.E., and G.J. McDermid, 1993. Empirical relations between digital SPOT
HRYV and CASI spectral response and lodgepole pine (Pinus contorta) forest stand
parameters, International Journal of Remote Sensing, 14(12): 2331-2348.

Franklin, S.E., 1994. Discrimination of subalpine forest species and canopy density using
digital CASI, SPOT PLA, and Landsat TM data, Photogrammetric Engineering &
Remote Sensing, 60(10):1233-1241.

Franklin, S.E., M.B. Lavigne, B.A. Wilson and E.R. Hunt, 1994. Empirical relations
between balsam fir forest stands conditions and ERS-1 SAR data in western
Newfoundland, Canadian Journal of Remote Sensing, 20(2):124-130.

Franklin, S.E., R.H. Waring, R.W. McCreight, W.B. Cohen, and M. Fiorella, 1995.
Aerial and satellite sensor detection and classification of western spruce budworm
defoliation in a subalpine forest. Canadian Journal of Remote Sensing, 21(3):299-
308.

Garvey, T.D., 1987, Evidential reasoning for geographic evaluation for helicopter route
planning. IEEE Transactions on Geoscience and Remote Sensing, 25(3): 294-304.

Garvey, T.D., I.D. Lowrance, and M.A. Fischler, 1981, An inference technique for
integrating knowledge from disparate sources. Proceedings, Seventh International
Conference on Artificial Intelligence, Vancouver, Canada, p. 319-325.

Gates, D.M., 1990. Climate change and forests. Tree Physiology, 7:1-5.

Gates, D.M., Keegan, H.J,, Schleter, J.C. and V.R. Weidner, 1965. Spectral properties
of plants. Applied Optics, 4:11-20.

Goel, N.S. and T. Grier, 1988. Estimation of canopy parameters for inhomogeneous
vegetation canopies from reflectance data. III. TRIM: a model for radiative transfer
in heterogeneous three-dimensional canopies. Remote Sensing of Environment,
25:255-293.

Goel, N.S. Knox, L.B. and J.M. Norman, 1990. From artificial life to real life: computer
simulation of plant growth. International Journal of General Systems, 18:291-319.

Goel, N.S., 1989. Inversion of canopy reflectance models for estimation of biophysical
parameters from reflectance data. p. 205-251. In Theory and Applications of
Optical Remote Sensing, G. Asrar (ed.). John Wiley & Sons, New York. 734 p.

Goel, N.S_, Rozehnal, I. and R.L. Thompson, 1991. A computer graphics based model
for scattering from objects of arbitrary shapes in the optical region. Remote
Sensing of Environment, 36:73-104.

Goetz, A.F., Vane, G., Solomon, J. and B.N. Rock, 1985. Imaging spectrometry for
earth remote sensing. Science, 228:1147-1153.



272

Goldberg, M., D.G. Goodenough, M. Alvo, and G. Karam, 1985, A hierarchical expert
system for updating forestry maps with Landsat data. Proceedings of the IEEE.,
73(6): 1054-1063.

Gong, P. and P.J. Howarth, 1990. An assessment of some factors influencing
multispectral land-cover classification. Photogrammetric Engineering & Remote
Sensing, 56(5):597-603.

Gong, P., J.R. Miller and M. Spanner, 1994. Forest canopy closure from classification
and spectral unmixing - multi-sensor evaluation of an open canopy. [EEE
Transactions on Geoscience and Remote Sensing, 32(5): 1067-1080.

Gong, P, Pu, R, and J.R. Miller, 1992. Correlating leaf area index of ponderosa pine
with hyperspectral CASI data. Canadian Journal of Remote Sensing, 18(4):275-
282.

Goward, S. N., K.F. Huemmrich, and R.H. Waring, 1994. Visible-near infrared spectral
reflectance of landscape components in western Oregon. Remote Sensing of
Environment, 47: 190-203.

Government of Canada, 1991. The State of Canada’s Environment. Supply and Services
Canada, Ottawa. 27 Sections plus Appendices.

Graham, R.L., Tummer, M.G., and V.H. Dale, 1990. How increasing CO?2 and climate
change affect forests. BioScience, 40(8):575-587.

Guyot, G., D. Guyon and D.G.J. Riom, 1989. Factors affecting the Spectral Response
of forest canopies: a review. Geocarto International, 3:3-18.

Hall, F.G., Huemmrich, K.F. and S.N. Goward, 1990. Use of narrow-band spectra to
estimate the fraction of absorbed photosynthetically active radiation. Remote
Sensing of Environment, 32(1):47-54.

Hall, F.G., Huemsmrich, K.F., Strebel, D.E., Goetz, S.J., Nickeson, J.E. and K.D.
Woods, 1992. Biophysical, Morphological, Canopy Optical Property, and
Productivity Data from the Superior National Forest. NASA Technical
Memorandum 104568, Goddard Space Flight Center, Greenbelt, Maryland.
Unpaginated.

Hall, F.G., 1994. Remote sensing and regional forest applications - a current assessment.
In Forest Ecosystem Management: the Role of Remote Sensing and GIS, V.A.
Sample (ed.), Island Press.

Hall, F.G., Y.E. Shimabukuro and K.F. Huemmrich, 1995. Remote sensing of forest
biophysical structure in boreal stands of picea mariana using mixture decomposition
and geometric reflectance models. Ecological Applications. 5(4): 993-1013.

Hall, F.G., 1996. A physically-based approach to land cover classification and biophysical
parameter estimation. Unpublished NASA Internal Document.



273

Hall, F.G., C.J. Tucker, D. Kimes, D. Peddle, L. Steyaert, Y. Shimabukuro, 1996. An
algorithm for integrated classification of land cover and estimation of biophysical
characteristics. NASA Earth Observing System, Mission to Planet Earth (EOS-
MTPE) MODIS Science Team Proposal (NASA Research Announcement 95-
MTPE-03). F.G. Hall, Principal Investigator, 5 Co-investigators.

Halliwell, D. and M.J. Apps, 1995. BOREAS Biometry and Auxiliary Sites: Locations and
Descriptions. Report prepared for Northern Forestry Centre, Canadian Forestry
Service - Northwest Region. Version 2.0, July 1995. 122 p.

Halliwell, D. and M.J. Apps, 1996. BOREAS Biometry and Auxiliary Sites: Overstorey
and Understorey Data. Report prepared for Northern Forestry Centre, Canadian
Forestry Service - Northwest Region. Version 2.0, January 1996. 256 p.

Hanan, N.P., Prince, S.D. and Hiemaux, P.H.Y., 1991. Spectral modelling of multi-
component landscapes in the Sahel. International Journal of Remote Sensing,
12(6):1243-1258.

Hanan, N.P., $.D. Prince, and J. Franklin, 1993. Reflectance properties of West Africa
savanna trees from ground radiometer measurements. II. Classification of
components. International Journal of Remote Sensing. 14(6):1081-1097.

Hare, K.J. and J.C. Ritchie, 1972. The boreal bioclimates. Geogr. Rev., 62(3):333-365.

Harrington, I.B., 1987. Climatic change: a review of causes. Canadian Journal of Forest
Research, 17:1313-1339.

Hendrickson, O.Q., 1990. How does forestry influence atmospheric carbon. The
Forestry Chronicle, 66(5):469-472.

Holben, B.N. and Shimabukuro, Y.E. 1993. Linear mixing model applied to coarse
spatial resolution data from multispectral satellite sensors. International Journal of
Remote Sensing, 14(11):2231-2240.

Horler, D.N.H., Dockray, M. and J. Barber, 1983. The red edge of plant leaf reflectance.
International Journal of Remote Sensing, 4:273-288.

Horwitz, H.M., Nalepka, R.F., Hyde, P.D. and Morgenstern, J.P., 1971. Estimating the
proportions of object within a single resolution element of a multispectral scanner.
Proceedings, Seventh International Symposium on Remote Sensing of
Environment, ERIM, Ann Arbor, MI. 2:1307-1320.

Huete, A.R., 1988. A soil-adjusted vegetation index (SAVI). Remote Sensing of
Environment, 25:295-309.

IGBP, 1990. International Geosphere-Biosphere Programme: A Study of Global Change.
Report 12 - The Initial Core Projects. Graphic Systems Printers, Stockholm,
Sweden.



274

IGBP, 1994. Biosphere-atmosphere field experiment in Amazonia: Lambada / Baterista /
Ambiace (LBA). In. Global Change Newsletter: International Geosphere-Biosphere
Programme: 18:3-5.

IPCC, 1995. Intergovernmental Panel on Climate Change. Climate Change 1995 - The
Science of Climate Change. Summary for Policymakers and Technical Summary of
the Working Group I Report from the fifth session of [PCC-WGI, Madrid, Spain,
November 1995. 55 p.

Jackson, R.D., Reginato, R.J., Pinter, P.J., and S.B. Idso, 1979. Plant canopy
information extraction from composite scene reflectance of row crops. Applied
Optics, 18(22):3775-3782.

Jasinski, M. F. and Eagleson, P. S., 1989. The structure of red-infrared scattergrams of
semi-vegetated landscapes, [EEE Transactions on Geoscience and Remote Sensing,
27(4):441-451.

Jasinski, M. F. and Eagleson, P. S., 1990. Estimation of sub-pixel vegetation cover using
red-infrared scattergrams, /EEE Transactions on Geoscience and Remote Sensing ,
28(2):253-267.

Jasinski, M. F., 1990. Functional relation among sub-pixel canopy cover, ground
shadow, and illuminated ground at large sampling scales. In: Society of Photo
Optical Instrumentation Engineers, Orlando, FL. SPIE 1300, Remote Sensing of
the Biosphere. p. 48-58.

Jensen, J.R., 1996. Introductory Digital Image Processing - A Remote Sensing
Perspective. Second Edition. Prentice Hall Series in Geographic Information
Science. Prentice Hall, Upper Saddle River, New Jersey. 316 p.

Johnson, P.E., Smith M.O., Taylor-George, S. and J.B. Adams, 1983. A semi-empirical
method for analysis of the reflectance spectra of binary minerai mixtures. Journal
of Geophysical Research, 88(B4):10,3557-3561.

Jones, A.R., J.J. Settle and B.K. Wyatt, 1988. Use of digital terrain data in the
interpretation of SPOT-1 HRV multispectral imagery. International Journal of
Remote Sensing, 9(4):669-682.

Jordan, C.F., 1969. Derivation of leaf area index from quality of light on the forest floor.
Ecology, 50:663-666.

Jupp, D.L.B. and A.H. Strahler, 1991. A hotspot model for leaf canopies. Remote
Sensing of Environment, 38:193-210.

Justice, C.O., Wharton, S.W. and B.N Holben, 1981. Application of digital terrain data
to quantify and reduce the topographic effect on Landsat data. /nternational Journal
of Remote Sensing, 2(2):213-230.



275

Kaufman, Y.J. and D. Tanre, 1992. Atmospherically resistant vegetation index (ARVI)
for EOS-MODIS. [EEE Transactions on Geoscience and Remote Sensing,
30(2):261-270.

Kauppi, P. and M. Posch, 1985. Sensitivity of boreal forests to possible climatic
warming. Climatic Change, 7(1):45-54.

Kauth, R.J. and G.S. Thomas, 1976. The tasseled cap - a graphic description of the
spectral-temporal development of agricultural crops as seen by LANDSAT. 4B-41-
4B-51. In Machine Processing of Remotely Sensed Data.

Keeling, C.D., 1983. The global carbon cycle: what we know and could know from
atmospheric, biospheric and oceanic observations. [n Proceedings of the Carbon
Dioxide Research Conference: Carbon Dioxide, Science, and Consensus, DOE
CONF-820970, NTIS Springfield Virginia. II.3 - 62.

Kimes, D.S., 1983. Dynamics of directional reflectance factor distributions for vegetation
canopies. Applied Optics, 22(9):1364-1372.

Kurz, W.A,, M.1. Apps, T.M. Webb and P.J. McNamee, 1992. The carbon budget of the
Canadian forest sector. Information report NOR-X-326. Forestry Canada,
Northwest Region, Northern Forestry Centre, Edmonton. 93 p.

Lathrop, Jr.,, R.G. and L.L. Pierce, 1991. Ground-based canopy transmittance and
satellite remotely sensed measurements for estimation of coniferous forest canopy
structure. Remote Sensing of Environment, 36:179-188.

Lay, S.R., 1982. Convex Sets and Their Applications. John Wiley and Sons, New York.

Leblon, B., H. Granberg, and S.D. Charland, 1996. Shadowing effects on SPOT-HRV
and high spectral resolution reflectances in Christmas tree plantations. International
Journal of Remote Sensing. 17(2):277-289.

LeDrew, E.F., 1986. Sensitivity of the Arctic climate: a factor in developing planning
strategies for our Arctic heritage. Environmental Conservation, 13(3):215-228.

