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Abstract

This paper analyzes quantification error versus location error
in a comparison between two cellular maps that show a cate-
gorical variable. Quantification error occurs when the quantity
of cells of a particular category in one map is different from
the quantity of cells of that category in the other map. Location
error occurs when the location of a category in one map is
different from the location of that category in the other map.
The standard Kappa index of agreement is usually not appro-
priate for map comparison. This paper offers alternative
statistics: (1) proportion correct with perfect ability to specify
location, (2) proportion correct with perfect ability to specify
quantity, (3) Kappa for no ability, (4) Kappa for location, and
(5) Kappa for quantity. These statistics can help scientists
improve classification. This paper applies these theoretical
concepis to the validation of a land-use change model for the
Ipswich Watershed in Massachusetts.

Introduction

The growth of GIS and remote sensing has made it increasingly
necessary to develop statistical measurements of agreement
between cellular maps (Congalton and Green, 1993). During a
comparison, one map is usually considered reality and the other
map is simulated by a model or satellite. The goal of the com-
parison is to measure the agreement between the two maps.
This paper addresses a situation where both maps show a cate-
gorical variable, such as land type.

Creation of a contingency table is usually the first step in
the objective comparison of maps (Congalton and Green,
1999). Table 1 shows the layout for a J-by-J contingency table,
where ] is the number of categories in each map. Each map grid
cell is classified according to both its category in the reality map
and its category in the simulated map. The entries of Table 1
give proportions of the study area. The “total” row at the bottom
shows the marginal distribution of the quantity of grid cells in
reality. The “total” column on the right shows the marginal dis-
tribution of the quantity of grid cells in the simulation. The
sum of the main diagonal gives the proportion correct classifi-
cation for the entire study area.

At first glance, the proportion correct classification seems
to be a straightforward statistic, but it is tricky to interpret
because a surprisingly high number of cells can be classified
correctly due to chance. Therefore, it is necessary to incorpo-
rate the expected proportion correct classification due to
chance in an index of agreement. Equation 1 gives one of the
most popular indices: i.e.,

(Po — Pc)

(Pp — Po) @

Kappa =

where Po is the observed proportion correct, Pc is the expected
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proportion correct due to chance, and Pp is the proportion cor-
rect when classification is perfect.

Kappa is usually attributed to Cohen (1960); however,
Smeeton (1985) traces its history to Galton (1892). Pontius
(1994) is probably one of many investigators who indepen-
dently derived the Kappa. Kappa is a member of a family of
indices (Landis and Koch, 1977; Aickin, 1990) that have the fol-
lowing desirable properties: (1) if classification is perfect, then
Kappa = 1; (2) if observed proportion correct is greater than
expected proportion correct due to chance, then Kappa > 0; (3)
if observed proportion correct is equal to expected proportion
correct due to chance, then Kappa = 0; and (4) if observed pro-
portion correct is less than expected proportion correct due to
chance, then Kappa < 0.

Many modelers, remote sensing specialists, and statisti-
cians endorse the Kappa and encourage colleagiies to adopt it
(Rosenfield, 1986; Cartersen, 1987; Hudson and Ramm, 1987;
Stehman, 1996). However, the appropriateness of the standard
Kappa depends on whether or not the marginal distributions
are fixed by the scientist (Cohen, 1960; Brennan and Prediger,
1981; Foody, 1992). The standard Kappa is appropriate for con-
tingency tables when the scientist does not have control over
the marginal distributions, such as a test of the agreement be-
tween smoking and respiratory illness. In contrast, usually a
goal of a satellite or spatially explicit model is to obtain similar
marginal distributions; hence, the standard method to com-
pute the expected proportion correct classification by chance is
usually not appropriate for classification schemes that attempt
to specify accurately both quantity and location. A GIS-based
classification scheme should be judged on its ability to pro-
duce accurately both quantities and locations of categories of
grid cells in a map (Card, 1982; Congalton et al., 1983; Con-
galton, 1991). For such classification schemes, the methods
section describes some appropriate ways to compute alterna-
tives to the standard Kappa. This paper also gives new methods
for scientists to validate and to improve a wide variety of spa-
tially explicit classification schemes such as those described in
Turner (1988), Monserud and Leemans (1992), Hall (1995),
Lambin (1996), Veldkamp and Fresco (1996), Liverman (1998),
Wu (1998), etc.

