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ABSTRACT

Ordinary kriging and cokriging are two geodtatistical techniques used to create
continuous maps of spatialy autocorreated attributes. Both procedures use the same primary
variable, but cokriging, like multivariate satistics, incorporates additiona independent variables.
In this Sudy, the primary variable is cubic foot volume and the secondary variable, mean
normalized difference vegetation index, is calculated from an August 1996 Landsat Thematic
Mapper satelliteimage. Two methods of evauating the results include comparing the resduas
and breaking both the estimated and sampled data into five volume classes and then examining
the resulting confuson matrix. The comparison satistics: root mean square error, overal
accuracy, and kappa datistic indicate that cokriging is superior when dl of the sample data
points are included. The cross-validation results show that cokriging is superior for correctly
classfying the observed data by volume classes as indicated by the overall accuracy and kappa
gatistic. However, the cross-validation root mean square error islarger for cokriging indicating
the superiority of kriging. Both procedures capture the same trends in Connecticut. Low volume
areas are located around New Y ork City and along the 1-91 corridor and the high volume areas
areinthe NW part of the state. Kriging smoothes the map missng the fine scae heterogeneity of
the landscape that cokriging detects.



INTRODUCTION

Continuous maps of forest inventory data are in high demand because the human eye
cannot aways discern patterns in maps of point samples. A cortinuous map of cubic foot
volume over aregion isadesrable product as alayer in ageographica information system
(GIS), amap for assgting managers interested in timber, wildlife, hydrology, and other
environmentd issues, and possibly asapog dratifier for Satisicd anayss of forest inventory
data. Thelatter isan important issue asthe USDA'’s Forest Inventory and Analys's units move
from aperiodic to an annud inventory.

The basic premise of geodtatisticsis that observations closer together are more smilar on
average than those farther gpart. The most common geostatistical procedureis kriging, which
was developed by Matheron in 1963. Kriging isafamily of generdized least- squares regression
agorithms. Ordinary kriging is awdl-known member of the kriging family that uses only the
sampled primary variable to make estimates a unsampled locations. Cokriging alows one or
more secondary or ancillary variables to be included in the model and assuming that the primary
and ancillary variables are moderately correlated, the estimation accuracy of the primary variable
should increase. In this paper, we compare two different types of geodtatistical procedures,
ordinary kriging and three cokriging procedures, for making a continuous map. 1n a subsequent
study, we plan to gpply our gtratification equations to these results. The primary variable for
both ordinary kriging and cokriging is cubic foot volume per acre. The secondary variableis
caculated from Landsat Thematic Mapper (TM) satellite imagery. Thisis an exhaudtive data set
and dlows for athorough investigation of the spatia autocorrelation between the primary and
secondary variables.

DATA

The cubic foot volume data came from the 1998 inventory for Connecticut conducted by
the Northeastern Forest Inventory and Analysis unit (NEFIA) of the USDA Forest Service.
Forest inventories are designed to estimate the amount of forest areaand tota volume to within a
specified datigticd error. The sampling design is double sampling for Stratification (Cochran
1977). For thefirst phase sample of Connecticut, 12,132 systematically located points were
photo interpreted for land cover. The forested plots were further photo interpreted for volume
class estimates, which were used for gtratification. Sample forested ground plots are selected
proportiona to the photo interpreted volume class. Both forest and nonforest plots are included
in the on-the-ground or second phase sample. The NEFIA plot design is a cluster of four circular
plots each with a 24 ft radius. The center of one circular plot is co-located with the cluster center
and the remaining three plots are located 120 feet from the plot center and 120° apart. This sudy
used 452 clugters with an average distance between the clusters of gpproximately 3 km. NEFIA
refersto the cluster asaplot. All of the trees within the boundaries of the plots were measured.
Only livetreeslarger than 5 inchesin diameter at breast height (dbh) wereincluded in this studly.
The cubic foot volume of al of these trees was summed for a cluster total and put on a per acre



bass. Figure 1 shows the digtributions of the forested clusters by five volume classes across the
gtate of Connecticut. NEFIA has fewer clusters or plots in the area surrounding New Y ork City
than in any other part of the sate. Low volume clugters are found surrounding the 1-91 corridor,
which runs through the middle of the state from New Haven through Hartford into
Massachusetts. Thereis a concentration of high volume clusters in the northwestern part of the
gate which is mountainous and the least developed region of the state. The remaining parts of
the state have amixture of volume classes.
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Figure 1. Map of the digtribution of volume classes across Connecticut. The lower volume
classes are around New Y ork City and the I-91 corridor, which runs through the middle of the
date. Thereisa concentration of higher volume classesin the northwestern part of the State.

