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ABSTRACT 

Spatially explicit knowledge of land cover is increasingly important for 

environmental modeling and decision support for land managers. Such knowledge is 

often provided over large regions by thematic maps produced from remotely sensed 

satellite data. Remote sensing of vegetation in semi-arid areas is complicated, however, 

by high levels of landscape spatial heterogeneity, resulting in large part from spatially 

varying soils, topography, and microclimates. Increased understanding of spatial 

distributions of vegetation and the factors affecting them will enhance our ability to 

inventory and monitor natural resources, and to model potential consequences of land 

management alternatives and larger issues such as global climate change. In addition, 

the uncertainty in spatial knowledge must be made spatially explicit in order to 

determine where more information is needed and where predictions may be less 

reliable. 

Geostatistical kriging and multiple linear regression interpolation were used to 

map climate spatial distributions over the San Pedro River watershed, southeastern 

Arizona. Both methods used climate station location and elevation and climate data. 

Although mean interpolation errors were similar, kriging climate with elevation as 

external drift was preferred due to the patterns of spatial bias in regression errors. 

Interpolation results provided a step toward understanding climate influence on 

vegetation in this area. Accuracies of four land cover maps covering the upper San 

Pedro watershed, mapped from remotely sensed data, were determined using aerial 
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photography, digital orthophoto quadrangles, and airborne video data reference data sets 

as alternatives to contemporaneous ground-collected data. Overall map accuracies were 

67-75%; class accuracies varied more for smaller classes than for larger ones. Finally, 

the uncertainty of occurrence of the low-accuracy Mesquite Woodland class was 

mapped using simple indicator kriging with locally varying means and data derived 

from accuracy assessment information. Enhanced class discrimination in an 

independent validation data set confirmed the utility of this procedure. The results of 

these analyses can provide direct input for use in environmental modeling and can 

inform land management decision making, and the methods can be employed in other 

settings where spatial variability and uncertainty play large roles in the landscape. 
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CHAPTER 1 

INTRODUCTION 

Context of the problem 

Spatially explicit knowledge of land use and land cover is becoming 

increasingly important as input for environmental modeling and decision support for 

land managers. Such knowledge is often provided over large regions by thematic maps 

produced from remotely sensed satellite data. Remote sensing of vegetation in semi-arid 

areas is complicated, however, by the high levels of spatial heterogeneity in these 

landscapes, resulting in large part from spatially varying soils, topography, and 

microclimates. Increased understanding of spatial distributions of vegetation and the 

factors affecting it will enhance our ability to inventory and monitor natural resources, 

and to model the potential consequences of land management alternatives as well as 

larger issues such as global climate change. In addition, we need to quantify the 

uncertainty in our spatial knowledge in order to know where more information is 

needed, and where predictions may be less reliable. 

The semi-arid San Pedro River watershed, in southeastern Arizona and Mexico, 

provides a diverse landscape in which to examine these issues (Figure 1). The San 

Pedro River has headwaters in northeastern Sonora, Mexico, and flows northward 

across the international border into southeastern Arizona, where it joins the Gila River 

approximately 200 km north of the border. Elevations within the watershed range from 

600 meters at the river's northern confluence, to nearly 3000 meters in some of the 

surrounding mountain ranges. This range of topographic and resulting climatic variation 
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Figure I. Location of San Pedro River watershed study area, southeastern Arizona and 

Sonora, Mexico, shown on shaded relief image. 
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corresponds to vegetation types ranging from desert scrub at the lowest elevations, to 

grasslands grading into evergreen woodlands at the foot of the mountains, to chaparral 

and montane conifer forest at the highest elevations. Diversity of animal life is high 

within the watershed as well, due in part to its location between the Sonoran desert to 

the west and the Chihuahuan desert to the east, the southern terminus of the Rocky 

Mountains to the north and the Mexican Sierra Madre Occidental to the south. 

The San Pedro watershed provides examples of land management issues 

increasingly common in the western U.S., including rapid population growth and 

concomitant demands on resources, diffuse suburban and exurban development in 

previously rural areas, and other land cover changes related to longer term land use 

trends. The application of geospatial technologies to the study of these issues can 

provide decision makers with the best available information for land management. 

These technologies include remote sensing to provide a synoptic view of the landscape, 

geostatistical methods to evaluate spatial distributions and spatial variability, and 

geographic information systems (GIS) as a framework for data display, query, and 

modeling. The research presented here used geospatial technologies to examine issues 

within the San Pedro watershed including characterization of the spatial variability of 

climate, determination of the accuracy of land cover maps derived from satellite remote 

sensing, and mapping the uncertainty of land cover occurrence. 
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Dissertation format 

This dissertation is presented in the form of three pre-publication papers, which 

can be found in the Appendices. The study area for all three papers is the watershed of 

the San Pedro River. The first paper examines climate within the U.S. portion of the 

watershed only, due to lack of accessible data for nearby northeastern Sonora. Mexico. 

The second paper covers the upper San Pedro watershed in the U.S. and Mexico. 

defined by a hydrologic divide occurring approximately 125 km north of the 

international boundary. The third paper examines the U.S. portion of the upper San 

Pedro watershed. 

Research for the first paper (Climate Spatial Variability and Data Resolution in a 

Semi-arid Watershed, Southeastern Arizona) formed part of a larger project examining 

the effects of climate change on vegetation in the U.S. portion of the San Pedro River 

watershed of southeastern Arizona. I carried out the research presented in this paper 

with oversight from the co-authors, who were the principal and co-investigators of the 

research project and who provided feedback and suggestions as my research progressed. 

All work presented in the paper is my own. The results of this research provided a basis 

for modeling vegetation distributions for the watershed area under present and possible 

future climate conditions. 

My position as first author of the second paper (Assessing the Accuracy of 

Satellite-derived Land Cover Classification using Historical Aerial Photography. Digital 

Orthophoto Quadrangles, and Airborne Video Data) represents both my primary 

responsibility for the text and my contribution to the research. As the title suggests, a 
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great deal of research was brought together in this paper, much of it performed by co

authors. I was responsible for the design of the video-based accuracy assessment 

method and carried out approximately half of the research reported for that part of the 

paper. All of the literature review and synthesis of results presented in the discussion 

section of the paper were my own work. 

The third paper (Mapping Thematic Class Accuracy: Indicator Kriging of 

Mesquite Woodland Probability in the Upper San Pedro River Watershed, Southeastern 

Arizona) represents my original work, which grew out of the research and conclusions 

reported in the second paper. Data used in this work were developed in research for the 

portion of the second paper for which I was primarily responsible. 
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CHAPTER 2 

PRESENT STUDY 

Summary 

The methods, results, and conclusions of this study are presented in the 

papers appended to this thesis. The following is a summary of the most 

important findings in these papers. 

Much of our knowledge of the landscape comes from data sampled on 

the ground at specific locations, for example climate information recorded at 

weather stations or vegetation observations recorded in the field. Because of the 

high costs to maintain permanent monitoring sites or to make field visits, these 

data are usually more sparsely sampled than what is optimal for analysis. If 

predictions are needed for locations other than those sampled, some form of 

interpolation is necessary using the available data. Geostatistical interpolation, 

or kriging, uses information about the spatial correlations of a variable on the 

landscape determined from the available data. Climate variables including 

annual and seasonal precipitation and mean annual temperature for the San 

Pedro watershed were interpolated by a number of methods including 

geostatistical kriging with elevation as an external drift variable, multiple linear 

regression on station coordinates and elevation, and other geostatistical methods. 

Kriging with elevation as external drift (KED) was preferred over the other 

methods as evaluated by the spatial distribution of error and the representation 
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of orographic features. Sources of interpolation error included uncertainty in 

climate station location and the fit of interpolation models to climate data. 

Overall, modeled station location uncertainty had little or no effect on mean 

cross-validated error; however, interpolation error at specific locations varied as 

much as 27%. suggesting that the results of climate interpolation were best 

viewed as a general representation of watershed conditions. The accuracy of the 

KED interpolation method depended on the strength of the correlation between 

climate and the intensively sampled secondary variable elevation; in the case of 

mean annual temperature, high correlation with elevation resulted in very little 

difference between KED and regression results. The KED method can be used 

for interpolation of other types of data, when a well-sampled secondary variable 

is available that is significantly but not highly correlated. For high correlations 

between primary and secondary variables, KED provides no advantage over 

linear regression. 

Remotely sensed data can be obtained over large landscape areas by 

satellite; however, the raw spectral radiance values recorded by satellites such as 

the Landsat series must be processed into useable information, for example by 

thematic classification to create a land cover/land use map. The accuracy of 

resulting maps must be evaluated against reference data of higher resolution that 

are assumed accurate. Reference data collected on the ground at the time of 

satellite overpass are often the best representation of landscape conditions, but 

are generally expensive to obtain and sparsely sampled; contemporaneous 
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ground reference data may not exist for maps made from archived satellite data. 

The second paper evaluated alternative types of reference data and methods for 

accuracy assessment of four land cover maps for the years 1973, 1986, 1992, 

and 1997 of the upper San Pedro watershed, derived from Landsat Multispectral 

Scanner (MSS) and Thematic Mapper (TM) data. The results demonstrated the 

usefulness of these reference data alternatives and showed similar map 

accuracies overall. Class accuracies for the largest cover classes were relatively 

consistent across methods, while accuracies varied more for smaller classes 

likely to be affected by seasonal or other transient changes. 

One large land cover class in the San Pedro watershed, Mesquite 

Woodland, was consistently mapped with low accuracy in all four years. As this 

class represented significant long-term change in the landscape, results of 

change detection based on inaccurate distributions will be inaccurate as well. In 

the third paper, a map of the uncertainty of mapped Mesquite Woodland 

distribution in 1997 was generated from the land cover map, using information 

in the error matrix resulting from the accuracy assessment process. The 

uncertainty map was updated in a geostatistics-based procedure with the high-

resolution accuracy assessment point data. The updating procedure enabled 

discrimination of Mesquite Woodland samples in an independent validation data 

set, although mapped spatial patterns of high Mesquite Woodland probability 

did not appear representative of landscape patterns. The resulting uncertainty or 

probability map provided location-specific estimates of the likelihood of 
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encountering Mesquite Woodland and indicated areas which may require further 

field sampling to assess presence or absence of this class. 

Conclusions 

This study has demonstrated the utility of geospatial methods in mapping, 

verifying, and updating spatially explicit information about climate and vegetation 

distributions in the San Pedro River watershed area. Where information is available 

only at isolated locations, for example climate data at weather stations, high quality 

interpolated results can be obtained when there is a correlated, more intensively 

sampled secondary data source, for example a digital elevation model (DEM), to 

provide additional information to use in interpolation. High resolution data are required 

to validate thematic land cover distributions mapped from remotely sensed data; the 

high resolution data can be obtained from a variety of sources to assess thematic maps 

generated from archived satellite data. These high-resolution data can also be used to 

map the uncertainty of land cover class occurrence as a guide to the user of the thematic 

map and for use in assessment of error propagation in environmental modeling. The 

spatial products and results of this study can be used in applications such as modeling of 

potential climate change effects and other environmental processes and decision support 

for land managers. 
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Abstract 

In the 10,000 km^ San Pedro River watershed area in southeastern Arizona, high 

resolution spatial patterns of long-term precipitation and temperature were better 

reproduced by kriging climate data with elevation as external drift (KED) than by 

multiple linear regression on station location and elevation as judged by the spatial 

distribution of interpolation error. Mean errors were similar overall, and interpolation 

accuracy for both methods increased with increasing correlation between climate 

variables and elevation. Uncertainty in station locations had negligible effect on mean 

estimation error, although error for individual stations varied as much as 27%. Our future 

ability to examine spatial aspects of climate change at high spatial resolution will be 

severely limited by continuing closures of climate stations in this part of the United 

States. 

Keywords: climate, interpolation, southwestern U.S., San Pedro River, spatial variability, 

geostatistics, precipitation, temperature 



Introduction 

The spatial interpolation of temperature and precipitation climate data is 

increasingly important in the development of agricultural, hydrological, and ecological 

models. Such models are becoming an integral part of our ability to understand global 

climate change and both natural and anthropogenic impacts on the environment. Spatially 

explicit modeling of ecosystem structure, for example, requires estimates of climate 

variables at unsampled locations, usually on a regularly spaced grid. A number of 

methods for interpolation of climate data have been applied at grid spacing of a few 

kilometers or more, but higher spatial resolutions are required in spatially heterogeneous 

semi-arid environments where topography and land cover can change substantially over 

short distances. In the mountainous southwestem United States, both precipitation and 

temperature are strongly influenced by elevation through orographic effects and lapse 

rate; thus a digital elevation model (DEM) can supply both an independent variable for 

climate interpolation and a convenient regularly spaced grid. The effects of station 

location accuracy on interpolated results are not well known and could potentially be 

significant in areas of topographic relief The spatial disuibution of interpolation error 

from all sources is important for validating ecological and other models based on 

interpolated surfaces, and can guide the selection of an appropriate interpolation method. 
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Climate in tiie soutiiwest 

The bimodal temporal distribution of annual precipitation in the southwestern 

U.S. varies spatially with both latitude and longitude: the percent of total precipitation 

falling in winter decreases from west to east, while the percent falling in summer 

decreases from south to north (Figure 2; see also Hendricks, 1985, p. 34). These spatial 

variations reflect different sources for seasonal precipitation. Widespread, low intensity 

winter storms are associated with Pacific Ocean moisture and southerly displacement of 

the jet stream (Sellers and Hill, 1974, p. 14-16; Sheppard et al., 2002). Localized 

convective summer storms, part of the North American or Mexican monsoon centered 

over northwestern Mexico, derive moisture from the tropical eastern Pacific Ocean, the 

Gulf of California, and the Gulf of Mexico (Adams and Comrie, 1997; Sheppard et al., 

2002). Average precipitation is strongly determined by topography in Arizona (Kamieli 

and Osbom, 1988; Michaud et al., 1995). Mean annual temperatures are also primarily 

determined by elevation, and to a lesser extent by latitude (Sellers and Hill, 1974, p. 19; 

Hendricks, 1985, p. 34). 

These spatial and topographic influences on climate indicate that it is important to 

reproduce the spatial patterns of climate variability and the strong influence of elevation 

during interpolation. The focus of this study is on geostatistical interpolation methods 

that explicitly address spatial variability in the interpolation framework; multiple linear 

regression provided an alternative against which to compare the geostatistical results. The 
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same spatial data—climate values, station location coordinates, and elevation—were used 

in both types of interpolation. 

Geostatistics for climate interpolation 

Many researchers have evaluated various methods for interpolation of point 

climate data. In several studies, geostatistical methods have been rated superior over 

techniques such as Thiessen polygons, inverse distance weighting, least-squares 

polynomial regression, and spline surface fitting (Creutin and Obled, 1982; Tabios and 

Salas, 1985; Lebel et al., 1987; Phillips et ai, 1992; Ishida and Kawashima, 1993; 

Goovaerts, 2000). 