Methods

Quantification versus Location

When comparing maps for validation, we can distinguish
between quantification error and location error. Quantifica-
tion error occurs when the quantity of cells of a category in
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CONTINGENCY TABLE FOR J CATEGORIES WHERE ENTRIES ARE
PROPORTIONS OF STUDY AREA

TABLE 1.

Reality
Simulation 1 2 .. J total
1 Pn P12 Py Sy = Zpy
2 P21 P22 P2y Sy = Zpy;
J Pn Dr Py Sy =Zpy
total R, =Zp; R,=3Zp, R; = Zpy 1

one map is different than the quantity of cells of that category
in the other map. Even if there is no quantification error, loca-
tion error can occur where the location of a category in one
map is different than the location of that category in the other
map.
Each spatially explicit simulation can be categorized
according to its ability to specify accurately both quantity and
location. Table 2 shows the expected proportion correct classi-
fication of simulations according to their idealized ability to
specify quantity and location. Simulations that have no ability
to specify location accurately are in the NL column of Table 2.
Simulations in the PL column have perfect ability to specify
location accurately. Simulations that have no ability to specify
quantity accurately are in the NQ row. Simulations in the PQ row
have perfect ability to specify quantity accurately. The MQ row
and ML column show medium levels of ability to specify accu-
rately quantity and location, respectively. Most simulations
have some medium ability to predict both quantity and loca-
tion, so the central entry of Table 2 is the observed proportion
correct classification, denoted Po. The following subsections
derive the equations in Table 2 and define “no ability,”
“medium ability,” and “perfect ability.”

Specify Location at Random

Let us consider the expected proportion correct classification
of a simulation that has no ability to specify quantity accu-
rately and no ability to specify location accurately. The simula-
tion assigns 1/] of the cells to each of the [ categories because
the simulation has no ability to distinguish among the catego-
ries (Foody, 1992). The simulation distributes those cells at
random locations on the map; therefore, the expected propor-
tion correct with no information of quantity and no informa-
tion of location (NQNL) is 1/] as given in the NQ row NL column
of Table 2. Equation 2 gives the derivation; i.e.,

J J
NQNL = 3 (1/J) R;= (1/]) 3, B; = 1/] (2)
j=1 j=1

where 1/] is the proportion of cells assigned to category j by sim-
ulation and B; is the proportion of cells in category j in reality.
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Figure 1. Percent correct with medium ability to specify
quantity and no ability to specify location (MQNL) for two
categories.

Thus, Po — NQNL is the success attributable to the simulation.

Let s;be the proportion of cells in category j in the simula-
tion. Using the same mathematical reasoning, the MQ row NL
column of Table 2 gives the proportion classified correctly asso-
ciated with a simulation that has some medium ability to spec-
ify quantity accurately, but assigns locations at random (MQNL).
For a fixed distribution of §;, MQNL — NQNL is the success due
to the simulation’s ability to specify quantity, and Po — MQNL is
the success due to the simulation’s ability to specify location.

Figure 1 shows the surface of MQNL for the case where there
are two categories, jand not j. The success space is defined by
the reality axis (R-axis}, the simulation axis (S-axis), and the
correct axis (C-axis). The R-axis shows the proportion of cells
of category j in reality, the S-axis shows the proportion of cells
of category j in the simulation, and the C-axis shows the pro-
portion of cells classified correctly by the simulation. The mag-
nitude of the quantification error is S minus R, so any point
outside the S = R plane has quantification error. Figure 1 is
symmetric about the S = R plane which illustrates the fact that
it makes no difference mathematically which map is consid-
ered simulated and which map is considered reality. The abil-
ity to specify quantity accurately is valuable when the pro-
portion of category j in the real landscape is near either 0 or 1.

