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ABSTRACT: A spatial autocorrelation analysis was conducted to examine the distribution of wildfires in the Idyllwild 
quadrangle of the San Jacinto Mountains, San Bernardino National Forest, California. Moran's I coefficients of past fire 
activity were generated based on different spatial weighting functions. Comparisons among spatial weighting functions 
indicate that the contiguity weight can be used to define the spatial term of neighborhood effects. Data overlays of 
multiple GIs layers derive the explanatory variables for modeling the distribution of wildfires from logistic regressions. 
Without incorporating the spatial term, fire rotation is the leading factor of fire occurrence. The model is improved 
significantly when the spatial term is included. The result suggests that neighborhood effects are a primary factor in 
the distribution of wildfires. 

INTRODUCTION 

T HE DISTRIBUTION of any spatial phenomenon is explained 
by structural factors and spatial factors (O'Loughlin, 1986, 

1987; Ward and Kirbv, 1987). Structural factors of wildfires in- 
clude environmental'and hhman elements that constitute the 
necessary conditions for fires to occur. Major environmental 
elements include vegetation types, topographic characteristics, 
and climatic conditions (e.g., winds, lightning, humidity). Hu- 
man elements include type and intensity of land use, road ac- 
cessibility, and fire prevention measures. These structural factors 
are insufficient to explain the distribution of wildfires because 
the occurrence of wildfires is also influenced by spatial factors. 
For instance, two regions of identical structural conditions may 
differ in the propensity to burn due to different surrounding 
environments. 

Neighborhood effects are the most obvious spatial factor for 
wildfires because the progression of fires is a contagious dif- 
fusion. In essence, neighborhood effects are the equivalent of 
Tobler's (1970) "first law of geography" that "everything is re- 
lated to everything else but near things are more related than 
distant things." 

The significance of neighborhood effects is manifested in the 
statistics of spatial autocorrelation (Cliff and Ord, 1973, 1981; 
Odland, 1988; Getis, 1989). In general, a positive autocorrelation 
implies the existence of a spatial relationship in the form of 
attraction, a negative autocorrelation suggests a more promi- 
nent driving force of repulsion, and an insignificant level of 
autocorrelation indicates no systematic neighborhood effects exist. 

In the past, quantifying neighborhood effects and incorpo- 
rating the measures of spatial autocorrelation in spatial analyses 
were technically prohibitive due to the difficulty in handling 
the large amounts of topological information associated with 
complicated ecosystems. Until the recent development of Geo- 
graphic Information Systems (GIS) that provide an efficient tool 
for analyzing large geographic databases, empirical studies of 
spatial autocorrelation were limited to small numbers of rela- 
tively simple geographical units. 

In this research, G I ~  technology was utilized to examine spa- 
tial autocorrelation in the distribution of wildfires, and to con- 

struct the framework of a spatial model to explain the distribution 
with an explicitly defined term representing the spatial factor. 
Three major tasks were involved in this study. First, the statis- 
tical significance of neighborhood effects in the distribution of 
wildfires were investigated based on Moran's I coefficient of 
spatial autocorrelation. Second, the statistics of several spatial 
weighting functions were compared in order to define the spa- 
tial term to represent spatial effects. Thud, a logistic regression 
model was constructed from a number of explanatory variables 
of the structural factors and the spatial term. This model was 
not intended to be a fully specified, comprehensive model of 
wildfires because the purpose of this research was to examine 
the role of spatial autocorrelation in the distribution of wildfires. 

STUDY AREA AND DATA 

The Idyllwild 15-minute quadrangle of the San Jacinto Ranger 
District, San Bernardino National Forest, was selected for analy- 
sis (Figure 1). Through joint efforts between researchers of the 
University of California, Riverside, and the Pacific Southwest 
Forest and Range Experiment Station's Riverside Forest Fire 
Laboratory, a GIs database containing digital data of several 
variables related to wildfires was established. Among the mul- 
tiple layers of spatial data in the database, seven coverages were 
employed in this study (Table 1). 

This area's wildfire history includes years of burns and areal 
extent appropriate for spatial analyses (Figure 2). The area also 
possesses a diversity in fundamental environmental and human 
factors. The elevation ranges from 1130 m to 2450 m. Vegetation 
is dominated by chaparral, especially on steep terrain. Pine for- 
ests cover highest elevations and basin floors. Open desert scrub 
covers the arid eastern margin of the quadrangle. Land own- 
erships include National Forests, large private holdings, and 
Indian reservations. 