LeDrew, E.F., M. Strome, and F.Hegyi (eds.), 1995a. The Canadian Remote Sensing
Contribution to Understanding Global Change. Department of Geography
Publication Series. No. 38, University of Waterloo. Waterloo, Ontario Canada.
434 p.

LeDrew, E.F., HM. Holden, D.R. Peddle, J.Morrow, R.Murphy, and W.Bour, 1995b.
Towards a Procedure for Mapping Coral Stress from SPOT Imagery with In Situ
Optical Correction. Third Thematic Conference on Remote Sensing of Marine and
Coastal Environments, Seattle WA, 18-20 September 1995. Vol. [, p.211-219.

Lee, T., J.A. Richards, and P.H. Swain, 1987, Probabilistic and evidential approaches for
multi-source data analysis. IEEE Transactions on Geoscience and Remote Sensing,
25(3): 283-292.



276

Lenningston, R.K., Sorensen, C.T. and Heydomn, R.P. 1984. A mixture model approach
for estimating crop areas from Landsat data. Remote Sensing of Environment,
14:197-206.

Li, X. and A.H. Strahler, 1985. Geometric-optical modeling of a conifer forest canopy.
IEEE Transactions on Geoscience and Remote Sensing, GE-23(5):705-720.

Li, X. and A.H. Strahler, 1986. Geometric-optical bidirectional reflectance modeling of a

coniferous forest canopy. [EEE Transactions on Geoscience and Remote Sensing,
GE-24:281-293.

Li, X. and A.H. Strahler, 1988. Modeling the gap probability of a discontinuous
vegetation canopy. [EEE Transactions on Geoscience and Remote Sensing, GE-
26(2):161-170.

Li, X. and A.H. Strahler, 1992. Geometric-optical bidirectional reflectance modeling of
the discrete crown vegetation canopy: effect of crown shape and mutual shadowing.
IEEE Transactions on Geoscience and Remote Sensing, 30(2):276-292.

Li, X., A.H. Strahler and C.E. Woodcock, 1995. A hybrid geometric-optical - radiative
transfer approach for modeling albedo and directional reflectance of discontinuous
canopies. [EEE Transactions on Geoscience and Remote Sensing, 33:466-480.

Lillesand, T.M. and R.W. Kiefer, 1979. Remote Sensing and Image Interpretation. John
Wiley & Sons, New York. 612 p.

LTER, 1991. Long-Term Ecological Research in the United States: A Network of Research
Sites. K. Van Cleve and S. Martin, (eds). LTER Publication No. 11, Sixth Edition
Revised. LTER Network Office, University of Washington, Seattle, WA., 178 p.

Luvall, J.C. and G.S. Hartshorn, 1990. Estimation of tropical forest canopy temperatures,
thermal response numbers, and evapotranspiration using an aircraft-based thermal
sensor. Photogrammetric Engineering and Remote Sensing, 56(10):1393-1401.

Mah, S, R. Price, S. Achal, C. Palylyk and T. Ivanco, 1995. The acquisition of high
resolution airborne hyperspectral imagery with the casi. In: Proceedings, 17t
Canadian Symposium on Remote Sensing, Saskatoon, SK, Canada. p. 262-267.

Markham, B.L., R.N. Halthorne and S.J. Goetz, 1992. Surface reflectance from satellite
and aircraft sensors: results of sensor and algorithm comparisons during FIFE.
Journal of Geophysical Research. 97(D17):18,785-18,795.

Matsumoto, M., Terayama, Y. and Arai, K. 1992. Image classification from category
proportions among mixels. Proceedings of the ISPRS Symposium, Washington,
D.C., Commission VII, 588-591.



277

Miller, J., P.White, J.Chen, D.Peddile, G.McDermid, R.Fournier, P.Shepherd,
[.Rubinstein, J.Freemantle, R.Soffer and E.LeDrew, 1996. Seasonal Change in
Mean Understorey Reflectance at BOREAS Flux Tower Sites and its Applications
to Canopy Vegetation Index Determination. Journal of Geophysical Research.
(BOREAS Special Issue). [ accepted for publication ]

Miller, J.R., Hare, E.W. and J. Wu, 1990. Quantitative characterization of the vegetation
red edge reflectance: 1) an inverted-Gaussian reflectance model. International
Journal of Remote Sensing, 11(10):1775-1795.

Miller, J.R., J.Freemantle, P.Shepherd, L.Gray, N.O’Neill, A.Royer and E.Senese,
1995. Deployment of CASI to meet the needs of BOREAS science. In:

Proceedings, [7th Canadian Symposium on Remote Sensing, Saskatoon, SK,
Canada. p. 169-175.

Miller, J.R., Wu, ], Boyer, M.G., Belanger, M. and E.W. Hare, 1991. Season patterns
in leaf reflectance red edge characteristics. Int. Journal of Remote Sensing,
12(7):1509-1523.

Milton, E.J., 1989. On the suitability of Kodak neutral test cards as reflectance standards.
International Journal of Remote Sensing, 10, p. 1041-1047.

Mitchell, JF.B., 1989. The “greenhouse” effect and climate change. Reviews of
Geophysics, 27(1):115-139.

Monteith, J. L. and M.H. Unsworth, 1990. Principles of Environmental Physics,
London, Edward Amold, Ltd.

Moon, W.M., 1990, Integration of geophysical and geological data using evidential belief
function. /[EEE Transactions on Geoscience and Remote Sensing, 28(4): 711-720.

Moon, W.M., 1993, On mathematical representation and integration of multiple spatial
geoscience data sets. Canadian Journal of Remote Sensing. 19(1): 63-67.

Morassutti, M., 1995. Personal Communication, Earth Observations Laboratory,
University of Waterloo.

NASA, 1988. Earth System Science: A Program for Global Change. National Aeronautics
and Space Administration, Washington, USA. 208 p.

NBIOME, 1993. Northern Biosphere Observation and Modelling Experiment - Science
Plan. Canadian Global Change Program, Incidental Report Series, No. IR93-1.
Royal Society of Canada, Ottawa. 61 p.

Neison, B., V.Kapos, J.Adams, W. Oliveira, O. Braun and I. Amaral, 1994. Forest
disturbance by large blowdowns in the Brazilian Amazon. Ecology, 75(3):853-858.

Nemani, R.R., L.L. Pierce, SW. Running and L.E. Band, 1993. Forest ecosystem
processes at the watershed scale: sensitivity to remotely sensed Leaf Area Index
estimates. Int. J. Remote Sensing, 14(13):2519-2534.



278

Nilson, R. 1990. Approximate analytical methods for calculating the reflection functions
of leaf canopies in remote sensing applications, in Photon-Vegetation Interactions:
Applications in Optical Remote Sensing and Plant Ecology. R.B. Myneni and J.
Ross (eds.), Springer-Verlag, Heidelberg, 162-190.

Nilson, T. and Peterson, U. 1991. A forest canopy reflectance model and a test case.
Remote Sensing of Environment, 37:131-142.

Observers Handbook, 1994. (Ed.: R.L. Bishop), Royal Astronomical Society of Canada.

Pastor, J. and W.M. Post, 1988. Response of northem forests to CO2-induced climate
change. Nature, 334:55-58.

PCI, 1993, Easi/Pace image analysis system user’s manuals. Perceptron Computing Inc.,
Richmond Hill, Ontario, Canada. Variously paged.

Peddle, D.R., 1993. An Empirical Comparison of Evidential Reasoning, Linear
Discriminant Analysis and Maximum Likelihood Algorithms for Alpine Land Cover
Classification. Canadian Journal of Remote Sensing. 19(1):31-44.

Peddle, D.R. and S.E. Franklin, 1993. Classification of permafrost active layer depth
from remotely sensed and topographic evidence. Remote Sensing of Environment,
44(1):67-80.

Peddle, D.R., 1995a. Knowiedge formulation for supervised evidential classification.
Photogrammetric Engineering & Remote Sensing 61(4):409-417.

Peddle, D.R., 1995b. MERCURY®: An Evidential Reasoning Image Classifier. Computers
& Geosciences 21(10):1163-1176.

Peddle, D.R. and C.R. Duguay, 1995. Incorporating Topographic and Climatic GIS Data
into Satellite Image Analysis of an Alpine Tundra Ecosystem, Front Range,
Colorado Rocky Mountains. Geocarto International 10(4):43-60.

Peddle, D.R., EF. LeDrew and H.M. Holden, 1995a. Spectral Mixture Analysis of Coral
Reef Abundance from Satellite Imagery and In Situ Ocean Spectra, Savusavu
Bay, Fiji. Third Thematic Conference on Remote Sensing of Marine and Coastal
Environments, Seattle WA, 18-20 September 1995. Vol. II, p.563-575.

Peddle, D.R., H.P. White, R.J. Soffer, J.R. Miller and E.F. LeDrew, 1995b. Reflectance
Processing of Field Spectrometer Data in BOREAS. In: Proceedings, 17th Canadian
Symposium on Remote Sensing, Saskatoon, SK, Canada. Vol. I, p. 189-194.

Peddle, D.R. and C.R. Duguay, 1996. A Rule-Based Algorithm for Advanced GIS Data
Analysis in Mountainous Terrain. 8% International Conference on Geomatics and
Geographical Information Systems, Ottawa. May 1996.



279

Peddle, D.R., EF. LeDrew and H.M. Holden, 1996a. Optical Correction of Scene
Fractions for Estimating Regional Scale Coral Abundance in Fiji. International
Geoscience and Remote Sensing Symposium (IGARSS’96), Lincoln, Nebraska,
USA. Vol I: 427-429.

Peddle, D.R., F.G. Hall and E.F. LeDrew, 1996b. Spectral Mixture Analysis and
Geometric Optical Reflectance Modeling of Boreal Forest Biophysical Structure.
Remote Sensing of Environment. (accepted for publication).

Piwowar, J.M., D.R. Peddle and E.F. LeDrew, 1996a. Temporal Mixture Analysis of Sea
Ice Concentrations in the Canadian Arctic Archipelago. International Geoscience
and Remote Sensing Symposium (IGARSS’96), Lincoln, NB, USA. Vol II: 938-
940.

Piwowar, J.M., D.R. Peddle and E.F. LeDrew, 1996b. Temporal Mixture Analysis of
Arctic Sea Ice Imagery: A New Approach for Monitoring Environmental Change.
Remote Sensing of Environment (accepted for publication).

Pollard, D.F.W., 1989. Climate Change and its Effects on Forests. Canadian Forest
Industry, 109(5):56-61.

Portigal, F.P. and R.W. Harrill, 1996. Rio Platano Biosphere Reserve intrusion analysis
using linear mixing models, La Mosquitia, Honduras. In: Proceedings, 264
International Symposium on Remote Sensing of Environment / [8th Canadian
Symposium on Remote Sensing, Vancouver, Canada. p. 439-444.

Quarmby, N.A., Townshend, J.R.G,, Settle, J.J., White, K.H., Milnes, M., Hindle,
T.L. and Silleos, N. 1992. Linear mixture modelling applied to AVHRR data for
crop area estimation. International Journal of Remote Sensing, 13(3):415-425.

Ranson, K.J., Daughtry, C.S.T., and L.L. Biehl, 1986. Sun angle, view angle, and
background effects on spectral response of simulated balsam fir canopies.
Photogrammetric Engineering and Remote Sensing, 52(5):649-658.

Ranson, K.J. and C.S.T. Daughtry, 1987. Scene shadow effects on multispectral
response. IEEE Transactions on Geoscience and Remote Sensing. 25(4):502-509.

Ranson, K.J. and G.Sun, 1994. Northern forest classification using temporal
multifrequency and multipolarimetric SAR images. Remote Sensing of
Environment, 47:142-153.

Ranson, K.J., S.Saatchi and G.Sun, 1995. Boreal forest ecosystem characterization with
SIR-C/XSAR. [EEE Transactions on Geoscience and Remote Sensing, 33(4):867-
876.

Rasool, S.I., 1992. Requirements for terrestrial biospheric data for IGBP core projects.
International Geophysical-Biophysical Program, Data Information System, Paris.
Working paper number 2.



280

Rey, M., K.E. Tunaley, and T. Sibbald, 1993, Use of the Dempster-Shafer algorithm for
the detection of SAR ship wakes. I[EEE Transactions on Geoscience and Remote
Sensing, 31(5): 1114-1118.

Richey, J.E., Adams, J.B. and R.L. Victoria, 1990. Synoptic-scale hydrological and
biogeochemical cycles in the Amazon river basin: a modeling and remote sensing
perspective. 249-268. In Remote Sensing of Biosphere Functioning, R.J. Hobbs
and H.A. Mooney (eds.). Springer-Verlag, New York. 314 p.

Roberts, D.A., Smith, M.O. and J.B. Adams, 1993. Green vegetation, nonphotosynthetic
vegetation and soils in AVIRIS data. Remote Sensing of Environment, 44:255-
269.

