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We tested the effectiveness of the Purposive Selection selected using the AVHRR tiles. A random sample was
also selected for comparison. The domain AVHRR coverAlgorithm (PSA, described in the companion first article)

to accurately estimate land cover composition over a type fractions were then corrected using TM maps for the
selected tiles, following the method of Walsh and Burklarge area. The knowledge of land cover distribution over
(1993). The land cover composition obtained through thelarge areas is increasingly more important for numerous
combined “domain AVHRR/sample TM” data was thenscientific and policy purposes. Unless a complete detailed
compared with the domain TM coverage. We found thatmap is necessary, a sampling approach is the best strat-
PSA provided a representative sample to correct theegy for determining the relative proportions of individual
AVHRR map, particularly for small sample sizes. Com-cover types because of its cost-effectiveness and speed of
pared to the random selection, PSA yielded more accu-application. With coarse resolution land cover maps at
rate results at all tested sampling fractions (up to 30% ofcontinental or global scales increasingly becoming avail-
all tiles). With a PSA sample of 7% (18%), the averageable, the possibility arises of using such maps synergisti-
absolute difference per class between the correct and thecally with a sample of high resolution satellite coverage.
estimated fraction was 0.058% (0.043%). For the sameThe goal of such synergy would be to obtain accurate
sample fractions, the average relative error per class wasestimates of land cover composition over large areas as
16.1% (9.8%) for PSA and 24.5% (18.7%) for randomwell as the knowledge of local spatial distribution. We
selection. The difference between PSA and random selec-evaluated PSA performance for sample selection over a
tions was significant at the 0.001 probability level. It is136,432 km2 area (domain) in the BOREAS Region of
concluded that the PSA strategy is an effective way toSaskatchewan and Manitoba, Canada. Two maps were
combine coarse and fine resolution satellite data to obtainprepared for the domain, one based on NOAA Advanced
expedient and cost-effective land cover information overVery High Resolution Radiometer (AVHRR, 1 km pixels)
large areas. An important benefit of the synergistic com-and one on LANDSAT Thematic Mapper (TM, 30 m).
bination of the two maps is knowledge of land cover dis-After dividing the area into 134 tiles, a PSA sample was
tribution at the landscape level. This is because the
coarse resolution map provides the overall distribution
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Table 1. Landsat TM Images Used for the LandINTRODUCTION
Cover Classification

Land cover is a critical biophysical parameter that deter-
Path/Row Datemines the functioning of terrestrial ecosystems in biogeo-

33/21 6 June 1992chemical cycling, in hydrological processes, and in the in-
34/21 6 August 1992teraction between the surface and the atmosphere. It is
35/21 11 August 1991

therefore of strong interest in scientific studies aimed at 35/22 11 August 1991
improved understanding of the dynamics of terrestrial 36/22 30 July 1996

37/22 9 August 1991processes, at all scales from site to globe. Land cover is
also a key input into land use and management decisions.
Thus, its extraction from satellite remote sensing data has
been the focus of many studies using a variety of data Canadian landmass from AVHRR data representing
sources and methods. While initially these utilized high mean growing season conditions for 1995 (Cihlar and
spatial resolution data sources such as aerial photography Beaubien, 1998). The images to be classified were ob-
(Colwell, 1960) and later Landsat and similar data, re- tained by processing data for the entire growing season
cently considerable attention has been given to data at and then computing mean values for AVHRR Channels
coarser resolutions, 1–8 km (e.g., Townshend, 1994). 1 and 2 and NDVI. The TM map utilized six TM images
This trend reflects the growing importance of land cover approximately covering the transect between Prince Al-
for environmental studies at various spatial scales. bert, Saskatchewan and Thompson, Manitoba (Table 1).