In the next case, if the simulation has perfect ability to
specify quantity and no ability to specify location, then simu-
lation assigns S; = R;, and locations at random. The PQ row NL
column of Table 2 gives the expected proportion correct classi-
fication with perfect ability of quantity and no ability of loca-
tion PQNL.

TABLE 2.  PROPORTION CORRECT CLASSIFICATION ACCORDING TO A SIMULATION'S ABILITY TO SPECIFY ACCURATELY QUANTITY AND LOCATION
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Specify Location Perfectly

Now let’s turn our attention to simulations that have perfect
ability to specify location accurately, found in the PL column of
Table 2. These simulations do the best job possible at assigning
aspecified quantity of cells to the correct locations within the
map, such that the total proportion correct classification is lim-
ited only by quantification error. The proportion correct classi-
fication for any particular category is at most the smaller of (a)
the total proportion of that category in the simulated map and
(b) the total proportion of that category in the reality map.

For the case where we have no information of quantity, the
simulation sets the proportion in each category to 1/J. The NQ
row PL column of Table 2 gives the proportion correct for a sim-
ulation with no information of quantity and perfect informa-
tion of location (NQPL).

Next, consider a simulation that has a medium ability to
specify quantity accurately and perfect ability to specify loca-
tion (MQPL). The MQ row PL column of Table 2 gives MQPL by
using the same mathematical logic as NQPL. Figure 2 shows
MQPL for ] = 2. A quantification error of *1 unit creates a de-
crease of one unit in proportion correct. For a fixed distribu-
tion of S;, MQPL ~ Po is the error due to a simulation’s specifica-
tion of location, and 1 — MQPL is the error due to a simulation’s
specification of quantity.

Finally, the PQ row PL column of Table 2 shows that a simu-
lation that has perfect ability to specify accurately both quan-
tity and location attains perfect classification; thus, PQPL = 1.

Kstandard

Recall that Kappa compares the observed proportion correct to
the expected proportion correct due to chance. According to
Table 2, the expected proportion correct due to chance of a sim-
ulation with no information of quantity and no information of
location is 1/]. However, the standard Kappa does not use 1//as
the expected proportion correct due to chance; the standard
Kappa uses MQNL from Table 2. Table 3 gives the equation for
standard Kappa, denoted as Kstandard. Kstandard measures a
simulation’s ability to attain perfect classification, given afixed
marginal distribution of S;.

Kno

Let us now define an alternative to the standard Kappa. Kappa
for no ability, denoted Kno, indicates the proportion classified
correctly relative to the expected proportion classified cor-
rectly by a simulation with no ability to specify accurately
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Figure 2. Percent correct with medium ability to specify

quantity and perfect ability to specify location {MQPL) for
two categories.
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TABLE 3. FORMULAS AND SIMULATION RESULTS FOR VARIATIONS OF KAPPA

Kappa Definition Ipswich Results

Variations Formula Formula Kappa (%)
Kstandard Po ~ MQNL 0.91 — 0.90 12
1 — MONL 1.00 — 0.90
Kno Po —~ NQNL 0.91 — 0.50 82
1 — NQNL 1.00 — 0.50
Klocation Po — MQNL 0.91 — 0.90 28
MQPL — MQNL 0.94 — 0.90
Kquantity Po — NQML 0.91 — 0.51 87
PQML — NQML 0.97 — 0.51

quantity or location. Table 3 gives Kno where Po = ohserved
proportion of cells classified correctly, Pc = NQNL = 1/J, and
Pp =1.Knois the success attributable to the simulation divided
by the maximum possible success attributable to a perfect sim-
ulation. Both Kstandard and Kno attain 1 only when B, = S;and
location is perfect. However, there are three major problems
with Kstandard. Kno fixes the first two of these problems listed
below.