The size of the database is adequate for model building, i.e., 
it is sufficiently large for meaningful statistical testing, yet not 
too large to compare numerous iterations based on different 
model specifications. The size of database is a major concern in 
model building because data volumes need to be expanded sev- 
eral times to accommodate the simultaneous processing of data 
matrices of topological information. 
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FIG. 1. The study area in the Idyllwild 15-minute quadrangle of San Jacinto 
Mountains, San Bernadino National Forest, California. 

TABLE 1. COVERAGES SELECTED FROM IDYLLWILD DATABASE 

Coverage Name Type Extracted Variables 

Fire Activity Polygon Burned areas 
Topography Polygon Slope gradient and aspect 
Temperature Line July maximal temperature 
Precipitation Line Annual precipitation 
Vegetation Polygon Vegetation types 
Structures Point Buildings and campgrounds 
Transportation Line Roads and trails 

BURNED AREAS 
( YEAR OF LATEST BURN ) 

FIG. 2. Fire activity between 191 1 and 1984, coded by latest burns. 

In the fire activity coverage, the areal extent of major fires 
that occurred between 1911 and 1984 are digitized into polygons 
from a San Bernardino National Forest compilation. Each pol- 
ygon is coded with a binary digit, 1 denoting a burned area and 
0 an unburned area. Areas that were burned more than once 
were coded only with the latest burns because the evaluation 
of spatial autocorrelation requires that geographic units be non- 
overlapping. Also, it is inadequate to model multiple-burned 
areas with frequency of fires unless ecological data between 
burns are available. This coverage provides the spatial distri- 
bution of fires as the study variable. Because burned polygons 
are scattered over a vast unburned area, geographic units for 
statistical analyses can not be defined by this coverage alone 
because the single record of unburned area may distort spatial 
statistics. 

Polygons of homogeneous slope characteristics in the topog- 
raphy coverage are suitable for defining geographic units for 
three reasons. First, topographic polygons cover the study area 
completely. Second, the variation of size among polygons is 
minimal. Third, slope characteristics are believed to be related 
to fire behavior (Deeming et a/., 1977). 

The digital topographic data are obtained from digital eleva- 
tion models (DEM) for 14 quadrangles (U.S. Geological Survey, 
1987). The DEM are converted into triangular facets of homo- 
geneous surface characteristics named triangulated irregular 
networks (Environmental Systems Research Institute, 1987). The 
triangular facets are classified into nine classes of aspects (the 
octant classification of aspects plus flat surfaces) and six classes 
of slope gradient (from 0 to 50 degrees at the interval of 10 
degrees plus the slope greater than 50 degrees). 

In general, chaparral burns at comparable rates on north and 
south exposures. Although northern exposures are more mesic 
during summer drought, the greater productivity, leaf surface 
area, and transpiration loss probably result in as severe desic- 
cation and living fuel moisture depletion on these aspects as 
stands on southern exposures (Poole and Miller, 1975). Never- 
theless, slopes of different aspects may be associated with dif- 
ferent conditions pertaining to fire occurrence and, thus, must 
be differentiated when defining geographic units. In this study, 
both slope gradient and slope aspect were employed as topo- 
graphic characteristics in delineating polygons in Figure 3. For 
display purposes only aspect boundaries were shown instead 
of any indication of actual aspect with each polygon. 

The overlay of the fire activity coverage and the topography 
coverage delineates 2005 polygons that are unique from sur- 
rounding polygons in either slope gradient, slope aspect, fire 
activity, or any combination of them. Geographic units of the 
study are defined by these polygons. 

STRUCTURAL FACTORS 
Environmental factors are extracted from three data layers, 

including maximum July temperature (time when fires are most 
likely to be active), annual precipitation, and vegetation fire 
rotation. 

Temperature data are obtained from mountain station reports 
of July maximum temperatures and mean radiosonde profiles 
at San Diego. All stations, regardless of terrain, were near 3°C 
above ambient temperatures controlled for altitude due to su- 
perheating. The maximum temperature coverage was created 
by assigning mean sounding temperatures to altitude contours 
plus 3°C (Figure 4). The isotherm coverage is converted into a 
polygon coverage for map overlay. By overlaying the temper- 
ature coverage onto the Fire-Topography coverage, the tem- 
perature variable, TEMP, is calculated from the area-adjusted 
average of each geographic unit. 