The secondary variable isthe normalized difference vegetation index (NDVI), which was
caculated from an August 1996 TM sadlite imagery scene. TM sensors measure the energy
reflected off 30 m square blocks of area (pixels) over the landscape in seven spectra bands.
Three bands arein the visble, one in the infrared, two in the middle infrared, and onein the
therma portion of the spectrum. The reflectance of each 30 x 30 m pixd isrecorded asadigita
number (DN) between 0 and 256. Each pixel has seven DN’s, one for each band. NDVI isa
commonly used vegetation index that is highly correlated with green biomass. It is based on the
green plant cell high reflectance of the near infrared wavelength and low reflectance of the red
wavelength Metzger 1997, Jensen 1996). NDVI is computed as follows:

“NIR - Red’

NDVI = —M—
NIR + Red?

@)



where NIR is the radiance in the near-infrared (0.76 — 0.90 um) and Red is the radiance in the
red (0.63 — 0.69 um) part of the spectrum. NDVI rangesfrom —1 to 1 and can be rescaled to be
between 0 and 255.

There are more than 25 million 30 x 30 m pixdsin the state of Connecticut. Figure 2
shows the spatia arrangement of our ground plotsvs. 30 m TM pixels. One of the four circular
plots may be located on more than one pixdl. Due to the resolution mismatch of the plots vs. the
pixels, locationd uncertainties due to the Geographic Positioning System (used to locate the
plots), and to image regigtration errors, we averaged the nine NDVI vaues withina90 x 90 m
pixel and reported the average back to the center of the pixel. This procedureis gpplied to al of
the pixelsin the state.
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Figure 2. Map of the FIA ground plots superimposed on 30 m pixels. The FIA plot desgnisa
cluster of four 24-foot radius plots. The dark gray circles correspond to areas of locational
uncertainty due to GPS errors. The cloverleaf area corresponds to an area of locationa
uncertainty due to image restoration errors.

MODELSOF SPATIAL CONTINUITY

Kriging and cokriging require amodd of spatia continuity. The three most common
models of spatid continuity are the variogram or semivariogram, covariance, and correlogram,
which are used to mode the average degree of smilarity or dissmilarity as afunction of both
distance and direction. All three modds of spatia continuity should be investigated because
they may produce different results depending on the data. The skewness, the spatid arrangement
of the samples, the change of local variability of the data across the sudy areaor



heteroscedadticity, and preferentia clustering of samples dl impact the modd of spetid

continuity. Itisdifficult to discern a priori the impact of the data on the moddl. Ross et al.

(1992, 1994), Liebhold et al. (1993), Goovaerts (1997), |saaks and Srivastava (1989), and others
discuss these models of spatia continuity. The term variogram and semivariogram are often
interchanged. A semivariogram is one-hdf of the lag variance that is reported in the variogram.
Furthermore, variogram or semivariogram are often used as generic terms for the modd of

Spatia continuity.

Let z(u») represent the value of the attribute z at location u». Let z(u, + h) represent the
vaue of the same attribute h distance (lag units) apart and in a particular direction. Unlessthe
observations are on a grid, there are very few observations exactly h lags apart from z(u,).
Therefore, dl observations within a specified lag and angle tolerance are included in the number
of pairs, N(h). Daum z(u-) isthetail and z(u» + h) isthe head of the vector. Means and
standard deviations of thetall andhead are: m,,, ?2,, m,,, and ? 2, . Thesemivaiogram ?(h),

covariance Ch’, and corrdlogram function ? “h’, are given below in equations 2-4.
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Both the covariance and correlogram are measures of smilarity, whereas the semivariogramisa
measure of dissmilarity. Asthelag or distance increases, the covariance and the corredlogram
decrease, whereas the variogram increases. Under mathematica conditions of second-order
dationarity, the semivariogram, correlogram, and covariance may be expressed in terms of each
other. Since cokriging uses ancillary data, a variogram is required for the secondary variable as
well asthe primary variable. In addition, cross variograms are required between the primary and
al secondary variables.