The first major problem is that Kstandard fails to penalize
for large quantification error. Kstandard can be positive over
all combinations of R and S. Kstandard can be positive even
when the observed proportion of cells classified correctly is
less than 1/], whereas Kno is negative when there is large quan-
tification error. '

The second problem is that Kstandard fails to reward suffi-
ciently when S is near B, especially when R is near 0 or 1. Fig-
ure 1 shows that MQNL is near 1 when both Rand S are near 0 or
1. The simulation should receive reward for specifying quan-
tity accurately, but Kstandard attributes those correct classifica-
tions to chance. Kno properly rewards the simulation for
specifying quantity accurately.

The third major problem is that Kstandard fails to distin-
guish clearly between quantification error and location error.
For example, if quantification error exists, then Kstandard is
constrained to be less than 1, even when a simulation could be
otherwise perfect at specifying location. Conversely, if location
error exists, then Kstandard is constrained to be less than 1,
even when a simulation could be perfect at specifying quantity.
Kno also has this third problem.

Klocation

Therefore, let us define a Kappa for location, denoted Kloca-
tion, as shown in Table 3, where Po = observed proportion of
cells classified correctly, Pc = MQNL, and Pp = MQPL. Given a
fixed distribution of S;, Klocation is the success due to the simu-
lation’s ability to specify location divided by the maximum
possible success due to a simulation’s ability to specify location
perfectly. The upper range of Klocation is 1, regardless of quan-
tification error.

Klocation is helpful in defining a success space similar to
Figures 1 and 2. In Figures 3 and 4, the Klocation axis replaces
the proportion simulated (S) axis of Figures 1 and 2. F igure 3
shows the proportion correct classification of a simulation for
which there is no information concerning quantity; therefore,
the proportion of map grid cells assigned to each category is
1/]. If the simulation assigns location at random (that is, Kloca-
tion = 0}, then the expected proportion correct is 1/J. If the sim-
ulation is perfect at specifying location (that is, Klocation = 1),
then the proportion correct is NQPL. The ability to specify loca-
tion accurately is valuable when the proportion of category jin
the real landscape is near 1/J.

Figure 4 shows the proportion correct classification for a
simulation in which there is perfect information concerning
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Figure 3. Percent correct with no ability to specify quantity
and medium ability to specify location (NQML) for two
categories.
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Figure 4. Percent correct with perfect ability to specify quan-

tity and medium ability to specify location (PQML) for two
categories.

quantity, that is, S; = R;. If the simulation assigns location at ran-
dom (that is, Klocation = 0}, then the expected proportion cor-
rect is PQNL. If the simulation specifies locations perfectly (i.e.,
Klocation = 1), then the proportion correct is 1. The ability to
specify quantity accurately is valuable when the proportion of
category jin the real landscape is near 0 or 1.

Kquantity
Given a fixed Klocation, column ML of Table 2 defines (a) pro-
portion correct with no ability to specify quantity and medium
ability to specify location (NQML} and (b) proportion correct
with perfect ability to specify quantity and medium ability to
specify location (PQML). For a fixed Klocation, NQML—NQNL is
the success due to a simulation’s specification of location, Po
— NQML is the success due to a simulation’s specification of
quantity, PQML — Po is the error due to a simulation’s specifi-
cation of quantity, and 1 — PQML is the error due to a simula-
tion’s specification of location.

NQML and PQML are helpful in defining a Kappa for quan-
tity, denoted Kquantity. Table 3 defines Kquantity, where Po =

1014 August 2000

proportion correct observed, Pc = NQML, and Pp = PQML. Given

a fixed Klocation, Kquantity is the success due to the simula-
tion’s ability to specify quantity divided by the maximum pos-
sible success due to a simulation’s ability to specify quantity
perfectly.