Rock, B.N., Hoshaki, T., and J.R. Miller, 1988. Comparison of in situ and airborne
spectral measurements of the blue shift associated with forest decline. Remote
Sensing of Environment, 24:109-127.

Rosema, A., W. Verhoef, H.Noorbergen and J.Borgesius, 1992. A new light interaction
model in support of forest monitoring. Remote Sensing of Environment, 42:23-41.

Rouse, J.W., R.Haas, J.Schell and D.Deering, 1974. Monitoring vegetation systems in
the Great Plains with ERTS. Third ERTS Symposium, NASA SP-351, vol. 1,
p-309-317.

Running, S.W. and J.C. Coughlan, 1988. A general model of forest ecosystem processes
for regional applications: 1 hydrologic balance, canopy gas exchange and primary
production processes. Ecological Modelling, 42:125-154.

Running, S.W. and R.R. Nemani, 1988. Relating seasonal patterns of the AVHRR
vegetation index to simulated photosynthesis and transpiration of forests in different
climates. Remote Sensing of Environment, 24:347-367.

Running, S.W., R.R. Nemani, D.L. Peterson, L.E. Band, D.F. Potts, L.L. Pierce and
M.A. Spanner, 1989. Mapping regional forest evapotranspiration and
photosynthesis by coupling satellite data with ecosystem simulation. Ecology,
70:1090-1101.

Running, S.W. and S.T. Gower, 1991. Forest-BGC, A general model of forest ecosystem
processes for regional applications. II. Dynamic carbon allocation and nitrogen
budgets. Tree Physiology, 9:147-160.

Running, S.W. and E.R. Hunt, Jr., 1993. Generalization of a forest ecosystem process
model for other biomes, BIOME-BGC, and an application for global scale models.
Chapter 8 in, J.R. Ehleringer and C.B. Field (eds.),Scaling Physiological
Processes, Leaf to Globe p. 141-157. Academic Press Inc.

Sader, S.A., 1987. Forest biomass, canopy structure, and species composition
relationships with multi-polarization L-band synthetic aperture radar data.
Photogrammetric Engineering & Remote Sensing, 53(2):193-202.



281

Salvato, P., 1973. Iterative techniques to estimate signature vectors for mixture processing
of multispectral data. Proceedings of the Symposium on Mach. Pro. of Remotely
Sensed Data, [EEE Transactions on Geoscience and Remote Sensing, 73CH0834-
2GE, 3B:48-62.

Schowengerdt, R.A., 1983. Techniques for Image Processing and Classification in
Remote Sensing. Academic Press, New York. 249 p.

Sedjo, R.A. and A M. Solomon, 1988. Climate and Forests. p. 105-119. In Greenhouse
Warming: Abatement and Adaptation. N.J. Rosenberg, W.E. Easterling III, P.R.
Crosson and J. Sarmstadter (eds). Resources for the Future, Washington, D.C.
182 p.

Sellers, P., F. Hall, H. Margolis, B. Kelly, D. Baldocchi, J. den Hartog, J. Cihlar, M.
Ryan, B. Goodison, P. Crill, J. Ranson, D. Lettenmaier and D. Wickland, 1995.
The Boreal Ecosystem-Atmosphere Study (BOREAS): an overview and early
results from the 1994 field year. Bulletin American Meteorological Society
76(9):1549-1577.

Sellers, P.J. and D. Schimel, 1993. Remote sensing of the land biosphere and
biogeochemistry in the EOS era: science priorities, methods and implementation.
Global and Planetary Change, 7:279-297.

Sellers, P.J., 1985. Canopy reflectance, photosynthesis, and transpiration. International
Journal of Remote Sensing, 6(8):1335-1372.

Sellers, P.J., 1987. Canopy reflectance, photosynthesis, and transpiration. II. the role of
biophysics in the linearity of their interdependence. Remote Sensing of
Environment, 21:143-183.

Settle, J.J. and Drake, N.A. 1993. Linear mixing and the estimation of ground cover
proportions. International Journal of Remote Sensing, 14(6):1159-1177.

Shafer, G., 1976, A mathematical theory of evidence. Princeton University Press,
Princeton, USA. 297 p.

Shimabukuro, Y.S. and Smith, J.A. 1991. The least-squares mixing models to generate
fraction images derived from remote sensing multispectral data. IEEE Transactions
on Geoscience and Remote Sensing , 29(1):16-20.

Shipman, H. and J.B. Adams, 1987. Detectability of minerals on desert alluvial fans using
reflectance spectra. Journal of Geophysical Research, 92(B10):10,391-10,402.

Skole, D., 1992. Scientific requirements for a lkm data set. In, J.R. Townshend (ed.),
Improved global data for land applications. IGBP, Stockholm, Sweden.

Smith, J.A., Lin, T.L., and K.J. Ranson, 1980. The Lambertian assumption and Landsat
data. Photogrammetric Engineering and Remote Sensing, 46(9):1183-1189.



282

Soffer, R.J., JW. Harron and J.R. Miller, 1995. Characterisation of Kodak gray cards as

reflectance reference panels in support of BOREAS field activities. / 7th Canadian
Symposium on Remote Sensing, Saskatoon, SK. p. 357-362.

Spanner, M.A,, Pierce, L.L., Peterson, D.L. and S.W. Running, 1990. Remote sensing
of temperate coniferous forest leaf area index: the influence of canopy closure,
understorey vegetation and background reflectance. International Journal of
Remote Sensing, 11(1):95-111.

SPSS, 1988. SPSS-X User’s Guide. Third Edition. SPSS Inc. Chicago Illinois, USA.
1072 p.

Srinivasan, A., and J.A. Richards, 1990, Knowledge-based techniques for multi-source
classification. International Journal of Remote Sensing, 11(3): 505-525.

Strahler, A.H., and Jupp, D.L.B. 1990, Geometric-optical modelling of forests as
remotely sensed scenes composed of three-dimensional, discrete objects, in
Photon-Vegetation Interactions: Applications in Optical Remote Sensing and Plant
Ecology (R.Myneni and J. Ross, Eds.), Springer-Verlag, Heidelberg, pp.162-190.

Strahler, A.H., and Woodcock, C.E. 1986. On the nature of models in remote sensing.
Remote Sensing of Environment, 20:121-139.

Strahler, A.N. and A_H. Strahler, 1987. Modem Physical Geography. John Wiley &
Sons, New York. 544 p.

Swain, P. and S. Davis, 1978. Remote Sensing: The Quantitative Approach. McGraw-
Hill, Toronto. 396 p.

Syrén, P., 1994. Reflectance anisotropy for nadir observations of coniferous forest
canopies. Remote Sensing of Environment, 49:72-80.

Tans, P.P., Fung, LY. and T. Takahashi, 1990. Observational constraints on the global
atmospheric CO? budget. Science, 247:1431-1438.

Teillet, P.M., 1995. The role of surface observations in support of remote sensing, p.
333--352, In, The Canadian Remote Sensing Contribution to Understanding
Global Change, EF. LeDrew, M. Strome, and F. Hegyi (eds). Department of
Geography Publication Series, no. 38, University of Waterloo. 434p.

Terayama, Y., Ueda, Y. and Arai, K. 1992. A comparative study on the methods for
estimation of mixing ratio within a pixel. Proceedings of the ISPRS Symposium,
Washington, D.C., Commission VII, 986-989.

Tucker, C.J. and L.D. Miller, 1977. Soil spectra contributions to grass canopy spectral
reflectance. Photogrammetric Engineering and Remote Sensing, 43(6):721-726.

Tucker, C.J., 1979. Red and photographic infrared linear combinations for monitoring
vegetation. Remote Sensing of Environment, 8:127-150.



283

Tucker, C.J., J.R.G. Townshend, T.E. Goff and B.N. Holben, 1986. Continental and
Global Scale Remote Sensing of Land Cover, in Trabalka, J.R. and D.E. Reichle
(eds.), 1986. The Changing Carbon Cycle - A Global Analysis. Springer-Verlag,
New York. 592 p. ‘

Tyndall, J., 1861. On the absorption and radiation of heat by gases and vapours, and on
the physical connexion of radiation, absorption and conduction. Philos. Mag.,
22:169-194 and 273-285.

Ulaby, F.T. and M.C. Dobson, 1993. Radar response of vegetation: an overview. In,
Proceedings, Third Spaceborne Imaging Radar Symposium. Jet Propulsion
Laboratory, Pasadena, CA. Publication JPL 93-16. p. [51-183.

USGCRP, 1994. United States Global Change Research Program - Our Changing Planet.
Report to the Committee on Environment and Natural Resources Research of the
National Science and Technology Council. Washington. 132 p.

Verhoef, W., 1984. Light scattering by leaf layers with application to canopy reflectance
modeling: the SAIL model. Remote Sensing of Environment, 16:125-141.

Vermote, E. D. Tanré, J.L. Deuzé, M. Herman and J.L. Morcrette, 1994. 6S User’s
guide, Version 0. NASA Goddard Space Flight Center, Greenbelt MD, USA. 183

pP-

Waring, R.H., J. Way, E.R. Hunt Jr,, L. Morrissey, K.J. Ranson, J.F. Weishampel, R.
Oren and S.E. Franklin, 1995. Imaging radar for ecosystem studies. BioScience.
45(10):715-723.

Wessman, C. A., Aber, J. D., Peterson, D. L. and Melillo, J. M., 1988a. Foliar analysis
using near infrared reflectance spectroscopy. Can. J. For. Res., 18:6-11.

Wessman, C. A., Aber, J. D., Peterson, D. L. and Melillo, J. M., 1988b. Remote
sensing of canopy chemistry in nitrogen cycling in temperate forest ecosystems.
Nature, 335(6186):154-156.

Wessman, C.A., Aber, J.D., and D.L. Peterson, 1989. An evaluation of imaging
spectrometry for estimating forest canopy chemistry. Int. Journal of Remote
Sensing, 10(8):1293-1316.

White, H.P, J.R. Miller, J. Chen and D.R. Peddle, 1995. Seasonal change in mean

understorey reflectance for BOREAS sites: preliminary results. 170 Canadian
Symposium on Remote Sensing, Saskatoon, SK. p. 182-187.

Wickland, D.E., 1989. Future directions for remote sensing in terrestrial ecological
research. In Theory and Applications of Optical Remote Sensing, p. 691-725. G.
Asrar (ed.). John Wiley & Sons, New York. 734 p.



284

Wilkinson, G.G., and J. Mégier, 1990, Evidential reasoning in a pixel classification
hierarchy - a potential method for integrating image classifiers and expert system
rules based on geographic context. International Journal of Remote Sensing,
11(10): 1963 -1968.

Williams, D.L. 1991. A comparison of spectral reflectance properties at the needle,
branch, and canopy level for selected conifer species. Remote Sensing of
Environment, 35:79-93.

Wilson, B.A. 1996. Estimating coniferous forest structure using SAR texture and tone.
Canadian Journal of Remote Sensing. 22(4): 382-389.

Woodcock, C.E. and A.H. Strahler, 1987. The factor of scale in remote sensing. Remote
Sensing of Environment, 21: 311-332.

Wu, Y. and A.H. Strahler, 1994. Remote estimation of crown size, stand density, and
biomass on the Oregon transect. Ecological Applications, 4(2):299-312.

Wulder, M.A., S.E. Franklin, and M.B. Lavigne, 1996a. Statistical texture properties of
forest structure for improved LAI estimates from CASI, Proceedings, 26th
International Symposium on Remote Sensing of Environment and 18th Canadian
Symposium on Remote Sensing, Vancouver, BC. p. 161-164.

Wulder, M.A,, S.E. Franklin, and M.B. Lavigne, 1996b. High spatial resolution optical
image texture for improved estimates of forest stand leaf area index. Canadian
Journal of Remote Sensing. 22(4): 441-449.

Zhang, A., 1994. Hyperspectral Image Analysis: A Study on Band Selection Methods and
the Sensitivity of Linear Spectral Unmixing. Unpublished Master of Science
Thesis, Department of Geomatics Engineering, University of Calgary, Calgary,
Alberta. 77 p.



APPENDICES

Appendix A. Reflectance processing files

Appendix A.1 Header template for BOREAS reflectance output files

/* ASD Header File - Word Text Format. This file MUST contain 20 lines of text
(including these first 2 lines [1,2] ). ONLY Lines 3-13 may be edited */
BOREAS DATA

Understorey Reflectance Spectra

BOREAS Project: RSS-19

PI: Dr. John Miller: York University

RSS-19 contact for this file: Derek Peddle

Field Campaign: IFC-3

Field Instrument: ASD Personal Spectrometer I1
Panel Calibration: Kodak White Card
REFLECTANCE DATA SPECIFICATIONS
Spectral Range: 400-900 nm

Wavelength Step: 1.4230 nm

Spectrum Description:

Location:

Latitude:

Longitude:

Date:

Time (Local):

Time (GMT):

Solar Zenith Angle:

Solar Azimuth:

Target Description:

Dlumination:

Comments:
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Appendix A.2 Example main batch file for input to Excel Macro for processing
BOREAS reflectance spectra for all TF sites.
Each section of this file (SSA_BIG.BAT) contains the directory folder location of
the next set of spectra to process for each tower flux site, the number of tower flux
batch files to be processed per site, and the name of each of those site batch files
(Appendix A.3).