Geostatistical interpolation methods are based upon the structure of a variable's 

spatial continuity. The equations and their derivations will not be repeated here, but the 

reader can find them in many excellent references (e.g. Isaaks and Srivastava, 1989; 

Myers, 1982, 1991; Deutsch and Joumel, 1992, 1998; Goovaerts, 1997). The spatial 

structure of each variable is summarized by its variogram, which is estimated by 

computing Vi the average squared difference between pairs of data points separated by 

some multiple of a given lag, or separation, distance. The resulting points are fitted with a 

model fimction or nested set of fiinctions. Kriging, the geostatistical interpolation 

process, uses the model parameters in computing a weighted sum of data values within a 

moving neighborhood for each point to be estimated. Kriging of climate data has been 

performed over a range of spatial scales, from that of a river basin or region, 1000 to 
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50,000 km^ (Bastin el ai, 1984; Dingman ei ai, 1988; Hevesi et ai, 1992a and 1992b; 

Phillips et ai, 1992; Martinez-Cob, 1996), to very large regions, 75,000 to more than 1 

million km^ (Armstrong et ai, 1990; Kamieli, 1988; Beek et ai, 1992; Ishida and 

Kawashima, 1993; Hudson and Wackemagel, 1994; Michaud e/ct/., 1995). Interpolation 

results in these studies were computed as either areal averages or point estimates on a 

widely spaced (3 or more km) grid. 

Multivariate geostatistical methods provide a means of incorporating additional 

information into the interpolation process, from one or more secondary and usually more 

intensively sampled variables. The secondary variable may be more easily or 

inexpensively sampled and should be significantly correlated with the primary variable 

for best results (Yates and Warrick, 1987). The addition of secondary information 

reduces the smoothing of estimated values produced by ordinary kriging (Goovaerts, 

1997, p. 202). Cokriging, the multivariate extension of kriging, poses additional 

requirements of variogram modeling for each secondary variable, as well as modeling of 

cross-variograms between the primary and each secondary variable (Myers, 1982). Cross-

variogram modeling may require data rescaling to comparable magnitudes (Cressie, 

1993, p.l41) and possibly rescaling again after interpolation. To ensure that the system of 

cokriging equations has a unique solution, the linear model of coregionalization requires 

that variograms and cross-variograms satisfy specific mathematical requirements, which 

may prevent a satisfactory fit of models to estimated variograms (Ahmed and De Marsily, 

1987; Goulard and Voltz, 1992). Cokriged climate interpolation using elevation has been 
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applied with success by Hevesi et al. (1992a, 1992b); Phillips et al. (1992); Ishida and 

Kawashima (1993); and Martinez-Cob (1996). 

For cases where a secondary variable is highly linearly correlated with the 

primary variable of interest, the method of kriging with external drift provides a less 

demanding alternative to cokriging, as only the variogram of the primary variable must 

be modeled. The secondary or drift variable(s) must be sampled at the data locations as 

well as at all locations to be estimated; the interpolated surface will follow the shape of 

the drift variable closely (Hudson and Wackemagel, 1994). In this context, 'drift' does 

not imply nonstationarity of the primary variable, but its linear relationship with the 

secondary variable (Ahmed and De Marsily, 1987). In a study in Lesotho (approximately 

30,000 km"), where precipitation data did not correlate strongly with elevation, 

Armstrong et al. (1990) used long-term mean seasonal precipitation as external drift to 

interpolate precipitation for a single month with 20 km grid spacing. Hudson and 

Wackemagel (1994) used elevation as extemal drift to estimate long-term mean January 

temperatures in Scotland (approximately 80,000 km^), with 5 km grid spacing. Goovaerts 

(2000) obtained good cross-validated results using elevation as extemal drift to 

interpolate monthly and annual rainfall in a 5000 km^ region in Portugal, with 1 km grid 

spacing. 
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Regression methods 

Multiple linear regression has been widely used for the interpolation of climate 

variables; only a few examples will be mentioned here. Independent variables generally 

include station location and elevation in locales where climate is significantly correlated 

with topography (e.g. Goodale et al., 1998). Other independent variables may be added or 

substituted depending on their significance to local climate, for example solar radiation, 

continentality, and cloudiness in Ireland (Ninyerola et al., 2000). In comparisons with 

kriging methods that incorporate information from surrounding stations, linear regression 

tended to have larger prediction errors (Goovaerts, 2000). In order to add nearby station 

information, Daly et al. (1994) used regression within a moving window that implicitly 

incorporates local spatial continuity of climate variables; however, this algorithm is 

substantially more complex than the usual linear regression. A basic difference between 

regression and geostatistical interpolation is the relationship between data points and the 

interpolated surface: in regression, the distance of data points from the interpolated 

surface is minimized by the method of least squares (Hogg and Tanis, 1977, p.234) but 

the surface may not pass through the points. Kriging, in contrast, is an exact interpolator 

and the kriged surface will pass through data points (Deutsch and Joumel, 1992, p. 65). 

Study objectives 

The research reported here formed part of a project examining potential effects of 

climate change in the San Pedro River watershed in southeastern Arizona (McClaran et 
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a/., 1999). Objectives for this study included: 1) interpolation of high spatial resolution 

raster "climate surfaces" using long-term mean climate values for the study area; 2) 

testing of geostatistical methods and comparison with multiple linear regression; 3) 

validation of the preferred method through analysis of error magnitude, sign and spatial 

distribution; and 4) examination of the effects of climate station location uncertainty on 

interpolation error. Climate variables included mean annual precipitation, mean warm 

season precipitation (May through October), mean cool season precipitation (November 

through April), and mean annual temperature. The choice of climate variables was 

dictated by the overall project goal of modeling potential effects of global climate change 

on vegetation: predictions of change for these climate variables are available from the 

results of general circulation modeling (e.g. Giorgi et al., 1998), although these may not 

be the climatic factors that influence vegetation distribution most directly in this region 

(e.g. Nobel, 1980 and 1982). 

Data 

Study site: The San Pedro River watershed 

The San Pedro River arises from headwaters in northern Sonora, Mexico and 

flows north from the U.S.-Mexico border for nearly 200 kilometers before joining the 

Gila River in southeastern Arizona (Fig. I). Within the U.S., the watershed encompasses 

almost 10,000 square kilometers of Sonoran and Chihuahuan desert scrub, grasslands. 



Madrean evergreen v^roodlands, and high montane conifer forest (Brown and Lowe, 

1983). Diversity of bird and mammal species in the watershed is unsurpassed in the U.S., 

due in part to its location between the Mexican Sierra Madre Occidental mountains, the 

Sonoran and Chihuahuan deserts, and the high Colorado Plateau region at the southern 

end of the Rocky Mountains (Commission for Environmental Cooperation, 1999; The 

Nature Conservancy, 2000). The San Pedro watershed lies in the Mexican Highland 

division of the Basin and Range topographic province, which is characterized by 

generally linear, parallel mountain ranges separated by broad alluvial valleys (Menges 

and Pearthree, 1989). Elevations range between 609 meters at the river's mouth, to 2885 

meters atop the Huachuca Mountains near the international border. 

Within the San Pedro river watershed, the ratio of winter to summer precipitation 

as a percent of the annual total reverses from about 60:40 in the north to 35:65 in the 

south (Hendricks, 1985, plate 6). The spatial patterns of seasonal precipitation in the 

watershed largely determine the distributions of desert scrub vegetation at low elevations, 

with Chihuahuan species occurring in the summer-dominant rainfall area in the southern 

half and Sonoran species in the winter-dominant rainfall area in the northern half (Brown 

and Lowe, 1983). 

Most of the San Pedro watershed has long been used for cattle grazing, and a 

limited amount of irrigated agriculture exists near riparian areas, especially to the north. 

The rapid growth of the city of Sierra Vista, Arizona, associated with the U.S. Army 
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Intelligence Center and Fort Huachuca garrison, is raising concerns over depletion of 

water supplies and other impacts associated with development and increasing human 

population (Commission for Environmental Cooperation, 1999). The San Pedro 

watershed is currently the subject of several studies focusing on ecological processes, 

water and energy balance, land use, and environmental management; descriptions and 

links may be found at websites of the SALSA Project website (USDA-Agricultural 

Research Service, 2001) and the U.S. Environmental Protection Agency (2000). 

Climate data 

Long-term climate data for the San Pedro River area is sparse. Within the 

watershed, only Tombstone (1888 start date) is part of the quality-controlled U.S. 

Historical Climatology Network (HCN), which requires at least 80 years of record. Other 

nearby stations from the HCN include Tucson U of AZ (1875), Safford Agricultural 

Center (1898), and Douglas (1903) (Easterling el al., 1996; see Fig. 3 for locations). 

Although these stations had excellent long-term records, for interpolation at high spatial 

resolution it was desirable to have more stations, both within and near the watershed, that 

spanned most of the range of watershed elevations. Additional stations with shorter 

periods of record were selected from a broad region of southeastern Arizona and 

southwestern New Mexico affected by the Mexican summer monsoon (Michaud el al., 

1995). The region extended between 31° and 33.5° north latitude and 107.5° and 111.85° 

west longitude, which encompasses the San Pedro watershed within the United States 
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(Fig. 3). Climate data were not readily available for stations in adjacent northwestern 

Mexico, where the San Pedro River originates. 

We utilized station climate data from the NCDC TD3200 database, published on 

CD-ROM as "Summary of the Day" by Earthlnfo, Inc. Daily precipitation data extended 

through 1994 for 202 stations, and daily temperature data through 1996 for 144 stations. 

Stations within the region of interest were required to have 4 or more years of record with 

at least 75% daily coverage, totaling 149 precipitation and 91 temperature stations. 

Monthly precipitation totals in inches were extracted from the database for every year of 

record at each precipitation station. Daily maximum and minimum temperatures in 

degrees Fahrenheit were extracted and used to compute mean annual temperatures. In a 

few cases where two or more stations had the same geographic coordinates but covered 

different time periods, climate data were concatenated to provide a more complete record 

at each unique location. 

Digital Elevation Model 

A digital elevation model (DEM) covering the watershed was obtained from 

USGS data with 90-meter cell size. The DEM projection was UTM zone 12; elevation 

values were in meters. Due to the large number of grid cells in the 90 meter DEM (2089 

rows X 1151 columns), resulting in lengthy kriging runs, a reduced resolution DEM was 

made using nearest-neighbor resampling to minimize terrain smoothing, with a cell size 

of 360 meters (522 rows x 288 columns). 
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Methods 

Climate data adjustment 

Station climate records of less than 80 years covered intervals of varying duration. 

Climate average values for stations with short records were unlikely to be as 

representative of local long-term means as those from stations with 80 or more years of 

record. It was therefore necessary to adjust short-record averages to more closely 

approximate long-term values, using the method described by Meko (1998). A master 

climate reference series was constructed for each climate variable, using records from 

one or more long-term stations. For years corresponding to each short-term station's 

period of record, master series records were averaged to form a master short-term mean. 

The ratio of master long-term mean to master short-term mean provided an adjustment 

factor that indicated how the period in question differed from the long-term climate 

mean. The station mean was then multiplied by the adjustment factor. For example, a 

station with a short record covering an unusually wet or dry period would have its long-

term precipitation mean decreased or increased, respectively (Meko, 1998). 

Precipitation records from five long-term stations in and near the San Pedro 

watershed (Tucson, Tombstone, Douglas, Safford, and Willcox) were combined to form a 

master monthly precipitation series. Tombstone HCN temperature records (urban heat 

island-adjusted) from 1893 through 1996 were used to compute a master annual 
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temperature series; there were no missing monthly values in this data (D. Meko, pers. 

comm.), although there remains some possibility of bias due to undetected spurious 

values. The adjustment procedure was used on regional station data for 149 precipitation 

and 91 temperature stations, of which 22 precipitation and 12 temperature stations were 

within the San Pedro watershed. Adjusted-mean monthly values for November through 

April were summed for cool season precipitation, and May through October for warm 

season precipitation. All adjusted-mean monthly values were summed for mean annual 

precipitation. Station geographic coordinates in decimal degrees were projected to UTM 

zone 12 metric coordinates for compatibility with the digital elevation model. 

Climate station elevations 

Evaluation of initial results showed that estimation errors were highly correlated 

with discrepancies between station elevations given in the climate dataset, and station 

elevations derived from the DEM (p = 0.98). Inherent uncertainty in station locations, 

due to lack of precision of coordinates in decimal degrees, was about 1 km for both 

northing and easting UTM coordinates which could result in substantial difference in 

elevations in mountainous area. The Coronado National Memorial station, in rugged 

terrain in the Huachuca Mountains, had more than 600 meters difference between 

elevation values from the two sources (1693 meters from climate dataset vs. 2304 meters 

from DEM). Inspection of the USGS T'/z' Montezuma Pass topographic map of the area 

suggested more than 1 km of error in station location, or an erroneous elevation in the 

climate dataset. For this reason, the station was dropped from final precipitation datasets, 
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leaving 148 regional stations and 21 watershed stations. Elevation values for stations in 

the DEM area were subsequently taken from the 360-meter DEM; Daly et al. (1994) also 

used DEM elevations for stations to reduce errors arising from mismatch of resolution 

between station and DEM data. 

Interpolation 

Several interpolation methods were compared, including univariate and 

multivariate geostatistics and multiple linear regression (Table 1). 

Geostatistical methods 

Geostatistical software used in variogram estimation, modeling, and interpolation 

included public domain packages GeoEAS (Englund and Sparks, 1991), Variowin 

(Pannatier, 1994), and GSLIB (Deutsch and Joumel, 1992). Fortran 77 source code from 

GSLIB was modified to work with large data sets and to output interpolation results to 

ASCII files, which were imported into a geographic information system (GIS) as raster 

grids for display and analysis. 

Variogram estimation and modeling 

Experimental directional and omnidirectional variograms were computed and 

modeled using a range of lag separation intervals to minimize artifacts of shape due to 
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choice of lag distance (Kitanidis, 1997, p. 31). Initial variograms were derived using the 

complete regional climate data sets (149 precipitation and 91 temperature stations), and 

also for data within the watershed only (22 precipitation and 12 temperature stations). 

Because of the small number of watershed stations, especially for temperature, variogram 

structure was more easily modeled using the regional data. 

Cokriging of climate data with elevation posed considerable additional variogram 

requirements. In addition to climate variograms, it was necessary to compute and model 

the variogram for elevation data and cross-variograms of climate and elevation data, 

which required a reseating transformation of data to comparable magnitudes, followed by 

re-transformation of interpolated results. 

Ordinary kriging 

Ordinary kriging required only climate station location coordinates and climate 

variable values, along with model variogram parameters, to estimate climate values for 

each DEM grid point. 

Cokriging 

Experimental variograms and cross-variograms were computed from station data. 

Because the linear model of coregionalization required the same models and ranges for 
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all variograms and cross-variograms, models were fit to experimental results in an 

iterative process. Station climate and elevation data and model parameters were used with 

DEM elevations to cokrige climate variables for each DEM grid point. 

Khging with external drift 

Kriging of climate data with elevation as external drift required variogram models 

only for climate data. Station climate and elevation data and model parameters were used 

with DEM elevations to estimate climate values at each DEM grid point. 

Regression 

Multiple linear regressions were performed with climate data on station x, y, and 

z coordinates (easting, northing, and elevation). The resulting relationships between 

spatial location and climate variables were mapped onto the DEM to generate regression 

climate surfaces for comparison with geostatistical interpolation results. 

Error and Coordinate Uncertainty Analysis 

Error assessment was conducted using cross validation for watershed stations: 

climate variables were estimated at each station in tum, using data from all remaining 

stations in the regional data set, in order to simulate estimation at unsampled locations on 

the interpolation grid (Isaaks and Srivastava, 1989, p. 351-359). Geostatistical model 



35 

parameters were held constant with data weights changing at each station, and linear 

regression parameters were recomputed at each station. 