Ideally, land cover information should be available Both classifications employed a similar classification leg-
in great spatial detail, with high temporal frequency, and end, differing only to the extent necessary to accommo-
over large areas. These requirements lead to an excessive date the differences in spatial resolution (Table 2). The
demand for the acquisition, processing and analysis of enhancement-classification methodology (ECM; Beau-
satellite data, which has heretofore been impossible and bien et al., 1999) was used to separately produce each
only recently have proposals been made to advance in map. Detailed information on the maps is given by
this direction (e.g., Ahern et al., 1998). Over large areas, Cihlar and Beaubien (1998) for AVHRR and Beaubien
the use of coarse to medium resolution data has been et al. (1999) for TM.
favored as a more practical solution, and it will remain For this study, the area corresponding to the TM
the preferred method for monitoring seasonal and in- map (“domain”) was cut out of the AVHRR map of Can-
terannual dynamics. However, data with a resolution of ada. This AVHRR mapped area was spatially registered
102–103 m generally consist of mixed pixels, and maps to the TM image mosaic and resampled to 30 m pixels
derived from these often contain mixed classes. It is using the nearest neighbour algorithm. The rectangle
therefore important to know the composition of these bounding the domain was divided into 225 tiles (15 rows3
classes. Such information can be obtained by using a 15 columns), each 15503940 (30m) pixels in size. Of the
sample of high resolution data. For this characterization 225 tiles, 134 contained some land cover and were re-
to be accurate and effective, it is important to select the tained for analysis. For each AVHRR tile as well as the
sample appropriately. entire area, the land cover composition was computed.

In a companion article (Cihlar et al., 2000), we have The Purposive Selection Algorithm (PSA, Cihlar et al.,
described an algorithm for selecting a sample of tiles to 1998) was then applied to the 134 AVHRR tiles, using
represent the entire region of interest (domain). Here
we test the effectiveness of the method to characterize

Table 2. Classification Legends for AVHRR and TM Dataland cover composition over a larger area, using domain
coverage of 1 km resolution data and selecting a sample

1. High density needleleaf forest
of tiles to be covered with high resolution (30 m) data. 2. Medium density needleleaf forest
As in the companion article, the effectiveness is evalu- 3. Low density needleleaf forest

4. Deciduous broadleaf forestated by using domain coverage with 30 m data.
5. Mixed needleleaf forest
6. Mixed intermediate forest
7. Mixed broadleaf forest

DATA AND METHODOLOGY 8. Burns with low green vegetation cover
9. Burns with green vegetation coverThe study was carried out within the BOREAS Region

10. Wetland/shrubland
located in Saskatchewan and Manitoba, Canada. Two 11. Barren land
maps of land cover were prepared from Advanced Very 12. High biomass cropland

13. Medium biomass croplandHigh Resolution Radiometer (AVHRR; 1 km pixels) and
14. Low biomass croplandLandsat Thematic Mapper (TM, 30 m pixels) data, re-
15. Waterspectively. The AVHRR map was produced for the entire
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Figure 1. Land cover class fractions for
the area as mapped using AVHRR (1 km)
and TM (30 m) data.

land cover composition as the only basis for selection. (Mayaux and Lambin, 1995; 1997; Moody, 1998; Moody
Briefly, at each iteration (i.e., when selecting the next and Woodcock, 1996; Walsh and Burke, 1993). In most
tile) PSA seeks to identify the subset of tiles for which cases, these studies deal with two land classes, and seek
land cover composition is closest to that of the AVHRR to maximize the accuracy of one class of interest (e.g.,
domain; the difference is quantified using Euclidean dis- total forested area). In this case, we are interested in the
tance ED between the domain and the ensemble of the area of all cover types. Walsh and Burk (1993) have de-
selected tiles. Thus, the tile added at each iteration is scribed the appropriate theoretical framework. The basic
that which brings the land cover composition of the sam- relationship is:
ple closer to that of the domain than any other candidate
tile. To allow combining TM and AVHRR estimates (see p̂i5o

k

j51

(fj1n·j)
N *

nij

n·j

, (1)
below), the first tile was selected to be i) the closest to
the domain and ii) among tiles which contained all land where
cover types. To assess PSA effectiveness, a random sample

p̂i5vector of estimated proportions of the individualwas also selected among the 134 AVHRR tiles and used
cover types,in subsequent computations.