Application to the Ipswich Watershed, Massachusetts

To illustrate the theoretical concepts, I apply the above statis-
tics to a land-use change model that uses a multi-criteria evalu-
ation to predict human induced disturbance to a landscape.
The model predicts the quantity and location of new residen-
tial land versus other land from 1985 to 1991 in the watershed
of Ipswich, Massachusetts. The model is calibrated with maps
of socio-physical characteristics and residential areas in 1971
and 1985. The model predicts locations of land-use change due
to new residential development from 1985 to 1991 based on
suitability for human habitation due to socio-physical charac-
teristics, such as proximity to roads. The model predicts that
the quantity of new residential land in Ipswich Massachusetts
between 1985 and 1991 is 8 percent of the watershed, based on
an exponential extrapolation from 1951 to 1985. MassGIS
(1999) supplies the maps for calibration and validation.

Results

Figure 5 shows the spatial arrangement of those grid cells that
were classified correctly and incorrectly in the simulation for
the Ipswich watershed. Table 3 shows Kno is 82 percent, which
is a result of poor ability to specify location (Klocation = 28
percent) and good ability to specify quantity (Kquantity = 87
percent), Kstandard of 12 percent indicates that specification
of location is poor, given a fixed quantity. The quantity of dis-
turbance in the simulated map is 8 percent, whereas the quan-
tity of disturbance in reality is 2 percent.

The overall proportion correct is 91 percent. MQPL = 94
percent, which indicates that if the scientist improves specifi-
cation of location only, then proportion correct can increase by
at most 3 percentage points, as shown in Figure 6. However,
PQML = 97 percent, which indicates that if the scientist
improves specification of quantity, then the proportion correct
can increase by 6 percentage points.

Discussion

The Ipswich watershed example shows that the statistics given
in this paper can be useful for analysis and improvement of
classification. PQML and MQPL show that, if the purpose of the
model is to maximize percent correct, then it is more important
to improve the specification of quantity than to improve speci-
fication of location. Perhaps, the scientist should consider
determining quantity by a linear rather than exponential
extrapolation. Only 2 percent of the watershed underwent
change from 1985 to 1991, so an accurate specification of quan-
tity can yield a large percent correct, even when locations are
distributed at random. If the quantity of change were close to 50
percent of the watershed, then it would be important to specify
location accurately.

However, a large percent correct is not necessarily an
important criterion to judge classification schemes because a
large portion of percent correct can be attributable to chance. If
a scientist is interested in location, then Klocation can be a
more important criterion than either Kno or percent correct. For
the Ipswich watershed example, Klocation shows that specifi-
cation of location is poor, but MQPL shows that, if specification
of location were good, then percent correct would increase
only modestly.

As a warning, NQML, PQML, and Kquantity are based on the
assumption that Klocation is constant across various scenarios
of quantification. However, Klocation can change when quanti-
fication changes. Nevertheless, NQML, PQML, and Kquantity
serve as reasonable guide posts for the scientist.

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING



1991 in the Ipswich watershed.

Figure 5. Simulated versus real change to new residential land use from 1985 to
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Figure 6. Sources of classification suc-
cesses and errors assuming fixed specifi-
cation of quantity in the Ipswich
watershed.

The standard Kappa offers almost no useful information
because it confounds quantification error with location error.
A Kstandard of 12 percent would seem to indicate that the clas-
sification is poor, when in fact 91 percent of the cells are classi-
fied correctly. Kstandard fails to reward the simulation for good
specification of quantity.

Conclusions

This paper gives equations to enable scientists to separate over-
all classification error into quantification error and location
error. This insight can help scientists to decide whether to dedi-
cate energy to improve a simulation’s ability to specify quan-
tity versus location. As a rule of thumb, if the quantity of grid
cells in the map of reality is distributed equally among the cate-
gories, then percent correct classification is large when location
is specified accurately. If the quantity of grid cells in the map of
reality is not distributed equally among the categories, then

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

percent correct classification is large when quantity is specified
accurately. Specifically, when PQML — Po is large, then scien-
tists can improve percent correct by improving the simula-
tion’s ability to specify quantity. When MQPL — Po is large, then
scientists can improve percent correct by improving the simu-
lation’s ability to specify location. Scientists should use Kno to
evaluate the simulation’s overall success, Klocation to evalu-
ate the simulation’s ability to specify location, and Kquantity to
evaluate the simulation’s ability to specify quantity.