The annual precipitation coverage is constructed by contour- 
ing the reported data of existing weather stations (Figure 5). 
For large areas without stations, precipitation is qualitatively 
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FIG. 3. Topographic coverage defined by gradient and aspect 
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interpolated from terrain based on the assumption that precip- 
itation increases with elevation on windward slopes and de- 
creases on leeward slopes due to rain shadows. The interpolation 
assumes that winds aloft are largely from the southwest and 
west-southwest (250 to 220 degrees) during winter cyclonic storms 
that provide the major sources of precipitation in the study area 
(Minnich, 1984). This line coverage is converted into a polygon 
coverage and overlain onto the Fire-Topography coverage to 
generate the precipitation variable, RAIN. 

Vegetation was mapped from 1:20,000-scale color aerial pho- 
tographs provided by the San Bernardino National Forest. In 
the Idyllwild database, the vegetation coverage is divided into 
three layers - herbs and shrubs, tree oaks, and conifer forests 
- coded into 24 species. Vegetation is mapped using standard 
aerial photo-interpretation procedures (Minnich, 1987a). Delim- 
itation of vegetation polygons within a layer is based on species 
dominance. 

The three vegetation layers were overlain to form a composite 
coverage with non-overlapping polygons. Twenty-four vege- 
tation types were reclassified into seven major categories adopted 
to National Fire Danger Rating fuel models (Deeming et al., 
1977) (Figure 6). In order to translate the nominal data of veg- 
etation classes into interval data for analyses, the seven cate- 
gories are converted into fire rotation weights defined by fire 
rotation period, based on the assumption that fuel types are 
related to burn-propensity (Table 2). Estimates are also based 
on fire return periods of chaparral vegetation in San Diego County 
and adjacent northern Baja California, Mexico (Minnich, 1989). 
Area-adjusted fire rotation weights of geographic units are de- 
rived from the overlay of the vegetation coverage and the Fire- 
Topography coverage. 

Human factors are extracted from two data layers: structures 
FIG. 4. Coverage of July maximum temperature. (Figure 7) and transportation (Figure 8). These land uses were 
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EH Chaparral (High Intensity) 
tZB Chaparral (Low Intensity) 
0 Bare Ground 

BUILDING 
WATER T A N K  

e C A M P G R O U N D  

FIG. 6. Vegetation coverage. FIG. 7. Structure coverage: buildings and campgrounds. 

Vegetation Class Rotation Period Rotation Weight 
Bare Ground Infinity 0.0 
Water Infinity 0.0 
Wet Meadow 100 years 0.5 
Open Pine 50 years 1.0 
Chaparral (dense) 50 years 1.0 
Chaparral (open) 200 years 0.25 
Firs 50 years 1.0 
Oaks 50 years 1.0 

directly digitized from the 7.5-minute topographic sheets. The 
structure coverage is a point map in which each dot denotes a 
building or a campground. The transportation coverage con- 
tains roads and trails. For map overlays, both coverages are 
converted into polygon coverages by generating 100-m buffers 
surrounding structures and roads. The buffer extent of 100 m 
represents the distance of sigruficant human impacts in the study 
area. A binary code is assigned to each polygon in the buffer 
coverages, with one denoting the area inside the buffer and 
zero otherwise. 

SPATIAL AUTOCORRELATION 

The degree to which wildfires are spatially autocorrelated is 
tested using Moran's I coefficient (Moran, 1948, 1950), such 
that, 

where n is the number of polygons delineated in the Fire-To- 
pography coverage, which equals 2005 in this study; x, is the 

/V Secondary Highway 

/V Light Duty Road 

,/'%,:' Dirt Road and Trail  

FIG. 8. Transportation coverage: roads and trails. 
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abbreviation of the binary variable BURN,, which equals 1 if the 
ith polygon was burned and equals 0 otherwise; W,) is the code 
of spatial contiguity, which equals 1 if the ith and the jth pol- 
ygons share a common boundary; and So = X,CIW,, is the sum 
of spatial weights. 