The cross modd of spatid continuity measures the cross dependence between two
different atributes z and z, . (Goovaerts 1997, Isasks and Srivastava 1989, and Pannatier 1996).

The cross semivariogram ?;,(h) , cross-covariance C; (h) , and cross-correlogram 2, *h’ are
given in equaions 5-7.
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The models of spatid continuity developed from the sample data are experimenta
modds. The experimentd models are fitted with a theoreticd model and it isthe theoretica
model that isinserted into the kriging, cokriging, and other geodtatistical models. Exponentid,
Gaussan, spherical, and their linear combinations are routingly used as theoretical models
because they stisfy a positive definiteness requirement in the kriging and cokriging equetions.

All experimental and theoretica variograms have arange and a nugget and many rise and
then leve off at thedll. The sl isthe population variance or the correlation coefficient in the
case of the cross-semivariogram. Often the semivariogram is sandardized by dividing each
semivariogram vaue by the product of the head and tail sandard deviations. The product of the
head and tail standard deviations should be close to the population variance. For a standardized
semivariogram, the sl should be gpproximately 1. The distance a which the semivariogram
reechesits sl iscdled therange. Since the exponentia and Gaussan models reech their Sl
asymptotically, the dislance a which 95% of the sl isreached isreferred to asthe practica



range. Beyond the range, the samples are no longer corrdated and are thus independent. The
intercept of the semivariogram on the vertica axisis cdled the nugget. 1dedly, the nugget
should be zero. A nonzero nugget indicates spatid variability beow the minimum lag, which
cannot be measured with the current sampling scheme, sampling error, or both. Correlograms
and covariance functions which are not expressed in variogram form have a nugget equa to
population variance and a sl of zero.

COKRIGING MODELS

Both kriging and cokriging minimize the prediction variance subject to unbiasedness
condraints. Thisnonlinear system is solved using Lagrange multipliers. Atkinson et al. (1992,
1994), Bourgault and Marcotte (1991), Dungan (1998), Goovaerts (1994a, 1997, 1998, 1999),
Meyers (1991), and Wackernagd (1995) are excellent references on cokriging. In cokriging, the
solution is based on the joint distribution of the primary and secondary variables. For asingle
primary variable P and asingle secondary variable S, the following covariance matrix must be
postive definite. The theory for solving kriging and cokriging systems was originally developed
for the covariance function but has been extended to the semivariogram and correlogram.

Tep ' Cos'h'?

2ah? Com?® ®

Finding valid cross covariance matricesis an active area of research (Goovaerts 1994 b and c,
Goulard and Voltz 1992, Y ao 1999, and Y ao and Journd 1998). The linear modd of
coregiondization (LMC) is one vaid covariance matrix. An LMC requiresthat every sructure
in the cross variogram or other model of spatid continuity be included in the modd of spatia
continuity model for primary and secondary variables. However, the primary and secondary
variables may have structures not found in the modd of spatia continuity for the cross
variogram models. In terms of a semivariogram model, consder the following LMC.

2. " ?2b ?2b.g,*h 2 bl.g, h’
205 N?? b2 ? bieg, 1 ? (9)
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The two direct semivariograms, ?, *h’ and ? “h’ , and the cross semivariogram, ? s *h’ , are
defined in terms of the structure, g, “h . The semivariogram of the primary variables has an
additiona structure, g, “h". The nuggets for the primary variogram, cross variogram, and
secondary variogram are respectively, bl , b, and bl,. Theweights for the other structures
ae by, by, by, and b%,. Thethree structure LMC modd is.
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Since each of the above matrices is symmetric, by, =b,, for dl [ structuresand
24 7h7=?,. "’ (Goovaerts 1997). Each matrix must be positive definite, i.e., b%, %% 2"

012

and have nonnegative diagona eements.

For aprimary and a single secondary variable, there are two variograms and one cross variogram
to modd. If thereisaprimary variable and two secondary variables, then there are Sx moddls of
gpatia continuity to condtruct. Generdly, the primary and secondary variables do not have the
same range and finding coefficients that meet the positive definite requirements is difficult.
Computer dgorithms for solving the LMC are given in Morisette (1997), Goulard (1989), and
Goovagerts (1997).