n5number of units in the reference sample (i.e.,Numerous studies have previously been carried out
on the combined use of coarse and fine resolution data TM pixels),

Figure 2. The effect of increasing the number
of tiles selected using PSA. DiAc, AA, and
WAD are average diagonal accuracy of the con-
fusion matrix, average area accuracy, and the
average absolute difference between the cor-
rected AVHRR and the true (TM) class
fractions.
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Figure 3. True (TM, x) vs. estimated
(AVHRR, y) fractions of land cover types.
a) Uncorrected AVHRR estimates; b) cor-
rected AVHRR estimates based on five
tiles; c) corrected AVHRR estimates based
on 10 tiles; d) corrected AVHRR estimates
based on 24 tiles.

N5combined number of units in the reference and
classification data set (i.e., the sum of AVHRR-

Ki5

pi1o
k

j51
h 2

ij /(pi21)2
12pi

,based and TM pixels, both with 30 m pixels),
f5column vector of number of (N2n) units in

h 2
ij 5( fj1n·j)nij /(n·jNpi),each class (i.e., the number of AVHRR-based

pixels for each cover type), where
i5subscript for reference data set (TM-based, rows),

hij5misclassification probability,j5subscript for classified data set (AVHRR-based,
pi5vector of actual cover type proportions.columns),

k5number of cover types, Equation (1) thus provides an estimate of the fraction of
·5sum over all i’s. each land cover type for the domain based on the combi-

nation of the AVHRR domain map and the selectedThe asymptotic variance of this estimator is (Walsh and
TM tiles.Burk, 1993)

Several parameters have been defined below to as-
sess the accuracy and consistency of the samples. Thesevar([p̂i)5[pi(12pi)(12Ki)/n]1[pi(12pi)K i /N], (2)
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Figure 3. Continued.

parameters compare absolute (i.e., the total area is RESULTS AND DISCUSSION
100%) and relative (each class is 100%) accuracies;

Area Estimation Accuracyweighted (all pixels are equally important) and non-
Figure 1 shows the area by class for the AVHRR andweighted (all classes are equally important) accuracies;
TM domain maps. Four classes are large; the remainingdirect identification (omission and commission errors
ones do not exceed 10% of the domain each. The absolutematter) and total area estimates (only the total class area
difference between the two maps, that is, the AVHRRis important). The various perspectives are needed for a
error, varied between 15 and 25% (Fig. 1), a significantcomprehensive assessment of the merits of the sam-
amount considering the size of the classes.pling strategies.

As more PSA-selected TM tiles were included in theFor the analysis discussed below we assumed that
calibration set, the differences between calibrated AVHRRthe TM domain map is 100% correct. Although not true
land-cover estimates and the corresponding TM based(Beaubien et al., 1999), this assumption is inconsequen-
estimates diminished, at first rapidly and then at a de-tial to the stated objective of assessing whether fine reso-
clining rate. However, it can temporarily increase de-lution map statistics can be obtained with the aid of a

coarse resolution map. pending on the land cover composition of the added
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Figure 4. Absolute difference between cor-
rected AVHRR and true (TM) class fractions for
various PSA sample sizes.

tiles. Figure 2 shows three parameters used to measure the weighted absolute difference between the corrected
AVHRR and TM estimates which decreased as the num-the trend: diagonal accuracy (DiAc) [Eq. (3)], area accu-

racy (AA), and weighted absolute difference (WAD): ber of selected tiles grew from 2 (1.5% sample) to 10
(7.5%), then less rapidly to 24 18%) and 40 (30%) tiles.