According to Cliff and Ord (1981), the expected value and 
the variance of Moran's I can be derived under the assumption 
of either randomness or normality. The assumption of random- 
ness assumes a random permutation of data values while the 
assumption of normality assumes the study variable be inde- 
pendent identically distributed. Although the expected value is 
the same under either assumption, the variance under the ran- 
domness assumption is much more complicated than that un- 
der the normality assumption. Also, when the underlying 
distribution of the study variable is normal, the variance of ran- 
domness reduces to that of normality. In this study, because 
the main purpose of significance testing is to compare different 
spatial weighting functions, the result will be identical under 
either assumption. Therefore, it is adequate to derive the test 
statistics based on the normality assumption such that 

and 

where 

s, = (112) zicj (W, + W,,), 

and 

A FORTRAN computer program was developed to derive Mor- 
an's I and the related statistics for significance testing directly 
from the attribute tables in the database. The program allows 
for any spatial weighting function to be incorporated. 

SPATIAL WEIGHTING FUNCTIONS 

In the simplest form of Moran's 1 coefficient, the spatial weight 
(W) is defined by contiguity alone, which may be subject to 
topological invariance and, in that case, may not be the best 
indicator of neighborhood effects (Dacey, 1965). In order to 
identify an adequate term to represent spatial effects, additional 
weighting functions must be examined. 

There are three commonly suggested weighting functions, 
including (1) the distance weight (dW) denoting the distance 
between the centroid locations of two polygons, (2) the area 
weight (aW) representing the size of a polygon, and (3) the 
boundary weight (bW) measuring the length of the common 
boundary between adjacent polygons. Combined weighting 
functions can be defined by adjusting the aW and bW by d W  to 
form the area-distance weight (adW) and the boundary-distance 
weight (bdW) (Table 3). All the spatial weighting functions for 

TABLE 3. SPATIAL WEIGHTING FUNCTIONS 

Code Spatial Weight Function 
W Contiguity W = l o r 0  

aW Area (A) aWir = W,diAk 
bW Boundary ( B )  bWit = WidmjB,, 
dW Distance (D) dW,  = Wi,/D, 

adW Area-Distance adW* = aW,JDik 
bdW Boundary-Distance bdW, = bWi,,fD, 

W = contiguity weight; A = area; B = boundary; D = distance 

every polygon are calculated directly from the database using 
a FORTRAN program. 

Table 4 lists Moran's 1 coefficients and their associated stan- 
dard normal deviates (Z) for different weighting functions. In 
all cases, Moran's I coefficients are of similar value, indicating 
a positive spatial autocorrelation. The standard normal deviates 
of the first three cases indicate that contiguity, area, and bound- 
ary generate highly significant 1 coefficients. 

Contiguity (W) is the best performing spatial weighting func- 
tion while both area weight (aW) and boundary weight (bW) 
also generate highly significant statistics. Compared to other 
weights, the distance weight (dW) performs not as effectively 
in terms of the value of standard normal deviate. The Z values 
for both cases of combined weights, adW and bdW, are domi- 
nated by the distance weight and are similar to that of the dis- 
tance weight. 

Comparing the Z values of different spatial weights suggests 
that the Euclidean distance between polygon centroids may not 
be an adequate measure of spatial relationship in the evaluation 
of spatial autocorrelation. This is because the distance weight 
is defined as inversely related to distance while, in fact, a larger 
distance implies larger polygons of stronger spatial effects. The 
same distortion on spatial relationships by the distance weight 
also affects the combined weights of adW and bdW to result in 
Z values that are much lower than those of aW and bW. 

By definition (Table 3), contiguity represents the most basic 
form of spatial relationship while all other spatial weighting 
functions are modified from the contiguity weight and thus 
require additional efforts. Because such additional efforts do not 
generate statistics that outperform those of the contiguity weight, 
the neighborhood effects can be represented by contiguity alone. 
Accordingly, the contiguity weight is translated into a code of 
spatial weighting function (SWF) from the following formula: 

ziw,xi 
SWF, = 

Cj W;) 

In Equation 6, SWF is the ratio of the number of burned 
neighboring polygons to the number of total neighboring poly- 
gons. For instance, if the ith polygon shares common bound- 
aries with ten adjacent polygons and six of the adjacent polygons 
were burned, SWF, = 0.6. By definition, SWF has a value be- 
tween 0 and 1, a higher SWF implying a greater propensity to 
burn. 