Acknowledgments

The National Science Foundation (NSF) funded this research
through the Water and Watersheds program grant DEB-9726862.
Additional contributors include the Jesse B. Cox Charitable
Trust, the Sweetwater Trust, and NSF’s Long Term Ecological
Research program OCE-9726921. Also, I thank Laura Schneider,
Emily Morrison, and the Integrated Modeling Group of Clark
University. .

References

Aickin, M., 1990. Maximum likelihood estimation of agreement in the
constant predictive probability model, and its relation to Cohen’s
Kappa, Biometrics, 46:293~302.

Brennan, R.L., and D.]J. Prediger, 1981. Coefficient Kappa: Some uses,
misuses and alternatives, Educational and Psychological Measure-
ment, 41:687-698.

Card, D., 1982, Using known map category marginal frequencies to
improve estimates of thematic map accuracy, Photogrammetric
Engineering & Remote Sensing, 48(3):431-439.

Cartersen, L.W,, Jr., 1987. A measure of similarity for cellular maps,
The American Geographer, 14(4):345-358.

Cohen, J., 1960. A coefficient of agreement for nominal scales, Educa-
tional and Psychological Measurement, 20(1):37-46.

Congalton, R., 1991. A review of assessing the accuracy of classification
of remotely sensed data, Remote Sensing of Environment,
37:35—46.

Congalton, R., and K. Green, 1993. A practical look at the sources of
confusion in error matrix generation, Photogrammetric Engi-
neering & Remote Sensing, 59(5):641-644.

August 2000 1015



» 1999. Assessing the Accuracy of Remotely Sensed Data: Princi-
ples and Practices, Lewis Publishers, New York, 137 p.

Congalton, R., R. Oderwald, and R. Mead, 1983. Assessing Landsat
Classification Accuracy Using Discrete Multivariate Analysis Sta-
tistical Techniques, Photogrammetric Engineering & Remote Sens-
ing, 49(12):1671-1678.

Foody, G., 1992. On the compensation for chance agreement in image
classification accuracy assessment, Photogrammetric Engi-
neering & Remote Sensing, 58(10):1459-1460.

Galton, F.,, 1892. Finger Prints, Macmillan, London.

Hall, C., H. Tian, Y. Qi, G. Pontius, and J. Cornell, 1995. Modelling
spatial and temporal patterns of tropical Jand use change, Journal
of Biogeography, 22:753-757.

Hudson, W.D., and C.W. Ramm, 1987. Correct formulation of the Kappa
coefficient of agreement, Photogrammetric Engineering & Remote
Sensing, 53(4):421-422,

Lambin, E.F., 1996. Change detection at multiple temporal scales: Sea-
sonal and annual variations in landscape variables, Photogram-
metric Engineering & Remote Sensing, 62(8):931-938.

Landis, J.R., and G.C. Koch, 1977. The measurement of observer agree-
ment for categorical data, Biometrics, 33:159-174.

Liverman, D., E. Moran, R. Rindfuss, and P. Stern, (editors), 1998.
People and Pixels, National Academy Press, Washington, D.C.,
244 p.

MassGIS, 1999. Land Use Map, Executive Office of Environmental
Affairs, Boston, Massachusetts.

Monserud, R., and R. Leemans, 1992. Comparing global vegetation
maps with the Kappa statistic, Ecological Modelling,
(62):275-203,

Pontius, R., 1994. Modeling Tropical Land Use Change and Assessing
Policies to Reduce Carbon Dioxide Release from Africa, Graduate
Program in Environmental Science. SUNY-ESF, Syracuse, New
York, 177. p.

Rosenfield, G.H., 1986. A coefficient of agreement as a measure of
thematic classification accuracy, Photogrammetric Engineering &
Remote Sensing, 52(2):223-227.

Smeeton, N., 1985. Early history of the kappa statistic, Biometrics,
41:795.