Markov Modd 1 (MM1) and Markov Model 2 (MM2) (Almeida and Journel 1994,
Journel 1999, Maand Journd 1999, and Shmaryan and Journel 1999) are two Markov models
which screen the data, diminating the building of afull lineer modd of coregiondization as
described above. These models are applicable in the case of dense secondary data, which is
often found in practice, ad is certainly the case with satellite data. The secondary datum closest
to the primary varigble is relocated to coincide with the primary variable. Hence the name
collocated cokriging. Collocated cokriging resultsin asmaller and faster modd. Inthe Markov
model proposed by Almeidaand Journel (1994), MM 1, only amodd of spatia continuity is
required for the primary varigble. The secondary covariate function is not required in the
cokriging sysem. Only the stationary secondary variance is required. The mode of spatia
continuity for the cross semivariogram is inferred as follows.

Cs 0?
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C,p 20" isthesll of the ? . “h’ model and since the secondary semivariogram is not modeled
C4 "0’ isthe population variance of the secondary variable. The correlation coefficient of the

collocated variablesis ? . 0. The semivariogram of the primary variable is assumed to be

proportiond to the cross semivariogram and this assumption should be verified (Goovaerts
1997). Maand Journel (1999) state that the collocated primary datum screens the influence of
any primary data located further away on the secondary variable. This screening hypothesis
makes sense if the volume support of the primary variableis larger and includes that of the
secondary varigble.

According to Maand Journel (1999), in gpplications involving remote sensing secondary
data, the volume support of the secondary dataistypicaly larger than the primary variable. The



screening effect would be opposite that of the MM 1 mode. Beginning with amodd of spatid
continuity for the secondary variable, the cross semivariogram is modeed as follows.

C., 20?
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Here C,,, "0’ isthe primary sample variance and Cg, "0’ isthesll of 2 “h’ modd. The MM2
cross semivariogram has alower nugget than the modd provided by either LMC or MM 1
becauseit is modeled from 2 h’ which is based on an exhaustive sample and hence has alow

nugget. Thisnew mode introduced by Journd (1999) is cdled MM2. Thistime, the collocated
secondary datum screens the influence of other secondary data located further awvay on the
primary variable. In addition to estimating a cross modd of spatid continuity, the primary

model of spatid continuity isaso estimated as alinear combination of the secondary variance

model and areference variogram 2, *h* with unit sil.

r

;)77 3?20 072, ?n’{a: (13)

? ?
?ee 1?2 Cop 02022, 02 CS
?

S

Cpp 0" and C, "0’ arethe primary and secondary variances. In practice, ?,%h’ ismodded
from the experimenta difference vaues (Maand Journd 1999). Equations 12 and 13 plusthe
variogram for the secondary variable provide the models for an LMC (Journel 1999).

GSLIB (Deutsch and Journd 1998) is public domain software for geodtatistics. The
program kt3d from this package is used for ordinary kriging. The GSLIB software package has a
program for cokriging, but it does not have either the MM1 or MM2 options. Maand Journdl
(1999) wrote an extension of the GSLIB subroutine to include MM 1 and MM2 and the software
isavalable a http:/Aww.iamg.org.

ERROR ASSESSEMENT

Root mean square error, overall accuracy in a confuson matrix, and the kappa statistic
were selected to compare kriging with the three cokriging procedures. The origind data as well
as the two estimated data sets were assigned to one of the five volume classes. A confusion or
error matrix was constructed comparing kriging estimates with the ground truth and another
compared cokriging estimates with ground truth. The sum of the diagona matrix dements
divided by the total number of observations multiplied by 100% equals the overal accuracy.
This gatistic does not capture the closeness of the misclassifications to the correct classfication
class. The kappa dtatistic is ameasure of the agreement beyond that expected by chance alone
between two or moreraters. Here one rater is the observed cubic foot volume, or ground truth,
and the other rater isthe classfication modd. Kapparanges usualy from 0to 1, dthough



negative vaues are possble. A vaue of 1 indicates perfect agreement while avaue of 0
indicates no additional agreement than that expected by chance. A negative vaue for kappa
indicates agreement which isless than that expected by chance. Landis and Koch (1977)
classfied different ranges of kappa. These classifications are poor (kappa ? 0.4), good (0.4 <
kappa ? 0.75) and excedllent (kappa ? 0.75).

To vdidate the results, the origind data set is split into amode and avaidation deta set
by sdlecting with arandom number generator 80% of the sample data for the model data set and
the remaining 20% of the data for the vaidation data set. This was repested 25 times, generating
adifferent mode and validation data set for each trid.