Climate station coordinates obtained from the NCDC TD3200 database had a 

positional uncertainty of +/- 1 km, which potentially could have affected the accuracy of 

interpolation results for the San Pedro watershed. To evaluate model sensitivity to this 

uncertainty, experiments were performed in which stations within the DEM area were 

moved to the lowest and highest elevations within 1 km of nominal coordinates. The 

shifted elevations were then used in cross validation of seasonal precipitation estimates. 

Results and Discussion 

Climate descriptive statistics 

Correlations between precipitation variables and elevation were higher within the 

watershed (R^ = 32% to 87%) than for the region as a whole (R^ = 3% to 57%). 

Temperature-elevation correlations were very similar within the watershed and regionally 

(R^ = 85% to 87%) (Table 2). 

Variograms 

Variogram values for station climate data were fitted with nested models which 

included spherical and linear components, based on best weighted least squares fit 

(Pannatier, 1994). Experimental and model omnidirectional variograms are shown in Fig. 
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4, with model parameter values. Although there was evidence of anisotropy in directional 

variograms of the climate data, related to the northwest trending valley and range 

topography of the region, lack of sufficient stations within the directional sectors made 

omnidirectional variograms more reliable. 

All climate variograms had similar shapes, with values initially increasing rapidly 

with increasing lag distances, followed by a more gradual increase to about 100 km. 

Range and sill values for warm and cool season precipitation were very similar, perhaps 

reflecting the dominance of local topography on short-range spatial variability in seasonal 

precipitation. The slope of the linear component was less for cool than for warm season 

precipitation, possibly due to the influence of seasonally differing patterns of rainfall on 

spatial continuity. Spatial continuity may decrease more gradually with distance for 

widespread winter frontal storms than for summer convective storms, which tend to 

localize over individual mountain ranges. 

Although variogram model ranges were similar for seasonal and mean annual 

precipitation, the sill was much higher and linear component slope was greater for mean 

annual precipitation. This may reflect its inherently greater spatial variability as the sum 

of seasonal variables with differing spatial continuity. The model range for mean annual 

temperature was larger than for precipitation (Fig. 4). 
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Cross-variograms of climate data with elevation were difficult to fit well, due to 

the need for consistent model ranges among the primary, secondary, and cross-variable 

variograms to satisfy the linear model of coregionalization (Isaaks and Srivastava, 1989, 

p. 391). The elevation variogram for 360-meter DEM data (Fig. 4) was modeled with the 

same components as climate variograms, but had a range of only 19 km, compared with 

31 km for precipitation and 42 km for mean annual temperature. Since primary climate 

variables did not vary at the same spatial scale as elevation, cokriging proved problematic 

as an interpolation method for this study (Goulard and Voltz, 1992). 

Interpolation results 

Ordinary kriging of climate data produced maps of "bulls-eye" precipitation 

patterns around station locations, which did not depict orographic effects across the 

watershed. Cokriging with elevation increased the representation of some but not all 

mountain ranges in the watershed area. Large mountain ranges including the Rincons and 

Pinalenos (Fig. 1) were not represented at all, perhaps due to difficulties in modeling 

climate and elevation cross-variograms; similar lack of topographic representation by 

ordinary and cokriging of precipitation was reported by Goovaerts (2000). Because of 

these initial poor results, ordinary kriging and cokriging methods were dropped from 

further study. 

Kriging with elevation as external drift was straightforward to implement and 

produced climate surfaces that appeared to depict watershed values realistically (Fig. 5). 
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Cross validation statistics provided comparisons among various combinations of climate 

variogram model parameters, neighborhood size, and search radii, but were not used to 

select fmal models. In some cases, parameters that minimized cross validation error 

produced large-scale discontinuities in the interpolated surface. Model parameters and 

neighborhood size and search radius were adjusted iterativeiy until output surfaces had no 

discontinuities. When two sets of parameters produced very similar and continuous 

surfaces, the one with smaller mean estimation variance was chosen. 

Climate surfaces were also produced by multiple linear regression of regional 

climate data on station position coordinates (easting, northing, and elevation), which 

generated relationships with adjusted values of 58% (cool season precipitation), 72% 

(mean annual precipitation), 79% (warm season precipitation), and 89% (mean annual 

temperature). Fig. 5 provides comparisons of kriged and regression surfaces; temperature 

surfaces were very similar between the two methods, but precipitation surfaces showed 

substantial differences in north-south spatial distributions. 

Error analysis 

Mean absolute percentage errors (MAPE = 100 * [estimate - true| / true) from 

cross validation were similar for regression models and kriging (Table 3). Cool season 

precipitation showed both the smallest correlation with elevation (Table 2) and the largest 

error, although MAPE for KED was about 20% smaller than for regression. This suggests 

that the incorporation of nearby station information may be especially useful when the 
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elevation-precipitation correlation is moderate (Goovaerts, 2000). The main distinction 

between the two methods was apparent in error maps that showed spatial trends for 

residuals of precipitation regression: values tended to be overestimated in the northern 

half of the watershed and underestimated in the southern half (Fig. 6). Residuals for 

temperature regression and for kriged data showed no distinct spatial patterns. For this 

reason, the kriged surfaces were preferred over regression, as substantial error could be 

introduced into modeled surfaces affected by spatial bias. 

Due to the strong correlation between mean annual temperature and watershed 

elevation (p = -0.92), all temperature interpolation errors were small. Absolute percent 

errors (APE) from cross validation of KED were less than 9%, with a mean absolute 

percent error (MAPE) of 3%; for regression, APEs were 13% or less and MAPE 4%. 

Error increased with decreasing elevation correlation for warm, mean annual, and cool 

season precipitation, in that order. Two groups of precipitation stations, both located 

adjacent to large mountain ranges, consistently showed large cross validation errors. In 

both groups, stations separated by as little as 5 to 8 km differed by as much as 70% in 

actual precipitation values; corresponding estimates were smoothed, with low values 

overestimated and high values underestimated. One group included stations Oracle 2E 

and San Manuel north of the Santa Catalina Mountains; the other included Y Lightning 

Ranch, Flying H Ranch, and Coronado National Memorial HQ east of the Huachuca 

Mountains (see Fig. 1 and Fig. 6 for locations). Within the second group there was also a 

reversal in the regional trend of precipitation increase with elevation: Coronado National 



40 

Memorial HQ at 1598 meters elevation had about 20% less cool season and 8% less 

warm season precipitation than nearby Flying H Ranch at 1549 meters. Possible causes 

for these disparities include undetected erroneous station location or precipitation data, 

and station location with respect to local orographic effects, which may result in 

anomalously low precipitation in the rain shadow immediately adjacent to mountain 

ranges. 

Modeled effects of station location uncertainty on estimation error 

Ensemble mean estimation errors appeared insensitive to elevation changes: 

MAPE remained constant at 10% for warm season and 21% for cool season precipitation 

estimates. However, estimation error for individual stations varied greatly. In the most 

extreme case, percent error was 5% and 13% using lower elevation and 23% and 39% 

using higher elevation for warm and cool season precipitation, respectively, at a station in 

the western foothills of the Dragoon Mountains (see Fig. 1). Another possible source of 

error resulting from station location uncertainty could have been the use of inaccurate 

locations in the climate variogram modeling process. The error modeling results show 

that while interpolated surfaces adequately represented the overall spatial distribution of 

climate mean values, locally estimates may have been affected by interactions between 

locational uncertainty and model error and must be used with that caveat in mind. 
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Several methods were used for interpolation of climate data in this study. Choice 

of a speciflc method depends on factors which control climate in a specific study area, 

here the interplay of topography and seasonal storm patterns in southeastern Arizona. 

Kriging precipitation and temperature with elevation as external drift was preferred to 

multiple linear regression of climate on spatial coordinates and elevation, due to the lack 

of spatial trends in kriging errors compared with regression errors. Kriging with elevation 

as external drift improved the representation of orographic effects over other 

geostatistical methods such as ordinary kriging and cokriging. The quality of interpolated 

results was dependent on the strength of the elevation-climate relationship, and where 

locally anomalous conditions prevailed over this relationship, interpolations were 

substantially less accurate. 

Results of cross validation on the San Pedro climate data indicated that modeled 

inaccuracies in station/gauge location coordinates of 1 km or less did not appear to 

influence overall estimation error, although error may have been affected locally. These 

results suggest that the selection of appropriate kriging models and parameters is the most 

important factor within the user's control; however, this remains an iterative process, in 

which the study objectives and any ancillary information available must guide modeling 

choices (Goovaerts, 1997, p. 106). 
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Applications for high spatial resolution climate interpolation can be expected to 

increase, particularly in the trend toward spatially explicit ecological modeling. The 

climate surfaces generated in this study were applied successfully to vegetation modeling 

in the San Pedro Global Climate Change research project (McClaran et al., 1999; Drake. 

2000). As global climate change models continue to increase in resolution and 

sophistication, predicted change in climate variability as well as magnitude may be 

incorporated into ecological modeling. Geostatistical methods such as stochastic 

simulation (Rossi et al., 1993) could then provide high spatial resolution estimates of 

local long-term climate variability as well as long-term mean values. 

Evaluation of shorter-term climatic effects at high spatial resolution may prove 

problematic. Data from the past 30 years are commonly used for interpolation of current 

climate (e.g. Daly et al., 1994), and may be compared to long-term means for indication 

of temporal change. However, it will be harder to assess spatial components of climate 

change in the future: for the region sampled here, only 71 precipitation and 51 

temperature stations spanned the most recent 30 year period, less than half the number of 

stations used in this study. During the past 30 years, there has been a net loss of more 

than 15% of the climate stations in this region (29 precipitation and 21 temperature 

stations). In topographically varied landscapes, this loss of spatially distributed data may 

prevent the development of accurate high spatial resolution climate models that will be 

increasingly needed. More climate stations, rather than fewer, will be necessary for 

spatially explicit studies of climate change and its effects. 
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Table 1. Data used for climate interpolation methods. DEM = digital elevation model. 

Method Variables required 

Ordinary kriging 

Cokriging 

Kriging with external drift 

Regression 

Station data including northing, easting, elevation: 
mean annual precipitation, mean warm season 
precipitation, mean cool season precipitation, mean 
annual temperature 

Station data including northing, easting, elevation; 
mean annual precipitation, mean warm season 
precipitation, mean cooi season precipitation, mean 
aimual temperature; DEM 

Station data including northing, easting, elevation; 
mean annual precipitation, mean warm season 
precipitation, mean cool season precipitation, mean 
armual temperature; DEM 

Station data including northing, easting, elevation; 
mean aimual precipitation, mean warm season 
precipitation, mean cool season precipitation, mean 
annual temperature; DEM 
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Table 2. Descriptive statistics for climate data used in interpolation and cross validation. 

Warm season Cool season Mean annual Mean annual 
ppt (cm) ppt (cm) ppt (cm) temp (°C) 

Regional data 
N 148 148 148 91 
Mean 22.4 15.2 37.6 16.7 
Variance 47.9 33.9 115.8 9.4 

Correlation with 
elevation: R2 57% 3% 33% 87% 

Watershed data 
N 21 21 21 12 
Mean 25.4 17.1 42.5 16.0 
Variance 36.5 63.1 164.2 5.7 

Correlation with 
elevation; R2 87% 32% 63% 85% 
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Table 3. Cross validation errors for San Pedro watershed climate stations. Station values 
were estimated using regional data with regression and kriged models. Mean absolute 
percentage error (MAPE) = 100 * [estimate - true| / true. 

Climate variable 
Mean absolute percentage error 

(MAPE) 
Kriged Regression 

Precipitation: 
warm season 
cool season 
mean annual 

9.8 % 
21.3 
14.4 

8.0 % 
26.7 
13.3 

Mean annual temperature 2.9 % 3.7 % 
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Figure captions 

Figure 1. San Pedro River watershed study area, southeastern Arizona. Location map 
with shaded relief image based on digital elevation model (illumination from east). 
Labels indicate mountain ranges and locations mentioned in text. 

Figure 2. Regional spatial trends in mean monthly precipitation for three climate stations 
at similar elevations. Warm season precipitation increases from north to south; cool 
season precipitation increases from east to west. Precipitation units in cm. 

Figure 3. Locations of precipitation and temperature stations used for interpolation over 
San Pedro watershed. Selected stations labeled for reference, including Historical 
Climate Network and other long-term stations used in climate data adjustment. 

Figure 4. Omnidirectional variograms for climate data. Experimental variogram values 
for lag separation distances |h| shown as points. Variogram models shown as lines, with 
parameters given for nested model components. A. Warm season precipitation. B. Cool 
season precipitation. C. Mean annual precipitation. D. Mean annual temperature. E. 
Watershed elevation. (Precipitation data in inches; temperature data in degrees 
Fahrenheit; elevation in meters.) 

Figure 5. Climate surface comparisons: kriged with elevation as external drift (left) and 
regression on station easting, northing, and elevation (right). San Pedro watershed study 
area outline in black. A. Warm season precipitation. B. Cool season precipitation. 

Figure 5 (continued). Climate surface comparisons: kriged with elevation as external 
drift (left) and regression on station easting, northing, and elevation (right). San Pedro 
watershed study area outline in black. C. Mean annual precipitation. D. Mean annual 
temperature. 

Figure 6. Comparison of kriged (KED) and regression models: spatial distribution and 
sign of larger estimation errors from cross validation. The more random spatial 
distribution of KED error signs was preferred to the spatial clustering apparent for 
regression model errors. Legend: + (estimate > 110% of true value); - (estimate < 90% of 
true value); o (estimate between 90% and 110% of true value). 
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FCriged with Elevation as External Drift Regression on Station Coordinates 
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ABSTRACT 

Because the rapidly growing archives of satellite remote sensing imagery now 

span decades, there is increasing interest in the study of long-term regional land cover 

change across multiple image dates. In most cases, however, temporally coincident 

ground sampled data are not available for accuracy assessment of the image-derived land 

cover classes, and alternative data and methods must be employed. The feasibility of 

utilizing historical aerial photography, digital orthophoto quadrangle (DOQ) images, and 

high-resolution airborne color video data to determine the accuracy of satellite derived 

land cover maps was investigated for a southwestern U.S. watershed. Satellite image data 

included Landsat Multi-Spectral Scanner (MSS) and Landsat Thematic Mapper (TM) 

data acquired over an approximately 25-year period. 

The study area encompassed the upper San Pedro River watershed in southeastern 

Arizona and northeastern Sonora, Mexico. Ten-class land cover maps were produced 

from classifications of MSS imagery (5 June 1973, 10 June 1986, and 2 June 1992) and 

TM imagery (8 June 1997). The MSS imagery was projected to Universal Transverse 

Mercator ground coordinates with a pixel size of 60 meters; the 30-meter TM imagery 

was classified and resampled with a pixel size of 60 meters to facilitate comparison. All 

sample points used in accuracy assessment were apportioned by random sampling 

stratified by land cover class area, with a 20-point minimum sample size for small classes 

when sufficient reference data were available. 

Similar map accuracies were found using three alternative methods and types of 

reference data. Aerial photography provided reference data to assess the 1973 and 1986 
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land cover maps with overall classification accuracies of 70% (1973) and 67% (1986). 

Assigtmients of class labels to sample points on 1992 reference DOQs were verified by 

comparison with higher resolution airborne video data, with overall 1992 map 

classification accuracy of 75%. Accuracy assessment of the 1997 map used 

contemporaneous airborne color video data, with overall map accuracy of 72%. There 

was no evidence of positive bias in accuracy resulting from use of homogeneous vs. 

mixed pixel contexts in sampling the land cover maps. 