Figure 3 shows scattergrams for the true (TM) and
DiAc5

o
n

i51
NPi,i,AVHRR,u,s

o
n

i51
NPi,TM,s

, (3) estimated [Eq. (1)] domain class fractions with an in-
creasing number of tiles s. The r2 increased rapidly from
s50 (Fig. 3a) to 2, temporarily decreased to s55, and
after s524 the increase was minimal. The fluctuations

AA5o
n

i51
fi,TM,d*

NPi,AVHRR,d,c

NPi,TM,d
, (4) for s55 (for s510) are due to two large classes (one me-

dium class) which were not well represented in the tiles
selected at that point (Figs. 3b and 3c). With more tiles,

WAD5o
n

i51
fi,TM,d*| fi,AVHRR,d,c2fi,TM,d|, (5) the representation evidently stabilized and further in-

creases were monotonic, even though diminishing. Fig-
ure 3 illustrates the effectiveness of combining few well-

fi5
NPi

o
n

j51
NPi, j

, selected TM tiles with the AVHRR data, most of the
scatter having disappeared by s55 (Fig. 3b). Figure 4
shows the absolute difference between true and esti-

where NP is the number of pixels, n is the number of mated fractions for the minimum (s52) as well as other
cover types, i and j refer to cover type, and subscripts selections. Note that many of the deviations for s52
TM, AVHRR, d, s, u, and c refer respectively to TM map, were smaller than for s55 and consistently stabilized
AVHRR map, domain, selected tiles, uncorrected values, after s510. This indicates that, although the correction
and corrected values based on selected tiles. NPi,i,AVHRR is may be excellent for very few tiles, such result can occur
the number of pixels in class i (TM) identified as class i only if these are representative of the domain. In gen-
by AVHRR in the selected tiles. eral, robustness is achieved by selecting more tiles. PSA

The direct identification accuracy of the AVHRR provides an indication of when this may occur, from a
data (i.e., the diagonal entries in the confusion matrix) plot of WAD against the number of tiles selected (Cihlar
was relatively low (z30–40%, Fig. 2), principally because et al., 1998).
of the mixed-cover nature of the AVHRR pixels, al-
though lack of spectral differentiation could also be im- Purposive and Random Sample Selection
portant in some cases. It did not change appreciably as The performance of PSA and random selection is com-
more tiles were selected, confirming the heterogeneity of pared in Figure 5 by using a relative class i accuracy
land cover in the mapped domain. The overall area accu- measure RCA after s selected tiles [Eq. (6)]:
racy AA [weighted by the class size, Eq. (4)] is low for
two tiles but converges fairly rapidly on the TM domain RCAi,s5

fi,AVHRR,c

fi,TM,d
. (6)

as the number of tiles increases. This is also evident from
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Several consistent trends can be observed. First, the rela- mates was very low in all classes because of the large
number of pixels, below 631028 for PSA and 531028 fortive accuracy of forested classes (1–9, Figs. 5a and 5c)

was more consistent and converged to the TM domain random selection. As expected, the variance decreased as
more tiles were added. In all cases, however, the valuevalue more effectively than for others, most likely be-

cause these were ubiquitous classes (Fig. 1) and thus was very small, mainly as a result of the large number
of pixels included in the sample. Also, the difference be-better represented in the selected tiles. Second, the con-

vergence from the original AVHRR land cover composi- tween the two selection strategies was negligible.
To evaluate the effect of random sample selection,tion to the true (TM) composition was more rapid for

PSA than for randomly selected tiles. The random selec- we used a Student’s t. Ten selections of tiles were made
using a random number generator, and the resultingtion performance was worse for both groups but more

so for the smaller classes. For example, with 24 tiles the WAD values were compared against PSA (Steel and Tor-
rie, 1960). For all sample sizes tested (up to 130), the trange in RCA (highest minus lowest) was 35% (Fig. 5a)

and 37% (Fig. 5b) for forest and nonforest classes, re- value ranged from 5.6 to 9.3. These are all significant at
0.001 probability level (4.78).spectively; the comparable values for random selection