RESULTSAND DISCUSSION

Figure 3 isahistogram of the digtribution of the clusters by five volume classes. These
volume classes are used to classfy the estimated vadues from kriging and cokriging.
Approximately 40% of the clusters are in the 0-600 cubic foot volume class. Thisincludes
nonforested clugters. The remaining four classes are evenly distributed each containing
agpproximately 15% of the clusters. The average cubic foot volume was 1353 cubic feet per acre.
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Figure 3. Histogram and univariate setigtics for the primary varigble, cubic foot volume.
Approximately 40% of the clugters are in the lowest volume class, which includes nonforested
plots.



Figure 4 shows the histogram of NDVI for the 2,351,104 pixelsin Connecticut. All of
the 51 classes have members. However, many class sizes are too small to be graphed. For
example, the 250-255 class has 850 members, which is gpproximately 0.04% of the total pixes.
Hoppus et al. (in press) found that the NDVI vaue which best discriminates forest from
nonforest land was around 235. Approximately 41.8% of the pixels have an NDVI of 230 or
larger. Thelarge number of pixelswith aNDVI of 0 is due to bodies of water and the large
number of pixelswith aNDVI between 105 and 130 correspond to ploughed fields.
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Figure 4. Histogram and univariate statistics for the secondary variable, mean NDV I, for
2,351,104 pixels. Approximately 25% of the pixels are above the forest/nonforest NDVI
threshold of 235.

The relaionship between the primary variable, cubic foot volume, and the secondary
variable, NDVI, isimportant in cokriging. Figure 5 shows the scattergram of the collocated
primary and secondary variables. The Pearson correlation coefficient is 0.416 with ap = 0.0001
and the Spearman rank correlaion is0.579 withap = 0.0001. Thelinear relationship between
cubic foot volume and NDV I is moderately strong. As expected, observations with lower NDVI
have lower volume values. Thereisaspike of high volume for NDVI values between 230 and
240.
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Figure 5. Scattergram of collocated primary and secondary varigbles. The corrdation coefficient
is0.416 and thereis a spike of high volume clusters around the forest/nonforest NDVI threshold

of 235.

Figure 6(a) shows the experimenta and theoreticad standardized semivariogram for cubic
foot volume used in kriging. The estimated experimental semivariogram, ?° %h , isfitted using
an exponentia function given in equation 14.

52 7 2 ?2-1310 h/ 7
! vqume(h) ? 0.758 + 0.254 31 - exp g 31,176%

(14)
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Figure 6. Experimenta and theoreticd semivariogramsfor: (a) the primary variable, cubic foot
volume, used in kriging; (b) the primary varigble, cubic foot volume, used in cokriging; (c) the
cross-variogram between the primary and secondary variable used in cokriging; and (d) the
secondary variable, mean NDV|I, used in cokriging. The experimenta variogram appears asa
solid line for NDVI due to the exhaustive secondary data set. The lag distance is shorter and
there are more obsarvations. All of the semivariograms are omnidirectiond.

The semivariogram has a nugget of 0.758 and a practicd range of 31,176 m and the sill isone
gnce the semivariogram was normaized. The semivariogram for cubic foot volume, the cross
semivariogram between cubic foot volume and mean NDV| for the 452 collocated observations,
and the semivariogram for NDVI mean are shown in Figures 6(b), (¢), (d). Thefitted theoretica
variograms given in equaions 15-17, respectively.

] ? ?-%30h’ ?7?
o7 ,) 2 2-130h’ 2
27 meonowt (N) 2 0.039 + 0.960 4o 2 398723 (17)

All three theoretical semivariograms have the same range, 34,987 m, and are fitted using
exponentia functions. The LMC modd was fitted using nonlinear regresson, nonlinear
programming, and user judgment. None of the three semivariogramsis an individud optimd fit



as seen by comparing the semivariograms in Figures 6(a) and 6(b). The optimd fitting cross
semivariogram has arange of 13,962 m, anugget of 0.110, and aslll of 0.427. Thedll isclose
to the correlation coefficient of 0.416. The variogram for NDVI was computed usng gam, a
regularly spaced variogram procedure from GSLIB, and fitted using nonlinear programming.
The theoreticd and experimenta variogram in Figure 6(d) closdly match each other for short lag
distances, which is more important because observations closer together should be more smilar
than those farther gpart. The experimentd variogram is optimally fitted usng a power mode,
which isnot dlowed in cokriging because it does not have asill. Smilarly, usng the acceptable
combination of structures, the variogram for NDVI could be better fitted using two exponentia
structures with ranges of 2,945 m and 119,294 m. All of the variogramsin Figure 6 are
omnidirectional. That is, they have an angle tolerance of 90°. We checked for anisotropy, but
found it to beindgnificant. In the LMC, the common structures would be required to have the
same anisotropy.