The use of historical aerial photography, high-resolution DOQs, and airborne 

videography as a proxy for actual ground sampling for satellite image classification 

accuracy has merit. Selection of a reference data set depends on the date of image 

acquisition: prior to 1992, historical aerial photography may be the only data available. 

DOQs cover the period since initiation of the high resolution National Aerial 

Photography Program in 1992, and high resolution airborne videography can provide a 

cost-effective means of acquiring many reference sample points near the time of image 

acquisition for new projects. Problems that remain difficult to avoid include inadequate 

sampling of rare classes with small areal extent, and real cover changes between 

acquisition dates of aerial photography or DOQs and satellite image data. Other issues, 

including the need for consistent geometric rectification and criteria for mutually 

exclusive and reproducible land cover class descriptions, may need special attention 

when satellite image classification and subsequent land cover map accuracy assessment 

are performed by different teams. 
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INTRODUCTION 

There is keen interest among Federal agencies. States, and the public to evaluate 

environmental conditions at community, watershed, regional, and national scales. 

Advances in computer technology, geographic information systems (GIS) and the use of 

remotely sensed image data have provided the first opportunity to assess ecological 

resource conditions at a number of scales and to determine cross-scale relationships 

between landscape composition and pattern, fundamental ecological processes, and 

ecological goods and services. Providing quantifiable information on the thematic and 

spatial accuracy of land use and land cover data derived from remotely sensed sources is 

a fundamental step in achieving goals related to performing large spatial assessments 

using space-based technologies. 

Remotely sensed imagery obtained from Earth-observing satellites now spans 

three decades, making possible the mapping of land cover across large regions by 

classification of satellite images. However, the accuracy of these derived maps must be 

known as a condition of the classification. Although the best reference data against which 

to evaluate classifications may be those which have been collected on the ground near the 

time of satellite overpass, such data are rarely available for retrospective, multi-temporal 

studies, and alternatives must be found. Based on this need, the U.S. Environmental 

Protection Agency has established a priority research area for the development and 

implementation of methods to document the accuracy of classified land cover and land 

characteristics databases (Jones et al., 2000). 
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Meeting the ever-growing need to generate reliable land cover/land use 

classifications from current and historical satellite remote sensing data dictates that the 

accuracy of these classifled maps be assessed in an effective and efficient way. 

Therefore, our objective was to demonstrate the viability of utilizing newly available 

high-resolution digital orthophotography and other airborne data as a substitute when 

historical ground sampled data are not available. Consistent accuracy assessment results 

based on this diverse range of reference data would then indicate that these techniques 

can be more widely applied in retrospective studies of land cover/land use. 

In this study, classification accuracies for four land cover maps of the San Pedro 

River watershed in southeastern Arizona, USA, and northeastern Sonora, Mexico (Figure 

I) were evaluated using historical aerial photography, digital orthophoto quadrangles, and 

high-resolution airborne video. Landsat Multispectral Scanner (MSS) data resampled to a 

60 meter pixel size were used in classification of 1973, 1986, and 1992 data; 1997 

Landsat Thematic Mapper (TM) data with 30 meter pixel size were resampled to 60 

meters to match MSS resolution, then classified. Classifications were performed at 

Instituto del Medio Ambiente y el Desarrollo Sustentable del Estado de Sonora 

(IMADES, Hermosillo, Mexico). Map accuracy was assessed by groups at Lockheed-

Martin (Las Vegas, Nevada) for 1973 and 1986 maps and at the University of Arizona 

(Tucson, Arizona) for 1992 and 1997 maps. This report incorporates previous work on 

San Pedro watershed accuracy assessment (Skirvin et al., 2000; Maingi et al., 2002), 

describes methods and results for each classification assessment, and discusses some 

associated issues. 
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Background 

Upper San Pedro Watershed Study Area 

The study location comprised the upper watershed of the San Pedro River, which 

originates in Sonora, Mexico and flows north into southeastern Arizona. This area, 

covering approximately 7,600 km" (5.800 km" in Arizona and 1,800 km" in Sonora. 

Mexico), represents a transition between the Sonoran and Chihuahuan deserts, and 

topography, climate, and vegetation vary substantially across the watershed. Elevation 

ranges from 900 - 2,900 m and annual rainfall ranges from 300 to 750 mm. Biome types 

include desertscrub, grasslands, oak woodland-savannah, mesquite woodland, riparian 

forest, and conifer forest, with limited areas of irrigated agriculture. Urban areas, 

including several small towns and the rapidly growing U.S. city of Sierra Vista, are 

fringed by low-density development that also occurs far from population centers. Many 

geospatial data sets covering the upper San Pedro watershed can be viewed and 

downloaded at the U.S. Environmental Protection Agency San Pedro website (U.S. 

Environmental Protection Agency, 2000). 

Recent satellite image classification work in the San Pedro watershed included 

vegetation change mapping by Mouat and Lancaster (1996), based on 1974 and 1987 

MSS imagery. In that study, black-and-white aerial photography acquired in 1935 was 

manually interpreted for comparison with classification results. Mapped vegetation 

classes were a mix of hierarchical levels in the Brown, Lowe and Pase system (Brown et 

al., 1979), and grasslands were not separated from mixed scrub or woodland types. No 
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explicit classification accuracy assessment was presented which could be compared with 

results from the present study. 

Reference Data Sources for Accuracy Assessment 

Aerial photography has long served in the creation of land cover maps, both as a 

mapping base and more recently as a source of higher resolution reference data for 

comparison with maps produced by classification of satellite imagery. Contemporary 

coverage for the conterminous U.S. at 1:40,000 scale is available through the National 

Aerial Photography Program (NAPP) and is scheduled for update every 7 years (U.S. 

Geological Survey EROS Data Center c, no date). 

Digital orthophoto quadrangles (DOQs) are produced from 1:40,000 scale NAPP 

or equivalent high-altitude aerial photography that has been ortho-rectifled using digital 

elevation models (DEMs) and ground control points of known location. DOQ scenes are 

centered on 3.75' x 3.75' topographic quarter-quadrangles that may be mosaicked to full 

quadrangles (U.S. Geological Survey a. no date). A DOQ image pixel represents one 

square meter on the ground, permitting detection of landscape features as small as two 

meters in diameter. However, the image analyst may need site visits and/or 

supplementary higher resolution images to visually calibrate for DOQ land cover 

interpretation. 

Marsh et al. (1994) described the utility of airborne video data as a cost-effective 

means to acquire significant numbers of reference data samples for classification 

accuracy assessment. In that study, very similar classification accuracies were derived 
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from airborne video reference data and from aerial color 35mm reference photography 

acquired under the same conditions. With the addition of GPS coordinate data encoded 

directly onto the videotape, sample points can be located quickly for interpretation during 

playback. Vegetation cover can be identified to the species level in some cases (Drake, 

2000), allowing the assessment of classifications performed at more detailed levels than 

the work reported here. 

Reporting Accuracy Assessment Results 

The current de facto standard for reporting results of classification accuracy 

assessment focuses on the error or confusion matrix, which summarizes the comparison 

of map class labels to reference data labels (Congalton and Green, 1999). Some easily 

computed summary statistics for the error matrix include overall map accuracy or 

proportion correct, and producer's and user's accuracy for individual classes. Overall 

map accuracy is the total of correct classifications (the sum of the major diagonal of the 

error matrix) divided by the total number of sample points in the error matrix. The 

producer's accuracy for a class is calculated by dividing the number of correct 

classifications of that class by the total number of the class's sample points in the 

corresponding column (the reference data). The user's accuracy is calculated by dividing 

the number of correct classifications in a class by the total number of sample points for 

that class in the corresponding row (the land cover map). 

Additional summary statistics usually include a kappa (Khat) value that adjusts 

the overall proportion correct for the possibility of chance agreement (Rosenfield and 
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Fitzpatrick-Lins, 1986; Congalton and Green, 1999). Although the kappa statistic is now 

widely used, some authors have criticized it as understating actual map accuracy (Foody, 

1992). Ma and Redmond (1996) proposed some alternatives to the kappa statistic, 

including a tau statistic that is more readily computed and easier to interpret than kappa. 

Stehman (1997) reviewed a variety of summary statistics and concluded that overall map 

accuracy and user's and producer's accuracies have direct probabilistic interpretations for 

a given map, whereas the choice of other summary statistics with which to compare error 

matrices must be made with some caution. There seems to be consensus only in 

recognition of the error matrix itself as the most important accuracy assessment result, to 

be accompanied by descriptions of classification protocols, accuracy assessment design, 

source of reference data, and confidence in reference sample labels (Stehman and 

Czaplewski, 1998; Congalton and Green, 1999; Foody, 2002). 

METHODS 

Four land cover maps for the Upper San Pedro River Watershed (Figure 2) were 

generated from 1973, 1986, and 1992 North American Landscape Characterization 

(NALC) project MSS data (U.S. Environmental Protection Agency, 1993), and from 

1997 Landsat Thematic Mapper data which were resampled and mapped at 60 m 

resolution for comparison with the MSS data. All imagery was coregistered and 

georeferenced to a 60 x 60-meter Universal Transverse Mercator (UTM) ground 

coordinate grid with a nominal geometric precision of 1-1.5 pixels (60-90 m). 
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Image Classification 

The same ten-class classification scheme was used in all four maps (Table 1). 

Vegetation cover classes represented very broad biome-level categories of biological 

organization, similar to the ecological formation levels as described in the classification 

system for biotic communities of North America (Brown et al., 1979). The classes 

included Forest, Oak Woodland, Mesquite Woodland, Grassland, Desertscrub, Riparian. 

Agriculture, Urban, Water, and Barren and were selected after direct consultation with 

the major land managers and stakeholder groups within the San Pedro watershed in 

Arizona and Mexico (Kepner et al., 2000). The Mesquite Woodland class was defined by 

15% or more tree cover, which is a less restrictive definition than that of 25-30% tree 

cover often used to separate grasslands and woodlands (Balfour et al., 1987; Grossman et 

al., 1998). Brown et al. (1979) did not attach specific values for tree cover to grassland 

and woodland formation descriptions. 

The classification process for each data set began with an unsupervised 

classification using green, red and near-infrared spectral bands to produce a map with 60 

spectrally distinct classes. The choice of 60 classes was based on previous experience 

with NALC data that usually gave a satisfactory trade-off between the total number of 

classes and the number of mixed classes. In this context, it proved helpful to define a set 

of 21 intermediate classes, which were easier to relate to the spectral information. For 

example, the Barren class contained bare rock and soils, mines, tailing ponds, etc. which 

had very different spectral signatures. Each class was then displayed over the false-color 

image and assigned into one of the 21 land cover categories or as mixed. Interactive 
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manipulation of spectral signatures for each class permitted many of the mixed classes to 

be resolved. 

The remaining mixed classes were separated into different categories using a 

variety of ancillary information sources, such as topographic maps produced by the 

Mexican National Institute of Statistics, Geography and Information (ENEGI) (scale 

1:50,000), and by the U.S. Geological Survey (scale 1:24,000). The ancillary information 

used depended on the image being analyzed; for example, classification of the 1992 

image relied heavily on field visits to establish ground control. Five 3-day site visits were 

carried out fi'om September 1997 to June 1998 to enable analysts to collect specific land 

cover data with the aid of Global Positioning System equipment that were incorporated 

into successive iterations of the classification process. 

Sampling Design 

Because none of the available reference data completely covered the study area, 

not all pixels in each map were equally likely to be selected for sampling; a tradeoff 

between practical constraints and statistical rigor was necessary (Congalton and Green. 

1999). Sample points were chosen by random sampling within the area covered by 

available reference data, stratified by land cover class area for each of the four accuracy 

assessments. Reference data covering the Mexican portion of the study area were not 

available for any of the classifications. The number of sample points was calculated from 

the following equation based on binomial probability theory (Fitzpatrick-Lins, 1981): 
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where 

N = Number of samples 

p = Expected or calculated accuracy (in percentage) 

q = 100-p 

E = Allowable error 

Z = Standard normal deviate for the 95% two-tail confidence level = 1.96 

For the lowest expected map accuracy of 60% with an allowable error of 5%, 369 

sample points would be required. Under area-stratified sampling, rare classes of small 

total area (e.g. Water and Barren) would not be sampled sufficiently to detect 

classification errors, so the minimum sample size was set to 20 where available (van 

Genderen and Lock, 1977). Recent work by Congalton and Green (1999) suggests that 

sample sizes derived from multinomial theory are appropriate for comparing class 

accuracies, with a minimum sample size of 50 per class; however, this goal may not be 

attainable for rare classes when using historical reference data. 

After evaluation of selected sample points in each reference data set, an error 

matrix was constructed, comparing map class labels to reference data labels for each land 

cover classification. Overall map accuracy and class-specific user's and producer's 

accuracy were calculated for each class. Khat (Cohen's Kappa) and Tau (Ma and 

Redmond, 1995) were computed for the four error mauices, and Khat values were tested 

in pairs for significant differences using a Z-statistic (Congalton and Green, 1999). 
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Historical Aerial Photography (1973 and 1986 maps) 

Reference data for the 1973 and 1986 land cover maps were provided by stereo 

sets of aerial photographs covering the United States portion of the study area at a scale 

of approximately 1:40,000. Assessment was performed by a team including expert photo 

interpreters, an image processing specialist, a geographic information systems (GIS) 

specialist, a statistician, and support staff. A preliminary study was conducted, using data 

collected during a field trip to the study area, to evaluate the effectiveness and accuracy 

of using aerial photographs to discriminate Grassland. Desertscrub, and Mesquite 

Woodland classes. These classes were particularly difficult to distinguish on the aerial 

photographs. 

Image Collection, Preparation, and Site Selection 

Landsat MSS data registration and other data integrity issues were reviewed for 

the 1973 and 1986 maps. These efforts included checking projection parameters and 

visual alignment using GIS data layers (roads, streams, digital raster graphics, and digital 

elevation models). Once the data were reviewed, the GIS specialist generated random 

sample points using the registration parameters of digital orthophoto quarter quadrangles 

(DOQQs). The DOQQs, acquired in 1992 with an approximate photographic scale of 

1:25,000, were used to accurately locate sample points on the photographs during the 

interpretation process. A grid with a resolution three times the land cover pixel size (180 

m by 180 m for the 60-m^ pixel) was generated and overlaid on each land cover map. 
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Two mutually exclusive sets of sample points were generated for both 1973 and 

1986. The second set of sample points served as a pool of substitutes when no aerial 

photographs were available for a sample point in the first set. Insofar as possible, pixels 

selected as sample sites represented the center of an 180-m~ homogeneous area (i.e.. the 

3-by-3 window of 9 pixels all representing the same class of land cover) on the land 

cover map. For rare classes (e.g.. Water), pixel sample points were chosen with a 

majority of at least six pixels out of nine in the window belonging to the same class, and 

the land cover class assignment was based on the center pixel. A total of429 reference 

samples were used to assess the 1973 map; 384 samples were used in assessment of the 

1986 map. 

Dates of aerial photographs used to assess the 1973 digital map were June 1971 

and April 1972, and dates for the 1986 map were June 1983, June 1984 and September 

1984. Once acquired, these photographs were plotted on base maps to establish their 

positions in relation to the sample points. 