SSA_OJP-A
1
ssaojpem.bat

SSA_OBS-A
1
ssaobsem._bat

SSA_OA-A
1
ssaoaem.bat

SSA_YJP-A
1
ssayjpem.bat
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Appendix A.3 Example tower flux site batch file for input to Excel Macro for

processing BOREAS reflectance spectra for one TF site.

The first section of this file (SSAOBSEM.BAT: SSA study area, Old Black Spruce
TF site, End-member batch file) contains the TF site name, latitude and longitude,
with each subsequent entry containing the target and KGC reference file names, the
target type, illumination conditions, a comment record, and the output reflectance

filename.

SSA OBS Tower (G8I4T)

53.9854
-105.122

sun_ca.000
sun_ca.001
CANOPY
SUNLIT

optically thick stack
S3CASUE.RFL

shd_ca.000
shd_ca.001
CANOPY
SHADOW
optically thick stack
S3CASHE.RFL

sun_ua.000
sun_ua.001
MOSS

SUNLIT

NONE
S3IMOSUE.RFL

shd_ua.000
shd_ua.001
MOSS
SHADOW
NONE
S3IMOSHE.RFL
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Appendix A.4 Description of Excel macro program.

The first task the macro performs is to prompt the user for the name of the batch
control file using an Excel interactive dialogue box - this is the only user intervention
required when running the program. After the file name has been supplied, the macro runs
in stand-alone, unattended batch mode. During program execution, it first reads the latitude
and longitude of the field site from the batch file, together with the additional site and data
descriptors, and one set of target, panel, and output reflectance file names. The raw spectra
digital numbers are read from the target and panel files, and placed in the reflectance file.
Using a series of Excel parsing functions, the acquisition date and time for the target
spectrum are extracted from the target file header and input to the SZA worksheet together
with the site latitude and longitude. The SZA worksheet is then recalculated to compute the
SZA for the time of target spectra acquisition. The macro reads the output SZA, and writes
it to the spectral and angular interpolation worksheet (Figure 5.1), from which the panel
calibration fourth order polynomial BRFs over the field spectrometer wavelengths are
computed. The macro then extracts these panel calibrations, and places them in the

reflectance file, prior to calculating reflectance using equation 5.1.

Once reflectance has been computed, the macro invokes a number of procedures to
c-ompile information describing the data acquisition (mentioned above), taken from the set
of worksheets and external files. These are synthesized and formatted into a header
template and written to the reflectance output file. Once this has been done, the relevant
files are closed, and the entire procedure is repeated using a looping function to process the
next set of panel and target spectra, as listed in the batch file. The output reflectance files
are produced in ASCII format and are suitable for input to graphics programs or image

processing routines for further analysis.
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Appendix A.5 Reflectance processing Excel macro program.

Excel Macro Code

Recordl (a) Derek R. Peddle- BOREAS/RSS-19. Excel V.4.0 Macro
=Set_Env(l) Disable Error Messages (custom error checking done here)
=Set_Env(4)

Main_Batchfilename=INPUT("Main Batch Filename: ",2)
Main_Batchfile=sFOPEN(Main_Batchfilename)
=Error_Check(Main_Batchfile,,1,Main_Batchfilename)
home_dir=DIRECTORY()

output_subdirs=FREADILN(Main_Batchfile)

output_dir=home_dir&":" &output_subdir

Main_Batchfile EOF=FALSE
=WHILE(NOT(Main_Batchfile_EOF))
=DIRECTORY (home_dir)

= Set_Env(l)
site_eof=FREADLN(Main_Batchfile)
Main_Batchfile_EOF=Error_Check(site_eof,4,2,Main_Batchfilename)
=[F(Main_Batchfile_ EOF,BREAK(),)
nextsite_subdir=FREADLN(Main_Batchfile)
numsite_batchfilessFREADLN(Main_Batchfile)
site_dir= home_dir&":" &nextsite_subdir
=DIRECTORY(site_dir)

=FOR("bfiles",1,numsite_batchfiles,1)
ASD_Batchfilename=FREADLN(Main_Batchfile) Get Batch Filename for Tower Site
=Set_Env(1)

Batchfile=FOPEN(ASD_Batchfilename)
=Error_Check(Batchfile,1,2,ASD_Batchfilename)

ts_loc=FREADLN(Batchfile) Tower Site Location

ts_lat=FREADLN(Batchfile) Tower Site Latitude

ts_long=FREADLN(Batchfile) Tower Site Longitude
SSA=IF(VALUE(ts_long)<-102,TRUE,FALSE) Determine if SSA (SK:CST time
zone) or NSA (MB:CDT) based on longitude (note, time zone for FFC-W differs)
Site_Batchfile_ EOF=FALSE

=WHILE(NOT(Site_Batchfile_ EOF)) Top of loop: each iteration processes 1 set of
ASD reflectances

=Set_Env(l) Disable Error Messages

spectra_eof=FREADLN(Batchfile) Read spectrum set batch file marker
Site_Batchfile_EOF=Error_Check(spectra_eof,4,1,ASD_Batchfilename)
=[F(Site_Batchfile_EOF ,BREAK(),)

Field_Panel_filename=FREADLN(Batchfile) Get filename containing white/grey
field panel data

=Error_Check(Field_Panel_filename,2,1,ASD_Batchfilename)
fp_file=OPEN(Ficld_Panel_filename) open reference panel file
=Error_Check(fp_file,3,2,Field_Panel_filename)  Check for file I/O errors
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=SELECT("R32C3:R543C3") Select & copy panel spectra
=COPY() (Finished with Field_Panel_file)
=Set_Env(1)

Target_filename=FREADLN(Batchfile) Get Target Spectra filename

=Error_Check(Target_filename,2,2,ASD_Batchfilename) Check for Batchfile I/O errors

illum=FREADLN(Batchfile)

target_desc=FREADLN(Batchfile)

comments=FREADLN(Batchfile)

mesg_txt="PROCESSING: "&nextsite_subdir&" / "&ASD_Batchfilename&" /

"&Target_filename  (Parse information into message text)

=MESSAGE(TRUE,mesg_txt) - Write information to status bar on screen

=Set_Env(l)

t_file=OPEN(Target_filename) open target spectra file

=Error_Check(t_file,3,2 Target_filename) Check for file /O errors

=SELECT("R32C4") put panel spectra in column next to target spectra in ASD file

=PASTE()

datime=GET.FORMULA('SA310) Get date & time of target spectra acquisition

dat%_ suffix=sREPLACE(datime,1,15,"") Parse sentence to obtain date in correct format

for Excel

asd_date=REPLACE(date_suffix,9,12,"")

asd_time=REPLACE(datime,[,27,"") Parse sentence to obtain time in correct

format for Excel

=DIRECTORY (home_dir)

=CALCULATION(3,FALSE,100,0.001, TRUE,FALSE,TRUE ,FALSE,TRUE FALSE)
Minimise recalculation of worksheets

=0OPEN("SZAcoeff4.xls",1) SZA.XLS & Angular Coefficients combined into 1 file (with

link to Panel Calibration file retained)

=FORMULA(asd_date,"R5C19")  Input time & date of spectra data acquisition into

SZA input box

=FORMULA(asd_time,"R6C19")

=FORMULA(ts_lat,"R7C19")

=FORMULA(ts_long,"R8C19")

=CALCULATE.NOW(} Calculate SZA based on supplied Lat/Long, Date & Time of

target spectra acquisition in field

=SELECT("R37C19:R38C19") Make temp copy of SZA & Az Values

=COPY(

=SELECT("R42C19")

=PASTE.SPECIAL(3,1 FALSE FALSE)

s2a=GET.FORMULA(!$5%42) Get Solar Zenith Angle

solar_az=GET.FORMULA(!$S$43) and Azimuth Angle (values only)

=SELECT("R12C19")

=COPY()

=SELECT("R47C19")

=PASTE.SPECIAL(3,1,FALSE,FALSE)

GMT_time=GET.FORMULA(!$5$47)

=SELECT("R60C3:R571C3")

=COPY()

=ACTIVATE(Target_filename)

=SELECT("R32C5")

=PASTE.SPECIAL(3,1,FALSE,FALSE)
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=ACTIVATE("SZAcoeff4 xIs")

=Set_Env(1l) Disable Error Messages - (avoid "Save Large Clipboard” Alert Box...)
=CLOSE(FALSE) Close SZAcoeff.xls

=Set_Env(2) Enable Error Messages

=ACTIVATE(Target_filename)

=SELECT("R32") 1st ASD Value (340 nm) is noise - select entire row
=EDIT.DELETE(2) delete row, & shift cells up

=SELECT("R32C6") Select location for reflectance computation
=FORMULA("=(RC[-3)/RC[-2])*RC[-1]") Compute reflectance as Target/Panel *
Calibration

=SELECT("R32C6:R542C6") Compute reflectance over all ASD wavebands
=FILL.DOWN()

=CALCULATE.NOW()

=SELECT("R32C1:R542C6") Select entire set of #s, lambdas,raw ASD spectra,

calibration co-efficients and reflectance values

=COPY() copy to buffer (finished with Target_file now)
=OPEN("header.asd") Open Header Template File
=SELECT("R27C1")

=PASTE.SPECIAL(3,1,FALSE FALSE) Insert Full ASD & Reflectance Data
=SELECT("R1:R2") Select first 2 rows of header file (internal comments)
=EDIT.DELETE(2) Delete and shift cells up
=FORMULA(ts_loc,"R9C3") Put File specific Info in Output file
=FORMULA(ts_lat,"R10C3")

=FORMULA(ts_long,"R11C3")

=FORMUL A(asd_date,"R12C3")

=FORMULAC(asd_time,"R13C3")  Specify local time in 24 hour clock
=FORMULA(asd_time,"R13C4") and also as AM/PM
=FORMULA(F(SSA,"CST","CDT"),"R13C5")  Specify CST (SK) or CDT (MB) for
local time - based on current study area (SSA T/F (if F: NSA))
=SELECT("R13C3")

=FORMAT.NUMBER("h:mm:ss")

=SELECT("R13C4")

=FORMAT.NUMBER("h:mm AM/PM")

=FORMULA(GMT _time,"R14C3")

=SELECT("R14C3")

=FORMAT .NUMBER("h:mm:ss")

=FORMULAC(sza,"R15C3")

=FORMULA(solar_az,"R16C3")

=FORMULA(llum,"R17C3")

=FORMULA(target_desc,"R18C3")

=FORMULA(comments,"R19C3")

=SELECT("R25C3:R535C5") Select ASD Raw Spectra & Panel Calibration BRFs
=EDIT.DELETE(1) Delete, and shift cells left
=SELECT("R25C1:R535C1") Select wavelength counters
=EDIT.DELETE(l) Delete, and shift cells left
=FORMULA("Wavelength (Start)","R24C1")
=FORMULA("Reflectance","R24C2")

=SELECT("R25C1:R535C1")

=FORMAT.NUMBER("0.00")

=SELECT("R25C2:R535C2")



292

=FORMAT.NUMBER("0.000000™)
=SELECT("R419C1:R535C2") Select Wavelengths > 900 nm
=EDIT.DELETE(2) Delete, shift cells up
=SELECT("R25C1:R65C2") Select Wavelengths <400 nm
=EDIT.DELETE(2) Delete, shift cells up

=SELECT("R25C1")

=Set_Env(1)

Reﬂ?lcftalmce_ﬁlename:FREADLN (Batchfile) Get name for output reflectance file (from
Batchfile)

=Error_Check(Reflectance_filename,2,2,ASD_Batchfilename) Check for Batch File
I/O errors

=DIRECTORY (output_dir)

=SAVE.AS(Reflectance_filename,3) Save results in new reflectance filename
=DIRECTORY (site_dir)

=Set_Env(1)

=Set_Env(1l)

=ACTIVATE(Reflectance_filename)

=CLOSE(FALSE) Close Reflectance file (no need to save changes)
=ACTIVATE(Target_filename)

=CLOSE(FALSE) Close file (don't save)
=ACTIVATE(Field_Panel_filename)

=CLOSE(FALSE) Close file (don't save)

=Set_Env(2)

=NEXT() WHILE: process next set of spectra files
=NEXT() FOR: process next batch file for given site
=NEXT() WHILE: process next Site from Main Batch File
=Set_Env(1l)

=DIRECTORY(home_dir)

=MESSAGE(TRUE, "Processing Complete")

=RETURN()

Error_Check ~ display file name in error mesg...