LOGISTIC REGRESSION MODELS 

Two spatial models of wildfires are constructed from logistic 
regressions. Their only difference is the inclusion of the spatial 
term, SWF, in the second model. 

The spatial model of wildfires constructed from logistic 
regression is expressed in the form: 

EXP(U,) 
Prob(BURN), = 

1 + EXP (Ui)' 

Case Weieht Moran's I za 

"2 is standard normal deviate 
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In Equation 7, Prob(BURN) denotes the probability for the ith 
polygon to bum. The probability is a function of U ,  which will 
be specified in each model; a greater U, implies a higher 
probability for a fire to occur in the polygon. 

The probability for an area to bum has no direct relationship 
to the probability of ignitions because not all ignitions developed 
into major wildfires. Some fires may have been put out quickly 
by effective fire suppression action while others may die down 
on their own due to a lack of fuel. It follows that, for an ignition 
to develop into a major fire, there must be certain human, 
environmental, and spatial factors that favor the spread of the 
fire, or at least do not stop the diffusion. 

The basic model includes structural variables only, such that 

where AREA, denotes the area of the ith polygon; PERI, is its 
perimeter; ROTA, is the fire rotation weight defined by vegetation 
in Table 2; BLDG,, CAMP,, and ROAD, are the areal proportions 
of the ith polygon within the range of sigruficant human influence 
based on buildings, campgrounds, and roads, respectively; TEMP, 
and RAIN, denote the average July-maximum temperature and 
annual precipitation, respectively; and e, is the random error 
term. 

Coefficients of the parameters are estimated from the stepwise 
logistic regression program (LR) in BMDP (BMDP P-series, 1987). 
Table 5 shows the results of the basic model. 

Among the explanatory variables in the basic model, fire 
rotation generates the highest level of ,$ statistic. Other variables 
of statistical significance at 0.05 level include July maximum 
temperature, polygon perimeters, campgrounds, and roads. The 
PCE index (percentage-correct-estimation) of the basic model is 
0.60, indicating the model can at best forecast accurately 60 
percent of fire activity. This level of forecasting accuracy is not 
satisfactory because it is only slightly better than a random guess 
which would generate 50 percent accuracy. 

The study model includes both the structural variables in the 
basic model and the spatial term of neighborhood effects, SWF, 
such that, 

Ui = Po + PIAREA, + P2PERIi + &ROTAi + P4BLDGi 
+ P5CAMPi + P6ROADi + &TEMPi + P8RAINi + &SWFi + e,. 

(9) 

The same procedure of stepwise logistic regression produces 
the results of the study model in Table 6. 

Two questions are addressed: First, how important is the spatial 
term, SWF, in the study model? Second, does the inclusion of 
the spatial term improve the model of wildfire occurrence? The 
answer to the first question is evident when one compares the 
2 statistic and P-value of SWF with those of other variables. 
Obviously, SWF outperforms all other variables by a great margin 
in explaining the spatial distribution of wildfires. The outstanding 
significance of SWF also reduces the statistical significance of 
other variables. Fire rotation is the only variable which remains 
significant at 0.05 confidence level. 

The difference between the study model and the basic model 
is indicated by a ,$ test comparing their likelihood measures, 
i.e., x2 = -2(ln Lo / In L,), where Lo and L, represent the log 
likelihood measures of the basic model and the study model, 
respectively. From Table 5 and  Table 6, the x2 ratio is 
- 2i(- 1366.i97) - ( - 164.788)], much greater than'ihe critical 
value at a=0.005 level for one degree of freedom ( x ~ ~ . , , , ~  
= 7.879). The test indicates a highly significant improvement 
of the study model by including the SWF term. The PCE increases 
remarkably from the previous level of 60 percent to a very high 
accuracy of 97 percent. 

CONCLUSION 

As large amounts of spatial data are becoming available on a 
daily basis and effective spatial analyses can be conducted using 
Geographic Information Systems (GIs), a major practical issue 
is the selection of critical elements from among the abundant 
data sources. For a spatial model to be efficient, it can incor- 
porate only the most important data layers. 

Spatial phenomena are affected by both structural factors and 
spatial factors. Most spatial models are built upon structural 
factors alone and largely neglect spatial effects due to the tech- 
nical difficulty in quantifying spatial factors. The recent emer- 
gence of GIs enables enormous spatial data to be analyzed. 