Photograph Interpretation and Assessment 

Training for the photointerpreters for this project included using a subset of the 

generated sample points and visual land cover "signatures" identified during visits to the 

San Pedro watershed locations. To avoid bias, photointerpreters did not know what 

classifications had been assigned to sample points on the digital land cover maps. To 

locate the randomly chosen sample sites on the aerial photographs, the site locations were 

first displayed on the DOQQ. The photointerpreters could then visually transfer the 
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location of each site to the appropriate photograph by matching identical spatial data such 

as roads, vegetation patterns, rock outcrops, or other suitable features visible on the 

DOQQ and on the photograph. Each transferred sample point was examined on 

stereoscopic photographs and identified using the deflnitions shown in Table 1. Land use 

and land cover categories for each sample point were recorded on an Excel spreadsheet. 

A comment column on the spreadsheet allowed the interpreter to enter any notes about 

the certainty or ambiguity of the classification. The Senior Photointerpreter checked the 

accuracy of ten percent of the sample point locations, as well as 15% of the spreadsheet 

entries to assure correctness and completeness, and 100% of all land cover class 

identifications noted by a photointerpreter as "difficult." These difficult points were then 

classified by consensus opinion of all the interpreters. 

Digital Orthophoto Quadrangles (1992 Map) 

Approximately 60 black and white DOQs, acquired in 1992 and covering the U.S. 

portion of the study area, were available as reference data to evaluate the 1992 land cover 

map. In order to assure precise geographic matching between the DOQs and the satellite-

derived map, the 1992 source MSS image data were geometrically registered to an 

orthorectified 1997 TM scene of the same area, and resulting transformation parameters 

were applied to the 1992 thematic map. 
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Interpreter Calibration 

In an attempt to better visualize conditions represented by the land cover class 

descriptions (Table 1), the assessment team at University of Arizona joined members of 

the classification team from IMADES in a field visit to a number of sites in the San Pedro 

watershed study area, including areas that were transitional between cover classes. The 

analyst performing the 1992 assessment also reviewed high-resolution color airborne 

video data for comparison with the appearance of land cover classes in the DOQs. The 

video data was acquired over the watershed in November 1995. and vegetation in 

selected frames at 1:200 scale was identified to species or species groups (Drake, 2000). 

Image "chips" were extracted from the DOQs as an aid to land cover class recognition in 

the reference data (Maingi et al., 2002). 

Sample Point Selection 

Generation of sample points from the land cover map relied on a window majority 

rule. A window kernel of 3 x 3 pixels moved across each land cover class and resulted in 

selection of a sample point only if a clear majority threshold of six of the nine window 

pixels belonged to the same class. Generation of sample points in this manner insured 

that the points were extracted from areas of relatively homogenous land cover class. A 

180 m X 180 m DOQ sample size was used to match the 3 x 3-pixel map window and a 

map class was assigned and recorded for the DOQ sample. A total of 457 points were 

sampled to assess the 1992 map. 
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Airborne Videography (1997 Map) 

Accuracy assessment of the 1997 land cover map was performed using airborne 

color video data encoded v^^ith GPS time and latitude and longitude coordinates. The 

video data were acquired between 2 and 5 May 1997 and were therefore nearly 

coincident with the June Landsat TM scene. There were eleven hours of continuously 

recorded videography of the San Pedro Watershed for the area north of the US-Mexico 

border, acquired at a flying height of 600 m above ground level. The nadir-looking video 

camera used a motorized 15X-zoom lens that was computer controlled to cycle every 12 

seconds during acquisition, with a full-zoom view held for three seconds. The swath 

width at wide angle was about 750 m, and approximately 50 m at full zoom. At full 

zoom, the ground pixel size was about 7 cm, and the scale of a frame was about 1:200 

when displayed on a 13-inch monitor. Although the nominal accuracy of the encoded 

GPS coordinates acquired using a Trimble Basic Receiver was only 100 m, ground 

sampling revealed that average positional accuracy was closer to 40 m (McClaran et al.. 

1999; Drake, 2000). The video footage was acquired by flying north-south transects 

spaced 5 km apart and the total flight coverage encompassed a distance of nearly 2000 

km. 

Video and CIS Data Preparation 

The encoded GPS time and geographic coordinate data were extracted from the 

video into a spreadsheet for each flight line. Coordinate data from the spreadsheets were 

used to create GIS point coverages of frames from each flight line. Individual frames of 
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the video data were identified during viewing by a time display showing hours, minutes 

and seconds, in addition to a counter that numbered the 30 frames recorded per second. 

The time display information was included as an attribute to the GIS point coverages, 

which were inspected for erroneous coordinate or time data indicated by points that fell 

off the flight lines or were out of time sequence; such points were deleted. 

Video Sample Point Selection 

To minimize the likelihood of video sample points falling on boundaries between 

land cover classes, selection of random sample points along the video flight lines was 

restricted to relatively homogeneous areas within classes. This was accomplished by 

applying a 3 x 3 diversity or variety filter to the 1997 map, which replaced the center 

pixel in a moving window by the number of different data file values (land cover classes) 

present in the window. Pixels assigned the value of one therefore represented centers of 

180-meter square homogeneous areas on the map. Background, clouds and cloud-

shadowed pixels were excluded to prevent the selection of pixels that fell at the edge of 

the map, within openings in clouds or in cloud-shadowed areas, where the adjacent land 

cover classes were not known. 

Video flight line coverages were overlaid on the map of homogeneous cover, and 

a subset of frames falling on homogeneous areas (N = 4567) was drawn from all study 

area frames (N = 18,104). The map class under each subset frame was added as an 

attribute to the ''candidate frames" GIS point coverage for stratification purposes. 
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Random Frame Selection and Evaluation 

Video sample points were drawn randomly from the homogeneous subset, 

stratified by map class area, and were distributed throughout the U.S. portion of the study 

area. Class 9, i.e. Water, was excluded from analysis for lack of adequate reference data 

(only 6 possible frames) and does not appear in the final error matrix. A surplus of about 

15% over the calculated minimum number of frames needed in each class was selected, 

giving the final set of 527 frames instead of the minimum 464. The videography 

interpreter performing the accuracy assessment was provided with spreadsheet records 

containing the videotape library identifier, latitude, and longitude for each sample frame, 

with GPS time for frame location on the tape. A land cover class was assigned to each 

sample point and recorded in the spreadsheet. 

Although the accuracy of video frame interpretation was not assessed in this 

study, it is expected to be very high. Drake (1996) reported that land cover identification 

of similar airborne videography at the more detailed biotic community level averaged 

80% accuracy after only 3 hours of interpreter training. The interpreter for this study had 

substantial prior experience in both video frame interpretation and ground sampling for 

videography accuracy assessment in this region. 

RESULTS 

1973 and 1986 Maps: Aerial Photography Method 

Results of accuracy assessment are presented in Table 3 (1973 map) and Table 4 

(1986 map). Overall map accuracies were similar at 70% for 1973 and 68% for 1986. 
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Khat and Tau statistics were also similar at 0.62 and 0.59 (Khat), and 0.66 and 0.65 (Tau) 

for 1973 and 1986, respectively. User's and producer's accuracies were similar to overall 

accuracy for all except the Mesquite Woodland and Barren classes, which showed 

substantially less than average accuracies in both years. The Water class in 1973 had very 

low accuracies of 25% (producer's) and 10% (user's); this class could not be assessed in 

the 1986 data. 

1992 Map: Digital Orthophoto Quadrangle Method 

Accuracy assessment results are summarized in Table 5. Overall accuracy was 

about 75%, with Khat of 0.70 and Tau of 0.72. Producer's accuracy was 100% for four 

classes (Forest, Urban, Water, Barren), indicating that all pixels examined in the DOQs 

for these classes were correctly labeled in the 1992 map. User's accuracy was also high 

for Forest and Water classes, but was substantially less for Urban and Barren classes at 

44% and 55% respectively, meaning that approximately half the map pixels labeled 

Urban or Barren were assigned to another class in the reference data. Accuracies of 

Mesquite Woodland and Grassland classes were lower than for other classes. 

1997 Map (Airborne Videography Method) 

Overall 1997 map accuracy, shown in Table 6, was 72%, with Khat of 65% and 

Tau of 68%. Detailed examination of results by map class shows substantial variability in 

classification accuracy, with producer's accuracy ranging from 54% to 100%, and user's 

accuracy from 13% to 100%. For most classes the two measures were roughly 
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comparable and fell within the range of 60-90%. Exceptions were the Mesquite 

Woodland class with accuracies around 50%, and Agriculture and Barren classes with 

fairly high Producer's accuracy (71-100%) but much lower user's accuracy (13-21 %). 

DISCUSSION 

Map accuracies 

Statistics describing map accuracy were very similar among the four maps in spite 

of differences in assessment methods and reference data types. Overall map accuracies 

ranged from 67% to 75% and tau values from 0.65 to 0.72. There were no statistically 

significant differences among Khat (kappa) values, ranging from 0.61 to 0.70, for the six 

possible pairs of four maps. 

One aspect of sampling that differed among the assessments was the application 

of homogeneity standards to the context of map sample points. Selection was made from 

the center of uniform 3x3 pixel windows in the 1973 and 1986 assessments, although the 

uniformity requirement was relaxed for rare classes and required only a majority of 5 or 

more pixels to match the center pixel. All sample points were selected from uniform 3x3 

windows in the 1997 assessment. In contrast, for all classes in the 1992 assessment, a 

map class label was assigned as the majority of six or more pixels within a 3x3 window 

centered on the sample point. Although it is possible that sampling only in homogeneous 

areas will result in positively biased assessments, as more difficult, mixed-class areas 

would be excluded from evaluation (Hammond and Verbyla, 1996), this effect was not 
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apparent in results presented here; classification accuracy was slightly higher for the 1992 

map sampled from more heterogeneous windows. 

Class confusions 

For five of the ten land cover classes in all four assessments, producer's and user's 

accuracy were similar to the overall classification accuracies and ranged between 61 and 

100%. Generally low classification accuracies may be expected in a spatially 

heterogeneous setting such as the San Pedro watershed: land cover types are distributed 

in a patchy fashion across this landscape due to topographic, climatic and edaphic effects 

and land use practices, resulting in mostly mixed pixel spectral response. Classes mapped 

with lower than average accuracy included the small-area Agriculture. Urban, Water and 

Barren classes and the widespread Mesquite Woodland class. Factors likely to have 

contributed to class confusions included: true land cover changes between the dates of 

image and reference data, especially for the 1973 and 1986 maps, high spatial variability 

within classes including areas dominated by soil background, differing interpretations of 

class definitions by independent assessment teams, and errors in reference data 

interpretation. Geometric misregistration did not appear to be a factor in these results: 

1973 and 1986 aerial photo assessments were performed using visual sightings, the 1997 

video reference points were checked for scene location and context, and the 1992 map 

was geometrically registered to the DOQs prior to accuracy assessment. 

The Agriculture class was mapped with higher producer's than user's accuracy in 

all four maps, and was confused with Riparian, Desertscrub and Mesquite Woodland 
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classes. The spatial distribution of agricultural areas in the watershed essentially outlines 

riparian corridors, contributing to mixed pixel spectral response and confusion in 

classification. There may have been difficulty in distinguishing fallow and abandoned 

agricultural fields from adjacent Desertscrub and Mesquite Woodland, since the spectral 

response of all these cover types is generally dominated by soil background. Phenological 

differences between image and reference data acquired in different seasons may have 

resulted in some confusion among these classes. 

The Urban class included low-density exurban settlement on both sides of the 

border. Low-density development (e.g. an isolated house) was difficult to distinguish 

from surrounding land cover types even at DOQ scale, suggesting the possibility of error 

in both maps and reference data. The accelerating pace of urban and suburban 

development in the watershed, particularly on the U.S. side, may have contributed as well 

to real change between the dates of the land cover map and the reference data. 

The Water class had the smallest area and was likely to have changed between the 

dates of images and reference data, due to the ephemeral nature of most surface water in 

this semi-arid environment. For example, the 1973 NALC scene was acquired after a 

high-rainfall ENSO event during the winter of 1972-73 and portrayed wetter conditions 

than reference aerial photography acquired in 1971 and 1972 (Easterling et al., 1996; 

NOAA, 2001). The Water class was not evaluated in 1986 and 1997 assessments due to 

insufficient representation in reference data. 

The Barren class was mapped with poor accuracy overall, including 0% correct in 

the 1986 map. It was most often confused with Mesquite Woodland, Grassland, and 
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Desertscrub. These classes generally have sparse vegetation cover, with corresponding 

image pixels dominated by soil or rock spectral response, and may be difficult to 

distinguish from truly barren areas at MSS pixel size. As many as 38% of samples 

interpreted as Banen on reference air photos from 1971 and 1972 were mapped as Water 

in 1973; this was probably due to interannual precipitation differences mentioned above. 

The Mesquite Woodland class may be interpreted as an indicator of long-term 

landscape change in the San Pedro watershed (Kepner et al., 2000; Kepner et al.. 2002). 

Conversion of many grassland areas to shrub dominance during the last 120 years is well 

documented in this region (Bahre, 1991 and 1995; Wilson et al., 2001), and the results of 

change detection for this class will be of interest to many researchers. However, both 

user's and producer's accuracy of all four maps are generally low for Mesquite Woodland 

(30 and 80% respectively for 1973; 40 to 65% for other years). Class confusions included 

all but the forest class, with especially large errors of commission in the Grassland and 

Desertscrub classes. In large part this may reflect both the spatially and temporally 

transitional nature of this class, as well as differences in interpretation among the groups 

performing image classification and assessment. It can be difficult to accurately estimate 

tree or shrub cover as low as 15%, suggesting the likelihood of gradation between 

Grassland and Mesquite Woodland occurrence. It is also difficult to distinguish mesquite 

(Prosopis spp.) in some seasons from other large shrubs or small trees, including oaks 

(McClaran et al., 1999; Drake, 2000). Desertscrub typically includes any of a number of 

woody leguminous shrub and small tree species (Table 1; Brown et al., 1979), indicating 

that the Mesquite Woodland and Desertscrub class definitions were not mutually 



83 

exclusive. It is likely that the neither the spectral nor the spatial resolution of MSS 

imagery is adequate to distinguish Mesquite Woodland, as defined here, in a 

heterogeneous semi-arid environment such as the San Pedro area, where most pixels are 

mixtures of green and woody vegetation, standing litter, and soils of varying brightness 

(Asner et al.. 2000). 

Challenges for future work 

Assessment of future land cover classifications for the Upper San Pedro area 

should incorporate some measure of the interpreter's confidence in assigning a class to 

each reference sample, perhaps also allowing a secondary class label (Zhu et al.. 2000: 

Yang et al., 2001). This would help to clarify the results for some land cover classes, for 

example whether low accuracies and class confusions for the Mesquite Woodland class 

are in fact due to its gradational nature. There would be no need to select sample points 

from homogeneous map areas if the interpreter could specify which reference samples 

were more difficult to interpret, thus removing the possibility for positive bias in reported 

accuracy (Foody, 2002). Class definitions may need revision to ensure mutual exclusivity 

and conformity with current standards for vegetation assessment (Grossman et al., 1998); 

alternatively, fuzzy classification and accuracy assessment methods may provide more 

useful information than the traditional "crisp" methods employed here (Andrefouet & 

Roux, 1998; Binaghi et al., 1999; Foody, 1999; Duda & Canty, 2002). Another useful 

tool for future San Pedro land cover work is a map of all sample points used in accuracy 

assessment, each point attributed with map and reference data labels (Skirvin et al.. 
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2000). Such a map can be used to generate a representation of the continuous spatial 

distribution of errors for a given classification (Kyriakidis and Dungan, 2001), 

highlighting especially difficult areas that should be field-checked as part of preparing the 

next generation of land cover classifications. 