=RESULT(6)

=ARGUMENT("Check_file",19)

=ARGUMENT("Check_type",1)

=ARGUMENT("Error_setting",1)

=ARGUMENT("Filename",2)

=Set_Env(1)

Bfile_eof=FALSE

=[FAISERROR(Check_file))

=[F(Check_type=1,ALERT("1. File not found: "&Filename&" - HALTING MACROQO"),)
=[F(Check_type=2,ALERT("2. Batch File: EOF or File I/O Error: "&Filename&" -
HALTING MACRO"),)

=[F(Check_type=3,ALERT("3. ERROR: Spectrum File - Open error ("&Filename&") -
HALTING MACRO"),)
=[F(Check_type=4,SET.NAME("Bfile_eof",TRUE),HALT())



=END.IF()
=Set_Env(Error_setting)
=RETURN(Bfile_eof)

Set_Env

=ARGUMENT("Env_Par",1)
=[F(Env_Par=1,ERROR(FALSE),)
=[F(Env_Par=2,ERROR(TRUE),)
=[F(Env_Par=3,CANCEL.KEY(FALSE))
=[F(Env_Par=4,CANCEL.KEY(TRUE))
=RETURN()
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Appendix A.6 Example output reflectance file from Excel Macro program.
This example is from [FC-3 SSA OJP, and contains the full header specification
and information transferred to the RSS-19 central data archive for submission to the
BOREAS on-line information system (BORIS) accessed by all BOREAS scientists.

BORBAS DATA - Understorey Reflectance Spectra

BOREAS Project: RSS-19

PI: John Miller

RSS-19 contact (this file) Derek Peddle

Field Campaign: IFC-3

Field Instrument: ASD Personal Spectrometer II

Panel Calibration: Kodak White Card

FLE DATA

Spectral Range: 400-900 nm

Wavelength Step: 1.4230 nm

Spectrum Description: Average of 10 spectra; 10° FOV

Location: SSA OJP Tower (G2L3T)

Latitude (°N): 53.914

Longitude (-"W; +E): -104.6925

Date: 9/13/94

Time (Local): 13:50:37 (1:50 pPM)

Time (GMT): 19:50:37

Solar Zenith Angle (°): 51.55

Solar Azimuth (°): 197.95

Target Description: LICHEN

Illumination: SUNLIT

Comments: PFL / CLEAR SKIES

REFLRCTANCE DATA

Wavelength (Start) Reflectance
400.00 0.041
401.41 0.039
402.83 0.041
404.26 0.041
896.61 0.311
898.03 0.306
899.45 0.305
900.88 0.301
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Appendix B. Geometric Optical Reflectance Model files
Appendix B.1 Description of GOMS Interface Software

For each TF site, the program BAT_GOMS.C prompts the user to supply the
necessary inputs to produce the spectral trajectory over the full range of tree densities. The
current software interface is designed to produce a full trajectory for each TF site species in
each spectral band (here, red and near infrared). The user is first prompted to enter the tree
dimension and form parameters which describe the physical model geometry (Table 5.5)
for the TF site species being considered. Then, the user is asked to enter the spectral end-
member reflectance values for each component for that species for the spectral band being
processed (Table 5.3). The program then computes the geometric form factors (Table 5.6)
according to the tree dimension inputs. At this point, the software interface processes the
input information for each tree density value along the spectral trajectory. At each spectral
trajectory point the tree density value is multiplied by the square of the horizontal crown
radius (r) to obtain the current model factor input value. For each trajectory point, these
values (component reflectance and geometric factors) are output to a GOMS model format
parameter file which is read by the model during program execution. This version of
GOMS can also correct for topography, however as the BOREAS TF sites being modelled
in this research are either flat or have very minor relief, values of zero slope and aspect
were entered for all parameter files. The view and illumination angles are stored in a
separate file (angles.dat) - these values are constant throughout all model runs. Examples of

a GOMS parameter input file and the angle file are listed in this Appendix.

[n addition to creating the full set of GOMS format input parameter files, the
software interface program BAT_GOMS.C also produces a Unix system command shell

file which directs batch mode execution of all the model runs. Each line of this system
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command file (goms.bat, listed in this Appendix) contains the full command line
specification to run the GOMS model software for the tree density being analysed for each
trajectory point. Each command line specifies the GOMS program name (BRDF2.exe), the
names of the input parameter file and the trajectory output filename (as generated by
BAT_GOMS.C), the angle filename, and whether the model is to be run in forward or

inverse mode.

After the software interface program has been run. the system command shell file is
executed in either interactive shell or batch modes. The model runs rather efficiently for
each trajectory point and therefore in this research the full set of model runs was performed
in interactive shell mode (e.g. it took one minute to run the model 100 times to produce a
full trajectory for one band, using a DEC-Server 5000 computer running the Ultrix
operating system at the University of Waterloo). The output produced from the GOMS
model runs includes the component fractions (C,B,S) for each tree density value analysed
together with the overall reflectance value obtained. An example trajectory point output file
produced by the GOMS model is listed in this Appendix.

One of the final commands in the shell file directs the operating system to combine
all of the individual trajectory point output files into one large file for each spectral band per
TF site species. A separate program (not listed in Appendix) reads the full set of these
GOMS output files produced for all TF site species and for all spectral bands produced,
extracts the pertinent output information, performs a variety of data reformatting tasks, and
writes it into one large spectral trajectory file for input to the physically based landcover and

biophysical software for subsequent processing.
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Appendix B.2 GOMS Interface Software

#include <stdio.h>
/*
Program: bat_goms.c

Author: Derek R. Peddle

This C program produces input files and Unix operating system
command files for running the Li-Strahler (1992) GOMS
reflectance model. This program can be used in any situation
where an extensive set of model rumns is required. It is used
here for the computation of spectral trajectories over a
range of tree densities as part of the BOREAS project.

For each tree density value, the program creates a parameter
file and also updates the Unix command shell file. The Unix
command shell file created by this program is then executed
as follows using the Unix ‘sh’ command to evoke the multiple
runs of the GOMS model to produce the spectral trajectory.

% sh goms.bat

*/

float r, r2, td, b,h,dh, Pc,Pb,Ps, br,hb,dhb;
int i, filec=0;

char output_filename([80], goms_outfilename[80],
par_filename([80];

FILE *par_file, *sh_file, *fopen();

main ()

{

/* open command shell batch file (% sh this file) */
sh_file = fopen ("goms.bat","w"); /* % sh */

/* Obtain user input of tree dimension and form parameters
for TF site */

printf ("\n Horizontal crown radius (r) ?: ");
scanf ("%f",&r);

printf ("\n Vertical crown radius (b) ?: ");
scanf ("%f",&b);

printf ("\n Height to center of crown (h) ?: ");
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scanf ("%f£",&h);
printf ("\n Height distribution of trees: (dh) ?2: "):
scanf ("$f",&dh);

/* Obtain end-member reflectance values for each component */

printf ("\n End-member reflectance for \n\t Sunlit Canopy
{(Component signature crown, Pc) ?2: ");

scanf ("%f",&Pc);

printf ("\n End-member reflectance for \n\t Sunlit
Background (Component signature Ground, Pb ?2: ");

scanf ("%f£",&Pb);

printf ("\n End-member reflectance for \n\t Shadow
(Component signature shadow, Ps ?2: ");

scanf ("%f",&Ps);

printf ("\n Output filename for GOMS output: ");
scanf ("%s",&goms_outfilename)};

/* compute input factors from physical tree parameters */

r2 = r*r; /* multiplied by current lambda (td) value below */
br = b/r;

hb = h/b;

dhb = dh/b;

/* Produce spectral trajectory over range of tree density
(lambda) values. */

for (td=0.01; td <= 1.00; td+=0.01) /* tree density */

{
++filec;

/* Create new output filename and parameter filename for
current tree density wvalue */

sprintf (output_filename, "fr%d.out",filec);
sprintf (par_filename, "goms%d.par", filec):;

/* add next line to Unix command shell file.BRDF2.exe is the
GOMS executable file; angles.dat contains the view and
illumination data, and the model is run in forward mode */

fprintf (sh_file, "BRDF2.exe < angles.dat > %$s -forward
-model %s\n", output_filename, par_filename);

par_file = fopen (par_filename, "w");

fprintf (par_file, "#ComponentSignaturesCrown: %$£f\n",Pc);
fprintf (par_file, "#ComponentSignaturesGround: %$f\n",Pb);
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fprintf (par_file, "#ComponentSignaturesShade: %f\n",Ps):;
fprintf (par_file, "#Slope+SlopeAspect: 0.0 0.0\n");
fprintf (par_file, "#\n");

fprintf (par_file, "#Parameters: lambda*r~2, b/r, h/b,

dh/b \n"});
fprintf (par_file, "MutShadwTopo {\n"):
fprintf (par_file," %8.6f %¥8.6fF %8.6F

$8.6£\n", td*r2,br,hb,dhb);
fprintf (par_file,"}\n");

fclose (par_file);
} /* for loops */

/* Add cat statement at end of command shell file to combine
all output into 1 large file*/

fprintf (sh_file, "cat ");
for (i=1; i<= filec; ++i) fprintf (sh_file,"fr¥%d.out ",i);
fprintf (sh_file," > %s\n",goms_outfilename) ;

/* remove intermediate files */
fprintf (sh_file," rm *.out\n");
fprintf (sh_file," rm *.par\n"):;

fclose (sh_file):;
}



300

Appendix B.3 GOMS model example input and output files; angles file, batch file,
parameter file, output file

angles.dat

11
0.0 0.0 50.71 146.0

goms .bat

The file goms.bat is a batch file produced by running program
bat_goms.c (Appendix B.l). Execution of the Unix shell file
goms .bat directs the GOMS model runs for computing spectral
trajectories. The GOMS model is run once for each point along
a given spectral trajectory, resulting in a large number of
model runs, as seen below.

Usage: A spectral trajectory is generated using a Unix
operating system shell command (% sh) with input from the
goms.bat batch file.

This file is run as follows:

% sh goms.bat

The contents of the goms.bat file are as follows:

BRDF2 .exe < angles.dat > frl.out -forward -model gomsl.par
BRDF2.exe < angles.dat > fr2.out -forward -model goms2.par
BRDF2.exe < angles.dat > fr3.out -forward -model goms3.par

: H H H H H
BRDF2.exe < angles.dat > fr98.out -forward -model goms98.par
BRDF2.exe < angles.dat > fr99.out -forward -model goms99.par

BRDF2 .exe < angles.dat >frl100.out -feorward -model gomsl00.par

cat frl.out fr2.out fr3.out e e e fr27.out fr98.out fr9
9.out £fr100.out > ojp_red_asd.trj

rm *.out

rm *.par

The output file produced (in this case, ojp_red asd.trj)
contains the GOMS model fractions and reflectance values
produced over the full range of tree densities based on the
physical tree dimension parameters and component end-member
reflectance values specified. The final two batch shell file
commands remove all the intermediate parameter and individual
model output files.
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goms99 .par

This is one of the 100 parameter files generated by
bat_goms.c for input to the GOMS model runs, as directed by
the goms.bat batch file. Each parameter file provides the
end-member spectral reflectance values and canopy geometric
form parameters, which are computed interactively in
bat_goms.c for each tree density value.

#ComponentSignaturesCrown: 0.040000
#ComponentSignaturesGround: 0.198000
#ComponentSignaturesShade: 0.019000
#Slope+SlopeAspect: 0.0 0.0
#
#Parameters: lambda*r~2, b/r, h/b, dh/b
MutShadwTopo {

1.425599 2.916667 3.160000 2.560000
}

£r99.out

GOMS model output file for one point along a spectral
trajectory, for one spectral band, based on the inputs
specified in the parameter file (goms99.par). The component
fractions for C, B, and S, as well as the pixel level
reflectance values computed by the model are labeled below
the three output lines.

11
0.000000 0.000000 50.710000 146.000000
0.515029 0.000000 0.484971 0.029816

"~ A A ~

C B S red reflectance
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Appendix C. Theory of evidential reasoning and information about M®P software.