Table 1 shows the results for ordinary kriging and the three cokriging modes. MM2 has
the lowest mean square error, the highest number of correct matches, and the highest kappa
datidic. Thisagrees with the results from the literature. Although poor, the kappa satistic is
twice as high for MM2 as for the other procedures. LMC was inferior to ordinary kriging. The
mean, standard deviation, and quartile breaks are lower for al of the procedures than for the
sample population.

Table 1. The comparison statistics for kriging and three cokriging procedures using all 452 clusters.

Overall Standard
Procedure RMSE Accuracy Kappa Mean Deviation Minimum Q1 Q2 Q3 Q4
Kriging 1069.94 28.76 0.14 1273.91 565.05 0.00 930.09 1277.02 1595.62 3450.54
LMC 1093.45 19.25 0.05 1303.84 346.83 498.32 106261  1289.18 150356  2829.53
MM1 1047.09 28.98 0.14 1257.59 538.58 7.59 902.39 1241.47 1573.20 3452.49
MM2 752.12 45.80 0.33 1289.87 578.30 24.59 924.89 1212.92 1603.02 4065.50

Figures 7(a) and (b) show that MM 2, the superior procedure, istighter around the 45°
line. Both procedures overestimate low cubic foot volume clusters and underestimate high cubic
foot volume clusters. The bregk point is gpproximately the sample mean, indicating that both
procedures perform better near the sample mean and worse towards the tails of the distribution.
Figures 8(a) and (b) map the estimated vaues for kriging and MM2. Both maps show high cubic
foot volume in the mountainous northwestern portion of the state and low cubic foot volumein
the New Y ork City areaand aong the I-91 corridor. The map for MM2 reveds fine scae
heterogeneity, which is characterigtic of the satellite data. Figure 8c is amap of the difference
(cokriging — kriging) between the two procedures. The map does not reved any spatia patterns
indicating regions in which one procedure is superior to the other.



Figure 7. Edtimated vaues vs. the sample observations for: (a) kriging and (b) cokriging. The
45° lineisinred. MM2 isclearly superior to kriging Since it has atighter fit around the 45° line.
The tightest fit is near the sample mean for cubic foot volume. Below the sample mean both
procedures overestimate cubic foot volume and above the sample mean, the two procedures
underestimate cubic foot volume.
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Figure 8. Maps of the estimated vaues from: (a) kriging; (b) MM2 cokriging procedure; and (c)
the difference of the two estimates (cokriging-kriging). Both maps reved the same large-scale
features: low volume around New Y ork City and the I-91 corridor and high volumein the
mountainous, undevel oped northwestern region of the state. However, the MM 2 cokriging map
reved s fine scae heterogeneity, whereas the cokriging map is smooth.  The difference map does
not indicate any geographic regionsin which one procedure is superior to the other.

The above procedure was repested 25 times, generating a different modd and vaidation
data set for each trid. Both kriging and MM2 were gpplied to each modd dataset. Using the
vaidation dataset, the predicted vaues were compared with the observed vaues. The RMSE,
overall accuracy, and the kappa statistic are found in Table 2. In 19 of the vaidation data sets,
MM2 is clearly superior and the two procedurestiein two cases. As expected, the same trend
occurred for the kappa gtatistic. 1n 17 of the validation data sets, MM2 is superior and the two
procedures tied in 4 data sets. For the mean of the 25 cross-vaidations, the same pattern occurs,
e.g., the RMSE, overdl accuracy, and kappa are higher for MM2. Unlike the modd with al 452
sample points, the 25 cross-vaidation modeds show that kriging has alower RM SE than
cokriging. An anayssof the resduds did not reved any patterns that would explain this
discrepancy. We mapped the volume class differences between the estimated and predicted
vauesfor severd vdidation data sets and found no spatid trend. The zero, one, two, three, or
four differences were not clustered in a particular geographic area. With regard to class
differences, an examination of the confusion matrices reveds that MM2 more accurately
classfieslow cubic foot volume, 0 - 600, and high cubic foot volume classes, ? 2700. Kriging
may fail to correctly classify any esimated values in the latter dlass.