CONCLUSIONS 

The results discussed in this report indicate that historical aerial photography, 

DOQ data, and high resolution airborne video data can be used successfully to perform 

classification accuracy assessment on land cover maps derived from historical satellite 

data. Archived aerial photographs may be the only reference data available for 

retrospectively assessing pre-1992 digital land cover maps; however, their resolution 

(e.g., 1:40,000 scale for NAPP data) often makes this task difficult. Successful use of 

DOQ data requires precise geometric registration of the land cover map under assessment 

to match ortho-rectified DOQs, for example using a precision-corrected Multi-Resolution 

Land Characteristics Consortium (MRLC) TM image as a basis for registration (U.S. 

Geological Survey EROS Data Center 6, no date). The use of georeferenced high-

resolution airborne videography as a proxy for actual ground sampling in accuracy 

assessment provides the best method for contemporary landscape characterization 

projects. Advantages include A) statistically meaningful numbers of sample points can be 

gathered at practical expense; B) coordinate locational error can be controlled and 

compensated for; and C) the choice of scale in videography acquisition can allow for the 

identification of plant species or communities, and the clear depiction of cultural features 
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and land cover characteristics. The main limitation of this method is its necessarily 

systematic sampling of a study area along flight paths, unless these are closely spaced to 

provide effectively complete coverage of the area. 
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Table 1. Land cover class descriptions for the Upper San Pedro Watershed. 

Forest 

Vegetative communities comprised principally of trees potentially over lOm in height and frequently 
characterized by closed or multi-layered canopies. Species in this category are evergreen (with the 
e.xception of aspen), largely coniferous (e.g. ponderosa pine, pinyon pine), and restricted (o the 
upper elevations of mountains that arise otTthe desert Hoor. 

Oak 
Woodland 

Vegetative communities dominated by evergreen trees {Querciis spp.) with a mean height usuall>' 
between 6 and ISm. Tree canopy is usually open or interrupted and singularly layered. This cover 
tvpe ot\en grades into forests at its upper boundary and into semi-arid grassland below. 

IVlesquile 
Woodland 

Vegetative communities dominated by leguminous trees whose crowns cover 15% or more of the 
ground often resulting in dense thickets. Historically maintained maximum development on 
alluvium of old dissected Hood plains: now present without proximity to major watercourses. Winter 
deciduous and generally found at elevations below l.lOOm. 

Grassland 

Vegetative communities dominated by perennial and annual grasses with occasional herbaceous 
species present. Generally grass height is under Im and they occur at elevations between I.I00 and 
l,700m: sometimes as high as 1.900m. This is a landscape largely dominated by perennial bunch 
grasses separated by intervening bare ground or low-growing sod grasses and annual grasses with a 
less-intemipted canopy. Semi-arid grasslands are mostly positioned in elevation between evergreen 
woodland above and desertscrub below. 

Dcsertscrub 

Vegetative communities comprised of short shrubs with sparse foliage and small cacti that occur 
between 700 and 1 .SOOm in elevation. Within the San Pedro river basin this community is often 
dominated by one of at least three species, i.e. creosotebush. tarbush. and whitethorn acacia. 
Significant areas of barren ground devoid of perennial vegetation often separate individual plants. 
Many desertscrub species are drought-deciduous. 

Riparian 

Vegetative communities adjacent to perennial and intermittent stream reaches. Trees can potentially 
exceed an overstory height of lOm and are frequently characterized by closed or multi-layered 
canopies depending on regeneration. Species within the San Pedro basin are largely dominated by 
two species, i.e. cottonwood and Goodding willow. Riparian species are largely winter deciduous. 

Agriculture 

Crops actively cultivated and irrigated. In the San Pedro River basin these are primarily found along 
the upper terraces of the riparian corridor and are dominated by hay and alfalfa. They are minimally 
represented in overall extent (less than 3%) within the basin and are irrigated by ground and 
pivot-sprinkler svstems. 

Urban 
(Low and 
High 
Density) 

This is a land-use dominated by small ejidos (farming villages or communes), retirement homes, or 
residential neighborhoods (Sierra Vista). Heavy industrj' is represented by a single open-pit copper 
mining district near the headwaters of the San Pedro River near Cananea. Sonora (Mexico). 

Water 

Sparse free-standing water is available in the watershed. This category would be mostly represented 
by perennial reaches of the San Pedro and Babocomari rivers with some attached pools or repressos 
(earthen reservoirs), tailings ponds near Cananea. ponds near recreational sites such as parks and 
golf courses, and sewage treatment ponds east of the city of Sierra Vista. Arizona. 

Barren 
A cover class represented by large rock outcropping or active and abandoned mines (including 
tailings) that arc largelv absent of above-ground vegetation. 



Table 2. Upper San Pedro watershed land cover classes: absolute and relative 
Representative values from 1997 land cover classification. 

Land cover class 
Area 

(hectares) 
Proportion of 
total area (%) 

Grassland 263475 36 

Desertscrub 229571 31 

Woodland Mesquite 101559 14 

Woodland Oak 90540 12 

Urban 16562 2 

Agriculture 14530 2 

Riparian 9217 I 

Forest 7193 1 

Barren 6814 1 

Water 417 <0.1 

Total 739878 100 
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Table 3. Error matrix comparing aerial photo interpretation and 1973 digital land cover 
classification. Overall accuracy = 70%. Tau = 0.66. Cohen's Kappa (Khat) = 0.62; 
standard error = 0.027. 

REFERENCE (Aerial Photo Interpntation Class) 

1 2 3 4 5 6 7 8 9 10 Grand total 
Ui 
<n 1 19 1 0 0 0 0 0 0 0 0 20 

-J 2 1 33 0 3 0 0 0 0 0 0 37 
u 
Q: 3 0 1 16 1 0 2 0 0 0 0 20 

s 4 0 0 13 92 21 0 0 0 1 1 128 
o 
o 5 0 0 14 11 96 0 0 0 0 1 122 

% 6 0 P 3 0 2 15 0 0 0 0 20 

3 7 0 0 3 0 7 1 10 0 0 1 22 
R a 0 0 0 2 5 0 0 13 0 0 20 

9 0 0 4 3 6 0 1 0 3 3 20 

10 0 0 0 2 15 0 0 0 1 2 20 

Grand 
Total 

20 35 53 114 152 18 11 13 5 8 429 

Land Cover Class 
1973 Map 

Total 

Photo-
interpreter 

Total 

Number 
Correct 

Producer's 
Accuracy 

(%) 

User's 
Accuracy 

(%) 

1. Forest 20 20 19 95 95 

2. Woodland 37 35 33 94 89 
Oak 

35 33 

3. Woodland 20 53 16 30 80 
Mesquite 

20 53 16 80 

4. Grassland 128 114 92 81 72 

5. Desertscrub 122 152 96 63 79 

6. Riparian 20 18 15 83 75 
Forest 

20 18 15 

7. Agriculture 22 11 10 91 45 

8. Urban 20 13 13 100 65 

9. Water 20 5 3 60 15 

10. Barren 20 8 2 25 10 

Total 429 429 299 
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Table 4. Error matrix comparing aerial photo interpretation and 1986 land cover 
classification, with producer's and user's accuracy by class. Overall accuracy = 68%. Tau 
= 0.65. Cohen's Kappa (Khat) = 0.61; standard error = 0.029. 

REFERENCE (AERIAL PHOTO INTERPRETATION CLASS) 

1 2 3 4 5 6 7 8 10 Grand 
total 

s 1 19 1 0 0 0 0 0 0 0 20 
o «9 2 3 35 0 1 0 0 0 0 0 39 

o 3 0 0 17 3 19 0 1 0 2 42 

S 4 0 0 12 77 12 0 1 0 2 104 

5 0 0 8 13 74 0 0 0 0 95 
•o g 6 0 0 0 1 1 19 2 0 0 23 

7 0 0 1 4 3 2 9 1 0 20 
<o 
S a 0 0 0 5 3 0 0 13 0 21 

10 0 0 3 10 7 0 0 0 0 20 

Grand 
Total 22 36 41 114 119 21 13 14 4 384 

Land Cover 
Class 

1986 Map 
Total 

Photo-
interpreter 

Total 

Number 
Correct 

Producer's 
Accuracy 

(•/.) 

User's 
Accuracy 

(•/.) 

1. Forest 20 22 19 86 95 

2. Woodland 
Oak 

39 36 35 97 90 

3. Woodland 
Mesquite 

42 41 17 42 41 

4. Grassland 104 114 77 68 74 

5. Oesertscrub 95 119 74 62 78 

6. Riparian 
Forest 

23 21 19 91 83 

7. Agriculture 20 13 9 69 45 

8. UrtMn 21 14 13 93 62 

10. Barren 20 4 0 0 0 

Total 384 384 263 
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Table S. Results of DOQ-based accuracy assessment of 1992 land cover classiflcation: 
error matrix and producer's and user's accuracy by class. Overall accuracy = 75%. Tau = 
0.72. Cohen's Kappa (Khat) = 0.70; standard error = 0.025. 

REFERENCE (DIGITAL ORTHOPHOTO QUADS) 

1 2 3 ' 4 5 6 7 8 9 10 Grand Total 

Ul (f) 

f 22 2i 0 0 0! 0 Oi 0 01 0 24 
Ul (f) 2 0 44 0 3 1i 0 0 0 O; 0 48 
CO 
* 3 0 2 40 9! 10| 1 01 0 0 0 62 
•J 
u 4 0 6 12 68 171 0 0 0 Of 0 103 

5 01 1 8 11 89j 0 0 0 01 0 109 
o 
O 

6 0 0 0 0 0! 20 3 0 oi 0 23 

i 

2 

7 0 0 1 0 ol 4 18 0 01 0 23 
i 

2 8 0 0 2 1 101 0 1 11 0{ 0 25 

§ 9 0 0 1 0 Oi 0 0 0 191 0 20 

10 0 0 0 7 2| 0 0 0 01 11 20 

Grand Total 22 55 64 99 129| 25 22 11 191 11 457 

Land Cover Class 1992 Map Total DOQ 
Total 

Number 
Correct 

Producer's 
Accuracy (%) 

User's 
Accuracy (%) 

1. Forest 24 22 22 100 92 
2. Woodland Oak 48 55 44 80 92 

3. Woodland Mesquite 62 64 40 63 65 

4. Grassland 103 99 68 69 66 

5. Desertscrub 109 129 89 69 82 

6. Riparian Forest 23 25 20 80 87 

7. Agriculture 23 22 18 82 78 
8. Urban 25 11 11 100 44 

9. Water 20 19 19 100 95 

10. Barren 20 11 11 100 55 

Total 457 457 342 
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Table 6. Results of video-based accuracy assessment of the 1997 land cover 
classification: error matrix and user's and producer's accuracy by class. Overall accuracy 
= 72%. Tau = 0.68. Cohen's Kappa (Khat) = 0.65; standard error = 0.024. 

REFERENCE (VIDEO FRAME DATA) 

(0 
(0 

1 ! 2 3 4 5 i 6 7 8 10 Grand Total 
(0 
(0 1 20| 4 0! Oi 01 Oi Oi Oi 0 24 
tn s 2 2! 50 01 3i 0! Oi Oi Oi 0 55 tn s 3 o! 1 271 13l 121 21 Oi l! 0 56 

4 01 8 16| 1131 21 i 01 Oi 1 0 159 
o 
u 5 01 4 4! 12! 115! 01 01 21 0 137 

s 
6 01 01 Oi 01 01 211 2| 1| 0 24 

ij 7 01 0 1 1  01 15| 2: 5l i; 0 24 
K at at 
*>• 

8 01 0 oi 01 o i  Oj oj 241 0 24 K at at 
*>• 10 o{ 0 2l 0! 191 0! 01 01 3 24 
Grand 
Total 22| 67 501 141 i 182j 25| 7! 30' 3 527 

Land Cover Class 1997 Map 
Total 

Video 
Total 

NumtMr 
Correct 

Producer's 
Accuracy (%) 

User's 
Accuracy (%) 

1. Forest 24 22 20 91 83 
2. Woodland Oak 55 67 50 75 91 
3. Woodland Mesquite 56 50 27 54 48 
4. Grassland 159 141 113 80 71 

5. Desertscrub 137 182 115 63 84 
6. Riparian 24 25 21 84 88 
7. Agriculture 24 7 5 71 21 

8. UrtMn 24 30 24 80 100 
9. Water N/A N/A N/A N/A N/A 
10. Barren 24 3 3 100 13 

Total 527 527 378 
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FIGURE CAPTIONS 

Figure 1. Location of the Upper San Pedro River watershed study area with shaded relief 
map. 

Figure 2. 1973, 1986, 1992 and 1997 land cover maps of the Upper San Pedro River 
watershed with key to classes. 
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Abstract 

The importance of accuracy assessment of thematic land cover/land use maps 

produced by classification of remotely sensed satellite data is well known. However, the 

information presented in a tabular error matrix does not represent the spatial distribution 

of map accuracy, which may be important for applications such as environmental 

modeling and decision support. A geostatistics-based method of producing such a map is 

simple indicator kriging of accuracy assessment sample points, using class-specific 

accuracy derived from the error matrix and the thematic map itself. The kriging 

procedure updates the map of "soft" prior probability information with the "hard" 

accuracy assessment point data to incorporate all existing knowledge about local class 

uncertainty or probability. This method was applied in analysis of Mesquite Woodland 

occurrence in the semi-arid upper San Pedro River watershed in southeastern Arizona. 

Comparison of the fmal local probability map with validation data showed the kriging 

procedure enabled discrimination of Mesquite Woodland in the validation data. If global 

or joint probability estimates at more than one location are required, patterns of spatial 

variability in the uncertainty of class distribution may be assessed using sequential 

indicator simulation. Uncertainty maps are needed for evaluation of error propagation in 

environmental models as well as land management decision support, and could become 

additional standard products of thematic map accuracy assessment. 

Keywords; accuracy assessment, thematic map, land cover, indicator kriging, spatial 

uncertainty, San Pedro River 
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Introduction 

There is an ever-growing need for maps of land cover and land use for use in 

natural resource inventory, monitoring, modeling, and management. Classiflcation of 

remotely sensed image data, for example from the Landsat satellite series, can provide 

maps covering large regions of the Earth's surface through the decades of satellite 

coverage. The ultimate usefulness of such maps, however, depends on knowledge of their 

accuracy: how representative are the mapped distributions of land cover/land use? 

Accuracy assessment of image-derived thematic maps has evolved from purely 

qualitative visual assessment to quantitative analysis of accuracy by map category 

(Congalton and Green, 1999, p. 8-9). However, currently accepted methods that produce 

an error or confusion matrix do not portray the spatial distributions of map error. As the 

use of thematic maps in spatially explicit environmental modeling and management 

decision support increases, knowledge of the spatial distribution of map uncertainty is 

required to assess error propagation through subsequent use. 

Most algorithms currently used to classify satellite image data are based on the 

spectral content of individual pixels. Such methods treat pixel data as spatially 

independent, when in fact there can be significant spatial autocorrelation of spectral data 

for many land cover types, with concomitant spatial autocorrelation in the mapped land 

cover. Geostatistics has evolved during the last few decades as a body of methods to 

assess and model the structure of spatial autocorrelation or spatial variability for use in 

the analysis of random variables distributed on the landscape. The operational use of 
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geostatisticai methods to incorporate knowledge of spatial structure into remote sensing 

products, however, is not yet widespread. 