Appendix C.1 Theory and Advantages of Evidential Reasoning

Conventional classification algorithms such as maximum likelihood and linear
discriminant analysis have become standard components of many commercial image
analysis systems. However, the expectations of these systems and algorithms have evolved
and increased substantially in recent years as a result of new sensor developments,
improved data characteristics, and the need to understand increasingly complex
environmental phenomena which require the integrated analysis of multi-source remotely
sensed imagery and other digital data sets. However, a number of problems have been
encountered in using conventional image classification algorithms with these more modern
data sets and complex applications. Firstly, multi-source data sets often contain information
at different data scales of measurement (i.e. nominal, ordinal, interval, and ratio level data),
or have properties such as directionality (e.g. terrain aspect, wind vectors), however,
conventional classifiers can usually handle only ratio level data such as remote sensing
imagery. Secondly, conventional classifiers typically rely on a parametric statistical model
and therefore require input data to conform to a Gaussian (normal) distribution, however,
high resolution imagery and multi-source data sets often do not satisfy this condition and
are therefore not suited for parametric algorithms. Thirdly, these classifiers were not
designed for the higher dimensionality of modern, hyperspectral image data sets. For
example, maximum likelihood classifiers are usually not sufficiently robust to handle more
than 7-10 input variables at a time. A fourth problem is that conventional algorithms do not
have a method for explicitly handling information uncertainty, data inconsistencies, or
errors, which sometimes occur at varying levels in an integrated, multi-source data set.

To address these problems, new approaches and algorithms are required such that
the increased information content of modern data sets can be accessed, extracted, znd used
to help increase our ability to monitor and understand interesting and complex
environmental issues. One such approach is based on the mathematical theory of evidence
(Shafer, 1976) which has come to be known as evidential reasoning and which, from its
general form, can be adapted for the task of image classification. Evidential reasoning
provides a powerful framework for integrating and analysing distinct bodies of information
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from independent sources without the restrictions imposed by the above mentioned
problems. Although the theory of evidence was developed separately from remote sensing
and has widespread application to any decision-making problem, it is appropriate to
describe it here within the overall context of spatial data processing.

Given a set of input values, such as a multispectral or multi-source pixel, and a set
of classes, the task of a digital classification algorithm is to assign the pixel to the proper
class. In evidential reasoning theory, the set of classes constitutes a frame of discernment
(®) within which information processing is to occur, while information from the various
data sources is regarded as individual pieces of evidence which must be combined to
produce a final decision (pixel labeling). Associated with each piece of evidence is a
numerical magnitude of support (s) and plausibility (p) (where 0<s<1,0<p<l,
and s < p), corresponding to the amount of evidence (or mass) in favour of a given class,
and the mass which fails to refute that class, respectively (Shafer, 1976). The plausibility
represents the upper probability or maximum possible evidence in favour of a proposition
(Goldberg er al., 1985), and is calculated as one minus the support for all other
propositions (Shafer, 1976). In the context of a remote sensing classification, therefore,
plausibility for class C; would be computed as:

p=1-s(ICy (C.1)

where s and p represent evidential support and plausibility, respectively. The “true”
likelihood of a proposition lies somewhere between its support and plausibility measures
(Lee et al., 1987). Utilisation of this range of information, termed the evidential interval of
a mass (Garvey, 1987), provides a more realistic framework for representing the actual
knowledge available upon which to make a decision. The uncertainty measure (u;) for a
given source is computed as the mass not ascribed to any class, and is necessarily assigned
to O using the formula (Garvey et al., 1981):

u = 1- Tm(A) (C.2)
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Once a mass has been computed for each value in a multi-source data pixel, the task
remains to combine the evidence into a one dimensional format containing one measure of
support per class. This is achieved by orthogonal summation using Dempster’s Orthogonal
Rule of Combination (Dempster, 1967). This powerful rule can be applied to any number
of sources, each of which contains evidence over a set of classes. The orthogonal
summation (@) of evidence from two sources works by sequentially multiplying the
evidence for a given class from one source by the evidence for each class from the other
source. Each product of evidence for a given class is then normalised by the sum of the
products obtained through multiplication of evidence from non-intersecting classes. The
general form of the equation for computing the orthogonal sum of source | (with mass m;
over a set of labels A) and source 2 (with mass m, over a set of labels B) to determine the
mass m’ assigned to a labeling proposition C is computed using the equation:

m'(C) =K' Y m(A)my(B;) (C.3)
A(' m Bj =C
where K is defined as:
K=1-2m(AymyB) (C.4)
AN Bj =0

The normalizing constant K! corrects for any mass committed to the empty set (¢), and
also provides a measure of the extent of conflict between the two sources considered
(Shafer, 1976). Orthogonal summation of additional sources is achieved by repeated
application of these formulae. The final step in determining a pixel classification is the
application of a decision rule to the resultant evidential mass from the orthogonal
summation process. In this research, the decision rule is based on the maximum sum total
of evidential support and plausibility values. This process of deriving evidence, orthogonal
summation and applying the decision rule is repeated sequentially throughout an image or
attribute table to complete a classification.
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Note that in the mathematical theory of evidence, formal specifications are only
provided for the computation of piausibility, uncertainty measures, and the pooling of
evidence from all sources to provide one set of evidential mass from which to base a
decision rule (classification). However, no formal specification is provided in the theory
for generating the original support values, upon which the computation of plausibility,
uncertainty, mass, and orthogonal summation, all are based. This is because of the
generality of the theory of evidence. It assumes the data are either already in the form of
evidential support, or that they can be rederived into the appropriate evidential framework
for use with this technique. From the remote sensing perspective, this is a significant
requirement, and much work in this area was required in the first implementation of this
method to link the power of evidential reasoning to advanced image analysis. This issue is
taken up in Chapter V, when the knowledge specification of trajectory inputs is described
as part of a modified Knowledge Look-up Table (K-LUT) structure in software.

Appendix C.2 Description of M®P software modules.

The M®P software package is divided logically into five modules, consistent with
the MERCURY® software package. The three main programs are: (i) M®P_USER.C, a
user interface; (ii) M®P_TKLUT.C, which builds the trajectory and training knowledge
look-up tables for storing and accessing evidence; and, (iii) M®P.C, the evidential
reasoning program which performs the classification and also produces the trajectory
output information. The files GLOBALS.H and FUNCTIONS.H contain variable
declarations and a library of program functions accessed by different modules,
respectively, however these program modules are not used directly by the user. The
software is used by running the programs M®P_USER.C, M®&P_TKLUT.C, and M®P.C
in sequence. All necessary classification parameters are created through the user interface
and stored in a data parameter file on disk (M®P_DATA.PAR) for input to both the
MeP_TKLUT.C and M®P.C programs. The parameter file enables user selections to be
archived for future use and reference, and also allows the software to be used in either
interactive or batch mode. Ir the latter case, several different analyses can be run
concurrently while not impeding interactive work.
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In addition to its functionality with both image analysis systems and GIS,
mentioned earlier, the software also runs in a variety of computing environments. Through
use of C compiler preprocessing directives, the same version of code runs on the Unix,
Ultrix, VAX/VMS, MS-DOS, and Apple MacOS operating systems, and is well suited for
transport to others. In terms of available data formats and flexibility, the M@P program
currently supports image format data such as 8-bit and 16-bit binary standard format data
and PCI format imagery (PCI, 1993), as well as ASCII format attribute table data.

Another important part of any software system is the user interface. Often,
regardless of the capability and ingenuity that any program may possess, if the link
between the user and the program is poor the software will typically not be used to its full
potential, and sometimes not at all. Considerable effort was put forth in the original
MERCURY® software package to provide a clear and informative user interface. It is based
upon command line input for compatibility with operating systems that do not support
graphical user interfaces (GUI). For the M®P update described here, the user interface has
been substantially modified to encompass a variety of new functions and capabilities. As
the source code for this is rather simple yet tedious, it is not included in the Appendix.
Instead, an example user interaction sequence is provided in this Appendix showing the
user inputs specified to run the M@®P program in hybrid trajectory training mode which was
used to generate one of the sets of results presented in the thesis.

The computer software upgrades required to create the M®P software package
from the MERCURY® programs resulted in significant changes to each of the five program
modules described above. A number of these changes, while substantial in terms of effort
and new code, dealt mostly with lower level functionality and modifications to the
MERCURY® code to accept new data formats, provide the required new user interaction
sequencing, modify the training mode to be compatible with trajectory mode specifications
(particularly for the Hybrid Mode option of the software), and to revise existing data
structures to now work with spectral trajectory inputs. The latter two tasks were
particularly extensive, however, since this work was directed mostly towards compatibility
with an existing set of programs (MERCURY®), these updates and changes will not be
presented here. Instead, the focus of this software presentation will be on the new code
modules implemented specifically to provide the new functionality in “Full Trajectory
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Mode”, with reference made to the Hybrid Trajectory-Training Mode where appropriate.
The new Trajectory Mode involved a separate data structure to be created and linked to the
knowledge representation portion of the software (M®P_TKLUT.C), as well as additional
coding in the M®P.C program to compute the trajectory position within a land cover
stratification for determining the additional forest attribute outputs (tree density and
component fractions). The following sections deal with these aspects of the M&P software
upgrade.

Appendix C.3 M@P processing sequence and knowledge representation.

In terms of the software code, the function of program M®P_KLUT.C is to first
read the parameter file (M®P_DATA.PAR) to obtain information necessary for trajectory
data input (e.g. number of classes and sources, trajectory filenames, formats etc.). It then
builds the knowledge look-up table (K-LUT) by compiling the original frequency
distributions of all trajectory data, and writes it to the disk file TA.KLT in ASCII format for
subsequent input to the M®P.C program. Appendix C contains partial code listings of two
main functions which perform these tasks. In these code listings, many of the details which
pertain to program functioning have been removed, such that only the functionality that
pertains to the actual processing of spectral trajectories is presented. The first function,
‘allocate_klut_traj’ creates a series of pointers to linked lists in memory for each source and
each class being considered. Only the root node is created for each element of the circularly
linked list, since the dynamic data structure grows in memory (i.e. allocates new memory
locations) as required during program execution. This means that, unlike fixed size arrays,
there is no upper limit to the number or type of data values that can be represented in the
K-LUT. Each memory allocation includes the creation of a hash table, which is where the
K-LUT values are actually stored. This permits fast, random access to the data structure,
despite the unlimited amount of data that can be stored (as with any program, the system
will be limited by the total amount of physical memory space available on a computer,
which is usually only an issue with low-end personal computers). A detailed discussion of
the memory management routines and dynamic linked list and hash table data structures
used in this code is contained in Peddle (1995a,b) and is outside the scope of the present
discussion, however, the scaled down functions provided in the appendix have been
selected such that additional implementation details are accessible regarding the main
functionality relevant to this discussion.
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Once the appropriate sectors in memory have been allocated, function
‘build_klut_traj’ reads the input trajectory values from disk, calculates the proper position
in the K-LUT, determines if new memory is needed or if existing memory cells containing
the same value being added can be updated, and then inserts or updates the trajectory value
into the K-LUT. The raw K-LUT is saved to disk prior to applying any bin transformations
or weighting factors to the evidence. This is done so that the frequency distributions from
trajectory data need only be computed once, from which any number of classifications
could be performed (e.g. testing different bin sizes and source weights to refine a
classification). In this way, trajectory data are also retained in a compact format suitable for
the M®P software for future reference. In hybrid trajectory-training mode, the process is
essentially run twice, whereby first the trajectory inputs are processed and input to the
K-LUT, and then the supervised training data are read in, processed, and added to the
K-LUT. Although the input data sets and formats are very different in each case, the
original MERCURY® source code was modified such that a consistent K-LUT format was
possible for training and trajectory inputs, and that the two inputs could co-exist in spectral
space. This approach was taken since, in hybrid mode, when classifying a given pixel its
spectral reflectance values must be compared for evidential support and membership with
respect to both training areas and spectral trajectory volumes.
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Appendix C.4 Example user interaction sequence for M@P software
showing use of hybrid mode inputs for integrated land cover / physically based output.
Entries made by the user are shown in bold.

% M®P_USER.EXE

Welcome to ...
M®EP - Version 2.0.1

- MERCURY® PHYSICAL -

M@®P: An Integrated Multi-source Evidential Reasoning / Physically Based
Image Processing System

Author: Derek R. Peddle 1996 (©)

M®P: USER INTERFACE

Select M@®P Processing mode:

1. Full Supervised Training Classification Mode

2. Full Spectral Trajectory Classification/End-member Fraction Mode

3. Hybrid Training-Trajectory Mode

Enter Mode [1/2/3]: 3

Enter Number of Data Sources: 2
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Enter Number of Classes: 13

Enter Total Number of End-member Fractions and Additional Values
Associated with Reflectance Model Inputs to M+P: 4

Enter Data Type for Training Data:
Image {i] or Attribute Table [a] -> [/A]: A

Enter Type of Data to be Classified:
Image {i] or Attribute Table [a] -> [[/A]: A

Enter Attribute Table Training Area Data Filename: SSA.TRN

Enter Trajectory Filename: SSA.TRAJ

Use a given trajectory for more than one class ? [y/n]: N

Does any data source contain special missing data flags
or undefined data values ? [y/n]: N

Enter Name of Attribute Table Test File to be Classified: @SSA.TST
Output File Type and Format...
Note: Output File Type set to ATTRIBUTE TABLE

to match the input data type being classified.