were 71% (Fig. 5c) and 98% (Fig. 5d). Third, the PSA The above analysis was based on the premise that
the same classification scheme is used for both data typesconvergence was relatively rapid initially but also more

erratic, obviously in response to the representation of in- (Table 2). This may not always be possible, especially
when the classes are mixed at coarse resolution but re-dividual classes in the added tiles. A comparison of Fig-

ures 5b and 5d shows that while the random selection solved at fine resolution. Although the above statistical
procedure [Eqs. (1) and (2)] cannot be employed, theimproved the representation of the small classes gradu-

ally and fairly monotonically, PSA resulted in a more er- PSA sample can nevertheless be used effectively in this
case. Once the sample is selected, the composition isratic initial trend, even though the differences from the

true values were always lower than for random selection. computed simply as the average for the high resolution
sample. Figure 7 shows WAD values computed usingThis is because PSA preferably selected to represent the

larger classes first, and only later did the smaller ones Eq. (5) but after replacing the AVHRR domain compo-
nent by the TM sample. The same TM sample was usedbecome relatively more important. Figure 5 also shows

that, after 10–24 tiles (i.e., about 10–20% sample), the as above, that is, selected based on the AVHRR-derived
map. The performance of PSA was at least twice as goodRCAi

,
s for all classes was within about 20% of the true

value and further improvements in exactly matching the as for the random selection for all the sample fractions
tested. This is because the PSA sample always strives tovalue of each class were only gradual. This is consistent

with results of Cihlar et al. (1998) for a smaller area. approximate the mean composition of land cover for the
entire domain.Figure 6 shows two overall accuracy measures for

the corrected land cover fractions, WAD [Eq. (5)] and
relative difference RD: COMMENTS

RDs5
1
no

n

i51

NPi,TM,d2NPi,AVHRR,c,d

NPi,TM,d
. (7) Three strategies are possible for accurately estimating

land cover composition from remotely sensed data: a) a
PSA-based estimates were consistently closer to the true complete coverage of the domain of interest by high
values than those based on random selection, in both ab- resolution remote sensing data, b) a sample of fine reso-
solute and relative terms. The absolute difference de- lution data, and c) a combination of coarse and fine reso-
creased from about 0.2% per class to ,0.05% with a lution data. The first approach is mandatory when site-
20% sample. WAD ratio ranged from 130% to 218% specific information is required for the entire domain of
(Fig. 6a), indicating that for the same number of tiles interest. However, when only area statistics are needed,
PSA provided a substantially better estimate than ran- this strategy is expensive and unnecessary, besides
dom selection. The relative difference RD (Fig. 6b) de- stretching the present data acquisition and analysis capa-
creased more gradually but consistently as sample size bilities to the limit (although improvements in these as-
increased. The difference between WAD (Fig. 6a) and pects are forthcoming). The second approach would nor-
RD (Fig. 6b) reflects the impact of small classes. Since mally employ a sample of the high resolution coverage,
large classes have relatively more weight in WAD [Eq. selected through random sampling or possibly stratified
(5)], this parameter increases more rapidly initially than sampling if an independent information is available to
RD where the absolute class size is not important [Eq. base the stratification on; this approach is represented by
(7)]. PSA thus not only performed better for a given the random selection case in this study. The third ap-
sample size, but its effectiveness was higher in the cor- proach, represented by PSA, aims to make optimum use
rection of small classes, with RD ratio ranging from 1.52 of the coarse resolution data in making the selection of
to 2.06 for s,40. It should be noted that the asymptotic the high resolution sample. The justification underlying

this selection is the knowledge of the pattern of distribu-variance (Walsh and Burk, 1993) of the class area esti-
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Figure 5. Relative class accuracy of corrected
AVHRR data for two selection strategies and
two groups of cover types, compared to TM
domain values. a) PSA, forest; b) PSA, non-
forest; c) random selection, forest; d) random
selection, nonforest.

tion of individual classes, even though the detailed area should be made as nearly as possible proportional to the
values of the variable in the population (Stuart, 1976).distribution of each class throughout the domain is not

known. The selection is thus not random but is guided The effectiveness of PSA will depend on the hetero-
geneity of land cover distribution within the domain. Ifby the residual difference between the cover type com-

position of the domain and the sample selected so far. the domain of interest is homogenous with respect to
land cover composition, then selecting a tile would be asCase c) may be thought of as a form of sampling that is

proportional to the difference between the domain and effective as selecting any other tile, and a random selec-
tion would be as useful as a directed selection (but nosample land cover fractions.