Table 2. The cross-validation comparison statistics for kriging and the MM 2 cokriging

procedure.
Kriging MM2

Validation Number of RMSE Overall Kappa RMSE Overall Kappa

number observationsin Accuracy Accuracy

validation data

1 108 1231.16 21.30 0.048 1254.80 23.15 0.068
2 87 1287.39 24.14 0.106 1310.56 25.29 0.114
3 94 1312.89  18.09 0.040 1396.06 23.40 0.093
4 85 1273.77 23.53 0.071 1296.49 23.53 0.067
5 87 1326.00 22.99 0.064 133654 20.69 0.035
6 93 1237.32  20.43 0.040 129024 26.88 0.113
7 93 124042  20.43 0.050  1320.64 29.03 0.139
8 95 1363.06 25.26 0.124 135544  27.37 0.129
9 104 133153 24.04 0.068 1387.13 24.04 0.066
10 97 127465 23.71 0.071 130653 29.90 0.137
11 83 1269.53  16.87 -0.001 136022 21.69 0.045
12 95 1257.85  20.00 0.071  1350.85 23.16 0.077
13 86 1234.89  22.09 0.062 1241.09 20.93 0.031
14 89 1222.73 23.60 0.048 1278.70 23.60 0.047
15 108 130240 28.70 0135 133631 23.15 0.062
16 90 1317.19  18.89 0034 135537 2111 0.051
17 93 1223.60 19.36 0014 126656  33.33 0.164
18 98 1360.51 2041 0.058 138194 26.53 0.116
19 95 1401.07 13.68 0.020 1469.81 21.05 0.059
20 88 1358.08 17.05 0.017 144866  20.46 0.047
21 86 125149 17.44 0.004 127888 22.09 0.050
22 81 1431.29 14.82 0.022 143204 20.99 0.078
23 80 121592 2250 0.066 127456 23.75 0.062
24 81 124349  24.69 0.096 1296.24  23.46 0.073
25 87 1108.23  20.69 0.072  1381.30  24.14 0.095
mean 91.32 1283.06 _ 20.99 0.056_ 1336.28  24.11 0.081

In conclusion, the overal accuracy and the kappa statistic indicate that the MM 2 cokriging
procedure is a superior classfier for the five volume classes than ordinary kriging. It would be
interesting to determine the impact of both more sampling data and the systematic hexagond
grid structure that will be used in the new nationwide annudized inventory. In this sudy, the
gpatial arrangement of the data did not appear to play acrucia role. Otherwise, there would be
greater swings in the vaidation data set results.

In the future, we plan to look at other vegetation indices including tasseled cap and Landsat
TM band 4 and severd surrogete variables for volume. The impact of sgpling stands should aso
be consdered. Our results will be compared with k-Nearest Neighbors; another technique for
producing wall-to-wal maps. We plan to investigate other geodtatistical techniques including
kriging with atrend model.

Thefind kriging or cokriging map has over 2.3 million grid cell estimates. Even though
sample data has been used to create these maps and the find grid cell estimates corresponding to
the 452 clusters are correlated, the grid cell estimates could possibly be used in post



dratification. Thisisan important issue asdl of the FIA units across the country are moving to
an annud inventory and will be investigated. The ground sampled plots will be on a sysemétic
hexagond grid in the annud inventory and the phase one sample will be conducted using
satellite imagery and not aerid photography. The volume class esimates will be from ether
satdlite imagery or the output from cokriging or another continuous mapping procedure. This
information will be used in post-drtification since the plots will be either current plots or new
plots located at the hexagond center.

LITERATURE CITED

Almeida, A.S. and A.G. Journd. 1994. Joint smulation of multiple variables with a Markov-type
coregiondization modd. Mathematicad Geology 26(5):565-588.

Atkinson, P.M., R. Webster, and P. J. Curran. 1994. Cokriging with airborne MSS imagery.
Remote Sens. Environ. 50:335-345.

Atkinson, P.M., R. Webster, and P.J. Curran. 1992. Cokriging with ground-based radiometry.
Remote Sens. Environ 41:45-60.