Enter Classification Output Filename: SSA_ATB.OUT

Do you want to Transform the Training Data
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Distribution using Weighted Bin Functions? [y/n]: Y
The same bin size may be used for all sources,
or you may assign a different bin size for each source...

Note: The bin size must be an odd number.

Do you want to use the same bin size for all sources? [y/n]: Y

The bin transformation is only valid for Interval & Ratio
level data. You will now be asked to enter the data level of
each source, and the bin size you specify will only be
applied to those sources that have a valid data level.

Enter the bin size to be used for all valid sources: 121

Enter the Data Level of Source Number [ [N/O/I/R]: R
A bin size of 121 will be used for this source

Enter the Data Level of Source Number 2 [N/O/I/R]: R
A bin size of 121 will be used for this source

Do you want to assign weights to each source ? [y/n]: N

Your selections have been stored in the file M&P_DATA.PAR,
and will be read by programs M@P_TKLUT and M®P.
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Appendix C.5 Selected source code functions from M®P_KLUT.C

/* */

S_LIST *allocate_klut_traj (s)
S_LIST *s;
/* Create Trajectory Portion of Rnowledge Look-up Table */

{
C_LIST *chead;

for (i=0; i < src_num; i++)

{
if (i==0)
{ if ( (s = (S_LIST *)
malloc ((size_t)sizeof (S_LIST)) )} == NULL)
memory._error ():;
shead = s;
}
else

{ if ( (s->sn = (S_LIST *)
malloc ((size_t)sizeof (S_LIST)) ) == NULL)
memory_error ():
S = s->sn;

}

s->snum = i+l1;
s->bin_sz = 1;
s—>bf.d_lev = NOMINAIL;

s->bf.ud_data = s->bf.mi_data
= s->bf.mi_inc = FALSE;

s->bf.ud_inc

s->imin = s->imax = s->ud_val = s->mi_wval = SMALL;

/*set last link to point to head of circular list */
s->sn = shead;

for (j=0; j < cls_num; j++)

{
if (j==0) { if ( (s->c = (C_LIST *)
malloc ((size_t)sizeof(C_LIST)) ) == NULL)
memory_error ();
chead = s->c;
}
else

{ if ( (s->c->cn = (C_LIST *)
malloc ((size_t)sizeof (C_LIST)) )== NULL)
memory_error ();
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S~>C = sS->C->Cnj;

}

s->c->cnum = j+1;
s->c->ta_size = s->c->no_bins = 0;

/* last link points to head of circularly linked list */
s->c->cn = chead;

/* create first bucket of hash table data structure for
each member of SPREAD */
for (bk=0; bk < SPREAD; ++bk)
{
if ( (s->c->h[bk] = (H_LIST *)
malloc ((size_t)sizeof (H_LIST)) ) == NULL)
memory._error ();
s->c->h[bk]~->hn = NULL;
s->c->h([bk] ~->key = SMALL;
s->c->h[bk]->freq = s->c->h([bk]->d.wfreq = 0;

} /* for bk */
} /* for j */
s->c = chead; /* advance to head of list */
} /* for i */
return (shead);
} /*end of function allocate_klut_traj */

/* */

S_LIST *build klut_traj (s)

S_LIST *s;

/* This function reads the spectral trajectory information
and loads it into the Knowledge Look-up Table (K-LUT) */

{

int x;

float rvalue, xr;

/* structures allocated & set up - ready to receive training
data */

/* tr_mode is >= HYBRID_TRAJECTORY, meaning that trajectory
data are to be included in (or to completely comprise) the
KLUT */
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printf ("\n Building Trajectory Data into KLUT...\n");

while ( (value = get_data (traj_file, AT)) != EOF_FLAG )

{
s = shead;

/* current TJ record format is: site#, pixel#, line#, cls,
fraction 1, fraction 2.. fraction_n, srcl src2... src_n.*/

/* read Pixel, Line */
for (i=1l; i<=2;++1) x = get_data (traj_~file, AT);

cls = get_data (traj_file, AT);
for (i=l; i<= num_traj_fr; ++i) x=get_data (traj_file, TJ):
if ((¢cls < 0) OR (cls > cls_num))
{ printf ("\n\n Invalid class value: %d\n",cls);
printf (" The specified valid class range is 0 to
$d\n",cls_num};
printf (" (where class 0 is unclassified)\n\n");

printf (" Note: TRAJECTORY File Format...\n");

printf (" The first 4 values of each line in the
Attribute Table\n"):

printf(" file should be: sample#, pixel#, line#,
class\n");

printf (" followed by the model/fraction values,
and then srcl src2 ... src_n\n\n");

printf (" Please ensure that this format is
supplied\n\n");

printf (" \n\n Program execution terminated\n\n");

exit (1);

}
)
if (cls == 0) for (i=0; 1 < src_num; ++i)

x = get_data (traj_£file, TJ);

else /* cls > 0: its a valid pixel */
{
for (i=0; i < src_num; ++i)
{ /* find class node */
if (cls != last_cls)
{
cls_pos = (cls > last_cls) ?
cls-last_cls : ¢cls_num-(last_cls-cls);

/* advance pointer to correct position along
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circularly linked list */
for (j=0; j < cls_pos; ++j) s->c = s->c->cn;

}

/* read next trajectory training value from file */
value = get_data (traj_file, TJ);

/* once linked list cell node position found, determine
the hash table entry position for that node by
computing a hashing function using the modulus
division method */

bk = value MOD SPREAD;
if (bk < 0) bk = -bk; /* ensure bk is positive */

if (!
( ((s->bf.ud_data) AND (value == s->ud_val) AND
{!s->bf .ud_inc})
OR
((s->bf.mi_data) AND (value
(ls—>bf.mi_inc))

1]
|

= s->mi_val) AND
)
)
/* insert the value into the K-LUT, allocating new
memory as needed */

s->c->h[bk] =
add_key (s->c->h[bk], value, 1, NO_WEIGHT);

S = s->sn;
} /* for i=0 to < src_num */
last_cls = cls;
} /* end: else its a valid pixel */
} /* while value != EOF_FLAG; */
return (shead);
} /* end function build_klut_traj */

/* */




Appendix C.6 Selected source code functions from MeP.C

/*

void load_trajectory_LUT (traj_filename)

char traj_filename[80];

/* Load spectral trajectory data from file into Trajectory
Look-Up Table (TLUT) */

{
short int trj_cls, x;
FILE *traj_file;

for (i=0; i<MAX_TRAJ_CLASSES; ++1)
for (j=0; j<MAX_TRAJ_POINTS; ++3j)
{
for (k=0; k<MAX_TRAJ_SOURCES; ++k)
TLUT_spvli] [j] [k]=SMALL;
for (k=0; k<MAX TRAJ_FRACTIONS; ++k)
TLUT_£fr(i] [j] [k]=SMALL;
}

/* open trajectory input file (ATB format) */
if ( !( traj_file = fopen (traj_filename, "r")) )
file_open_error (traj_filename, INPUT,O);

/* While not eof Trajectory file do */

while ((x = get_data (traj_file, AT)) != EOF_FLAG) /* ID */
{
pixel_num = get_data (input_file,AT); /* pixel # */
line_num = get_data (input_file, AT); /* line # */
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*/

trj_cls = get_data(traj_file, AT); /*Trajectory class */

if ((trj_cls < 1) OR (trj_cls > cls_num))

{
printf ("\n\7 Error in Trajectory file -
class out of range \n\n");
printf ("\n Program execution terminating \n\n\n");
exit (1);
}

/* Search trajectory list for first unused point in this
trajectory class */
j=_0;
while ((j<MAX_TRAJ_POINTS) AND
(TLUT_spvitrj_clsl[j][1] != SMALL)) j++;
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/* read fractions from trajectory file */

for (k=1; k <= num_traj_fr; ++k)
TLUT_fritrj_cls]l[j]l (k] = get_real_data (traj_file, TJ);

/* read spectral reflectance values from trajectory file */

for (k=1l; k <= src_num; ++k)
TLUT _spv(trj_cls] [j] [k]= get_real_data (traj_file, TJ);

} /* while not EOF traj_file */

printf ("\n======= TRAJECTORY INPUT COMPLETE =========\n");
fclose (traj_file);

}
/* ‘l’/

void analyse_trajectory LUT (src, mcls)

short int src[MAX_TRAJ_SOURCES], mcls;

{

/* In this function the distance to each point on the
specified class's trajectory is computed, and the closest
(min _dist) trajectory point is found. The fraction wvalues
for this point are then written to the output file. This
function is called once for each pixel that is classified.
"src" is the array of values containing pixel DNs for
current pixel, classified by M+P as being in class "mcls".

*/

float dist, diff, prev_dist, min_dist;

short int closest_pnt, ties=0;

int fr_100;

unsigned char c_fr;

/* use specified trajectory class for this class label
(some trajectories are used for >1 classes */

if (tr_eqg) mcls=tec[mcls]; /* trajectory equivalency class */

printf ("\n----- START OF ANALYSE TRAJECTORY LUT ----- \n");
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if (mecls==0) /* no trajectory for class 0: output undefined*/

{
if (cl_dt == AT)
for (k=1; k <= num_traj_fr; ++k)
fprintf (output[0].o_file," -999");

else
if (cl_dt == IM)
{
for (k=1; k <= num_traj_fr; ++k)
{
c_fr = 0;
c_fr &=255; /* clear 8-bits */
fprintf (output(k].o_file, "%c",c_f£fr);:
}
}
}
else

/* traverse trajectory for this class, compute distance to
each point, and track proximity */

{

j=0;

min_dist = (float)BIG;

prev_dist = (float)SMALL;

while ( (j < MAX_TRAJ_POINTS)
AND (TLUT_spvimcls][j][1l] != SMALL))

{
if (j < MAX_TRAJ_POINTS)
{
/* compute Euclidean distance from input value to
trajectory point j, using equation 5.10.
(e.g. from src 1,2 to TLUT[mcls][j][1,2] */
dist = 0.0;

for (k=1l; k<=src_num; ++k)
{
diff = (float)src[k]-(float)TLUT_spvimcls] [j][k];
dist += diff*diff;
}
dist = sqgrt(dist):

if (dist < min_dist)

{
ties = 0; /* new closest point - reset tie count */

prev_dist = min_dist;
min_dist = dist;
closest_pnt = j;
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}
alse
if (dist == min_dist) ties ++;

}

++3;

} /* while */

/* Note - class label output to file in main() */
if (cl_dt == AT)
{
for (k=1l; k <= num_traj_fr; ++k)
fprintf (output(0].o_file, "$d",
TLUT_fr(mcls] [closest_pnt] (kl):

if (ties>max_ties) max ties = ties;
tnum_ties += ties;
a_ties{ties] +=1;

}
else
if (cl_dt == IM)
{
for (k=1; k <= num_traj_~£fr; ++k)
{
fr_100 = (int) (TLUT_frimcls] [closest_pnt} (k] * 100.0);
c_fr = £r_100;
c_£fr &=255;
fprintf (output(k].o_file, "%c",c_fr);
}
}
}

} /* end analyse_trajectory LUT */
* */
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/* */

S_LIST *read_klut (s)

S_LIST *s;

/* Read the Knowledge Look-up Table containing training
and/or trajectory inputs into the main M+P program */

{

FILE *klut_file;

s = shead;

if ( !(klut_file = fopen ("TA.KLT","r")) )
file_open_error ("TA.KLT",INPUT,2);

for (i=0; i < src_num; ++1i)
{
value = get_data (klut_file, KT);

if (value !'= (i+l))
printf ("\n Sources not in order in KLUT file...\n"):;

for (j=0; j < cls_num; ++7j)

{
value = get_data (klut_file, KT);
if (value !'= (j+1))
printf ("\n Classes not in order in KLUT file...\n");
while ( ((value=get_data (klut_file,KT)) != EQF_FLAG)

AND (value != EOC_FLAG) )

{
bk = value MOD SPREAD; /* compute hashing function */
if (bk < 0) bk = -bk;

dfreq = get_data (klut_file,KT);
s->c->ta_size += dfreq;

/* insert value into KLUT */
s~>c->h[bk] =

add_key (s->c->h[bk], value, dfreq, NO_WEIGHT);
} /* while */

s~>Cc = s->c->cn; [/* advance to next class */
} /* for j*/

s = s->sn; /* advance to next source */
} /* for i */

fclose (klut_file);
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return (shead);

} /* end of read_klut */
/* */

S_LIST *bin_klut (s)

S_LIST *s;

/* Compute and apply the bin transformation function to the
trajectory and/or training data stored in the K-LUT */