The above results show the consistently better more so). This is because the Euclidean distance ED be-
tween the domain and individual tiles would be thechoice of sample tiles by PSA compared to random se-

lection. This confirms that the coarse resolution land same. The PSA effectiveness thus depends on the degree
to which the composition of individual tiles differs fromcover map provides information which may be effectively

employed to select an efficient and effective sample, thus that of the domain, absolutely as well as relatively.
The methodology as employed above requires thatoptimizing the use of the available resources. The PSA

effectiveness is due to the sample being selected to rep- the classification legends for coarse and fine resolution
data be identical. This may not always be possible, espe-resent the entire domain. Conceptually, this corresponds

to unequal probability sampling in which the selection cially as the difference between the spatial resolutions at
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Figure 5. Continued.

the two mapping scales increases. It is, however, gener- PSA assumes that the coarse resolution map repre-
sents the actual distribution of land cover. This shouldally possible to have compatible classifications through

hierarchically nested subdivisions of the basic categories. be true for a good map, but it is possible that classes
occurring in small patches will be underrepresented orThe two can then be made compatible by grouping the

more detailed classes upward. Where the two classifica- even not shown in the coarse resolution mapping legend.
In that case, there is a possibility that these classes maytion legends cannot be reconciled, PSA selection can still

be used and the cover type composition then computed be incorrectly estimated using the PSA sample. Two fac-
tors mitigate against this. First, the above results showfrom the fine resolution sample alone. This is still prefer-

able since, as shown in Figure 3, the PSA sample repre- that even a small sample of a cover type leads to a large
improvement in the estimate; in fact, the largest im-sents the domain very well. While this simpler approach

allows estimation of cover composition of the domain, it provements occur with the initial tiles (Figs. 5 and 6).
Second, small or infrequent cover types are very likelydoes not permit to compute the variance of the class pro-

portion estimates using, for example, the method of to be spatially related to one or more of the larger ones
(simply because the large classes are more widespread)Walsh and Burk (1993). However, this may not be an

important drawback since the variances are rather small and thus selected implicitly. It should be noted that in
this study small classes were not missed, even thoughin this type of application.
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Figure 6. Absolute and relative effective-
ness of the random and PSA selections.
See text for discussion.

they represented as little as 0.6% of the area (Fig. 1). inadequacies of spectral information available in high
resolution satellite images.The random selection strategy would eventually find a

sample of small cover types, but without some ancillary After the integration of the coarse and fine resolu-
tion maps, detailed data sets of land cover distributioninformation there is no basis for determining the number

of samples that would have to be collected; the difficulty can be produced. Most coarse resolution pixels are a
mixture of cover types, as also evident from the low DiAcin obtaining such information is self-evident as it presup-

poses knowledge of the distribution of land cover at values (Fig. 3a). However, the combination with fine res-
olution data allows quantification of the composition offine resolution.

The above combination of the coarse and fine reso- each coarse resolution class, and thus also an average
composition of each coarse resolution pixels. This is be-lution data is based on the premise that land cover can

be mapped adequately with high resolution data such as cause each coarse pixel can be expressed in terms of
fractions of the individual high resolution map classes.the TM. Since errors in the fine resolution map translate

directly into errors in the combined product this is a firm Such a mapping product will be fully adequate for most
modeling tasks carried out over large areas. In such ap-requirement, and it highlights the critical importance of

developing and using high performance classification plications, a model can be run separately for each cover
type fraction of the coarse pixel provided that the soilmethods as well as robust procedures to compensate for
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Figure 7. Weighted area differ-
ence WAD between the TM sam-
ple only and the TM domain,
selected with PSA or through ran-
dom selection.

and topographic differences within the pixel are not sig- for specific administrative units such as provinces, or
ecological regions such as biomes or ecozones. Thesenificant.