This study provides a demonstration of the application of geostatistics to expand 

accuracy assessment beyond the tabular error matrix to mapping of spatial uncertainty of 

thematic class occurrence. The study area is a semi-arid watershed in southeastern 

Arizona, with significant land management issues associated with land cover change. 

Results from accuracy assessment of a thematic land cover map are used to generate a 

map of class distributional uncertainty. This type of probabilistic vegetation map may 

provide a more spatially accurate means of generating alternative realizations for 

modeling than methods that reproduce global statistics only. In addition, the probability 

map can highlight areas that need more detailed ground sampling for future satellite 

image classification work in the region, and may be useful in development of new 

vegetation class definitions that are less susceptible to mapping error. 

Background 

Study area 

The study area comprised the upper San Pedro River watershed within the United 

States, covering about 5800 square kilometers. The San Pedro River has headwaters in 

northeastern Sonora, Mexico, with approximately 15% of the watershed area in Mexico, 

and flows about 200 km north from the international boundary to its confluence with the 

Gila River in southeastern Arizona (see location map. Figure I). The river valley is 

bordered by gentle slopes and rimmed by several mountain ranges that rise in places to 
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nearly 3000 meters. The upper San Pedro watershed is delimited by a hydrologic divide 

approximately 125 km north of the international boundary; the lowest elevation at the 

northern end of the study area is 900 meters. The topographic gradient and corresponding 

climatic diversity within the watershed support a range of vegetation types, from semi-

arid desertscrub at the lowest elevations, through grasslands grading into oak woodlands 

and chaparral at intermediate elevations, to conifer forest atop the mountains (Brown and 

Lowe, 1983). 

Cattle grazing has long been the primary use of grasslands in the study area. 

Increased cover of woody shrubs such as mesquite (primarily Prosopis veluiina Woot.) in 

San Pedro grasslands has been documented during the last 120 years through written 

description and historical photography (Bahre, 1991, p. 59-71; Bahre, 1995; Wilson et al., 

2001). Possible causes include very heavy grazing near the begirming of the 20"* century, 

artificial suppression of wildfire, and climate change (Wilson et al., 2001); it is notable 

that grasslands worldwide have experienced similar shifts (Archer et al., 2001). The 

conversion of grassland to mesquite dominance has a number of implications for land 

management, including decreased availability of grass forage (Cable, 1976; Wilson et al, 

2001), increased soil erosion potential (Martin and Morton, 1993), changes in wildlife 

habitat (Lloyd et al., 1998), and shifts to increased carbon cycling and sequestration 

(Tiedemann and Klemmedson, 1973; Barth and Kiemmedson, 1986; Hibbard et al., 

2001). Where mesquite suppression methods are employed, there are financial as well as 

ecological consequences (Wilson et al., 2001). Modeling and management decisions 
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regarding mesquite distribution need the most accurate possible spatial information as 

input. 

Thematic mapping and accuracy assessment in tite upper San Pedro region 

Spatially explicit quantification of mesquite increase over time for large regions is 

now possible using thematic maps derived from remotely sensed satellite image data. The 

United States Environmental Protection Agency sponsored the production and evaluation 

of a time series of land cover maps for the upper San Pedro watershed in the U.S. and 

Mexico (Skirvin et al., 2000; Kepner et al., 2000, 2002; Maingi et al., 2002). The 1997 

map examined in this study was produced by classification of Landsat Thematic Mapper 

(TM) data that was resampled from 30 to 60 meter pixel size to facilitate comparison 

with earlier maps generated from coarser resolution Landsat Multispectral Scanner 

(MSS) data. Details of the classification accuracy assessments for these maps were 

reported by Skirvin et al. (2000), Maingi et al. (2002), and Skirvin et al. (in review). A 

variety of reference data types were employed in the accuracy assessments, but in all 

cases the reference sample support matched the map pixel size of 60 meters square 

(Skirvin et al., in review). Because no reference data were available for the Mexican 

portion of the upper San Pedro watershed, this study addresses only the area within the 

United States. Thematic land cover classes for the study area are described in Table 1. 

Accuracy assessment results summarized in Table 2 showed that, of the four land 

cover classes that together covered more than 90% of the map area in 1997 (Desertscrub, 

Grassland, Mesquite Woodland, and Oak Woodland), the Mesquite Woodland class was 
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mapped with substantially lower accuracy. This was true in the assessments of the earlier 

maps as well (Maingi et al., 2002; Skirvin et al., in review), suggesting the likelihood of 

creating inaccurate results in change detection analysis and other modeling based on 

mapped distributions for this class. Mesquite Woodland was deflned for the San Pedro 

thematic land cover maps by mesquite cover of 15% or more (Table 1), although other 

defmitions of grasslands or savannas include as much as 25-30% tree cover (Barbour et 

al., 1987, p. 530; Grossman et al., 1998, p. 21). Probable causes of low class accuracy 

included: 1) difficulty in distinguishing mesquite cover as low as 15% from background 

grasses, soils and litter; and 2) the spatially and temporally transitional nature of this 

class, potentially leading to error in both thematic classification and interpretation of 

reference data (Skirvin et al., in review). Knowledge of location-specific uncertainty in 

Mesquite Woodland occurrence would be a valuable adjunct to the use of the land cover 

map. 

Geostatistics in accuracy assessment 

Remote sensing applications of geostatistical methods are increasing as the utility 

of quantifying spatial variability inherent in spectral data becomes more apparent (Stein 

et al., 1998; Curran, 2001). Applications based on the spatial properties of thematic maps 

produced from remotely sensed data have also been developed: for example, Rossi et al. 

(1994) estimated the true land cover class of cloud-obscured areas using indicator 

kriging. Categorical data, such as thematic land cover classes, can be transformed into 

indicator variables that may be analyzed without assuming any particular data 
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distribution such as Gaussian (Joumei, 1989; Goovaerts, 1997, p. 328-329). Kyriakidis 

and Dungan (2001) formulated a method of categorical indicator analysis to map the 

uncertainty of thematic map classification, which is described here. 

The indicator transform of a random categorical variable S(u) has the format: 

/(u; 5/t) = I if S(u) = Sk at any location u 

= 0 otherwise 

where Sk are the mutually exclusive and exhaustive categories or classes of traditional 

non-ftizzy thematic image classification. The uncertainty about the state st of ̂ (u), given 

known information (n), can be expressed by its conditional probability density function 

(cpdf), which is also the conditional expectation or mean of the random indicator variable 

/(u; s/c) (Goovaerts, 1997, p .329): 

P(u; Si |(w)) = Prob{5(u) = sn |(«)} for k = 1 , . . . ,  K classes 

= E{/(u; 5/t)|(/7)} 

In other words, given nearby known information at any location u, the conditional 

expectation or mean of the indicator /(u; Si) is the probability of encountering class .V/tat 

that location (Kyriakidis and Dungan, 2001). For the case where the class value is known 

precisely at location u, using for example the set of reference data employed in accuracy 

assessment of the thematic map, this probability will be exactly 1 or 0. This type of data 

is considered "hard", with no uncertainty about the value; unfortunately, such data are 

expensive to gather and therefore generally sparsely sampled. 

More information is available in the thematic land cover map, in which every 

pixel has a class label, and in the error matrix resulting from accuracy assessment. We 
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can assign a probability value between 0 and 1 for the likelihood of encountering class 

at any map location labeled with map class Sk -. This estimate of the conditional 

probability p*( Sk \ Sk ) is the frequency of observing class Sk given that class occurs at 

the same location in the land cover map. When Sk = Sk-, this conditional probability is 

equal to the "user's accuracy" for class Sk, or the proportion of sample points mapped as 

class Sk that were assigned to class Sk in the reference data (Stehman, 1997). Since this 

value is not precisely known at every location, it is considered "soft" Information 

(Joumel, 1986). 

A map that incorporates all available hard and soft information about the local 

uncertainty of class Sk can be made using indicator kriging (Goovaerts, 1997, p. 329; 

Kyriakidis and Dungan, 2001). Unlike applications of kriging in which the goal is 

estimation of a value at an unsampled location, the result of indicator kriging is an 

estimate of the posterior uncertainty of a value, updated using all locally available 

information (Goovaerts, 1997, p.293; Deutsch and Joumel, 1998, p. 10). 

The kriging estimator is unbiased and minimizes error variance, with the estimate 

at any point formed from a weighted sum of nearby data (Goovaerts, 1997, p. 126). The 

derivation of the system of kriging equations will not be repeated here, but is described in 

detail in a number of excellent references (e.g. Isaaks and Srivastava, 1989; Goovaerts, 

1997; Deutsch and Joumel, 1998). In practice, the spatial structure of/(u; Sk), the 

uncertainty about the state of 5(u) at any location u, is estimated with a variogram, 

computed from half the mean squared difference between pairs of indicator-transformed 

data points, separated by a range of lag separation distances, and plotted against the lag 
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distances. A model function or set of functions is fitted to the estimated variogram, and 

model parameters are used in the interpolation process to compute an estimate of /(u; Sk) 

at every output node. 

The exact form of kriging used depends on whether the local mean value of /(u; 

is considered constant or varying (Goovaerts, 1997, p. 293). In our example, the local 

mean is soft probability information derived from the land cover map and varies over the 

map extents, suggesting the use of simple indicator kriging with varying local means 

(Kyriakidis and Dungan, 2001). In this context, the terminology of "simple" kriging 

implies that the local mean is known explicitly (Deutsch and Joumel, p. 14). The 

equations for the estimate produced by simple indicator kriging with varying local means 

are given in Goovaerts (1997, p. 307) and Kyriakidis and Dungan (2001). Since kriging is 

an exact interpolator, the estimate at the location of hard data points will be the same as 

the hard value, i.e. 0 or 1. Near the hard data points, the prior probabilities will be 

updated using the hard information; this updating decreases with distance from the hard 

data until the estimate is simply the local mean or sof^ data value at that location 

(Kyriakidis and Dungan, 2001). 

Methods 

1997 Thematic map and accuracy assessment data 

High-resolution airborne color video provided reference data for the 1997 

accuracy assessment, described in detail by Skirvin et al. (2000). The video data were 

acquired over north-south transects of the San Pedro watershed within the U.S., at a 
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flying heigiit of 600 meters above ground level. The video camera was computer 

controlled to cycle between wide angle and zoom view, with a wide-angle swath width of 

about 750 m, and 50 m at full zoom. Video frames were identified by GPS time and 

geographic coordinates encoded in the audio track of each tape that displayed during 

playback. The pool of video frames for accuracy assessment were selected from 

homogeneous areas of uniform map class at least 180 meters square to avoid areas of 

transition between land cover classes. A random sample of video frames was drawn from 

this pool, stratified by map class area, with a minimum of 24 samples selected for rare 

classes. Reference class labels were assigned by an experienced interpreter, using frames 

acquired at wide angle as a context to interpret nearby full-zoom frames. Map and 

reference labels were compared to generate an error matrix (Skirvin et al., 2000). 

A total of 527 reference video frames were used in the 1997 map accuracy 

assessment, of which 50 (less than 10%) were labeled Mesquite Woodland. This was less 

than the overall map proportion of Mesquite Woodland (14%; see Table 2), perhaps 

because: 1) accuracy assessment points were selected only from homogeneous areas, 

which may have under-represented the true proportion of Mesquite Woodland; and 2) the 

abundance of Mesquite Woodland may have been overestimated in the 1997 thematic 

map. Although each video frame represented a non-point area on the ground, with a 

reference label that integrated the land cover information present within the frame view, 

the video frame samples will be considered point data in the subsequent discussion. 

Indicator transformation of the video data resulted in a set of frame center coordinates 

with associated indicator value of 1 or 0 (reference class was/was not Mesquite 
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Woodland), constituting the hard data. The 1997 land cover map itself provided a 

framework to generate the soft data (below). The map extents were 2105 rows by 1256 

columns, with a cell size of 60 meters. Cells falling outside the watershed boundary were 

assigned a NODATA value and excluded from processing. 

Validation data 

Additional video data, used to validate kriged results, was provided by a detailed 

vegetation assessment for the entire U.S. portion of the San Pedro watershed, performed 

by Drake (2000). These data were obtained by overflights in 1995 using the same high-

resolution color airborne video system described above. A set of 554 full-zoom frames 

were sampled systematically along the flight lines and interpreted in detail. Individual 

plants more than 1 meter in diameter identifled to species level when possible, and 

species identiflcation and abundance were recorded. A total of 286 interpreted video 

frames fell within the area of this study. Each frame had an associated percent mesquite 

cover, corresponding to the percent of 100 random points that fell on mesquite (McClaran 

et al., 1999; Drake. 2000). There were 90 frames with mesquite cover > 15% (defined as 

Mesquite Woodland in the 1997 thematic classification; see Table 1), 100 frames with 

mesquite cover between 0 and 15%, and 96 frames with no mesquite cover. Of the 90 

frames meeting the Mesquite Woodland criterion, 39 had mesquite cover >= 30% 

corresponding to the more restrictive definition for woodland vs. grassland (Barbour et 

al., 1987, p. 530). 
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Variography 

Directional and omnidirectional variograms were calculated and modeled for the 

indicator-transformed 1997 video sample points. Because the direction of maximum 

spatial continuity was parallel to the airborne video north-south flight line and appeared 

to be an artifact of sampling, only the omnidirectional variogram was retained. 

Kriging the posterior probabilities 

A user of the 1997 land cover map may wish to know, for any randomly selected 

location u within the study area, what is the probability of Mesquite Woodland 

occurrence, p(u; 5^= MW). Without benefit of other information, the estimate of this 

probability p*(u; Sk = MW) is simply the proportion of the total map area in this class, or 

14% for the 1997 map (Table 2). 

If, however, we know the map label at location u, then the estimate of the 

probability of Mesquite Woodland is conditioned on this information, expressed as p*(u; 

Sk= MW I At). An estimate of this probability can be obtained from the error matrix 

(Table 3): the value in the column labeled "MW", Mesquite Woodland, is divided by the 

row total for Sk = each of the nine map classes. When Sk = 5/t, this estimated conditional 

probability is the user's accuracy for Mesquite Woodland; i.e. p*(u; 5*= MW \sk-= MW) 

= 27/56 = 0.48. For four of the nine classes (Forest, Oak Woodland, Riparian, Urban), the 

estimated conditional probability is 0, since no samples identified as Mesquite Woodland 

in the reference data were labeled as any of those classes in the map. For the remaining 
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four land cover classes, estimated probabilities were 0.03 (Desertscrub), 0.04 

(Agriculture), 0.08 (Barren) and 0.10 (Grasslands). 

By substituting the appropriate conditional probability for each land cover class, 

the thematic map (Figure 1) was remapped into a Mesquite Woodland probability 

surface, representing our knowledge of the likelihood of Mesquite Woodland throughout 

the study area. This is "soft" information, not measured at a specific location, and formed 

the locally varying mean of the Mesquite Woodland cpdf 

The general purpose kriging program "kt3d", from the public domain software 

package GSLIB (Deutsch and Joumel, 1998), was modified to allow the input of the 

entire 1997 prior probability surface as soft data, along with the hard indicator point data. 

The software was also modified to reformat map input and output for ease of display in a 

geographic information system (GIS). Binary categorical data, such as the indicator data 

used here, can be kriged directly to obtain estimated probability (Deutsch and Joumel, 

1998, p. 77); however, there are no constraints to produce estimates within the interval 

[0,1 ], and it is customary to set the occasional estimates falling outside these bounds 

equal to 0 or 1 as appropriate (Deutsch and Joumel, 1998, p. 82). 