Statistics of spatial autocorrelation can be used as the indi- 
cator of spatial effects. In building a model of wildfires, spatial 
autocorrelation is first examined in order to determine if the 
inclusion of a spatial term is needed. Furthermore, by compar- 
ing the statistics of different weighting functions, one is able to 
identify the spatial weight which best represents spatial effects 
and then define the spatial term in the model accordingly. 

Although it is commonly recognized that neighborhood ef- 
fects play an important role in the distribution of wildfires, pre- 
vious research neither examined such effects nor incorporated 
any spatial term in fire models. Two findings of this study are 
important. First, although contiguity represents the most basic 
form of spatial relationship, it generates highly significant spa- 
tial autocorrelation. Accordingly, the spatial term of neighbor- 
hood effects for wildfires can be defined from the contiguity 
weight. Second, the forecasting accuracy of the logistic regres- 

TABLE 5. STATISTICS OF THE BASIC MODEL TABLE 6. STATISTICS OF THE STUDY MODEL 

Parameter Coefficient 

Po - 6.3246 
P I  (AREA) 0.0000 a (PERI) -0.0002 
p3 (ROTA) 1.5577 
P4 (BLDG) - 1.1451 
ps (CAMP) - 294.58 
&5 (ROAD) - 0.5244 
B7 (TEMP) 0.1790 
P8 (RAN) 0.0023 
Log Likelihood = - 1366.197 
PCEa = 0.60 
* 2 X .OS,l = 3.84 
": PCE: Percentage Correct Estimation 

Parameter Coefficient 2 P-Value 

Po -4.3602 1.36 0.2432 
PI (AREA) 0.0000 1.03 0.3106 
BZ (PER11 - 0.0003 0.97 0.3249 
P3 (ROTA) - 1.6738 6.88 0.0087 
B4 (BLDG) - 0.8416 0.19 0.6669 
/35 (CAMP) - 42.280 0.00 0.9701 
P6 1.0241 3.00 0.0831 
a (TEMP) -0.1121 1-00 0.3168 
B8 - 0.0127 0.55 0.4597 
& (Sm) 17.951 2359.3 0.0000 
Log Likelihood = - 164.788 
PCE = 0.97 

*?.OS,I = 3-84 
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sion model of wildfires is improved significantly by incorporat- 
ing the spatial term of contiguity. 

Further research must be directed in two directions. First, a 
complete list of independent variables should be established 
based on the existing knowledge about the environmental and 
human factors and their relationships to fire. Second, basic ele- 
ments of fire behavior such as ignition rates and fire spread 
patterns should be investigated whether to be incorporated in 
the model. 

At present, it is not feasible to develop a spatial-temporal 
model because reliable data of fire activity in this area do not 
cover a time period long enough for meaningful modeling. It is 
hoped that, as more GIs databases are installed, the temporal 
dimension will be included in the construction of a comprehen- 
sive model of wildfires. 
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F OR NEARLY FOUR DECADES there have been continued efforts 
to develop and refine techniques for extracting socio-de- 

mographic information from remote sensing imagery. These ef- 
forts, based on scales ranging from structure analysis using aerial 
photography to large area analysis using space-borne sensors, 
have attempted to establish a means of providing timely data 
for places where an official census is either out of date or non- 
existent. Much of the research has been in the developed coun- 
tries of the world. Yet applications are considered to be most 
valuable in cities of the less develoved nations because their 
populations are growing most rapidly, associated problems can 
potentially be most severe, and reliable census information is 
most diffkult to obtain. 

This publication presents a comprehensive methodology for 
deriving socio-demographic information - specifically popu- 

lation estimates - from satellite imagery. It is comprised of a 
brief introductory pamphlet that describes the background and 
development of the techniques using Marseilles, France, and 
Quito, Ecuador, as case studies, and 15 "cards" that present 
details on each stage of the methodology. These stages range 
from establishing the initial sampling method and acquiring 
appropriate Thematic Mapper or SPOT imagery, to setting up 
and carrying out the necessary field surveys, and finally to the 
computation of population estimates and confidence intervals. 

The primary contribution of this work is the statistical rigor 
in which the area sampling techniques and the field survey 
methods are presented. It is generally accepted that the quality 
of demographic estimates declines as the spatial scale increases. 
Early urban density functions applied to entire urban areas gave 
way to more precise examinations of smaller portions of a city. 