Since the fractional composition of each coarse pixel possibilities are explored in our current research.
will be applied uniformly to the entire class, it is impor-
tant that these coarse pixel classes each have a similar a CONCLUSIONSmix of cover types across the mapped domain. However,
it is not necessary that each coarse resolution pixel be- In this article, we have assessed the effectiveness of PSA

for estimating land cover composition over an area oflong to only one land cover category. Thus, with accurate
data at the fine resolution, the low direct identification 136,432 km2 located in the BOREAS Region of Saskatch-

ewan and Manitoba, Canada. The method of Walsh andaccuracy of the coarse resolution data (DiAc, Figs. 2 and
3a) loses significance. Burk (1993) was employed to statistically combine the

composition information provided as a wall-to-wall cover-In this study, the tile size was a compromise be-
tween a) making tiles as close as possible to actual high age by AVHRR and a sample based on TM data. The

results were compared with those from a randomly se-resolution satellite images and b) having many tiles in-
side the domain, thus making the selection challenging. lected sample of TM tiles.

We found definitive and consistent differences in theIn practice, the tiles would be dictated by the size of the
high resolution images, for example, a full frame Landsat performance of the two selection procedures. The PSA-

selected tiles resulted in a more rapid convergence onimage. Given the speed of processing, there is no partic-
ular advantage in selecting subsets of high resolution im- the true land cover fractions. For a given number of

tiles, the PSA-based class fraction estimates were closerages once full scenes are acquired. The situation will be
different if high resolution satellite data can be readily to the true values than those based on randomly selected

tiles. The effectiveness of the PSA selection continued orobtained for any area. Then the choice of a tile size
would best be done through PSA tests with various hypo- increased as more tiles were added, at least for samples

of ó30%. For a PSA sample of about 7% (a sample ofthetical tile sizes for the domain of interest, to obtain an
optimum compromise between the number of tiles and 18%), the average absolute difference between the true

and estimated class fractions was 0.058% (0.043%); thethe tile size.
It should be noted that PSA makes it possible to se- corresponding values for a randomly selected sample

were 0.126% and 0.056%. The differences were alsolect an optimum sample for particular cover types, for
example, forests only. In this case, one can simply com- marked in comparing relative class accuracies, with PSA

being 1.5–2.1 times more effective in reducing the esti-bine the remaining classes with the background and then
apply PSA in the standard manner. It is also possible to mation error. Overall, the difference between PSA and

random selections was significant at the 0.001 probabil-optimize the selection in response to other considera-
tions, for example, when accurate estimates are needed ity level.
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Land cover of the BOREAS Region from AVHRR andBy taking full advantage of the knowledge of land
Landsat data. Can. J. Remote Sens. 23:163–175.cover patterns provided by coarse resolution data, PSA

Cihlar, J., Latifovic, R., Chen, J., Beaubien, J., and Li, Z.enables the selection of an optimum sample of high reso-
(2000), Selecting representative high resolution sample im-

lution images for precise area estimation. Since the pro- ages for land cover studies. Part 1: Methodology. Remote
cedure effectively defines the composition of each coarse Sens. Environ. 71:26–42.
resolution class, it makes it possible to (statistically) di- Colwell, R. N., Ed. (1960), Manual of Photographic Interpreta-

tion, American Society of Photogrammetry, Washington,vide each coarse pixel into fractions of the fine resolution
DC, 868 pp.classes. It thus provides a very useful tool for land char-

Mayaux, P., and Lambin, E. (1995), Estimation of tropical for-acterization over large areas where the precise location
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