{

short int value, low,high, v,wbk,wf, slot, rv, offset;
H_LIST *slothead;

for (i=0; 1 < src_num; ++i)
{
offset = s->bin_sz/2;
if (s->bin_sz > 1)
{
for (j=0; j < cls_num; ++j)

for (bk=0; bk < SPREAD; ++bk)
{
slot = 0;
while ( (s->c->h([bk] !{= NULL)
AND (s->c->h[bk]->key != SMALL) )

{
if (slot++ ==0) slothead = s->c->h{bk]:;

/* only process original values, but not those
created during this bin expansion process */
if (s->c->h[bk]->freq > 0)
{
value = s->c->hlbk]->key;

/* do not apply bin transformation function to
undefined or missing data values */

s->ud_val)) OR

if ( ((s->bf.ud_data) AND {(value ==
== s->mi_wval)) )

((s->bf.mi_data) AND (value
{
wf = s->bin_sz; /* do base value bin only */

/* insert from start of list and apply
weighting factor (wf) */
slothead = add_key(slothead, value,
s->c->hi{bk]->fregq*wf, WEIGHT);

s->c->no_bins += s->c->h([bk]->freq;

}
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else

{

low = wvalue - offset;
high = value + offset;

/* range value rv += skip */
for (rv =low; rv <= high; ++rv)
{
/* compute weighting factor, in terms of proximity
to key value using linear distance decay
function */

wf = s->bin_sz - (2 * abs(value-rv) };

if ((s->bf.d_lev == INTERVAL)
AND (s->imax > s->imin))

{ if (xrv < s->imin)
v = s->imax - (s->imin - rv) + 1;
else if (rv > s->imax)
v = s->imin + (rv - s->imax) - 1;
else v = rv;
}

else v = rv;

wbk = v MOD SPREAD:;
if (wbk < 0} wbk = -wbk;

if (wbk==bk) /* insert from start of list, and
apply computed weighting factor to
evidence */

slothead = add_key (slothead, v,
s->c->h[bk]->freq*wf, WEIGHT);

else

s->c->h[wbk] = add_key(s->c->h{wbk], v,

s->c->h([bk] ->freg*wf , WEIGHT) ;

} /* end: for rv = low to high */

} /* end of: else not missing or undefined data */
} /* end of: if h[bk]->freq > 0 */

/* move to next slot in this bucket */
s->c->h{bk] = s->c->h[bk]->hn;

} /* while */

if (slot > 0) s->c->h{bk] = slothead;
} /* for bk */

s->C = s->c->cn;



} /* for j */
} /* if s->bin_sz >1) */
S = s~->sn;
} /* for i */
return (shead);
} /* end bin_klut */

/*

S_LIST *normalise_klut (s)
S_LIST *s;

/* normalise evidential support values in K-LUT to account

for variations in sample size */
{
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*/

short int jj, bef, b, slot; /* bef - bin expansion factor */
double tas, /* ta size, adjusted by bin expansion factor */

nws; /* normalised & weighted support */

float wgt;
CI_LIST *citemp;
H_LIST *slothead;

ci = cihead;
s = shead;
if ((sw_flag) AND (same_sw)) citemp = cihead;

for (i=0; i < src_num; ++1i)
{
if (s->bin_sz > 1)
{
bef = 0;
b = s->bin_sz - 2;

while (b >= 1) /* compute bin expansion factor */
{
bef += b;
b -= 2;
}

bef = bef*2 + s->bin_sz + 1;
/* +1: include original base frequency */

} /7* if bin > 1 */

ci = cihead;
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for (j=0; j < cls_num; ++3J)

{
if (s->bin_sz > 1)

{
tas = (double) (s->c->ta_size * bef);
if (s->c->no_bins > 0)
tas = tas - (double) (s->c->no_bins * hef) +
(double) (s->c->no_bins *
(s->bin_sz + 1)};
}
else tas = (double)s->c->ta_size;

if (sw_flag)
{
if (same_sw)
{ if (J == 0)
{ wgt = (double)citemp->w->wgt;
citemp->w = citemp->w->wn;
}
/* weight obtained for first class will be the
same for all classes for this source */
}

else /* not same_source weight */

{

wgt = (double)ci->w->wgt;
ci->w = ci->w->wn; /* advance to next source */
}

} /* sw_£flag */

for (bk=0; bk < SPREAD; ++bk)
{
slot = 0;
while ( (s->c->h([bk] != NULL)
AND (s->c->h[bk]->key != SMALL) )
{
if (slot++ ==0) slothead = s->c->h(bk];

/* include base freq into weighted frequency count */
s->c->h[bk]->d.wfreq += s->c->h([bk]->freq:

/* normalise support value by sample size for
this class */
nws = (double)s->c->h{bk]->d.wfreq / tas;

/* adjust by user-specified weight */



if ((sw_flag) AND (wgt < 1.0)) nws *= wgt;

/* assign normalised & weighted support to nsup
union field */

s->c->h{[bk]->d.n_sup = nws;

/* advance to next slot in this bucket */
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s->c->h([bk] = s->c->h{bk]->hn;
} /* while */
i1f (slot > 0) s->c->h[bk] = slothead;
} /* for bk */

S—->C =
ci = ci->cin;

s->Cc->cn;
} /* for j */

S = s->sn;

} /* for i */

return (shead);

} /* end normalise_klut */

/*

/* move to next class in RLUT */
/* advance to class_info for next class */

*/

int get_data (d_file, data_type)
FILE *d_file;
enum { IM, AT, KT, TJ } data_type:

/* Read training, trajectory, or image file data */

{
unsigned char byte_value;
int int_wvalue, ibl,ib2,1il6 ;
char bl,b2;
float real_value;
if (data_type == TJ)
{

if ( (fscanf (d_file, "%f", &real_value) != EOF) )
return (real_value);

else
return (EOF_FLAG);

}

else
if (data_type == IM)
{
if ((file_f == BINARY_IMG) OR (file_f == PCI_FORMAT))
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{
if ( (fscanf (d_file, "%c", &byte_value) != EOF) )
{
int_wvalue = byte_value; /* convert byte to integer */
int _wvalue &= 255; /* logical bit-wise AND with
255 mask (low 8 bits set */
return (int_value);

}
else return (EOF_FLAG);
}
else
if (file_f == BINARY_IMG_16) /* 16 bit data */
if ( (fscanf (d_file, "%c%c", &bl,&b2) != EOF) )
{
ilée = ibl = ib2 = 0;
ibl = bl & 255;
ib2 = b2 & 255;

/* flag negative values in high order byte */
if (ibl==255) ibl = 0;

il16 = ibi;
il6 <<= 8; /* Left shift high order byte */
i16 |=ib2; /* OR-in low order byte */

if (factor > 0)
il6 = (int) ((float)ilé/(float)factor + 0.5);

int_wvalue = ilé6;
return (int_value);
}
else return (EOF_FLAG) ;
}
else /* AT or KT file type: integer */
if ((data_type == AT) OR (data_type == KT))
{
if ( (£scanf (d_file, "%d", &int_value) != EOF) )
return {int_value);

else return (EOF_FLAG);
}

/* end get_data */

/* *x /
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Appendix D. BOREAS Biophysical Data

BOREAS Landcover Biomass LAI DBH Tree Height
SITE ID Class kgC/m2 m2/m2 cm m
OBS:
GaL7S 1 1.41 2.30 9.80 4.10
H1E4S 1 3.66 6.91 5.90 2.80
G6KBS 1 4.00 4.89 15.40 15.90
G8I4T 1 4.71 5.55 7.10 10.25
DOH6S 1 5.22 6.81 15.00 15.80
G214S 1 7.47 11.72 7.80 6.10
H2D1S 1 7.53 10.59 20.10 18.10
OJP:
G8L6P 2 0.62 0.27 4.70 3.70
G2L3T 2 3.02 1.23 12.90 14.56
F516P 2 3.75 1.63 10.50 12.00
G7K8P 2 3.99 1.60 22.40 14.40
1218P 2 4.77 3.49 11.50 11.30
GSLOP 2 5.70 2.25 22.50 18.10
G4K8P 2 5.98 2.26 28.40 19.90
G1K9P 2 6.03 2.34 24.40 18.60
F7J1P 2 8.02 4.63 23.00 24.20
F7JOP 2 10.42 8.78 25.10 20.20
MIX:
G413M 3 8.68 9.74 46.60 32.60
FINOM 3 8.69 7.88 30.50 23.40
H2D1M 3 11.62 12.97 31.20 23.30
OA:
D6L9A 4 4.42 1.42 10.90 10.60
DI9I1M 4 4.44 2.22 18.70 21.70
DIG4A 4 4.80 1.69 19.70 25.00
E7C3A 4 7.28 2.66 34.00 24.10
B9B7A 4 8.73 3.08 21.20 18.30
C3B7T 4 8.76 3.18 20.50 23.16

Biophysical ground data for BOREAS SSA for biomass, leaf area
index (LAI), tree diameter at breast height (DBH), and tree
height. Data grouped by land cover class from Tower Flux
Sites (shown in bold) and Auxiliary Sites.
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GLOSSARY

Sorted by alphabetical theme.

Agencies and Organisations

CCRS: Canada Centre for Remote Sensing

CFS: Canadian Forestry Service

NFC: Northern Forestry Center (CFS, Edmonton)

NOAA: National Oceanic and Atmospheric Administration, USA

NASA: National Aeronautics and Space Administration, USA

GSFC: NASA Goddard Space Flight Center (Greenbelt Maryland USA)

USRA: Universities Space Research Association (GSFC)

ISTS: Institute for Space and Terrestrial Science (Ontario)
Biophysical Parameters

BIO: biomass

DBH: tree diameter at breast height

HGT: tree height

LAL leaf area index

NPP: net primary productivity



Boreal Ecosystem Atmosphere Study (BOREAS)

AFM:
AUX:

BORIS:

FFC:
FFC-T:

FFC-W:

IFC:
IFC-1:
[FC-2:
IFC-3:
NSA:
OA:
OBS:
OJP:
P.L.:
RSS:
SSA:

TGB:
YJP:

Airbome Flux and Meteorology
Auxiliary site

BOREAS Information System (Internet)
Focused Field Campaign

FFC - Thaw

FFC - Winter

Hydrology

Intensive Field Campaign

Early Summer [FC
Mid-summer [FC

Late summer [FC

Northern Study Area

Old Aspen

Old Black Spruce

Old Jack Pine

Principal Investigator

Remote Sensing Science
Southern Study Area

Terrestrial Ecology

Tower Flux science team / Tower Flux site

Trace Gas Biogeochemistry

Young Jack Pine
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CYL:
dh
GOMS:

h:w

BOREAS:

CGCP:
COVER:

IGBP:
ISLSCP:

LTER:
MTPE:

NBIOME:

SNF:

USGCRP:

Geometric Optical Reflectance Models

vertical crown radius

Cylinder model

height distribution

Geometric Optical Mutual Shadowing model
height to center of crown

height:width ratio

horizontal crown radius

Global Change Programs and Projects

Boreal Ecosystem Atmosphere Study
Canadian Global Change Program

Characterization of Vegetation with Remote Sensing
(NASA SNF field experiment)

First ISLSCP Field Experiment

Intemational Geosphere Biosphere Program
Intemnational Satellite Land Surface Climatology Project
Lambada / Baterista / Ambiace (Brazil, IGBP)

Long Term Ecological Research program (USA)
NASA Mission to Planet Earth

Northern Biosphere Observation and Modelling Experiment
(Canada)

Superior National Forest, Minnesota USA
United States Global Change Research Program
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Remote Sensing Terms, Instruments, and Techniques

ASAS:
ASD:

AVHRR:

AVIRIS:
CASI:
EOS:

MODIS:
MSS:
NDVE

PFL:
SPOT:

Advanced Solid-state Array Spectrometer
Analytical Spectral Devices, Inc - field spectrometer
NOAA Advanced Very High Resolution Radiometer
Airbome Visible Infrared Imaging Spectrometer
Compact Airborne Spectrographic Imager

Earth Observing System

MODIS Airbome Simulator

Modular Multi-band Radiometer

Moderate Resolution Imaging Spectrometer
Landsat Multi-Spectral Scanner

normalised difference vegetation index

near infrared

Portable Field Laboratory

System Pour L’observation de la Terre (France)
Landsat Thematic Mapper

Thematic Mapper Simulator
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Spectral Mixture Analysis
Rp: pixel level reflectance
Rc: sunlit canopy end-member reflectance
Rb: sunlit background end-member reflectance
Rs: shadow end-member reflectance
C: sunlit canopy fraction
B: sunlit background fraction
S: shadow fraction
EM: end-member
SMA: spectral mixture analysis

Software

K-LUT:

MERCURY®:

MeP:

hybrid trajectory training mode of M®P software

Knowledge Look-up Table

Image processing software - Multi-source Evidential Reasoning
Classification by Orthogonal Summation (@)

MERCURY® Physically-based software system

trajectory mode of M®P software

training mode of M®P software

mathematical symbol for orthogonal summation