The resulting output was an updated map of the local uncertainty or probability of 

encountering Mesquite Woodland. Within the GIS, areas where Mesquite Woodland 

probabilities were updated by the indicator kriging were highlighted by subtracting the 

updated value from the prior value at each cell location, producing a map showing only 

the change in estimated probability. 
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Statistical testing 

The change or difference map was sampled at the locations of 199S validation 

data to obtain a probability change value for each sample of known mesquite cover. The 

cumulative distributions of these data were graphed, and the data were evaluated with 

non-parametric tests, including the Mann-Whitney test comparing group rank 

distributions and the Kolmogorov-Smimov test comparing shapes of the cumulative rank 

distributions, to determine whether the updating of mesquite probability enabled 

discrimination between validation samples of > 15% mesquite cover, meeting the 

criterion for Mesquite Woodland, and those of < 15% mesquite cover. The same tests 

were run comparing validation samples with less than 30% mesquite cover vs. those with 

> 30% mesquite cover (a more restrictive defmition of woodland). 

Results 

Variography 

The estimated and modeled variograms for the indicator data are displayed in 

Figure 2; the spatial distribution of hard indicator data is shown in Figure 3 A. The 

variogram model consisted of a nugget or noise component and a spherical component 

with a range of 16 km, indicating that spatial variability increased up to a maximum 

separation distance of 16 km between pairs of data points. 
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Probability maps 

The prior probability map (A), updated or posterior probability map (B), and 

difference map (C) are shown in Figure 3. Characteristic kriged "bull's eye" patterns are 

visible in the updated and difference maps (Figure 3B and 3C), centered on the locations 

of the hard indicator data points (displayed on the prior probability map in Figure 3A). 

The highest value for Mesquite Woodland prior probability was 0.48. the user's 

accuracy, and the lowest was 0 for four classes mentioned above. The kriging update 

process produced some values outside the interval [0,1]: approximately 2% of updated 

cell probabilities were less than zero, with mean of -0.03, and 1% were greater than one, 

with mean of 1.08. These outliers were set equal to the closest respective bound before 

subtracting the priors map to produce the difference or probability change map. 

Difference values ranged from -0.01 to 0.85. Negative differences represented locations 

in which the updated probabilities were less than the priors, visible as white areas within 

the study area boundary in Figure 3C. These areas were usually distant from the nearest 

indicator data, none of which represented Mesquite Woodland; this resulted in an 

estimated decrease in likelihood of Mesquite Woodland occurrence locally. 

Validation data and statistical testing 

The 1995 validation data were partitioned into two groups of mesquite cover > 

15% (meeting the criterion for Mesquite Woodland, MW; N = 90) or mesquite cover < 

15% (not MW; N = 196). The spatial distribution of the 1995 MW group, shown on the 

difference map(Figure 3C), suggested a correlation with areas of positive probability 
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change. Cumulative distributions of probability change values for the two validation 

groups are shown in Figure 4; the comparison of cumulative distributions minimizes the 

visual impact of unequal group sizes and highlights the preponderance of lower 

probability change values for the not MW group (median = 0.0), and higher values for the 

MW group (median = 0.02). 

The hypothesis that these groups could be distinguished by probability change 

was examined with non-parametric statistical tests, including the Mann-Whitney test 

comparing the group rank distributions and the Kolmogorov-Smimov test comparing 

shapes of the cumulative rank distributions. Results of both tests showed that the null 

hypothesis of no difference between the two groups could be rejected at the 0.01 level 

(two-tailed). These tests were repeated for data partitioned as mesquite cover > 30% (the 

more restrictive criterion for woodland) or mesquite cover < 30%; the null hypothesis 

could not be rejected at the same level for these groups. 

Discussion 

These results show that the mapped increase in probability of encountering 

Mesquite Woodland, resulting from model updating of the prior probabilities, tended to 

correspond with locations of Mesquite Woodland in the validation data. The spatial 

correspondence was confirmed by testing for significant differences between the 

distributions of increased probability for Mesquite Woodland vs. not Mesquite Woodland 

validation data. Therefore, use of the hard reference data from map accuracy assessment 
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in the kriging procedure improved prediction of the likelihood of encountering this class 

at unsampled sites. 

Model response was not significant when tested on validation data using the more 

stringent definition of woodland at 30% mesquite cover. This may be due to the fact that 

both the accuracy assessment data and derived spatial probability models were based on 

the 15% mesquite cover definition, resulting in insufficient sensitivity to the 30% cutoff; 

i.e. updated probabilities reflected the spatial distribution of the less restrictive definition 

of Mesquite Woodland. It would be possible to refine the model using the 30% cover 

cutoff if percent mesquite cover had been collected when the accuracy assessment 

reference data were originally evaluated, but that additional step was not included in the 

original assessment design (Skirvin et al., 2000). 

Incorporating the 1995 validation data into the hard indicator data would further 

refine probability estimates; this kind of updating could be done as any other 

contemporaneous observations of Mesquite Woodland occurrence became available. 

Future ground sampling would be desirable for areas of no change in updated probability 

(shown as large areas of white in the study area in Figure 3C), especially where the 1995 

validation data show Mesquite Woodland. 

The results of indicator or other kriging provide an optimal estimate of a variable 

at a specific location; the overall spatial pattern of the variable's distribution typically 

appears unrealistically smoothed, as local extremes of spatial variability are not preserved 

(Goovaerts, 2000). This effect is suggested by the distributions of probability change for 

validation data (Figure 4) that show considerable "noise", i.e. non-zero predicted 
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probability change for non-MW points and zero predictions for MW points. Comparison 

of Figures 3 A and 3C show that apparent patterns of spatial clustering of Mesquite 

Woodland observations are quite different between the 1995 and 1997 point data. In fact, 

the kriged "bull's eyes" patterns of higher class probability evident in Figures 3B and 3C 

are smoothed rather than realistic representations of Mesquite Woodland patchiness in 

the San Pedro landscape. The class description (Table 1) indicates that many occurrences 

of Mesquite Woodland are found along alluvial drainages in the study area, resulting in 

long, narrow, discontinuous patches, as well as in areas previously dominated by 

grasslands where patches may be irregular in shape with a range of sizes. Although 

"runs" of points labeled Mesquite Woodland are visible in Figures 3A and 3C, these are 

more likely to be adjacent patches than continuous stands. 

Stochastic simulation provides an alternative to kriging and produces output that 

may appear more "realistic" than smoothed, kriged maps, as it better reproduces spatial 

variability (Goovaerts, 2000). It is computationally demanding, however, and requires 

long computer runs to generate many alternative realizations. The choice of methods to 

represent class uncertainty depends on 1) whether large-scale patterns or local estimates 

are required; 2) whether minimization of error variance is important; and 3) computing 

resources. This study focused on kriging, which produced a map that can be queried at 

any point for the local estimated probability of encountering Mesquite Woodland. 

Applications such as erosion hazard modeling (Hernandez et al., 2000) may require as 

input the multiple realizations generated by sequential indicator simulation to examine 

spatial patterns in error propagation and model sensitivity (Kyriakidis and Dungan, 
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2001). The data and models used in this study could also be used to generate simulations 

of class probability (Deutsch and Joumel, 1998, p. 151-152). 

Conclusions 

This study has shown that thematic map accuracy assessment can generate new 

spatial information in the form of probability or uncertainty maps of the likelihood of 

encountering a given thematic class. Such maps can be updated using geostatistical 

methods to reflect all available information about the occurrence of that class. The case 

study of Mesquite Woodland in the upper San Pedro study area provided an example of a 

widespread but relatively inaccurately mapped land cover class of importance to land 

managers. Successful discrimination of Mesquite Woodland in the validation data by the 

update process has shown the promise of this method to provide improved spatially 

explicit estimates of class probability. 

The updated class probability map can be employed directly by a thematic map 

user to determine the reliability of a class label at any location. The probability map can 

also be used to guide ground sampling, in this example to prepare for the next generation 

of upper San Pedro land cover maps. The same information can be used in sequential 

indicator simulation to produce a set of realizations of the spatial continuity in land cover 

to estimate global uncertainty. Some familiarity with theoretical and practical aspects of 

geostatistics, such as fitting an appropriate variogram model to data, is required to 

implement this process. These costs are outweighed, however, by the additional 



119 

information gained: satellite-derived maps will be more useful when their reliability is 

explicitly known. 
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Table 1. 1997 land cover class descriptions for the Upper San Pedro Watershed. 

Forest 

Vegetative communities comprised principally of trees potentially over lOm in height and 
frequently characterized by closed or multi-layered canopies. Species in this category are 
evergreen (with the e.\ception of aspen), largely coniferous (e.g. ponderosa pine, pinyon pine), and 
restricted to the upper elevations of mountains that arise olTthe desert floor. 

Oak 
Woodland 

Vegetative communities dominated by evergreen trees (Quercus spp.) with a mean height usually 
between 6 and 15m. Tree canopy is usually open or interrupted and singularly layered. This cover 
type often grades into forests at its upper boundary and into semi-arid )>rassiand below. 

Mesquite 
Woodland 

Vegetative communities dominated by leguminous trees whose crowns cover 13% ur more of the 
ground otlen resulting in dense thickets. Mistorically maintained ma.\imum development on 
alluvium of old dissected Hood plains: now present without proximity to major watercourses. 
Winter deciduous and general Iv found at elevations below 1.200m. 

Grassland 

Vegetative communities dominated by perennial and annual grasses with occasional herbaceous 
species present. Generally grass height is under 1 m and they occur at elevations between 1.100 
and 1.700m: sometimes as high as 1.900m. This is a landscape largely dominated by perennial 
bunch grasses separated by intervening bare ground or low-growing sod grasses and annual 
grasses with a less-interrupted canopy. Semi-arid grasslands are mostly positioned in elevation 
between evergreen woodland above and desertscrub below. 

Desertscrub 

Vegetative communities comprised of short shrubs with sparse foliage and small cacti that occur 
between 700 and I.SOOm in elevation. Within the San Pedro river basin this community is often 
dominated by one of at least three spccies. i.e. creosotebush, tarbush. and whitethorn acacia. 
Significant areas of barren ground devoid of perennial vegetation ot\en separate individual plants. 
Many desertscrub species are drought-deciduous. 

Riparian 

Vegetative communities adjacent to perennial and intermittent stream reaches. Trees can 
potentially exceed an overstory height of lOm and are frequently characterized by closed or 
multi-layered canopies depending on regeneration. Species within the San Pedro basin are largely 
dominated by two species, i.e. cottonwood and Goodding willow. Riparian species are largely 
w inter deciduous. 

Agriculture 

Crops actively cultivated and irrigated. In the San Pedro River basin these are primarilj- found 
along the upper terraces of the riparian corridor and are dominated by hay and alfalfa. They are 
minimally represented in overall extent (less than 3%) within the basin and are irrigated by ground 
and pivot-sprinkler svstems. 

Urban 
(Low and 
High 
Density) 

This is a land-use dominated by small ejidos (farming villages or communes), retirement homes, 
or residential neighborhoods (Sierra Vista). Heavy industry is represented by a single open-pit 
copper mining district near the headwaters of the San Pedro River near Cananea. Sonora (Mexico). 

Water 

Sparse free-standing water is available in the watershed. This category would be mostly 
represented by perennial reaches of the San Pedro and Babocomari rivers with some attached 
pools or repressos (earthen reservoirs), tailings ponds near Cananea. ponds near recreational sites 
such as parks and golf courses, and sewage treatment ponds east of the city of Sierra Vista. 
Arizona. 

Barren 
A cover class represented by large rock outcropping or active and abandoned mines (including 
tailings) that are largelv absent of above-ground vegetation. 
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Table 2. Upper San Pedro watershed land cover class summary. Absolute and relative 
areas from GIS data. Class accuracies from assessment of 1997 thematic map (Skirvin et 
al., 2000). User's accuracy = likelihood that a map pixel labeled class st was class Sk in 
the reference data; Producer's accuracy = likelihood that a reference data sample from 
class Sit was labeled as that class in the map. 

Land cover class 
Area 

(hectares) 

Proportion 
of total 

area (%) 

1997 User's 
accuracy 

(%) 

1997 
Producer's 

accuracy (%) 

Desertscrub 224170 40 84 63 

Grassland 164570 29 71 80 

Mesquite Woodland 77264 14 48 54 

Oak Woodland 52385 9 91 75 

Urban 15845 3 100 80 

Agriculture 12700 2 21 71 

Riparian 7807 1 88 84 

Forest 5728 1 83 91 

Barren 3290 1 13 100 

Water 252 <0.1 N/A N/A 

Total 564011 100 
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Table 3. Error matrix for the 1997 upper San Pedro land cover classification; values are 
counts of sample points. Class abbreviations: OW = Oak Woodland; MW = Mesquite 
Woodland; Grass = Grassland; Desert = Desertscrub; Ripar = Riparian; Agric= 
Agriculture. Prior probabilities of Mesquite Woodland occurrence: Forest = 0/24; Oak 
Woodland = 0/55; Mesquite Woodland = 27/56; Grassland = 16/159; Desertscrub = 
4/127; Riparian = 0/24; Agriculture = 1/24; Urban = 0/24; Barren = 2/24. 

REFERENCE (VIDEO FRAME DA TA) 

y* 
lU 
(0 

Forast; OW MW Grass Dasart Ripar Agric Urban : Barran Grand 
Total y* 

lU 
(0 Fonst 201 4 0 0 0 0 0 0 0 24 
w 

3 

OW 21 50 0 31 0 Oi 01 Oi 0 55 w 

3 MW oi 1 27 131 12 2i 01 1; 0 56 

Grass o| 8 16 113i 21 01 01 1i 0 159 

o 
o 

D»sert 01 4 4 121 115 0! Oi 21 0 137 

i 
2 

Ripar o{ 0 0 Oi 0 211 21 11 0 24 
i 
2 Agric 0! 0 1| 01 15 2i 5j i: 0 24 

A Urban ol 0 0 o| 0 Oi 0{ 241 0 24 

Barren 01 0 2 01 19 01 01 01 3 24 

Grand Total 
! 

221 67 50 1411 182 25l 7i 30| 3 527 
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List of figures with captions 

Figure 1. 1997 land cover map of the upper San Pedro River watershed study area with 
location map. 

Figure 2. Estimated (points) and modeled (line) omnidirectional variogram for 1997 
Mesquite Woodland indicator data. Horizontal axis: |h| = lag separation distance between 
pairs of indicator data points (units in km). Vertical axis: Y(|h|) = Vz variance = Vz the 
mean squared difference between pairs of data points in each lag interval (unitlcss). 
Model parameters: nugget = 0.014; spherical component range = 16000 meters (16 km): 
spherical component sill = 0.074 (unitless). 

Figure 3. Mesquite Woodland probability maps. A: Prior probabilities shown with 1997 
indicator data locations. B: Updated (posterior) probabilities from simple kriging with 
prior probabilities as locally varying means. C: Difference or probability change map = 
Map B - Map A, highlighting locations of updated probabilities. Shown with locations of 
1995 validation data. 

Figure 4. Cumulative distributions of change in probability (conditional probability 
density function, cpdf) for the two groups of 1995 validation data: not Mesquite 
Woodland (above), and Mesquite Woodland (below). Non-parametric statistical tests 
indicated that the group distributions differed at the 0.01 level (two-tailed). 
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