Bourgault, G. and D. Marcotte. 1991. Multivariable variogram and its application to the linear
model of coregiondization. Mahematical Geology 23(7):899-928.

Cochran, W.G. 1977. Sampling Techniques. John Wiley & Sons, Inc., New Y ork. 428p.

Deutsch, C.V. and A.G. Journel. 1998. GSLIB Geostatistical Software Library and User’s Guide,
Second Edition. Oxford University Press, New Y ork. 369p.

Dungan, J. 1998. Spatid prediction of vegetation quantities using ground and image data. Int. J.
Remote Sengng 19(2):267-285.

Goovaerts, P. 1999. Performance comparison of geodtatistical dgorithms for incorporating
dlevation into the mapping of precipitation. In: Proceedings of the 4™ International
Conference on GeoComputation. Fredericksburg, VA.

Goovaerts, P. 1998. Ordinary cokriging revisited. Mathematica Geology 30(1):21-42.

Goovaerts, P. 1997. Geostatistics For Natural Resources Evaluation. Oxford University Press,
New Y ork.

Goovaerts, P. 1994a. Study of spatia relationships between two sets of variables using
multivariate geodtatigtics. Geoderma 62:93-107.



Goovaerts, P. 1994h. On a controversial method of coregionaization. Mahematica Geology
26(2):197-204.

Goulard, M. 1989. Inference in a coregiondization modd. In: Geostatistics. M. Armstrong, (ed.).
Kluwer, Dordrecht. 397-408.

Goulard M. and M.Voltz. 1992. Linear coregionaization mode: tools for estimation and choice
of cross-variogram matrix. Mathematica Geology 24(3):269-286.

Hoppus, M., R. Riemann, and A. Ligter. (In Press). Remote sensing strategies for forest
inventory andysis utilizing the FIA plot database. In: Proceedings of RS 2000: Eighth
Biennia Remote Sensing Applications Conference. Albuquerque, NM.

Isaaks, E.H. and R.M. Srivastava. 1989. R.M. An Introduction to Applied Geostatistics. Oxford
University Press, New York. 561p.

Jensen, J.R. 1996. Introductory Digital Image Processing. Prentice Hall, Upper Saddle River,
NJ. 316 p.

Journd, A.G. 1999. Markov models for cross-covariances. Mathematica Geology 31(8):955-
964.

Landis, JR. and G.G. Koch. 1977. The measurement of observer agreement for categorica data
Biometrics 33:159-174.

Liebhold A.M, R.E. Ross, and W.P. Kemp. 1993. Geostatistics and geographic information
systems in gpplied insect ecology. Annu. Rev. Entomoal. 38:303-327.

Ma, X. and A.G. Journel. 1999. An expanded GSLIB cokriging program dlowing for two
Markov models. Computers & Geosciences 25:627-639.

Metzger, K.L. 1997. Modeling forest stand structure to aten meter resolution using Landsat TM
data. M.S. thes's, Department of Forest Sciences, Colorado State University, Fort Collins,
CO. 123 p.

Meyers, D.E. 1991. Pseudo-cross variograms, postive definiteness, and cokriging. Mathematical
Geology 23(6):805-817.

Morisette, J. 1997. Examples usng SAS to fit the modd of linear model of coregionalization.
Computers & Geosciences 23(3):317-323.

Pannatier,Y. 1996. Variowin: Software For Spatial Data Analysisin 2D. Springer-Verlag, New
York. 91 p.

Ross, RE., D.J. Mulla, A.G. Journd, and E.H. Franz. 1992. Geodtatistical tools for modeling
and interpreting ecological spatia dependence. Ecological Monographs 62(2):277-314.




Ross, RE., JL. Dungan, and L.R. Beck. 1994. Kriging in the shadows. geostetistical
interpolation for remote sensing. Remote Sens. Environ. 49:32-40.

Shmaryan, L.E. and A.G. Journel. 1999. Two Markov models and their application.
Mathematica Geology 31(8):965-989.

Wackernagel, H. 1995. Multivariate Geostatistics: An Introduction With Applications. Springer-
Verlag, Berlin. 256 p.

Yao, T. 1999. Nonparametric cross-covariance modeling as exemplified by soil heavy metd
concentrations from the Swiss Jura. Geoderma 88:13-38.

Yao, T. and A.G. Journel. 1998. Automatic modeling of (cross) covariance tables using fast
Fourier transform. Mathematica Geology 30(6):589-615.