Stehman, S.V., 1996. Estimating the Kappa coefficient and its variance
under stratified random sampling, Photogrammetric Engi-
neering & Remote Sensing, 62(4):401—407.

Turner, M., R. Gardner, V. Dale, and R. O’Neill, 1988. Predicting the
spread of disturbance across heterogeneous landscapes, Oikos,
55:121-129.

Veldkamp, A., and L.O. Fresco, 1996. CLUE-CR: An integrated multi-
scale model to simulate land use change scenarios in Costa Rica,
Ecological Modelling, 91(1/3):231.

Wu, F, 1998. SimLand: A prototype to simulate land conversion
through the integrated GIS and CA with AHP-derived transition
rules, International Journal of Geographical Information Sci-
ence, 12(1):63-82.

(Received 24 May 1999; accepted 28 September 1999)

Do You Have
the Latest
Books?

Visit the ASPRS
Bookstore for the
most up-to-date
photogrammetric,
remote sensing,
and GIS books.

An abbreviated
listing of each
book is published
monthly in PE&RS.
For a concise
listing, visit
www.asprs.org.

1016 August 2000

REMOTE SENSING

REMOTE SENSING AND IMAGE INTERPRETATION, 4TH EDITION
Lillesand &. Kiefer, editors. Published by John Wiley & Sons. Inc.
724 PP. Hardcover. 2000.

This book is designed to be primarily used as a textbook in introductory courses in remote sensing
and image interpretation, and as a reference for practitioners who use geospatial information and
analysis in their work. The book was written to be “discipline neutral,” thus students and practitio-
ners in any discipline should gain a clear understanding of remote sensing systems and their virtu-
ally unlimited applications. This fourth edition follows the same general organizational structure as
the previous editions with many additions and changes to update and improve the coverage of ear-
lier editions. New or expanded topics include GPS principles, digital cameras, hyperspectral sensing,
the large number of new governmental and commercial satellite systems, digital orthophoto produc-
tion, map projections and datums, sub-pixel image classification, interferometric radar, lidar, artificial
neural networks, image compression, hyperspectral data analysis, and change detection.

SEOCK FABEE ...ttt ettt ettt et e et $100
ASPRS Members $85

ADVANCES IN REMOTE SENSING AND GIS ANALYSIS
Atkinson & Tate, editors. Published by John Wiley & Sons, Inc. 273 pp. Hardcover. 2000.

This book brings together some of the most recent developments in the remote sensing and GIS
fields, with a particular emphasis on mathematical techniques and their application. The range of
techniques covered includes fuzzy classification, artificial neural networks, geostatistical techniques,
texture classification, fractals, per-parcel classification, raster and vector data integration, and pro-
cess modelling. The range of applications includes land-cover and land-use mapping, cloud tracking,
snow cover mapping and air temperature monitoring, topographic mapping, geological classification
and soil erosion modelling. The book should be used by both researchers and advanced students of
remote sensing and GIS.

SEOCK FABED ..ottt st te e e ea s et s et e et et st e et e s et e e e e e e e et et et eeesee s $100
ASPRS Members $85

PECORA 14/LAND SATEILLITE INFORMATION IlIl: DEMONSTRATING THE VALUE OF SATELLITE IMAGERY
CD-Rom. 1999.

For this conference, the highly successful series of William T. Pecora Memorial Symposia on remote
sensing was combined with the ASPRS Land Satellite Information Conference to deliver a combined
conference on “Demonstrating the Value of Satellite Imagery.” It was held December 6-10, 1999 in
Denver, Colorado. The conference offered a unique opportunity for resource manager, land planners,
and transportation and environmental specialists to learn about the valuable information that can be
extracted from satellite iImagery. The papers contained on this CD-ROM proceedings cover the topics
— remote sensing applications for forest assessment, applications of remote sensing in transportation,
precision agriculture applications, U.S. state and local government environmental applications, emer-
gency response applications, forestry change detection, military base applications, water and wetland
management, urban area analysis, landscape and habitat management, global ecosystem analysis, and
more. Also included is extensive exhibitor product/service information.
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